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Abstract
In this paper, we propose a dynamic forecasting framework, named DMDP (dynamic multi-source default probability predic-
tion), to predict the default probability of a company. The default probability is a very important factor to assess the credit 
risk of listed companies on a stock market. Aiming at aiding financial institutions in decision making, our DMDP framework 
not only analyzes financial data to capture the historical performance of a company, but also utilizes long short-term memory 
model to dynamically incorporate daily news from social media to take the perceptions of market participants and public 
opinions into consideration. The study of this paper makes two key contributions. First, we make use of unstructured news 
crawled from social media to alleviate the impact of financial fraud issue made on default probability prediction. Second, 
we propose a neural network method to integrate both structured financial factors and unstructured social media data with 
appropriate time alignment for default probability prediction. Extensive experimental results demonstrate the effectiveness 
of DMDP in predicting default probability for the listed companies in mainland China, compared with various baselines.

Keywords Default probability prediction · Time series · Multi-source data

1 Introduction

Granting loans to potential borrowers is considered as one of 
the core business activities for financial institutions. Though 
loans can help these institutions gain profits, they may also 
cause huge loss, which is often known as financial risks. For 
instance, the 2008 financial crises resulted in huge losses 
globally. Hence, nowadays financial institutions devote more 
and more attention to evaluating risks before granting loans. 
In particular, most financial institutions are now cognizant 
of the need to adopt rigorous credit risk assessment models 
when determining whether or not to grant loans to specific 
borrowers.

In the early stage, various classical statistical approaches 
[3, 7] such as logistic regression [10], multivariate adaptive 
regression splines [19, 20] and linear discriminate analysis 
[1, 2] were proposed for credit risk prediction. However, 
statistical approaches are typically based on certain assump-
tions, e.g., multivariate normality for independent variables 
and non-multicollinearity of data, which make the proposed 
solutions theoretically invalid for finite samples [16]. For-
tunately, with the advent of machine learning algorithms, 
many studies demonstrated that neural network (NN) [19, 
31, 38], support vector machine (SVM) [6, 11, 13, 15, 23], 
decision tree (DT) [4, 32], random forest (RF) [5, 29] and 
Naive Bayes (NB) [3, 25, 33] can be used to build credit 
scoring models for measuring default risks with high accu-
racy. Some practical works [8, 26, 27, 30, 34] have focused 
on classifier ensembles and demonstrated that ensemble 
classifiers constantly outperform single classifier in terms 
of prediction accuracy.

Although machine learning methods can automatically 
learn hidden and critical factors based on the past obser-
vations and do not require specific prior assumption, the 
performance of these supervised methods greatly relies on 
the quality of training data. To be more specific, the accu-
racy of the risk evaluation results is typically affected by 

 * Yanyan Shen 
 shenyy@sjtu.edu.cn

 Yi Zhao 
 zhaoyizhaoyi@sjtu.edu.cn

 Yong Huang 
 yonghuang826@yahoo.com

1 Shanghai Jiao Tong University, Shanghai, China
2 Hong Kong University of Science and Technology, 

Clear Water Bay, Hong Kong

http://orcid.org/0000-0001-8364-3674
http://crossmark.crossref.org/dialog/?doi=10.1007/s41019-019-0085-9&domain=pdf


4 Y. Zhao et al.

1 3

the trustworthiness and the comprehensiveness of the avail-
able historical data. At corporation level, the data for default 
probability prediction involve basic financial indicators such 
as industry section, geographical area and financial state-
ments. One of the major problems encountered in adopt-
ing financial indicators for credit risk assessment is that 
the companies might commit accounting fraud in order to 
artificially improve the appearance of the financial reports, 
which impedes the effectiveness of the learned prediction 
models. Furthermore, almost all the prior works focus on 
static models that leverage the most recent indicator values 
for prediction, but do not consider the temporal trend of 
indicators that is valuable to reflect the long-term financial 
status of a company.

In practice, for credit risk assessment, most lenders take 
advantage of the information from social media networks, 
such as Twitter and Facebook, to decide whether their poten-
tial borrowers are creditworthy. However, probably due to 
the difficulty in grabbing daily financial news, we do not find 
any study that leverages social media analysis to improve the 
prediction performance in terms of the default probabilities 
for companies. It is important to notice that besides financial 
statements, social media data contain subjective appraisals 
of the firm’s prospects which are discriminate indicators to 
assess the default probability of a publicly traded company.

