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SUMMARY
Because of the trend to postpone childbirth, the rate of couples dealing with infertility is rapidly
increasing and is approaching 20%. It is estimated that in‐vitro fertilization (IVF) represents the
only reproduction option for over 2.5 million couples in Europe. In spite of major efforts to
improve IVF, the failure rate remains over 70%. As a result, too many couples undergo repeated
IVF treatments with the hope of a successful fertilization. There is clear consensus on a major
involvement of uterine contractions in IVF failure, especially during and after embryo transfer
(ET). In fact, uterine contractions represent an important factor influencing uterine receptivity,
both in IVF and in natural menstrual cycles.
It is established that uterine receptivity is crucial during the so‐called implantation window, a
short period of maximal endometrial receptivity during which the embryo approaches the
endometrium in order to implant. This embryo‐maternal dialogue is essential for the
establishment of a healthy pregnancy. The uterine receptivity is therefore of key importance to
the success of IVF.
Specific and precise pharmacological intervention on uterine contractions is feasible and has
potential to improve embryo implantation success after ET. Unfortunately, the role of uterine
contractions in affecting uterine receptivity for successful embryo implantation is not yet
understood, both in IVF and in natural menstrual cycles. The lack of quantitative measurement
tools represents the major obstacle for a complete and continuous characterization of the
uterine activity outside pregnancy. Availability of such tools would enable an essential step
towards improved IVF success rates by better understanding the role of uterine contractions in
IVF, possibly leading to new strategies for tailoring specific IVF protocols and pharmacological
treatments.
In order to improve the success rate of IVF, in this thesis we introduce new methods to
quantitatively and non‐invasively measure the electromechanical activity in natural and
stimulated cycles, especially in relation to ET. To this end, transabdominal electrohysterography
(EHG) and trans‐vaginal ultrasound (TVUS) motion analysis are used.
These measurements are complicated by several technical and clinical challenges, such as poor
EHG signal‐to‐noise ratio due to the small size of the non‐pregnant human uterus, complex and
irregular contraction patterns, complex multilayer uterine structure, and limited and slow
uterine motion compared to neighboring organs. To deal with these challenges, we propose
an approach that relies on the design of methods that are based on knowledge of the uterine
structure, physiology, and electromechanical behavior outside pregnancy. It involves dedicated
EHG and TVUS acquisition setups, signal validation, and, finally, probabilistic classification of
the uterine activity as either favorable or adverse to ET.
In the first part of the thesis ‐ on electrohysterography in the non‐pregnant human uterus ‐ it is
shown how ex‐vivo EHG measurements represent a feasible option to investigate the uterine
electrical activity and its propagation in resected human uteri. EHG measurements are further
used in‐vivo to characterize the uterine electrical activity in healthy women throughout the
natural menstrual cycle.
The second part of the thesis ‐ on quantitative sonography in the non‐pregnant human uterus
‐ elaborates on the measurement of mechanical uterine activity based on 2D TV‐US motion
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analysis by speckle tracking. To deal with the challenges mentioned above, a dedicated speckle
tracking approach integrating several novel aspects is proposed for the in‐vivo quantification
of uterine motion. The approach is then translated to in‐vivo patient data analysis.
The obtained promising results demonstrate the feasibility of the proposed methods for the
quantification and characterization of the electromechanical activity outside pregnancy, and
motivated us to assess their clinical value in the context of IVF. To this end, in the third part of
the thesis – on assessment of uterine activity for predicting successful embryo implantation –
probabilistic classification of the uterine activity, as either favorable or adverse to ET, is
investigated using machine learning.
In conclusion, this thesis presents for the first time quantitative and noninvasive methods for
measuring the electromechanical activity in the non‐pregnant human uterus. These methods
allow for the characterization of uterine activity in terms of frequency, amplitude, and energy.
Our classification results show that a multi‐parametric strategy, which combines the estimated
parameters, is feasible and establishes a basis for prediction of ET success. This will help doctors
to improve clinical decision‐making, and possibly opt for specific and precise intervention on
uterine contractions to improve the success rate of IVF treatment. Further extensive validation
is required to optimize the methods with a larger dataset, as well as to assess their clinical value
in the context of fertilization procedures.
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BACKGROUND AND MOTIVATION
This first chapter introduces the reader to the global burden of infertility with emphasis on iv‐
vitro fertilization (IVF) treatment as well as to currently available technologies for uterine
activity assessment and clinical practice. The motivation for the research conduceted in this
thesis is finally highlighted.
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1.1 THE GLOBAL BURDEN OF INFERTILITY
Childbirth and raising of children are deeply ingrained in human nature, leading to
completeness, happiness and family integration. According to recent studies carried on by the
World Health Organization (WHO), around 8‐10% of couples experience infertility problems.
Globally, this finding indicates that at least 50 million couples worldwide confronted with
infertility problems1.
Infertility refers to a disease of the reproductive system defined by the failure to achieve a
clinical pregnancy after twelve months or more of regular unprotected sexual intercourse2. A
number of factors including genetics, environmental exposures, and infectious diseases have
been associated with infertility risk3. While infertility can affect both men and women, most
research on this topic focuses on women.
There are two types of infertility: primary and secondary infertility. Primary infertility refers to
couples who have not conceived after at least one year of sex without using birth control
methods; secondary infertility refers to couples who have conceived at least once and are
unable to conceive again.
According to Mascarenhas et al. 1, in 2010 roughly 2% of women worldwide experienced
primary infertility and approximately 10.5% experienced secondary infertility. Figures 1.1 and
1.2 show the global prevalence of primary and secondary infertility in 2010. The prevalence of
secondary infertility, in particular, varies widely by region and country, ranging from less than
6% to greater than 16% of women. The majority of researchers agree that dysfunction of the
fallopian tubes contributes largely to infertility4‐6.

Figure 1.1: Prevalence of worldwide primary infertility in 2010. Taken from [1].
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Figure 1.2: Prevalence of worldwide secondary infertility in 2010. Taken from [1].

Declining birth rates over the past 50 years indicate that Europe is producing only 1.5 children
per woman. It has been estimated that Europe is the continent with the lowest total fertility
rate7. This problem is progressively worsening and couples reporting infertility problems are
increasing by 8‐9% annually8. The main reason is ascribed to age‐related infertility that is
becoming more common because of the trend to postpone childbirth9. In fact, fertility declines
as a women age due e.g. to the normal decrease in the number of eggs that are produced10,11.
Figure 1.3 shows how the likelihood of getting pregnant decreases as women age, developing
the chance of becoming infertile.

Figure 1.3: Fertility by age: Likelihood of getting pregnant within one year decreases as women age
increases leading to an increase in likelihood of infertility. Data taken from [12].
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1.2 IN-VITRO FERTILIZATION
Nowadays, infertility represents a serious widespread problem that touches deeply the soul of
many infertile couples. Over the past 20 years13, medical science has developed novel
approaches to infertility problems by Assisted Reproductive Technology (ART). Nowadays, the
most advanced ART consists of in‐vitro fertilization (IVF). It is estimated that in Europe IVF
represents the only option for over 2.5 million couples14. The direct cost of a single IVF
treatment is up to 5,000 euro in Europe15 and 9,961$ in the United States16.
In spite of major efforts to improve IVF, the overall effectiveness remains below 30% per
treatment cycle17 (Figure 1.4). Most IVF failures remain unexplained. As a result, infertile
couples often undergo a series of IVF treatments, maintaining just a blind hope of, finally, a
successful conception. The emotional, societal, and economical implications of a series of
repeated IVF failures are devastating18, 19.
Generally, IVF is offered as a primary treatment for infertility in women over age 40 as well as
for certain health conditions such as fallopian tube damage or blockage, ovulation disorders,
premature ovarian failure, endometriosis, uterine fibroids, previous tubal sterilization or
removal, impaired sperm production or function, unexplained infertility, genetic disorders, and
fertility preservation for cancer or health conditions20.

Figure 1.4: IVF repeated treatment cycle (duration = 1 month).

Briefly, IVF treatment consists of the steps21 shown in Figure 1.4. First, the woman is prepared
by hormone injection to hyperstimulate the egg production (Fig.1.4‐1); a transvaginal
ultrasound is used repeatedly during the cycle to monitor number and size of follicles, and
blood test samples are taken to check hormones levels. Eggs are then retrieved through a
hollow needle inserted into the pelvic cavity (Figure 1.4‐2). The sperm sample and eggs are
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mixed together and stored in a laboratory dish to encourage fertilization during the so called
insemination process (Figure 1.4‐3). The latter is monitored to confirm that fertilization and cell
division are occurring and embryos are developing (Figure 1.4‐4). Alternately to conventional
IVF, a single sperm is picked up with a fine glass needle and is injected directly into each egg; this
procedure refers to Intracytoplasmic sperm injection (ICSI) technique. Finally, based on
Alpha/ESHRE guidelines22, 23, one or more embryos are selected and transferred into the pelvic
cavity through a catheter three to five days after egg fertilization (Figure 1.4‐5). If the procedure
is successful, embryo implantation typically occurs after six to ten days following egg retrieval.
In case of failure, the woman undergoes repeated IVF treatment cycles.
Each of these steps is highly critical for successful IVF. However, while until embryo
development there can be an immediate feedback on the outcome of the undertaken steps,
from the moment the embryos are transferred into the pelvic cavity there is no control on the
procedure and no intervention is possible.
It is established that uterine receptivity is crucial during the so‐called implantation window, a
short period of maximal endometrial receptivity during which the embryo approaches the
endometrium in order to implant. This embryo‐maternal dialogue is essential for the
establishment of a healthy pregnancy37. The uterine receptivity is therefore of key importance
to the success of IVF. Uterine contractions (UCs) represent an important factor influencing
uterine receptivity. In fact, there is a strong evidence of a major involvement of UCs in IVF
failure, especially during and after embryo transfer/implantation24‐30, when the embryo may be
expelled28, 31‐33. The use of pharmacological treatments to reduce UCs in women with
threatened preterm delivery is a routine practice during pregnancy and preliminary studies
during embryo implantation suggest that proper use of similar treatments can favor
conception34‐36.
Unfortunately, the role of UCs in IVF failure is not yet understood and the value of
pharmacological treatments acting on contractions within IVF treatment remains to be
established. The main reason is that, currently, there is no method for a noninvasive,
quantitative, and complete characterization of the uterine activity outside pregnancy. It is
therefore evident that the possibility of assessing objectively and noninvasively UC
characteristics represents an essential step to improve IVF success rate; understanding the
impact of UCs on IVF failure is in fact a necessary prerequisite for tailoring specific treatment35.

1.3 UTERINE CONTRACTION IN THE NON-PREGNANT UTERUS
1.3.1 Uterine anatomy
The uterus is a pear‐shaped, hollow, muscular organ that is responsible for several functions,
such as menstruation, gestation (pregnancy), labor, and delivery. In adults, the uterus is about
7.6‐cm (3.0 in) long, 4.5‐cm (1.8 in) wide (side to side), and 3.0‐cm (1.2 in) thick38, 39. The uterus
is located in the female pelvis immediately behind the bladder and in front of the rectum. The
anatomical structure of the non‐pregnant human uterus is depicted in Figure 1.5.
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Figure 1.5: Anatomical structure of the non‐pregnant human uterus and the myometrial wall fiber
organization.

Anatomically, the uterus can be divided into four regions: the cervix or “neck of the uterus” is
the lowermost extremity of the uterus protruding into the vagina and it is mostly made up of
connective tissue; the cervical canal is the passageway from inside the uterus to the vagina; the
corpus (body) is the main body of the uterus including the uterine cavity, it is very muscular and
can stretch during pregnancy to accommodate a developing fetus; the fundus is the uppermost
rounded extremity of the uterus above the openings of the fallopian tubes.
As indicated in Figure 1.5, the uterus comprises three layers forming together the uterine wall.
From the outermost to the innermost, these layers are the perimetrium, myometrium, and
endometrium40. Perimetrium is the thin outer serosa layer of the uterus covering its outer
surface; it is composed of epithelial cells.
The myometrium is the muscle layer composed of smooth muscle cells. Its main function is to
produce UCs. The muscular myometrial wall comprises three separate layers (Figure 1.5,
zoom): the outer longitudinal smooth muscles, the middle crisscrossing (figure‐eight fibers)
muscle fibers, and the inner circular fibers41.The inner one‐third of the myometrium is called
junctional zone or sub‐endometrial layer and it is the major contractile tissue during parturition
and abortion; it appears to act like a circular muscle layer producing peristaltic and anti‐
peristaltic activity42.
The endometrium is the innermost layer of the uterus and it represents its non‐muscle part.
The endometrium is the layer in which the embryo implantation takes place. If the implantation
does not occur, the functional (outermost) layer of the endometrium is shed and expelled
leading to menstruation.
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Figure 1.6: Contractile mechanism in a smooth muscle initiating by calcium influx and phosphorylation (left
light blue panel) and followed by the cross‐bridge formation and contraction cycle (right light green panel).

1.3.2 Contractile mechanism (in non-pregnant uterine muscle)
The uterus belongs to the smooth‐muscle group, which contracts spontaneously. This indicates
that a piece of isolated, non‐pregnant uterus will produce spontaneous contractions without
any nervous or hormonal stimulation. Smooth muscles contain both actin and myosin filaments,
having similar chemical characteristics to those of the actin and myosin filaments in skeletal
muscles. Smooth‐muscle contraction is initiated by calcium ions (Ca2+) that activate the
contractile process leading to the sliding of actin and myosin filaments over each other through
cross‐bridges (Figure 1.6). The energy required
to contract is provided by the degradation of Adenosine Triphosphate (ATP) in Adenosine
Diphosphate (ADP)43.
Unlike in skeletal muscle cells and neurons, the initiating stimulus for contraction of smooth
muscle is due to an increase in intracellular Ca2+ rather than sodium ions (Na2+) 43. The Ca2+
ions are the major charge carrier involved in membrane depolarization; therefore, the
intracellular calcium concentration ([Ca 2+]i) is a key regulatory factor for UCs44, 45 as they are
controlled and triggered by a transient increase in [Ca 2+]i , which is initiated and controlled by
uterine action potentials (APs). The mechanism involved in the generation of uterine APs and
the initiation of muscle contraction is known as excitation‐contraction coupling44.
Briefly, the initiation of contractions in a smooth muscle mainly depends on two sources of
Ca2+: Ca2+ sequestered in the Sarcoplasmic Reticulum (SR) of the smooth muscle cell and
extracellular Ca2+ that can enter the smooth muscle cell via calcium channels present on the
membrane of the smooth muscle cell. The release of Ca2+ is independently controlled of the
entry of Ca2+ from extracellular sources and it occurs thanks to the production of a specific
signaling molecule named inositol triphosphate (IP3). The IP3 opens the calcium channel in the
SR releasing Ca2+ 46.
The entry of extracellular Ca2+ in the smooth muscle cell occurs through calcium channels
present on the smooth muscle membrane that opens when membrane depolarization occurs;
this results in a significant calcium influx into the cell43, 46. The results of this Ca2+ influx turns
into action potential generation. Once the level of intracellular Ca2+ is increased, Ca2+ binds a
specific protein named Calmodulin (CaM). The formed Calcium‐CaM complex then activates
the myosin light chain kinase (MLCK), which is an enzyme that phosphorylates the light chain
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of myosin (P). Phosphorylated myosin then binds with actin filament and initiates cross‐bridge
formation leading to the uterine muscle contraction cycle.
Uterine muscle relaxation occurs when the light chain of myosin is dephosphorylated by
another enzyme located in the fluid of smooth muscle cell named myosin light chain
phosphatase (MLCP)19. At this point, the Ca2+ ions move back to the SR or out of the cell by a
series of calcium‐ATPases and the cross‐bridge cycling stops43, 46.
The uterine myocyte is able to contract spontaneously generating a slow wave, simple, or
complex AP47. How this spontaneous generation of APs is triggered in the myometrium is still
not fully understood. In other smooth muscle cells, such as gut, gastrointestinal tract, and
bladder, there are specialized interstitial cells of Cajal (ICC) or ICC‐like cells (ICLC) that act as
pacemakers for producing rhythmical oscillations in the resting membrane potential of the
smooth muscle cells48‐50. Unlike skeletal and cardiac muscles, the pacemaker cells are not
identified and many questions remain as regards to the physiology behind UCs42, 50, 51.
There is evidence of the presence of ICLC in myometrial cells but whether they act as a
pacemakers remains unclear53, 54.

1.3.3 Physiological role of uterine contraction (in the non-pregnant uterus)
Uterine contractions are important in many reproductive functions including menstruation,
transport of sperms and embryo, pregnancy, and parturition.
The non‐pregnant uterus is not a quiescent organ and it can produce contractions. In healthy,
non‐pregnant, human uteri, previous studies consistently reported specific contractile patterns
that evolve throughout the menstrual cycle24, 55, 50. During the menstrual cycle (Figure 1.7), the
ovaries and the uterus undergo hormone‐dominated physiological changes that, in healthy
women, are functional to the establishment of a pregnancy55‐58. More specifically, during the
follicular phase the ovaries undergo changes aiming at egg production, while the uterus evolves
synergistically to a progressively more receptive status towards fertilized embryos. During the
follicular phase, the preparatory phase for egg release and the progressive increase in uterine
contraction frequency is thought to facilitate sperm transportation toward the Fallopian tubes,
where fertilization normally occurs24, 55. Previous studies have shown that, because sperm
remains in the uterine cavity within minutes of intercourse, a retrograde uterine contraction
pattern (cervico‐fundal contractions) is associated with the rapid transport of sperm59. After
ovulation, the uterus undergoes progressive relaxation that culminates during the early luteal
phase; in the transition to the early luteal and late luteal phases, the uterine contraction
frequency decreases and the coexistence of opposite UC patterns (cervico‐fundal and fundo‐
cervical contractions) predominates. This relaxation phase may assist proper embryo
positioning in the uterine cavity and, thus, facilitate embryo implantation57, 61. During menses
(early follicular phase), if no egg has been fertilized to start a pregnancy, an anterograde UC
pattern (fundo‐cervical contractions) promotes the forward emptying of the uterine content
(menstrual blood). In this phase, the UC pattern is characterized by the so called labor‐like
contraction because it represents a miniature replica of the expulsive contractions of labor.
Differently, during the other phases of the cycle, a sine wave‐like (peristaltic) motion
dominates50.
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Abnormal uterine activity may negatively influence these reproductive functions leading to
infertility problems. Uterine pathologies, such as endometriosis, adenomyosis, and
leiomyomas significantly affect the uterine contractility in the menstrual cycle50. Abnormal
contractility may cause dysmenorrhea (pelvic pain), infertility, abortion and preterm delivery62,
63
. The relationship between uterine pathologies and decreased infertility has been suggested
by several studies62, 64, 65. It has been observed that the peristaltic uterine activity is significantly
increased in women with endometriosis; this hypercontractility may possibly explain why
women with endometriosis show increased incidence of spontaneous abortions50.
Adenomyosis is a condition when the endometrial tissue infiltrates and disrupts the
subendometrial myometrium. As a result, the direct sperm transport is impaired during the
ovulatory period causing infertility50. Unfortunately, the influence of endometriosis and
adenomyosis on uterine contractility remains unclear. These two pathologies often coexist and
sometimes one of the two can be diagnosed at a later time; therefore, it is difficult to establish
which of the two pathologies has the greatest influence on uterine contractility. According to
some studies66‐68, abnormal uterine contractility during the mid‐luteal phase may lead to
infertility problems in women with leiomyomas (fibroid tumor), and these women also
presented a decreased success rate in ART.

1.4 ELECTROMECHANICAL UTERINE ACTIVITY ASSESSMENT: AVAILABLE
TECHNOLOGIES AND CLINICAL PRACTICE

Understanding the role of uterine activity in influencing uterine receptivity, especially in
relation to embryo implantation success, has always been complicated. The lack of quantitative
measurement tools has represented the major obstacle for a complete characterization of the
uterine activity outside pregnancy. Some research has been carried out in order to evaluate
methods/tools for uterine contraction assessment. However, the proposed approaches either
lack accuracy, objectiveness or user‐friendliness.
Today, UCs can quantitatively be assessed by intrauterine pressure catheter (IUPC) only69‐72.
IUP is measured by a miniature pressure transducer inserted into the uterine cavity. A single‐
tip uterine catheter can provide amplitude, frequency, and basal pressure tone of UCs, while
multiple‐tip catheters can be used to investigate their direction and propagation73. A strong
drawback of catheterization lies in the invasive nature of the device, which makes its routine
use unpractical and patient unfriendly. IUP may also interfere with the natural contraction
characteristics due to irritation and reflex mechanisms74. Furthermore, the use of this method
is unsuitable in the context of IVF especially during ET, as the catheter might injure the
endometrium or the embryo itself.
Hysterosalpingoscintigraphy (HSSG) can be used for indirect assessment of contraction
direction by measuring displacements of uterine content75. After injection of a radio‐labeled
suspension in the uterine cavity, the suspension migration is traced as the distribution of
radioactivity by a gamma camera75, 55, 65. The main disadvantages of HSSG relate to the time
and cost of the procedure as well as to the inability to assess contraction amplitude and
frequency. Furthermore, due to the risks associated with radiation exposure, it is not suitable
for use immediately after embryo transfer.
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2.7 ± 0.6
1.9 ± 0.6
1.2 ± 0.5
0.8 ± 0.3

Figure 1.7: Menstrual cycle, hormone‐dominated uterine physiological changes, and contraction frequency
reported per each phase in terms of mean values and standard deviation57. The menstrual cycle can be
divided in four main phases named early and late follicular phases and early and late luteal phases. The cycle
starts with menstrual flow (3 to 5 days) due to the breakdown of the endometrium (early follicular phase).
Menstrual flow occurs only when the egg is not fertilized. During the late follicular phase, the primary follicles
mature into the Graffian follicles causing the regeneration of the endometrium. The release of gonadotropins
from the pituitary gland (LH and FSH) increases causing follicular growth in the ovaries. During the ovulatory
phase (Day 14‐middle of the cycle), the Luteinizing hormone (LH) and Follicle Stimulating hormone (FSH)
reach their peak causing the rupture of the Graffian follicle (matured follicle) to release one egg. During the
early luteal phase, the remains of the mature follicle turns into the corpus luteum which secretes
progesterone for maintaining the thickness of the endometrium facilitating implantation. In the absence of
fertilization, the corpus luteum degenerates (late luteal phase) causing the disintegration of the
endometrium and a new cycle starts60.

Reliant on an excellent tissue contrast, magnetic resonance imaging (MRI) allows clear
visualization of uterine zonal anatomy and hormone‐induced changes clearly undergone by the
uterus. It is able to assess uterine contraction frequency; however, amplitude and direction
measurements are not possible76. In addition, MRI is expensive and time‐consuming.
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The introduction of a transvaginal high‐resolution ultrasound probes offered the possibility to
visualize uterine motion throughout the menstrual cycle. Transvaginal ultrasound (TVUS)
permits the estimation of contraction frequency and visualization of the contraction direction77,
78
. A previous study57 demonstrated that measuring the frequency of the uterine activity is as
effective as IUPC recordings76. However, TVUS imaging cannot provide quantification of uterine
contraction amplitude57. In principle, TVUS measurements represent a valid, safe alternative to
invasive measurement tools, such as IUP and HSSG, for quantitative analysis of the uterus.
However, so far only qualitative analysis is available, highlighting the operator‐dependency and
subjectivity of the results. The accurate interpretation of the resulting image sequences is
challenging also for skilled and experienced operators75. TVUS images are thus difficult to
reproduce for follow‐up and comparative studies79, 80. Only one study81 showed the possibility
to use transabdominal US measurements to quantitatively investigate the mechanical changes
that the uterus undergoes during pregnancy by speckle tracking techniques.
The methods mentioned above are all based on mechanical features of the uterine contraction.
Electrophysiological measurements can also be included in automated analysis for assessing
the uterine activity.
In a non‐pregnant uterus, the electrical activity has so far only been invasively measured ex‐
vivo in animals82, 83 and in isolated and perfused human uteri by the use of bipolar silver
electrodes63 or needle electrodes64. On the contrary, extensive research has been carried out
on pregnant uteri with achieving compelling results for the characterization of the electrical
activity by abdominal electrohysterography (EHG)85‐88, particularly aimed at improving labour
monitoring and prediction of preterm delivery89‐96. EHG measures the electrical activity that
triggers and drives the mechanical contraction of the uterus; it is one of the most promising
biophysical markers for the evaluation of UCs and the electrophysiological state of the uterus.
These days, commercial products providing EHG measurement are available for hospital
monitoring as well as for self‐monitoring by patients.
Also for the non‐pregnant uterus, EHG potentially allows for a complete characterization of
contractions in terms of amplitude, frequency, direction, and velocity, with the additional
advantage of being noninvasive, inexpensive, and particularly suitable for long‐term
measurements. However, EHG it has never been performed in non‐pregnant human uteri.
Potential future methods for the assessment of UCs, especially in relation to ET, might include
automated quantitative analysis of TVUS and EHG recordings.

1.5 THESIS OBJECTIVE
The role of UCs in affecting uterine receptivity in successful embryo implantation is not yet
understood, both in IVF and in natural menstrual cycles. The lack of quantitative measurement
tools represents the major obstacle for a complete and continuous characterization of the
uterine activity outside pregnancy. Availability of such tools would enable advancing towards
improved IVF success rates by better understanding the role of UCs in IVF, possibly leading to
new strategies for tailoring specific IVF protocols and pharmacological treatments.
In order to improve the success rate of IVF, in this thesis we introduce new methods to
quantitatively and non‐invasively measure the electromechanical activity of the uterus in
11
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natural and stimulated cycles, especially in relation to ET. To this end, we propose the use of
EHG and TVUS motion analysis being safe, cost‐effective, and relatively unobtrusive. These
technologies are especially suitable for measuring the uterine activity in the context of IVF.
These measurements are complicated by several technical and clinical challenges, such as poor
EHG signal‐to‐noise ratio due to the small size of the non‐pregnant human uterus, complex and
irregular contraction patterns, complex multilayer uterine structure, and limited and slow
uterine motion compared to neighboring organs. To deal with these challenges, we propose
an approach that relies on the design of methods that are based on knowledge of the uterine
structure, physiology, and electromechanical behavior outside pregnancy. It involves dedicated
EHG and TVUS acquisition setups, signal validation, and, finally, probabilistic classification of
the uterine activity as either favorable or adverse to ET.

1.6 THESIS OUTLINE
This thesis, which is based on a collection of journal papers (Chapters), is structured in three
main parts (Part I, II, and III).
Part I investigates the use of the EHG in ex‐vivo resected human uteri showing how EHG
represents a feasible option to investigate objectively the uterine electrical activity and its
propagation (Chapter 2). EHG measurements are further performed in‐vivo to characterize the
uterine electrical activity in the non‐pregnant healthy uterus in natural cycles (Chapter 3).
Part II elaborates on quantitative sonography in the non‐pregnant healthy uterus for the
measurement of mechanical uterine activity based on 2D TVUS motion analysis by speckle
tracking. The proposed method is first tested and optimized ex‐vivo, by means of an
experimental setup specifically realized to generate controlled and rhythmic uterine motion
(Chapter 4). Based on this realistic ground truth for uterine motion, a dedicated speckle tracking
approach integrating several novel aspects is proposed for the in‐vivo quantification of uterine
motion in healthy women (Chapter 5). To validate the proposed technique, we assess its ability
to distinguish between different phases of the natural menstrual cycle.
The obtained promising results demonstrate the feasibility of the proposed methods for the
quantification and characterization of the electromechanical activity outside pregnancy,
suggesting that they can be clinically valuable in the context of IVF. To explore this value, in Part
III of the thesis the uterine activity in infertile women undergoing IVF treatment is assessed for
prediction of successful embryo implantation (Chapter 7); in particular, probabilistic
classification of the electromechanical uterine activity, as either favorable or adverse to ET, is
investigated using machine learning (Chapter 8).
Finally, the epilogue of this thesis provides a final discussion, conclusions as well as future
perspectives.
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2
PROPAGATION OF SPONTANEOUS
ELECTRICAL ACTIVITY IN THE
EX-VIVO HUMAN UTERUS
Abstract: Contractions of the non‐pregnant uterus play a key role in fertility. Yet, the electrophysiology
underlying these contractions is poorly understood. In this paper, we investigate the presence of uterine
electrical activity and characterize its propagation in five unstimulated ex‐vivo human uteri. Multichannel
electrohysterographic measurements were performed internally and externally up to 24 hours after
hysterectomy and compared to control. Up to 2 hours after hysterectomy, we measured biopotentials in
all included uteri, with amplitudes significantly higher than control. The signal amplitude decreased
significantly over time and, after 24 hours, was comparable to control. The measured biopotentials
propagated following both a plane wave as well as an erratic pattern. No clear pacemaker location nor
a preferred propagation direction could be identified. These results show that ex‐vivo uteri can
spontaneously initiate propagating biopotentials, and provide a fundamental step towards
understanding of the electrophysiology of the human non‐pregnant uterus.

From: N. P.M. Kuijsters, F. Sammali, X. Ye, C. Blank, L. Xu, M. Mischi, B. C. Schoot, and C. Rabotti,
“Propagation of spontaneous electrical activity in the ex‐vivo human uterus”. Submitted to Nature
Scientific Reports.
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2.1

INTRODUCTION

Similar to other smooth‐muscle organs, the uterus is able to spontaneously contract. While the
contractile activity of the uterus is mostly known for its role in the expulsion of the foetus during
labour at the end of pregnancy, it also contracts throughout the menstrual cycle of women in
their fertile age1. Inspired by ultrasonographic observations, during the menstrual cycle uterine
activity is mostly referred to as uterine peristalsis.
There is strong evidence that uterine peristalsis plays a role in fertility, either positive, providing
transportation of gametes2, or negative, by interfering with proper implantation of the embryo3.
The function of uterine peristalsis has therefore been investigated to understand its role in
fertility treatments and possibly develop techniques to monitor or even modulate uterine
peristalsis3–6. However, fundamental aspects of the physiology underlying uterine peristalsis
remain unclear.
Smooth muscle contractions are invariably initiated by the presence of biopotentials
propagating at the cell level. The uterus is provided with sympathetic and parasympathetic
innervation. Nevertheless, previous studies demonstrated the ability of the uterus to initiate
contractions spontaneously, even when disconnected from the nervous system7,8. This
suggests that uterine electrical activity is initiated by an intrinsic source with its own pace‐
making units. It is hypothesized that specialized cells found in the myometrium of both animals
and humans, called Interstitial Cajal‐like cells (ICLCs), are involved in this self‐initiating
mechanism9; though, up to now their role remains unsettled. A thorough characterization of
the generation and propagation of biopotentials in the non‐pregnant uterus may be crucial to
advance the basic knowledge of uterine peristalsis and possibly unveil the great potential of
contraction management for improving fertility.
In general, studies on the electrical activity of the non‐pregnant human uterus are scarce8,10.
On the contrary, significant advances have been reported on the characterization of uterine
electrical activity in pregnant uteri by abdominal electrohysterography (EHG)11–16. All these
studies, aiming at improving labour monitoring and preterm delivery prediction, report
patterns of cyclic bursts of biopotentials alternating, in time, with quiescent periods17,18.
Spatially, the results of dedicated investigations exclude the existence of a preferred origin and
direction of biopotential propagation, and support the validity of both erratic as well as plane‐
wave propagation patterns19.
Clearly, a direct translation of the observations derived during pregnancy to the non‐pregnant
uterus is unfeasible. Moreover, in‐vivo characterization of the biopotentials of the non‐
pregnant human uterus by EHG is severely hampered by challenges related, for example, to the
small size of the uterus, the distance between the external electrodes and the uterus, and the
interference of other organs. These anatomical constraints contribute to a deterioration of the
signal‐to‐noise ratio, complicating the propagation analysis of such unpredictable signals as
uterine biopotentials.
Ex‐vivo investigations on the intact organ combined with the use of multichannel measurement
of the biopotentials are expected to overcome the limitations imposed by in‐vivo
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measurements while substantially advancing current understanding of biopotential
propagation in the non‐pregnant uterus.
Previous ex‐vivo studies evaluating contractions on the complete non‐pregnant human uterus
used extracorporeal perfusion to test the effect of pharmaceutics on uterine contractility and
are mainly based on intra‐uterine pressure measurements8,10,20,21. Attempts at measuring
biopotentials can be found in two studies 8,10, in which observations are limited to a single
location in the uterus. Only one study eventually measured biopotentials using a single needle
placed at the utero‐tubal junction10, while the other could not measure any electrical activity
using 2 bipolar Ag/AgCl electrodes inserted into the uterine wall8. No literature is available on
the propagation of biopotentials in the non‐pregnant human uterus.
In this study, we investigated spontaneous biopotentials in complete non‐pregnant human
uteri ex vivo, using multichannel EHG measurements on five resected uteri from women aged
between 35 and 44 years old (Table 2.1). EHG measurements were simultaneously performed
externally on the uterine surface using a high‐density grid of 64 Ag/AgCl electrodes, and inside
the uterine cavity by an array of eight platinum electrodes mounted on a silicon catheter (Figure
2.1). Due to the use the internal array and a reference electrode for monopolar derivation, only
55 electrodes of the external grid were used. As a control, identical measurements were
performed on chicken breast meat (commercial nutrition use) under the assumption that no
biopotentials could be measured on this muscle. All uteri were measured directly after surgical
removal, (T0, 30‐min duration), one hour after removal (T1, 15‐min duration) and 2 hours after
removal (T2, 15‐min duration). One patient had an additional measurement 24 hours after
removal (T24, 15‐min duration).

Table 2.1: Patient characteristics and number of propagation events found per patient.
Patient
Age

Pathology found in
uterus

1

44

Leyomyoma
Adenomyosis

Phase of the cycle

Number of
propagation
events

Erratic
propagation
events

Plane-wave
propagation
events

Day 28, first cycle on
progesterone treatment

6

6

0
17

2

44

Adenomyosis

Day 1, menstruation

18

1

3

48

Adenomyosis

Irregular cycle

11

10

1

4

35

Adenomyosis

Day 10, follicular phase

6

6

0

5

38

None

Day 7, follicular phase

10

10

0

In order to detect the presence of spontaneous biopotentials, both externally and internally,
we evaluated the root mean squared (RMS) values of the EHG signal of the five uteri as
compared to control. Furthermore, we investigated the EHG signal propagation. Under the
assumption that propagating biopotentials are recorded as similar, delayed spikes at different
locations, coherence was used as similarity measure to detect propagation. Finally, we focused
on describing the observed propagation patterns qualitatively and quantitatively by estimating
the propagation velocity by a validated maximum likelihood approach22.
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Figure 2.1: Measurement set‐up.
A. The external grid is placed directly on the surface of the ex‐vivo uterus and fixed using paper‐based tape.
Fifty‐five channels of the grid are used for the analysis.
B. Two silver‐based surface electrodes, representing the ground and reference electrode, are placed on the
left and right side of the uterine cervix and fixed with paper‐based tape.
C. The internal array with eight electrodes (shown next to the uterus for scale) is inserted into the uterine
cavity.
D. All electrodes are connected to the amplifier for simultaneous recording and the uterus is wrapped in
aluminium foil to keep moisture and avoid any deterioration of the electrical contact.
Take note: In order to avoid delays in the measurements, the pictures were taken after the experiment. This
explains also the imprint of the silver electrodes which is visible in picture A.
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Since a significant decrease in the RMS values of the measured biopotentials can be expected
as a consequence of progressive tissue deterioration, the RMS values were also evaluated over
time as additional evidence for the presence of electrical activity after resection.

2.2

RESULTS

2.2.1 Detection of biopotentials
The presence of electrical activity was detected by estimating the root mean square (RMS)
value as indicator of the signal amplitude of the EHG signal recorded at T0 by the external grid
and the internal array. We calculated a median RMS of the 55 external grid channels for each
uterus, after excluding the channels with poor contact (maximum 2 per grid). Medians between
3.95 µV (interquartile (IQ) range 2.41‐14.18 µV) and 39.4 µV (IQ range 10.84‐105.64 µV) were
obtained for the external grid (Figure 2.2). Compared to control (median 1.69 µV, IQ range 1.13‐
3.11 µV), we found a significant difference in RMS values for all five uteri (p‐values <0.05). The
internal array showed median RMS values between 2.05 µV (IQ range 1.84‐2.60 µV) and 4.83
µV (IQ range 3.62‐14.23 µV), which were all significantly different from control (median 1.07
µV, IQ range 0.87‐1.37 µV) with p‐values <0.05.
Qualitatively, visual inspection of the individual channels revealed isolated spikes of
biopotentials rather than clear bursts, with the exception of uterus number two, which showed
distinct bursts (Figure 2.3). Propagation was detected in all five uteri (Table 2.1). A median of
10 propagation events (range 6‐18) was observed per 30‐min measurement.

Figure 2.2: RMS values of each uterus (U1, U2, U3, U4, and U5) and the chicken breast meat (control)
measured at T0. The results are expressed as median RMS of the signals of the external grid (55 signals per
uterus) and the internal array (8 signals per uterus). The error bars represent the interquartile range.
Significant difference with the control, tested with a Mann‐Whitney U test (SPSS Inc., Chicago, IL, USA), are
indicated by asterisks: *** p‐value <0.001 and **p‐value <0.01.

25

Chapter 2

2.2.2 Characterization of biopotential propagation
In line with previous studies in pregnancy19, visual analysis of the propagating segments
revealed the presence of both plane‐wave propagation, i.e., wave fronts with a constant
direction and velocity, and different events showing spikes with an erratic pattern,
characterized by re‐entries and circulation23. Examples of plane‐wave and erratic propagation
are shown in Figure 2.4. In total, 18 plane‐wave

Figure 2.3: Example of a burst recorded from channel 18 of the external grid on uterus
number two at T0.

propagation events were detected. Noteworthy, 17 out of 18 were detected in uterus number
two and this uterus did not show any erratic propagation. No deviation in age, body‐mass index,
use of medication or operating time was found in patient number two relative to the other
patients in the dataset. The only singularity of patient number two was that she was the only
woman in the menses phase at the time of surgery. A total of 33 events of detected propagating
spikes did not show plane‐wave propagation.
For events showing plane‐wave propagation, speed and direction of the conduction velocity
vector were estimated using a maximum likelihood approach previously proposed for EHG
analysis in pregnancy22. This resulted in a median speed of 3.5 mm/s (range 1.6‐8.5 mm/s) in
the 17 propagation events detected in uterus number two. Concerning the propagation
direction, 58.8% of propagation events occurred from left to right, and 41.2% from fundus to
cervix (upper to lower part of the uterus). We measured no event showing propagation right
to left or cervix to fundus.
26

Propagation of spontaneous electrical activity in the ex‐vivo human uterus

For the events showing erratic propagation, the peak value of every spike was used to estimate
the inter‐channel delay and define its propagation pattern. In most cases, no clear pattern was
found and no delay could be calculated (Figure 2.5). In both plane‐wave and erratic propagation
events, we could not find a preferred pacemaker region and the location from which spikes
originated varied over different events. Of the 18 pane wave propagation events detected
externally, 10 also showed propagation on the internal array. An example is shown in Figure
2.6. The speed of the external signals was calculated along the uterine vertical axis and
compared with the speed of the internal signals. A median speed equal to 3.4 mm/s was found
externally, against a median speed equal to 6.15 mm/s internally. No correlation between the
internal and external velocities was found (Pearson’s correlation coefficient=0.018, p=0.96).
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Figure 2.4: Example of plane‐wave propagation and erratic propagation.
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Figure 2.4 continued:
A: Example of a signal showing plane‐wave propagation in uterus number two at T0, time interval 1420‐1470
s. The signal propagates in time between channels C‐B‐A, E‐D, and H‐G‐F.
B: Propagation of the signal in A, projected on the external grid. For this example, the propagation speed is
3.4 mm/s and the direction is shown by the orange arrow.
C: Signal shown in panel A, depicted as a colour map in time. Each block represents an electrode position of
the external grid and the colours represent the signal amplitude. Red and blue correspond to a positive and
negative signal, respectively (range ‐500 to 500 µV). The channels which do not show any propagation are
set to a constant light green colour (0 µV). The selected time interval between each frame in the figure is 2 s
(22 s shown in total).
D: Example of recirculation during an erratic propagation in uterus number three at T0, time interval 400‐
450 s. The signal propagates in time from channels A to F.
E. Propagation of the signal in D, projected on the external grid. For this example, the average propagation
speed was 2.3 mm/s and the direction is shown by the orange arrow.
F: Signal shown in panel D, depicted as a colour map in time. Same properties as described in C.

