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Abstract
This report illustrates the final internship in the author’s master period in data science
direction. The author chose to work in Internet financial industry during this internship,
study and implement the knowledge she have learned, including using Deep Neural Networks
to build the models to train the real user-data and test their performance, and the design of
the Restricted Boltzmann Machines model. The performance of the Deep Neural Networks
model worked fine with 2064 features and 3,000,000 samples. Eventually, the AUC values
reached 88.9% and KS value reached 0.55 after adding batch normalization to the output
of each hidden layer.
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Introduction

This section contains the introductions of the company I was attended during the internship.
For understanding the content of my internship better, I will explain the tasks I am working
on and the current situation of the project as well.

1.1

Introduction of the internship and Qunar.com

This internship is the final internship during my master study of data science specialty,
I need to work in data science related industry and use the knowledge I acquired during
the master study to accomplish the work. Since I decided that my future career will be
developed in China, I came back to China, after a few interviews, I decided to work in an
Internet company called Qunar.com in Beijing, starting from 9 May, 2017.
Qunar.com is an online travel service provider located in Beijing, China, it provides
services including accommodation reservation, transportation ticketing, packaged tour, corporate travel management, and have plans for extending to other businesses, mostly concentrated in Greater China Region. The user base of Qunar.com is more than 100,000,000
in 2017.
Nowadays, Internet financial is a trendy topic everywhere in the world, especially in
China, each big institution and company, such as Alibaba and Baidu, is trying to increase
income through Internet financial businesses. So as Qunar.com. Based on huge amount
of data collected from users’ operations on this platform, Qunar.com developed Internet
financial businesses, including online micro-finance and loans. Users can apply loans on
Qunar’s platform and use the money to pay for Qunar’s travelling and transportation
products or directly get money in hand for other utilized. The new businesses increased
the sales of Qunar’s products and earn extra money for the investors who put their money
on Qunar’s platform to loan.
For credit evaluation and risk management, our big data team of financial department is
developing the “Credit Score” product to illustrate each user’s credit situation and predict
the risk of his future loans. Other than some daily data demands from the financial products
team, I worked on building the model of Credit Score with our big data team in financial
department, to train the model and test on real data.

1.2

Introduction to the usage of credit score in internet financial circumstances

Credit score is not a brand new concept in traditional financial businesses, it exists in
credit card application process, housing loans and private loans for a long time. Trough
studying the applicant’s consumption records and credit records for the last 6-18 months
(24-36 months for housing loans), the bank will calculate a credit score for each applicant
to represent his credit record and predict the risk of his loans being bad debts. If the
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Figure 1: Qunar.com IOS App - Chinese ver-Figure 2: Qunar.com IOS App - English version
sion
applicant’s score is high, means he has positive credit record and low risk of being bad
loaner, means the bank has high possibility to earn positive income from his loans. In
the opposite situation, if the applicant has low score, means the bank has to undertake
the high risk of his not repaying the loans so that the bank will lost the money of this
loans. Therefore, it’s reasonable that the bank won’t loan the money to the applicant has
low credit score. Hence, credit score is a dominant method to reject bad applicants before
they performing bad during the loan process and decrease the possible loss of the financial
institutions.
As same as the traditional financial businesses, the credit score stands dominant reputation of decreasing the possible loss of internet financial businesses as well. However, unlike
the calculation of credit score in traditional financial businesses, we don’t hire professionals
to calculate the credit score, we apply algorithms to the data and let machines to learn
the correlations between variables in internet financial circumstances. By extracting the
identity and action history on Qunar’s platform, we acquired the consumption records and
payment records of the applicant, which will be used to learn to calculate the credit score.
If the credit score is high, the platform will increase the quota of possible loans for the
3

applicant automatically or offer correspondent benefits and private discount. In theory, as
the quota being increased for the positive user, our positive income will be increased as
well.
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2
2.1