In this paper, we propose a dynamic multi-source default 
probability predication framework named DMDP, to predict 
the default probability of the listed companies. In order to 
relieve the exertion of potentially flawed financial data and 
enhance the accuracy of machine learning-based default 
probability prediction method, we make use of social media 
data to trace the latest development of a company. Through 
mining the public opinions (randomly updated) as well as 
the financial indicators (periodically updated), we can make 
a comprehensive evaluation of the observed companies in 
terms of their default probabilities. More importantly, aim-
ing at prior evaluation for group loans, our framework is 
designed to handle the evolving data and continuously pro-
duce default probability prediction results based on the up-
to-date company statuses, thus allowing financial institutions 
to make quick response when the borrowers experience a 
drastic market decline.

A preliminary version of this work was published in [37]. 
In this paper, we have made four important enhancements 
as follows:

– We have changed the frequency of news text updates, 
from quarterly updates to weekly updates. More frequent 
updates allow us to be aware of fine-grained changes of 
public opinions on the target company. Apparently, it is 
easier to identify subtle fluctuations of the public opin-
ions within a shorter time window. It is important to note 
that more frequent updates require zooming into weekly 

news updates will result in longer sequences, which typi-
cally calls for a more complicated model to learn the 
complex temporal dependencies.

– We have improved the way to represent the news text. In 
the preliminary work, we first concatenated all the related 
news text concerning the target company in a quarter. 
Then, we extracted the top 50 keywords to and calculated 
the average word embeddings of the keywords to repre-
sent the public opinion inherent in the news text of the 
target company during the quarter. In this work, we use 
the average word embeddings of the title of a news text 
to represent it, which we dub it as the title embedding. 
Then, we calculate the average title embedding out of all 
the news text concerning the target company during a 
week. This change is mainly due to the observation that 
the titles themselves are good abstractions of the news 
text produced by professional editors.

– We have improved the dataset splitting mechanism. In 
the preliminary work, we randomly sample 70%, 15% 
and 15% of the dataset as training, validation and test 
sets, respectively. In this work, we treat all data points 
before Quarter 3, 2016 as training data. Data points rang-
ing from Quarter 3, 2016 to Quarter 4, 2016 are treated as 
validation data. Data from Quarter 1, 2017 on are treated 
as testing set. By splitting the data according to the time 
order, we can avoid the problem of future information 
leaking.

– To better model the asynchronous nature of news series, 
we have replaced the LSTM in the original paper with 
the Phased LSTM [22], which extends the LSTM unit by 
adding a new time gate and can process asynchronous 
time series data. We also adopted a recently proposed 
CNN-based Wavenet [28] to encode the news text time 
series. The results have shown that Wavenet has greatly 
improved AUC on our default behavior dataset.

The remainder of this paper is organized as follows. Sec-
tion 2 presents preliminaries. Section 3 introduces our pro-
posed framework with two major components: dynamic 
multi-source data alignment and neural network-based 
prediction. Section 4 provides the experimental results. We 
review the related works in Sect. 5 and conclude this paper 
in Sect. 6.

2  Preliminaries

In general, the objective of this study is to effectively distin-
guish “bad” corporations from “good” ones, which can be 
considered as a classification problem where a company is 
categorized to class “1” if it is predicted to be default, i.e., 
receive delisting risk warning (*ST). Otherwise, it will be 
labeled by “0.” In this work, we use sequences of historical 
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financial indicators and unstructured news data in the previ-
ous time periods to predict whether the target company will 
be default or not in the future.

2.1  Definitions

We first introduce the definitions used in this paper. Because 
the financial indicators and the target value are updated at 
quarterly frequency, we denote the financial indicators and 
the target value by quarter. During each time period (quarter) 
t, the information of a company c during that time period 
(quarter) t can be recorded in a tuple of (FINc

t
,TEXTc

t
, yc

t
) , 

where FINc
t
 contains the values of a set of financial indi-

cators collected at the end of period t. Because there can 
be multiple financial indicators observed, FINc

t
 could be 

a multi-dimensional vector. Similarly, because the news 
text information is updated at more granular frequency (by 
week), TEXTc

t
 could be a sequence with each one being a 

representation of the news text during the more granular 
observation period (week). yc

t
 is the binary response vari-

able to indicate whether the company is labeled (*ST) in 
the period.