Figure 2.5: Example of erratic propagation in uterus number three at T0, time interval 200‐250 s. The arrows
show the direction of propagation between adjacent electrodes on the external grid. No clear propagation
pattern can be observed.

2.2.3 Decay of biopotentials over time
Over time, the RMS values showed a decrease in most uteri. The median RMS of all external
grid measurements at T0 was 10.92 µV (IQ range 5.35‐44.66 µV) and significantly differed from
the median at T1 (10.29 µV, IQ range 2.66‐43.30 µV), T2 (10.37, IQ range 2.37‐34.04 µV) and
T24 (1.27, IQ range 0.86‐3.04), with p‐values of 0.011, <0.001 and <0.001, respectively (Figure
2.7). T1 and T2 also differed significantly from T24 (both with p‐values <0.001). There was no
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significant difference between T1 and T2 (p=0.250). Like at T0, the RMS values of all uteri at T1
and T2 were significantly different (p<0.05) from control (median of 1.25 µV, IQ range 0.91‐
2.58 µV at T1 and 1.14 µV, IQ range 0.88‐2.57 µV at T2). At T24 the RMS values were not
significantly different from control at either T0, T1 or T2 (p=0.125, p=0.837, p=0.922,
respectively). For the internal array measurements, the median RMS at T0 was 3.73

Figure 2.6: Example of simultaneous recordings of the external grid (orange) and internal array (blue) with
comparable shapes.

µV (IQ range 2.63‐4.83 µV), which differed significantly from the median at T2 (2.36 µV, IQ
range 1.96‐3.49 µV, p=0.002) and at T24 (1.90 µV, IQ range 0.95‐2.77 µV, p<0.001) but not
from the median at T1 (2.66 µV, IQ range 1.93‐4.32 µV, p=0.060). Comparable with the external
results, the values of both T1 and T2 differed significantly from T24 (p=0.005 and p=0.041,
respectively). There was no significant difference between T1 and T2 (p=0.226). The RMS values
of all uteri at T1 and T2 were significantly different (p‐values <0.05) from control (median 0.65
µV, IQ range 0.62‐1.90 µV at T1 and median 0.73 µV, IQ range 0.67‐1.18 µV at T2). At T24 the
RMS values were not significantly different from control at T0 and T1 (p=0.165 and p=0.064,
respectively), but they were different from control at T2 (p=0.011).
For the time segments showing plane‐wave propagation, we extended the propagation analysis
to T1 and T2. We found that the number of propagation events per minute decreased
(T0=0.57/min, T1=0.33/min, T2=0.20/min), but did all show plane‐wave patterns, i.e., there was
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no switch to erratic propagation. The mean speed ranged from 4.0 mm/s at T0 to 13.6 mm/s
at T1 and 4.6 mm/s at T2.
No preferred direction was found at T1 and T2, while at all events T0 all propagated either from
fundus to cervix (41.2%) or from left to right (58.8%).

Figure 2.7: RMS values of all 5 uteri measured directly after surgery (T0) and after one, two and twenty‐four
hours (T1, T2, and T24, respectively) and of control (chicken breast meat) measured at T0, T1 and T2. The
results are expressed as medians of the signals of the external grid (5 uteri times 55 signals) and the internal
array (5 uteri times 8 signals). The error bars represent the interquartile range. Statistically significant
differences in time were tested using a generalized linear model (SPSS Inc., Chicago, IL, USA): *p<0.05,
**p<0.01, ***p<0.001, ns = no significant difference. Although not depicted in this figure, the values at T0,
T1 and T2 were significant different from the control (orange bars) in both the external grid and the internal
array (Mann Whitney U test: p‐value at least <0.05).

2.3

DISCUSSION

To the best of our knowledge, this is the first study investigating the propagation of the
biopotentials in ex‐vivo, non‐pregnant human uteri. Based on our results, spontaneous
biopotentials can be measured and characterized on an unstimulated ex‐vivo uterus. This
conclusion is supported by two observations: significantly higher average RMS than control
showing a decay over time, and the presence of propagation both internally and on the uterine
surface.
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Propagation events were found in all patients. Plane‐wave propagations were almost
exclusively and consistently observed in uterus number two. The only factor that distinguished
patient number two from the others was the fact that she was menstruating at the time of the
surgery. This suggests that the pattern of biopotentials is different in this specific phase of the
menstrual cycle. Intra‐uterine pressure measurements24 also showed peculiar properties of
uterine contractions during menses as opposed to the other phases of the cycle. During menses,
contractions are typically described as “labour‐like”, with low contraction frequency and high
amplitude. In the other phases, “peristalsis‐like” activity , with a high contraction frequency and
a lower amplitude is mostly reported24. Ultrasound studies suggest the outer two‐third of the
myometrium to be mostly involved in the contraction during menses25–27, while in the other
phases contractions are concentrated in the inner third of the myometrium, the junctional
zone25,28. From the electrophysiological point of view, the fact that uterus number two was also
the only one with a typical burst‐like organization of electrical spikes suggests an additional link
between menstruation and pregnancy, where slow and cyclic patterns of action potential
bursts are typically measured by EHG19.
A direct comparison of our finding with the literature on non‐pregnant uteri is complicated by
the fact that previous studies mainly investigated the cine‐mechanical properties of the uterus
by ultrasound or pressure measurements as opposed to our study that focusses on
electrophysiology. While the electrical and mechanical activity of muscles are closely related, a
direct relationship for the non‐pregnant uterus has not been described yet. Unfortunately, an
additional intra‐uterine pressure catheter could not be included in our measurement set‐up as
it would interfere with the internal array. In our preliminary study29, ultrasound measurements
using a transvaginal probe on the external surface of the unperfused ex‐vivo uterus did not
show any spontaneous mechanical activity. Based on the literature, even perfused ex‐vivo uteri
need some stimulations to show mechanical activity8,21,30.
Like in the pregnant uterus19, we could not find any specific pacemaker region in this study. In
the human uterus, ICLCs were found that are similar to the Cajal‐cells which act as pace making
cells in the gastro‐intestinal tract31. Although histologic studies have shown spontaneous
biopotentials in these uterine cells32 and spontaneous contractions in pregnant uterine tissue
samples33, there is no hard evidence that these cells have the same function as the Cajal‐cells
in the gastro‐intestinal tract. The conduction velocities of plane‐wave propagation in this study
(range 1.6‐8.5 mm/s) are in the absolute lower range of what is mentioned in the literature
(range 1‐520 mm/s)19 in both humans and animals. However, a direct comparison of speed
values with literature is complicated by the fact that the reference figures are based on uteri in
the pregnant or even labouring phase. Furthermore, little is known on the effects of organ
resection and lack of perfusion on the characteristics of electrical propagation. Only a very weak
correlation could be found between the internal and external propagation properties.
A certain level of disagreement was evident also in the amplitude of the internal and external
signals. This discordance might be partially explained by the complex architecture of the uterus.
The myometrium consists of multiple muscle layers with different fibre orientation (and
possibly different function and embryologic origin)34, which could result in different conduction
properties of the electrical activity in the inner and outer layers. The effect of the different
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geometry, material and type of sensors employed internally and externally may also explain the
observed weak correlation.
Over time, we measured a decrease in the global amplitude of the biopotentials; this decrease
was significant only between T0 and T1. This decrease could be associated to progressive
deterioration of the organ tissue. Up to two hours after resection, we still found a significantly
different RMS value relative to control, which we did not find after 24 hours. Histological studies,
focussing on uterine preservation in a transplantation setting, illustrated that the unpreserved
uterus shows severe deterioration after twelve hours35 and that warm ischemia of more than
four hours already makes the uterus unsuitable for transplantation36,37. This suggests that the
five measured uteri were most probably ‘electrically dead’ and not able to produce any relevant
biopotential after 24 hours.
To conclude, this study proves that spontaneous biopotentials can be measured in the non‐
pregnant human uterus ex vivo and that the organ remains electrically active for at least two
hours after surgical resection. In this time frame, electrical propagation can be measured and
characterized, possibly providing novel insights into the physiology of this organ. In particular,
this study supports the theory that the uterus is an organ with autonomic initiation and, in line
with qualitative in‐vivo studies24,38, highlights the peculiarity of the menstrual phase. These
results may pave the way for future studies aiming at a better understanding of the complex
(electro‐)physiology of the non‐pregnant uterus, contributing to future diagnostics and
treatment involving monitoring and management of uterine contractions, e.g. to improve
fecundability.

2.4

METHODS

2.4.1 Subjects
Five human uteri were included in this study. Patients were eligible if they were prescribed to
undergo a hysterectomy for benign pathology and were premenopausal (for details see Table
1). Standard laparoscopic hysterectomy procedures were performed on all uteri. Exclusion
criteria included any risk of malignancy and pathologies such that the uterus could not be
resected in one piece. The day of the menstrual cycle was recorded by anamnestic means.

2.4.2 Ethical statement
This study was approved by the medical ethical committee of the Catharina Hospital Eindhoven
(MEC‐U approval number NL52466.100.15). The research is part of the WAVES study registered
under the Dutch Trial Register number NTR5264. Written informed consent was given by each
participant prior to using their uteri for this observational study. The study was conducted
according to the WMA Declaration of Helsinki: Ethical Principles for Medical Research Involving
Human Subjects39
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2.4.3 Measurement set-up
Directly after resection (approximately 20‐30 min after eliminating blood supply), the uteri
were incorporated into the measurement set‐up. Room temperature was kept constant at 21˚C.
No preservative measures were used for the resected organs.
Two‐dimensional electrode grids are needed for a complete characterization of the
propagating waves, as the a‐priori origin and direction are unknown. We placed a high‐density
64‐electrode grid (TMSi, Oldenzaal, Netherlands) directly on the external surface of the
resected organ. Each of its circular Ag/AgCl electrodes (2‐mm diameter) is printed on the
flexible grid following a regular, two‐dimensional pattern with 4‐mm centre to centre inter‐
electrode distance, covering a total 36x36‐mm2 area. The grid was positioned in the middle of
the uterine body and held in place using medical tape. No adhesive sticker or conductive gel
was employed as the uterine natural moisture functioned as a conductive layer. After sensor
placement, the uterus was wrapped in aluminium foil to avoid evaporation and deterioration
of the electrical contact of the grid with the tissue.
For internal measurements, a platinum octapolar electrode array (Pisces Plus lead model 3877,
Medtronic, Minneapolis, MN, USA), normally used for spinal cord stimulation, was positioned
inside the uterine cavity. Two circular 24‐mm disposable surface EMG/ECG electrodes
(Covidien, part of Medtronic, Minneapolis, MN, USA) were secured on the cervix with circular
tape (Figure 1) and used as ground and reference, since electrical propagation in the uterus
requires unipolar measurements19.9The cervix was chosen as reference because it is assumed
to be the most electrically neutral, as it does contain the least smooth muscle tissue40.
All biopotentials were simultaneously recorded and digitized at 1024‐Hz sampling frequency
using a Refa 72 Amplifier (TMSi, Oldenzaal, Netherlands), connected to a laptop with Polybench
5 software (TMSi, Oldenzaal, Netherlands) for real‐time visualization of the signals. Signal
analysis was performed off‐line using Matlab (The Mathworks® Inc., Natick, MA, USA).

2.4.4 Pre-processing
The acquired signals were first made unipolar by subtracting the common reference signal and
then down‐sampled from 1024 Hz to 32 Hz after proper antialiasing filtering. In‐vivo EHG
studies commonly use a filter range from 0.34 Hz to 1 Hz in order to avoid interference from
signals produced by e.g. cardio‐respiratory activity41,42. In this study, an upper frequency limit
of 5 Hz was chosen, as we expected no interferences and higher‐frequency components when
measuring directly on the uterus43. For similar reasons, due to the absence of respiration
artefacts and the low frequency content of EHG signals, a lower frequency limit of 0.05 Hz was
used. The filter was implemented as a cascade of a low‐pass and a high‐pass 6th order
Butterworth filters.
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2.4.5 Signal amplitude estimation
Amplitude estimators such as the RMS value have been previously used to derive an estimate
of EHG signal amplitude44,45. The RMS value RMS of the discrete signal 𝑥 𝑛 recorded by
channel 𝑐 is calculated as follows:

RMS

1
𝑁

|𝑥 𝑛 |

(2. 1)

where 𝑥 𝑛 is the down‐sampled, filtered signal obtained from one single electrode of the grid,
and 𝑁 is the total number of time samples considered.
In this study, the RMS value was used as feature for two different objectives: to evaluate the
signal amplitude of the recorded uteri in the first hour after removal as compared to control
muscle (chicken meat) and to quantify the signal amplitude decay over time after surgical
removal. In both cases, median and interquartile range of the RMS values of the signal in the
external grid were used as features.

2.4.6 Propagation detection
At the cell level, uterine biopotentials have been reported to occur in groups (bursts)17,18,46.
However, propagation analysis of individual electrical spikes, i.e., the surface signal peaks
associated to individual action potentials, has been proven more informative13,19.
Both for the external grid and for the internal catheter, propagation analysis was therefore
based on individual spikes selected by 50‐s sliding windows (25‐s overlap). Preliminary
inspection of our data suggested such a time window to be optimal to isolate single spikes.
Based on the segmented signals, the first step aimed at identifying events of propagating spikes
on the external grid. We identified propagation with the detection of spikes measured by 𝑁
contiguous channels with a similar shape and a certain delay. In formulas, considering in the
current 50‐s time interval, the pre‐processed discrete signals 𝑥 𝑛 , 𝑥 𝑛 , …𝑥
𝑛 (𝑛 ∈
1,2, ⋯ 𝑁 in the contiguous channels (by row, by column, or diagonally) 𝐶1, 𝐶2 … ,𝐶𝑁 ,
respectively, are assumed to propagate when they satisfy the equations:

𝑥

𝑛

𝑠 𝑛 𝜏

𝑤 𝑛

𝑥

𝑛

𝑠 𝑛

𝑤 𝑛

𝜏

(2. 2)

⋮
𝑥

𝑛

𝑠 𝑛

𝜏

𝑤

𝑛 .
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In (2.2), the same noise‐free shape 𝑠 𝑛 is recorded by electrodes 𝐶1, 𝐶2,… 𝐶𝑁 with delays
𝜏 , 𝜏 and 𝜏 after the addition of white Gaussian noise 𝑤 𝑛 , 𝑤 𝑛 , and 𝑤 𝑛 .
Considering the noise‐free biopotential 𝑠 𝑛 propagating through a set of electrodes arranged
in a grid composed of 𝑁 rows and 𝑁 columns (Figure 2.8), the plane‐wave condition is
satisfied when the measured signal 𝑥 𝑛 at the channel 𝑟, 𝑐 in the 𝑟 row 𝑟 ∈
1,2, ⋯ , 𝑁 and 𝑐 column 𝑟 ∈ 1,2, ⋯ , 𝑁 can be modelled as

𝑥

𝑛

𝑠 𝑛

𝑟

𝑐

1 𝜏

1 𝜏

𝑤

𝑛

(2. 3)

i.e., the delay between adjacent rows and columns of electrodes, τ and τ , respectively, are
constant throughout the electrode set. The noise present in the signal recorded by channel
𝑟, 𝑐 , 𝑤 𝑛 , is assumed to be white and Gaussian with variance σ .
The aim of this first step was to register both the time segments and the electrode subset 𝐶𝑁
for which the propagation condition described in (2.2) could be considered valid on the external
grid. To this end, coherence was chosen as the similarity feature.
Given two signals 𝑥 𝑛 and 𝑥 𝑛 , the magnitude squared coherence is a real‐valued
function defined in the frequency domain, 𝑓, as

𝐶

𝑓

𝐺
𝐺

𝑓
𝑓 𝐺

𝑓

,

(2. 4)

where 𝐺
𝑓 is the cross‐spectral density between 𝑥 and 𝑥 , and 𝐺
𝑓 and
𝐺
𝑓 the power spectral densities of 𝑥 and 𝑥 , respectively. The coherence function
estimates the extent to which 𝑥 𝑛 may be predicted from 𝑥 𝑛 by an optimum linear
least squares function. The magnitude squared coherence is not affected by time delays and
reflects only the similarity between signal shapes. Values of coherence will always satisfy 0
𝐶
𝑓
1.
For each 50‐s time window, coherence was calculated among all available combinations of
signal couples 𝑥 𝑛 and 𝑥 𝑛 using a Hamming window such that each signal was divided
into eight overlapping (50%) segments. The maximum value of the coherence function in the
frequency range between 0.05 and 5 Hz, which is the frequency band of interest given by the
pre‐processing filters, was used as similarity feature.
A value of maximum coherence equal to 0.75 was set as threshold to select the signals satisfying
the condition in (2.2). Eventually, only time segments in which one or more channels had a high
coherence with at least two other channels in different rows or columns were selected as
propagating events. In fact, due to the a‐priori unknown origin and direction of uterine
biopotentials, a plane (3 points) is necessary for identification of the EHG two‐dimensional
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velocity vector. Those selected channels and time segments were then chosen for further
analysis of the conduction velocity.
For biopotentials showing plane‐wave propagation, i.e. satisfying (2.3), we searched for
propagation in the internal array. Also in this case, the maximum of the coherence function and
a value equal to 0.75 were chosen as the similarity feature and threshold, respectively. The
internal and external velocity vectors identified according to the approach described in the
following paragraph were then compared in the direction parallel to the internal array.

Figure 2.8: Schematic description of plane‐wave propagation.

2.4.7 Conduction velocity
Visual analysis of the propagating segments revealed the presence of both events with plane‐
wave propagation, i.e., a wave front with a constant direction and speed as in (2.3), as well as
erratic patterns characterized by re‐entries and circulation23. Characterization of propagation
was carried out separately, depending on the validity of the plane‐wave propagation conditions.
For plane‐wave propagation events, speed and direction of the conduction velocity vector were
estimated using a maximum‐likelihood approach previously proposed for EHG analysis in
pregnancy 22.
Based on the plane‐wave condition in Equation 3, 𝜏 and 𝜏 can be estimated according to a
maximum‐likelihood approach and therefore by minimizing the cost function47:
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𝑠 𝑛
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𝑐

1 𝜏

(2. 5)

By using Parseval’s equality, 𝜖 can be transformed into the frequency domain, where 𝜏 and
𝜏 become continuous multiplicative factors of the phase and can be estimated without
resolution limits.
Furthermore, the propagating biopotential, 𝑠 𝑛 , can be estimated in the frequency domain as
the weighted average of all channels, X
𝑓 in row m and column p, after alignment. The
resulting estimated cost function E τ , τ is:

E τ ,τ

/

2
𝑁

X

𝑓
(2. 6)

1
𝑁𝑁

X

𝑓 𝑒

where 𝑋 𝑓 is the Discrete Fourier Transform (DFT) of the signal recorded by the channel in
row 𝑟 and column 𝑐. For electrode distance equal to d and temporal‐sampling frequency 𝑓 , the
speed 𝑣 and angle 𝜃 can be computed by the relations:

𝜏

𝑓 𝑑𝑐𝑜𝑠 𝜃
𝑣

(2. 7)

𝜏

𝑓 𝑑𝑠𝑖𝑛 𝜃
𝑣

(2.8)

2.4.8 Statistical analysis
In order to assess the statistical significance of our findings, SPSS statistics 23 (SPSS Inc., Chicago,
IL, USA), was used. The Shapiro Wilk test showed that our RMS data, both from the external
grid and the internal array, were not Gaussian distributed. RMS data were presented as the
median and the interquartile range. To compare each individual uterus (n=5) with control (n=1),
we used a Mann‐Whitney U test for non‐Gaussian data. To assess the significance of the RMS
decay in time we used a generalized linear model for repeated measures48 comparing the RMS
total data of all five uteri at each time (T). This model assumes that the input data is Gaussian
distributed. By logarithmic transformation of our data, the requirements for a Gaussian
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distribution (skewness and kurtosis values between ‐1 and +1) were met. To evaluate the
correlation between the propagation speed obtained by internal and external recordings,
Spearman’s rank correlation coefficient test was used. The level of statistical significance was
set at p<0.05 for all tests used.

2.4.9 Data Availability
The datasets generated and analysed during the current study are available from the
corresponding author on reasonable request.
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3
FEASIBILITY OF TRANSABDOMINAL
ELECTROHYSTEROGRAPHY FOR
ANALYSIS OF UTERINE ACTIVITY IN
NON-PREGNANT WOMEN
Abstract: Uterine activity plays a key role in reproduction, and altered patterns of uterine contractility
have been associated with important physio‐pathological conditions, such as subfertility,
dysmenorrhea, and endometriosis. However, there is currently no method to objectively quantify
uterine contractility outside pregnancy without interfering with the spontaneous contraction pattern.
Transabdominal electrohysterography has great potential as a clinical tool to characterize non‐
invasively uterine activity, but results of this technique in non‐pregnant women are poorly documented.
The purpose of this study is to investigate the feasibility of transabdominal electrohysterography in
non‐pregnant women. Longitudinal measurements were performed on 22 healthy women in 4
representative phases of the menstrual cycle. Twelve electrohysterogram‐based indicators previously
validated in pregnancy have been estimated and compared in the 4 phases of the cycle. Using the Tukey
honest significance test, significant differences were defined for P values below 0.05. Results: Half of
the selected electrohysterogram‐based indicators showed significant differences between menses and
at least 1 of the other 3 phases, that is the luteal phase. Our results suggest transabdominal
electrohysterography to be feasible for analysis of uterine activity in non‐pregnant women. Due to the
lack of a golden standard, this feasibility study is indirectly validated based on physiological
observations. However, these promising results motivate further research aiming at evaluating
electrohysterography as a method to improve understanding and management of dysfunctions
(possibly) related to altered uterine contractility, such as infertility, endometriosis, and dysmenorrhea.

From: F. Sammali, N. P.M. Kuijsters, B. C. Schoot, M. Mischi, and C. Rabotti, “Feasibility of
transabdominal electrohysterography for analysis of uterine activity in non‐pregnant women”,
Reproductive Sciences 2018, vol 25(7), pp. 1124‐1133.
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3.1

INTRODUCTION

Uterine activity is most evident during pregnancy when it culminates in the expulsion of the
foetus at the end of the delivery. However, uterine activity plays a key role in different, possibly
related, aspects of reproduction outside pregnancy as well.
Uterine activity is known to affect embryo implantation in animals1–3. In healthy, non‐pregnant,
human uteri, previous research consistently reported specific contractile patterns that evolve
during the menstrual cycle4–6. These evolving patterns are in line with the hypothesis of a
functional role of uterine motion in normal menstrual cycles to promote fertilization1,5,7,8.
Furthermore, there is evidence that disruption of these natural properties is the cause of a
number of dysfunctions, including subfertility, dysmenorrhea, endometriosis, and
adenomyosis9–11. An increasing percentage of couples, currently 20%, have difficulties
conceiving12,13. Approximately half of these sub‐ fertile couples seek medical care services and
eventually recur to assisted reproduction14,15. In spite of major efforts to improve assisted
reproductive technology over the past 20 years, the overall effectiveness remains below 30%
per treatment cycle, even for in vitro fertilization (IVF)16.
Embryo implantation is the factor with the greatest limitation on IVF17. Successful
establishment of a pregnancy after embryo transfer is governed by complex mechanisms18,
which depend on the quality of the embryo as well as uterine receptivity19,20. While classically,
uterine receptivity has been identified with the histological and biochemical readiness of the
endometrium to accept an embryo, uterine quiescence has been recently suggested as an
additional determinant for the successful establishment of pregnancy after embryo
transfer4,17,21–24.
Dysmenorrhea occurs in up to 50% of menstruating females. Dysmenorrhea is characterized by
fluctuating, spasmodic pelvic cramps that begin shortly before or at the onset of menses and
last 1 to 3 days25. This debilitating pain can lead to a woman’s failure to function normally during
menstruation, making them unable to perform regular daily activities. Dysmenorrhea is
associated to abnormalities in uterine activity, including elevated basal tone and active
pressure, increased contraction frequency, and lack of rhythm and coordination26. Yet, the link
between the contraction pattern, the degree of dysfunction, and the effectiveness of treatment
has never been defined.
Endometriosis is a chronic disease characterized by development of endometrial tissue outside
its normal location in the uterus. Its prevalence approaches 10% to 15% of the general female
population and is associated with pain, dysmenorrhea, and, in 30% of the women, with
infertility27. Unfortunately, the links among these diseases, particularly between endometriosis
and infertility, are unclear, even though the association is clinically recognized28. In line with
the theory that links retrograde menstruation to migration of viable endometrial cells that
attach and implant in the pelvic cavity, altered uterine contractility is hypothesized to play a
key role in endometriosis29. Unfortunately, aetiology and pathogenesis of this disorder remain
uncertain, hampering any progress for new treatment for disease associated with pain and
infertility30.
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In fact, the lack of an objective and non‐invasive tool for quantifying contractility in non‐
pregnant women has limited the possibility of investigating the complex and largely unknown
mechanisms underlying uterine contractility and to quantify their impact on reproduction and
in dysfunctions, such as sub‐ fertility, dysmenorrhea, and endometriosis4,9.
In non‐pregnant humans, uterine activity has been first explored by using invasive intra‐uterine
pressure catheters7,10,31, magnetic resonance imaging5,32,33, and hyster‐ osalpingoscintigraphy5.
Unfortunately, these methods are unfeasible for routine use during IVF procedures and check‐
ups because they are invasive, expensive, or employing ionizing radiations4,34. Visualization of
uterine contractility by transvaginal ultrasonography TVUS has been more extensively used
due to the availability and non‐invasiveness of ultrasound10. However, this visual approach,
based on either unprocessed image sequences5,9,11,35–44 or derived anatomical motion‐mode
images, is operator dependent and thus difficult to reproduce for follow‐up and comparative
studies45,46.
As an alternative to current diagnostics, transabdominal electrohysterography has been
successfully proposed to characterize uterine contractions during pregnancy47–52. The
electrohysterogram (EHG) measures the electrical activity that triggers and drives the
mechanical contraction of the uterus. The EHG signals can be recorded non‐invasively by
electrodes placed on the abdominal skin53,54. Being related to the root cause of the uterine
muscle contraction, the EHG can potentially allow for a complete characterization of uterine
activity also in the non‐pregnant uterus. However, descriptions of EHG measurements on non‐
pregnant humans mainly focus on recordings performed directly on the uterus or on the
cervix55,56.
In this article, we evaluate for the first time (to our knowledge) the feasibility of transabdominal
electrohysterography for the analysis of uterine contractions in healthy non‐pregnant women,
aimed at understanding the electrophysiology of uterine contractions during the menstrual
cycle by a non‐invasive approach.

3.2

MATERIALS AND METHODS

3.2.1 Patients and Study protocol
All measurements were performed at the Gynaecology Department of the Catharina Hospital
in Eindhoven (the Netherlands) after approval by the relevant medical ethical committee
(protocol NL52466.100.15). After signing an informed consent, 22 women were enrolled in the
study. The inclusion criteria were an age between 18 and 40 years and a regular, natural
menstrual cycle. Exclusion criteria were ongoing pregnancy, mental dis‐ ability, significant
language barrier, and caesarean delivery in the past. Uterine anomalies (congenital or non‐
congenital), uterine pathologies (leiomyomas, adenomyosis, and endometriosis), and infertility
were additional exclusion criteria.
Women were recorded longitudinally at 4 predefined moments of the menstrual cycle, namely,
during menses, which coincides with the early follicular (EF) phase57, in the late follicular (LF)
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phase, in the early luteal (EL) phase, and in the late luteal (LL) phase. All phases were in the
same cycle. Menses dates were based on the last menstrual period. The LF phase, expected
between day 11 and day 13 of the cycle, was established based on estimates of the follicle size
measured on TVUS images. The EHG measurements for the LF phase were performed only
when one of the follicles had a diameter larger than 16 mm. The EL and LL phases were set at
3 and 7 days after ovulation, respectively. Blood tests were performed in order to measure
hormone levels and exclude any hormonal unbalance that might contribute to dysfunctional
uterine activity7. More specifically, concentrations of luteinizing hormone (LH), follicle‐
stimulating hormone (FSH), oestrogen and progesterone were measured.
During each measurement session, 4‐minute data were acquired. Based on the literature,
depending on the phase of the cycle, at least 2 contractions can be expected to occur in this
time range7.

Figure 3.1: Electrode grid on the abdomen. The authors confirm permission from the woman to use this
picture.

3.2.2 Electrohysterogram Recording
After skin preparation for contact impedance reduction, the EHG was recorded by a flexible
electrode grid placed on the abdomen immediately above the pubic bone (Figure 3.1). The
correct placement of the abdominal grid was guided by TVUS in order to maximize alignment
with the uterus.
The adopted electrode grid (Figure 2) comprises an 8 x 8 array of electrodes (2 mm diameter,
4 mm distance). Such high‐density electrode grids provide the augmented spatial resolution
that might be necessary for analysis of EHG propagation properties in future work58,59. In this
feasibility study, however, we focus on single‐channel analysis for a qualitative evaluation of
contraction timing and strength60. For this purpose, which does not require high spatial
resolution, the signal quality is improved by averaging neighbouring electrodes and simulating
larger sensing surfaces53,61. Furthermore, larger inter‐electrode distances are more suited than
a high‐density grid to investigate electrophysiological signals originated deeper as in the case
on the non‐pregnant uterus53,61. Furthermore, vertical derivations, aligned to the middle line

46

Feasibility of transabdominal electrohysterography for analysis of uterine activity…

of the muscle, are expected to be closer to the uterus and, therefore, provide a better signal to
noise ratio. Two larger sensing areas, A and B in Figure 3.2, were therefore obtained by
averaging the corresponding electrodes. Since bipolar derivations improve the signal quality by
reduction of the common mode noise, a single bipolar signal was derived by subtracting the 2
sensing areas A and B62,63. The EHG was then recorded and digitized, after the required
antialiasing low‐pass filtering, at a sampling frequency of 1024 Hz using a Refa system (TMS
International, Enschede, the Netherlands), a multichannel amplifier for electrophysiological
signals.

Figure 3.2: High‐density electrode grid and schematic of the sensing surfaces A and B.

3.2.3 Feature Extraction
For each recording session, a set of features is extracted from the single‐channel EHG signal.
Depending on the chosen feature, the acquired signal is first pre‐processed by dedicated pre‐
filtering64,65. Features are then extracted following a 2‐step approach: the pre‐processed EHG
is analysed in step 1 in order to enhance specific properties of the EHG signal related to the
contraction strength. Four different approaches, based on previous research on EHG analysis
during pregnancy and implemented both in the time and in the frequency domain, are used in
step 1 to provide a set of signals, referred to as (time‐varying) features. From these features,
the (global) indicators are extracted in step 2 and compared among the representative phases
of the menstrual cycle for validation. The proposed approach for feature extraction is
schematically described in Figure 3 using a recorded EHG signal as an example.
In clinical practice, timing and strength of uterine activity during pregnancy and delivery are
assessed by direct or indirect measurement of the intra‐uterine pressure variations induced by
contractions66. In pregnant women, previous research demonstrated an accurate measure of
the intra‐uterine pressure variations related to uterine contractions by estimating the EHG
signal energy60. The unnormalized first statistical moment (UFM) and its low‐complexity
alternative, the Teager energy (TE) operator, have been proposed in the previous literature for
intra‐uterine pressure estimation67,68. The UFM is obtained as the product between the average
signal frequency and the signal energy, both estimated in the time‐frequency domain60. The TE
operator is calculated in the discrete‐time domain using a multiband solution for energy
tracking68,69. In pregnancy, these frequency‐weighted estimates of the signal energy seem, in
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fact, to provide a good representation of the hypothesized physiology of uterine muscle force
development in response to electrical activity60. In this article, both the TE and the UFM are
investigated as features and calculated in sliding windows similarly60,68. Signal amplitude
estimations obtained by the root mean squared (RMS) and the band‐filtered EHG signal (FSig)
are considered as 2 additional features (see Figure 3.3)63,70,71. Further details of the feature
extraction steps are provided in the subsequent section.

3.2.4 Pre-filtering
The electrical signals originating from the activity of smooth muscles like the uterus are
characterized by a low‐frequency content72. For the uterus, frequencies below 5 Hz are
expected, while the frequency band below 0.3 Hz can be seriously affected by movement
artifacts related, for example, to respiration64,65. To estimate the intra‐uterine pressure
increase by EHG analysis in pregnancy, frequency bands below 1 Hz have been previously
adopted60,68,71,73. In fact, a better correlation with the invasively recorded intra‐uterine
pressure was found in this frequency band while rejecting the maternal electrocardiogram.
Nevertheless, during pregnancy, the EHG signal energy distribution extends beyond the upper
frequency limit of 1 Hz70,74–76. Analysis of our data suggests the EHG signal energy to show
similar frequency distribution also outside pregnancy.
Due to the current lack of a reference golden standard, in this feasibility study, all features are
derived in the 0.3 and 5 Hz frequency band, where an improved signal quality is expected.
Preliminary tests confirmed that the interference due to the electrocardiographic signal,
expected at frequencies as low as 1 Hz77, could be neglected due to the small inter‐electrode
distance on the abdomen. For the TE, RMS, and BF, a fourth‐order Butterworth filter with cutoff
frequencies at 0.3 and 5 Hz is employed prior to calculation of the features. The definition of
the UFM in the frequency domain allows estimation in the desired frequency band without
prefiltering60.

3.2.5 Time-varying Features
The time‐varying features have been calculated in 6‐second sliding Han windows. The choice
of the window type is in line with the previous literature68, while the window length is
experimentally optimized in agreement with the frequency band of interest. In fact, this band
allows to resolve the lowest frequency of interest (0.3 Hz) at a sufficient temporal resolution to
enhance possible contractile events.

3.2.6 Indicators
Comparison of the considered phases of the menstrual cycle is then based on indicators
subsequently extracted from the 4 chosen features. To this end, the standard deviation (SD),
median frequency (MF), and UFM are estimated from each feature to form the set of indicators
evaluated in the representative phases. These specific indicators, extracted from each of the
above time‐varying features (see Figure 3.3), were chosen in order to assess whether their
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frequency (represented by the MF), amplitude (as SD), or a combination of both frequency and
amplitude (UFM) could be representative of the uterine activity in the considered phase70.

3.2.7 Statistical analysis
The indicators extracted in the 4 selected phases of the menstrual cycle, 12 in total, are
compared using 1‐way analysis of variance with repeated measures. Post hoc analysis is
performed using the Tukey honest significance test (Tukey‐ Kramer method) and a significance
level P = 0.0578.

Figure 3.3: Scheme of the proposed approach for feature extraction. The same EHG signal recorded during
the LF phase from one of the included women is shown as an example. EHG indicates electrohysterogram;
LF, late follicular phase.

3.3

RESULTS

Of the 22 women enrolled in the study, only 11 were eventually retained for the data analysis.
Of the 11 women, 6 were excluded due to subfertility issues that emerged during or
immediately after the study, 2 withdrew their consent after inclusion, and 3 could not attend
the recording sessions, which resulted in an incomplete dataset.
Of the 11 retained participants, 9 had a natural pregnancy shortly before or after the
measurement, while 2 of them had no child wish at the moment of recording. At the time of
measurement, women had an age between 25 and 39 years (31 years on average) and a cycle
length between 24 and 40 days (29 days on average). Tests on the hormone levels did not show
any unbalance, and figures were all within the expected ranges for healthy women in the
presumed phase of the menstrual cycle. The average values of hormone test results are
reported in Table 3.1.
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As shown in Table 3.2, significance emerged only when the SD and the UFM were used as
indicators. Instead, the use of the RMS as feature did not produce any significance difference
among phases, independently from the adopted indicator.
The values of the derived indicators are plotted in Figures 3.4 to 3.6, in terms of average and
SD. Normalized values are used to mitigate the impact of interpatient variability for improved
visualization. Normalization was performed patient‐wise, relatively to the LL phase. When SD
and UFM are used as indicators, a decreasing trend along the cycle can be observed, which is
absent in the results obtained by the MF indicator.

Table 3.1: Hormone Test Results
Phase

Median Day of Mean FSH
Cycle
(IU/L)

Mean LH
(IU/L)

Mean Estrogen
(nmol/L)

Mean Progesteron
(nmol/L)

Early follicular (EF)

2

6,48

4,77

0,13

1,59

Late follicular (LF)

13

5,63

17,81

0,85

1,81

Early luteal (EL)

18

4,46

7,93

0,44

24,82

Late luteal (LL)

22

2,92

5,27

0,61

45,52

FSH = follicle stimulating hormone; LH = luteinizing hormone

Table 3.2: Significance of feature differences for each combination of indicator and feature.
Indicators
Features

Standard
Deviation (SD)

Median
Frequency (MDF)

Unnormalized First
Statistical Moment
(UFM)
0,032974*

Filtered signal (FSig)

0, 035769*

0,71865

Unnormalized first statitistical moment (UFM)

0,040727*

0,822843

0,011567*

Teager energy (TE)

0,020207*

0,625007

0,012538*

Root mean square (RMS)
*p < 0,05.

0,070321

0,655169

0,083205
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Figure 3.4: Value of the SD indicator (average and standard deviation [SD]) for different features in each of
the evaluated cycle phases. Normalized values are used to mitigate the impact of interpatient variability for
improved visualization.

Figure 3.5: Value of the UFM indicator (average and standard deviation) for different features in each of the
evaluated cycle phases. Normalized values are used to mitigate the impact of interpatient variability for
improved visualization. UFM indicates unnormalized first statistical moment.

51

Chapter 3

Figure 3.6: Value of the MF indicator (average and standard deviation) for different features in each of the
evaluated cycle phases. Normalized values are used to mitigate the impact of interpatient variability for
improved visualization. MF indicates median frequency.