Task of the project
Status and plans of the project

The internet financial businesses have been online for almost 2 years, and the first version
of credit score has also been used for 8 months. This first-version-model used Neural
Networks (’NN’ for short) to train the user’s feature, analyze the user’s performance in
multiple dimensions and predict if this user’s performance will be good during the future
loans. So far, it was working effective.
Within this version of credit score, 20 features were chosen to express each user’s performance, and they were discretized to more than 50 variables. After training, the prediction
error was around 0.3, which was not a very good number, but still could work as a standard
version. My mission during this internship was to add more features to this model and optimize it. After this, a second version of credit score using Restricted Boltzmann Machines
(’RBM’ for short) was planned to be developed.
The main task of this project is to optimize the credit score model, either to optimize
the existing NN model or to develop a RBM model.
The first stage was to optimize the existing NN model. By optimizing this model, first
step was to dig in the NN model, and then the following step was to add more features to
this model. In my implementation, I tried to feed the model with more than 2000 dimension
features and test the DNN model with different number of hidden layers as well. Besides,
I also tried to feed the multiple-hidden-layer DNN with large amount of data, and apply
Xavier initialization and batch normalization to it. Eventually, I got a pretty good result.
For the RBM model, I understood the concept of RBM first, and planed to develop
a new training model at the mid-stage of the internship. However, since the above DNN
model got a excellent result after training, we believed the whole development move of
RBM model is not necessary. Hence, there is only a design of RBM model in this report.

2.2

Credit Score V1 optimization

Data preparation
Before building each model, the steps of data preparation is necessary. There are millions
of users’ information in Qunar ’s database, we can not use them all. The first action need
to be done is data filtering and data clustering.
Since we need to clarify which user is tend to be a positive user and which user is likely
to be a negative user in this training, I follow the standard which is set by my college to
filter the delayed repayment information of users and set label ’1’ for bad users, the bad
users are who have max delayed repayment records for over 30 days during the periods
they are supposed to repay their loans. And ’0’ for those who never has delay repayment
records. After collected the features of those users in the database, the data was split into
training data (70%) and test data (30%).
5

For training the first version of credit score, the difference between features should be
eliminated. I discretized the 20+ features into 50+ several intervals, in order to use logistic
regression to get the predict label of the test data. However, for large amount of features,
implementing discretization for each feature could be tedious, so for the following 2,000
features, I applied normalization to the feature data. And then, I chose to implement the
DNN with different size of training and test data, to see how different size of data affects
the effects of the training.
TensorFlow
TensorFlow is an open source software library for numerical computation using data flow
graphs. It’s developed by Google and is wildly used in deep learning area both in academics
world and in industrial community. Mostly coded in Python. Many algorithms have already
been implemented in TensorFlow and I used it not for the model itself, also for trying
different types of optimizers of the loss function.
Neural Networks
Machine learning methods have been popular for the last 20 years in industrial world, they
were deployed to extract information from the raw data and then to implement predictions
or classifications. However, machine learning is also called feature engineering, because
they are highly relied on the chosen and regeneration processes of the raw data, and the
processes request high educational level intelligent labors[6]. That’s why machine learning
has restrictions. As the rising trend of Artificial Intelligence (AI), the industrial community
are trying to follow the AI. Therefore, we are using deep learning algorithms to solve our
problem.
The algorithm we chose for the first version of credit score is NN. NN is a transition
step from traditional machine learning methods to deep learning algorithms in industry,
it has one hidden layer between input and output layers. As following Figure 3 shows, a
node of traditional neural network capture the input information, then multiply each input
variables with a proper weight, and then the sum passes through an activation function to
get the output information. And the neural networks are the combination of several nodes
as Figure 4 shows with single hidden layer.
In the actual implementation, my colleagues applied NN to our data, developed a NN
training model as Figure 5 shows. It’s a three-layers NN including an input layer and an
output layer with one hidden layer between input and output layers. Our raw data was
split into five dimensions, they are identity features, consumption features, performance
features, action features and social features respectively. NN calculates a weight for each
feature and multiply it to each of them. After adding a bias to each variable, the sum of
each category passes through an activation function, we use Sigmoid here, then we get a
score for each category. Eventually we can get a total score for each user.
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Figure 3: One node of ANN might look alike.Figure 4: The traditional artificial neural networks.

Figure 5: The model of Credit Score V1.
Besides, since I used equally sampling of positive or negative samples, I believed that 0.5
is a proper boundary to determine the user’s category, so that I set the predict results equal
or larger than 0.5 became positive and the others became negative. And then comparing
them with the original label of the user, to evaluate the accuracy of the algorithm. For
evaluating, I will introduce several criterion in the section of Criterion to evaluate the
model.