2.1.1  Financial Indicators (FIN)

Financial indicators are commonly included in the financial 
statements, and they reflect important characteristics of an 
company. For instance, the indicator “cash flow to liabili-
ties ratio” directly reflects a company’s ability to cover its 
liability within a time window and hence is critical when 
predicting the default probability of the company in near 
future. By similar logic, we extract several key financial 
indicators from financial statements of a company at the 
end of a financial period. Suppose we extract P indicators 
in each time period (quarter) t for a company c, we denote 
them by FINc

t
= {Xc

1t
,Xc

2t
,… ,Xc

Pt
}.

2.1.2  News Data Representation (TEXT)

TEXT stands for the embedding-based representation of 
news data that are relevant to the company during a period. 
The news is crawled from social media. Because the news is 
classified into each company directly, we can easily match 
them to corresponding companies. As described earlier, in 
a specific time period (quarter) t for company c, we can 
denote the more granular news text sequence as 
TEXTc

t
= {TEXTc

tk
} = {TEXTc

t1
, TEXTc

t2
,… , TEXTc

tKt
} , where 

k ∈ {1, 2,… ,Kt} is the kth week during quarter t. TEXTc
tk

 is 
the representation of all the news texts related to the com-
pany c during the kth week in quarter t and is calculated by 
the average of all the title embeddings of news in that week.

2.1.3  Class Label (y)

y stands for the class label of the target company in a finan-
cial period. That is, y = 1 if the company receives delisting 
risk warning (*ST) during the period. Otherwise, y = 0 . In 
this work, we do not take the sequence of the previously 
observed label values as the input for our prediction model 
as the discriminative power of the previous *ST values is 
quite limited.

2.2  Problem Statement

We now formally define the problem studied in this paper 
as follows.

Definition 1 (Problem Statement) Given a target company, 
an observation financial period (quarter) t, sequences of 
financial indicators FIN and news TEXT before time period 
t (t is included) in chronological order, we want to develop a 
framework to predict the default probability of the company 
during time period t + 1 . The predicted value could be 0 or 1, 
representing relatively low default probability or high default 
probability, respectively.

3  Methodology

Our DMDP framework consists of two major components: 
(1) dynamic multi-source data alignment and (2) neural net-
work-based prediction model. Figure 1 provides the illustra-
tion of our DMDP framework.

3.1  Dynamic Multi‑source Data Alignment

To predict whether a company c will be labeled (*ST) or not 
at time period T + 1 , we extract the sequences of financial 
indicators {FINc

1
,… ,FINc

T
} and unstructured news repre-

sentations {TEXTc
1
,… , TEXTc

T
} , where FINc

1
 and TEXTc

1
 are 

the inputs in the first financial period after company c gets 
listed. Because a listed company is required to publish its 
financial statements for each financial period according to 
regulation, the sequence of the historical financial indicators 
is complete. We denote the sequence of financial indicators 
for a company c before time period T by {FINc

t
} = {Xc

it
} , 

where i ∈ {1,… ,P} and t ∈ {1,… , T} . For the sequence of 
news representations, we perform preprocessing and align-
ment over the raw news data to deal with the problems of 
data missing and irregularity. On the one hand, the number 
of news within a specific financial period varies from one 
company to another. On the other hand, even for the same 
company, the number of relevant news released in different 
financial periods varies greatly, from zero to several dozens. 
For instance, a company may receive multiple news within 
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one day, while it might take weeks to get one relevant news 
for certain time period.

To handle the missing and irregularity problems of the 
news sequence, we apply the following method to preprocess 
the raw news data and align them properly. First, given each 
news text for a company c during week k of quarter t, we 
obtain the embedding of the title by averaging the pre-
trained Word2Vec embeddings of the words in the title. We 
denote the embedding of nth news title as titlec

tkn
 to represent 

news n, out of Nc
tk

 news for company c during week k of 
quarter t. Then, we calculate the average of the title embed-
dings for company c in that week as TEXTc

tk
=

1

Nc
tk

∑Nc
tk

n=1
titlec

tkn
 . 

Formally, we denote the sequence of news text representa-
tion for a company c before time period T by

where t ∈ {1, 2,… , T} is the quarter starting from the com-
pany get listed up to quarter T. k ∈ {1, 2,… ,Kt} is the week 
number during quarter t. Nc

tk
 is the number of news for com-

pany c during week k of quarter t. n ∈ 1, 2,… ,Nc
tk

 is the nth 
news text for company c during week k of quarter t. titlec

tkn
 

is the average of word embeddings of the words in title of 
nth article for company c during week k of quarter t and is 
d-dimensional given the d-dimension of the pre-trained word 
embeddings.

