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Abstract Recent studies have revealed that long-term financial news can affect on stock markets. How-

ever, previous research mainly focuses on modeling the short-term effects of financial news and suffers from

the weak ability of quantifying the time-decaying influence of financial news. To fill this gap, this study

introduces the Hawkes process to estimate the time-decaying influence of long-term financial news. However,

the performance of the conventional Hawkes process is sensitive to the choice of kernel functions. Hence,

we propose a novel multikernel-powered Hawkes process framework, which uses multiple kernels to model

different time-decaying rates, thus alleviating the instability of our proposed Hawkes process based predic-

tion model. Experimental results show that the proposed framework yields state-of-the-art stock market

prediction accuracies on 515 listed companies and gains more profits in market trading simulation compared

with baseline methods. News-based stock prediction can complement studies on price-volume-based stock

prediction.
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1 Introduction

Financial news can help people understand the volatility of stock markets [1–4]. As shown in Figure 1,
some breaking news can quickly affect stock prices in a short period. Meanwhile, their long-term influence
may remain and result in consequent relevant news events. For example, on January 14th, Reuters
reported that Samsung offered to buy BlackBerry for as much as $7.5 billion, thus stimulating the stock
price of BlackBerry to soar on that day. However, in the following days, both companies denied that they
were having talks of any possible takeover; thus, the influence of the good news decayed in time, and
the stock price continued to fall. Although the acquisition event was later denied, it still had a certain
positive effect on the subsequent stock price of BlackBerry. Previous research focuses on short-term (one
day) effects of financial news [5]. However, the consideration of time-decaying influence on long-term
financial news still leaves a substantial gap to explore.

To fill this gap, Ding et al. [6] proposed a novel CNN-based framework to model the short- and long-
term effects of news events jointly on stock price movement. Hu et al. [2] and Xu et al. [7] maximized the
temporal attention mechanism to fix long-term series dependencies. However, these studies were limited
by the inability to quantify the time-decaying influence of long-term financial news. The quantification
of time decay can provide a fine-grained investigation on the effects of news on stock markets and can
serve as a reasonable explanation for the prediction results.

Hence, we investigate the Hawkes process [8] to estimate the effects of long-term financial news. The
Hawkes process is a self-exciting temporal point process with three intrinsic natures, which can facilitate
our task. (1) Self-exciting mechanism. Each past event contributes to the arrival rate of subsequent events
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Figure 1 (Color online) The influence of historical news decays with the increase of time. On January 14th, Reuters reported

that Samsung had offered to buy BlackBerry for as much as $7.5 billion, which stimulated the stock price of BlackBerry to soar on

that day. But in following days, both companies denied they were in talks with respect to any possible takeover, thus the influence

of the good news was time-decaying and the stock price continued to fall. We notice that although the acquisition event was later

denied, it will still have a certain positive effect on the subsequent stock price of BlackBerry.

in the future. In other words, the arrival rate of the next event depends on past events. In our task, the
stock movement prediction of individual firms depends on the historical financial news events during a
period. (2) Accumulation mechanism. The Hawkes process makes predictions through the accumulation
of historical events. This feature enables our proposed model to learn the cumulative effects of long-
term financial news. The accumulation of long-term financial news can consider informative news more
than short-term based methods. (3) Quantifying the time-decaying influence. The kernel function in the
Hawkes process enables our proposed model to quantify the time-decaying influence of long-term news
with the increase in time.

First, we follow Duan et al. [9] to learn firm-specific representations of financial news for each individual
firm. Then, by gathering these news representations within the same day, we can obtain daily news
representations. Afterward, we use the kernel function in the Hawkes process to quantify the time-
decaying influence of financial news. As pointed out by Lima et al. [10], kernel choice is critical to
the power of the Hawkes process because different kernel function choices can lead to different time-
decaying rates. To alleviate this issue, we devise an optimal multikernel selection procedure to enhance
the robustness of our prediction model. Lastly, we combine the daily vector representations of historical
financial news with corresponding quantified time-decaying influence to predict the volatility of the stock
market.

The main contributions of this study are two-fold.

