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Method and Device for Constructing Scoring Model and Evaluating User Credit
Cross reference to related Applications
[1] The present application is based on and claims priority to the Chinese Application
No. 201710188752.9, filed March 27, 2017, the entire contents of which are
incorporated herein by reference.
Technical Field
[2] The present application relates to the field of computer technologies, and in particular, to
methods and devices for constructing a scoring model and evaluating user credit.
Background
[3] In existing technologies, a modeling method such as logic regression or scoring card is
usually used to construct a scoring model. However, for the above modeling methods, there is
usually assumed no interaction relationship among the variables. When there is an interaction
relationship between some variables, a method of clustering and modeling is usually used to
construct a scoring model, wherein the clustering and modeling refer to that the overall
sample (also referred to as a group) is divided according to the value of a grouping variable,
and the grouping variable is usually selected according to expert experience or experiments.
After multiple divisions, the entire group can be divided into many subgroups, and then a
corresponding scoring model is constructed for each subgroup. However, the efficiency is
usually low for selecting the grouping variable according to expert experience. When
selecting a grouping variable according to experiments, various grouping possibilities usually
need to be tried for clustering and modeling, and then the results are compared. The variable
combinations increase exponentially as the number of variables increases. When the number
of variables is high, it would be too difficult to try all possibilities. When it is impossible to
try all possibilities, the selected group variable is usually inaccurate, which impacts the
accuracy of the ultimately constructed scoring model.
Summary
[4] The present disclosure describes methods and devices for constructing a scoring model
and evaluating user credit, which can improve the accuracy of the constructed scoring model.
[5] A first aspect provides a method for constructing a scoring model, comprising:
collecting a plurality of sample datasets each comprising at least one characteristic variable
and a corresponding characteristic value; for each characteristic variable, acquiring an
interaction index of the characteristic variable with each of one or more other characteristic
variables, and determining a clustering index of the characteristic variable according to the

interaction indices; selecting a target characteristic variable from the at least one
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characteristic variable according to the clustering indices of the characteristic variables;
dividing the plurality of sample datasets into a plurality of sample dataset subgroups
according to the target characteristic variable and the corresponding characteristic value; and
constructing a corresponding sub-scoring model for each of the sample dataset subgroups.
[6] A second aspect provides a method for evaluating user credit, comprising: acquiring
credit data information of a user; determining, according to the credit data information,
characteristic values respectively corresponding to a target characteristic variable and one or
more other characteristic variables, wherein the target characteristic variable is selected
according to clustering indices of a plurality of characteristic variables, and a plurality of
sample datasets categorized in subgroups and comprise the plurality of characteristic
variables and a corresponding characteristic value for each of the characteristic variables;
selecting a corresponding sample dataset subgroup according to the characteristic value
corresponding to the target characteristic variable; determining a credit score of the user
according to a sub-scoring model corresponding to the sample dataset subgroup and
characteristic values corresponding to the other characteristic variables; and evaluating the
credit of the user according to the credit score of the user.

[7] A third aspect provides a device for constructing a scoring model, comprising: a
collecting unit configured to collect a plurality of sample datasets each comprising at least
one characteristic variable and a corresponding characteristic value; an acquiring unit
configured to acquire, for each characteristic variable, an interaction index of the
characteristic variable with each of one or more other characteristic variables; a determining
unit configured to determine, according to the interaction indices acquired by the acquiring
unit, a clustering index of the characteristic variable; a selecting unit configured to select,
according to the clustering indices of all characteristic variables determined by the
determining unit, a target characteristic variable from the at least one characteristic variable; a
dividing unit configured to divide, according to the target characteristic variable and the
corresponding characteristic value selected by the selecting unit, the plurality of sample
datasets into a plurality of sample dataset subgroups; and an constructing unit configured to
construct a corresponding sub-scoring model for each of the sample dataset subgroups
divided by the dividing unit.

[8] A fourth aspect provides a device for evaluating user credit, comprising: an acquiring
unit configured to acquire credit data information of a user; a determining unit configured to
determine, according to the credit data information acquired by the acquiring unit,

characteristic values respectively corresponding to a target characteristic variable and one or
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more other characteristic variables, wherein the target characteristic variable is selected
according to clustering indices of all characteristic variables in the sample dataset, and the
sample dataset comprises at least one characteristic variable and a corresponding
characteristic value; a selecting unit configured to select, according to the characteristic value
corresponding to the target characteristic variable determined by the determining unit, a
corresponding sample dataset subgroup; the determining unit further configured to determine
a credit score of the user according to a sub-scoring model corresponding to the sample
dataset subgroup selected by the selecting unit and characteristic values corresponding to the
other characteristic variables; and an evaluating unit configured to evaluate, according to the
credit score of the user determined by the determining unit, the credit of the user.

[9] A fifth aspect provides a device for constructing a scoring model, the device comprising
a processor and a non-transitory computer-readable storage medium storing instructions that,
when executed by the processor, cause the device to perform a method. The method may
comprise: collecting a plurality of sample datasets each comprising at least one characteristic
variable and a corresponding characteristic value; for each characteristic variable, acquiring
an interaction index of the characteristic variable with each of one or more other
characteristic variables, and determining a clustering index of the characteristic variable
according to the interaction indices; selecting a target characteristic variable from the at least
one characteristic variable according to the clustering indices of the characteristic variables;
dividing the plurality of sample datasets into a plurality of sample dataset subgroups
according to the target characteristic variable and the corresponding characteristic value; and
constructing a corresponding sub-scoring model for each of the sample dataset subgroups.
[10] A sixth aspect provides a device for evaluating user credit, the device comprising a
processor and a non-transitory computer-readable storage medium storing instructions that,
when executed by the processor, cause the device to perform a method. The method may
comprise: acquiring credit data information of a user; determining, according to the credit
data information, characteristic values respectively corresponding to a target characteristic
variable and one or more other characteristic variables, wherein the target characteristic
variable is selected according to clustering indices of a plurality of characteristic variables,
and a plurality of sample datasets categorized in subgroups and comprise the plurality of
characteristic variables and a corresponding characteristic value for each of the characteristic
variables; selecting a corresponding sample dataset subgroup according to the characteristic
value corresponding to the target characteristic variable; and determining a credit score of the

user according to a sub-scoring model corresponding to the sample dataset subgroup and
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characteristic values corresponding to the other characteristic variables.