Note that not every company has related news in each 
week, and hence, we have to decide how to impute or align 

(1){TEXTc
t
} = {TEXTc

tk
} =

⎧
⎪⎨⎪⎩

1

Nc
tk

Nc
tk�

n=1

titlec
tkn

⎫⎪⎬⎪⎭

the data for news text sequence. We have tried three ways 
to align such data. One is to impute zero vectors into the 
missing weekly representations of news for each company. 
To be specific, if a company c has news representation 
until week k in quarter t, we impute zero vector into all 
missing weeks before week tk. We call this alignment 
method ZeroInputAlign. The second way is to serialize 
the week number tk into a sequence and feed them into 
the model too. Since Phased LSTM can take time step 
as direct input into the model, we feed it in this way. We 
dub this alignment method as TimeInputAlign. The third 
way is to squeeze the text news sequence directly with-
out considering the potential sparsity of the input. For 
instance, for a company c, which has only three records 
{TEXTc

11
, TEXTc

35
, TEXTT4} , we directly input the sequence 

as {TEXT1, TEXT2, TEXT3} into the model. In this way, the 
time only determines the position in the sequence but does 
not serve as input to the model. We refer to this alignment 
method as SqueezeInputAlign. We would compare the 
performance of the three methods in our experiments.

Finally, we put the financial variables and news text 
time series into different parts of the model and concate-
nate them to predict. After aligning multi-source data, we 
obtain the f inal input to our prediction model 
�

c
T
= ({FINc

t
}, {TEXTc

ttext
}) , where {ttext} is determined by 

the aligning method we use. We summarize the pseudoc-
ode for the multi-source data alignment in Algorithm 1. 

Fig. 1  DMDP framework
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Fig. 2  The architecture of the 
proposed neural prediction 
model

harder to encode the news time series. To resolve this prob-
lem, we introduce Phased LSTM and Wavenet in addition 
to LSTM into our model. Phased LSTM [22] introduces a 
time gate to take time as an input directly and can thus deal 
with asynchronous time series. Wavenet is a CNN-based 
model with causal dilations [28], which has shown power-
ful expressive power in encoding audio, text. Next we will 
briefly describe the three models and compare their results 
in the experiments part.

Long short-term memory (LSTM) was proposed in [14]. 
It is a variant of vanilla RNN, which includes cell states 
with the gating mechanism. With different types of gates, 
LSTM is capable of controlling how much information flow 
through the cell state and thus is capable of learning long-
term dependencies. In this work, we follow the implementa-
tion of LSTM used in [35]:

(2)�t = �(�f [�t−1;xt] + �f )

(3)�t = �(�i[�t−1;xt] + �i)

(4)�t = �(�o[�t−1;xt] + �o)

3.2  Neural Network‑Based Default Probability 
Prediction Model

The architecture of our neural network-based model is illus-
trated in Fig. 2. In this section, we describe each layer of the 
model in details.

3.2.1  Input Layer

The first layer is the input layer, which contains the aligned 
sequences of financial indicators and news representations, 
during time periods 1,… , T  . Formally, the input layer is 
defined as �c

T
= ({FINc

t
}, {TEXTc

ttext
}).

3.2.2  Encode Layer

The second layer is to encode the financial variables time 
series and the news text time series, respectively. Because 
the news representations are updated at a weekly frequency 
while the financial variables are updated quarterly, the length 
of the former is much longer than the latter and it is much 
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where �t, �t, �t, �t, �t refer to the forget gate, input gate, output 
gate, memory cell state and hidden state, respectively; xt 
refers to the input to the LSTM unit; � represents the stand-
ard sigmoid function; ⊙ denotes the Hadamard product; � 
and � terms are the weight matrices and bias terms to be 
learned, respectively.

The Phased LSTM [22] model extends the LSTM model 
by adding a time gate kt and uses the gate to mediate the cell 
updates. The time gate is calculated as follows:

Then, the equations for cell updates in LSTM are as follows:

Wavenet [28] uses a stack of dilated causal convolutional 
layers to have very large receptive fields. In addition, resid-
ual connection is also used in the network to speed up con-
vergence and enable training of deeper models. Specifically, 
given a time series � , we can encode it with Wavenet as 
follows:

where ∗ denotes a convolution operator, k is the layer index, 
f and g denote filter and gate, respectively, and W is a learn-
able convolution filter.