3.4

DISCUSSION

Uterine activity plays a key role in natural as well as in assisted reproduction. Furthermore,
dysfunctional uterine activity is recognized among the main causes of important medical issues,
including subfertility, dysmenorrhea, and endometriosis9–11. Unfortunately, the lack of an
objective method for uterine activity quantification hampers progress in understanding and
treatment of these dysfunctions. This article studies for the first time the feasibility of
transabdominal EHG in the non‐pregnant uterus. EHG measures the biopotential
underlying the physiological process of uterine muscle contractions. Due to the lack of a
golden standard for uterine contraction assessment outside pregnancy, an indirect
validation approach is proposed in this study, which relies on the different motility
patterns reported for the uterus at different stages of a physiological menstrual cycle. To
this end, non‐pregnant healthy women are measured longitudinally, at 4 selected
representative phases of the menstrual cycle, namely, the EF, LF, EL, and LL phases.
During the cycle, the ovaries and the uterus undergo hormone‐dominated physiological
changes that, in healthy women, are functional to the establishment of a pregnancy. More
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specifically, the ovaries undergo changes aiming at egg production, while the uterus
evolves synergistically to a progressively more receptive status toward fertilized embryos.
During the follicular phase, the preparatory phase for egg release, the progressive
increase in uterine contraction frequency is thought to facilitate sperm ascension toward
the distal end of the fallopian tubes, where fertilization takes place4,5. After ovulation, the
uterus undergoes progressive relaxation that culminates during the mid‐luteal phase. This
relaxation phase, which usually occurs approximately 7 days after ovulation, may assist
proper embryo positioning in the uterine cavity and, thus, facilitate embryo
implantation7,44. During menses, if no egg has been fertilized to start a pregnancy, labour‐
like contractions promote shedding the uterine lining and a new cycle begins.
Based on validated approaches previously developed for EHG analysis in pregnancy, in this
study, a number of selected features is extracted from the recorded EHG signal at each of
the representative phases of the menstrual cycle. Half of the 12 indicators here extracted
from the recorded EHG show some significant differences among phases. Consistent,
significant differences have been found between the EF phase and the LL phase. Especially
with the UFM indicator, the EF phase shows consistent significant difference from all other
phases. This phase, which coincides with menses, also shows the highest variability. Both
these aspects, namely, its significant difference from the other phases and the indicator
variability, can be related to intermittent and cramp‐like contractions typical of menses.
Previous studies on non‐pregnant uteri have in fact reported a wave‐like, peristaltic
activity of the uterus during most of the menstrual cycle as opposed to menses and
parturition, when cramp‐like contractions are alternated to quiescent periods of
inactivity7,37,55,79–81. Qualitative comparison of the recordings of this study with signals
recorded during pregnancy with a similar protocol also indicates a more continuous,
peristaltic activity, rather than alternation of contracting and quiescent periods of
electrical activity (burst), which are typical of pregnancy and observed more frequently
during menses. Noteworthy, as an initial step toward the use of EHG outside pregnancy,
our approach is based on previous EHG studies in pregnancy.
Due to the size increase and hormonal changes that the uterus undergoes in pregnancy,
some additional challenges should be accounted for when using EHG measurements
outside pregnancy. Yet, similarly to pregnancy, pressure increases have also been
measured during contractions outside pregnancy26,55, and spontaneous electrical activity
has been observed and recorded55,82.
Furthermore, the significance of the features extracted during menses supports the
employment of the proposed methods for the investigation of dysfunctions related to
menses, such as dysmenorrhea. Future studies, aiming at developing tailored methods for
the analysis of the EHG outside pregnancy, may also reveal significance differences
between the LF and the luteal phases as well as between different moments within the
luteal phase.
All features show decreasing trend in their value along the cycle. This decrease is mostly
not significant but may reflect a progressively more quiet state along the cycle that is in
line with the uterine function of promoting embryo implantation by increased receptivity.
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In contrast, previous TVUS and intra‐uterine pressure measurements during the
menstrual cycle evidenced a progressive increase in contraction frequency and strength
in the follicular phase followed by a decrease in the luteal phase34,43,55, suggesting a role
of oestrogens as stimulator and progesterone as inhibitor of uterine contractions8,83,84. In
general, a direct comparison between the EHG features evaluated in this work and the
uterine contraction properties evidenced by intra‐uterine pressure catheters and TVUS
should be cautiously evaluated; the fundamental different nature of the measurement
approaches used in this study and in the previous literature (electrical vs mechanical) and
the specific signal analysis employed in this study should first be jointly evaluated in
relation to the underlying physiological mechanisms, which are still largely unknown.
We record the EHG signal transabdominally, using an electrode patch containing 64
channels. Our choice for testing the feasibility of transabdominal recording of the EHG,
rather than more invasive methods to evaluate uterine electrical activity, is motivated by
the urgent need for a cost‐effective, non‐invasive, and easy‐to‐use method for deriving
uterine activity in everyday clinical practice. This abdominal approach does not take into
consideration the possible role of other organs, such as the bladder or the intestine, that
also produce biopotential. Based on our results, we may conclude that the main organ
activity extracted by our measurements is from the uterus. Additional evidence that our
signals are representative of uterine biopotential alone is being researched. As for the
electrodes chosen in this study, in pregnancy, it has been demonstrated that the EHG can
potentially quantify amplitude, frequency, and, when arrays of electrodes are used,
direction and velocity of contractions. The use of a multichannel grid for the signal
acquisition is here meant to demonstrate the feasibility of multichannel EHG recording
and possibly open the way to future studies aiming at assessing contraction direction and
velocity. Eventually, the optimal inter‐ electrode distance should be carefully evaluated in
relation to the increased depth at which the uterus lies into the pelvic cavity as compared
to pregnancy.
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4
EXPERIMENTAL SET-UP FOR
OBJECTIVE EVALUATION OF UTERINE
MOTION ANALYSIS BY ULTRASOUND
SPECKLE TRACKING
Abstract: Recent research suggests that uterine contractions play an important role for the success of
conception. Unfortunately, the lack of tools for quantitative analysis limits our understanding of the
uterine contractility outside pregnancy. More recently, several methods based on speckle tracking have
gained attention for uterine contractility assessment; however, the absence of a ground truth hampers
the optimization of any tracking method. Therefore, in this study we present an experimental set‐up
based on a human ex‐vivo uterus able to generate controlled uterine motion aiming at assessing the
accuracy of motion tracking techniques and obtaining clear indications on the optimal imaging setting.
Uterine motion was obtained by use of an electromagnetic actuator generating a controlled, sinusoidal
(0.05 Hz), linear displacement of a syringe piston, injecting 3‐mL saline through a balloon catheter
inserted into the uterine cavity. This way, controlled, rhythmic uterine motion was generated while
maintaining the original speckle characteristics. The use of the proposed set‐up was tested for
comparison of ultrasound speckle tracking methods. Block matching by sum of absolute differences
(SAD) with three different block sizes was employed as a use case for speckle tracking evaluation.
Correlation coefficient (𝑟), mean square error (MSE), and Hausdorff distance (𝐻 ), were the adopted
objective metrics for evaluating the speckle tracking performance. The two markers, along with the
driving signal of the actuator, represented the reference for assessing the speckle tracking accuracy.
SAD was optimized and compared for its agreement with the reference signals. The results show the
tracking performance of SAD with higher block size (1.724 x 1.724 mm2) to produce the most accurate
tracking of the controlled tissue (speckle) motion (p < 0.05). To conclude, the realized proposed
experimental set‐up represents a realistic ground truth for uterine motion, allowing objective
evaluation of speckle tracking techniques and aiding with the choice of the optimal imaging settings
for quantitative imaging of uterine motion outside pregnancy.

From: F. Sammali, C. Blank, L. Xu, Y. Huang, N. P. M. Kuijsters, B. C. Schoot, and M. Mischi, “Experimental
set‐up for objective evaluation of uterine motion analysis by ultrasound speckle tracking”, Biomedical
Physics & Engineering Express 2018, vol 4(3), p 035012.
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4.1

INTRODUCTION

Ultrasound (US) imaging represents a valid, non‐invasive, and safe option for quantitative
analysis of the uterus and can be used as an alternative to invasive techniques, such as intra‐
uterine pressure measurements, and hysterosalpingoscintigraphy, in order to investigate the
uterine mechanical function1. Current knowledge on uterine motion is however limited. Only
qualitative evaluation of uterine motion has been performed, evidencing variations of uterine
contractile patterns during the menstrual cycle2 and the important role of peristaltic
movements on infertility treatment outcome3.
Accurate interpretation of the resulting US image sequences is challenging also for skilled and
experienced operators4. Therefore, the operator‐dependency of qualitative ultrasound analysis
hampers its adoption for assessment of the uterine function in relation to uterine dysfunctions
and infertility.
Motion tracking by US imaging is an active field of scientific research that has already been
translated into several applications; in particular, for cardiovascular5 and muscular6
investigations, and vector Doppler imaging7–9. A general approach, not requiring access to the
US scanner hardware and radio frequency (RF) signals, consists of tracking the characteristic
speckle pattern of ultrasound grey‐level images10,11.
The characterization of the uterine motion outside pregnancy, and in relation to uterine
dysfunctions, is not trivial due to several technical and clinical challenges, such as complex and
irregular patterns, complex multilayer uterine structure and speckle distribution, limited and
slow uterine motion as compared to neighbouring structures, and speckle anisotropy and depth
dependency. Against these challenging aspects, a speckle tracking algorithm can be designed
and optimized for quantification of uterine motion.
Quantitative analysis by use of motion tracking and strain imaging has so far only been
performed either in‐vitro, by the use of dedicated phantoms producing fluid‐driven motion12
or ex‐vivo, by applying a freehand palpation to an ex‐vivo uterus to produce mechanical
stimulus for US strain imaging13. However, assessing the quality of the developed methods is
challenging due to the lack of a reliable reference for the uterine strain and motion.
In this paper, we propose a system for objective evaluation of the speckle tracking performance
on three ex‐vivo uteri, whose controlled rhythmic motion is generated by a dedicated
experimental set‐up. The resulting speckle pattern reproduces that of a real uterus. The ex‐
vivo uterus was marked with two hypodermic needles to produce clear markers. Objective
metrics were employed for speckle tracking evaluation. As a use case to evaluate the utilization
of the proposed experimental set‐up, this was tested to optimize the block size for speckle
tracking by block matching with sum of absolute differences (SAD) cost function. The results
confirmed that the realized experimental set‐up can support the development of uterine
motion and strain imaging methods by providing objective comparison/evaluation of the
tracking performance.
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4.2

METHODS

4.2.1 Experimental set-up
The realized set‐up permits generating a controlled, sinusoidal, and linear displacement of a
syringe piston for inducing uterine rhythmic motion. Figure 4.1 shows an overview of the
experimental set‐up.

Figure 4.1: The experimental set‐up.

Uterine motion is generated by an electromagnetic actuator. The adopted electromagnetic
actuator is a servo motor (SMH4OS, Kinco, Shenzhen, China) generating rotary motion at its
output shaft, as shown in Figure 4.1. The voltage driving the actuator is generated by a National
Instrument (NI) Board (USB 6341, National Instruments, Austin, Texas, USA), which is connected
to a laptop and controlled by dedicated software implemented in LabView® (National
Instruments, Austin, Texas, USA). The driver (IndraDrive HCS02, Bosch Rexroth, Boxtel, The
Netherlands), which works in analog voltage mode, receives the driving voltage to control the
motor. A screw‐slider system with pitch equal to 1.8 mm is connected to the output shaft of
the motor in order to convert rotary motion into linear motion at the slider. The motor and the
slider are mounted on a metal frame, as shown in Figure 4.1. A syringe is employed for fluid
injection into a balloon catheter, which is placed into the uterine cavity of the ex‐vivo uterus.
The barrel of the syringe is fixed to a holder mounted on the metal frame of the screw‐slider
system, while the plunger of the syringe is connected to the slider such that its motion is
facilitated. By moving the slider forward and backward, the plunger of the syringe can slide
injecting and withdrawing fluid through the balloon catheter, respectively. This way, repetitive
inflation and deflation of the ex‐vivo uterus is generated, thus simulating the rhythmic uterine
motion.
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LabView® software is employed to implement the actuator control as well as to realize the
system user interface. A sinusoidal motion (injection volume) is adopted to mimic real uterine
motion, choosing a period equal to one cycle of the simulated rhythmic uterine motion, as
shown in Figure 4.2a. The injection volume is then converted into motion range of the syringe
plunger based on the diameter of the adopted syringe. The adopted motion results in a
sinusoidal velocity of the plunger as shown in Figure 4.2b. The velocity of the plunger is then
converted into rotary velocity of the motor, according to the pitch of the screw equal to 1.8
mm. The injection volume, the inflation and deflation time (period in seconds), and the initial
position of the syringe can be independently adjusted by the operator. The core software is
implemented in a while loop using a feedback control scheme. Inside each loop, the real time
position of the syringe plunger is first measured by the rotary encoder. A state

Figure 4.2: Velocity of the syringe (a) and injection volume (b) during inflation and deflation of the ex‐vivo
uterus for mimicking peristaltic uterine movement.

machine is then adopted to determine the next state of the actuator, i.e., inflating, deflating or
no motion, based on the current state and the measured position of the plunger. The
instantaneous velocity is first determined according to the next state and position of the
plunger and then sent to the NI Board controlling the motor driver. The execution time of one
loop is about 10.1 ms, resulting in a sampling frequency of the position/rotary encoder of 90
Hz. The entire program flowchart is shown in Figure 4.3.
US acquisition was performed at the Catharina Hospital Eindhoven (the Netherlands). The
surgery for uterus removal was preventive laparoscopic hysterectomy; therefore, the removed
uterus presented benign pathology. The patient signed an informed consent prior to the
surgery, and all acquired post‐surgical imaging was exempt from Regional Ethics Review Board

64

Experimental set‐up for objective evaluation of uterine motion analysis…

approval, under the legal requirements for clinical research in the Netherlands. 4‐min US
recording was performed in saline on the ex‐vivo uterus, immediately after LH. An US scanner
WS80A (Samsung‐Medison) equipped with a transvaginal V5‐9 probe imaging at 5.6 MHz
(central frequency) was employed for the US acquisition. The acquisition frame rate was 30
frames/s, which was amply sufficient to meet Nyquist condition given the limited bandwidth of
uterine motion2. The acquired grey‐level data were then exported in AVI (Audio Video
Interleave) format for off‐line analysis, implemented in Matlab® (MathWorks, Natick, USA). This
implied the use of log‐compressed data, as implemented in all US scanners for visualization
purpose.
Immediately after laparoscopic hysterectomy, the human ex‐vivo uterus was first marked with
two hypodermic needles, as shown in Figure 4.4, to realize clear markers as a reference for
uterine motion tracking. The ex‐vivo uterus was then submerged in a saline‐filled plastic
container, and sustained by a polyvinyl chloride (PVC) transparent foil fixed at the two sides of
the container.

Figure 4.3: Flowchart of the control software implemented in LabView®.
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A sterile syringe (BD Plastipak™, Luer‐Lok™ Syringe) was employed to inject 3 mL of saline
through a balloon catheter (Drip SWAN® I88, Transfusion set). In order to avoid air bubbles into
the uterine cavity, the balloon catheter was inserted into the uterine cavity under saline, and
sutured, similar to a drain14, with a surgical knot tied tightly above the cervix of the ex‐vivo
uterus. Motion artefacts were avoided by holding the transvaginal probe with a US probe
holder during the acquisition. An acoustic absorber was positioned on the bottom of the
container for limiting US reflection and reverberation while imaging the ex‐vivo uterus.
Rhythmic uterine motion was induced with periodic (sinusoidal) inflation and deflation of the
uterine cavity. A period of 20 s (0.05 Hz), corresponding to an average contraction period2, was
set to generate one cycle of the rhythmic uterine motion. Finally, we operated the experimental
set‐up with synchronized US B‐mode recording. This way, realistic and controlled uterine
motion was generated while maintaining the original speckle characteristics of the uterus.
Figure 4.5 shows the complete set‐up (experimental set‐up and ex‐vivo uterus).

Figure 4.4: Example of one ex‐vivo uterus marked with two hypodermic needles.

4.2.2 Experimental set-up validation
The motion generated by the experimental set‐up was validated using six needle markers
inserted in the myometrial wall of three different ex‐vivo uteri. In particular, two needle
markers were inserted in each ex‐vivo uterus. One of the six needle marker was not visible on
the US image providing poor speckle contrast for tracking; therefore, only five needle markers
were automatically tracked over time by optical flow (OF) based on Lucas‐Kanade algorithm
with a neighbourhood size (number of equations) experimentally chosen equal to twice the
speckle size (1.724 × 1.724 mm2); this method was proven to be especially suitable for needle
tracking15. The motion of the needle markers was estimated along the lateral and axial direction
and the displacement (Euclidean distance) of each needle marker was then computed between
subsequent frames, resulting in an absolute motion. The absolute motion of each needle
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marker was then compared with the corresponding driving signal to establish the accuracy and
reproducibility of the controlled and rhythmic uterine motion generated by the proposed
experimental set‐up. The adopted objective metrics for the signal agreement are described
further on.

4.2.3 Use case of speckle tracking evaluation
The use of the proposed experimental set‐up was tested for optimization of 2D US speckle
tracking methods. Block matching by SAD cost function was employed in this study as use case
for uterine speckle tracking evaluation. Its evaluation and optimization was shown on one
human ex‐vivo uterus by means of the proposed experimental set‐up. For each US loop
acquired, twelve blocks were positioned around each marker (needles) in a way that shadowing
from the needles was avoided (Figure 4.6). The twelve surrounding blocks were simultaneously
tracked over time by the 2D speckle tracking method under evaluation. The markers, together
with the sinusoidal driving signal of the electromagnetic actuator, represent the reference for
assessing the speckle tracking accuracy. Prior to speckle tracking, each image in the acquired
loops was first pre‐processed to regularize the spatial resolution, here represented by the
speckle size. The convexity of the adopted transvaginal probe enhances the anisotropy and
depth dependency of the image resolution, complicating the block‐matching implementation.
Therefore, image regularization was obtained by Wiener deconvolution filtering after
performing an in‐vitro experiment as proposed by Kuenen et al.16. After regularization, the
resulting images presented an isotropic resolution with speckle size of 0.862 mm, calculated as
the full‐width half‐maximum of the autocorrelation function17. Being the adopted frame rate
(30 Hz) relatively high compared to the slow myometrial motion ≤ 2mm s−1 18, the US images
were up‐sampled in space (bilinear interpolation) by a factor of two to increase the tracking
resolution and to detect subpixel motion.

Figure 4.5: The complete set‐up (experimental set‐up and ex‐vivo uterus) inducing simulated rhythmic
uterine motion for validation of speckle tracking algorithm.
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Off‐line analysis of the collected grey‐level data consisted of performing a block‐matching
algorithm based on SAD to track the controlled uterine speckle motion. In order to determine
the search area needed for block matching analysis, each search area was adjusted to cover
the maximum displacement expected between two consecutive frames. The controlled uterine
speckle motion estimation was performed across subsequent frames with three different block
sizes. In particular, 0.431 × 0.431 mm2 (BSize1), 0.862 × 0.862 mm2 (BSize2), and 1.724 × 1.724
mm2 (BSize3) block sizes were used that correspond to half, once, and twice the speckle size,
respectively.

4.2.4 Objective metrics for signal agreement
In order to validate the experimental set‐up, the absolute motion of the needle markers was
compared with the driving signal. Correlation coefficient (𝑟) and mean square error (MSE) are
standard similarity metrics that can be used to evaluate the agreement between two signals.
Here, Hausdorff distance (𝐻 )19 is also adopted as an additional distance metric to evaluate the
similarity between the absolute motion of the needle markers and the driving signals. In
general, given two sets of points 𝐴
𝑎 , … , 𝑎 and 𝐵
𝑏 , … , 𝑏 , 𝐻 can be expressed as

𝐻 𝐴, 𝐵

max ℎ⃗ 𝐴, 𝐵 , ℎ⃗ 𝐵, 𝐴 ,

ℎ⃗ 𝐴, 𝐵

𝑚𝑎𝑥

(4. 1)

with
𝑚𝑖𝑛

‖𝑎

𝑏‖

(4. 2)

being the directed Hausdorff distance from 𝐴 to 𝐵. The Euclidean distance between each point
𝑎 in 𝐴 and all points 𝑏 in 𝐵 is first calculated and then the minimum is chosen. This procedure
is repeated for all points 𝑎 in 𝐴. ℎ⃗ 𝐴, 𝐵 is then defined as the maximum distance from 𝐴 to
𝐵. The distance ℎ⃗ 𝐴, 𝐵 is not symmetric, therefore, between the two directions, ℎ⃗ 𝐴, 𝐵 and
ℎ⃗ 𝐵, 𝐴 , the maximum is considered.
𝐻 is a measure of the spatial distance between two sets of points and it represents the
maximum deviation between two compared sets. 𝐻 is a representative index not only of the
distance of contours in absolute terms, but also of the shape of a sets. Here, the two sets of
points are represented by the motion of the driving signal and the absolute motion of the
needle markers.
Mean and standard deviation of the described objective metrics were then considered as an
indication of reproducibility of the generated motion and resulting measurements. Good
reproducibility is required to consider the generated motion of the needle markers as a
reference for assessing the quality of the employed block‐matching algorithms.
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These objective metrics are also adopted for the use case, in order to assess the performance

of the 2D speckle tracking algorithm for its ability to follow the (reference) motion of the two
needle markers. The estimated motion of the surrounding blocks was compared with the
motion of their respective needle markers. In particular, similarity analysis was performed
between the absolute motion of the two needle markers and the one of their surrounding
blocks. This way, twenty‐four values (twelve for the comparison between marker 1 and its
surrounding blocks, and twelve for the comparison between marker 2 and its surrounding
blocks) per each similarity measure were obtained. Mean and standard deviation of the 24
MSE, and 𝐻 values were then calculated.

a

b

Figure 4.6: Transvaginal ultrasound image of the ex‐vivo uterus. Example of blocks’ placement in the first
frame (a) before volume injection in the uterine cavity: two white blocks are placed on top of the two
hypodermic needles (marker 1 and 2) and two of their surrounding (orange) blocks are placed next to the
markers. The two markers are tracked over time by optical flow while the two orange blocks are tracked over
time by block‐matching. In (b) the position of the blocks and markers during speckle tracking is shown after
volume injection into the uterine cavity.

Figure 4.7: Example of comparison between the driving signal and the absolute motion of needle marker 1
and 2, represented in (a) and (b), respectively, during 4 cycles. In both graphs, the blue signal represents the
driving signal. The two signals are normalized and aligned in time.
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4.2.5 Statistical analysis
Statistical analysis was performed in order to compare the three block sizes adopted in the
tested SAD block‐matching algorithm. According to Shapiro‐Wilk test20, all data were not
Gaussian distributed (p < 0.05). Therefore, the three adopted block sizes were compared per
each adopted similarity measure, 𝑟, MSE, and 𝐻 by Kruskal‐Wallis test21 for establishing the
significance level (p value) of the mean values. Wilcoxon signed rank test22 was then performed
as multi‐comparison test between the three groups. For all the analyses, the confidence level
α was set at 0.05.

4.3

RESULTS

4.3.1 Experimental set-up validation
Figure 4.7 shows an example of comparison between the driving signal and the absolute motion
provided by the two needle markers inserted in one ex‐vivo uterus. Table 4.1 reports the
similarity results when comparing the absolute motion of the needle markers with the driving
signal, for validation of the experimental set‐up. The results are reported in terms of mean ±
standard deviation.

4.3.2 Use case
Figure 4.8 shows an example of absolute motion for marker 1 and 2 compared with that
estimated by tracking a surrounding block with SAD using BSize3. The values of the adopted
similarity measures for assessment of SAD tracking are plotted in Figure 4.9 in terms of mean ±
standard deviation. The values are obtained for the three adopted block sizes (BSize1, Bsize2
and BSize3) when comparing the markers with their surrounding blocks. These results are
obtained averaging the 24 values obtained from the similarity analysis between markers and
surrounding blocks for each block size.
Our statistical analysis on the MSE results reveal the separation between the three different
groups (BSize1 ‐ BSize2, BSize1 ‐ BSize3, and BSize2 ‐ BSize3) to be significant (p < 0.05), with
BSize3 showing the best performance.

4.4

DISCUSSION

Motion and strain analysis by US speckle tracking has recently gained attention for the
assessment of the uterine motion. However, the optimization of this technology is hampered
by the lack of a ground truth. The proposed experimental set‐up based on a human ex‐vivo
uteri is proven to be able to generate controlled and rhythmic uterine motion. The high
agreement reported in Table 4.1 and obtained by comparing the absolute motion of the needle
markers with the driving signal, shows the ability of the needle markers to follow the well‐
controlled and rhythmic uterine motion generated by our experimental set‐up. As a results, the
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motion of the needle markers can be considered as a reference for assessing the quality of
block‐matching algorithms. Since we are interested in the evaluation of motion in space, the
driving signal alone does not provide sufficient information for validation of speckle tracking
methods.

Figure 4.8: Example of comparison between the absolute motion of needle marker 1 and one of its
surrounding blocks (a). Example of comparison between the absolute motion of needle marker 2 and one
of its surrounding blocks (b). The two signals in both (a) and (b) start from the same position and they refer
to the blocks’ placement depicted in figure 6. Here, the surrounding blocks are tracked by SAD with BSize3
(twice the speckle size).

The developed experimental set‐up leads to motion limitations compared to real uterine
peristalsis (UP). UP is known as rhythmic wave‐like motion that propagates along the
myometrium in different directions for different phases of the natural menstrual cycle23. Our
set‐up is not able to generate a propagating wave that mimics such a real condition. However,
reproducing real UP goes beyond the objective of this study, which focuses on generating
controlled tissue motion maintaining the original uterine speckle characteristics for objective
evaluation of speckle tracking performance. For the provided use case, i.e. SAD block matching
with different block sizes, significant difference (p < 0.05) was revealed by the performed
Kruskal‐Wallis test only when MSE was employed as a similarity measure. Based on Wilcoxon
signed rank test, the performance of SAD tracking with the three adopted block sizes was
significantly different, revealing SAD tracking with BSize3 (1.724 × 1.724 mm2) to produce the
best performance. Also when a significant difference was not found, our results showed that
SAD tracking improved its performance with increased block size at the expense of worse
spatial resolution24. A possible explanation may be that SAD metrics are affected by time
variations of the signal mean and variance; a larger block contains more samples and those
variations are mitigated by the included larger statistics25,26.
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Figure 4.9: Similarity results: (a) Correlation coefficient (r) results for SAD cost function with the three
adopted block sizes (BSize1, BSize2 and BSize3). The results are reported in terms of mean ± standard
deviation; (b) MSE results for SAD cost function with the three adopted block sizes (BSize1, BSize2 and
BSize3). The results are reported in terms of mean ± standard deviation. The asterisk (*) indicates a significant
difference (p < 0.05); (c) 𝐻 results for SAD cost function with the three adopted block sizes (BSize1, BSize2
and BSize3). The results are reported in terms of mean ± standard deviation.

We only tested block sizes up to twice the speckle size because larger block sizes would be too
large compared to the myometrium size and the resulting spatial resolution would hamper the
analysis. In this study, our experimental set‐up was used and tested for evaluation of speckle
tracking techniques with B‐mode imaging data; however, performance evaluation on RF data
is also possible for more accurate estimate of displacement due to the available phase
information.
In this study, a simple sinusoidal wave was employed to approximate uterine motion. To this
end, a realistic frequency was selected based on the literature. However, different motion
patterns can also be generated with the proposed experimental set‐up; different motion can
be especially useful for testing and optimizing the tracking in different conditions. Moreover,
unhealthy uteri with pathologies such as adenomyosis or myomas could be employed.
Pathological uteri may be characterized by different speckle and the tissue motion may differ
with respect to healthy uterine tissue; therefore, by marking with needles both the pathological
and healthy tissue, it would be possible to assess differences in tissue strain reflecting different
mechanical properties of tissue. This way, we could understand the influence of pathological
uteri on uterine motion, enabling doctors and physicians to enrich their diagnostic information
and improve treatment.

Table 4.1: Similarity results. Comparison between the driving signal and the absolute motion of the five
needle markers. These results are reported in terms of mean ± standard deviation and they refer to the
signals normalized in amplitude and aligned in time.
Compared signals
Needle marker vs.
driving signal
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Correlation coefficient Mean squared error
(r)
(MSE)
0,909 ± 0,054

0,010 ± 0,009

Hausdorff distance
(Hd)
0,413 ± 0,250

Experimental set‐up for objective evaluation of uterine motion analysis…

4.5

CONCLUSION

An experimental set‐up based on a human ex‐vivo uterus is proposed for generating controlled
and rhythmic uterine tissue motion while maintaining the original speckle characteristics, thus
providing a reliable ground truth for objective evaluation of US speckle tracking techniques
aimed at quantitative analysis of uterine motion. The recorded US videos can therefore support
with the choice of optimal imaging settings for uterine motion and strain quantification in
clinical studies. To this end, by means of the developed experimental set‐up many other speckle
tracking algorithms, such as normalized cross‐correlation, mean square differences, and non‐
normalized correlation, can be tested and compared beyond SAD, employing different block
sizes.
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5
DEDICATED ULTRASOUND SPECKLE
TRACKING FOR QUANTITATIVE
ANALYSIS OF UTERINE MOTION
OUTSIDE PREGNANCY
Abstract: Fertility problems are nowadays being paralleled by important advances in assisted
reproductive technologies. Yet the success rate of these technologies remains low. There is evidence
that fertilization outcome is affected by uterine motion, but solutions for quantitative analysis of
uterine motion are lacking. This work proposes a dedicated method for uterine‐motion quantification
by B‐mode transvaginal ultrasound. Motion analysis is implemented by speckle tracking based on block
matching after speckle‐size regularization. Sum of absolute differences is the adopted matching
metrics. Prior to the analysis, dedicated Singular Value Decomposition (SVD) filtering is implemented
to enhance uterine motion over noise, clutter, and uncorrelated motion induced by neighbouring
organs and probe movements. SVD and block matching are first optimized by a dedicated ex‐vivo set‐
up. Robustness to noise and speckle decorrelation is improved by median filtering of the tracking
coordinates from surrounding blocks. Speckle tracking is further accelerated by a diamond search. The
method feasibility was tested in vivo with a longitudinal study on nine women, aimed at discriminating
between four selected phases of the menstrual cycle known to show different uterine behaviour. Each
woman was scanned in each phase for four minutes; four sites on the uterine fundus were tracked over
time to extract strain and distance signals along the longitudinal and transversal direction of the uterus.
Several features were extracted from these signals. Among these features, median frequency and
contraction frequency showed significant differences between active and quiet phases. These
promising results motivate towards an extended validation in the context of fertilization procedures.

From: F. Sammali, N. P. M. Kuijsters, Y. Huang,, C. Blank, C. Rabotti, B. C. Schoot, and M. Mischi,
“Dedicated ultrasound speckle tracking for quantitative analysis of uterine motion outside pregnancy”,
IEEE Transactions on Ultrasonics, Ferroelectrics, and Frequency Control 2018.
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5.1

INTRODUCTION

The non‐pregnant uterus manifests periodic contractile activity known as uterine peristalsis
(UP), which consists of rhythmic contractions of the subendometrial layer of the myometrium
(Figure 5.1). UP undergoes cyclic changes that vary throughout the different phases of the
menstrual cycle, such as menses (during menstruation) late follicular (LF), early luteal (EL), and
late luteal (LL) phases1–3. During menses, UP propagates from the fundus (the upper rounded
extremity of the uterus above the orifices of the fallopian tubes) to the cervical end of the
uterus (Figure 5.1), contributing to the forward emptying of the uterine contents. As
established throughout several studies1,4–6, during the EF phase the UP propagates from cervix
to fundus and its frequency increases until the LF phase, just prior to ovulation (pre‐ovulatory
phase). Here, the UP function is to transport sperm from the vagina to the orifices of the
fallopian tubes, where fertilization normally occurs. After ovulation, the frequency of the UP
decreases during the transition to the EL and LL phases, when convergent UP predominates.
During the LL phase, the uterus is expected to undergo a period of quiescence, facilitating
embryo nidation. Based on a possible physiological role of the UP to enhance the reproductive
processes, e.g., assistance to sperm transport to the fallopian tubes during follicular phase and
support to embryo nidation during luteal phase4, there is evidence that dysfunctions of the
uterine contractile activity may be involved in infertility problems7. Accurate assessment of
uterine motion outside pregnancy may therefore open up new possibilities for clinical studies
aimed at understanding the link between normal uterine contractility and pathological
conditions, such as subfertility and infertility, as well as at improving diagnosis and clinical
decision making. To this end, the introduction of a clinical tool for objective assessment of UP,
suitable for use in daily practice, would allow identifying patients with normal and abnormal
uterine contractility. Transvaginal ultrasound (TVUS) represents a valid, non‐invasive, and safe
option for the assessment of uterine motion as well as contraction timing, representing a
potential tool for assessment and management of couples referred for fertility treatment8. At
present, only qualitative evaluation of the uterine motion has been performed by visual
inspection of ultrasound (US) image sequences6. However, accurate interpretation of US image
sequences is rather challenging also for skilled and experienced sonographers9. The associated
operator‐dependency hampers the employment of TVUS for clinical studies, where the
characterization of uterine motion outside pregnancy is an essential aspect, especially in the
field of infertility.
Characterizing the uterine motion is rather complicated due to several technical and clinical challenges,
such as complex and irregular patterns, complex multilayer uterine structure and speckle distribution,
as well as limited and slow uterine motion compared to neighbouring organs. Against these challenges
and to overcome the operator‐dependency that hampers the employment of TVUS for clinical studies,
in this paper, we present the first dedicated approach for quantification of uterine motion and strain in
the non‐pregnant, human uterus by US motion tracking. US motion tracking is implemented by speckle
tracking after introducing several novelties.
Novel, dedicated Singular Value Decomposition (SVD) filtering is introduced to suppress signals that are
uncorrelated with the UP and that affect the speckle tracking performance. For singular value selection,
we introduce for the first time an energy ratio (ER) metric.
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Figure 5.1 Longitudinal view of the uterus during trans‐vaginal ultrasound. The white segment indicates the
myometrial wall; the green segment indicates the subendometrial layer, also known as junctional zone (inner
third of the myometrium); the orange segment indicates the endometrium. The upper rounded extremity
on the left of the figure represents the fundus while the extremity on the right represents the cervical end
(cervix).

After SVD filtering, speckle tracking is implemented for tracking over time a defined block. The
use of the grey‐level (demodulated) US loops10,11 is adopted to facilitate the clinical translation
of the method. The match between corresponding blocks in consecutive frames is determined
by similarity measures. Following up on our previous ex‐vivo work12, the minimum of sum‐of‐
absolute differences (SAD) is adopted as similarity metrics. The block‐matching is accelerated
by applying a novel diamond search (DS) strategy instead of the typical full‐grid search (FGS)
method; similar tracking accuracy is maintained with the benefit of a reduced computational
time.
Prior to SAD analysis, homogeneous and isotropic speckle size is obtained by a speckle
regularization procedure based on Wiener deconvolution filtering, as proposed by Kuenen et
al.13. Robustness to noise and speckle decorrelation is improved by applying a novel mean and
median filtering on the displacement of neighbouring blocks (matching coordinates).
In this study, the ER metrics and speckle tracking parameters were optimized for improving the
speckle tracking accuracy and performance, providing relevant uterine motion quantification
for various clinical applications, such as in the context of assisted reproduction technology. The
optimization was first carried out ex vivo, by means of the experimental set‐up proposed in
Sammalli et al.12 (chapter 6 of this thesis). In addition, the DS strategy was tested aiming at
reducing the computational time while preserving the tracking accuracy. The proposed method
reliability was further optimized and validated in vivo by choosing proper filtering for improving
the classification performance between the different phases of the menstrual cycle. To this
end, the proposed mean and median filtering were validated and compared.
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The method feasibility was tested on nine healthy women with a longitudinal study, aimed at
discriminating between four selected phases of the menstrual cycle known to show different
uterine behaviour. Each woman underwent four US scans during menses, LF, EL, and LL phases,
respectively. On the recorded loops, four sites were manually selected on the uterine fundus
and tracked over time for the measurement of strain and distance signals along the longitudinal
and transversal direction of the uterus. Finally, several frequency and amplitude features were
extracted from the measured signals and evaluated for their ability to distinguish between the
different phases of the menstrual cycle.

5.2

MATERIALS

5.2.1 Ultrasound data acquisition
This study was approved by the relevant ethical committee and each participant signed an
informed consent prior to the measurements. Nine women with no infertility problem were
included in this preliminary study. Before inclusion, the participants filled a questionnaire and
underwent a hormonal profiling screening to exclude the presence of infertility‐related
problems. US acquisitions were performed at the gynaecology department at the Catharina
Hospital Eindhoven (the Netherlands) both ex vivo, as described in 12, and in vivo.
In vivo, during standard recording sessions, 4‐min TVUS scans of the uterus were performed
while the subject was lying in a supine position and with the operator holding the probe steady.
Each woman was scanned four times, during each of the four selected phases of the menstrual
cycle: menses, LF, EL, and LL phase, suggested to evidence variations in the uterine contractility
pattern1. An ultrasound scanner WS80A (Samsung‐Medison) equipped with a transvaginal V5‐
9 probe was employed for all the in‐vivo acquisitions. 2D TVUS acquisitions were performed at
5.6 MHz central frequency and 30 frames/s, amply sufficient to meet Nyquist condition given
the limited bandwidth of the uterine movement4. The recorded B‐mode, grey‐level data were
then exported in AVI (Audio Video Interleave) format for off‐line analysis, implemented in
Matlab® (MathWorks, Natick, USA).

5.3

METHODS

5.3.1 Pre-processing
1)
Speckle regularization: The convexity of the adopted TVUS probe produces evident
anisotropy and depth dependency of the speckle size, affecting the block‐matching
performance. The speckle size was therefore regularized by applying a Wiener deconvolution
filter after performing a dedicated in‐vitro experiment as described by Kuenen et al.13. The
resulting homogeneous (depth independent) and isotropic resolution was calculated as the full‐
width half maximum of the autocorrelation function14. The speckle regularization was
performed on both the ex‐vivo and in‐vivo US image sequences.
2)
Singular Value Decomposition: SVD has recently emerged as a method for
spatiotemporal filtering in US image analysis15–17. In general, uterine US image sequences
comprise of slow uterine tissue motion along with fast motion elicited by surrounding organs,
respiratory motion, and stationary tissue clutter. Signals that are uncorrelated with uterine
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motion may affect the block‐matching performance, leading to incorrect estimates of uterine
motion. To overcome this problem, SVD was here introduced and optimized ex vivo prior to its
translation in vivo. In order to compute SVD, the US image sequences were rearranged into a
2D Casorati matrix representing a new spatiotemporal data representation (Figure 5.2).
The 2D Casorati matrix A was then decomposed into a set of spatiotemporal matrices (Figure
5.3) using and adjusting the optimized SVD algorithm proposed by Liu et al.18, especially
dedicated for large matrices. After SVD, a new spatial singular vector basis 𝑈 and a new
temporal singular vector basis 𝑉 were obtained as

𝐴

𝑈∆𝑉

𝜆 𝑈 𝑥, 𝑧

𝑉 𝑡

(5. 1)

where ∆ is a diagonal matrix with dimensions 𝑛
𝑛 , 𝑛 , 𝜆 are the sorted singular values in
∆ , 𝑈 and 𝑉 are orthonormal matrices with dimension 𝑛
𝑛 ,𝑛
𝑛 , and 𝑛 , 𝑛 ,
respectively, 𝑈 and 𝑉 are the ith columns of 𝑈 and 𝑉 , and 𝑉 indicates the transposed of 𝑉 .
𝑈 corresponds to a spatial variation of the singular vectors in 𝐴 , describing 2D image
sequences with dimension 𝑛 , 𝑛 , and each column in 𝑉 corresponds to a temporal variation
of the singular vectors in 𝐴 with length 𝑛 . Generally, stationary tissue and clutter are described
by the first singular values and vectors, where 𝑈 𝑥, 𝑧 and 𝑉 𝑡 are the most dominant. On
the contrary, high‐frequency noise and dynamics are described in the last singular values and
vectors17,19. Slow uterine motion is expected to be described by singular values and vectors that
are close to the first ones. An image sequence enhancing uterine motion can therefore be
reconstructed by selecting a proper range of singular values.

Figure 5.2: The uterine US image sequences are rearranged in one spatiotemporal representation (2D
Casorati matrix) where all pixels at each time point are arranged in each column.