7

Batch normalization
Before feeding the data to the deep networks, the input data always need to be normalized,
since the weights with different scales of features are not comparable with each other and
it’s tough to achieve the best performance. In a similar way, it should make sense that
the performance and reliability should be improved if the input of each hidden layer being
normalized.
In reference [5], the authors introduces batch normalization for improving training speed
and performance, proved it’s efficient for improving the performance of the model in the
implementation section. Since I was trapped for months that the AUC and KS value were
not improved much, I decided to apply batch normalization to the networks.
Criterion to evaluate the model
In our team, the criterion we always evaluate if a model is good enough are AUC, KS,
ROC curve, recall, precision and so on. They are not created by me, but widely used in the
modeling implementation. The meaning and the computation function of each criterion is
shown below. Before checking out the components each criterion, there are some definitions
that should be known.
• TP: True Positive, it means the model predicts an item as Positive and the item
is actually Positive, so that TP is saying that the model predicts the item right as
Positive.
• TN: Ture Negative, it means the model predicts an item right as negative.
• FP: False Positive, it means the model predicts an item wrong as positive.
• FN: False Negative, it means the model predicts an item wrong as Negative.
• TPR, TNR, FPR, FNR: the rate of TP, TN, FP, FN respectively.
Then I can introduce the following criterion.
• ROC curve: Receiver Operating Characteristic curve, it’s a graphical plot that illustrates the diagnostic ability of a binary classifier system. ROC curve’s X axis is FPR,
and its Y axis is TPR.
• AUC: Area Under Curve, the curve here is ROC curve. Normally, the curve of a
classifier is above the diagnose of (0,0) and (1,1) of ROC, so that AUC is the always
between 0.5 and 1. And since ROC cannot show the capacity of a classifier directly,
we always use AUC to evaluate a model. The larger this value is, the performance of
the model is better.
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• KS: the result of Kolmogorov-Smirnov test. It’s always used to test the distribution
of the data, in this case, it’s utilized to compare the difference of the empirical distributions of the predicted labels of ’1’ and ’0’. The higher the KS value is, the higher
the difference of the two distributions are, means the more effective the classification
is.

Figure 6: The calculation function of KS value.
• Recall: it’s a value that show the TPR of the model. When the AUC is high, but the
value of recall is low, the model could not be used as well.
With the above criterion, we can evaluate the performance the model. Normally, in
industry, when KS value is larger than 0.3, the model is acceptable to use. The value of
AUC is the larger, the better, but overfitting need to be concerned if the value is too large.

2.3

Credit Score RBM version Development

Restricted Boltzmann Machines
A restricted Boltzmann machine (RBM) is a generative stochastic artificial neural network
that can learn a probability distribution over its set of inputs. RBMs are a variant of
Boltzmann Machines. There are two kinds of units in RBMs, they are visible units and
hidden units. The nodes in the same variant don’t have connections with each other, and
there are symmetric connections between a pair of nodes which are not in the same group,
just as the following figure shows.

Figure 7: The general model of RBMs.[1]
RBM could be interpreted as neural network models and can be used to learn the important aspects of an unknown probability distribution based on samples of this distribution.
Learning RBMs means adjusting the parameters so that the probability distribution represented by RBMs fits the training data as much as possible. Then the machine tends to
9

achieve a status of stabilize, means the model reaches a status of optimization. Further,
the neural network corresponding to a trained RBM or DBN(Deep Belief Networks) can be
augmented by an output layer, where units in the new added output layer represent labels
corresponding to observations[2].
The introduction of training RBMs
RBMs were initially invented under the name Harmonium by Paul Smolensky in 1986, and
rose to prominence after Geoffrey Hinton and collaborators invented fast learning algorithms
for them in the mid-2000s. Here we studied the priciples for training RBMs. The functions
following are not created by me, mostly from the book ’Neural Networks: Tricks of the
Trade: Second Edition’.
According to the book, RBMs have five parameters: h refers to the hidden units, v
refers to the visible units, W , b and c refer to the weights of this connections, the bias of
visible units and the bias of hidden units respectively, W , b and c are got from learning.
RBM is an energy based model, the energy of a RBM represents as
Nv ,Nh
Nh
v
E(v, h) = −ΣN
i=1 bi vi − Σj=1 cj hj − Σi,j=1 Wi,j vi hj (1)