After encoding the news time series using one of these 
three models, we then extract the representation of the final 
time step and combine it with the hidden states from the 
LSTM on financial variable time series and pass the concat-
enated vector to the next layer to predict the default probabil-
ity in the next financial period. In the experiments, we evalu-
ate the performance of the three models on a real dataset.

3.2.3  Prediction Layer

At last, we feed the output from the LSTM layer to a fully 
connected layer. The output of the fully connected layer is 

(5)�t = �t ⊙ �t−1 + �t ⊙ tanh(�s[�t−1;xt] + �s)

(6)�t = �t ⊙ tanh(�t)

(7)�t =
(t − s) mod �

�

(8)kt =

⎧
⎪⎨⎪⎩

2𝜙t

ron
, if 𝜙t <

1

2
ron

2−2𝜙t

ron
, if

1

2
ron < 𝜙t < ron

𝛼𝜙t, otherwise

(9)c̃t = ft ⊙ ct−1 + it ⊙ 𝜎c(xtWxc + ht−1Whc + bc)

(10)ct = kt ⊙ c̃t + (1 − kt)⊙ ct−1

(11)h̃t = ot ⊙ 𝜎h(c̃t)

(12)ht = kt ⊙ h̃t + (1 − kt)⊙ ht−1

(13)� = tanh(Wf ,k ∗ �)⊙ 𝜎(Wg,k ∗ �)

the predicted response value indicating whether the com-
pany c will be default in time period T + 1 . Formally, we 
have:

where � is the weight vector and b is the bias to be learned.

3.3  Learning and Optimization

Our prediction problem is essentially a binary classification 
problem. Hence, we choose to use cross-entropy as the loss 
function, which is defined as follows.

where yc
T+1

 is the actual class label of company c at time 
period T + 1 and �c is the collection of financial periods for 
company c after it gets listed. We use stochastic gradient 
descent and Adam optimizer [18] in our training process. 
The Adam optimizer dynamically adapts the learning rate 
and makes the convergence faster via adaptive estimates of 
the lower-order moments. It is computationally efficient with 
little memory requirements. Besides, it is invariant to diago-
nal rescaling of the gradients and is well suited for problems 
that involve data or parameters in large size.

4  Experiments

4.1  Experimental Settings

4.1.1  Datasets

We obtained the financial indicators for the listed companies 
using tushare1 package. The dataset covers 30 financial indi-
cators for 3125 listed companies in mainland China, from 
January 2014 to September 2017. It contains 32, 420 records 
of financial indicators updated in each quarter, and thus, we 
have 29,295 records which has at least one historical quar-
terly record. The news data are crawled from Sina Finance2 
and contain more than 700,000 pieces of news, describing 
the historical financial performance and the public opinions 
of the observed companies. The news data are categorized 
by the companies and can be integrated with the financial 
variables by stock id. Among the 3125 companies, the vast 

(14)ŷc
T+1

= ��
c
T
+ b

(15)

� =
∑

c ∈ {1,… ,C},

T ∈ �c

−yc
T+1

log(𝜎(ŷc
T+1

))

− (1 − yc
T+1

)(1 − log(𝜎(ŷc
T+1

)))

1 http://tusha re.org.
2 http://finan ce.sina.com.cn.

http://tushare.org
http://finance.sina.com.cn
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majority are in the “normal” class and only 209 companies 
bearing 238 delisting risk warnings are categorized as “rel-
ative high default risk.” To even up the extremely imbal-
anced classes in our dataset, we adopt random over-sampling 
before model training procedure. The financial variables are 
updated every 3 months according to the quarterly financial 
statements of the companies. We chose 30 critical financial 
indicators reflecting the statuses of the listed companies. The 
indicators are summarized in Table 1.