[11] With the methods and devices for constructing a scoring model and evaluating user
credit according to the present disclosure, sample data comprising a plurality of sample
datasets can be collected. For each characteristic variable comprised in the each sample
dataset, an interaction index of the characteristic variable with each of one or more other
characteristic variables can be acquired. According to the interaction indices, a clustering
index of each characteristic variable can be determined. According to the clustering indices of
all characteristic variables, a target characteristic variable can be selected from the
characteristic variables comprised in the sample dataset. According to the target characteristic
variable and a corresponding characteristic value, a plurality of sample datasets can be
divided into a plurality of sample dataset subgroups. A corresponding sub-scoring model can
be constructed for each sample dataset subgroup. Thus, by calculating a clustering index of
each characteristic variable, the present disclosure discloses automatically selection of a
target characteristic variable for grouping, which can improve the efficiency and accuracy of
target characteristic variable selection, and then further improve the accuracy of scoring
model construction.

Brief Description of the Drawings

[12] To more clearly describe technical solutions in the embodiments of the present
disclosure, the accompanying drawings to be used in the description of the embodiments will
be described briefly as follows. Apparently, the accompanying drawings in the following
description are merely some embodiments of the present disclosure. To a person skilled in the
art, other drawings may be further obtained according to these drawings without inventive
effort.

[13] Fig. 1 is a flow chart of a method for constructing a scoring model according to an
embodiment of the present disclosure.

[14] Fig. 2 is a flow chart of a method for acquiring an interaction index of a characteristic
variable according to the present disclosure.

[15] Fig. 3 is a flow chart of a method for evaluating user credit according to an embodiment
of the present disclosure.

[16] Fig. 4 is a schematic diagram of a device for constructing a scoring model according to
an embodiment of the present disclosure.

[17] Fig. 5 is a schematic diagram of a device for evaluating user credit according to an
embodiment of the present disclosure.

Detailed Description
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[18] Embodiments of the present disclosure will be described below with reference to the
accompanying drawings.

[19] The methods and devices for constructing a scoring model according to embodiments of
the present disclosure are applicable to a situation of clustering and modeling. The essence of
clustering and modeling is to break a complex functional relationship down to a simple
additive functional relationship. For example, a characteristic variable used for performing
clustering is determined first, and then the sample data is clustered according to the
characteristic variable and a corresponding characteristic value. After the clustering, a
corresponding sub-scoring model is constructed for each subgroup. In one situation, the
sub-scoring model may include a simple additive functional relationship, e.g., that can be
described directly using a scoring card model. Therefore, the process of clustering and
modeling involves the selection of the characteristic variable for clustering. The present
disclosure will provide a detailed description of this part in the following embodiments.

[20] Moreover, the scoring model constructed in the present disclosure can be applied to areas
such as user credit evaluation and financial risk control.

[21] Fig. 1 is a flow chart of a method for constructing a scoring model according to an
embodiment of the present disclosure. The main body to execute the method may be a device
with processing capabilities: a server, a system, or a device. As shown in Fig. 1, the method
comprises:

[22] Step 110, collecting sample data comprising a plurality of sample datasets.

[23] The collected sample data may comprise a plurality of sample datasets each comprising
at least one characteristic variable and a corresponding characteristic value.

[24] In some embodiments, the above characteristic variable may be manually configured in
advance. For example, when the above scoring model is applied to user credit evaluation,
characteristic variables of the above sample datasets can be classified into the following three
types: 1) user activity data (“A”); 2) user trend data (“T”); 3) user profile data (“P”). The user
activity data may comprise: user transaction activity data, user financial management activity
data, and other user activity data. Here, the user transaction activity data may comprise, for
example: a. an average payment amount for a number of days (e.g., 90 days); b. the number
of payment activity days within a number of days (e.g., 180 days); c. a payment amount
within a number of days (e.g., 180 days); d. the time between the last payment and present.
The user financial management activity data may comprise, for example: a. the number of
times that a first target product is purchased within a number of days, e.g., the number of

times that a financial service product provided by a financial service platform, such as Zhao
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Cai Bao™, is purchased within 90 days; b. the number of times that a second target product
is purchased within a number of days, e.g., the number of times that a financial service
product provided by a financial service platform, such as Yu E Bao™, is purchased within 90
days; c¢. the amount used to purchase a second target product within a number of days, e.g.,
the balance used to purchase Yu E Bao™ within 90 days. The other user activity data may
comprise, for example: a. the number of calls from a user within a number of days (e.g., 180
days); b. the city in which the last logon happened; c. the time between the last logon and
present; d. the number of logon actions within a number of days (e.g., 90 days). The user
trend data may comprise, for example: a. a variation trend of user’s average balance (30
days/30-90 days); b. a variation trend of the number of logon actions (30 days/30-60 days); c.
a variation trend of Remote Procedure Call (RPC) (30 days/30-60 days); d. a variation trend
of the number of payments (30 days/30-90 days). The user profile data may comprise, for
example: a. whether the user is single; b. whether the user has done certain activities, such as
renovation on its house; c. whether the user is married; d. the user’s age; e. time since the
user’s registration; f. the user’s education level; g. the user’s income, etc.