3)
SVD filtering: In the literature, no method has been reported for the automatic selection
of singular values resulting in optimal image reconstruction for a given application. Here, we
propose an energy metrics to discard undesired singular values while retaining those singular
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values related to uterine motion. For each temporal signal 𝑉 𝑡 , two energies were obtained
by integration of the power spectrum over the entire frequency band [0‐15 Hz] and over the
interval 𝑓
𝑓 . The adopted energy metrics was then based on the following energy ratio (
ER ),

𝐸𝑅

∑
∑

|𝑋 𝑓 |
/

|𝑋 𝑓 |

(5. 2)

where, 𝑓 is the frame rate (sampling frequency), 𝑋 𝑓 represents the Fast Fourier transform
(FFT) of each 𝑉 𝑡 , and i indicates the number of the singular values. The frequency interval
𝑓 𝑓 in (5.2) is chosen to reflect the uterine motion bandwidth ex vivo and in vivo. As a
result, the ER represents the amount of uterine dynamics for each singular value compared to
the full signal. A range of subsequent singular values, from the first one to the last with ER larger
than a defined threshold, was therefore selected to enhance uterine motion in the US video
while suppressing undesired components. This range of subsequent singular values was then
determined and used for image reconstruction. The value of the ER threshold was optimized
ex vivo.

Figure 5.3: Uterine US image sequences are decomposed by SVD into a set of spatio‐temporal matrices, 𝑈
and 𝑉.
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5.3.2 Ultrasound uterine speckle tracking
Prior to speckle tracking, due to the limited range of uterine motion (expected displacement of
1‐2 pixels between consecutive frames), the US image sequences were up‐sampled in space
(bilinear interpolation) by a factor of 2 to achieve sub‐pixel motion estimation. The spatial up‐
sampling was performed on both the ex‐vivo and in‐vivo US image sequences achieving a pixel
size of 0.131 mm.
1)
Block matching: After pre‐processing, speckle tracking by block matching was first
performed by using a FGS method on the ex‐vivo US image sequences. In essence, block
matching consists of selecting a block in the reference frame and searching for the optimal
match in the subsequent frame within a predetermined search area. Following up on our
previous work12, the optimal match was determined by a block similarity measure, here
represented by the SAD. The block size was defined equal to twice the speckle size, as this
produced the best performance with our ex‐vivo data12. Because the SVD reconstruction can
influence the speckle size, this was estimated by analysis of the block autocorrelation function
on the SVD‐filtered image sequence. As a result, different US scans could result in different
speckle sizes.
For the FGS method, the search area was adjusted to cover the maximum displacement of the
block in the case of maximum uterine tissue velocity (2 mm/s20) which in our case (frame rate
= 30 Hz) corresponds to 0.46 mm. The adopted acquisition frame rate (30 Hz) is relatively high
compared to the slow myometrial motion 2 mm/s20. Therefore, temporal down‐sampling with
a frame interval t was also considered and optimized, at the cost of a larger search area.
2)
Diamond search: Traditional block matching uses the FGS method to find the best
matching position, evaluating the block similarity for every pixel inside the search area.
Although FGS has the highest accuracy among all the search methods, it also poses the highest
computational demand21. To overcome this problem while preserving similar tracking quality,
a DS strategy was considered for block matching after SVD filtering both ex vivo and in vivo.
Briefly, DS22 is based on predefined search patterns, i.e., large diamond search pattern (LDSP)
(Figure 5.4a) and small diamond search pattern (SDSP) (Figure 5.4b). LDSP includes the
evaluation among the central pixel and all surrounding pixels with a step size of 2 pixels, while
SDSP includes the central pixel and all surrounding pixels with a step size of 1 pixel. The
similarity to the block which is centred at the original position in the reference frame is first
evaluated for the positions within the LDSP. If the highest similarity is found at the central pixel,
SDSP is then applied. On the contrary, the pixel where the highest similarity is found will be
treated as the new central pixel. Under this new condition, LDSP is again applied until the
highest similarity is found in the centre. Once the search goes to SDSP, only few pixel positions
are evaluated and the best match is found at the position with the highest similarity. With its
unique search pattern, DS finds the best match evaluating only few pixel positions rather than
all pixels in the search area. Following this strategy, the computation effort is greatly reduced.
Moreover, the definition of a search area is no longer required.
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(a)

(b)

Figure 5.4: (a) Large diamond search pattern. (b) Small diamond search pattern.

3)
Mean and median filter: Especially in vivo, out‐of‐plane motion and small changes in the
interference pattern may cause speckle decorrelation, affecting the tracking accuracy by “peak
hopping” in the similarity metrics. Assuming the strain of neighbouring pixels to be comparable,
peak hopping can be reduced by shifting the block around the original central position. Here,
we introduced a new approach based on the mean and median of the displacements of the
neighbouring surrounding blocks; median filtering is in general more robust against outliers,
which can be severe when the search is not bound to a predetermined search area such as by
DS. Different from previous correlation filtering23, the proposed filters are suitable to be
integrated with a DS strategy.
In vivo, the two filters were integrated in the DS algorithm for finding the best block matching
estimated as the mean and median for a number of shifted blocks. Both filters were chosen of
size 3 pixels, i.e., only blocks shifted by 1 pixel in all directions (nine blocks in total) were
considered for calculating the mean or median displacement. The schematics of the
implemented SAD with mean and median filtering is shown in Figure 5.5.

5.4

OPTIMIZATION AND VALIDATION STRATEGY

In this study, several parameters were optimized for improving the speckle tracking accuracy
and performance, providing relevant uterine‐motion quantification for various clinical
applications, such as in the context of assisted reproduction technology. The optimization was
carried out through two procedures: ex vivo, making use of an ex‐vivo uterus undergoing
controlled movement and establishing a reference to optimize the SVD filter for enhancing the
signal generated by the moving uterine structures such that the tracking was closest to the
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reference. In particular the ER metrics was optimized for singular value selection. Along with
the SVD filter, also the frame interval ∆𝑡 was optimized to achieve the most accurate tracking.
Furthermore, the block matching search by DS was tested aiming at reducing the computational
time while preserving the tracking accuracy. The ER metrics and the frame interval ∆𝑡 were translated
in vivo and the method reliability was further optimized in vivo by choosing proper filtering for improving
the classification performance between the different phases of the menstrual cycle. To this end, novel
median and mean filters were applied on the displacement of neighbouring blocks to find the best
match.

Figure 5.5: Schematics of the implemented SAD with mean and median filter where MxM represents the
size of the block; i and j are the shift in pixels around the centre of the original block in x and y direction,
respectively; (q; p) represents the SAD displacement domain between two blocks at subsequent frames.

5.4.1 Ex-vivo optimization
1)
Ex‐vivo experimental set‐up: Controlled uterine motion was generated by a dedicated
experimental set‐up12. Briefly, an electromagnetic actuator generated a sinusoidal
displacement of a syringe piston, injecting saline through a balloon catheter inserted into the
uterine cavity of an ex‐vivo uterus removed by laparoscopic hysterectomy. This way, controlled,
rhythmic inflation and deflation of the uterine cavity was generated with a period of 20 s, while
maintaining the uterine speckle characteristics. Two needles were inserted in the myometrial
wall realizing clear markers as a reference for validation of the uterine motion tracking.
Based on 4‐min US recording of the moving ex‐vivo uterus, twelve blocks were positioned
around each marker (two needles), following the same measurement protocol as described in
chapter 612, and tracked over time after SVD filtering. The estimated motion of the total twenty‐
four blocks was compared with the reference motion of their respective needle markers,
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obtained by optical flow tracking on the original video. Two objective metrics, namely the
correlation coefficient 𝑟 and the mean squared error (MSE), were employed to assess the
tracking quality in terms of agreement with the reference needle motion. These quality
measures were therefore used for optimizing the parameters of the proposed method and
evaluating its tracking performance.
2)
Parameter optimization: The parameters to be optimized were the ER metrics for
singular‐value selection and the frame interval ∆𝑡 for speckle tracking. In particular, ER
thresholds from 0.4 to 0.8 were tested as well as ∆𝑡 from 3 to 17 frames with steps of 2 frames.
Based on the sinusoidal‐motion frequency (0.05 Hz) induced in the ex‐vivo uterus, a frequency
range of 0.05 ± 0.01 was chosen to calculate ER, resulting in a narrow frequency band [𝑓 = 0.04
‐ 𝑓 = 0.06 Hz]. For each parameter setting, the accuracy of the estimated uterine motion after
SVD filtering was evaluated with respect to our previous results reported in chapter 612.
3)
Full‐grid search vs. diamond search: A comparison between the performance of the two
search methods, FGS and DS, was performed on the US image sequences after ER metrics and
frame interval ∆𝑡 optimization. Objective metrics, such as r and MSE, were considered for their
comparison. Perfect match would indicate no difference between search algorithms in terms
of estimated uterine motion, preserving the same tracking accuracy and substantially
improving the time efficiency.

5.4.2 In-vivo validation
The ER metrics and frame interval ∆𝑡 after optimization ex vivo were translated and adjusted
in vivo. Prior to speckle tracking, the ER metrics was calculated according to Equation 2 in the
frequency interval [𝑓 = 0.008 ‐ 𝑓 = 0.066 Hz]; based on visual inspection, this frequency band
provides a good representation of uterine motion for all the identified phases4.
1)
US recording protocol: Validation in women aimed at testing the proposed speckle
tracking method for its ability to discriminate between the four selected phases of the
menstrual cycle, i.e. EF, LF, EL, and LL. As described in Section II, two 4‐min US loops were
acquired in nine healthy women during the four phases. Four sites were manually defined along
the myometrial wall in the fundus area which is the most contractile part of the uterus
according to the literature1. In this study we focused on the subendometrial layer of the
myometrium (Figure 5.6), being the muscle mostly involved in uterine peristalsis; therefore,
two sites were manually defined in the anterior (sites 1 and 2) and two in the posterior wall
(sites 3 and 4) of the subendometrial layer as shown in Figure 5.6. The spatial distance between
the sites along the longitudinal direction was kept on the order of the block size (twice the
speckle size).
The four sites were then tracked over time by the proposed speckle tracking method with the
frame interval ∆𝑡 optimized ex vivo and using the optimal image setting based on the ex‐vivo
experiment described in section III‐B. The block‐matching algorithm was accelerated by the DS
and the best match was obtained by applying mean and median filtering on the matching
coordinates.
2)
Distance and strain estimation: The four sites defined on the subendometrial layer were
coupled in pairs in order to estimate distance and strain longitudinally and transversally.
Longitudinally, sites 1‐2 and 3‐4 were coupled in pairs P1 and P2, respectively, while
transversally, sites 1‐3 and 2‐4 were coupled in pairs P3 and P4, respectively, as shown in
86

Dedicated ultrasound speckle tracking for quantitative analysis of uterine motion…

Figure 5.6. The distance 𝑑 and strain 𝜖 between each pair was then calculated. The
distance was defined as the Euclidean distance between each pair of sites in 2D space, resulting
in an absolute motion estimate. The strain, 𝜖, was defined as the relative variation of the
distance between the tracked sites as follows:

𝜖

𝑑 𝑖
𝑑 𝑖

𝑑 𝑖 1
1

(5.3)

with 𝑑 𝑖 and 𝑑 𝑖 1 being the distance between the tracked sites at the current frame 𝑖
and the previous frame 𝑖 1 , respectively. P1 and P2 measured the contraction in the
longitudinal direction of the uterus, P3 and P4 measured the contraction in the transversal
direction.
3)
Feature extraction: Since speckle tracking has never been performed for uterine motion
quantification outside pregnancy, there was no reference for the choice of motion features
that were able to discriminate between the phases of the uterine menstrual cycle. To this end,
our choice was to consider, as a starting point, amplitude‐ and frequency‐related features
already used during several studies on electrohysterography in pregnant24 and non‐pregnant
women25. Therefore, standard deviation (SD), mean frequency (MF), median frequency
(MDF), and unnormalized first statistical moment (UFM) were estimated. These specific
features were considered in this study in order to obtain a good understanding of the uterine
motion in the considered phases in terms of amplitude (described by the SD), frequency
(described by the MF and MDF), and energy (described by the UFM). In addition, the
contraction frequency, 𝑓 , was also estimated in terms of contractions per minutes.

Figure 5.6: US image of the uterus with overlaid markers indicating two couples of sites P1, P2 along the
longitudinal direction and two P3, P4 along the transversal direction. The four sites are tracked on the fundus
region of the uterus; in particular on the subendometrial layer.
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All features, with the exception of the contraction frequency, were extracted from the FFT of
the distance and strain signals; in particular, the SD was calculated applying Parseval’s theorem.
In order to improve their quality and strengthen their link with uterine motion, these features
were extracted in the frequency band [𝑓 = 0.008 ‐ 𝑓 = 0.066 Hz] as used for ER metrics
calculation. Estimation of 𝑓 was obtained by a zero‐crossing detector in time domain.

5.4.3 Statistical analysis
Statistical analysis was performed to identify significant differences between menses, LF, EL,
and LL phases based on the extracted distance and strain features. According to Shapiro‐Wilk
test26, all data were not Gaussian distributed (p < 0.05). Therefore, the four phases were
compared for each adopted feature by Kruskal‐Wallis test27 to establish the significance level
(p value) of the median differences. Dunn‐Sidak Post‐Hoc test28 was then performed as multi‐
comparison test between the four groups. For all the analyses, the confidence level was set at
0.05.

5.5

RESULTS

5.5.1 Ex-vivo optimization
Figure 5.7 shows the relation ER vs. singular values, derived from Equation 2 based on the ex‐
vivo experiment. The ER metric was optimized considering thresholds from 0.4 to 0.8 (namely
0.4, 0.5, 0.6, 0.7 and 0.8) highlighted in grey colour as shown in Figure 5.7. For each threshold,
singular values were selected consecutively resulting in a choice of eight subsequent singular
values.
After SVD filtering, the image sequences presented a speckle size of 1.03 mm2, calculated as
the full‐width halfmaximum of the autocorrelation function14. The block size for SAD was
determined as twice the new speckle size, resulting in 4.12 x 4.12 mm2.
Down‐sampling after SVD filtering revealed ∆𝑡 = 15 frames to produce the best tracking results
in terms of 𝑟 and MSE with respect to the reference markers. These results (𝑟 = 0.84 ± 0.15 and
MSE = 0.29 ± 0.24) improved those obtained in Sammali et al.12 without SVD filtering and down‐
sampling (𝑟 = 0.66 ± 0.38 and MSE = 0.34 ± 0.30).
Table 5.1 reports the agreement between the two search methods, FGS and DS. Only
insignificant differences were revealed by our performance measures 𝑟 and MSE, showing the
DS method to preserve similar tracking accuracy while improving the computational efficiency
by over 300%. Therefore, a DS was integrated and used in the block‐matching algorithm for
patient data analysis.
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Table 5.1 Comparison between full search and diamond search method after SVD filtering for 𝛥𝑡 = 15
frames. These results of the two adopted metrics, 𝑟 and MSE, are reported in terms of mean ± standard
deviation. Their performance difference is expressed in percentage.
Metrics

FGS

DS

Difference %

r

0,843 ± 0,154

0,841 ± 0,155

0,200 ± 0,006

MSE

0,298 ± 0,246

0,301 ± 0,244

1 ± 0,002

Figure 5.7: Ex‐vivo energy ratio (ER) calculated per each singular value according to (Equation 2) in the
frequency band [0.04 ‐ 0.06 Hz]. The range of the ER thresholds here tested is highlighted in grey.
Consecutive singular values are selected for each threshold resulting in the choice of eight singular values.

5.5.2 In-vivo validation
The parameters for SVD filtering and tracking optimized ex vivo were translated to the in‐vivo
analysis. An example of ER plot for each selected phase is shown in Figure 5.8. For the in‐vivo
analysis, we considered an ER threshold equal to 0.5, selecting only the singular values
representing over 50% of the total energy. The reconstructed US image sequences were based
on subsequent singular values in the range [1, 𝑛] above 0.5; moreover, the 2nd singular value,
which consistently reflected probe motion by the operator, was always discarded. The value of
𝑛 varied among patients and phases; in particular, the highest averaged value for 𝑛, 26.37 ±
4.59, was selected in the LF phases, following 25.88 ± 3.40 in the EL phases, 25.25 ± 4.33 in the
LL phases, and finally, 24.50 ± 7.34 in the menses phases.
The four sites manually selected on each US image for each woman and phase were tracked
over time with frame interval ∆𝑡 = 15 and applying median filtering. An example of the derived
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distance and strain signals relative to the LF phase of one the included woman are shown in
Figure 5.9. The features extracted from the measured distance and strain signals were used to
discriminate between the four selected phases of the menstrual cycle. Figure 5.10 shows the
box plots representing the statistical analysis of the data that provided significant difference
between different phases; in particular, the frequency‐related features, 𝑓 and MDF extracted
from the distance signal along the longitudinal direction provided significant difference
between LF and LL phase, and between menses and LF phase, respectively.

(a)

(b)

(c)

(d)

Figure 5.8: Example of energy ratio vs. singular values for the menses (a), LF (b), EL (c), and LL (d) phases in
one of the included patients. The energy ratio threshold employed in vivo is indicated with the black dashed
line.

5.6

DISCUSSION

The characterization of uterine motion outside pregnancy represents a relevant aspect in
natural as well as assisted reproduction. Uterine contractions play an important role for the
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success of conception9. Quantitative assessment of uterine motion outside pregnancy may
open up new possibilities for clinical studies aimed at understanding differences in uterine
tissue motion and strain reflecting different conditions and functions. Unfortunately, the lack
of a quantitative method hampers our understandings of uterine motion and contractility.
This study presents a dedicated approach for quantification of uterine motion and strain by US
speckle tracking. The performance of the proposed method is improved by SVD filtering,
discarding singular values that are uncorrelated with uterine motion. Median and mean filtering
are also introduced to improve the tracking robustness and accuracy of the method. Moreover,
a DS is evaluated to improve the computational time. The proposed method is first tested and
optimized ex vivo, by means of our recently developed experimental set‐up based on a human
ex‐vivo uterus, and then translated to in‐vivo patient‐data analysis.

Figure 5.9: Example of distance (a) and strain (b) signal calculated longitudinally from P1 in the LF phase of
one of the included woman using frame interval 𝛥𝑡 = 15 frames and median filtering.

Ex vivo, SVD filtering improves the performance of the speckle tracking technique by optimizing
the correlation and squared error with our ex‐vivo reference. This is the result of an
enhancement of uterine motion with respect to other components in the signal. SAD block
matching algorithm is accelerated by using a DS strategy reducing the computational time to
less than 1/3. Several ER thresholds were tested in combination with different frame intervals
∆𝑡 . Figure 5.7 shows a clear separation between singular values with high and low ER;
accordingly, a range of 8 subsequent singular values was selected to reconstruct the US video
loop. Generally, below the considered thresholds, singular values can be discarded. In this
specific case, discarding singular values below each threshold would have produced the
selection of a discontinuous sequence of singular values. Discontinuity in the choice of singular
values introduces image artefacts in the reconstructed US loop. Therefore, to overcome this
phenomenon, singular values were selected consecutively for each threshold resulting in a
choice of 8 subsequent singular values. The improved tracking according to the defined
objective metrics supports the proposed ER criterion for SVD filtering. However, alternative
options should also be tested and evaluated in future research. Besides the amplitude spectrum
of 𝑉 𝑡 , its phase components can also carry relevant information for singular value selection.
After optimization, the proposed dedicated approach outperformed the standard method used
in chapter 612, showing the best performance for ∆𝑡 = 15 frames. Use of a fast DS for block‐
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matching does not result in deterioration of the tracking quality, as confirmed by the
comparable performance with FGS obtained for 𝑟 and MSE metrics. Therefore, the DS method
was adopted for the in‐vivo block‐matching analysis in patients.
In vivo, uterine motion and strain were assessed along the transversal and longitudinal direction
by the tracking method optimized ex vivo. SVD filtering was applied in vivo with an ER threshold
of 0.5. This resulted in different singular values for the different phases, with the highest
number in the LF phase and the lowest in the menses phase. Although 0.5 seems a reasonable
threshold, confirmed by our ex‐vivo results, future research with a larger dataset should
evaluate the effect of different thresholds on the ability to provide accurate assessment of
uterine motion.
Based on our ex‐vivo results, the adopted frame interval, ∆𝑡, was 15 frames. However, smaller
∆𝑡 can also be considered in future studies in order to account for a possibly larger bandwidth
compared to that resulting from the sinusoidal motion in the ex‐vivo set‐up.

Figure 5.10: Box plots describing the statistical results for 𝑓 (a) and MDF (b) features extracted from the
distance signal along the longitudinal direction. The middle red line represents the median of the analysed
data while the red crosses (+) represent the outliers. The asterisk (*) indicates a significant difference (p <
0.05).

On the measured strain and distance signals, a number of features were extracted to test the
ability to distinguish between the menses, LF, EL, and LL phase, where the uterus seems to
behave differently, ranging from an active to a quiet state. Our statistical analysis reveals a
significant difference (p < 0.05) between menses and LF phase, when the MDF is extracted from
the distance signal in the longitudinal direction, and between LF and LL phase, when 𝑓 is
extracted from the distance signal in the longitudinal direction. These significant results are
obtained when median filtering is included in the block‐matching algorithm together with the
DS. Differently from standard FGS, the DS is not constrained in a predefined search area and
the presence of outliers can be sever. Median filtering mitigates the effect of outliers more
efficiently than mean filtering, which is especially relevant in combination with a DS without
predefined search area.
The number of contractions per minute, 𝑓 , extracted from the distance signal in the
longitudinal direction, reveals the LF phase to be the most active phase (1.57 ± 0.27), following
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the EL (1.20 ± 0.31), menses (1.38 ± 0.40) and LL (1.05 ± 0.34) phase. The resulting trend is in
line with the literature4, showing the LF and LL phase as the most active and the most quiet,
respectively. Instead, the average number of detected contractions is different than that
reported in the literature, with an underestimation in the LF and EL phases and an
overestimation in the menses and LL phases. In the literature, 𝑓 is merely based on visual
inspection, making no distinction between the different layers of the myometrium muscle and
counting a global number of contractions. In this study, we focussed specifically on the
subendometrial layer, where the tracking was performed. During the LL phase, the results in
Bulletti et al.4 suggest the 𝑓 to be equal to 0.8 ± 0.3 contractions/min, while we detected 1.05
± 0.34 contractions/min. Being the most quiet phase, a possible reason might reside in the low
amplitude of LL contractions, which are too small to be visualized and may lead to miss‐
counting by visual inspection.
The MDF extracted from the distance signal in the longitudinal direction revealed the most
active phase to be the LF phase, confirming the literature4; differently, the most quiet phase
was represented by the menses phase. A possible explanation may relate to the special
behaviour of menses contractions, when the uterine muscle manifests labour‐like activity
alternated to quiescent periods of inactivity4,29–31; all the activity concerns mainly the outer
two‐third layer of the myometrium while the inner one‐third or subendometrial layer, the
region investigated in this study, remains mostly quiet32. During the other phases, LF, EL, and
LL, a wavelike, peristaltic activity of the uterine muscle is reported30,33.
Interesting results to elucidate on the spatial distribution of the uterine activity have also been
obtained by electrohysterography (EHG)34, revealing higher uterine activity during the menses
phase. Being more sensitive to the outer layers of the myometrium muscle, this EHG study
suggests a higher activity of these layers during the menses phase. Combined with our US
results (MDF feature) from the subendometrial layer, these EHG results seem to confirm the
different activity of inner and outer myometrial layers during this phase.
The finding obtained by the MDF features is also confirmed by the number of selected singular
values based on the ER metrics. The singular values refer to the temporal dynamics of the
temporal‐variation signal 𝑉 𝑡 ; during the LF phase, the uterus seems to show more activity
and more singular values are selected for representing that particular uterine state; on the
contrary, during menses fewer singular values are selected for representing the quiet state. As
a result, data from different women and phases are processed with different SVD filters,
retaining a different number of singular values.
SVD filtering could affect the spatiotemporal representation of the signals influencing the
speckle size; based on our results, we can observe that less singular values results in larger
speckle size, which decreases as more singular values are used to reconstruct the image.
Eventually, the speckle size converges to the original one, when all singular values are retained.
Obviously, the speckle size can become smaller than the original one when the first singular
values are excluded, enhancing higher frequency components that are mostly related to noise.
Dedicated work to identify the relationship between the number of singular values selected
and the speckle size should be carried out in the future.
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The frequency band used in this study was based on the contraction frequencies obtained by
Bulletti et al.4 for each phase by visual inspection. Based on our results, future studies should
investigate different frequency bands, also depending on the tracked myometrial layers. In fact,
based on the introduction of novel quantitative tools, the general terminology referring to
uterine activity should be made more specific, referring to spectral and amplitude features in
relation to local motion and strain, also accounting for their spatial distribution. The presented
work represents a first preliminary step in this direction, showing already the ability to
distinguish between different phases in the menstrual cycle. The clinical translation of the
proposed method requires however more extensive validation and optimization in vivo,
possibly also in the context of fertilization procedures. This can also spur additional insight
expanding our knowledge on UP and its role in conception and fertilization.

5.7

CONCLUSIONS

Characterizing the uterine motion outside pregnancy is rather complicated due to several
technical and clinical challenges, such as complex and irregular patterns, complex multilayer
uterine structure and speckle distribution, as well as limited and slow motion of the uterus
compared to neighbouring organs. Against these challenging aspects, a dedicated speckle‐
tracking approach based SAD block matching is proposed for quantification of uterine motion.
The method is accelerated by DS and improved by SVD and median filtering.
The proposed method was first optimized ex vivo by a dedicated experimental set‐up and then
successfully validated in vivo on nine healthy women. The obtained promising results suggest
SVD filtering to produce effective enhancement of the uterine motion. Block‐matching by SAD
including DS and median filtering provided accurate estimation of motion and strain in the
longitudinal direction; especially the frequency related motion features, MDF and 𝑓 , showed
significant differences between menses and LF phase as well as between LF and LL phase.
These promising results motivate towards future work aiming at quantifying and characterizing
uterine contractions outside pregnancy. Further extensive validation is required to optimize the
method with a larger dataset, as well as to assess its clinical value in the context of fertilization
procedures.
Several innovative solutions proposed in this study, such as ER‐based SVD filtering, median
filtering, and DS, could also be adjusted and reused in different clinical applications. Moreover,
despite our choice for grey‐level video loops, facilitating the clinical translation of the method,
application to US RF (radio frequency) signals can also be envisaged to improve the method
accuracy.
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6
BLIND SOURCE SEPARATION FOR
CLUTTER AND NOISE SUPPRESSION IN
ULTRASOUND IMAGING: CRITICAL
REVIEW
Abstract: Blind Source Separation (BSS) refers to a number of signal processing techniques that
decompose a signal into several “source” signals. In recent years, BSS is increasingly employed for the
suppression of clutter and noise in ultrasonic imaging. In particular, its ability to separate sources based
on measures of independence rather than their temporal or spatial frequency content, makes BSS a
powerful filtering tool for data in which the desired and undesired signals overlap in the spectral domain.
The purpose of this work was to critically review existing BSS methods and their potential in ultrasound
imaging. Furthermore, we tested and compared the effectiveness of these techniques in the field of
ultrasound super‐resolution, contrast quantification, and speckle tracking. For all applications, this was
done in silico, in vitro, and in vivo. We found that the critical step in BSS filtering is the identification of
components containing the desired signal and we highlighted the value of a priori domain knowledge to
define effective criteria for signal component selection.

From: R. R. Wildeboer, F. Sammali, R.J.G. van Sloun, Y. Huang, P. Chen, M. Bruce, C. Rabotti, S. Shulepov,
G. Salomon, B.C. Schoot, H. Wijkstra, and M. Mischi. “Blind Source Separation for Clutter and Noise
Suppression in Ultrasound Imaging: Critical Review for Different Applications”. Submitted to IEEE
Transactions on Ultrasonics, Ferroelectrics, and Frequency Control, 2019.
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6.1

INTRODUCTION

In recent years, increasingly advanced algorithms have been developed to analyse ultrasonic
(US) acquisitions; from the generation of super‐resolution images revealing vascular structures
beyond the diffraction limit1,2 to the distinct extraction of time‐intensity curves in the cardiac
system or well‐perfused organs3,4 up to dedicated speckle‐tracking algorithms to estimate
strain5,6 in e.g. the heart, arteries, and uterus. The gravity of data preprocessing should not be
overlooked when appreciating the impressive results obtained by these methods. Especially in
clinical application, US data are often obscured by prevalent clutter sources, artefacts can arise
due to patient or operator motion, and noise levels may well exceed those in laboratory
conditions. Therefore, robust filtering is needed to separate the desired signal(s) from the
undesired signals prior to further analysis.
Traditionally, clutter and noise suppression in US recordings is performed with temporal
filters (e.g., for clutter removal7) and spatial filters (e.g., for de‐speckling8,9). Infinite and finite
impulse response filters (IIR, FIR) as well as regression filters have been widely applied for this
purpose.7,10–12 These filters rely on the assumption that the temporal or spatial frequency
content of clutter, noise, and the signal of interest are distinctly different. This assumption is
not always valid; there is thus a real risk of losing useful information or failing to remove signals
that affect the performance of the algorithms used for e.g. super‐resolution and speckle
tracking.
In this respect, blind source separation (BSS) techniques have been receiving more and more
attention. Unlike the aforementioned filters, BSS techniques decompose data into underlying
“sources”, or components. Components corresponding to clutter or noise sources are
subsequently discarded. Especially in blood flow imaging10,12–14 and, more recently, ultrasound
super‐resolution imaging,15–17 BSS is increasingly applied. The identification of the clutter and
signal components has been intensively studied. Although thresholds might be heuristically or
empirically established, signal content can vary from application to application, between
different acquisitions, or even within the same acquisition over time. Many authors therefore
coin the need for generalisable, adaptive filtering.10,13
The purpose of this work was to critically review, evaluate, and compare several existing BSS
methods as well as a wide range of (recently proposed as well as novel) adaptive criteria for
clutter and noise suppression in US imaging. To this end, we tailored the BSS filtering to three
fields of interest: (A) super‐resolution by US localisation microscopy; (B) contrast‐enhanced US
quantification by time‐intensity curve analysis, and (C) US speckle tracking. As BSS in Doppler
imaging has been most studied, we refer to some excellent papers on this subject for a treatise
on effective BSS implementation in blood flow imaging.10,12–14
Albeit the three included applications are ultrasound‐based, very different features in the US
videos are regarded as undesired. For example, whereas speckles are considered noise in
contrast ultrasound, they are essential to speckle tracking. However, as these application fields
are very broad, we only refer to the key articles of each applica‐tion and focus more in‐depth
on the implementation of adaptive BSS filtering. This way, we provide the reader with
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guidelines for custom BSS filter design in ultrasound imaging.
This chapter is organised as follows. In Section 6.2, the theoretical framework of BSS is
introduced and discussed. Section 6.3 elaborates on the use of BSS for the adaptive filtering of
ultrasound data. Together these sections provide a general framework for the different
strategies and implementations of dedicated US filtering that will be discussed and tested for
the three different US applications. This is described in Section 6.4. Finally, the results are
discussed in Section 6.5 and conclusions are drawn in Section 6.6.

6.2
6.2.1

THEORETICAL FRAMEWORK
SEPARATION METHODS

AND

(BLIND)

SOURCE

Fundamentals of (blind) source separation

Irrespective of the US imaging technique used, relevant information is to some extent distorted
or obscured by undesired signals.18–20 In this work, we strive to specifically separate the desired
signal from noise (i.e., random distortions of the signal; e.g., electronic noise), clutter (i.e.,
undesired, deterministic sources from the measurement space; e.g., tissue movement and
multiplicative (speckle) noise), and artefacts (i.e., signal distortions caused by the operator,
patient, or external structures; e.g., motion artefacts and shadowing).
As we are interested in dynamic US acquisitions throughout this paper, we will refer to our
observed signal using the Casorati matrix X of size Ns × Nt, with all our spatial dimensions
condensed in the rows (i.e., Ns = Nx · Ny) and our temporal dimension distributed over the
columns. X will be a mix of all above‐mentioned sources. For BSS, we assume this mixing process
occurs through linear combination,
X = X signal + X noise + X clutter + X artefact .

(6.1)

When filtering, we aim to maximise our signal‐to‐noise ratio (SNR) by removing the undesired
sources mixed into our observed image X. This procedure is often based on signal
decomposition or basis transformation, that is, the mapping of the signal onto new bases that
will enable discrimination and identification of the sources that make up the signal. When
appropriate bases are found, a filtered output image is readily generated by transforming only
a (weighted) subset of distinct signal components back to the image space.
Traditionally, a priori knowledge of the signal and undesired sources is used to determine the
basis onto which X will be projected. A widely used example of such a strategy is frequency
filtering, where the sampled signals are transformed to the frequency domain through Discrete
Fourier Transformation (DFT). When the spectral characteristics of the desired signal or,
alternatively, of the undesired signals (e.g., high‐frequency noise or interference by the power
mains) are known, a filtered image can be reconstructed by disregarding specific frequency
components. Spatial filters (e.g., smoothing) work essentially in a similar fashion, filtering out
undesired spatial frequencies. In many applications, however, desired and undesired signals
may be present in the same (spatial) frequency bands, rendering the DFT strategy
insufficient.7,10,12,21 The same holds for other non‐blind transformations, such as the discrete
wavelet transformation often used in de‐speckling strategies.8
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Another approach would be to determine the basis transformation adaptively, that is,
depending on the signal statistics themselves. As we do not need prior information on the
sources underlying our observations or how the mixture is formed, we refer to this strategy as
blind source separation (BSS).19,22 Filtering is then a three‐step process, consisting of (1) finding
the bases that provide the best separation of sources; (2) identifying the components that
should subsequently be (partially) removed from the signal; (3) mapping the remaining signal
back to its original domain.21 In this section, the first and last step will be discussed; the second
step will be treated in Section 6.3.

6.2.2

Discrete Fourier analysis

DFT is perhaps the most common form of non‐blind source separation, where X is decomposed
into several frequency bands (in this case, these are the “sources”). In matrix form, the inverse
DFT reads
- 1
X T = WDFT
YT ,

(6.2)

where Y is a complex Ns × Nt matrix containing the magnitude and phase of every frequency
component in each pixel and WDFT is the Nt × Nt DFT matrix,23

.

(6.3)

No information is lost during the procedure and the image can be fully restored through its
inverse transformation. We refer to this as lossless. For comparison with BSS methods, we show
that the representation of an individual frequency component k can be isolated through
multiplication of the kth column of matrix Y and the kth column of the inverse DFT matrix,
1
T
X Tk = w D- FT
,k y k .

6.2.3

(6.4)

Singular value decomposition

As said, in contrast to DFT where the bases are defined a priori, BSS infers them from the signal
itself. One of the most frequently used BSS techniques is singular value decomposition (SVD), a
generalisation of eigendecomposition that decomposes any matrix X as24
T

X = UΣV .

(6.5)

Here, U is an Ns × Ns unitary matrix (i.e., orthogonal for real‐valued inputs), Σ is a Ns × Nt
pseudo‐diagonal matrix containing the singular values σ as diagonal elements, conventionally
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in descending order, and V is an Nt × Nt unitary matrix. The columns in V can be viewed to
contain the singular vectors carrying the temporal information cor‐responding to spatial
information in the column vectors of U. Accordingly, we have separated k = min(Ns,Nt) sources
that can be retrieved through

X k = σkuk vTk .

(6.6)

Statistically, we have now decomposed our data into orthogonal subspaces. The vectors uk in
U and vk in V correspond to the eigenvalues of the autocovariance matrix of X,25 and therefore
intrinsically provide a basis with maximum covariance. In fact, according to the Eckart‐Young
theorem,26 a partial SVD provides the lowest rank approximation of X of all low‐rank matrices
and therefore, by definition, equals or outperforms DFT in effectively decomposing X.10,27. This
can be related to the minimisation of the nuclear norm, that is, the l1‐norm of its eigenvalues.
Although Σ is unique, its singular vectors are not.
Furthermore, whereas SVD and DFT (see Equation 6.2) both create an orthonormal temporal
basis (i.e., WDFT and VT respectively), the spatial vectors in Y are not by definition orthogonal as
is UΣ. Interestingly, Demené et al. showed that for their US data the high singular vectors were
associated with low‐frequency and low singular vectors with high‐frequency temporal signals.10
This is a consequence of the small (tissue‐related) movements being more spatiotemporally
coherent in blood flow imaging rather than a general rule, however, similar behaviour can be
observed in many ultrasonic applications. On the other hand, for example, Sammali et al. found
the frequency of periodic uterine contractions (and its harmonics) in the first few singular
components as these make up the most dominant spatiotemporally coherent signals.28

6.2.4

Principal component analysis

SVD methods are often presented in the framework of principal component analysis (PCA), a
widely used method for dimensionality reduction, decomposing an image into a new
orthogonal representation that retains maximum covariance. There are several ways to
perform PCA,29 but the simplest might be an eigendecomposition of the autocovariance matrix,
C = ( X - X )T ( X - X ) .

(6.7)

In this work, we will refer to PCA only if the orthogonal axes are also maximally decorrelated.
When each column in X is centred (i.e., has a mean of zero) and standardised (i.e., has a
standard deviation of 1), the autocovariance matrix translates into the autocorrelation matrix.
As such, PCA is also referred to as the Karhunen‐Loève transform.11,30 Decorrelation can now
be performed through eigendecomposition of the (square and symmetric) autocorrelation
matrix,
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T

T

R= X X = VΛV

,

(6.8)

where, similar to SVD, Λ contains the eigenvalues λ in descending order along the diagonal
and the matrix V contains the temporal eigenvectors as columns, that is, the principal
components. In fact, SVD can be exploited to perform PCA without having to perform
eigendecomposition. Since V and U are unitary matrices,
T

T T

T

2 T

R = X X = VΣ U UΣV = VΣ V

.

(6.9)

Accordingly, the eigenvalues of the autocorrelation matrix are related to the singular values
through
λ k = σ k2 .

(6.10)

Following Equation 6.5, the spatial distribution of the principal components can be retrieved
through U = XVΣ‐1. Therefore, after centerisation and standardisation, one can perform ordinary
SVD and retrieve the individual principal components through Equation 6.6. Subsequently,
these components form the original image when multiplied with the former standard
deviations and added to the mean that was retracted previously.

6.2.5

Independent component analysis

In the thus far described BSS techniques, the desired and undesired signals are assumed to
principally end up in distinct subspaces. Independence between the components is promoted
by requiring them to be orthogonal and of maximum autocovariance. However, orthogonality
does not necessarily indicate that the components are mutually independent and orthogonal
axes might therefore not fully separate the different sources.11
As opposed to eigendecomposition‐related techniques, independent component analyses
(ICA) decompose signals by assuming linear independence between the sources mixed into the
observed signal.31 Often, ICA techniques iteratively maximise the non‐Gaussianity of Nn
sources. This originates from the underlying concept that, as the Central Limit Theorem states
that the sum of independent random variables grows towards a Gaussian distribution,
independent sources can be identified by their deviation from this Gaussianty.
There is a wide range of possible cost functions ensuring non‐Gausianity, of which kurtosis,
(neg)entropy and mutual information are most employed.32,33 The kurtosis is easily
implementable but often more sensitive to outliers. Negentropy, on the other hand, is a more
robust and statistically elegant estimator of non‐Gaussianity, but computationally difficult to
implement as it depends on e.g. sample counting or kernel‐density estimation.32 Therefore the
negentropy is often approximated rather than fully calculated. For both cost functions, the data
needs to be centred and standardised prior to analysis. Often the data are also whitened,34 so
that signal components are uncorrelated like in PCA and the ICA problem is simplified. For
uncorrelated, unit‐variance data, the negentropy and mutual information differ only by a
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constant.32
For ICA with Nn sources, it is assumed that components in an Nn × Ns source matrix S are
linearly mixed into the observed signal by an Nt × Nn mixing matrix WICA following
X T = WICA S + N T ,

(6.11)

where N is the residual noise matrix, resulting from ICA not being lossless. In this formulation,
the temporal independence between the bases vectors is promoted; likewise, a transposed
Casorati matrix formulation of the ICA procedure would yield spatial independence.35 Choosing
the number of independent sources Nn is not a trivial problem; it might be determined in an
iterative fashion,36 by data‐reduction through e.g. SVD prior to analysis,35 or using information
theoretic criteria (see Section 6.3.1).37
Once the number of sources is established, the unknown matrices WICA and S can be
approximated for instance using the often used fastICA fixed‐point iteration algorithm
proposed by Hyvärinen.38 Other methods include the Joint Approximate Diagonalisation
Eigenmatrices (JADE)39,40 and Information‐Maximisation (InfoMax) algo‐rithms.41 Finally, in line
with the other methods, also ICA allows the extraction of individual components by
multiplication of the kth column of matrix WICA and the kth row of matrix S,

X Tk = w ICA,k s k .