4.1.2  Preprocessing News Text

In the preliminary paper [37], we concatenated the news in 
one season and extracted top 50 keywords using TF-IDF for 
each company. In this paper, however, we make two changes. 
First, instead of concatenating news in a quarter into single 
text and extracting the keywords, we use the titles instead 
of the body of the news. This is based on the observation 
that the titles are mostly good abstractions of the news writ-
ten by the professional editors. Second, we further change 
the granularity from quarterly base to weekly base. That is, 
for each company, we calculate the average of all the news 
titles embeddings to represent the news for the company in 
the week. By doing this, we expect that the updates of news 

text could be more timely and we can better model the fluc-
tuations of the public opinions for the stock. When calculat-
ing the average word embeddings in a title, we first adopt 
Jieba3 for Chinese word segmentation. Next we remove the 
stop words and look up the word embeddings from the pre-
trained Word2Vec model provided by Facebook’s FastText 
module [17]. We represent the news text in week with a 
300-dimensional embedding vector, which is the average of 
the all the news concerning the company in the week. After 
that, we remove the null value from the financial dataset and 
standardize the numerical data into range (0,1) with Max-
Min Scalar. We align the two sequences of financial indica-
tors and news representation using Algorithm 1.

4.1.3  Implementation Details

In the preliminary paper [37], we randomly partitioned the 
datasets into the training, validation and test sets. In this 
work, we split the data according to the time order to avoid 
using future information. Specifically, we treat all records 
ranging from Quarter 1 of 2014 to Quarter 2 of 2016 as 
training set. And data records ranging from Quarter 3 of 
2016 to Quarter 4 of 2016 are labeled as validation set. And 
records since 2017 are treated as testing set. Such splitting 
mechanism yields 17, 509 records for training, 4, 781 for 
validation and 7, 005 records for testing set. To minimize the 
influence of the variability of the training set, model training 
process is repeated 10 times for each setting. We use Tensor-
flow to implement and train our prediction model. Generally, 
we test different learning rates ranging from 0.1 to 0.001. 
We also test different batch sizes. Besides, we evaluate the 
effects of different numbers of LSTM hidden units, i.e., {16, 
32, 64, 128}. In our experiments, we try to lessen the influ-
ence of class imbalance using random over-sampling. We 
control the parameter “resampling ratio” in our experimental 
results, which stands for the percentage of positive samples 
in a training batch. We summarize our parameters in Table 2.

4.1.4  Compared Methods

In this work, we compare our DMDP framework with the 
baseline GAM model. Also we run our prediction model 
on FIN sequence or TEXT sequence only. The compared 
methods are described as follows:

(1) GAM (generalized additive model) [24] is treated as 
the baseline in our study. In general, GAM is used to 
deal with time series data with a fixed window size. 
Enabling the discovery of a nonlinear fit between a 
variable and the response, the model makes use of the 

Table 1  The numerical financial indicators used in our experiments

Category Financial indicators

Cash flow ability Cash flow to sales ratio
Cash flow to net profit margin ratio
Cash flow to liabilities ratio
Cash flow ratio

Operation ability Account receivable turnover
Account receivable turnover days
Inventory turnover
Inventory turnover days
Current asset turnover
Current asset turnover days

Profitability Return of equity(roe), EPS
Net profit ratio, net profits
Gross profit rate, business income
Business income per share

Solvency Current ratio, cash ratio
Quick ratio
Interest coverage ratio
Shareholders equity ratio

Growth Main business rate of growth
Net profit rate of growth
Net asset
Total asset rate of growth
EPS rate of growth
Shareholders equity rate of growth

3 https ://githu b.com/fxsjy /jieba .

https://github.com/fxsjy/jieba
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idea that time series could be decomposed as a plenty 
of individual trends, denoted by a sum of smooth func-
tions [12].

(2) LSTM on FIN data only. The LSTM here is an ordi-
nary LSTM with variable-length inputs. The inputs to 
this model is the 30-dimensional financial indicators 
sequence.

(3) LSTM on TEXT data only. The LSTM here is also an 
ordinary LSTM with variable-length inputs. The inputs 
to this model is the 300-dimensional embedding repre-
sentation of text sequence.

(4) Phased LSTM on TEXT only. The inputs to this model 
are the 300-dimensional embedding representation of 
text sequence.

(5) Wavenet on TEXT only. The inputs to this model are 
the 300-dimensional embedding representation of text 
sequence.

4.1.5  Metrics

We adopt area under receiver operating characteristic curve 
(AUC) as our evaluation criterion. Commonly used in select-
ing the optimal classifier that predicts the classes best, AUC 
weights errors on the two classes separately and tells a more 
truthful story when working with the imbalanced dataset. 
The random predictor will produce the AUC value with 0.5, 
the more powerful the classifier is, the larger AUC value 
will be. We also report the prediction accuracy of different 
methods on the test set.