[25]In some embodiments, characteristic values corresponding to all characteristic variables
in the sample datasets may be processed in advance, for example, by discretization. For
example, assuming that the characteristic variable is a user’s age, the user’s age is discretized
to obtain the following four segments (also referred to as sub-boxes): “<207, “[20, 25)”, “|25,
30)”, and “>=30".

[26] Step 120, for each characteristic variable, acquiring an interaction index of the
characteristic variable with each of one or more other characteristic variables.

[27] Other characteristic variables herein refer to the remaining characteristic variables other
than the characteristic variable in the each sample dataset, and there may be a plurality of the
other characteristic variables. For example, assuming that the sample dataset includes three
characteristic variables and corresponding characteristic values, and that these three
characteristic variables are x1, x2, and x3 respectively. When the characteristic variable is x1,
the other characteristic variables include x2 and x3.

[28] In one implementation, the process of acquiring an interaction index of the characteristic
variable with other characteristic variables may be as shown in Fig. 2. The process may
include the following steps:

[29] Step 210, according to the at least one characteristic variable and the corresponding
characteristic value, and other characteristic variables and corresponding characteristic values

in the sample dataset, and a sample label of the sample dataset, training a regular scoring card
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model.

[30] The process of training a regular scoring card model may comprise: pre-setting a regular
scoring card model: y=f1(x1)+f2(x2), wherein y may be defined as scoring result, x1 is a
characteristic variable, and x2 is one other characteristic variable. The functional relationship
f1(x1) may be defined as a score value corresponding to various segments of the
characteristic variable x1, and the functional relationship f2(x2) may be defined as a score
value corresponding to various segments of the other characteristic variable x2. Subsequently,
the training of the regular scoring card model is achieved by optimizing the functional
relationships f1 and f2. In some embodiments, optimizing the functional relationship f1 is a
process of adjusting the score value corresponding to various segments of the characteristic
variable x1, and optimizing the functional relationship f2 is a process of adjusting the score
value corresponding to various segments of the other characteristic variable x2.

[31]In one example, the functional relationships f1 and f2 can be optimized by learning the
sample data in the plurality of sample datasets. For example, each sample dataset can be
scored by a preset regular scoring card model. The present regular scoring card model
comprises two functional relationships (f1 and 2), f1 is related to x1, and f2 is related to x2.
Therefore, the process of scoring sample data through the preset regular scoring card model
can comprise: obtaining a first scoring result through f1(x1), and obtaining a second scoring
result through f2(x2). Here, the process of obtaining a first scoring result is a process of
selecting, according to a characteristic value of the characteristic variable x1 comprised in the
current sample dataset, from f1, a score value that corresponds to a segment to which the
characteristic value belongs. The process of obtaining a second scoring result is a process of
selecting, according to a characteristic value of one other characteristic variable x2 comprised
in the current sample dataset, from f2, a score value that corresponds to a segment to which
the characteristic value belongs. Subsequently, an ultimate scoring result is obtained by
adding the first scoring result and the second scoring result. When the ultimate scoring result
is obtained, f1 and f2 are adjusted by comparing the ultimate scoring result with the sample
label (e.g., alabelled scoring resulty” and the labelling may be performed manually or
otherwise predetermined) of the sample dataset, thereby obtaining optimized f1 and 2. In one
implementation, when the accuracy of scoring result of each sample dataset by the preset
regular scoring card model reaches a preset threshold value, the preset regular scoring card
model has been trained.

[32] In an example, a trained regular scoring card model is shown in Table 1.

Table 1
7
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# Characteristic variable Segment Score
1 User’s age <20 20
[20, 25) 27
[20, 30) 30
>=30 35
2 User’s education level Associate or below 27
Bachelor 37
Master 41
Ph.D. or above 42
3 User’s income <5000 30
[5000, 10000) 37
[10000, 20000) 38
>=20000 42

[33]In some embodiments, when a regular scoring card model is configured in the step 210,
it is assumed that f1 is related to a characteristic variable (x1), and f2 is related to a
characteristic variable (x2). Namely, f1 and 2 are both univariate functions, that is, the above
regular scoring card model may not consider interactions between characteristic variables.
[34] In some embodiments, f1 is only related to a characteristic variable x1, and f2 is only
related to a characteristic variable x2. As a result, it does not require a large number of
sample datasets in the process of adjusting f1 and f2. Since there is no need for a large
number of sample datasets, a regular scoring card model can be trained rapidly.

[35] Step 220, according to the at least one characteristic variable and the corresponding
characteristic value, and other characteristic variables and corresponding characteristic values
in the sample dataset, and a sample label of the sample dataset, training a cross scoring card
model.

[36] A process of training a cross scoring card model may comprise: pre-setting a cross
scoring card model: y=f(x1, x2), wherein y may be defined as a scoring result, x1 is a
characteristic variable, and x2 is one other characteristic variable. The functional relationship
f(x1, x2) may be defined as a score value corresponding to a cross segment (also referred to
as binary cross segment) of the characteristic variable x1 with one other characteristic

variable x2. Subsequently, the training of the regular scoring card model is achieved by
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optimizing the functional relationship f. In some embodiments, optimizing the functional
relationship f is a process of adjusting the score value corresponding to a cross segment of the
characteristic variable x1 with one other characteristic variable x2.

[37] The process of optimizing the functional relationship f is similar to the process of
optimizing f1, which will not be repeated herein.

[38] Cross segments will be described below through an example, where it is assumed that the
characteristic variable is “user’s age”, and four segments of the user’s age are “<20”, “[20,
25)7, “|25, 30)” and “>=30". Assuming that the one other characteristic variable is user’s
education level, and four segments of the user’s education level are “associate or below”,
“bachelor”, “master”, and “Ph.D. or above”, the characteristic variable and the other
characteristic variable can form 4*4=16 cross segments, of which one cross segment may be,
for example, “<20 & associate and below™.