(6.12)

The order of the independent sources in S depends on the initialisation of the iterative
procedure. However, the sources can readily be arranged in descending order of the discrete‐
time signal energy (i.e., Ek = sTksk), provided that the corresponding columns in WICA all have the
same energy.32 In contrast to PCA and SVD, the ICA‐decomposed subspaces are not necessarily
orthogonal.
When the desired and undesired sources are indeed independent, ICA generally achieves
more accurate separation.42 This is likely the case for additive noise and some distinct sources
of clutter and artefacts. However, some other noise sources can be very much interdependent
with the desired signal: for example multiplicative noise or the relation between blood flow and
wall motion.11 Moreover, though WICA is assumed stationary in this ICA approach, the mixing
may be considerably time variant (i.e., nonstationary).43

6.2.6

Nonnegative matrix factorisation

Another BSS approach is nonnegative matrix factorisation (NMF). This method does not impose
independence, orthogonality or maximum covariance, but aims to decompose the
observations X into a nonnegative Ns × Nn basis matrix WNMF and an Nt × Nn nonnegative
encoding matrix H given a certain cost function,44,45
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Table 6.1: Details of (blind) source separation methods for ultrasonic application.
Method

Name

DFT

Discrete Fourier
Transform

Blindness Preprocessing

Cost function

Properties

Invertibility

a priori

-

-

orthogonal

lossless

SVD

Singular Value
Decomposition

blind

-

autocovariance

orthogonal

lossless

PCA

Principal
Component
Analysis

blind

centred /
standardised

autocorrelation

orthogonal

lossless

ICA

Independent
Component
Analysis

blind

centred /
standardised

kurtosis

-

lossy

NMF

Nonnegative
Matrix
Factorisation

blind

-

root-meansquare residual

-

lossy

X = WNMFH + N

.

(6.13)

Because also NMF is lossy, Equation 6.13 contains a residual noise matrix N. Similar to the
other methods, individual components can be retrieved by multiplication of the kth column and
kth row of WNMF and H:
X k = w NM F,k hk .

(6.14)

An advantage of NMF is that the nonnegativity constraint leads to more physically intuitive
bases than, for instance, ICA and PCA.44 Even though ultrasound images can‐not contain
negative values, the bases found by the latter two methods usually have abundant negative
values that cancel out when linearly combined to form the original image. In contrast, being
nonnegative by definition, the NMF‐bases in WNMF generally have more physical
correspondence to the sources underlying X.45

6.3

ADAPTIVE FILTERING

Now we turn to examining how BSS filtering strategies (as summarised in Table 6.1) can be
tailored to an ultrasonic application. An essential step is the identification of the signal
components. There are three approaches to select the appropriate subset of desired
components: empirically per acquisition or applicatione.g. 16,46–51 experimentally optimised per
acquisition,e.g. 10,17 or adaptively based on the characteristics of the components.e.g. 12–14,21,28,52–
55

For the first two methods, respectively, a specific subset of components is defined manually
or by experimentally maximising specific quality measures such as the contrast‐to‐noise ratio
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Figure 6.1: Schematic representation of a BSS filtering strategy for super‐resolution imaging, depicting
(1) the original data, (2) SVD, (3) component selection, (4) linear combination of the remaining
components, and (5) the filtered data. Component selection might be based on (a) the distribution of
the singular vectors, (b) the spectral content of the temporal singular vectors, (c) the autocorrelation
within the spatial singular vectors, or (d) a sparsity model of the spatial components.

(CNR). The adaptive approach is generally more robust and generalisable, since it does not rely
on qualitative assessment of decomposition characteristics, which may differ considerably
across acquisitions. Several adaptive criteria for component selection have been proposed in
recent years. Traditionally, information theoretic criteria have been used for dimensionality
reduction and thus for pruning the noise components from the signal. As these criteria are not
able to identify the undesired but deterministic clutter signals, also approaches based on e.g.

each component's spectral content, spatial similarity, eigen‐ or singular value distribution
have been considered (see Figure 6.1 for a schematic representation of the filtering paradigm
and Table 6.2 for an overview of approaches).

6.3.1

Information theory

An advantage of information theoretic criteria for component selection is in that they do not
rely on user‐set thresholds; we consider only the components that are theoretically necessary
to carry the information of our image and, consequently, regard the other components as
noise. The optimal number of components arises as a trade‐off between an as large as possible
descriptive power (i.e., high log‐likelihood) and an as low as possible model complexity (i.e., low
number of components). There are several ways to weight this trade‐off, of which the Minimum
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Description Length (MDL)56 and Akaike's Information Criterion (AIC)57 are the most common,
that is,37,58

EMDL(k) = - L(k) +

1
2

(k(2Nk - k))log(Nt ) ,

(6.15)

EAIC(k ) = - 2L(k ) + 2(k(2Nk - k )) ,

(6.16)

where Nk is the number of components and L(k) is the log‐likelihood function. For SVD and
PCA, Wax and Kailath58 formulated a description of the log‐likelihood based on the eigenvalues,


 Nk  1/( Nk k) 


L(k)  log  ik1 i N
k


1
i 


 Nk  k ik1 

( Nk  k) Nt

.

(6.17)

To apply information theoretic filtering, we include only the first k components, where k
minimises either EMDL(k) or EAIC(k), a method that has been proven useful for subspace selection
in e.g. contrast‐ultrasound velocity imaging.59 For ICA and NMF, on the other hand, the number
of sources (i.e., components) is predefined. It has been proposed to use the MDL and AIC
criteria to determine the number of (independent) sources that have to be assumed for the
best description of the data.37

6.3.2

Noise modelling

Instead of selecting the components that contain signal, we could also identify those that
contain noise. Again, for ICA and NMF, the number of sources should be chosen such that noise‐
containing components are avoided. For SVD and PCA, however, a majority of the components
will predominately consist of noise. As described by Marčenko and Pastur,60 a random matrix
will have a set of eigenvalues that log‐linearly decreases in value. This fact can be exploited by
identifying the component number after which the eigenvalues start decreasing linearly in the
log‐domain.14
In a more pragmatic implementation of this principle, Yu and Lovstakken21 describe noise
removal from Doppler acquisitions by excluding components with an eigenvalue that is too
similar to the previous one (λk/λk—1 ≈ 1). Alternatively, one could also exclude those
components of which the eigenvalues only explain the remaining amount of variance (i.e.,
restricting the cumulative percentage variance, CPV),13,52 or those of which the eigenvalue is
below the average eigenvalue.52 Finally, examining the spatiotemporal entropy of each
component, one can appreciate that signal and noise components usually occupy a low‐entropy
and a high‐entropy domain, respectively. Gaussian noise exhibits maximum entropy.61
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6.3.3

Signal energy

Unfortunately, the two aforementioned approaches are only designed to separate (white)
noise from deterministic signals. To remove clutter signals from a recording, we should take a
closer look at our component characteristics. In fact, closely related to the previous approach,
one could assume that clutter, signal, and noise differ in their contribution to the signal energy.
In flow imaging, for example, the strongest signals are usually associated with clutter and the
lowest with noise.10,13,47
For ICA and NMF, each component's signal energy could be considered. In SVD and PCA, the
removal of the strongest components is easiest by examining the eigenvalues and (partially)
rejecting those above a certain cut‐off (λk > λc).12,21 Another approach is to examine the slope
of the singular value distribution and defining different regimes that are associated with clutter,
signal, and noise.13 Here, the “turning points” in the singular curve defined by local minima in
the curvature radius mark the transition between regimes.

6.3.4 Spectral content
Another way to separate clutter and noise from the desired signal, is by investigating each
component's spectral content. This can be done by requiring the selected components to have
at least a certain fraction of their spectral density within a pre‐set frequency band. This
approach differs from the DFT approach in that not all frequency components outside the
desired band are filtered out, but only those that are not in some way related to the desired
sources.

Table 6.2: Filtering approaches for BSS component selection.
Domain
Knowledge*

Method

Criterion

Empirical

Arbitrary Subset of
Components16,46–48,50,51

Experimental

Maximum CNR10,17,62

Information
Theory

●

TIC
Modelling

N/A

-

-

-

Akaike's Information
Criterion

N/A

-

-

-

Marčenko-Pastur Noise14

N/A

-

-

-

Singular Curve Slope21

[σk+1/σk]c

>0.99

>0.99

>0.99

Var(Xk)c

>99/9%

>90%

>20%

●
●

Cumulative Percent
Variance13

●

Average Eigenvalue

52

N/A

-

-

-

●

N/A

-

-

-

Singular Value
Magnitude12,21,55

σc; λc

1

~1010;107

-

Relative Singular
Magnitude13

σc [dB]

>-20 dB

Singular Curve Turning
Point13

N/A

-

●

Spatiotemporal Entropy

Component
Energy

Speckle
Tracking

Minimum Description
Length

●

Noise Modelling

Superresolution

●

●

●

>-55 dB (h)
>-100 dB (u)
-

>-20 dB
-

107

Chapter 6

Spectral Power
Density13,21,28

fc

>10 Hz

Spatial
Coherence

2D Autocorrelation

2D
FWHMradiusc

<0.13-mm

Spatial Frequency
Spectrum

ξc

>3.3 mm-1

Spatial Similarity
Matrix13,53,54

N/A

-

-

-

Goodness-of-fit

model; єc

sparsity

periodicity

LDRW

Model Fitting
●

0.5-1.5 Hz (h)

Spectral Content

0.04-0.06 Hz
(u)
>0.21-mm (h)
>0.25-mm (u)
<0.1 mm-1 (h)
<0.5 mm-1 (u)

<0.15 Hz

>0.5-mm

<0.75 mm-1

= SVD, PCA only; *[●]c = cut-off value; h = heart; u = uterus.

For example, Sammali et al. determined a band of singular components for speckle tracking
of uterine motion, based on the component's spectral energy within the clinically relevant
bandwidth of uterine contractions,28 and Yu and Lovstakken reported on removing components
with a mean Doppler value in a certain clutter frequency band.21 Alternatively, Wu et al.
enhanced motion artefacts prior to motion compensation by iteratively determining the
weights for every PCA component so that the full‐image energy content within a predefined
frequency band was maximised with respect to the total.63

6.3.5

Spatial coherence

In a similar approach, one could look at the spatial content of each component. As all spatial
dimensions are condensed in the Casorati matrix, the spatial image of each component first
has to be reconstructed. Subsequently, for example, the spatial frequencies present in each
spatial vector reflect the size of the structures that are visualised and could therefore be used
to select smaller‐scale structures such as individual bubbles in super‐resolution imaging. 2D
spatial autocorrelation quantified by e.g. the 2D full width half maximum may represent a more
robust measure for spatial coherence; white noise would have the shape of a delta function,
whereas highly coherent effects such as shadowing might have a very broad profile.
Alternatively, there has been looked at the spatial similarity between the different spatial
singular vectors.13,53,54 Specific blocks of high spatial similarity were found to be related to
clutter, signal, and noise, and the boundaries of the signal block were adaptively estimated.

6.3.6

Model fitting

Finally, one could also only select those components of which the temporal or spatial vectors
have expected shapes. For instance, when filtering out the bolus dynamics from a contrast
video, only the components that have a bolus‐like shape are usable. Analogously, super‐
resolution components should exhibit sparsity and for speckle tracking in cardiac or uterine
movies a certain degree of periodicity can be assumed. Components with a significantly
different behaviour are likely to contain clutter or noise. It should be noted however that, in
particular for SVD and PCA, only the combination of certain components might make up a
meaningful source signal.
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6.4

APPLICATION OF BSS FILTERING IN ULTRASOUND IMAGING

To evaluate the described adaptive BSS framework, we applied this type of filtering in three
different US applications: (A) US localisation microscopy, (B) time‐intensity curve modelling,
and (C) US speckle tracking. Since for each application different source signals are considered
desired and undesired, we briefly introduce each application and its dedicated BSS filtering. To
compare the results to nonfiltered or conventionally filtered data, we also introduce an
objective performance measure for verification both in silico and in vitro. Finally, we also apply
BSS filtering to an in‐vivo example of each application. For reference, the adopted application‐
specific thresholds are listed in Table 6.2.

6.4.1

Ultrasound localisation microscopy

Super‐resolution microvascular imaging by ultrasound localisation microscopy (ULM) is a
relatively recent development within the field of US, primarily inspired by advances in optical
super‐resolution.64 It exploits the known backscattering nature of ultrasound contrast agents
(UCAs), which are microbubbles with a size comparable to blood vessels, to track and visualise
their position with a higher precision than the resolution of the imaging system.2 This way,
super‐resolved images can be generated that reveal vascular structures beyond the diffraction
limit.
Accurate, uncorrupted detection of isolated UCA signals is vital to this technique. Its fidelity
is therefore largely affected by noise, clutter, and movement. Even if contrast‐specific imaging
is used,65 signals arising from tissue are still present. To cope with this problem, SVD‐filtering is
already widely applied for this purpose, aimed at removing the spatiotemporally highly
coherent clutter components below a certain singular value cut‐off that is pre‐set,15,16,48 or
adaptively determined to optimise tissue‐vessel contrast.14,17 However, there might still be
(higher‐singular‐order) components that only carry noise.13,14 Isolation of the UCA signals is
therefore often two‐fold: (1) separation of microbubbles and tissue and (2) removal of
electronic and speckle noise.
In our BSS framework, we therefore assess a combination of component selection methods.
First, for the lossless methods only, we remove the noise using information theoretic criteria
or noise modelling. Subsequently, we examine either the spatiotemporal spectral content,
spatial coherence, energy, or sparsity of each component. As the tissue moves slowly compared
to blood and is spatially much more coherent,10,13,47 we favour high‐frequency and spatially
low‐coherent components. Component sparsity is quantified by the normalised kurtosis of the
spatial vector
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4
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,

(6.18)

( QK2 )2
k1

with Q being the quantisation levels and n the number of elements.66 Moreover, two “turning
points” have to be identified to separate the three regimes.
In this work, we implemented a basic US localisation microscopy approach. Single UCA
centroids were localised in the beamformed image assuming a Gaussian‐shaped point spread
function, similar to Errico et al.1 BSS was applied to the RF data for all methods except NMF, as
the nonnegative nature of backscatter intensity can only be exploited after envelope detection.
Subsequently, the super‐resolution performance was quantified by the localisation F1‐score,
which reads
F1 =

2TL
,
2TL + 2FL + ML

(6.19)

in which, for each pixel, TL accounts for a true, FL for a false, and ML for a missed localisation.
The F1‐score is hence a reflection of the trade‐off between wrong and missed localisations.

6.4.1.1 In-silico verification
Ultrasonic imaging of microbubbles travelling through a (micro)vascular network was simulated
by propagating 26 microbubbles with random backscatter coefficients along digitally generated
trajectories at ~2 mm/s (comparable to 5th generation microvasculature),67 in a similar
approach as Van Sloun et al.15 Subsequently, we mimicked the tissue signal by adding 500
scatterers of random backscatter intensities that were on average 1/3 lower than that of the
microbubbles. These tissue scatterers moved together following a random walk at a speed of
approximately 0.2 mm/s. Image formation was then simulated through the 7 MHz‐modulated
point spread function (PSF): a 2D Gaussian with standard deviation 0.14‐mm and 0.16‐mm in
axial and lateral direction, respectively. The simulation resulted in a 2‐s contrast‐enhanced US
(CEUS) video, with a pixel spacing of 0.03×0.03 mm and a frame rate of 400 Hz.
We found that especially the SVD‐based approach in combination with spectral, turning‐point,
and sparsity‐based criteria yielded the best F1 scores of 0.76, 0.73, and 0.72, respectively. A
spectral threshold of f > 10Hz (roughly resembling the PSF travelling at 2 mm/s) and a sparsity
threshold of κ4 > 8 (corresponding roughly to half the κ4 of 13 PSFs in an empty measurement
domain) were adopted. For comparison, the nonfiltered and DFT‐filtered image yielded scores
of 0.19 and 0.50, respectively. Although the noise threshold did not significantly affect the
performance, appropriate thresholds allowed substantial reduction in the number of
components to be included. ICA and NMF had difficulty in representing the sparse source
signals, but could identify the clutter. Subsequently, subtracting the clutter sources from the
original video led to an appreciable F1‐score of 0.76. We refer to Figure 6.2‐1 for an illustration
of the filtering performance.

110

Blind source separation for clutter and noise suppression in ultrasound imaging…

Figure 6.2: (1) In‐silico verification of BSS for super‐resolution imaging, depicting maximum intensity projections and super‐resolution
images overlaying the artificial vascular phantom. (2) Super‐resolution image of a phantom with two diagonal vessels, compared with a
photographic ground truth. (3) Super‐resolution image of a rat's spinal vasculature after SVD‐spectrally‐filtered data preprocessing.

6.4.1.2 In-vitro verification
We evaluated both spectral and sparsity‐based BSS filtering on an in‐vitro phantom consisting
of two 300‐μm channels crossing each other in a slab of polyacrylamide. The phantom was
infused with a 1/500 dilution of ~1 mL SonoVue® UCA (Bracco, Milan, Italy) and imaged with a
Vantage ultrasound system (Verasonics, Seattle, WA), equipped with a 3.5‐MHz L11‐4V probe,
at a frame rate of 100 Hz, a resolution of 5 mm, and a reconstructed pixel spacing of 0.15×0.15
mm. In Figure 6.2‐2, it can be appreciated how the filtering effectively removes the background
clutter. Using a photograph of the phantom as reference, an F1‐score of 0.67, 0.71, and 0.72
was maintained for the spectral, turning‐point, and sparsity‐criteria in the in‐vitro situation. In
contrast to the simulations, the choice of noise criterion was more critical to ensure a high
super‐resolution performance. Especially the noise modelling strategies (i.e., Marčenko‐Pastur)
proved useful, the information theoretic criteria being too strict due to the dominance of
clutter. The ICA approach failed to remove the clutter.

6.4.1.3 In-vivo verification
To assess the performance of the BSS techniques in vivo, we filtered a high frame‐rate CEUS
acquisition of a rat spinal cord. For this, a Sprague‐Dawley rat (Harlan Labs, Indianapolis, IN,
USA) was imaged at the University of Washington.68 The study was approved by the
Institutional Animal Care and Use Committee and all appropriate guidelines were followed. The
spinal cord was exposed by laminectomy. After tail‐vein infusion of 0.15 mL of Definity®
(Lantheus, N. Billerica, MA), 400‐Hz CEUS was performed with the Vantage scanner (Verasonics,
Seattle, WA) equipped with a 15‐MHz transducer. A power‐modulation scheme was adopted
for contrast enhancement.69 The video consists of 720 frames and has a pixel spacing of
0.03×0.03 mm; the super‐resolved image has a 10‐μm pixel spacing.
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The spectral and sparsity threshold were adjusted to f > 50 Hz and a sparsity threshold of κ4
> 25 to fit the in‐vivo acquisition. In absence of a ground truth, we can only qualitatively
compare the images (see Figure 6.3‐3). Whereas the sparsity‐based and turning‐point
approaches could not remove all artefacts, the spectral approach was robust for in‐vivo use.

6.4.2

Contrast-ultrasound time-intensity curve analysis

The intravascular nature of UCAs does not only allow CEUS imaging to visualise vascularity, but
it can also be used for quantification of blood flow and perfusion. Over the years, several
methods have been developed to extract meaningful features from the evolution of contrast
intensity over time, referred to as time‐intensity curves (TICs).70 For example, extracted
parameters were shown to correlate with tumour presence or progression (after treatment) in
e.g. liver, thyroid, breast, kidney, and prostate.71,72 In addition, CEUS quantification has been
shown useful to estimate e.g. pulmonary blood volume.73,74 Quantification of CEUS can be
performed either using a bolus injection4 or a continuous infusion combined with a disruption‐
replenishment technique.75
In the remainder of this section, we will focus on filtering CEUS videos for lesion localisation
in the prostate using a bolus injection. However, the implementation can readily be
extrapolated to perfusion quantification in other organs. More specifically, BSS was employed
to retrieve the TIC wash‐in time (WIT), a heuristic parameter often used to assess tissue
perfusion.70 The performance was quantified by both the coefficient of determination (R2)
reflecting the goodness‐of‐fit of the TIC by the physics‐driven local density random walk (LDRW)
model4,76 and the relative error in the WIT estimation (ΔWIT) at each pixel. As the influx of UCAs
is the dominant signal in these CEUS videos, all single‐threshold techniques were implemented
such that the high‐frequency, low‐coherence, and noise‐containing components are removed.

6.4.2.1 In-silico verification
2D CEUS imaging of the prostate was simulated using a ~4×4‐cm 2D phantom image containing
two lesions. For each pixel (~0.5 mm, reflecting the resolution of a iU22 commercial scanner
(Philips, Bothell, USA) at ~4 cm)77 TICs were simulated using the LDRW model and parameters
typically encountered in malignant lesions (i.e., κ = 1±0.1 s‐1 and 2±0.1 s‐1; μ = 25±1 s and
15±0.1 s) and benign tissue (i.e., κ = 0.5±0.1 s‐1; μ = 30±0.1 s).76 The resulting videos were
subsequently degraded by multiplicative noise, a scanner‐specific point spread function
modelled by a Gaussian spatial smoothing filter (σx = 1 mm), a sinusoidal 1‐mm motion artefact
resembling a breathing frequency of 0.2 Hz,78 random‐walk displacement representing manual
probe handling, and Gaussian‐distributed electronic noise (SNR of ~4 dB compared to mean
signal).
All BSS methods and component selection criteria were evaluated for this simulation. In
general, the relevant TIC dynamics were captured in the first few components of each BSS
technique (see Figure 6.3‐1). Although many selection criteria yielded a similar performance,
spectral thresholding of PCA and ICA were generally superior in terms of median goodness‐of‐
fit (both R2 > 0.99), and error in parameter estimation, ΔWIT = 5% and 5.1%, respectively. The
unfiltered, 0.15‐Hz DFT, and 0.5‐mm spatially smoothed images yielded performances of R2 =
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Figure 6.3: (1) First four component vectors after SVD and ICA of an in‐silico transrectal CEUS video of the
prostate with two, early‐enhancing regions. (2) TIC modelling results of the contrast bolus infused into a
sponge phantom, with and without a deliberate artefact. (3) Unfiltered and SVD‐spectrally‐filtered in‐vivo
CEUS video with the corresponding R2 and WIT maps; a prostate cancer lesion was found at the location
of the arrow.

0.14, 0.94, and 0.71 and ΔWIT = 12.2%, 12.1%, and 5.5%, respectively.

6.4.2.2 In-vitro verification
In‐vitro testing comprised a sponge encapsulated in gelatin that was perfused with a bolus of
1‐mL SonoVue® (Bracco, Milan, Italy) UCA dilution in 10~mL saline and imaged in contrast‐mode
with the Vantage ultrasound system (Verasonics, Seattle, WA), using a 3.5‐MHz L11‐4V
transducer, at a frame rate of 50 Hz and pixel spacing of 0.18×0.18 mm. Recordings were
performed with the probe fixed to the set‐up, with the probe subjected to controlled motion,
and with the probe undergoing irregular hand‐held movements. After filtering, the TICs were
measured at each pixel, linearised, and fitted by the LDRW model. The unfiltered and 0.5‐mm
spatially smoothed data could be fitted with an R2 of 0.17 and 0.66 in the fixed scenario, and
0.14 and 0.44 in the worst‐case scenario, respectively. Both spectrally filtered PCA and ICA were
able to generate data with R2‐scores of 0.87 and 0.83 in the fixed, and 0.54 and 0.62 in the
worst‐case scenario. The WIT estimates were similar over all methods.

6.4.2.3 In-vivo verification
In a prospective 48‐patient trial at the Martini Clinic (University Hospital, Hamburg‐Eppendorf,
Germany), patients with biopsy‐proven prostate cancer underwent three CEUS recordings with
an Aixplorer® ultrasound scanner (SuperSonic Imagine, Aix‐en‐Provence, France) equipped with
a 3.2‐MHz SE12‐3 probe at a frame rate of 27 Hz. After radical prostatectomy, prostate
histopathology was matched to the CEUS images by assigning benign and malignant regions of
interest. By extracting the pixelwise WIT in those regions, we evaluated this metric's diagnostic
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potential in terms of the area under the Receiver Operating Characteristics curve (ROC‐AUC).
By appending the preprocessing with a spectral‐threshold‐based SVD, we found an
improvement in tumour classification compared to the conventionally filtered recordings,
increasing the ROC‐AUC from 0.66 to 0.68 for prostate cancer. The goodness‐of‐fit (R2)
improved only slightly from 0.68±0.07 to 0.69±0.12, but we observed a substantial decrease in
the number of TICs that could not be fitted by the LDRW model (from 23% to 14%). Hence, the
use of BSS substantially improved the parametric maps, also increasing the classification
performance. Figure 6.3‐3 shows an example of filtered images.

6.4.3

Ultrasound speckle tracking

US speckle tracking imaging allows quantitative evaluation of global and regional tissue motion.
A speckle is commonly defined as a typical spatial distribution of greylevel values in US B‐mode
images caused by constructive and destructive interference of reflections from individual tissue
scatterers, forming a unique and deterministic pattern. Speckle tracking techniques track the
speckle pattern during subsequent frames allowing for motion and strain imaging analysis.
Speckle tracking by US imaging is an active field of research that has already been translated
into several applications; in particular, for cardiovascular79 and muscular80 investigations,
vector Doppler imaging,81–83 and, recently, for the assessment of uterine motion outside
pregnancy.28
US loops recorded e.g. in the heart, skeletal muscle, and uterus comprise slow and fast tissue
movement, respiratory motion, stationary tissue clutter, shadowing, and other artefacts. For
this work, we studied the effect of BSS filtering prior to US speckle tracking in an in‐silico cardiac
image sequence, an ex‐vivo uterine motion acquisition, and an in‐vivo uterine recording. Similar
to TIC modelling, the desired signal is generally the most prominent signal in this application
and thus the first few BSS components were selected for the single‐threshold methods.
Furthermore, as we apply speckle tracking to periodic movements, we adopted periodicity as
an additional criterion for component selection. For this criterion, we compute the normalised
temporal autocorrelation of each component and only include those with a sufficiently high
autocorrelation peak (i.e., >0.6) aside from the one at zero‐lag.
To objectively assess the tracking quality in terms of agreement with the reference motion
before and after BSS filtering, the Pearson correlation coefficient (Pearson r) and Mean Squared
Error (MSE) were employed as metrics.

6.4.3.1 In-silico verification
To study the effect of BSS filtering on speckle tracking echocardiography, a synthetic 2D cardiac
US acquisition was simulated and tracked over several cardiac cycles. The video was generated
using a 3D finite‐element model of the human living heart that follows cardiac excitation and
contraction based on a two‐field finite‐element formulation of coupled electrical and
mechanical fields.84 The finite‐element nodes moving with the mechanical deformation of the
heart served as US scatterers. A 2D four‐chamber view by a phased‐array transducer was
created by 3D modelling 161 scan lines positioned every 0.6° in a coronal plane. For each line,
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Figure 6.4: (1) 3D finite‐element model of a human heart and the corresponding 2D US simulation that was
SVD‐spectrally‐ and CPV‐filtered prior to speckle tracking. (2) Experimental set‐up inducing controlled,
rhythmic motion during 2D US imaging of an ex‐vivo uterus; the blocks’ position during deflation and
inflation used for speckle tracking are indicated in the unfiltered uterine images. (3) Unfiltered and SVD‐
spectrally‐filtered US uterine video used for the comparison of motion tracking along the (a) longitudinal
and (b) transversal direction.

all scatterer contributions were simulated by a convolution between the scatterer location and
the location‐dependent PSF. This PSF was approximated by assuming a Fraunhofer pressure
field modulated by a four‐cycle 2.5‐MHz cosine function in the propagation direction. In order
to reduce the side lobes of the rectangular transducer, Hamming apodisation was adopted.85
Prior to generating a 54‐Hz multicycle US heart video through demodulation of the scanlines,
clutter and Gaussian noise were introduced in the RF data. A resulting 2D US image of the heart
is shown in Figure 6.4‐1.
On the 2D US synthetic heart image, speckles associated with tissue deformation of the left
ventricle (LV) can be identified and tracked by calculating frame to frame changes. Out‐of‐plane
motion occurs due to rotation and motion of the heart into the chest cavity, and may cause the
disappearance of the speckles over a few frames.86 In this work, a pyramidal Lucas‐Kanade
optical flow method was implemented for the tracking, as this method provides sufficient
tracking accuracy for large and fast motion.87 Two blocks were manually selected in the LV wall
(Figure 6.4‐1) and tracked over time during three cardiac cycles of the video, both before and
after BSS filtering. The estimated motion of the tracked blocks, calculated as the absolute
motion (i.e., Euclidean distance from the initial position), was compared with the absolute
motion of the corresponding scatterer in the 3D finite‐element model.
All BSS methods and component selection criteria were evaluated for this in‐silico verification
(Figure 6.4‐1). Only four selection criteria yielded an improved performance compared to
unfiltered US image sequences. Among these four criteria, the CPV of SVD‐filtered data
revealed to be generally superior in terms of correlation coefficient (Pearson r = 0.71±0.07)
while [0.5 Hz – 0.15 Hz]‐spectral thresholding of the SVD was superior in terms of MSE (MSE =
0.00048±0.00032 mm2). Speckle tracking on the unfiltered US image sequences yielded
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performances of Pearson r = 0.64±0.06 and MSE = 0.13±0.11 mm2, respectively.

6.4.3.2 In-vitro verification
The use of BSS filtering in speckle tracking in vitro and in vivo is evaluated in US imaging of the
uterus. Similar to the heart, uterine US loops not only capture the uterine motion (i.e., uterine
peristalsis), but also fast motion of neighbouring organs, respiration, and probe motion. First,
all BSS methods and component selection criteria were evaluated in an ex‐vivo human uterus,
removed by laparoscopic hysterectomy, undergoing controlled and rhythmic motion to
establish a reference for the assessment of speckle tracking performance. The US acquisitions
were performed at the Catharina Hospital (Eindhoven, The Netherlands). The patient signed an
informed consent; all the acquired US postsurgical loops were exempt from relevant ethical
committee approval.
The controlled motion was generated by a dedicated experimental set‐up described by
Sammali et al.;88 a sinusoidal displacement of a syringe piston was generated by an
electromagnetic actuator injecting saline water through a balloon catheter inserted into the
uterine cavity. Rhythmic inflation and deflation of the uterine cavity was generated with a
period of 20 s corresponding to a frequency of 0.05 Hz, representing the averages during the
most active phase of the menstrual cycle.89 Reference for the uterine motion was realised by
inserting two needles in the myometrial wall.
Four‐minute US recording were performed immediately after surgical removal of the uterus
with an US scanner WS80A (Samsung Medison, Seoul, South Korea) equipped with a
transvaginal V5‐9 probe imaging at 5.6‐MHz central frequency. The employed frame rate was
30 Hz, amply sufficient to meet the Nyquist condition given the limited bandwidth of the
uterine motion.90 A block‐matching speckle tracking technique was applied based on 12 blocks
that were manually positioned around each needle marker, as described by Sammali et al.88
In general, the relevant uterine dynamics were captured in the first few components of each
BSS technique. Many selection criteria yielded comparable speckle tracking performances in
terms of Pearson r between the average of the 12 blocks and the needle marker, but spectral
thresholding of SVD performed best both in Pearson r (0.84±0.15) and MSE (0.29±0.24 mm2),
outperforming speckle tracking of the unfiltered data (Pearson r = 0.66±0.38; MSE = 0.34±0.30
mm2). As uterine dynamics are slower than the heart contractions, a frequency interval fc =
[0.04 Hz – 0.06 Hz] was used.

6.4.3.3 In-vivo verification
For the ethical‐committee‐approved study described by Sammali et al.28, several healthy
women underwent four‐minute US recordings during four selected phases of the natural
menstrual cycle, suggested to indicate variations in uterine contractility.91 The US scanner and
settings were the same as in the in‐vitro acquisitions and four blocks were manually defined
along the myometrial wall in the fundus area, which is considered to be the most contractile
part of the uterus. These four sites were then tracked over time by a dedicated US speckle
tracking algorithm28 and the Euclidean distances between longitudinal and transversal pairs, as
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shown in Figure 6.4‐3, served as a measure of absolute motion.
For this work, we evaluated spectral thresholding of SVD adjusting the frequency interval to
fc = [0.008 Hz – 0.066 Hz] to cover the entire motion range of the different menstrual cycle
phases. We extracted the median frequency (MF) form both filtered and unfiltered distance
signal as representative of uterine motion frequency for the given example in Figure 6.4‐3. The
filtered signal presented MF = 0.0360 Hz while the unfiltered signal yielded MF = 0.0176 Hz,
indicating that the BBS‐filtering produces better estimates when values reported in the
literature for the specific menstrual phase are considered as ground truth (0.035‐0.055 Hz).90
Indeed, as can be appreciated in Figure 6.4‐3, larger uterine motions can be tracked, which may
lead to a more robust estimate of the MF.

6.5

DISCUSSION

In this work, we reviewed and compared several BSS approaches for noise and clutter
suppression in US recordings. As the nature of a desired signal differs among applications, it is
important to tailor a filtering approach to the acquisition at hand using specific domain
knowledge. Furthermore, although the decompositions comprising BSS are intrinsically
adaptive, the retrieval of the signal subspace is often performed manually. Adaptive strategies
to identify the components that make up the desired signal are far from established; therefore,
we also focussed on several adaptive criteria for component (i.e., “source”) rejection. After all,
even though it is possible that the qualitatively best‐looking images are formed using a heuristic
or empirical rather than an adaptive approach, especially when optimising CNR, such a strategy
has limited generalisability and reproducibility. Clutter source dominance as well as noise levels
can substantially change from acquisition to acquisition. Whereas Demené et al. found that the
cut‐off value is not critical,10 we have observed substantial differences in the applications
investigated. A similar experience is reported by Baranger et al.13
For the discussed applications, well‐tailored BSS filtering outperformed the more traditional
filtering techniques. The reason for this is that BSS exploits the statistical independence or
orthogonality of the image “sources”; therefore, it is less affected by overlap of clutter and
noise in the spatial or temporal (frequency) domain. Over all US applications considered, SVD
in combination with spectral thresholding performed best. This way, effectively, also the known
temporal characteristics of the desired sources were exploited; non‐noise high‐frequency
components revealed UCA signals in ULM, the low‐frequency components harboured the TIC
information, and a well‐chosen frequency passband allowed for the separation of cardiac and
uterine motion from uncorrelated sources and noise contamination in US speckle tracking. Of
all BSS techniques examined, SVD best isolated the temporal components for this purpose.
Furthermore, whereas ICA and NMF show benefit for TIC modelling, they under‐perform for
super‐resolution. This is the result of the linear mixing matrix not being able to represent a
source translation over time. We believe that for blood flow imaging, where clutter is abundant
but blood vessels are less sparsely infused, also ICA and NMF could be considered. Also in US
speckle tracking, NMF underperformed compared to the other BSS methods, possibly because
periodic motion is best approximated by allowing negative values. This effect can be
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appreciated within the first few components of the in‐silico TIC modelling validation, where the
simulated breathing frequency is clearly visible.
A drawback of BSS techniques is in that they generally require substantially more
computational power and time compared to conventional filters, in particular when dealing
with the vast amount of data obtained in ultrafast imaging and long‐running acquisitions. As all
spatial dimensions are collected as rows in the Casorati matrix, filtering can easily extended to
volumetric videos. In fact, as discussed by Demené et al.,10 the availability of a larger spatial
support might even lead to an improved BSS performance.
Although beyond the scope of this article, there are methods available to speed up processing
without compromising the accuracy or effectiveness of the decomposition itself; for example,
randomised SVD46 or a blockwise method as proposed by Song et al.14 The latter method even
allows for a more accurate clutter and noise rejection, as it can adapt to spatial variations in
SNR and resolution. Alternatively, one could think of an approach in which frequency
requirements are adjusted during the recording, for example, having a different frequency
threshold for different phases of the cardiac cycle.10 In one such approach,51 the ideal clutter
cut‐off was manually initialised for the first 60 frames, and then adaptively retained by tracking
the evolution of singular values for each consecutive 60‐frame SVD as the coronary ultrafast
Doppler video progressed.
Even more promising are approaches that circumvent filter cut‐off values by integrating
filtering in the BSS algorithm. For example, in a low‐rank plus sparse methodology known as
robust PCA,92 implemented in MRI93,94 and more recently in ultrasound,95,96 sparse and low‐
rank (highly coherent) elements are separated in an alternating two‐step fashion. This way,
remaining overlap between signal and clutter in the SVD components is even further
minimised. Separation of sparse and low‐rank matrices is also studied for Sparse Signal
Separation.97–99 Moreover, deep learning could be utilised to speed up the recovery of sparse
sources.15
It remains to be investigated, whether a gradual rather than a hard threshold can improve
BSS filtering by avoiding block artefacts as mentioned by Mauldin Jr et al.12 Furthermore,
although most authors use a cut‐off value and some observe artefacts caused by partial
removal of a complementary subset of components,28 the inclusion of only consecutive singular
components is not strictly required. As shown in Figure 6.3‐1, a single component could
represent an artefact whereas the surrounding components carry the desired signal. This is
however dependent on the application and should be studied in more detail.