4.2  Comparison Results

To verify the efficiency of our DMDP framework, we com-
pare the results of DMDP with several baseline methods. 
The average accuracy and AUC are summarized in Table 3.

From the table, we find that DMDP with LSTM on finan-
cial variables and Wavenet on news time series achieves the 
highest AUC of 0.761, higher than all the baselines. Note 
that all the neural network-based methods outperform the 

Table 2  Parameter ranges Parameter Description Range

Learning rate learning rate {0.1, 0.01, 0.001}

Hidden units in LSTM (FIN) Number of hidden units {16, 32, 64, 128}
Hidden units in LSTM/Phased 

LSTM (TEXT)
Number of hidden units {16, 32, 64, 128}

Resample ratio The ratio of positive cases in a batch {0.1, 0.2, 0.3, 0.4, 
0.5, 0.6, 0.7, 0.8, 
0.9}

Dilation in Wavenet Number of dilation layers in Wavenet {2, 4, 8, 16}

Table 3  Comparison of 
different methods. Note that 
each method was trained 5 
times and we report their 
average performance and 
standard deviations (in brackets) 
for comparison

Framework Model Data Accuracy AUC 

– GAM FIN 0.651(0.000) 0.550(0.000)
– LSTM FIN 0.891(0.070) 0.662(0.033)
– LSTM TEXT 0.991(0.010) 0.628(0.061)
– Phased LSTM TEXT 0.963(0.032) 0.583(0.060)
– Wavenet TEXT 0.979(0.016) 0.757(0.018)
DMDP LSTM (FIN) + LSTM (TEXT) FIN+TEXT 0.981(0.009) 0.682(0.042)
DMDP LSTM (FIN) + Phased LSTM (TEXT) FIN+TEXT 0.996(0.003) 0.607(0.133)
DMDP LSTM (FIN) + Wavenet (TEXT) FIN+TEXT 0.982(0.009) �.���(0.013)

Table 4  The results of different 
alignment methods

Alignment method Model Data Accuracy AUC 

ZeroInputAlign LSTM (FIN) + Wavenet (TEXT) FIN+TEXT 0.998(0.000) 0.672(0.027)
TimeInputAlign LSTM (FIN) + Phased LSTM (TEXT) FIN+TEXT 0.996(0.003) 0.607(0.133)
SqueezeInputAlign LSTM (FIN) + Wavenet (TEXT) FIN+TEXT 0.982(0.009) �.���(0.013)
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GAM baseline. Also note that there are huge differences 
when applying different models to extract information from 
news text data. The results show that Wavenet outperforms 
LSTM and Phased LSTM by a large margin in extracting 
news text information. Besides, when combining financial 
variables with text information, the models usually improve 
compared to only financial variables or news text alone. For 
Wavenet, however, the improvement of introducing finan-
cial variables is not large, which indicates the importance 
of news text information.

4.3  Parameter Tuning

Alignment method We run experiments with three different 
alignment methods on the real-word dataset. The results can 
be seen in Table 4. The results show that SqueezeInputA-
lign yields the best performance, while TimeInputAlign 
may suffer due to the selection of models because it can only 
be applied to Phased LSTM.

Learning rate We test different values of learning rate from 
{0.1, 0.01, 0.001} in our models. The results are presented in 
Table 5. We can see that our model configured with learning 
rate as 0.001 outperforms the other settings.

Hidden units We also evaluate the effects of different num-
bers of hidden units on model performance. The results are 
presented in Table 6. We can see that the models with 16 
hidden units give the best performance. The results indicate 
that model with more hidden units tends to overfit and yields 
worse results.

Resampling ratio The data, which have no more than 1% of 
records as *ST samples, are highly imbalanced. To alleviate 
this problem, we randomly over-sample the positive cases 
during the training process. We manually set the percentage 
of positive samples in the mini-batch as a parameter and 
tune this parameter to achieve the best performance. We call 
this parameter “the resampling ratio.” In our experiments, 
we tested the resampling ratio ranging from 0.1 to 0.9. The 
results could be seen in Table 7. The results show that we 
achieve the best result when the resampling ratio is equal 
to 0.4.

Dilation layers in wavenet We also evaluate the effects of 
different numbers of dilation layers in Wavenet on model 
performance. The results are presented in Table 8. We can 
see that the models with 8 dilation layers give the best per-
formance. Following the practice in [28], we also tune the 
parameters including the skip channels, residual channels 
and the number of filters. The setting which achieves the best 
performance on validation set is obtained via grid search. 