In a RBM, the probability of a hidden unit hj being activated is
P (hj |v) = Sigmoid(bj + Σi Wi,j xi ) (2)
Since the connections between visible units and hidden units are bidirectional, visible
units can also be activated by hidden units, the probability is
P (vi |h) = Sigmoid(ci + Σj Wi,j hj ) (3)
With the above three equations, we can train a RBM. For a sample data x, use CD-k
algorithm for training RBMs.
• calculate the probability of each hidden unit being activated base on (2) to get
P (h1 |v1 );
• use Gibbs sampling extract a sample from the calculated probability distribution
h1 P (h1 |v1 );
• reconstruct the visible layer based on h1 use (3), get P (v2 |h1 );
• use Gibbs sampling extract a sample from the calculated probability distribution
v2 P (v2 |h1 );
• compute the probability of hidden units being activated again, P (h2 |v2 );
• update weights:
10

W ← W + η(P (h1 |v1 )v1 − P (h2 |v2 )v2 ),
b ← b + η(v1 − v2 ),
c ← c + η(h1 − h2 ),
η is learning rate.
• repeat step 1 to 6 until the weights being stable.
It is possible to update the weights after estimating the gradient on a single training case,
but it is often more efficient to divide the training set into small “mini-batches” of 10 to 100
cases4 [4] So how to divide the training set into mini-batches is also an issue to concern.
We chose RBMs as a exploration model since it’s a generative model and could be
embedded in neural networks. In the second phase of the internship, I need to developed
the RBM model for training the credit score and test its accuracy.
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3

Current achievement

During the past 4 months, I am involved into the routine work of the team as well as the
credit score project and reached some achievements.

3.1

Credit Score V1 optimization

Test the original model
Firstly, I got familiar with the original model which was developed by a college of mine and
then test the first version of credit score with 20+ features.
I extracted the users’ data from database, and split them according the feature I created
called ’label’. The ’label’ feature has 2 categories. ’1’ means the user has bad repayment
records of being overdue more than 30 days, I considered this user as a negative user, ’0’
means the user does not have any overdue repayment record, I considered this user as a
positive user, and the rest users were not used in this training.
These 20+ features including user’s identity information, payment information and so
on, they were divided into five categories as the model in previous section, and if the total
score is equal to or larger than 0.5, we considered the guess label as 1, means this user is
tend to be a bad user and vice-versa. In the original version, the total score was computed
by taking the average of the five sub-score. I also got a scale of the five sub-score which
was computed by another college who has developed the second version of credit score. I
used these two scales to feed the first version of credit score to test their performance.
After 9999 times of rotation of training using the two scales respectively, I found that
the first scale is better to use in the model since the AUC and KS value performs better
than the other one(which is offered by one of my college). Obviously, the scale got from
another model would not adjust to this NN model well. However, we can see either of the
two models’ results are not ideally, AUC are not achieving 0.7, and KS values are below
0.3, which means these models are not believable and not accurate. As a first version of
credit score, there are lots of space to be improved.
Feed the model with feature market and adjust the model into deep neural
network
Although the main idea of the model is still neural network, but there are a lot to change
in the new model since the massive features entering and hidden layers adding. To explain
clearly what I have changed, I will follow the building steps of the model and then explain
which parts I have changed in this step.
To build a neural training model, there are five steps are essential to follow.
• Prepare the input data;
• Define the placeholders for the inputs to the networks;
12