6.6

CONCLUSION

BSS filtering is increasingly applied to US acquisitions and exhibits great potential for effective
noise and clutter suppression. However, as BSS as well as subspace selection have to be tailored
to an application, the choice and dedicated design of such a filter is of vital importance. Here,
we have determined the best domain‐knowledge‐based, adaptive approaches for BSS filtering
in several US applications.
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7
ASSESSMENT OF UTERINE
CONTRACTILITY DURING IN-VITRO
FERTILIZATION BY QUANTITATIVE
ULTRASOUND IMAGING
Abstract: About 10% of women have difficulty to get pregnant. In‐vitro fertilization (IVF), often involving
intracytoplasmatic sperm injection (ICSI), represents the most advanced treatment for infertile or sub‐
fertile women; however, failure rates remain over 70%. There is evidence that implantation failure may
be caused by altered uterine activity. In this study, we assess the uterine contraction characteristics by
quantitative ultrasound imaging during IVF treatment. Sixteen women undergoing IVF/ICSI with a fresh
single embryo transfer were measured by two‐dimensional transvaginal ultrasound in 3 phases of the
treatment: follicle stimulation (FS), one hour before embryo transfer (ET1), and five to seven days after
ET (ET5‐7). Uterine motion analysis was implemented by a dedicated speckle tracking algorithm;
frequency‐ and amplitude‐related features were extracted from the derived signals to characterize the
uterine contractions in relation to ongoing implantation (positive human chorionic gonadotropin after
six weeks) as well to ongoing pregnancy (positive heart rate after 11 weeks). The relationship with clinical
features, as well as uterine contractions patterns in healthy women, was also investigated. Overall,
uterine activity in terms of frequency and amplitude significantly decreased along the phases of the
IVF/ICSI treatment showing FS as the most active phase followed by ET1 and ET5‐7. When comparing
the two groups, women with ongoing implantation/pregnancy showed overall significantly higher
uterine contraction frequency compared to those with no ongoing implantation/pregnancy in all the
measured phases. On the other hand, uterine contraction amplitude was lower in women with ongoing
implantation/pregnancy compared to those with no ongoing implantation/pregnancy, but statistical
significance was only achieved in ET5‐7. These results suggest that, especially in ET1, uterine activity with
higher frequency and lower amplitude may favor embryo implantation. These promising results motivate
towards an extended validation in the context of in‐vitro fertilization procedures

From: C. Blank, F. Sammali, N. P. M Kuijsters, Y. Huang, C. Rabotti, P. de Sutter, M. Mischi, B.C. Schoot.
“Assessment of uterine contractility during in‐vitro fertilization by quantitative ultrasound imaging”.
Submitted to Fertility and Sterility Journal.
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7.1 INTRODUCTION
The prevalence of infertility is estimated to be around 9 % worldwide for women aged 20‐44
years old1. In the past decades, the number of in‐vitro fertilization (IVF) treatments increased
considerably. However, despite considerable efforts to improve the success of ART, the overall
effectiveness remains below 40% per treatment cycle, even for IVF or intracytoplasmatic sperm
injection (ICSI) with blastocyst transfer, which is the most advanced technique to date2. In up
to 20% of the subfertile couples, no explanation can be found for unsuccessful IVF/ICSI1. Within
this group, a possible explanation could be implantation failure due to increased uterine
contractions, especially during and after embryo transfer (ET), expelling the transferred embryo
outside the uterine cavity3‐6,6‐8. Furthermore, dysfunctional uterine contraction activity has
previously been reported as a possible cofactor influencing the outcome of fertility treatment5,
9
.
It is known that during the natural menstrual cycle, the uterine contraction pattern will change
under the influence of estradiol and progesterone10. Extensive research has focused on the
clinical relevance of these contractions and opportunities to influence them with medication
or surgery. Different methods such as hysterosalpingoscintigraphy, visual qualitative inspection
by two‐ (2D) and three‐dimensional (3D) ultrasound (US) and intrauterine pressure
measurements have been used to assess uterine activity. Unfortunately, these methods are not
suitable for objective, non‐invasive or reliable assessment of uterine activity in the non‐
pregnant uterus, especially during IVF treatment10.
Ultrasound imaging represents a non‐invasive option that is perfectly suited to investigate the
uterine mechanical function in the context of IVF treatment. However, only qualitative
evaluation of movement has been performed, evidencing variations during the menstrual
cycle11 and the important role of peristaltic movements on IVF performance8. The operator‐
dependency of qualitative ultrasound analysis complicates its adoption for follow‐up and
comparative studies12, therefore hampering the establishment of ultrasound imaging for
monitoring the uterine function in relation to IVF. As a result, current knowledge on uterine
movements remains limited.
A recent study on healthy women (HW) with regular cycles15 proposed a non‐invasive novel
method based on US strain imaging to quantitatively assess and characterize uterine
contractility in terms of amplitude and frequency of the uterine activity13.
It is evident that the possibility of an objective and noninvasive assessment of the uterine
contraction characteristics during the IVF cycle is an essential step to improve our
understanding of the impact of contractions on IVF failure, possibly leading to improved IVF
success rates. Therefore, the aim of this study is to evaluate the use and clinical value of this
novel, non‐invasive method, based on quantitative US imaging, for the characterization of
uterine contractions in terms of amplitude and frequency during the IVF cycle, especially in
relation to implantation success and failure.

7.2 MATERIAL AND METHODS
7.2.1 Patient selection
All women undergoing oocyte retrieval for IVF or ICSI between January 1, 2017 and July 31,
2018 at the department of Reproductive Medicine of Ghent University Hospital, Belgium, were
recruited as potential study patients. Transfer with more than one embryo per transfer, uterine
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anomalies or pathologies, previous caesarean section, mental disability or/and significant
language barrier were the exclusion criteria adopted in this study.
Data of 29 patients that met all inclusion criteria and were planned for an IVF treatment with a
fresh SET were included in the dataset. Only 16 patients completed the three measurements
and were included in the final analysis. The main reasons for patient the drop‐out were
cancellation of the fresh SET (Escape intra‐uterine insemination due to less follicles: n=4; no
embryos available after laboratory phase: n=3; double embryo transfer: n=1; freeze all embryos
in the context of ovarian hyper stimulation syndrome: n=2) and withdraw of the patient (n=3).
Indication for IVF/ICSI treatment were male subfertility (50%), tubal pathology (12.5%),
unexplained subfertility (18.8%) or hormonal disorders (18.8%).

7.2.2 IVF procedures
In our study population, two protocols for pituitary down‐regulation were used. Using the
agonist protocol (considered as standard treatment), patients started with a pre‐treatment for
at least 14 days with ethinylestradiol50/levonorgestrel150 (M50) (Microgynon ’50’®; Bayer
Pharma AG, Berlin, Germany). After discontinuation of M50 (day 0 of the cycle), down‐
regulation followed using a daily dose of 0.1 mg gonadotropin‐releasing hormone agonist
(GnRH‐a) Triptorelin (Decapeptyl®; Ferring, Hoofddorp, The Netherlands) for 7 days. In the
antagonist group, gonadotropins were started on day three of the natural cycle and 0.25 mg
Cetrorelix (Cetrotide®, Merck Serono, Geneva, Switzerland) was injected subcutaneously as a
daily dose from cycle day six until the day of oocyte maturation triggering. Controlled ovarian
hyperstimulation was achieved using a daily doses between 112.5 IU and 300 IU of recombinant
follicle stimulating hormone (Bemfola®; Finox biotech AG, Balzers, Liechtenstein) or human
menopausal gonadotropin (Menopur®; Ferring, Hoofddorp, The Netherlands) depending on
age, anti‐Mullerian hormone14 and previous response, starting from day three.
Oocytes were retrieved 34‐36 hours after a 5000‐IU human chorionic gonadotropin (hCG)
injection (Pregnyl; MSD Oss, the Netherlands). Oocytes were inseminated with spermatozoa
(IVF: 19%) or injected with a spermcell (ICSI: 81 %) between two and four hours after aspiration.
Embryos were cultured individually in pre‐equilibrated Cleavage media (Sydney IVF Cleavage
Medium, Cook, USA) and were transferred to blastocyst media (Sydney IVF Blastocyst
Medium, Cook, USA) in a 5% O2, 6% CO2 and 89% N2 incubator at 37⁰C.
ET was performed five days after oocyte retrieval. In all cases, the best quality embryo, based
on the Alpha scoring system15 was transferred. Women were treated with intravaginal
progesterone (Utrogestan Besins Healthcare, Brussels, Belgium) starting on the day of hCG‐
injection to support the luteal phase. An hCG test was performed sixteen days after ET.

7.2.3 Data collection
Patients underwent three 2D transvaginal US measurements of four‐minutes during three
different moments of the IVF/ICSI treatment. The first measurement was planned during the
follicle stimulation (FS) phase (at least one follicle >16 mm), the second measurement one hour
before the embryo transfer (ET1) and the last measurement five to seven days after the embryo
transfer (ET5‐7). US acquisitions were performed using the WS80A US scanner (Samsung‐
Medison) with a transvaginal V5‐9 probe. All recordings were performed at 5.6‐MHz central
frequency and 30 frames/s. The recorded B‐mode data were then exported to AVI (Audio Video
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Interleave) format for the analysis, implemented in Matlab (MathWorks, Natrick, USA).

7.2.4 Uterine contractility assessment: quantitative ultrasound imaging
The uterine contractility in stimulated menstrual cycles was assessed using US motion tracking.
US motion tracking was implemented by dedicated speckle‐tracking based on block matching
as proposed by Sammali et al.,13. The method employes a number of advanced technical
solutions to improve accuracy and reliability13. In particular, uterine motion is enhanced by
applying Singular Value Decomposition (SVD) filtering to the US image sequences after speckle
regularition and prior to speckle tracking analysis. The obtained results demonstrated the
ability of the proposed SVD filtering to separate uterine motion from uncorrelated signals
deriving from multiple sources, such as fast motion elicited by surrounding organs, respiratory
motion, US probe motion and stationary tissue clutter, which affect speckle tracking
performance. The obtained promising results motivated us to use SVD in the context of IVF. To
this end, SVD was applied to the acquired US image sequences for enhancing the uterine
motion recordings in stimulated cycles. The latter was enhanced by selecting relevant
components, according an energy metric proposed in13, in the frequency interval [f1 = 0.0083
– f2 = 0.0833 HZ] , chosen to reflect the uterine motion bandwidth during the IVF cycle
according to Fanchin et al.3. The obtained SVD spectral filtered US image sequences were then
used for motion analysis by speckle tracking. Block matching, consisting of selecting a block in
the target frame and searching for the optimal match in the following frame, was accelerated
by implementation of a Diamond search method based on a predefined search patterns. A
block similarity measure, represented by the sum of absolute differences (SAD), was employed
to determine the optimal match. Details on the developed algorithm can be found in13.
Four blocks were manually defined along the myometrial wall in the fundus area, known to be
the most contractile part16. In particular, the sites were positioned in the subendometrial layer
of the myometrium as shown in Figure 7.1, being the muscle involved in the contractions. The
four blocks were coupled in pairs, and distance and strain signals were derived between each
pair along the longitudinal (LD) and transversal (TD) direction as indicated in Figure 7.1.
Euclidean distance was adopted to derive the distance between each pair resulting in an
absolute motion. The strain was defined as the relative variation of the distance between the
tracked blocks as
∈

,

7.1

where d(j) and d(j‐1) indicate the distance between the tracked blocks at the current frame (j)
and previous frame (j‐1), respectively.
As shown in13, amplitude‐related features such as standard deviation (SD) and unnormalized
first statistical moment (UFM), and frequency‐related features such as mean frequency (MF in
Hz) and median frequency (MDF in Hz), allowed for a good understanding of the uterine
contractility throughout the natural menstrual cycle. To this end, these specific features were
also considered in this study in order to obtain a good understanding of the uterine contractility
during the IVF cycle. To this end, the contraction frequency (fc), expressed in contractions per
minutes based on a zero crossing estimator, was also evaluated. After normalization, SD and
UFM were combined as an overall amplitude/strength indication of the uterine contractions
while, MF, MDF, and fc were combined as an overall frequency indication of those uterine
contractions. All features were normalized based on their maximum value to combine the
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results of the distance and strain signals in both longitudinal and transversal directions. This
was performed per each patient and phase. Technical details about features extraction as well
as preprocessing analysis can be found in Sammali et al.13.

7.2.5 Outcome
The main outcome measures were frequency and amplitude of the uterine contractions during
an IVF/ICSI cycle; as well as correlation of uterine contractions with ongoing implantation (OI)
and ongoing pregnancy (OP) after a fresh SET transfer. OI/OP were defined as a positive hCG
test at gestational age of at least six weeks (OI) or detectable heart rate at a gestational age of
at least 11 weeks (OP).
Furthermore, the outcome measures of the uterine contraction were correlated with clinical
features such as hormone levels, follicle stimulation doses and number of days and thickness
of endometrial layer (TED).
Finally, data of the IVF patients were compared with previously obtained and published data of
HW (details are described in Sammali et al. 13). Similar data acquisitions were performed (during
different four phases of menstrual cycle: menses, late follicular phase (LF), early luteal phase
(EL), and late luteal phase (LL)) as in the IVF group.

Figure 7.1: (1) The uterine US image sequences are reshaped into the 2D Casorati matrix A representing a
new spatiotemporal representation; all pixels at each time instant are arranged in each column of A. (2) The
Casorati matrix A is decomposed by SVD into individual spatiotemporal matrices, U and V. By selecting the
first n couples of singular vectors, artifacts and high‐frequency noise can be rejected and a good US uterine
image can be obtained. (3) Example of distance and strain signals derived along the longitudinal a) and
transversal b) direction by US speckle tracking after SVD filtering, for 3‐min recordings.

7.2.6 Database and statistical analysis
Relevant data, including maternal information, clinical diagnosis, IVF protocol and response,
laboratory information on embryo morphology, hormone levels, treatment outcomes of all IVF
cycles as well as features of the quantitative ultrasound imaging (frequency and amplitude)
were collected and recorded in Research Manager.
Statistical analysis was performed using SPSS software version 25 and Matlab 2017a.
Categorical variables were analyzed by Pearson’s chi‐square test or in case more that 20% of
the cells have expected frequencies less than five a Fisher’s exact test was used. A Student’s t‐
test (in case of Gaussian distribution) or Mann‐Whitney U‐test (in case of non‐Gaussian
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distribution) were used for continuous variables. In order to obtain a global characterization of
the uterine contractility during the three investigated phases of the IVF cycle in terms of
contraction amplitude and frequency, frequency (MF, MDF, fc) and amplitude (SD, UFM)
features were combined into two separate groups and evaluated during the three phases. Prior
to their combination, the values of the extracted features were normalized relative to their
maximum value per patient and phase.
A p‐value <0.05 was considered statistically significant. Correlation analysis was based on
Pearon’s and Spearmans correlation coefficient and was considered statistically significant with
a p‐value of <0.01.

7.2.7 Ethical approval
All patients gave informed consent and the Regional Ethics Review Board of the Ghent
University hospital approved the study (UH Ghent reference: 2017/0758‐Belgian registration
number: B670201732669).

7.3 RESULTS
7.3.1 General characteristics
The overall OP rate for fresh SET with a day‐5 embryo was 43.8%, while 56.3% of all patients
had a positive hCG test at gestational age of six weeks (OI). One patient had a biochemical
pregnancy and another patient an ectopic implantation.
As shown in Table Ia, no significant difference between the groups with or without OP were
observed in the baseline characteristics, including maternal age (Overall: 32.1  4.7, OP: 29.9 
3.9 vs no OP: 33.9  4.6), body mass index (Overall: 25.9  4.7, OP 25.7  4.0 vs no OP 26.0 
5.4), previous gravidity (Overall: 1 (0‐6), OP 1 (0‐2) vs no OP 1 (0‐6)), parity (Overall: 0 (0‐1), OP
0 (0‐1) vs no OP: 0 (0‐1)), early miscarriage (Overall: 0.5 (0‐6), OP 0 (0‐2) vs no OP 1 (0‐6)),
indication (tubal pathology (12.5%), male subfertility (50%), hormonal disorder (18.8%),
repeated miscarriage (6.3%) or unexplained subfertility (25%)) for IVF/ICSI treatment, duration
of subfertility (Overall: 50  437 months, OP 35  36 months vs no OP 61  35 months) or
previous failed IVF/ICSI cycles (Overall: 2.0  1.7, OP 1.3  1.4 vs no OP 2.6  1.7). Only estradiol
levels during the FS as well 5‐7 days after ET were significant different between patients with
or without OP (FS: OP: 842 pmol/L (210‐1450 pmol/L) vs no OP: 1240 pmol/L (1030‐2630
pmol/L) p = 0.039; ET5‐7: OP 25 pmol/L (25‐44) vs no OP: 326 pmol/L (70‐486 pmol/L) p = 0.001)
(Table Ib).
Controlled ovarian stimulation was performed using a mean dose of 2777 IU  980 IU
recombinant follicle stimulating hormone or human menopausal gonadotropin. Mean number
of mature oocytes retrieved and available embryos were 10.7  5.7 and 2.8  2.0, respectively.
According the ESHRE/Alpha guidelines, most of the replaced embryos were score as good or
even excellent quality (n=12) (Table Ic). No significant difference in embryo quality was
observed between the pregnant women and non‐pregnant women (Table Ic).
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Table Ia. Characteristics of the clinical variables
Overall

OP

No OP

p‐value

Maternal age (y)*

32.1 ± 4.7

29.9 ± 3.9

33.9 ± 4.6

0.087

BMI (kg/m²)*

25.9 ± 4.7

25.7 ± 4.0

26.0 ± 5.4

0.909

Gravidity**
Parity**
Previous miscarriages**

1 (0‐6)
0 (0‐1)
0.5 (0‐6)

1 (0‐2)
0 (0‐1)
0 (0‐2)

1 (0‐6)
0 (0‐1)
1 (0‐6)

0.866
0.390
0.565

27 (0‐31)
31 0 (0-60)

28 (0‐31)
31 (0-45)

26 (0‐30)
30 (0-60)

0.484
0.557

Indication for IVF/ICSI*** ^
Tubal pathology
Unexplained subfertility
Male subfertility
Hormonal disorders
Repeated miscarriage

2 (12.5%)
4 (25.0%)
8 (50.0%)
3 (18.8%)
1 (6.3%)

1 (50.0)
3 (75.0%)
3 (37.5%)
1 (33.3%)
0 (0.0%)

1 (50.0%)
1 25.0%)
5 (62.5%)
2 (66.7%)
1 (100.0%)

Number of previous failed IVF/ICSI cycles*

2.0 ± 1.7

1.3 ± 1.4

2.6 ± 1.7

0.137

Duration of subfertility in months *

50 ± 37

35 ± 36

61 ± 35

0.166

Days of stimulation*

13 ± 2.4

13 ±2.4

12 ± 2.3

0.283

Total gonadotropin or FSH dose (IU)*

2777 ± 978

2770 ± 767

2783 ± 1163

0.979

Fertilization method
IVF
ICSI

3 (18.8%)
13 (81.2%)

2 (66.7%)
5 (38.5%)

1 (33.3%)
8 (61.5%)

Number of oocytes*

10.7 ± 5.7

12.1 ± 5.3

9.6 ± 6.0

0.388

Number of available embryos*

2.8 ± 2.0

2.9 ± 1.7

2.7 ± 1.0

0.861

Length of natural cycle in days**
Length of natural cycle in days**

0.509

0.375

Values are presented as number, mean ± SD*, median (range)**, or number (percentage)***

Table Ib. Characteristics of the blood levels

Basal Blood levels
TSH (mU/L)*
AMH (µg/L)*

Overall

OP

No OP

p‐value

1.5 ± 0.6
2.7 ± 1.8

1.5 ± 0.6
3.7 ± 1.4

1.5 ± 0.7
2 0 ± 1.8

0.935
0.056

1115 (210‐2630)
153 (25‐486)

1240 (1030‐2630)
326 (70‐486)

842 (210‐1450)
25 (25‐44)

0.039
0.001

Estradiol (ng/L) **
During measurement follicle stimulation phase (FS)
During measurement 5‐7 after embryo transfer (ET5‐7)
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Progesterone (ng/L) **
During measurement follicle stimulation phase (FS)
During measurement 5‐7 after embryo transfer (ET5‐7)

0.3 (0.15-1.23)
15 (8‐71)

0.3 (0.15‐0.75)
16 (13‐37)

0.31 (0.15‐1.23)
13 (8‐71)

0.595
0.088

Values are presented as mean ± SD* or median (range)**

Table Ic. Characteristics of the embryos

Embryo Quality
Excellent: 4/5AA, 4/5AB
Good:
3AA, 3AB, 3/4/5BA,
3/4/5BB, 3/4/5AC,
3/4/5BC, 3/4/5CA,
3/4/5CB, 4/5CC
Moderate: 3CC, Blast 1, Blast 2
Poor:
All other embryos

Overall

OP

No OP

2 (12.5%)

2 (100.0%)

0 (0.0%)

10 (62.5%)

3 30.0%)

7 (70.0%)

4 (25.0%)
0 (0.0%)

2 (50.0%)
0 (0.0%)

2 (50.0%)
0 (0.0%)

p‐value
0.182

Values are presented as number (percentage)

7.3.2 Uterine contractility patterns during all phases of IVF treatment
Overall significantly higher uterine‐contraction frequency‐features (based on the combination
of fc, MDF and MF) as well as amplitude‐features (based on the combination of amplitude (SD)
and energy (UFM)) were observed during the FS in comparison to ET1 and ET5‐7 (Figure 7.2).
When comparing the uterine activity in terms of frequency and amplitude for the OP and no
OP, Figure 7.3 shows significantly lower uterine activity for the OP group in the FS in terms of
frequency features, also paralleled by lower amplitude features, but not significantly lower
compared to the no OP group. Instead, during the ET1 and ET5‐7 the OP group showed
significantly higher frequency features, paralleled by lower amplitude features. However,
amplitude features were not significantly lower for the ET1 compared to the no OP group.
Individual significant features based on distance and strain signals in LD or TD were fc during
ET1 and MF and MDF during ET5‐7. None of the amplitude features showed individually
significant results. One hour before ET (ET1), fc (UC/min) of patients with OI (based on DS) as
well OP (based on DS) was significantly higher than in patients with no OI or OP (OI: 1.35  0.44
UC/min vs no OI: 0.91  0.19 UC/min, p = 0.028; OP: 1.45  0.42 UC/min vs no OP: 0.93  0.22
UC/min, p = 0.006) (both in LD). During the measurement at ET5‐7, the median and mean
frequency was significantly higher in patients with OI or OP (median frequency (strain signal):
OI: 0.050 Hz  0.005 vs no OI: 0.045 Hz  0.004, p = 0.040; OP: 0.050 Hz  0.004 vs no OP: 0.045
Hz  0.005, p = 0.027; mean frequency (DS): OP: 0.035  0.001 vs no OP: 0.032 Hz  0.003, p =
0.032). (all in TD).
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Figure 7.2: Mean and SD of all uterine contraction related features during each phase (follicle stimulation phase (FS), one our
before embryo transfer (ET1) and 5‐7 days after ET (ET5‐7). All features are normalized to combine the results of both directions
and on distance as well strain signals. The frequency results are based on the contractions frequency per minute, mean
frequency (Hz) and median frequency (Hz).

7.3.3 Correlation between uterine contraction features and clinical variables
A. Hormone levels
Progesterone levels:
In general, higher or lower progesterone levels were not significantly correlated with the
implantation and pregnancy outcome. On the other hand, during the FS, the UFM amplitude
feature of the uterine contractions showed a negative correlation with progesterone levels
during the same phase (r = ‐0.621, p = 0.010) (based on distance signal in TD).
Estradiol levels:
Significant higher levels of estradiol during the FS, as well the ET5‐7, were associated with a
higher ongoing pregnancy rate (FS: p = 0.039; ET5‐7: p = 0.001). A positive correlation between
estradiol levels during the FS and fc during ET1 was observed (r = 0.693, p = 0.003) (based on
distance signal in LD).

B. Stimulation related features
The stimulation doses as well the stimulation days were not significantly correlated with any of
the uterine contraction features.
C. Thickness of endometrium layer
During the FSP, both amplitude features (SD and UFM) showed a positive correlation with the
thickness of the endometrium during the measurement ET1 (for UFM: r = 0.717, p = 0.002; for
SD: r = 0.700 – p = 0.003) (both based on distance signal in TD).
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Figure 7.3: Comparison of mean and SD of all uterine contraction related features during each phase
(follicle stimulation phase (FS), one our before embryo transfer (ET1) and 5‐7 days after ET (ET5‐7) in
patients with OP and no OP. All features are normalized respect to their maximum value to combine the
results of both directions and on distance as well strain signals. The frequency results are based on the
contractions frequency per minute, mean frequency, and median frequency, while the amplitude results
are based on standard deviation and unnormalized first moment.

7.3.4 Correlation between phases in IVF patients and phases of the natural
menstrual cycle in healthy women
All features which showed significant differences between pregnant women after IVF
treatment and non‐ pregnant women after IVF treatment were selected. These features were
compared with the values of the same features in the different phases of the natural menstrual
cycle of HW as previously investIgated13. In particular, if a feature showed significant difference
between OP and no OP during ET1, this was compared with the LF and EL phases in a natural
cycle. Similarly, the ET5‐7 phase was compared with the LL phase, in case significant features
between no OP and OP were present.
The comparison of features between ET1 and LF/EL showed a significant difference for fc
between the non‐pregnant IVF women in comparison with the HW during the LFP/EL (IVF‐no
OP group: 0.93  0.22 UC/min vs HW‐LF: 1.57  0.27 UC/min / HW‐EL: 1.22  0.33 UC/min, p
< 0.001 / p = 0.046), while for the pregnant IVF women, fc was comparable with that of HW
(IVF‐OP: 1.45  0.42 UC/min vs HW‐LF: 1.  0.27 57 UC/min / HW‐EL: 1.22  0.33 UC/min, p =
0.526 / p = 0.247) (based on distance signal in LD).
Comparing significant features (MDF and MF) based on OP outcome of the ET5‐7 with the LL
of HW, MDF was significantly different between HW and IVF patients (pregnant and non‐
pregnant) (IVF‐no OP: 0.045  0.005 Hz, IVF‐OP: 0.050  0.004 Hz vs HW: 0.041  0.004 Hz, p
= 0.049 / p = 0.001). MF showed a significant difference between the IVF pregnant group and
HW during the LL (IVF‐OP: 0.035  0.001 Hz, HW: 0.029  0.003 Hz, p = 0.001), whereas this
difference was not significant between the non‐pregnant IVF group and the HW (IVF‐no OP:
0.032  0.003 Hz, HW: 0.029  0.003 Hz, p = 0.071) (based on distance signal in in TD).
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7.4 DISCUSSION
It has been reported that uterine contractions may play an important role for the success of
conception17. Assessing objectively and noninvasively uterine contraction characteristics during
the IVF cycle seems an essential step to understand the impact of contractions on IVF failure
and potentially boost IVF success rates by introducing specific uterine motion modulators.
In this study, we measured and characterized uterine contractions during IVF treatment based
on quantitative US imaging. We assessed the relationship between uterine contraction patterns
during IVF, characterized by the extracted frequency‐ and amplitude‐related features, and
implantation and pregnancy rates. The relationship with clinical features, as well as uterine
contractions patterns in HW, was also investigated.
The observed reduction in uterine contraction frequency (measured as UC/min) between FS
and ET1 is comparable with previous studies3, 18. Overall the contraction frequencies observed
in our study are lower compared to other studies3, 18, 19. As explained by Sammali et al.13, fc in
literature is mostly based on visual inspection, providing a global assessment without
distinction between the different layers of the uterus. In this study, the subendometrial layer
was specifically considered for speckle tracking. Contrary to previous published studies9, 19, we
observed a significantly higher number of contractions during ET1 (fc) in patients with OI or/and
OP (ET1: OI: p = 0.028, OP: p = 0.006). An explanation may be found in the comparison with
HW. The fc of pregnant IVF women during ET1 was comparable to the fc of HW during LF and
EL, whereby uterine contractions play a key physiological role aimed at favoring conception.
On the contrary, non‐pregnant IVF women showed significantly lower fc in the same phases (LF:
p < 0.001 and EL: p = 0.046. Although Zhu et al.9 observed a lower uterine fc in pregnant IVF
women in ET1, women with fc in the range 1.1‐2.0 UC/min had the highest clinical pregnancy
rate (63.55%); this range is comparable with our results (fc OP: 1.45  0.42 UC/min (pregnant
women)).
In general, the results in figure 7.3 suggest that immediately before embryo transfer (ET1), the
combination of higher frequency and lower amplitude in the uterine activity may contribute to
successful embryo implantation. It would in fact be reasonable to think that the embryo, once
inserted into the uterine cavity, needs help (moderate uterine contractions) for positioning and
implantation; on the other hand, these contractions should not be strong (higher amplitude)
as they could expel the embryo out of the uterine cavity.
During the ET5‐7 measurement, the uterine frequency features were significantly higher in
patients with OI or OP, whereas the amplitude features were significantly lower in patients with
OI or OP. These findings might be explained by the fact that moderate uterine contractions
prevent the embryo for being expelled during this implantation phase. However, since
contraction directions were not taken into account in this study, we can only speculate about
to the expulsion of the embryo.
On the one hand, the obtained results can find a physiological explanation, as previously
described. On the other hand, the negative correlation between frequency and amplitude
features may also result by the effect of noise on the frequency estimator. At low contraction
amplitudes, approaching the noise floor, the estimated frequency characteristics may be
dominated by the noise frequency spectrum, resulting in higher values. In future studies, the
frequency spectra of noise and estimated signals (motion and strain signals) should be
investigated in order to confirm the hypothesized physiological rationale explaining our
measurement results.
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Positive correlation between estradiol levels during the FS and fc during ET1 was observed and
it resulted to be in line with previous studies and the suggestion that the increase of fc is caused
by estradiol secretion by the growing dominant follicle10, 21‐23. In general, estradiol levels during
FS as well during ET5‐7 were significantly higher in patients with OP compared to no OP, which
also might explain the higher fc in the pregnant group during the ET5‐7. Progesterone levels
during FS showed a negative correlation with the amplitude (UFM) of the uterine contractions,
which is also in agreement of existing literature24.
Thickness of the endometrial layer (TED) was positively correlated with both amplitude features
(SD and UFM) during the measurement ET1. No significant differences between the pregnant
and non‐pregnant women were observed, but a TED < 5 mm is suggestive for lower
implantation changes in agreement with previous published studies25.
In conclusion, in our study women with successful implantation and OP have a higher
contraction frequency during ET1 (fc) and during ET5‐7 (MDF, MF). This may find explanation in
the similarity of the measured OP values with those measured in HW. Indeed, previous studies
suggest the presence of an optimal range of contraction frequencies, which is associated with
successful embryo implantation and OP. At lower and higher contraction frequencies, IVF is
less likely to succeed. To expand our evidence and knowledge on uterine contractions during
IVF, and their relation with successful treatment, research in this field should be extended and
evaluate additional relevant features related e.g. to contraction velocity and direction. Their
combination and predictive value could also be investigated in a probabilistic framework by
machine learning techniques. To this end, more extensive datasets are required.
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8
MULTI-MODAL UTERINE-ACTIVITY
MEASUREMENTS FOR PREDICTION OF
EMBRYO IMPLANTATION BY
MACHINE LEARNING
Abstract: In‐vitro fertilization (IVF) is the most advanced treatment for infertility problems; however,
its failure rate is still above 70% and the exact causes are often unknown. There is increasing evidence
of involvement of uterine contractions in IVF failure especially during and after embryo transfer. In this
paper, we propose a method to predict the success of embryo implantation based on features extracted
from electrohysterography (EHG) and B‐mode transvaginal ultrasound (TVUS) recordings. Sixteen
women undergoing IVF treatment were measured during follicular stimulation (FS) phase, one hour
before embryo transfer (ET1), and five to seven days after ET (ET5‐7). After correlation filtering, multiple
features were selected by forward feature selection and optimally combined by different machine
learning methods, including support vector machine (SVM), K‐nearest neighbors (KNN), and Gaussian
mixture model (GMM). Hyper‐parameter optimization and validation of each model were performed
in a nested cross validation loop. Using Leave‐one‐out approach on our database, the highest overall
accuracy (93.8%) was achieved by SVM and KNN in both FS and ET1 phase. Contraction frequency,
standard deviation and unnormalized first statistical moment, obtained from EHG and TVUS analysis,
were optimum features common to the SVM and KNN classifiers. These features may contribute to
produce the best prediction for successful embryo implantation improving the IVF procedure. Yet, a
larger dataset is required for improved training of the considered classifiers.

From: F. Sammali, C. Blank, T. G. F. Bakkes, Y. Huang, C. Rabotti, B.C. Schoot, M. Mischi, “Multi‐modal
uterine‐activity measurements for prediction of embryo implantation by machine learning”. Submitted
to IEEE Journal of Biomedical and Health Informatics, 2019.
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8.1 INTRODUCTION
In developed countries, infertility represents a serious problem for 20% of couples1. Due to the
trend to postpone childbirth, the rate of these couples is rapidly increasing. Against this
problem, advanced in‐vitro fertilization (IVF) technologies are developing. It is estimated that
in Europe IVF represents the only reproduction option for over 2.5 million couples2. In spite of
major efforts to improve IVF, its success rate remains below 30%3. As a result, many couples
undergo repeated IVF treatments with the hope of a successful fertilization.
There is increasing evidence of major involvement of uterine contraction in IVF failure4‐7
especially during and after embryo transfer (ET), when the embryo may need some quiescence
to implant in the uterine cavity.
Uterine contractions are believed to represent an important determinant of uterine receptivity,
both in IVF and natural menstrual cycle. It is established that uterine receptivity is a key factor
during the so‐called implantation window, a short period in which the embryo approaches the
endometrium in order to implant8. This embryo‐maternal dialogue is crucial for the
establishment of a healthy pregnancy. The uterine receptivity is therefore of major importance
to the success of IVF. Specific and precise pharmacological intervention on uterine contractions
is feasible and can potentially improve embryo implantation success after ET 9‐11.
Unfortunately, the role of uterine contractions in IVF failure is not yet understood and the value
of pharmacological treatments acting on contractions within IVF treatment remains to be
established.
Understanding the role of uterine contractions in influencing uterine receptivity, especially in
relation to embryo implantation success, has always been complicated. The lack of quantitative
measurement tools has represented a major obstacle for a complete characterization of the
uterine activity outside pregnancy. The latter represents an essential step towards improved
embryo implantation both in IVF and natural menstrual cycle. Especially in IVF, a better
understanding of the role of uterine contractions may lead to the definition of new strategies
for tailoring specific IVF protocols and pharmacological treatments. It is therefore evident that
objective reproducible quantitative assessment of uterine contractions is essential.
In previous studies, we have proposed new methods to quantitatively and non‐invasively
measure the electrical and mechanical activity in human non‐pregnant uteri by
electrohysterography (EHG)12 and transvaginal ultrasound (TVUS) motion analysis13. EHG is a
monitoring technique which measures the electrical activity that triggers and drives the
mechanical contraction of the uterine muscle12, 14; TVUS speckle tracking assesses the
mechanical behavior of these contractions by tracking locally a specific area of the uterine
muscle13.
A set of amplitude‐, frequency‐, and energy‐related features provided a good understanding of
the uterine activity in natural menstrual cycle and showed the ability to discriminate the active
and quiescent state of the uterus.
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On the one hand, the obtained results were promising and confirmed the physiological role of
uterine activity to enhance the reproductive process, e.g., active uterine state in the follicular
phase and quiescent uterine state in the luteal phase of the menstrual cycle.
On the other hand, these studies demonstrated the feasibility of the proposed methods outside
pregnancy and motivated us towards the assessment of their clinical value in the context of
IVF, especially in relation to ET for improving embryo implantation prediction.
Machine‐learning approaches are increasingly applied to automatically find patterns within
data, which enables doctors and healthcare professionals to improve clinical decision making15.
Supervised machine learning algorithms are most commonly used to develop models based on
labelled data.
In this study, we aim at investigating the use of probabilistic classification of the uterine activity
by machine learning to improve the success rate of IVF, especially in relation to ET. In particular,
we aim at providing those features or their combination (amplitude‐, frequency‐, and energy‐
related features) that are necessary to classify uterine contraction characteristics as either
favorable or adverse to embryo implantation during ET. In case of unfavorable uterine activity,
classification would permit proper decision making. In fact, ET could either be delayed to later
cycles or uterine contraction characteristics could be modulated by specific treatment for
favoring embryo implantation11, 16 .
To achieve this goal, enabled by the implemented EHG and TVUS speckle tracking methods, the
uterine activity is measured and characterized during stimulated cycles by extracting the same
frequency‐, amplitude‐, and energy‐ related features as in natural menstrual cycle. The
electromechanical uterine activity is first simultaneously recorded by EHG and B‐mode TVUS in
patients undergoing IVF treatment. In particular, the patients are measured during three
phases, i.e, follicular stimulation (FS), one hour before ET (ET1), and five to seven days after ET
(ET5‐7).
Based on IVF outcome, patients are divided in successful and unsuccessful pregnancy groups
where successful pregnancy is defined as a positive fetal heart rate at the moment of a
gestational age of at least 11 weeks, known as “vital pregnancy”.
The EHG and TVUS motion and strain features are then extracted from the recorded signals
following the same protocol as in Sammali et al.12, 13.
Prior to machine learning, an additional method for EHG and TVUS feature extraction is here
proposed that is based on singular value decomposition (SVD) of the acquired EHG and TVUS
measurements. The same EHG and TVUS features were extracted directly from the temporal
variation signal obtained after dedicated SVD filtering. This SVD approach provides a global
estimate of the uterine activity that is different from standard EHG and TVUS analysis.
First, correlation filtering is performed on the all features extracted by the proposed methods
in order to reduce redundancy in the data. The resulted feature pool is hence composed by
relevant features able to possibly classify uterine activity characteristics as either favorable or
adverse to embryo implantation during ET. A forward feature selection procedure is then
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carried out on the feature pool to search the optimum feature set that performs best in
differentiating successful and unsuccessful pregnancy.
This is performed separately for the three different measurements, in order to appreciate
variations in the predictability.
The classifiers used in this study are the support vector machine (SVM), K‐nearest neighbors
(KNN) and Gaussian mixture model (GMM). Hyper‐parameter optimization is performed in a
nested cross validation, in the interest of reducing over‐fitting by leave‐one‐out cross‐
validation.

8.2 METHOD
8.2.1 Patients and IVF protocol
We prospectively studied 29 consecutive ovarian stimulation cycles for IVF‐ ET undertaken in
29 infertile women. Women with uterine anomalies or pathologies, caesarean section
experience, mental disability and/or significant language barrier were not enrolled in this study.
Clinical indications for IVF‐ ET were male subfertility (50%), tubal pathology (12.5%),
unexplained subfertility (18.8%) or hormonal disorders (18.8%). Prior to IVF treatment, all
patients signed an informed consent and this study received approval by the relevant medical
ethical committee. The enrolled patients controlled ovarian hyperstimulation using a
recombinant follicle stimulating hormone (Bemfola®; Finox biotech AG, Balzers, Liechtenstein)
or human menopausal gonadotropin (Menopur®; Ferring, Hoofddorp, The Netherlands)
after pituitary down‐regulation with a gonadotropin‐releasing hormone agonist (GnRH‐a)
(Decapeptyl®; Ferring, Hoofddorp, The Netherlands) or gonadotropins (Cetrotide®, Merck
Serono, Geneva, Switzerland).
Oocytes were retrieved 34‐36 hours after the hormone injection and inseminated with
spermatozoa in order to obtain embryos. Five days after oocyte retrieval, the best quality
embryos based on the Alpha score system17 were selected and transferred. Prior to ET, patients
were treated with intravaginal progesterone tablet (Utrogestan Besins Healthcare, Brussels,
Belgium) to support the luteal phase of the uterus which is thought to facilitate embryo
implantation.
After excluding 13 patients due to cancellation of fresh single‐embryo transfer or patient
withdrawing, a total of 16 patients underwent ET and were thus analyzed in this study. Further,
TVUS examination of the patients was performed in order to monitor the success of earlier ET.
Seven patients presented successful pregnancy defined as positive fetal heart rate at
gestational age of at least 11 weeks.

8.2.2 Multi-modal data acquisition
All measurements were performed at the Reproductive Medicine department of Ghent
University Hospital, (Belgium).
During standard recording sessions, 4‐min TVUS scans and EHG recordings were simultaneously
performed three times during three specific phases of the IVF treatment: during follicle
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stimulation (FS) where at least one follicle was larger than 16 mm, one hour before ET (ET1)
and five to seven days after ET (ET5‐7). An US scanner WS80A (Samsung Medison, Seoul, South
Korea) equipped with a transvaginal V5‐9 probe was employed for the TVUS scans acquired at
a 5.6 MHz central frequency and 30 frames/s (sampling frequency fs (US), amply sufficient to
meet Nyquist condition given the limited bandwidth of uterine motion (f < 0.066 Hz)18.
After skin preparation for contact impedance reduction, EHG was recorded by placing on the
abdomen, immediately above the pubic zone, a flexible electrode grid. The latter was correctly
placed by guidance of TVUS in order to maximize alignment with the uterus. A Refa
multichannel amplifier (TMSI International, Enschede, the Netherlands) for electrophysiological
signal acquisitions was employed for recording and digitizing the EHG at a sampling frequency
of 1024 Hz (fs (EHG)).