Table 5  The results of different learning rates in DMDP with LSTM 
(FIN) + Wavenet (TEXT)

Here the number of hidden units in the LSTM on FIN is 16, and the 
resampling ratio is 0.4

Learning rate Accuracy AUC 

0.1 0.850(0.104) 0.498(0.016)
0.01 0.720(0.059) 0.579(0.054)
0.001 0.982(0.009) �.���(0.013)

Table 6  The results of different numbers of hidden units of LSTM 
(FIN) in DMDP with LSTM (FIN) + Wavenet (TEXT)

Here the learning rate is set to be 0.001, and the resampling ratio is 
0.4

#Hidden units Accuracy AUC 

16 0.982(0.009) �.���(0.013)

32 0.986(0.016) 0.715(0.018)
64 0.987(0.014) 0.742(0.040)
128 0.988(0.000) 0.760(0.014)

Table 7  The results of different resampling ratios in DMDP with 
LSTM (FIN) + Wavenet (TEXT)

Here the learning rate is set to be 0.001, and the number of hidden 
units is 16

Resampling ratio Accuracy AUC 

0.1 0.997(0.001) 0.749(0.019)
0.2 0.987(0.005) 0.729(0.022)
0.3 0.994(0.005) 0.757(0.044)
0.4 0.982(0.009) �.���(0.013)

0.5 0.991(0.003) 0.723(0.019)
0.6 0.968(0.013) 0.715(0.033)
0.7 0.993(0.001) 0.696(0.012)
0.8 0.974(0.020) 0.669(0.016)
0.9 0.975(0.021) 0.698(0.045)

Table 8  The results of different numbers of dilation layers in Wavenet 
(TEXT) in DMDP with LSTM (FIN) + Wavenet (TEXT)

Here the learning rate is set to be 0.001, and the resampling ratio is 
0.4

#Dilation layers Accuracy AUC 

2 0.792(0.155) 0.566(0.090)
4 0.737(0.113) 0.598(0.041)
8 0.982(0.009) �.���(0.013)

16 0.973(0.017) 0.703(0.004)
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Since the tuning is similar with dilation layers, we only list 
results of different dilation layers here.

5  Related Work

Recently, RNN variants such as LSTM [14] have been very 
successful in modeling the long-range sequential depend-
encies. And they have been applied to many time series 
forecasting or classification tasks. In [9], the authors used 
LSTM to predict whether a stock (6 typical stocks) would 
increase 0–1% (class 1), above 1% (class 2) or not increasing 
(class 3) within next three hours with the highest accuracy 
at 59.5%. In [36], the authors proposed a novel SFM model, 
which incorporates discrete Fourier transform (DFT) into 
LSTM, to predict values in the future series. They argued 
that by decomposing the hidden states of LSTM into multi-
frequency components, they could capture different latent 
patterns behind the original time series. In [21], the authors 
tried to combine LSTM and CNN into a single framework 
called TreNet as the author argued that CNNs extract salient 
features from local raw data, while LSTM captures long-
term dependency. The results demonstrated that the com-
bined network outperforms both CNN and LSTM as well 
as various kernel-based models in predicting the trend in 
time series. However, to the best of our knowledge, no prior 
work has studied the problem of default probability predic-
tion which is a critical task to perform risk assessment for 
listed companies. Moreover, none of the existing time series 
prediction methods leverages the informative social media 
data to enhance prediction accuracy.

6  Conclusion

This paper has developed a default probability prediction 
framework DMDP, which leverages both structured finan-
cial factors and unstructured news from social media, to cap-
ture default risk states of the observed corporations. DMDP 
involves a data alignment component to absorb multi-source 
data with different timestamps. We further adopt LSTM, 
Phased LSTM and Wavenet for financial variables time series 
and news text time series, respectively, to effectively extract 
the latent information. In the experiments, we considered over 
30 financial indicators including the profitability, solvency, 
operation ability, cash flow ability and potential growth abil-
ity of records for over 3000 listed corporations in mainland 
China. The results show that compared to the existing risk 
assessment approach that only considers financial factors, our 
neural method with additional indicators from social media 
news improves the accuracy of the default probability predic-
tion results. As future work, we will investigate the following 
research directions: (1) the effects of public opinions among 

affiliated companies on a company’s default value; (2) the 
importance of different features on default probability predic-
tion performance.
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