Figure 8: The performance of taking averageFigure 9: The performance of the scale comof the first scale.
puted by my colleague.
• Define the hidden layer and prediction layer;
• Define the loss function;
• Choose an optimizer to minimize the loss.
Prepare the input data
Stage 1:
The feature market contains less than 2000 features of the users’ consumption performance records on Qunar.com and their identity information. I filtered the users with label
’1’ and ’0’, and mapping their features using ’user_id’ in our database, getting features of
around 30,000,000 users. Then I sorted the 1793 features in the order of ’identity features,
consumption features, performance features, social features, action features’ and removed
the ’user_id’ label. Eventually, I got the data with 1793 features of user’s performance and
consumption information and one label feature of being a positive or a negative user (1).
Since the data was too large to load, I took a subset of 100,000 samples from it to train
in order to speed up the efficiency.
Stage 2:
The feature market has been improved during these days as well. Then it contains 2064
features that I can use including the loan usage situation of each user. I was advised to take
this version of feature market to train the model. Therefore, I involved all these features
into the neural networks. To compare the effects of training with different amount of data,
I took a comparison pair of training datasets with size of (7768, 2064) and (209998, 2064).
The comparison will appears in the section of Result in this chapter.
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Define the placeholders
The size of each category was changed in this step according to the massive features data
I got in last step.
Define the hidden layer and prediction layer
Stage 1: The structure of the hidden layer and prediction is as same as previous.
sub_score = tf.nn.sigmoid(variables × weight + bias)
identity _score+consumption_score+...+action_score
total_score =
5
Stage 2:
The number of hidden layers was increasing to at most 10 considered the training
cost of time and hardware. I used Relu as active function in this stage.And unlike the
implementation in Stage 1, here we use another hidden layer without bias to predict from
5 sub-scores to the total score.
sub_score1 = tf.nn.relu(variables × weight1 + bias1 )
sub_score2 = tf.nn.relu(sub − score1 × weight2 + bias2 )
.
.
.
sub_score = tf.nn.relu(sub − score( n − 1) × weightn + biasn )
total_score = identity_weight × identity_score + consumption_weight ×
consumption_score + ... + action_weight × action_score
Define the loss function
In the whole process of adjusting the deep neural networks, I have changed several times
of the loss functions.
Stage 1:
I used the loss function which was defined by my colleague before, it’s a general loss
function for regression problem. The loss function I defined is the sum of square error and
regularization of each category. Here I abandoned the regularization items of each variable,
since the amount of features are huge.
Error = (label − totalscore)2 + 0.001 ∗ tf.reduce_sum(tf.nn.relu(−identity_weight)) +
0.001 ∗ tf.reduce_sum(tf.nn.relu(identity_weight − 2)) + ...
Stage 2:
I tried the following loss functions in this stage. Eventually, I decided to settle down
with the final version, which performed the best during the implementation.
14

loss = M SE + L1 Regulazation
loss = M SE + L1 Regulazation + gaussian_KL_regular
loss = M SE + (L1 + L2 )Regulazation + gaussian_KL_regular
MSE is a common loss function for regression problems in general, adding L1 regulation
items and L2 regulation items of the last hidden layers weights prevents the model to be
overfitting. The gaussianK Lr egular items were added to regular the sub-scores. These
above items constructed the final loss function.
Choose an optimizer to minimize the loss
I choose gradient descent optimizer to minimize the loss firstly, the gradient descent optimizer is a common optimizer for neural networks in general.
However, as the researching went deeper, I found there are plenty of optimizer I can
use in the implementation, and after several trials, I chose AdaDeltaOptimzer in the final
several implementations, it minimized the loss function rapidly at first, and then gradually
decreasing the learning rate and trying to get the best performance of the loss function.
Results
Stage 1:
I trained the one hidden layer with the feature data with 1794 features. T he result
was showed in the following image. The image below was split into 6 sub-sections, the first
one is illuminating the distribution of all the predicted labels. The second curve in the first
row is the ROC curve, it’s shows the predict performance of the model, AUC value is the
area under this curve. The last one in the first row shows many performance criterion we
computed for the model. In the second row, the first histogram also shows the distribution
of all the predicted labels, and different with the one above, it shows the predicted ’0’ in
green, and ’1’ in blue. The second one in the second row shows the how separable of the
model, it’s shows the best KS value at the opt-cut. The last image shows the KS value
changing.
As the result shows below, after epoch 1999, the model reaches the best AUC which is
almost 88.3. This is a pleasant result compared to the initial 20-feature version of model.
And the KS value is more than 64, which means the model is a high separability model
with high recall and high AUC value.
However, this version of feature doesn’t contain the performance of using Qunar ’s loan
products. It could not represent the correlation between the loan usage performance and
the label, which matters the team.
Stage 2:
I re-applied the model with the new feature market data which contains users’ loan
usage performance information. As a consequence, the amount of features increasing to
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Figure 10: The initial result of NN using 1794 features.
2064. After trying adjusting the learning rate, I found the loss function could be converged
with in 500 epochs with learning rate of 0.001.
In the above figure, the AUC goes down compared to the AUC in Figure 10, so I believe
that the features I added are highly related to the performance to the model. What I need
to do is to adjust the parameters to let it adapt to the data.
In the above result, I only use one hidden layer neural networks, and the result was not
qualified to use. I would like to find out whether the AUC value will be increased when
the number of layers is increased. Therefore, I started to test the data with multiple layers.
The structure of the model shows in Figure 12, the result of the implementation was shown
in Figure 13.
DNN Model
The DNN model is a full mashed network architecture, the dimension of each hidden layer
keeps the same as the first one, so each weight matrix is a square matrix expect the last
hidden layer to the final sub-score. The input is still the 2064 features, they are split into
five categories, in each epoch, they pass through the first hidden layer, and the temporary
results are saved in ’sub-score_1’, for example ’Identity score_1’. Then ’Identity score_1’
will pass the hidden layer 2 to get ’Identity score_2’, such process will continue until we
16