[39] In some embodiments, when a cross scoring card model is configured in the step 220, it
is assumed that y is related simultaneously to two independent characteristic variables (x1
and x2). Namely, f(x1, x2) is a binary function, that is, the above cross scoring card model
considers interaction between characteristic variables. Therefore, interaction between
characteristic variables can be well described through the cross scoring card model.

[40] Step 230, determining a performance difference value between the trained regular
scoring card model and the trained cross scoring card model, and using the performance
difference value as the interaction index.

[41]In one example, before determining the above performance difference value, a
performance index value obj {f1(x1) + f2(x2)} of the trained regular scoring card model and
a performance index value obj {f(x1, x2)} of the trained cross scoring card model can be
determined first. Here, the process of determining a performance index value of the trained
regular scoring card model may comprise: scoring sample datasets (e.g., all sample datasets
in the collected sample data) through the trained regular scoring card model; according to the
sample datasets scoring results by the trained regular scoring card model and the sample
label, determining a performance index value of the trained regular scoring card model.
[42] The process of determining a performance index value of the trained regular scoring
card model may comprise: scoring each sample dataset with the trained regular scoring
card model to obtain a scoring result for each sample dataset; according to the scoring result
of each sample dataset and a sample label of each sample dataset, determining an error of
each sample dataset; according to the errors of all sample dataset, determining a

performance index value of the trained regular scoring card model.

9



WO 2018/183069 PCT/US2018/023692

[43] The process of determining a performance index value obj {f(x1, x2)} of the trained
cross scoring card model may comprise: scoring each sample dataset with the trained cross
scoring card model; according to the scoring result by the trained cross scoring card model
and a sample label of each sample dataset, determining a performance index value of the
trained cross scoring card model.

[44] The above methods for determining performance indices for the regular scoring card
model and the cross scoring card model are merely exemplary. In fact, there are other
methods for evaluating model performance, which will not be repeated one by one.

[45] After a performance index value of the trained regular scoring card model and a
performance index value of the trained cross scoring card model are determined,
subtraction may be performed on the two values to determine a performance difference
value I(x1, x2) between the trained regular scoring card model and the trained cross scoring
card model. Namely, I(x1, x2) = obj {f(x1, x2)} - obj {f1(x1) + f2(x2)}. In some embodiments,
the performance difference value I(x1, x2) is used to describe performance difference
between the trained regular scoring card model and the trained cross scoring card model.
[46] In some embodiments, since a cross scoring card model considers interaction between
characteristic variables, interactions between characteristic variables can be well described
through the cross scoring card model. But, a regular scoring card model usually does not
describe interactions between characteristic variables. Therefore, the performance
difference value can be used as an interaction index between characteristic variables. For
example, when the interaction index is relatively small (e.g., close to 0), it indicates that the
interaction between the two characteristic variables is relatively weak. On the contrary, when
the interaction index is relatively high, it indicates that the interaction between the two
characteristic variables is relatively strong.

[47]Step 130, determining a clustering index of the characteristic variable according to the
interaction indices.

[48] In some embodiments, when there is a plurality of other characteristic variables, a
plurality of interaction indices are obtained, wherein the method for obtaining each of the
interaction indices is similar, as shown in Fig. 2, and will not be repeated here.

[49] For example, assuming that the sample dataset includes three characteristic variables and
corresponding characteristic values, and that these three characteristic variables are x1, x2,
and x3 respectively. When the characteristic variable is x1, other characteristic variables
include x2 and x3. Correspondingly, there are two interaction indices to be calculated: I(x1,

x2) and I(x1, x3). In one implementation, after a plurality of interaction indices are
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determined, the plurality of interaction indices can be added up, and the addition result is
used as a clustering index of the characteristic variable x1. Namely, the equation 1 can be

used to determine a clustering index of a characteristic variable.

Agg(xi) = sum (I(xi,xj))  j=L..N j#i (equation 1)

[50]Here, xi is a characteristic variable of which the clustering index needs to be determined
currently, which has a value range of [1, N], Agg(xi) is the clustering index of the
characteristic variable xi, N is the number of characteristic variables, xj are the other N-1
characteristic variables that are different from the characteristic variable xi.

[51]In some embodiments, N clustering indices can be determined when there are N
characteristic variables, which are represented by Agg(x1), Agg(x2), ..., Agg(xN)
respectively.

[52] Step 140, according to the clustering indices of the (e.g., all) characteristic variables,
selecting a target characteristic variable from at least one characteristic variable.

[53] In one implementation, the clustering indices of all characteristic variables can be
compared, and the characteristic variable corresponding to the maximum clustering index is
selected as the target characteristic variable. In some embodiments, a clustering index of a
characteristic variable is a sum of interaction indices of the characteristic variable and other
characteristic variables, while an interaction index is used to describe the strength of an
interaction with the characteristic variable. Thus, when a characteristic variable has the
maximum clustering index, it shows that the characteristic variable has a relatively strong
interaction with all other characteristic variables. That is, a characteristic variable that has a
relatively strong interaction with all other characteristic variables can be selected as the target
characteristic variable.

[54] Step 150, according to the target characteristic variable and a corresponding
characteristic value, dividing a plurality of sample datasets into a plurality of sample dataset
subgroups.

[55] Here, the process of dividing sample datasets into subgroups may also be referred to as a
clustering process. It may be a conventional technology to cluster sample datasets according
to a characteristic variable and a corresponding characteristic value in clustering and
modeling, which will not be repeated herein.

[56] In some embodiments, as mentioned above, a target characteristic variable may refer to a
characteristic variable with a relatively strong interaction with all other characteristic

variables. Therefore, the clustering of the sample datasets according to the target
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characteristic variable and a corresponding characteristic value can reduce interactions within
a cluster, to achieve the goal of the most ideal clustering and modeling.

[57] Step 160, constructing a corresponding sub-scoring model for each of the sample dataset
subgroups.