8.2.3 Multi-modal feature extraction
A set of amplitude‐, frequency‐, and energy‐related features were extracted from the recorded
signals by the adopted methods. In the following section, we describe the feature extraction by
performing the EHG signal analysis described in Sammali at al.12, TVUS speckle tracking analysis
described in Sammali at al. 13 and a novel SVD approach that is here proposed.
The adopted multi‐modal feature extraction approach is schematically described in Figure 8.1.

Figure 8.1 (1‐a) Feature extraction by EHG: (a) the EHG filtered signal is obtained after bipolarization; (1‐b)
The EHG temporal variation signal (𝜏) is obtained as a weighted sum operation after decomposing the EHG
matrix by singular value decomposition (SVD). After retrieving k sources by a dedicated SVD filtering, the
singular vectors V carrying the temporal information are multiplied by their weight factors (retrieved
singular values) 𝜆 , and the results are added together to obtain the output EHG temporal variation signal.
(1‐c) Amplitude‐, frequency‐, and energy‐related features extracted from both filtered and temporal
variation EHG signal. (2‐a) Feature extraction by TVUS speckle tracking: the unfilterd TVUS video is SVD
spectrally filtered for the estimation of motion tracking (distance and strain signals) along the (a) longitudinal
T
k
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and (b) transversal direction. (2‐b) The TVUS temporal variation signal (𝜏) is obtained as a weighted sum
operation after retrieving k sources through a dedicated SVD filtering. The singular vectors V carrying the
temporal information are multiplied by their weight factors (retrieved singular values) 𝜆 , and the results are
added together to obtain the output TVUS temporal variation signal. (1‐c) Amplitude‐, frequency‐, and
energy‐related features extracted from distance and strain signals along the longitudinal (a) and transversal
(b) direction, as well as from the TVUS temporal variation signal. For both EHG and TVUS motion analysis,
dedicated SVD filtering is performed according to Sammali et. al.13.
T
k

8.2.3.1 Feature extraction by EHG
For each recording session, three features were extracted from the single‐channel EHG signal.
As in previous study12, we focused on single‐channel analysis to qualitatively evaluate
contraction timing and strength in stimulated cycles; therefore, high‐spatial resolution was not
required.
Details on EHG signal analysis are described in Sammali et al.12. Briefly, the EHG signal quality
was improved by averaging neighboring electrodes (sensing surfaces A and B indicated in Figure
8.1 (1‐a)) and simulating a larger sensing surface19, 20. The choice of surfaces A and B was
supported by the fact that larger interelectrode distances are more suited than a high‐density
grid for investigation of electrophysiological signals of the non‐pregnant uterus originated
deeper in the body and far from the electrode19, 20. Furthermore, a better signal‐to‐noise ratio
is provided by vertical derivations that are aligned to the middle line of the muscle and expected
to be closer to uterus. A single bipolar signal was derived by subtracting the two surface areas
A and B, improving the signal quality by reduction of common‐mode noise21, 22.
The bipolar EHG signal was then preprocessed by a 4th order, band‐pass Butterworth filter with
lower and upper cut‐off frequencies equal to 0.3 and 5 Hz, respectively. In the uterus, only
frequencies below 5 Hz are expected14, but the frequencies below 0.3 Hz can be affected by
motion artifacts due to e.g. respiration23, 24.
Standard deviation (SD), median frequency (MDF), and unnormalized first statistical moment
(UFM) were the features extracted from the filtered EHG signal.

8.2.3.2 Feature extraction by TVUS speckle tracking
For each recording session, five features were extracted from the distance and strain signals
derived along the longitudinal and transversal direction in stimulated cycles.
Details on TVUS distance and strain signal analysis are described in Sammali et al.13; here we
briefly report the procedure of motion analysis and feature extraction delving into the novel
SVD spatiotemporal filtering which will be discussed in the next section.
Motion tracking was implemented by a dedicated speckle tracking algorithm. First, dedicated
SVD filtering was introduced to enhance uterine motion suppressing uncorrelated signals that
affect speckle tracking performance. The TVUS image sequences, represented as 3D matrices
of dimensions Nx x Nz x Nt , were reshaped into a new spatiotemporal representation (Casorati
matrix) which was decomposed by SVD in a new spatial singular vector basis U and a new
temporal singular vector basis V as:
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(8.1)

Here, A represents the Casorati matrix with diensions Nx Nz x Nt, U is a Nx Nz × Nx Nz squared
matrix (i.e., orthogonal for real‐value inputs), V is a Nt × Nt squared matrix, and  is a Nx Nz
× Nt diagonal matrix containing non‐negative real numbers known as singular values  on the
diagonal. These values are conventionally in descending order. Nt and Nx Nz are the number of
video frames and image pixels, respectively. The columns of V are the right‐singular vectors of
A carrying the temporal information corresponding to spatial information in the columns of
U which are the left‐singular vectors of A .
For each temporal signal Vi (t) , where i indicates the number of the singular values, two
energies were obtained by integration of the power spectrum over the entire frequency band
[f0 = 0 Hz – fs(US)/2 = 15 Hz] and over the interval [f1 = 0.0083 Hz – f2 = 0.083 Hz], which was
chosen to reflect the uterine bandwidth in the IVF cycles according to5.
The adopted energy metrics was then defined as
𝐸𝑅

∑
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where, fs is the TVUS frame rate (fs (TVUS)), Xi ( f ) represents the Fast‐Fourier Transform (FFT) of
each Vi (t). As a result, the ERi represents the amount of uterine dynamics for each singular value

i compared to the full signal. Only a range of subsequent singular values representing over 50%
of the total energy was selected to enhance the uterine motion in the TVUS video while
suppressing undesired components. Accordingly, we have separated i = min(NxNz, Nt) sources
that can be retrieved through
𝐴

𝜆𝑈𝑉 𝑡 .

(8.3)

After SVD filtering, the speckle was regularized by Wiener deconvolution filtering and speckle
tracking was implemented for tracking over time four defined blocks manually selected on the
subendometrial layer (junctional zone), known to be the most contractile part of the uterus25.
The match between corresponding blocks in consecutive frames was determined by the
minimum of the sum of absolute differences (SAD). The block size for SAD was adaptively
determined as twice the speckle size calculated after SVD filtering for each patient and phase.
The block matching was then accelerated by a diamond search (DS) strategy, maintaining
similar tracking accuracy as the typical full‐grid search (FGS) method with the benefit of a
reduced computational time. Median filtering on the displacement of neighboring blocks
(matching coordinates) was also introduced to improve the tracking robustness and accuracy
of the method. The defined four blocks were coupled in pairs in order to estimate distance and
strain signals along the longitudinal and transversal direction (Figure 8.1 (2‐a)). The longitudinal
direction was defined to be in line with back and forward motion between the cervix and
fundus, while the transversal direction was the motion perpendicular to that.
The distance, d, and strain, Ɛ, were calculated between each pair. In particular, d was defined
as the Euclidean distance between each pair of sites in a 2‐D space, resulting in an absolute
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motion estimate. The strain, Ɛ, was defined as the relative variation of d between the tracked
sites.
Standard deviation (SD), mean frequency (MF), median frequency (MDF), contraction
frequency (fc), and unnormalized first moment (UFM) were the features extracted from the
distance and strain signals along the two directions. All features, with the exception of (fc), were
extracted from the FFT of the recorded signals; in particular, the SD was calculated by applying
Parseval’s theorem. Moreover, the features were extracted in the frequency band [f1 = 0.0083
Hz – f2 = 0.083 Hz] to improve their quality and strengthen their link with the uterine motion in
a stimulated cycle5. The same frequency band was used for the ER metrics calculation. A zero‐
crossing detector was employed in the time domain for the estimation of fc in terms of number
of contractions per minute.

8.2.3.3 Feature extraction by SVD
Both for EHG and TVUS analysis, features were extracted from the temporal variation matrix V
after SVD. The latter was performed on the 6x6 matrix (36 channels in total) of the EHG
electrode grid as well as on the TVUS image sequences reshaped into a new spatiotemporal
representation (Casorati matrix). The external square of the EHG electrode grid containing 28
external channels are excluded due to the risk of poor contact between skin and sensor, which
may occur at the edges. The input matrices were then decomposed into a new spatial singular
vector basis U and a new temporal singular vector basis V according to (8. 4).
For EHG (Figure 8.1 (1‐b)), high‐frequency noise and dynamics were described in the first
singular values and vectors and the uterine activity appeared to be described by those close to
the last singular values and vectors. On the contrary, for TVUS (Figure 8.1 (2‐b)), stationary
tissue and clutter were described by the first singular values and vectors while high‐frequency
noise was described by the last singular values and vectors. Slow uterine motion was expected
to be described by the singular values and vectors close to the first ones.
By selecting a proper range of singular values according to the ER metric in (8.2), we separated
k = min(NxNz, Nt) sources and the temporal variation signal, , was retrieved through a weighted
sum operation as

∑

𝜏

𝜆 𝑉 .

(8.4)

T

In this operation, the singular vectors Vk carrying the temporal information, were multiplied by
their weight factors (retrieved singular values) k, and the results, represented by N weighted
temporal vector, were added together to obtain the output temporal variation signal τ for both
EHG and TVUS recordings.
The EHG and TVUS temporal variation signals representing the electrical and mechanical
uterine activity are shown in Figure 8.1 (1‐b) and Figure 8.1 (2‐b), respectively.
For EHG analysis, the ER metric was obtained by integration of the power spectrum over the
entire frequency band [f0 = 0 Hz – fs (EHG)/2 = 512 Hz] and over the interval [f1 = 0.3 – f2 = 5 Hz]
which was here chosen to reflect the EHG signal according to14.
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All EHG and TVUS features were extracted from the FFT of the temporal variation signal
following the same procedure described in Sections 8.2.2.1 and 8.2.2.2.
In particular, EHG features were extracted in the frequency interval [f3 = 0 Hz – f4 = 5 Hz] based
on the frequency content observed on the FFT of the time averaged signal; in fact, most of the
information appeared to be characterized by very low‐frequency content.
In this way, a global assessment of the electromechanical uterine activity in time was obtained
by reconstructing time signals that reflected the expected uterine activity in the IVF cycle.

8.2.4 Machine learning framework
Three machine‐learning models were implemented to classify successful and unsuccessful
embryo implantation using both EHG and TVUS features.
For each machine‐learning model, feature selection was carried out to identify the optimum
feature set using forward feature selection with a leave‐one‐out approach. The proposed
classifiers were tested and trained in a nested cross validation (CV) loop, in the interest of
reducing over‐fitting.
In particular, as shown in Figure 8.2, our adopted strategy consisted of first performing forward‐
feature selection, then tuning the hyper‐parameters of the classifiers in an inner CV loop and,
finally, validating the output model on new data in an outer CV loop.

8.2.4.1 Feature selection
Feature selection is an important step in machine learning and it has several advantages such
as, enabling the machine learning algorithm to train faster, reducing the complexity of the
model and making it easier to interpret, improving the model accuracy if the right subset of
features is chosen, and reducing over‐fitting.
Several methodologies and techniques can be employed to define a subset of the feature space
and help the model performing better and efficiently. In this study, correlation filtering was first
performed to reduce redundancy in the data by measuring the relevance of the features based
on their correlation with the class labels26.
All features were ranked based on the obtained Pearson’s correlation coefficient and the top
10 features were selected and used as the best subset of features.
When the feature vector has multiple dimensions, less significant features might contribute as
well to increase the performance of the classifier when combined with other features. A
wrapper method based on forward feature selection27 was employed to search the optimum
feature set that performs best in classifying successful and unsuccessful pregnancies.
Briefly, the whole machine learning process started by loading one feature at the time. The
feature giving the best performance was chosen first; additional features were, then, added
incrementally. At each step, the combination of features that gave the largest improvement
was chosen.
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The forward feature selection process stopped when the addition of a new feature did not
improve the performance of the model.
The scale of the features in the dataset varied greatly; discriminative machine learning
techniques depend on the distance of observations, and this can produce a bias28; therefore,
prior to feature selection, the data were normalized to zero mean and unit variance.

Figure 8.2: Overview of the machine‐learning framework with nested cross validation. The entire nested
cross validation loop starts after selecting a feature pool by correlation filtering. (1) The outer loop is used to
validate the model selected by the inner CV loop (2). The original dataset (16 observations) is divided in
training set (15 observations) and test set (1 observation) by performing the leave‐one‐out method. (2) The
inner CV loop is used for tuning the hyper‐parameters of the classifier. Here, the training set (15
observations), generated by the outer loop, is further divided in training set (14 observations) and test set (1
observation) in a Leave‐one‐out fashion.

8.2.4.2 Nested cross validation
Generally, model selection with CV uses the same data to optimize the model parameters and
evaluate the model performance. The resulting information may thus ‘leak’ into the model
overfitting the data. The entity of this effect is mainly dependent on the size of the dataset and
stability of the model29.
To avoid this problem, we employed nested CV, often used to train models in which hyper‐
parameters also need optimization that adequately uses a series of train/validation/test set
splits.
The nested CV consisted of an inner CV loop nested in an outer CV loop. After preforming
correlation filtering to obtain a feature pool aiming at helping the model to make better
prediction, first an inner CV loop Figure 8.2‐2 was used to tune the hyper‐parameters of the
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classifier. Second, an outer CV loop Figure 8.2‐1) was used to validate the model selected by
the inner CV loop on new data.
The adopted approach consisted of splitting the set of n observation (16 patients) into a training
and test set by using leave‐one‐out approach. In this way, the training set contained all but one
observation while the test set contained only that one observation (Figure 8.2‐1). For each
training set, the inner CV loop was used for tuning the hyper‐parameters of the model
containing the first feature that was loaded. Here, the training set was split again into a training
set (14 observations) and test set (1 observation) by leave‐one‐out. The model was trained with
each hyper‐parameter on the training set and evaluated on the test set, keeping track of the
performance metrics. This process was repeated as many times as the length of the training set
(15 observations) foe each hyper‐parameter. The hyper‐parameters that showed the highest
performance on the test set were then chosen to be the optimal ones.
The outer CV loop (Figure 8.2‐1) was then used to validate the model with the loaded feature
and the best hyper‐parameters selected in the training set (inner loop). The whole process was
repeated 16 times such that each observation is used in the test set one time. Finally, the score
for the 16 observations was saved and the highest score was chosen. Once all 16 observations
are tested, performance metrics are used for assessing the prediction performance of the full
machine‐learning models and the feature selection.
Then, additional features were added incrementally and the nested CV loop was again
performed. Repeating the strategy described above, the combination of features that gave the
most improvement was chosen.
Based on the test set in the outer CV loop, a confusion matrix was obtained that describes the
complete performance of the machine learning models30. From this confusion matrix, accuracy,
sensitivity, and specificity were derived for evaluating the performance of different feature
combinations together with best hyper‐parameters for the three adopted classifiers.
The method used for optimizing the hyper‐parameters was based on a full search where all
possible combinations of values are tested together with the loaded features. For each feature
and/or combination of features loaded into the model, hyper‐parameter optimization was
performed. Accuracy was also here adopted as performance metrics for choosing the best
hyper‐parameters in the inner CV loop.

8.2.4.3 Classifier
Three machine‐learning models were employed to classify successful and unsuccessful
pregnancy groups using the extracted EHG and TVUS features. The machine learning models
are briefly introduced as follows.
a) Support vector machine: A Support Vector Machine (SVM) is a discriminative classifier
formally defined by a separating hyperplane. SVM maps the input vector into a feature
space of higher dimensionality and identifies the hyper‐plane that separates the
observations into two classes31. The marginal distance between the decision hyper‐
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plane and the instances that are closest to the boundary between the two classes was
maximized.
In a real‐life scenario, the data are not always linearly separable; therefore, a kernel trick
can be applied for mapping the data to a higher dimension in order to achieve more
effective data separation28. In this study, the radial based function (rbf) was chosen as
a kernel trick.
The optimization of the parameter setting was carried out in the inner CV loop for each
feature combination. The optimization was achieved by a full grid search using
exponentially growing sequences which have been shown to give the best results for
optimizing SVM hyper‐parameters32.
The ranges adopted in this study for hyper‐parameter optimization by grid search are
{10‐6, 10‐5,..., 105, 106} for the cost and {2‐6, 2‐5,..., 25, 26}$ for the kernel scale.
The optimum hyper‐parameter was then chosen based on the best performance score
given by the accuracy metrics.
b) K‐nearest neighbors: K‐nearest neighbors (KNN) is a simple classifier that can be used
to classify multiple classes. KNN assumes similarity of observations in close proximity.
In other words, an observation is classified by a majority vote of its neighbors, with the
observation being assigned to the class most common among its K nearest neighbors
measured by a similarity measure which was here chosen to be the Euclidean distance.
The range adopted in this study for optimizing K was {1, 3, 5, 7, 9}. K was chosen to be
odd number preventing the occurrence of a tie; moreover, it was limited to nine
because higher K values did not increase the classifier performance. The best K was
selected based on the accuracy metric.
c) Gaussian mixture model: A Gaussian mixture model is a probabilistic model that
assumes all the observations to be generated form a mixture of a finite number of
Gaussian distributions with unknown parameters. The Gaussian distributions were
estimated using an iterative Expectation‐Maximization algorithm which is based on
computing the probability that an observation belongs to a distribution for all
observations. From these posterior probabilities, mean and variance were computed by
maximum‐likelihood. The classes were separately modeled using a mixture of Gaussian
distributions which were set to either one or two per class and subject to optimization.
The class with the highest probability was selected by the classifier.

8.2.5 Statistical analysis
Statistical analysis was performed to identify significant differences between the successful and
unsuccessful pregnancy groups based on the extracted features by EHG and TVUS methods.
Shapiro‐Wilk test33 was employed to assess data Gaussianity. Two‐tailed Student's test was
performed for comparing the two groups for each adopted feature in case of Gaussian
distribution (p > 0.05), while Wilcoxon‐signed rank test34 was performed to establish the
significance level (p value) of the median differences for each adopted features in case of data
not Gaussian distributed (p < 0.05). For all the analyses, the confidence level α was set at 0.05.
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8.3 RESULTS
8.3.1 Statistical analysis of EHG and TVUS feature pool
The feature pool obtained after correlation filtering are reported in Table 8.1 per each
measurement phase together with their values and the statistical results.
In particular, all EHG features were not Gaussian distributed (p < 0.05) according to the Shapiro‐
Wilk test. Therefore, successful and unsuccessful pregnancy groups were compared for each
adopted EHG feature by Wilcoxon‐signed rank test to establish the significance level (p value)
of the median differences. All the adopted EHG features did not significantly differ and their p
values are reported together with their median and interquartile range (IQR) values.
According to the Shapiro‐Wilk test, all TVUS features were instead Gaussian distributed (p >
0.05). Therefore, two‐tailed Student's t‐test was performed for comparing successful and
unsuccessful pregnancy groups for each adopted TVUS features. The significance of feature
differences able to separate successful and unsuccessful pregnancy groups for features
extracted by speckle tracking and SVD methods, respectively, are reported in Table 8.1 together
with their mean and standard deviation (SD) values.

8.3.1 Classification results
Table 8.2, Table 8.3, and Table 8.4 report the performance of different feature combinations in
terms of accuracy, sensitivity, and specificity using the three adopted classifiers. The
performance is reported per each measurement phase. The best performance of each machine
learning method using its own optimum feature set is highlighted in each table in light red color.

8.4 DISCUSSION
In this study, we assessed the clinical value of our proposed methods for uterine activity
analysis in the context of IVF procedure and we explored classification pregnancy success
initiated by IVF using frequency‐, amplitude‐, and energy‐related features extracted form EHG
and TVUS motion signals. A crucial task for pregnancy prediction is identifying effective feature
combinations able to distinguish successful and unsuccessful pregnancy groups. To this end,
multiple features were combined to serve as input for the proposed machine‐learning models,
and forward‐feature selection was employed to find the optimum feature set. Three classifiers
were employed and compared on the same database. Hyper‐parameter optimization was
performed in a nested‐cross validation loop.
When an individual feature was used, fc (DL) (contraction frequency extracted from the
distance along the longitudinal direction by TVUS speckle tracking) provided the best accuracy
performance on SVM (81.3%), KNN (87.5%), and GMM (81.3%) during ET1 phase, e.g., one hour
before embryo transfer. Moreover, this feature showed already significant separation (p < 0.05)
between successful and unsuccessful pregnancy outside a machine‐learning framework, as also
shown in Table 8.1.
According to Tables 8.2 and 8.3, individual frequency features such as MF (DT) and MDF (DT)
also provided a good performance on SVM (87.5%) in the FS phase, and on KNN (81.35%) in the
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ET5‐7 phase, respectively. These results indicate that frequency‐related features can
distinguish between successful and unsuccessful pregnancies in a machine‐learning framework.
However, these two features did not significantly separate the two group outside the machine‐
learning framework (Table 8.1). Further in the selection procedure, different features were
added into each optimum feature set leading to an improved classification performance.
Besides the best individual features fc (DL), MF (DT), and MDF (DT), there are common features
selected by the three machine‐learning models in the three measurement phases. In particular,

Table 8.1: Feature pool selected after correlation filtering per each measurement phase. The values are
given in terms of mean ± SD of the successful (SP) and unsuccessful pregnancy (FP) group together with the
p values obtained from two‐tailed Student's t‐test for Gaussian distributed data. In case of non Gaussian
distributed data, the values are reported in terms of median and interquartile range (IQR) together with the
p values obtained from Wilcoxon‐signed rank test.
MEASUREMENT PHASE: FS (Follicle stimulation)
Feature

Method

F1 FS: MDF (DT) [Hz]

TVUS speckle tracking

SP
0,030 ± 0,003

FP

p value

0,034 ± 0,003

0,041*

F2 FS: fc (DL) [UC/min]

TVUS speckle tracking

1,154 ± 0,252

1,500 ± 0,003

0,103

F3 FS: MF [Hz]

TVUS - SVD

1,043 ± 0,003

0,040 ± 0,003

0,021*

F4 FS: MDF [Hz]

TVUS – SVD

0,046 ± 0,006

0,041 ± 0,006

0,031*

F5 FS: fc (SL) [UC/min]

TVUS speckle tracking

2,907 ± 0,230

3,030 ± 0,006

0,271

F6 FS: fc (DT) [UC/min]

TVUS speckle tracking

1,253 ± 0,414

1,455 ± 0,006

0,282

F7 FS: MF (DT) [Hz]

TVUS speckle tracking

0,033 ± 0,001

0,034 ± 0,002

0,336

F8 FS: MF (DL) [Hz]

TVUS speckle tracking

0,034 ± 0,002

0,035 ± 0,002

0,384

F9 FS: fc [UC/min]

TVUS – SVD

2,754 ± 0,255

2,532 ± 0,602

0,048*

F10 FS: MDF [Hz]

EHG

0,477 (IQR: 0,338)

0,605 (IQR: 0,588)

0,812

MEASUREMENT PHASE: ET1 (one hour before embryo transfer )
Feature
F1 ET1: fc (DL) [UC/min]

Method

SP

FP

p value

TVUS speckle tracking

1,452 ± 0,388

0,930 ± 0,301

0,006*

F2 ET1: MDF (SL) [Hz]

TVUS speckle tracking

0,048 ± 0,002

0,050 ± 0,002

0,171

F3 ET1: UFM [mV Hz3/2]

EHG - SVD

0,8x108 (IQR: 5,2x108)

1,2x108 (IQR: 1,7x108)

0,937

F4 ET1: SD [mV]

EHG – SVD

0,88 (IQR: 0,08x10-2)

1,07 (IQR:0,02x10-2)

0,938

F5 ET1: fc (DT) [UC/min]

TVUS speckle tracking

1,508 ± 0,600

1,241 ± 0,290

0,289

F6 ET1: fc (ST) [UC/min]

TVUS speckle tracking

3,214 ± 0,536

2,870 ± 0,632

0,298

F7 ET1: MF (DT) [Hz]

TVUS speckle tracking

0,035 ± 0,003

0,033 ± 0,003

0,313

F8 ET1: SD (DT) [pix]

TVUS speckle tracking

1,054 ± 0,540

0,836 ± 0,303

0,355

F9 ET1: MF (ST) [Hz]

TVUS speckle tracking

0,048 ± 0,004

0,047 ± 0,003

0,453

F10 ET1: MDF (ST) [Hz]

TVUS speckle tracking

0,051 ± 0,005

0,050 ± 0,004

0,459

MEASUREMENT PHASE: ET5-7 (five to seven after embryo transfer )
Feature

Method

SP

FP

p value

F1 ET5-7: MDF (ST) [Hz]

TVUS speckle tracking

0,050 ± 0,003

0,045 ± 0,004

0,042*

F2 ET5-7: MF (DT) [Hz]

TVUS speckle tracking

0,035 ± 0,001

0,032 ± 0,003

0,032*

F3 ET5-7: MDF (DT) [Hz]

TVUS speckle tracking

0,032 ± 0,001

0,028 ± 0,004

0,098

F4 ET5-7: fc (DT) [UC/min]

TVUS speckle tracking

1,466 ± 0,441

1,099 ± 0,420

0,135

F5 ET5-7: fc [UC/min]

TVUS - SVD

2,320 ± 0,416

1,999 ± 0,365

0,225

F6 ET5-7: fc (SL) [UC/min]

TVUS speckle tracking

2,882 ± 0,350

3,207 ± 0,437

0,155

F7 ET5-7: MDF [Hz]

EHG

0,576 (IQR: 0,170)

0,653 (IQR: 0,231)

0,218
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F8 ET5-7: MF (ST) [Hz]

TVUS speckle tracking

0,046 ± 0,002

0,045 ± 0,003

F9 ET5-7: SD [mV]

EHG - SVD

0,398 (IQR: 0,730)

1,664 (IQR: 4,797)

0,246
0,578

F10 ET5-7: MDF (SL) [Hz]

TVUS speckle tracking

0,047 ± 0,002

0,046 ± 0,002

0,505

* = p < 0,05 according to the two‐tailed Student's t‐test; (DL) and (DT): feature extracted from the distance signal along the longitudinal and
transversal direction, respectively; (SL) and (ST): feature extracted from the strain signal along the longitudinal and transversal direction,
respectively.

during the ET1 phase, UFM, SD, and fc (DT) features are included together with the strongest
feature fc (DL) in the optimum feature set for both SVM and KNN classifiers; the same classifiers
included features MDF (DT) and fc (SL) in their optimum feature set in the ET5‐7 phase.

Table 8.2: Performance of different feature combinations using the Support Vector Machine in the three
considered measurement phases. The optimum feature set is highlighted in red.
MEASUREMENT PHASE: FS (Follicle stimulation)
Iteration

Feature

Accuracy (%)

Sensitivity (%)

1

{F7 FS}

87,5 %

71,4 %

Specificity (%)
100 %

2

{F7 FS, F4 FS}

75,0 %

85,7 %

66,7 %

3

{F7 FS, F4 FS, F1 FS}

87,5 %

71,4 %

100 %

4

{F7 FS, F4 FS, F1 FS, F9 FS}

93,8 %

100 %

88,9 %

5

{F7 FS, F4 FS, F1 FS, F9 FS, F2 FS}

68,8 %

71,4 %

66,7 %

MEASUREMENT PHASE: ET1 (one hour before embryo transfer)
Iteration

Feature

Accuracy (%)

Sensitivity (%)

1

{F1 ET1}

81,3 %

57,1 %

Specificity (%)
100 %

2

{F1 ET1, F3 ET1}

93,8 %

85,7 %

100 %

3

{F1 ET1, F3 ET1, F4 ET1}

93,8 %

85,7 %

100 %

4

{F1 ET1, F3 ET1, F4 ET1, F5 ET1}

93,8 %

100 %

88,9 %

5

{F1 ET1, F3 ET1, F4 ET1, F5 ET1, F7 ET1}

87,5 %

71,4 %

100 %

MEASUREMENT PHASE: ET5-7 (five to seven days after embryo transfer)
Iteration

Feature

Accuracy (%)

Sensitivity (%)

1

{F3 ET5-7}

68,8 %

42,9 %

Specificity (%)
88,9 %

2

{F3 ET5-7, F6 ET5-7}

75,0 %

71,4 %

77,8 %

3

{F3 ET5-7, F6 ET5-7, F1 ET5-7}

75,0 %

71,4 %

77,8 %

4

{F3 ET5-7, F6 ET5-7, F1 ET5-7, F5 ET5-7}

75,0 %

57,1 %

88,9 %

5

{F3 ET5-7, F6 ET5-7, F1 ET5-7, F5 ET5-7, F2 ET5-7}

81,3 %

71,4 %

88,9 %

6

{F3 ET5-7, F6 ET5-7, F1 ET5-7, F5 ET5-7, F2 ET5-7, F9 ET5-7}

87,5 %

71,4 %

100 %

7

{F3 ET5-7, F6 ET5-7, F1 ET5-7, F5 ET5-7, F2 ET5-7, F9 ET5-7, F4 ET5-7 }

75,0 %

57,1 %

88,9 %

These results indicate that the distinguishing ability of these features is independent of the
adopted machine‐learning models. On the other hand, the three classifiers ended up with
different optimum feature sets, suggesting that the optimum feature set is dependent on the
classifier; hence, in order to achieve the best classification performance, the feature selection
procedure should be carried out separately for each machine‐learning model.

155

Chapter 8

In general, SVM and KNN classifiers achieved better accuracy performance than GMM using
their own optimum feature sets. In particular, SVM and KNN achieved the highest accuracy
performance (93.8%) in the FS and ET1 phases, although the optimum feature sets were
different. Lower accuracy performance (87.5%) was achieved in the ET5‐7 phase.
A general observation concerns the type of features that are included in each optimum feature
set. According to our results, in the FS phase both SVM and KNN classifiers included only
frequency‐related feature in their optimum feature sets while in the ET1 phase they included
the combination of frequency‐, amplitude, and energy‐related features. In particular, in the FS
phase, the successful pregnancy group presented overall lower values of the frequency
Table 8.3: Performance of different feature combinations using the K‐Nearest neighbors in the three
considered measurement phases. The optimum feature set is highlighted in red.
MEASUREMENT PHASE: FS (Follicle stimulation)
Iteration

Feature

Accuracy (%)

Sensitivity (%)

1

{F1 FS}

75,0 %

57,2 %

Specificity (%)
88,9 %

2

{F1 FS, F2 FS}

81,3 %

71,4 %

88,9 %

3

{F1 FS, F2 FS, F4 FS}

87,5 %

71,4 %

88,9 %

4

{F1 FS, F2 FS, F4 FS, F10 FS}

93,8 %

100 %

88,9 %

5

{F1 FS, F2 FS, F4 FS, F10 FS, F3 FS}

87,5 %

100 %

77,8 %

MEASUREMENT PHASE: ET1 (one hour before embryo transfer)
Iteration

Feature

1

{F1 ET1}

Accuracy (%)
81,3 %

Sensitivity (%)
57,1 %

Specificity (%)
100 %

2

{F1 ET1, F5 ET1}

93,8 %

85,7 %

100 %

3

{F1 ET1, F5 ET1, F4 ET1}

93,8 %

85,7 %

100 %

4

{F1 ET1, F5 ET1, F4 ET1, F8 ET1}

93,8 %

100 %

88,9 %

5

{F1 ET1, F5 ET1, F4 ET1, F8 ET1, F3 ET1}

93,8 %

85,7 %

100 %

6

{F1 ET1, F5 ET1, F4 ET1, F8 ET1, F3 ET1, F2 ET1}

87,5 %

85,7 %

88,9 %

MEASUREMENT PHASE: ET5-7 (five to seven days after embryo transfer)
Iteration

Feature

Accuracy (%)

Sensitivity (%)

1

{F3 ET5-7}

81,3 %

74,1 %

Specificity (%)
88,9 %

2

{F3 ET5-7, F6 ET5-7}

87,5 %

71,4 %

100 %

3

{F3 ET5-7, F6 ET5-7, F8 ET5-7}

87,5 %

71,4 %

100 %

4

{F3 ET5-7, F6 ET5-7, F8 ET5-7, F2 ET5-7}

75,0 %

71,4 %

77,8 %

Table IV: Performance of different feature combinations using the Gaussian Mixture Model in the three
considered measurement phases. The optimum feature set is highlighted in red.
MEASUREMENT PHASE: FS (Follicle stimulation)
Iteration

Feature

Accuracy (%)

Sensitivity (%)

1

{F6 FS}

75,0 %

57,1 %

Specificity (%)
88,9 %

2

{F6 FS, F9 FS}

56,3 %

42,9 %

66,7 %

Specificity (%)

MEASUREMENT PHASE: ET1 (one hour before embryo transfer)
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Iteration

Feature

Accuracy (%)

Sensitivity (%)

1

{F1 ET1}

81,3 %

71,4 %

88,9 %

2

{F1 ET1, F3 ET1}

87,5 %

87,5 %

88,9 %
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3

{F1 ET1, F3 ET1, F10 ET1}

81,3 %

85,7 %

77,8 %

MEASUREMENT PHASE: ET5-7 (five to seven days after embryo transfer)
Iteration

Feature

Accuracy (%)

Sensitivity (%)

Specificity (%)

1

{F7 ET5-7}

75,0 %

100 %

55,6 %

2

{F7 ET5-7, F8 ET5-7}

75,0 %

85,7 %

77,8 %

3

{F7 ET5-7, F8 ET5-7, F4 ET5-7}

75,0 %

85,7 %

66,7 %

4

{F7 ET5-7, F8 ET5-7, F4 ET5-7, F5 ET5-7}

62,5 %

57,1 %

66,7 %

features compared to the unsuccessful pregnancy group. This finding may be related to the
uterine reaction to hormone injection for follicle stimulation. According to the mean values in
Table I, the unsuccessful group presented an excessive response to the treatment showing
higher uterine activity. Noteworthy, in this study some of the indications for IVF treatment
comprise endometriosis and hormonal disorders. It is known that in the presence of moderate
endometriosis the uterine activity is higher compared to healthy conditions or mild
endometriosis35, 36 and it might become even higher under hyperstimulation during the IVF
cycle. Unfortunately, very little is known about the effect of hormone administration during IVF
on uterine activity and, therefore, on the receptiveness of the uterus.
Regarding the ET phase, the successful pregnancy group presented overall higher values of the
frequency features and lower values of the energy and amplitude features compared to the
unsuccessful pregnancy group. This result suggests that the combination of higher frequency
with lower energy and amplitude in the uterine activity, observed one hour before ET, might
favour embryo implantation and, thus, successful IVF treatment. It would be reasonable to
think that the embryo, once inserted into the uterine cavity, needs contractions in order to bind
to the uterine wall and implant. On the other hand, these contractions should not be strong in
terms of amplitude and energy as they could cause the expulsion of the embryo out of the
uterine cavity.
The inclusion of frequency‐, energy‐, and amplitude‐related features in the optimum feature
sets of the SVM and KNN classifiers may also suggest that a complete characterization of the
uterine activity is needed for prediction of IVF success.
An interesting result concerns the strongest single feature fc (DL); the obtained mean values
are comparable to what is reported in Zhu et al. 37 where the highest pregnancy rate (63.55%)
was observed in women with fc in the range 1.1‐ 2.0 UC/min while women with fc ≤ 1.0 UC/min
presented reduced pregnancy rate (58.97%), which became even lower (6.25% and 0.00%) for
fc > 3.1UC/min. In our study, we could not observe fc higher than 2.0 UC/min for the
unsuccessful pregnancy group; a possible reason may reside in our small dataset to the large
dataset (292 women) included in Zhu et al. 37. Also Woolcott et al.38 reported that improved
IVF outcome was obtained when uterine activity was present just before the ET in comparison
with cases in which it was absent.
Based on the optimum feature set of each classifier, mostly consisting of frequency features,
the characterization of the uterine activity in terms of frequency is dependent on the classifier;
it is therefore difficult to generalize on the uterine activity‐characteristics required for
prediction of successful pregnancy.
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In general, the obtained predictions of embryo implantation during the ET5‐7 phase was poor.
Unfortunately, there is no literature on uterine activity in relation to IVF outcome during this
phase; based on our results, we can only speculate about the fact that the embryo is expected
to be already implanted at this stage of the IVF cycle; therefore, the uterine contractions might
no longer hinder the embryo nesting process in the uterine wall.
The uterine activity is a complex phenomenon involving either the outer or inner muscle layers
with generalized and local consequences. Therefore, in this study, we combined EHG and B‐
mode TVUS motion analysis for a complete assessment of electromechanical uterine activity.
In particular, we assessed local uterine activity by tracking specific areas of the subendometrial
layer as well as global uterine activity by EHG analysis, being more sensitive to the outer muscle
layer, and by deriving the temporal variation signals after SVD decomposition of both EHG and
TVUS recordings.
The proposed approach based on SVD only shows promise. This is also confirmed by the
number of features included in the optimum feature set of each classifier in the three
measurement phases. In particular, the features F2 and F4 (median and contraction frequency
extracted from the TVUS temporal variation signal) significantly (p < 0.05) separated successful
and unsuccessful pregnancy group in the FS phase outside the machine‐learning framework.
The frequency band used in this study for calculating the energy ratio metric for singular value
selection both in EHG and B‐mode TVUS recordings was based on the contraction frequency
observed in5, 14. Future studies with larger datasets should also investigate different frequency
bands based on our results.
Besides frequency‐, energy‐, and amplitude‐related features, uterine activity patterns appear
to be a promising feature of uterine receptivity, at least in natural menstrual cycles39, 40. In IVF
cycles, specific wave‐like activity patterns are associated to the occurrence of pregnancy39, 41.
Therefore, the estimation of additional features representative of the spatiotemporal uterine
activity patterns, such as propagation direction and velocity, could add relevant information to
our machine‐learning framework for the predictability of a successful embryo implantation.
In the future, optimization of IVF treatment protocols based on patient characteristics could
also be carried out by e.g. personalizing the dose of medications administrated during the IVF
treatment before ET to modulate uterine activity for approaching optimal range. For example,
in the presence of unfavorable uterine activity, classification would permit proper decision
making, either delaying ET to later natural cycles by freezing the embryos or modulating uterine
activity by specific and precise pharmacological intervention, e.g. oxytocin antagonists, such as
Atosiban, Nolasiban, and Barusiban, for favoring embryo implantation9‐11.
As improvement to the classifier it might be interesting to look at other feature reduction
techniques like backwards feature selection or a feature filter based on mutual information.
These techniques can help reduce overfitting during the optimization process42. If a larger
dataset becomes available in the future other cross validation methods, like K‐fold cross
validation, can be tested besides the leave one‐out method. This type of cross validation
methods are expected to produce less variance in the performance metrics42.
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The presented work represents a first step toward better embryo implantation prediction,
showing already the ability to classify successful and unsuccessful pregnancy when measuring
the uterine activity one hour before ET. The clinical value of our proposed method requires
however extensive validation in vivo during the IVF cycle; this can spur additional insight
expanding our knowledge on the electromechanical uterine activity and its role in conception
and fertilization.