Figure 11: The initial result of NN using 2064 features.
get the final ’Identity score’.
Instead of taking the average of the sub-scores as the total score, I started to use the
last hidden layer to get a total score in the middle of the duration of the adjustment, it’s
a simple linear combination of each sub-score and its weight, so that we can find which
sub-score has a large weight on affecting the total score.
After attaining the total score, we take the optimizer to minimize the loss function, and
then back to train the next epoch.
DNN model training result
In the table of Figure 13, there are the steps I adjusted the DNN model with 2064 features.
The rows with gray and yellow background are the models with acceptable performance.
For the time and hardware consideration, I stop adding new hidden layers after existing 8
hidden layers of the features and one hidden layer from sub-scores to the total score.
Here are some conclusions I got from the implementations:
1. In general, as the number of hidden layers increased, the AUC value is increased.
2. Compare the performance of 1 and 2, adding gaussian_KL_regular helps the AUC
rise.
17

Figure 12: The structure of the improved model.
3. As the deeper the model trained, AUC and recall value raise compare the 11 and
12, especially the recall value raise for almost 30%, which improves the reliability of
the model. Up to now, 12 is the best performance and most reliable model for the
training set of size (7768,2064) and test set of size (3330,2064).
4. AdaDeltaOptimizer performs well as a loss function minimizer, the loss function converged fast around the lowest point at the beginning, and still get intensive result
eventually.

DNN Model with more data
Next, I would like to explore how this model performs with large amount of data, since if
this project goes online, it will run for all the Qunar users every day, so it’s necessary to
test the time and hardware capacity as well as the efficiency. Besides, I wonder how the
large amount of data will influence the model.
Hence, I randomly extracted 149999 bad users whose labels are ’1’ and 149999 good
users whose labels are ’0’ in total, and put them together. The data was split into training
data and test data.
I implemented the data with multiple hidden layers and see in which circumstances the
training duration and performance of the model got balanced. The table below shows the
result I got from the implementation.
18

Figure 13: The implementation of multiple hidden layers DNN with 2064 features.
Observing the above table, we can see that the model with 1+1 hidden layers could
almost reach the best performance of the 8+1 hidden layers networks with less amount of
training dataset. It means that with the enrich of the training dataset, the performance of
the model could be improved. As the number of hidden layers increasing, the performance
of the model increased slightly as well. And use normalized initializer[3] of the weights
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Figure 14: The implementation with large amount of data.
didn’t help much with the performance comparing index 3 and index 4. However, there
was a huge improvement after I added batch normalization for the output of each hidden
layer. The convergence duration became shorter in total, and the AUC increased to almost
0.89. The KS value was 0.55 means the model is separable and reliable. Below is the details
of this best performance model.
Details of best performance model
The following image shows the performance of the 2+1 hidden layers neural networks with
BN. We can see the AUC value is almost 0.89. At the opt-cut of 0.46, the KS value reaches
0.55, which shows the model is separable, and the overlapping area of the first image in the
second row is pretty small, which illustrates the model separate the user in a clear way. In
the line chart called ’loss’ of Figure 16, it shows the decreasing of the loss function as the
epoch times increasing. The batch normalization not only helps the model reach the best
performance, also helps the loss optimizer to minimize the loss quickly. Since the entering
of batch normalization, I deleted the L2 regulations but still get a good result.
The table of weights shows the performance_weight is the largest, which means the
user’s loan usage performance influenced the model the most. The consume features were
the second effective. The least effective features were the identity feature, the weight of it
were the least one.
For exploring the features’ importance, I checked the weights trained by the model.
Consumption features effect the final score a lot. In Figure 18, we can see the number of
hotel orders has the largest weight between all the consumption weights. The number of
participating the short holiday by train is the second. Then the average times of abroad
flights the user has purchased stand the third place. We can conclude that how many
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Figure 15: The best performance model.