[58] For example, after all sample dataset subgroups are obtained, a regular scoring card
model can be trained for each sample dataset subgroup, which is shown in Table 1.

[59] In some embodiments, after a scoring model is constructed, the user credit can be
evaluated or the transaction activity risk can be estimated based on the scoring model. With
the user credit evaluation based on the scoring model as an example, the evaluation method
may be as shown in Fig. 3. As shown in Fig. 3, the method may comprise the following steps:
[60] Step 310, acquiring credit data information of a user.

[61] Here, the credit data information of a user may be collected from a backend database
manually or by a server, which can include, but is not limited to, data in the following three
aspects: 1) user activity data; 2) user trend data; 3) user profile data.

[62] Step 320, determining, according to the credit data information, characteristic values
respectively corresponding to a target characteristic variable and one or more other
characteristic variables. In some embodiments, the target characteristic variable is selected
according to clustering indices of a plurality of characteristic variables, and a plurality of
sample datasets categorized in subgroups and comprise the plurality of characteristic
variables and a corresponding characteristic value for each of the characteristic variables.
[63] The target characteristic variable herein refers to the target characteristic variable
selected through the above step 120-step 140. The selection process thereof is the same as
described above, which will not be repeated herein.

[64] In an example that the credit data information comprises a user’s age of 20 years old, a
user’s education level of bachelor, and a user’s income of 0, assuming that the target
characteristic variable is the user’s age, and the other characteristic variables include the
user’s education level and the user’s income. The characteristic value corresponding to the
target characteristic variable is 20 years old, and the characteristic values corresponding to
the other target characteristic variables are bachelor and 0, respectively.

[65] Step 330, selecting a corresponding sample dataset subgroup according to the
characteristic value corresponding to the target characteristic variable.

[66] For example, assuming that the target characteristic variable is the user’s age, and the
sample data comprising the plurality of sample datasets is divided into four sample dataset

subgroups (e.g., divided into four clusters) according to the characteristic value
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corresponding to the target characteristic variable, wherein the age of users in the first sample
dataset subgroup is younger than 20 years old, the age of users in the second sample dataset
subgroup is between 20 and 25 years old, the age of users in the third sample dataset
subgroup is between 25 and 30 years old, and the age of users in the fourth sample dataset
subgroup is older than 30 years old. According to the credit data information of the user, the
characteristic value determined corresponding to the target characteristic variable is the
second sample dataset subgroup selected for 20 years old.

[67] Step 340, determining a credit score of the user according to the sub-scoring model
corresponding to a sample dataset subgroup and characteristic values corresponding to the
other characteristic variables.

[68] As in the example above, it is assumed that the selected sub-scoring model

corresponding to the second sample dataset subgroup is as shown in Table 2.

Table 2
# Characteristic variable Segment Score
1 User’s education level | Associate or below 27
Bachelor 37
Master 41
Ph.D. or above 42
2 User’s income <5000 30
[5000, 10000) 37
[10000, 20000) 38
>=20000 42

[69] For example, when the sub-scoring model corresponding to the second sample dataset
subgroup is as shown in Table 2, the characteristic values corresponding to two other
characteristic variables are Bachelor and 0, and then the user’s credit score =37+30=67.
[70] Step 350, evaluating the credit of the user according to the credit score of the user.
[71] In one implementation, a threshold can be configured. When the credit score of a user
exceeds the preset threshold, it shows that the user has a relatively high credit. When the
credit score of a user does not exceed the preset threshold, it shows that the user has a

relatively low credit.
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[72] The method for evaluating user credit according to embodiments of the present
disclosure can accurately evaluate a user’s credit and can improve the evaluation efficiency.
[73] Corresponding to the above method for constructing a scoring model, embodiments of
the present disclosure further provide a device (e.g., a server terminal) for constructing a
scoring model as shown in Fig. 4, and the device may comprise a processor 411 and a
memory 412 coupled together. The memory 412 may be non-transitory and
computer-readable and store instructions that, when executed by the processor 411,
cause the device to perform various steps and methods described herein. The
instructions may be implemented as various units described below. The term
“non-transitory media,” and similar terms, as used herein refers to any media that store
data and/or instructions that cause a machine to operate in a specific fashion. Such
non-transitory media may comprise non-volatile media and/or volatile media.
Non-volatile media includes, for example, optical or magnetic disks, such as storage
device 410. Volatile media includes dynamic memory, such as main memory 406.
Common forms of non-transitory media include, for example, a floppy disk, a flexible
disk, hard disk, solid state drive, magnetic tape, or any other magnetic data storage
medium, a CD-ROM, any other optical data storage medium, any physical medium with
patterns of holes, a RAM, a PROM, and EPROM, a FLASH-EPROM, NVRAM, any
other memory chip or cartridge, and networked versions of the same.

[74] In some embodiments, such units may comprise a collecting unit 401 configured to
collect a plurality of sample datasets each comprising at least one characteristic variable and
a corresponding characteristic value; and an acquiring unit 402 configured to acquire, for
each characteristic variable, an interaction index of the characteristic variable with other
characteristic variables.

[75] Optionally, the acquiring unit 402 may be configured to: train a regular scoring card
model according to the characteristic variable and the corresponding characteristic value, and
other characteristic variables and corresponding characteristic values in the sample dataset,
and a sample label of the sample dataset; train a cross scoring card model according to the
characteristic variable and the corresponding characteristic value, and other characteristic
variables and corresponding characteristic values in the sample dataset, and a sample label of
the sample dataset; and determine a performance difference value between the trained
regular scoring card model and the trained cross scoring card model, and use the
performance difference value as the interaction index.