8.5 CONCLUSION
Understanding the role of uterine activity in influencing uterine receptivity, especially during
ET, has always been limited by the lack of quantitative measurement tools. The possibility to
objectively and noninvasively measure and classify uterine activity outside pregnancy
represents a fundamental step towards improved embryo implantation and thus IVF treatment.
In this study, probabilistic classification of the electromechanical uterine activity, as either
favorable or adverse to ET, was investigated by machine learning.
Enabled by the adopted multi‐modal EHG and TVUS acquisitions of the uterine activity,
frequency‐, amplitude‐, and energy‐related features were extracted from the recorded signals
and optimally combined by three machine‐learning models; a forward‐feature selection
procedure was employed to find the optimum feature set in each of the three measurement
phases.
Our classification results reveal that among the three considered classifiers, the SVM and KNN
produced higher accuracy. In particular, the highest accuracy (93.8%) was obtained when
measuring during the follicle stimulation and one hour before ET; in fact predicting before the
ET has more impact on clinical practice. Lower accuracy (87.5%) was instead achieved when
measuring five to seven days after ET.
Frequency‐, energy‐, and amplitude‐related features such as fc, UFM and SD, respectively,
obtained from TVUS motion and EHG analysis, were included by SVM and KNN in their optimum
feature sets; this suggests that the ability of these features to separate successful and
unsuccessful pregnancy is independent of classifiers. These features may contribute to produce
the best prediction of embryo implantation improving the IVF procedure. Yet, a larger dataset
is required for improved training of the considered classifiers.
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9
DISCUSSION AND FUTURE
PERSPECTIVES
This final chapter provides a critical discussion and conclusion of the research conducted in this
thesis, along with future perspectives.
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In this work, new methods have been proposed to quantitatively and non‐invasively
measure the electromechanical uterine activity both in natural and stimulated cycles,
especially in relation to embryo transfer. To this end, transabdominal EHG and TVUS
motion analysis have been investigated. Frequency‐, amplitude‐, and energy‐related
features have been extracted from the measured signals with the help of a dedicated signal
processing strategies. The extracted features have been further assessed, as either
favorable or adverse to embryo implantation, through probabilistic classification by
machine learning. In the following sections the resulting observations, contributions and
main limitations of the adopted strategies are discussed separately for each method.
Finally, general conclusions are drawn and some future perspectives are given.

9.1 Part I: Electrohysterography in the non-pregnant uterus
9.1a Propagation of spontaneous biopotentials in the ex-vivo human uterus
(Chapter 2)
In Chapter 2, the electrophysiology underlying the uterine contractions was studied in ex‐
vivo human uteri. By performing multichannel EHG measurements directly on a resected
uteri, without any connection to the human body as well as without electrical or hormonal
stimulus, the presence of spontaneous electrical activity was investigated and its
propagation characterized. The main objective of this study was to evaluate the ability of
the uterus to produce biopotentials autonomously, as well as to investigate the presence
of particular areas where the contractions originate.
Main observations and contributions
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Spontaneous biopotentials can be measured and characterized in an unstimulated ex‐
vivo human uterus by performing EHG measurements. This finding is supported by two
observations: EHG signals with significantly higher average amplitude (root mean
squared values) than control showing decay over time, and the presence of propagation
both internally and externally.



Among the five measured uteri, four showed erratic propagation while only one showed
plane‐wave propagation. This uterus showing plane wave, belonged to a patient who
was operated while menstruating. Notwithstanding the limited number of included
uteri, this finding, which may be a coincidence, is in line with existing theories
comparing menstruation to labour2, 15, 77, 81, 98. In fact, during labor biopotentials are
more coordinated and characterized by recognizable directions19. Moreover, based on
physiological changes hat occur during menstruation, which resemble pregnancy,
labour has been actually considered as just delayed menstruation20. Therefore, the
observed difference in the propagation patterns between the menstruating uterus and
the other uteri might be ascribed to electrophysiological changes comparable to those
observed during the evolution from pregnancy to labor.

Discussion and future perspectives



No specific pace‐making area has been found in the myometrial tissue. This finding,
which is in line with other studies carried on during pregnancy and in animals21‐25,
suggests the presence of many pace‐making areas throughout the uterus. Therefore,
the initiation and propagation of electrical activity in the uterus, unlike the heart,
appears to be a complex mechanism26 suggesting that every myocyte has pace‐making
capabilities.



Unfortunately, internal measurements performed by the intrauterine array did not
show a pattern in the direction and velocity of the measured biopotentials as compared
to external measurements. The observed disagreement might be explained by the
architecture of the uterus itself. In this regard, substantiated theory states that the
inner layer of the myometrium and endometrium form a functional unit with a different
embryological origin compared to outer myometrial layers27. Along the side of this
theory, the inner and outer uterine layers could exhibit different propagation patterns,
which would explain the discrepancy between the two measurements.

Challenges and limitations


The major limitation of this study relates to the small group size of 5 uteri, which cannot
be representative of the various uterine behaviors observed in women during the
different phases of the menstrual cycle; therefore, the characterization of the
electrophysiological uterine activity results difficult, especially because the results refer
to pathological conditions, such as adenomyosis and leiomayoma. Moreover, one
uterus was menstruating and, by nature, this myometrial tissue behaves differently
compared to not menstruating uteri28. Including more ex‐vivo uteri that could be
grouped based on pathology and phase of the menstrual cycle could significantly
improve the scientific contribution of the study.



Simultaneous electrical and mechanical recordings could support a deeper
understanding of the uterine physiology ex vivo. In this study, the presence of the high‐
density grid covering most of the myometrial wall and the intrauterine array inserted
into the uterine cavity, hampered the possibility to perform simultaneous US
measurements. However, in similar conditions, no movement could be observed by US
in ex‐vivo uteri. This is possibly due to the lack of muscle perfusion, limiting the
metabolic possibilities and energy levels to produce actual muscle contraction.



The comparison between external and internal measurements has been complicated
by the different material, geometry and size of the adopted sensors. Moreover, while
the high‐density grid was well attached to the myometrial wall, the position of the
intrauterine array was not well identified after its insertion into the cavity. Therefore,
some of the electrodes on the internal array could have had poor electrode‐tissue
contact which might also explain the lower average root mean squared (RMS) amplitude
compared to the one measured with the external grid.
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9.1b Feasibility of transabdominal electrohysterography for analysis of uterine
activity in non-pregnant women (Chapter 2)
Based on Chapter 2, transabdominal EHG has proven valuable to characterize noninvasively
electrical uterine activity, but results of this technique in non‐pregnant women are scarce.
Therefore, in Chapter 3, the feasibility of EHG was investigated in healthy non‐pregnant
women to differentiate uterine activity throughout the menstrual cycle. In fact, due to the
lack of a golden standard for assessment of electrical uterine activity outside pregnancy,
the validation approach relied on different motion patterns reported for the uterus at
different phases of the menstrual cycle4, 9, 17.
Main observations and contributions
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With respect to alternative invasive methods, such as IUP, HSSG, and qualitative US
measurements, transabdominal EHG measurements allowed for the first time the
recording of biopotentials underlying the physiological process of uterine muscle
contractions across the menstrual cycle in non‐pregnant human uteri.



Literature has indicated that uterine activity in the healthy uterus fluctuates across the
menstrual cycle reaching an active state in the follicular phase and becoming
progressively more quiet during the luteal phase. Moreover, a wave‐like, peristaltic
activity has been observed during most of the menstrual cycle as opposed to menses
and parturition when cramping‐like contractions dominate1‐6. The obtained results have
shown consistent, significant differences, especially when using the UFM indicator,
between menses phase and all the other phases, possibly due to the cramping‐like
contractions. The fact the women can feel cramps and pain during menstruation
represents an additional evidence of these cramping‐like contractions characterized,
according to our results, by higher energy and amplitude compared to the other phases.



All the extracted features have shown a decreasing trend in their values along the
menstrual cycle form menses to luteal phase. Although the measured decrease was not
significant, it may reflect a progressively more quiet state of the uterus along the
menstrual cycle that is in line with the uterine function of promoting embryo
implantation by increased receptivity. These findings are in contrast to previous TVUS
and IUP measurement results, which have reported a progressive increase of the
uterine activity in terms of frequency and intensity in the follicular phase followed by a
decrease in the luteal phase7,8,3. Moreover, when the uterus manifests labour‐like
contractions (during menses), the activity concerns mainly the outer two‐third layer of
the myometrium, while in the inner one‐third layer (subendometrial layer) remains
mostly quiet9.



With the help of a multichannel grid we have demonstrated the feasibility of
multichannel EHG recordings, paving the way to possible future studies aimed at
assessing contraction direction and velocity.

Discussion and future perspectives



The obtained promising results motivate towards the employment of EHG
measurement as a method to improve understanding and management of uterine
dysfunction related to abnormal contractions, such as infertility, endometriosis, and
dysmenorrhea.

Challenges and limitations


The validation of the results presented in this work is hampered by the lack of a golden
standard for quantification of uterine contractions in a non‐pregnant human uterus.
The results of this study have been indirectly validated based on physiological
observations, which rely on the different contraction patterns reported for the uterus
at different phase of the menstrual cycle.



The difference between the results obtained in this study and those reported from
previous studies based on TVUS and IUP measurements may be ascribed to the different
nature of the measurement approaches (electrical vs. mechanical); therefore, their
direct comparison is not straightforward due to the underlying physiological
mechanisms, which remains still unknown.



While the electrical activity of the uterus is better characterized during pregnancy10, 11,
53, 54
, there is no standard technique for recording electrical data on the small
contractions that occur outside pregnancy12. An EHG measurement system typically
consists of a set of electrodes placed on the abdominal skin. In the studies available up
until now, mostly during pregnancy, a wide range of electrode types, number of
electrodes, and electrode positions have been used to measure electrical uterine
activity12, 51, 55, and no analyses have been performed to determine the optimal
configurations. In this study, the choice of a multichannel‐electrode grid may provide
sufficient spatial resolution for analysis of EHG propagation properties in future work13,
14
. Yet, broader coverage of the abdominal surface may be useful for further improved
recording and assessment of unterine activity.

9.2 Part II: Quantitative sonography in the non-pregnant uterus
9.2a Experimental setup for objective evaluation of uterine motion analysis by
ultrasound speckle tracking (Chapter 4)
In Chapter 4, we presented an experimental setup based on a human ex‐vivo uterus able to
generate controlled uterine motion aiming at assessing the accuracy of motion tracking
techniques and obtaining clear indications on the optimal imaging setting. Uterine motion
was obtained by injecting saline through a balloon catheter inserted into the uterine cavity.
This way, controlled, rhythmic uterine motion was generated by an electromagnetic
actuator while maintaining the original speckle characteristics. The proposed setup was
used for comparison of ultrasound speckle tracking methods. We used a two‐step control
approach which consisted of comparing first the motion of the needle markers, used to
realize a clear reference for uterine motion tracking, with the driving sinusoidal signal of
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the motor, and then comparing the tracked motion of surrounding uterine tissue with the
motion of the corresponding needle markers.
Main observations and contributions


The proposed experimental setup based on an ex‐vivo uterus is able to generate
controlled tissue motion, providing a realistic ground truth for objective evaluation
of US speckle tracking methods.



The motion of the needle markers, established by the proposed speckle tracking
method, showed high agreement with the driving signal (correlation coefficient: r =
0.909 ± 0.054; mean squared error: MSE = 0.010 ± 0.054; Hausdorff distance: Hd =
0.413 ± 0.250; normalized values expressed in terms of mean and standard
deviation), revealing the ability of the needle markers to follow the well‐controlled
and rhythmic uterine motion generated by the experimental setup.



The best agreement with the needle markers (the reference signals) was obtained
by sum of absolute difference (SAD) tracking with a block size equal to twice the
uterine speckle size (3.448 x 3.448 mm2). This size was therefore used for tracking
the uterine motion in natural (Chapter 5) as well as in stimulated (Chapter 7 and 8)
menstrual cycles.



Besides wave‐like (sinusoidal) motion, with the proposed setup, different motion
patterns can also be generated for testing and optimizing the speckle tracking in
different conditions, such as in the presence of adenomyosis, or myomas; in this
way, it could be possible to better characterize the influence of abnormal tissue on
uterine motion.

Challenges and limitations
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Compared to real uterine motion, the developed setup has led to motion
limitations. Uterine motion normally propagates as a peristaltic wave‐like along the
myometrium9. Such a wave cannot be reproduced by the developed setup.
However, our main objective was to generate controlled tissue motion maintaining
the original speckle characteristics for objective evaluation of speckle tracking
performance.



Imaging and localizing needle markers is no trivial task. Extensive research in US is
focused on needle tracking56‐58. In our setup, we have selected an insonation angle
that produced sufficient backscatter. Yet, the use of inserted needles can also affect
tissue motion. In future studies, different markers should be considered that
facilitate the tracking while limiting the effects on tissue motion

Discussion and future perspectives

9.2b Dedicated ultrasound speckle tracking for quantitative analysis of uterine
motion outside pregnancy (Chapter 5)
In Chapter 5, we proposed a dedicated approach for uterine‐motion quantification by TVUS.
Motion tracking was implemented by speckle tracking integrating several novel aspects,
such as SVD filtering for enhancing uterine motion over noise, clutter, and uncorrelated
motion induced by neighbouring organs and probe movements; median filtering of the
matching coordinates for improving the robustness to noise and speckle decorrelation;
diamond search to reduce the computational search time. The proposed methods were
first validated ex vivo and then used in vivo. Due to the lack of a golden standard for
assessment of mechanical uterine activity outside pregnancy, the validation approach
relied on different motion patterns reported for the uterus at different phases of the
menstrual cycle.
Main observations and contributions


Ex vivo, SVD filtering aimed at optimizing the correlation and squared error with the ex‐
vivo reference improved the performance of speckle tracking. An energy ratio (ER)
metric for uterine component selection was defined, successfully optimized ex vivo, and
finaly applied for in‐vivo analysis.



Ex vivo, when comparing with full grid search (FGS), our diamond search (DS) strategy
did not result in a deterioration of tracking quality as confirmed by the comparable
performance with FGS obtained for the r and MSE metrics, while achieving a threefold
increase in the computational speed. This favours the real‐time implementation of the
method in clinical practice.



In vivo, block matching by SAD, including DS strategy and median filtering, provided the
best estimation of motion and strain along the longitudinal direction, which is aligned
with back and forward uterine motion between cervix and fundus. Differently from
standard FGS, DS is not constrained in a predefined search area and the presence of
outliers can severly affect the performance of speckle tracking. In this study, median
filtering mitigated the effect of outliers more efficiently than mean filtering, which was
especially relevant in combination with a DS without a predefined search area.



Among the extracted amplitude‐, frequency‐, and energy features, contraction
frequency (fc) and median frequency (MDF) most significantly differentiated between
the most active and the quietest phase of the uterus.



fc was higher in the late follicular phase and lower in the late luteal phase. The resulting
trend is completely in line with previous studies based on TVUS visual inspection and
intrauterine pressure (IUP) measurements17, 4. Instead, the estimated fc (1.57 ± 0.27
UC/min) was comparable to that obtained by Kunz et al.29. However, this fc appeared to
be in the lower limits of what has been described by the majority of US studies, according
to which fc usually ranges between 1 and 5 UC/min, but can even reach up to 10 UC/min4.
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During the late luteal phase, the results in Bulletti et al. obtained by visual inspection17
suggest fc to be equal to 0.8 ± 0.3 UC/min while we detected 1.05 ± 0.34 UC/min. The
difficulty of visualizing small contractions may lead to miss‐counting by visual inspection,
possibly explaining the difference in the estimated fc.



MDF confirmed the late follicular phase to be the most active as shown previously in the
literature17, while revealing menses phase to be the quietest. The particular electrical
behavior of menses phase already assessed in Chapter 2 and 3 for the measurement of
the electrical uterine activity, occurs in the mechanical activity of the uterus as well. As
already explained, during menses the uterine muscle manifests labour‐like activity
alternating with quiescent periods of inactivity17, 2, 4, 6 and all the activity concerns mainly
the outer two‐third layer of the myometrium while the inner one‐third remains mostly
quiet9. In this study, the region investigated by speckle tracking was the
subendometrium (inner one‐third layer), possibly explaining the lower uterine activity
detected during menses.



The number of selected singular values based on the ER metric confirmed the finding
obtained by the MDF feature. As the singular values relate to the temporal dynamics of
the temporal variation signal V(t), during the LF phase, the uterus seemed to show more
activity and more singular values were selected for representing that particular uterine
state; on the contrary, during menses fewer singular values were selected for
representing the quiet uterine state.

Challenges and limitations


The validation of the results presented in this work is hampered by the lack of a golden
standard for quantification of uterine contractions in a non‐pregnant human uterus. In
this study, as in the EHG study (Chapter 2), TVUS speckle tracking results have been
indirectly validated based on physiological observations which rely on the different
contractility reported for the uterus at different phases of the menstrual cycle.



The frequency band used for singular value selection when using the ER metric was
based on the contraction frequencies obtained by Bulletti et al.17 during the natural
menstrual cycle by visual inspection. Investigation of different frequency bands, also
depending on the tracked myometrial layers, is needed for optimization of our methods.



In this study, the analysis of the mechanical uterine motion was limited to the fundal
area of the uterus, known to be the most contractile part of the uterus30. However,
whether this area can be representative of the contraction behavior of the whole organ
is still unknown. Also unknown is the strain in other directions and, in particular, in
different tissue layers.



Although this study represents a first preliminary step for accurate assessment of the
mechanical uterine activity, also accounting for its spatial distribution, its clinical
translation requires more extensive validation and optimization in vivo.
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Due to the three‐dimensional (3D) evolution of contractions in the uterus, for which
origin and direction of propagation are time‐varying and a priori unknown, and due
to movement artifacts, introduced either by the operator or by surrounding tissues,
the 2D ultrasound image sequences used for this study can be affected by out‐of‐
plane movements. A method for uterine contraction analysis that is robust to this
type of artifacts should rely on 3D US image sequences. To this end, dedicated
algorithms should be developed for 3D analysis that are optimized for the generated
3D speckle patterns.

9.2c Blind source separation for clutter and noise suppression in ultrasound
imaging: critical review for different applications (Chapter 6)
In Chapter 6, we described and tested the use of BSS filtering in US for several applications,
including speckle tracking. The employment of BSS filtering was tested in silico (human
heart model), in vitro (ex‐vivo human uterus), and in vivo (uteri in healthy women).
Main observations and contributions


Focusing on US speckle tracking, well‐tailored BSS filtering outperformed the traditional
filtering techniques. The main reason for this lies in the fact that BBS exploits the
statistical independence or orthogonality of the spatiotemporal “sources” and,
therefore, it is less affected by overlap of clutter and noise in the spatial or temporal
(frequency) domain.



Among all US approaches considered, SVD in combination with spectral thresholding
performed the best. This result confirms our choice for the proposed ER metric (Chapter
5), based on a specific frequency band, for the separation of uterine motion from
uncorrelated sources and noise contamination in US speckle tracking.



Compared to other BSS methods, NMF underperformed in US speckle tracking, possibly
because periodic motion, such as uterine motion, is best approximated when the
singular values may also be negative.

Challenges and limitations


As all spatial dimensions are collected in rows in the Casorati matrix, filtering can be
easily extended to 3D acquisitions. In fact, the availability of a larger spatial support
might lead to improved BSS performance62. However, BSS techniques generally require
substantially more computational power and time compared to traditional filtering.



An alternative approach to SVD filtering might be considered in which the frequency
requirements are adjusted during the recording or depending on the context; for
example, different frequency thresholds could be employed for different phases of the
menstrual cycle, accounting for the different uterine behavior. In this study, a fixed
frequency band was used to retain the relevant components reflecting uterine motion
in the all considered phases of the menstrual cycle.
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It remains to be investigated whether soft (smooth) rather than hard thresholding can
improve BSS filtering by avoiding block artifacts63. In this study, especially for US speckle
tracking, the inclusion of consecutive singular components was adopted to avoid
artifacts introduced by the inclusion of sparse components. The effect of these artifacts,
however, depends on the specific application and should be studied more in detail.

9.3 Part III: Assessment of uterine activity for predicting successful embryo
implantation
9.3a Quantitative ultrasound imaging for assessment of uterine contractility during
in-vitro fertilization (Chapter 7)
In Chapter 7, the proposed TVUS speckle tracking method, optimized ex vivo (Chapters 4 and
5) and validated in healthy women (Chapter 5), was employed to measure and characterize the
mechanical uterine activity in women undergoing IVF treatment, especially in relation to
embryo implantation success. Frequency‐, amplitude‐, and energy‐related features were
extracted from the measured signals following the same measurement protocol as in Chapter
6. The obtained uterine activity was compared to that obtained in a natural menstrual cycle
(Chapter 6). Moreover, the relationship between the implantation/pregnancy outcome and
the measured uterine activity was assessed in terms of frequency and amplitude of the
contractions. The correlation with clinical variables, such as hormone levels, stimulation related
features, and thickness of endometrium layer was also evaluated.
Main observations and contributions


The overall uterine activity, in terms of frequency and amplitude shows a decrease in
uterine activity along the three measurement phases for all patients; in particular, the
follicle stimulation (FS) phase significantly differed (p < 0.05) from one hour before
embryo transfer (ET1) and five to seven days after embryo transfer (ET5‐7) phases. This
result, which is in line with the literature31, 32, indicates that patients respond well to the
FS treatment showing higher uterine activity that decreases immediately before embryo
transfer.



When comparing patients with non ongoing and ongoing implantation (OI) as well as
non ongoing and pregnancy (OP), the contraction frequency (fc), extracted from the
distance signal longitudinally, appeared to be the most powerful feature able to
significantly separate (p = 0.028 for OI and p = 0.006 for OP) the groups immediately
before ET (ET1). Patients with OI and OP presented an average number of fc equal to
1.35 UC/min and 1.45 UC/min, respectively, while lower values, 0.91 UC/min and 0.93
UC/min, were obtained in patients with no OI and no OP, respectively. These values are
comparable to those reported by Zhu et al.33, where the highest pregnancy rate
(63.55%) was achieved when women presented fc in the range 1.1 ‐2.0 UC/min while
women with fc ≤ 1.0 UC/min presented reduced pregnancy rate (58.97%). Also Woolcott
et al.34 reported that improved IVF outcome was obtained when uterine activity was
present compared to cases in which it was absent.
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Immediately before ET, patients with OI and/or OP presented significantly higher (p =
0.015) uterine activity in terms of frequency compared to patient with no OI and/or no
OP. Uterine activity in terms of amplitude was instead lower for patients with OI and/or
OP, but not significantly lower. This finding may suggest that the combination of higher
frequency and lower amplitude in the uterine activity may contribute to successful
embryo implantation. It is in fact reasonable to think that the embryo, once inserted into
the uterine cavity, needs help (moderate uterine contractions) to bind to the uterine
wall and implant; on the other hand, these contractions should not be strong (higher
amplitude) as they could expel the embryo from the uterine cavity.



No correlation was found between implantation/pregnancy outcome and the clinical
variables, such as hormone levels, stimulation related features, thickness of
endometrium layer and embryo quality. This evidences the potential of the proposed
TVUS speckle tracking method in characterizing uterine activity for successful embryo
implanation.



Uterine activity in terms of amplitude and frequency in the OI and/or OP groups was
comparable with that of healthy women while it was higher for the non OI and/or OP
groups.

Challenges and limitations


The clinical value of our proposed method requires extensive validation in vivo during
the IVF cycle; this can spur additional insight expanding our knowledge on the uterine
motion and its role in conception and fertilization.



The obtained fc appeared to be in the lower limit of that reported in other studies65‐67
which are based on visual inspection counting a global number of contractions without
distinghuishing between the different uterine layers. In this study, we focused
specifically on the subendometrial layer, where the tracking is performed.



The negative correlation between frequency and amplitude features may also be
ascribed to the effect of noise on the frequency estimator. At low contraction
amplitudes, approaching the noise floor, the estimated frequency characteristics may
be dominated by the noise frequency spectrum, resulting in higher values. In future
studies, the frequency spectra of noise and estimated signals (motion and strain signals)
should be investigated in order to confirm the hypothesized physiological rationale
explaining our measurement results.

9.3b Multi-modal uterine-activity measurements for prediction of embryo
implantation by machine learning (Chapter 8)
In Chapter 8, we proposed a method to predict the success of embryo implantation based on
features extracted from EHG and TVUS measurements. To this end, probabilistic classification
of the uterine activity, as either favorable or adverse to embryo transfer (ET), was investigated
using machine learning.
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Main observations and contributions


The best prediction accuracy (93.8%) was achieved by the support vector machine (SVM)
and K‐nearest neighbours (KNN) classifiers when measuring during follicle stimulation
(FS) and one hour before ET (ET1); in fact, predicting before ET has more impact on
clinical practice as, in case of unfavorable uterine activity, ET could either be delayed to
later cycles freezing the embryos or uterine contractions characteristics could be
modulated by specific treatment for favoring embryo implantation35, 36. Lower
prediction accuracy (75%, 87.5%, and 75%) was instead achieved by the Gaussian
mixture model (GMM) classifier when measuring during FS, ET1, and five to seven days
after ET (ET5‐7), respectively. This finding may suggest that our data cannot be well
represented as a Gaussian distribution.



The contraction frequency (fc), extracted longitudinally from the distance signal when
employing TVUS speckle tracking, provided the best prediction accuracy on SVM
(81.3%), KNN (87.5%), and GMM (81.3%) during the ET1 measurement phase when it
was used as individual feature in the machine‐learning framework.



Frequency‐, amplitude‐, and energy‐related features, such as fc, SD, and UFM,
respectively, obtained from TVUS motion and EHG analysis, were included by SVM and
KNN in their optimum feature sets; this suggests that the ability of these features to
separate successful and usuccessful IVF treatment is independent of the employed
classifiers. Moreover, these features may contribute to produce the best prediction of
embryo implantation improving, therefore, IVF treatment.



The predictive value of uterine activity was independent of embryo quality; this
evidences the great potential of the proposed method.

Challenges and limitations
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The clinical value of our proposed method requires extensive validation in vivo during
the IVF cycle; this can spur additional insight expanding our knowledge on the
electromechanical uterine activity and its role in conception and fertilization.



The lack of direction and velocity features hampered the full characterization of the
electromechanical uterine activity. Therefore, the estimation of additional features
representative of the spatiotemporal uterine activity patterns, such as propagation
direction and velocity, could add relevant information to the proposed machine‐
learning framework for the predictability of a successful embryo implantation.



A 3D multi‐parametric strategy, which combines the estimated parameters by EHG and
TVUS, may provide a further boost to the diagnostic performance in predicting
successful embryo implantation.



A larger dataset would allow the use of other cross validation techniques, such as k‐fold
cross validation. This type of technique is expected to produce less variance in the
performance metrics 46.

Discussion and future perspectives

9.4 General discussion and conclusions
Characterizing uterine activity outside pregnancy is of key importance to improve diagnosis as
well as clinical decision‐making in the context of in‐vitro fertilization (IVF). Uterine receptivity is
a determinant for successful conception. There is strong evidence of a major involvement of
uterine contractions in IVF failure 47, 31, 48, 1. Precise pharmacological interventions on
contractions are possible and can boost the success rate of IVF 36, 49, 50. Therefore, new
advanced technology is strongly needed for quantification of uterine contractions aimed at
understanding their role during IVF as well as in natural menstrual cycles. Up until now, the only
options for quantification of uterine contractions have been either invasive, such as
intrauterine pressure catheters, or indirect and requiring ionizing radiations, such as
hysterosalpingoscintigraphy. The first one can interfere with the natural contractions due to
irritation and reflex mechanisms, while the second one, because of the associated exposure to
ionizing radiations, is unsuitable in the context of IVF. Being safe, widely available, and cost‐
effective, TVUS represents a valuable alternative for characterization of mechanical uterine
contractions while transabdominal EHG has been proven to be a reliable and non‐invasive
measurement tool for characterizing the uterine electrical activity during pregnancy.
Our research produced novel methods for the assessment of different aspects of uterine
activity outside pregnancy by EHG and TVUS measurements. These measurements are
complicated by several technical and clinical challenges, such as poor EHG SNR due to the small
size of the non‐pregnant human uterus, complex and irregular contraction patterns, complex
multilayer uterine structure, and limited and slow uterine motion compared to neighboring
organs as well as the lack of a ground truth that hampers the optimization of the proposed
methods. To deal with these challenges, we have proposed an approach that relies on the
design of methods that are based on knowledge of the uterine structure, physiology, and
electromechanical behavior outside pregnancy. Frequency‐, amplitude‐, and energy‐related
features were extracted from the derived signals and compared among the representative
phases of the menstrual cycle for validation. Moreover, the results obtained by the two
methods elucidated the complex uterine behavior outside pregnancy; in particular, by
investigation of the spatial distribution of the uterine activity, we confirmed and evidenced the
different activity of the inner and outer myometrial layers measured by EHG and TVUS speckle
tracking, respectively.
Electrical uterine activity was measured by recording biopotentials using an electrode matrix
placed over the lower abdomen, just above the pubic bone. In order to maximize the coverage
of the uterus, the correct placement of the grid was guided by TVUS. A set of features was
extracted by the single‐channel EHG signal. Dedicated pre‐filtering was performed on the
acquired signal. Features were extracted following a 2‐step approach. In step 1 different
methods were used to provide a set of signals, referred as time‐varying features. From these
features, the frequency, amplitude, and energy global indicators were extracted in step 2 and
compared among the representative phases of the menstrual cycle for validation.
Accurate estimation of features describing frequency, amplitude, and energy of the uterine
contractions is essential to understand their role in IVF treatments, aimed at supporting with
timing and pharmacological preparation of the embryo transfer into the uterine cavity. In fact,
the key objective of the proposed methods is to distinguish between potentially successful and
unsuccessful IVF attempts by features extracted from ultrasound and EHG data recorded
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before and/or at the moment of embryo transfer.
Mechanical uterine activity was assessed by strain analysis performed by speckle tracking,
which was implemented by block matching, accelerated by a diamond search. Singular value
decomposition was used as a pre‐processing step to enhance the motion patterns associated
with the uterine activity while suppressing other components related to other organs or cardiac
pulse waves. All the parameters of the tracking method were optimized by a dedicated ex‐vivo
experimental setup. The output produced by the implemented analysis consisted of several
types of motion and strain that are relative to the uterine anatomy, showing longitudinal and
transversal motion and strain. Frequency‐, amplitude‐, and energy‐related features were
extracted from the derived signals and compared among the representative phases of the
menstrual cycle for validation.
We examined several dedicated BSS techniques as preprocessing step to improve US speckle
tracking. The obtained results suggest SVD in combination with spectral‐thresholding to
provide a more accurate estimate of the uterine motion relative to the one where SVD is not
applied, confirming our choice to use SVD based on the ER metric in human studies. The
obtained promising results also motivated the employment of SVD filtering for providing a
better estimate of the electrical uterine activity.
We also exploited the combination of the extracted features by machine learning to boost the
accuracy of our prediction model by exploiting the complementarity of the estimated features,
ranging from the frequency and amplitude of the mechanical contractions, up to the
characterization of their electrical source. Our classification results show that a multi‐
parametric strategy, which combines the estimated parameters, is feasible and establishes an
improved prediction of ET success.

9.5 Future perspectives
The proposed methods could represent a technical breakthrough, opening up new possibilities
to improve IVF through an established link between uterine contractility, infertility conditions,
and IVF failure. TVUS speckle tracking and EHG, as proposed in this thesis, have potential to
provide automatic assessment of the electromechanical uterine activity, establishing a solid
basis for future research.
EHG measurements have proven to be reliable for monitoring uterine contractions during
labour11, 19 , 37, 42, 43, 55 and real‐time EHG technology is available for use in daily practice. Real‐
time EHG analysis outside pregnancy could also be implemented and integrated in a dedicated
system for clinical use. Along this line, flexible, lightweight multichannel active electrode
patches have been recently proposed that can record and amplify biopotential signals as well
as allow analogue‐to‐digital conversion and serial wireless transmission to a base station38,64.
Being flexible and conformable to the shape of the muscle under investigation, such an
electrode patch is potentially less sensitive to motion artifacts; moreover, it increases patient
comfort during long‐term electromyography (EMG) and EHG recordings relative to bulky EMG
and EHG devices. Accordingly, such patches would provide an asset for user‐friendly
measurements in daily clinical practice. However, extensive validation in the context of EHG is
needed, especially outside pregnancy when dealing with low amplitude signals. Yet, the
interpretability of the recorded biopotentials at the abdominal surface outside pregnancy is still
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difficult. In fact, the uterine contraction physiology is not fully understood despite the
promising results obtained in this thesis. These issues complicate the development of such an
EHG measurement system.
Future work could aim at improving the interpretability of the measured abdominal
biopotentials determining, for example, the optimal inter‐electrode distance in relation to the
increased depth at which the uterus lies into the uterine cavity compared to pregnancy (Figure
9.1). Moreover, technical challenges need to be addressed, such as the interference of other
biopotential signals, for instance from surrounding organs such as bladder and intestine,
respiration and movement artefacts, and variation in skin impedance39‐42. In this respect, the
adoption of SVD, as a pre‐processing step for IVF data, already contributed to an enhancement
of the signal components associated with the uterine electrical activity while suppressing other
components related to other organs or the electrocardiogram signal. The frequency band used
for selecting the relevant singular values was based on the EHG frequency content during
pregnancy43; therefore, future studies should investigate different frequency bands, also
depending on the measured EHG signal reflecting the myometrial activity. Moreover, an in‐vivo
propagation analysis on a larger dataset will provide information about the direction of the UC,
which may play an important role for the embryo transfer, possibly helping to further improve
the IVF treatment44, 45, 1. An important contribution for studying the conduction properties of
EHG signals can be provided by modeling techniques. The biological tissues interposed between
the electrical source at the myometrium and the recording site at the skin act as a volume
conductor producing a spatial low‐pass filtering effect51. In the future, the effect of the volume
conductor can be formalized in the spatial frequency domain by a transfer function that
accounts for the physical and geometrical properties of the biological tissues interposed
between the source of the electrical current in the myometrium and the recording site on the
skin.
Our proposed TVUS measurements have provided powerful features for prediction of IVF
success. Together with a larger dataset, features describing the direction and velocity of the
uterine contractions may be considered in the future to understand their role in IVF treatments,
as specific wave‐like activity patterns are associated to the occurrence of pregnancy44, 45, 1; in
order to achieve this, a grid of points covering the full subendometrial area should replace the
few points used in this thesis. Moreover, given the complex contraction mechanism of the non‐
pregnant uterus, 3D analysis would be required to achieve a better understanding of the
contraction pattern throughout the menstrual cycle as well as in the context of IVF. To this end,
enabled by the method described in this thesis, additional analysis focusing on strain mapping
and of feasibility of 3D analysis by speckle tracking has been recently carried out45 in our lab.
Several types of strain that are relative to the uterine anatomy, showing longitudinal, circular,
and radial strain, along with non‐directional area or volume strain were derived by speckle
tracking. Additional spatiotemporal analysis in the frequency domain was used to produce
global estimates of propagation of the uterine contraction waves 45. An example of the
produced strain maps is shown in Figure 9.2. Preliminary analysis of uterine motion has also
been implemented in 3D, but the results pertain to a very small dataset. An example of a full
3D map is shown in Figure 9.3. Extensive datasets both in 2D and 3D are however required to
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Figure 9.1: Anatomical difference between pregnant and non‐pregnant human uterus.

produce additional clinical evidence and data for the optimization of the designed algorithms.
In general, the obtained promising results motivate reinforcing our clinical evidence and
implementing minimal viable software that complies with medical requirements and can serve
as a solid basis for a successful valorisation strategy. The method is currently implemented in a
high‐level programming language (Matlab), and is able to process 2D and 3D ultrasound
acquisitions running on any desktop. The required input is a B‐Mode ultrasound loop, which
can be provided in DICOM or other video formats. As a result, the analysis can easily be
performed on acquisitions made by any ultrasound scanner.
Next to the use of B‐Mode images, which permits working with different scanners, speckle
tracking can be performed directly on the radio‐frequency (RF) signal (prior to demodulation),
enabling high‐resolution tracking which may be especially useful for tracking small uterine
movements. Yet, similar to B‐mode speckle tracking, this approach is also affected by the
intrinsic anisotropy of ultrasound imaging, showing higher resolution in the axial direction.
However, effective solutions to this limitation have been shown by compounding different
ultrasound beam directions50.
Incorporating the full set of transabdominal EHG and TVUS features, related to frequency,
amplitude, energy, velocity and contraction direction into a clearly defined multi‐parametric
protocol is of great importance for the clinical implementation of these techniques. Future
work should therefore include the development of a complete multi‐parametric solution that
suits the clinical workflow, and enables not only detection of the electromechanical uterine
activity in terms of frequency, amplitude, and energy, but also in terms of velocity and direction.
Ultimately, the use of the proposed two methods (EHG and TVUS) should support decision
making throughout the IVF cycle, possibly improving the success rate. Based on this work, TVUS
motion analysis seems to provide the most suitable option for quantitative, non‐invasive
assessment of UCs in order to address IVF failure. This is also confirmed by the probabilistic
classification analysis where a higher number of TVUS features are used by the classifiers
compared to the EHG features. The lack of understanding about uterine contractility, in
particular uncertainties on initiation, propagation, and relation to mechanical events, together
with the low SNR due to the small size of the uterus, poses important challenges to the EHG
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Figure 9.2: Example of uterine (area) strain map
contraction (red) and relaxation (blue)45.

Figure 9.3: Examples of 3D representations of uterine
contractions.

methodology. The uterine electrophysiology requires further investigation; in this respect, EHG
analysis would certainly represent a valuable measurement tool, being non‐invasive and
suitable for long‐term recordings. Mechanical uterine activity appears to be more
understandable and interpretable by gynaecologists compared to the electrical activity, given
the complex mechanisms underlying the uterine electrophysiology.
Another aspect which should not to be underestimated concerns the implementation of
electromechanical measurements of the uterus by EHG and TVUS in the clinical workflow.
While TVUS recordings are already part of clinical routine practice, EHG measurements are
expected to require time for their clinical translation and acceptance. This is caused in part by
a long learning curve, requiring good understanding of the analysis software and interpretation
of complex biopontential plots.
On the other hand, while EHG measurements are suitable for long‐term recordings, TVUS
recordings are uncomfortable for both patient and for the sonographer, who needs to keep the
probe in a fixed position for several minutes. In this study, we recorded the electromechanical
uterine activity for 4 minutes, which is longer compared to standard/average US recordings in
clinical practice. In this early stage of the research, longer measurements were necessary due
to the uncertainties on UC characteristics and physiology. To reduce the patient discomfort due
to the use of a TVUS probe, the possibility of decreasing the TVUS recording time to e.g. half
time (2‐min) should be considered and investigated in the future. Based on the available data,
similar trends can already be detected by using half recording, even though the lower number
of contractions (about two contractions in the late luteal phase) may limit the statistical
significance of the observed differences.
Moreover, the use of a probe fix would seem a much more natural solution since the position
of the non‐pregnant uterus does not change over time.
The proposed methods can help clinicians make the crucial decision between performing the
embryo transfer right away in a fresh cycle or freezing the embryo and postponing the embryo
transfer to a more receptive moment. Nowadays, IVF embryo laboratories have knowledge and
skills in freezing embryos such that the outcome is comparable or even superior with that
obtained by fresh IVF transfers59‐61.
Next to adjusting the time of embryo transfer, modulation of the contraction characteristics by
pharmacological compounds is an additional valuable option that can be pursued once uterine
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contractions can objectively be characterized. This perspective can make the proposed
methods attractive to pharmaceutical companies marketing compounds that modulate the
uterine contractility (e.g., Atosiban, Nolasiban, and Barusiban). In the future, dedicated clinical
trials can be designed with the aim of characterizing the effects of these pharmaceutical
treatments and optimizing their use to improve IVF success.
More in general, quantitative analysis of electromechanical uterine activity can also serve as a
valuable diagnostic tool for other common uterine pathologies, such as adenomyosis,
myomas, menstrual pain and characterization of Cesarian scar niches.
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