Figure 16: The loss changing line chart.

Figure 17: The weights after training.

expensive trips the user purchased effect the consumption score in general, which verified
my expectation before training.
In the chart of performance importance, the performance of repay overdue loan effects
the performance score the most. And the usage situations of Qunar’s loan products also have
large weights, for example, ’total_repay_fine_amount’ is the 4th, it’s the total amount of
fine repayment. That’s also verified my expectations that the loan usage situations would
influence the performance score a lot.
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Figure 18: The top 20 consume weights andFigure 19: The top 20 consume weights and
corresponding features.
corresponding features.

3.2

Credit Score RBM version

Since the model above performed beyond our expectation, the RBM version of credit score
seems to be not necessary. However, there is still the model design of it.
Model Design
First step of building the RBM model is to design the model with the data. As the
performance of the DNN model works well with the feature market, I will continue to
use it for RBM model. In reference [4], the number of hidden units could be 10% of visible
units, for example, when the identity feature are 40, we should use 4 as the number of
hidden units. Therefore, I will implement the model with 2 hidden layers to the final score.
I planed to build the RBM model based on the package called ’yadlt’ contributed by
authors ’blackecho’ and ’abyoussef’. In the package ’yadlt’, the authors developed multiple deep learning algorithms based on TensorFlow, the package including convolutional
networks, restricted boltzmann machines, deep belief networks and so on.
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Figure 20: The design of RBM model.

4

Conclusion

In the financial business scenes, data science has been proved to be an effective tool since
the financial businesses are all related to numbers and data. The internship combined the
knowledge I learned during the 2 years’ master school and the industry businesses together,
it shows me that my knowledge is actually useful in industry environment and inspired me
to apply my knowledge to the reality. Thanks to my mentor Mr. Lin WANG, my colleague
Mr. Quan XU, Mr. Huihang YAO, Mr. Changqing LI, and my university mentor Professer
Françoise Baude, my internship was smooth and fruitful, and my colleagues helped me a
lot on modeling optimization.
The original NN model’s performance is barely qualified. The AUC value is less than
70% and KS value is around 0.25. Those criterion show that the labels can not be classified
accurately and reliable. As feature market data entering, the performance of the model has
been improved, AUC value has been improved to almost 75% and the KS value has been
improved to more than 0.3. This improvement shows that increased features and hidden
layers add more accuracy and reliability to the model. However, it’s still not good enough.
Then I replaced the data with larger amount of data. Under this circumstance, the
performance of the model with 3+1 hidden layers reached almost as same as the model with
8+1 hidden layers and training dataset of (7768,2064). This result shows that large amount
of data enhances the performance without adding more hidden layers. But it extended the
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training duration and aggravated hardware consumption. Therefore, the total training
epoch need to be limited.
Yet, the performance need to be improved. So I introduced Xavier initialization to the
weights and applied batch normalization on the output of each hidden layer. The performance was brilliant, AUC value reached almost 89% and the KS value is 0.55. This result
illustrates that the model is reliable yet has high accuracy of prediction. This performance
has already reached the mentor’s expectation. That’s why the implementation of RBM
model is not necessary.
Although the implementation of RBM has not been done, the study of RBM helped me
understand better in the deep learning area and inspired me to optimize the DNN model.
In the duration of internship, I was also aware of the difference between China and
Europe. The data science industry in Europe is more academical and they are more willing
to hire interns to study for more new methods. However, the academical environment in
Chinese companies is not so intense. They are facing a fast changing industry environment
and technology revolutions. So everyone needs to hand on the available methods and
implement them to actual businesses. For interns, the jobs are more to get used to its fast
pace and less on research side.
Above all, it’s the whole content of my report, many thanks to my mentors and colleagues again, the internship has helped me know better of both the industry and academic
knowledge.
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