[76]Here, the determining a performance difference value between the trained regular
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scoring card model and the trained cross scoring card model may comprise: scoring the
sample dataset with the trained regular scoring card model; according to the sample dataset
scoring results by the trained regular scoring card model and the sample label, determining a
performance index value of the trained regular scoring card model; scoring the sample
dataset with the trained cross scoring card model; according to the sample dataset scoring
results by the trained cross scoring card model and the sample label, determining a
performance index value of the trained cross scoring card model; and determining the
performance difference value according to the performance index value of the trained
regular scoring card model and the performance index value of the trained cross scoring
card model.

[77] The various units may further comprise a determining unit 403 configured to determine,
according to the interaction indices acquired by the acquiring unit 402, a clustering index of
the characteristic variable.

[78] Optionally, when there is a plurality of the interaction indices, the determining unit
403 can be configured to: perform an addition operation on the plurality of the interaction
indices to obtain a summing result; and use the addition result as a clustering index of the
characteristic variable.

[79] The various units may further comprise a selecting unit 404 configured to select,
according to the clustering indices of all characteristic variables determined by the
determining unit 403, a target characteristic variable from the at least one characteristic
variable.

[80]Optionally, the selecting unit 404 can be specifically configured to: compare the
clustering indices of all characteristic variables, and select the characteristic variable
corresponding to the maximum clustering index as the target characteristic variable.

[81] The various units may further comprise a dividing unit 405 configured to divide,
according to the target characteristic variable and the corresponding characteristic value
selected by the selecting unit 404, the plurality of sample datasets into a plurality of sample
dataset subgroups.

[82] The various units may further comprise an constructing unit 406 configured to construct
a corresponding sub-scoring model for each sample dataset subgroup divided by the dividing
unit 405,

[83] The functions of the functional modules (e.g., units) of the device according to the
embodiments of the present disclosure can be implemented through the steps of the above

method embodiments. Therefore, the specific working process of the device according to the
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present disclosure will not be repeated herein.

[84] With the device for constructing a scoring model according to some embodiments of the
present disclosure, the collecting unit 401 collects sample data comprising a plurality of
sample datasets. For each characteristic variable, the acquiring unit 402 acquires an
interaction index of the characteristic variable with other characteristic variables. The
determining unit 403 determines, according to the interaction indices, a clustering index of
the characteristic variable. The selecting unit 404 selects, according to the clustering indices
of all characteristic variables, a target characteristic variable from at least one characteristic
variable. The dividing unit 405 divides, according to the target characteristic variable and the
corresponding characteristic value, the plurality of sample datasets into a plurality of sample
dataset subgroups. For each sample dataset subgroup, the constructing unit 406 constructs a
corresponding sub-scoring model. Therefore, the accuracy of scoring model construction can
be improved.

[85] According to one aspect of the present disclosure, as shown in Fig. 4, the units 401-406
are software functional units including instructions stored in the memory. According to
another aspect, the units 401-406 may be implemented by hardware, e.g., circuitry
programmed to perform the functionalities as described above.

[86] Corresponding to the above-described method for evaluating user credit, embodiments of
the present disclosure further provide a device (e.g., a server terminal) for evaluating user
credit as shown in Fig. 5, and the device may comprise a processor 511 and a memory
512 coupled together. The memory 512 may be non-transitory and computer-readable
and store instructions that, when executed by the processor 511, cause the device to
perform various steps and methods described herein. The instructions may be
implemented as various units described below.

[87]In some embodiments, such units may comprise: an acquiring unit 501 configured to
acquire credit data information of a user; a determining unit 502 configured to determine,
according to the credit data information acquired by the acquiring unit 501, characteristic
values corresponding to a target characteristic variable and other characteristic variables,
wherein the target characteristic variable is selected according to the clustering indices of all
characteristic variables in the sample dataset, and the sample dataset comprises at least one
characteristic variable and a corresponding characteristic value; and a selecting unit 503
configured to select, according to the characteristic value corresponding to the target
characteristic variable determined by the determining unit 502, a corresponding sample

dataset subgroup.
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[88] In some embodiments, the determining unit 502 may be further configured to determine
a credit score of the user according to the sub-scoring model corresponding to the sample
dataset subgroup selected by the selecting unit 503 and characteristic values corresponding to
the other characteristic variables.

[89] In some embodiments, the various units may further comprise an evaluating unit 504
configured to evaluate, according to the credit score of the user determined by the
determining unit 502, the credit of the user.

[90] Optionally, the selecting unit 503 is further configured to: acquire, for each
characteristic variable in the sample dataset, an interaction index of the characteristic variable
with other characteristic variables; determine, according to the interaction indices, a
clustering index of the characteristic variable; and select, according to the clustering indices
of all the characteristic variables, the target characteristic variable from at least one
characteristic variable.

[91]Optionally, the above acquiring an interaction index of the characteristic variable with
other characteristic variables can comprise: training a regular scoring card model according
to the characteristic variable and the corresponding characteristic value, and other
characteristic variables and corresponding characteristic values in the sample dataset, and a
sample label of the sample dataset; training a cross scoring card model according to the
characteristic variable and the corresponding characteristic value, and other characteristic
variables and corresponding characteristic values in the sample dataset, and a sample label of
the sample dataset; and determining a performance difference value between the trained
regular scoring card model and the trained cross scoring card model, and using the
performance difference value as the interaction index.

[92]Optionally, the above determining a performance difference value between the
trained regular scoring card model and the trained cross scoring card model comprises:
scoring the sample dataset with the trained regular scoring card model; according to the
sample dataset scoring results by the trained regular scoring card model and the sample label,
determining a performance index value of the trained regular scoring card model; scoring
the sample dataset with the trained cross scoring card model; according to the sample
dataset scoring results by the trained cross scoring card model and the sample label,
determining a performance index value of the trained cross scoring card model;
determining the performance difference value according to the performance index value
of the trained regular scoring card model and the performance index value of the trained

cross scoring card model.
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[93] The functions of functional modules of the device according to the embodiments of the
present disclosure can be implemented through the steps of the above method embodiments.
Therefore, the specific working process of the device according to the present disclosure will
not be repeated herein.

[94] According to one aspect of the present disclosure, as shown in Fig. 5, the units 501-504
are software functional units including instructions stored in the memory. According to
another aspect, the units 501-504 may be implemented by hardware, e.g., circuitry
programmed to perform the functionalities as described above.

[95] The device for evaluating user credit according to the embodiments of the present
disclosure can accurately evaluate user credit.

[96] A person skilled in the art should be aware that the functions described by the present
disclosure in the above one or more examples can be implemented through hardware,
software, firmware or any combination thereof. When implemented through software, these
functions can be stored in a computer readable medium or transmitted as one or more
instructions or codes on a computer readable medium.

[97] The implementation described above further describes in detail the objects, technical
solutions and beneficial effects of the present disclosure. It should be understood that the
description above is merely exemplary and is not used to limit the scope of the present
disclosure. Any modification, equivalent substitution or improvement made on the basis of
the technical solutions of the present application shall be encompassed by the scope of the

present disclosure.
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1. A method for constructing a scoring model for determining a credit score of a user, the
method comprising:
collecting, by a computing device, a plurality of sample datasets comprising credit data
information collected from multiple users, each of the plurality of sample datasets comprising
at least one characteristic variable and a corresponding characteristic value;
for each characteristic variable, acquiring, by the computing device, an interaction index of
the characteristic variable with each of one or more other characteristic variables, and
determining, by the computing device, a clustering index of the characteristic variable
according to the interaction indices, the clustering indices indicating strength of interactions
between the characteristic variables;
selecting, by the computing device, a target characteristic variable from the at least one
characteristic variable according to the strength of interactions between the characteristic
variables indicated by the clustering indices of the characteristic variables;
dividing, by the computing device, the plurality of sample datasets into a plurality of
sample dataset subgroups according to the target characteristic variable and the
corresponding characteristic value; and
constructing, by the computing device, a corresponding sub-scoring model for determining
a credit score for a user, for each of the sample dataset subgroups,
wherein the acquiring an interaction index of the characteristic variable with one or more
other characteristic variables comprises:
training, by the computing device, a regular scoring card model according to the at
least one characteristic variable and the corresponding characteristic value, the other
characteristic variables and corresponding characteristic values in the sample dataset, and a
sample label of the sample dataset;
training, by the computing device, a cross scoring card model according to the at
least one characteristic variable and the corresponding characteristic value, the other
characteristic variables and corresponding characteristic values in the sample dataset, and the
sample label of the sample dataset; and
determining, by the computing device, a performance difference value between
the trained regular scoring card model and the trained cross scoring card model, and using

the performance difference value as the interaction index.

19


bhang
Typewritten Text
MCSLLP


MCSLLP

2. The method according to claim 1, wherein the determining a performance
difference value between the trained regular scoring card model and the trained cross
scoring card model comprises:

scoring, by the computing device, the sample dataset with the trained regular scoring
card model,

according to sample dataset scoring results scored by the trained regular scoring card
model and to the sample label, determining, by the computing device, a performance
index value of the trained regular scoring card model,

scoring, by the computing device, the sample dataset with the trained cross scoring
card model;

according to sample dataset scoring results scored by the trained cross scoring card model
and to the sample label, determining, by the computing device, a performance index
value of the trained cross scoring card model; and

determining, by the computing device, the performance difference value according to
the performance index value of the trained regular scoring card model and the performance

index value of the trained cross scoring card model.

3. The method according to claim 1, wherein the determining a clustering index of the
characteristic variable according to the interaction indices comprises:

performing, by the computing device, an addition operation on the plurality of the
interaction indices to obtain a summing result; and

using, by the computing device, the summing result as the clustering index of the

characteristic variable.

4. The method according to claim 1, wherein the selecting a target characteristic
variable from the at least one characteristic variable according to the clustering indices of the
characteristic variables comprises:

comparing, by the computing device, the clustering indices of the characteristic
variables, and selecting one of the characteristic variables corresponding to the maximum

clustering index as the target characteristic variable.

5. A method for evaluating user credit, the method comprising:
acquiring credit data information of a user;

determining, according to the credit data information, characteristic values respectively
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corresponding to a target characteristic variable and one or more other characteristic
variables, wherein the target characteristic variable is selected according to strength of
interactions between a plurality of characteristic variables indicated by clustering indices of
the plurality of characteristic variables, and a plurality of sample datasets categorized in
subgroups and comprise the plurality of characteristic variables and a corresponding
characteristic value for each of the characteristic variables;
selecting a corresponding sample dataset subgroup according to the characteristic value
corresponding to the target characteristic variable; and
determining a credit score of the user according to a sub-scoring model corresponding to
the sample dataset subgroup and characteristic values corresponding to the other
characteristic variables,
wherein selecting the target characteristic variable comprises:
for the each characteristic variable in the sample dataset, acquiring an interaction
index of the characteristic variable with each of the other characteristic variables, and
determining a clustering index of the characteristic variable according to the interaction
indices; and
selecting the target characteristic variable from the plurality of characteristic
variables according to the clustering indices of the plurality of characteristic variables, and
wherein the acquiring an interaction index of the characteristic variable with each of the
other characteristic variables comprises:
training a regular scoring card model according to the plurality of characteristic
variables and the corresponding characteristic values, the other characteristic variables and
corresponding characteristic values in the sample dataset, and a sample label of the sample
dataset;
training a cross scoring card model according to the plurality of characteristic
variables and the corresponding characteristic values, the other characteristic variables and
corresponding characteristic values in the sample dataset, and a sample label of the sample
dataset; and
determining a performance difference value between the trained regular scoring
card model and the trained cross scoring card model, and using the performance difference

value as the interaction index.

6. The method according to claim 5, wherein the determining a performance

difference value between the trained regular scoring card model and the trained cross
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scoring card model comprises:

scoring the sample dataset with the trained regular scoring card model;

according to sample dataset scoring results scored by the trained regular scoring card
model and to the sample label, determining a performance index value of the trained
regular scoring card model;

scoring the sample dataset with the trained cross scoring card model;

according to sample dataset scoring results scored by the trained cross scoring card model
and to the sample label, determining a performance index value of the trained cross
scoring card model; and

determining the performance difference value according to the performance index
value of the trained regular scoring card model and the performance index value of the

trained cross scoring card model.

7. A device for constructing a scoring model for determining a credit score of a user, the
device comprising a processor and a non-transitory computer-readable storage medium
storing instructions that, when executed by the processor, cause the device to perform a
method, the method comprising:

collecting a plurality of sample datasets comprising credit data information from multiple
users, each of the plurality of sample datasets comprising at least one characteristic variable
and a corresponding characteristic value;

for each characteristic variable, acquiring an interaction index of the characteristic variable
with each of one or more other characteristic variables, and determining a clustering index of
the characteristic variable according to the interaction indices, the clustering indices
indicating strength of interactions between the characteristic variables;

selecting a target characteristic variable from the at least one characteristic variable
according to the strength of interactions between the characteristic variables indicated by the
clustering indices of the characteristic variables;

dividing the plurality of sample datasets into a plurality of sample dataset subgroups
according to the target characteristic variable and the corresponding characteristic value; and

constructing a corresponding sub-scoring model for determining a credit score for a user,
for each of the sample dataset subgroups,

wherein the acquiring an interaction index of the characteristic variable with one or more
other characteristic variables comprises:

training a regular scoring card model according to the at least one characteristic
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variable and the corresponding characteristic value, the other characteristic variables and
corresponding characteristic values in the sample dataset, and a sample label of the sample
dataset;

training a cross scoring card model according to the at least one characteristic
variable and the corresponding characteristic value, the other characteristic variables and
corresponding characteristic values in the sample dataset, and the sample label of the sample
dataset; and

determining a performance difference value between the trained regular scoring
card model and the trained cross scoring card model, and using the performance difference

value as the interaction index.

8. The device according to claim 7, wherein the determining a performance difference
value between the trained regular scoring card model and the trained cross scoring card
model comprises:

scoring the sample dataset with the trained regular scoring card model;

according to sample dataset scoring results scored by the trained regular scoring card
model and to the sample label, determining a performance index value of the trained
regular scoring card model;

scoring the sample dataset with the trained cross scoring card model;

according to sample dataset scoring results scored by the trained cross scoring card model
and to the sample label, determining a performance index value of the trained cross
scoring card model; and

determining the performance difference value according to the performance index
value of the trained regular scoring card model and the performance index value of the

trained cross scoring card model.

9. The device according to claim 7, wherein the determining a clustering index of the
characteristic variable according to the interaction indices comprises:

performing an addition operation on the plurality of the interaction indices to obtain a
summing result; and

using the summing result as the clustering index of the characteristic variable.

10. The device according to claim 7, wherein the selecting a target characteristic

variable from the at least one characteristic variable according to the clustering indices of the
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characteristic variables comprises:
comparing the clustering indices of the characteristic variables, and selecting one of the
characteristic variables corresponding to the maximum clustering index as the target

characteristic variable.

11. A device for evaluating user credit, the device comprising a processor and a non-
transitory computer-readable storage medium storing instructions that, when executed
by the processor, cause the device to perform a method, the method comprising:

acquiring credit data information of a user;

determining, according to the credit data information, characteristic values respectively
corresponding to a target characteristic variable and one or more other characteristic
variables, wherein the target characteristic variable is selected according to strength of
interactions between a plurality of characteristic variables indicated by clustering indices of
the plurality of characteristic variables, and a plurality of sample datasets categorized in
subgroups and comprise the plurality of characteristic variables and a corresponding
characteristic value for each of the characteristic variables;

selecting a corresponding sample dataset subgroup according to the characteristic value
corresponding to the target characteristic variable; and

determining a credit score of the user according to a sub-scoring model corresponding to
the sample dataset subgroup and characteristic values corresponding to the other
characteristic variables,

wherein selecting the target characteristic variable comprises:

for the each characteristic variable in the sample dataset, acquiring an interaction
index of the characteristic variable with each of the other characteristic variables, and
determining a clustering index of the characteristic variable according to the interaction
indices; and

selecting the target characteristic variable from the plurality of characteristic
variable according to the clustering indices of the plurality of characteristic variables, and

wherein the acquiring an interaction index of the characteristic variable with each of the

other characteristic variables comprises:

training a regular scoring card model according to the plurality of characteristic
variable and the corresponding characteristic values, the other characteristic variables and
corresponding characteristic values in the sample dataset, and a sample label of the sample

dataset;
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training a cross scoring card model according to the plurality of characteristic
variable and the corresponding characteristic values, the other characteristic variables and
corresponding characteristic values in the sample dataset, and a sample label of the sample
dataset; and

determining a performance difference value between the trained regular scoring
card model and the trained cross scoring card model, and using the performance difference

value as the interaction index.

12. The device according to claim 11, wherein the determining a performance
difference value between the trained regular scoring card model and the trained cross
scoring card model comprises:

scoring the sample dataset with the trained regular scoring card model;

according to sample dataset scoring results scored by the trained regular scoring card
model and to the sample label, determining a performance index value of the trained
regular scoring card model;

scoring the sample dataset with the trained cross scoring card model;

according to sample dataset scoring results scored by the trained cross scoring card model
and to the sample label, determining a performance index value of the trained cross
scoring card model; and

determining the performance difference value according to the performance index
value of the trained regular scoring card model and the performance index value of the

trained cross scoring card model.
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