• We propose to quantify the time-decaying influence of financial news on the stock market on the
basis of the Hawkes process.

• We explore multiple kernels for the Hawkes process, substantially enhancing the robustness of our
model in comparison with single-kernel methods.

Experimental results on the stock market show that our approach can effectively model the time-
decaying influence of long-term financial news and achieve better prediction performances compared with
state-of-the-art baseline methods.

2 Background

2.1 Problem definition

Cumulative abnormal return. In this study, we focus on the task of cumulative abnormal return
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prediction, which studies the effect of news information toward a specific firm. Formally, the actual return
Rtn of a firm on the trading day tn is calculated by

Rtn =
closetn − closetn−1

closetn−1

, (1)

where closetn is the closing price of the trading day tn, and closetn−1 is the closing price of the former
trading day tn−1. Abnormal return ARtn is the difference between the actual return Rtn of a stock and
its expected return R̂tn , which is given as

ARtn = Rtn − R̂tn , (2)

where the expected return R̂tn can be approximated by the stock index, such as S&P 500 index. The
cumulative abnormal return is calculated by cumulating the daily abnormal return in a fixed window.
Following Duan et al. [9], we use a three-day window (−1, 0, 1), which is denoted as CAR3, with the
trading day tn at the center of the three-day window. Formally,

CAR3 = ARtn−1 +ARtn +ARtn+1 . (3)

Prediction. Given a trading day tn, the task is to model the influence of its historical financial news
sequences for predicting the cumulative abnormal return of that day. We define long-term historical
financial news as news over the past month, and short-term news as news on the past day of the trading
day tn (the same setting as [5,6]). To simplify, we take the length of the long-term historical news window
that equals to 30 as an example [tn−30, . . . , tn−2, tn−1]. Formally, by using the target-specific document
representation method [9], we can acquire the daily news representations [rtn−30 , . . . , rtn−2 , rtn−1 ]. Then,
we combine them with corresponding weights (i.e., time-decaying rates) calculated by the multikernel
function in the Hawkes process to obtain the final representations of historical news dcf about the company
c. The probability that dcf has positive or negative effects on the stock prices of company c is predicated
via logistic softmax regression,

p(y|dcf ) = softmax
(
W · dcf + b

)
, y ∈ {0, 1}, (4)

where W is a weight matrix and b is a bias vector. p(y = 0|dcf ) and p(y = 1|dcf ) indicate the probability
of CAR3 being negative and positive, respectively.

2.2 Hawkes process

The Hawkes process is a self-exciting point process, which has been applied in many fields, such as
seismology literature [11], popularity dynamics [12], and invasive species management [13]. The simplest
form of point process is the homogenous Poisson process, which assumes that events are independent
from each other, and the arrival rate of events is static. Considering the influence of historical events, the
Hawkes process models the arrival rate of new events. The intensity function λk is considered the number
of events in an infinitesimal interval and is also known as the arrival rate of new events. Its formulation
is as follows:

dcf = µtn−1 +

30∑
i=2

µtn−iϕ (tn−1 − tn−i) . (5)

In our task settings, dcf is the final representation of the historical news sequence [tn−30, . . . , tn−2, tn−1].
µtn−1 is a vector which stands for the representation of the news released on the date tn−1 closest to the
trading day tn. µtn−i

is the historical news representation which implies the positive or negative effect
towards the stock market. tn−i represents the released date of the historical news. The function ϕ(·) is
a kernel function to model the decaying influence.

The Hawkes process captures three key factors: Self-exciting mechanism — Each past event contributes
to the arrival rate of subsequent events in the future. In other words, the arrival rate of the next event
depends on past events. Ding et al. [5] showed that news that happened on tn−1 has a remarkable
influence towards the trading day tn. Accumulation mechanism — By accumulating long-term historical
news, we consider more historical information in comparison with short-term based methods. Time decay
effect — The influence of historical news decays as time goes.

Inspired by Cao et al. [14], we construct an end-to-end supervised deep learning framework. We use
the prediction result to supervise the entire process, which is different from those unsupervised generative
process methods [12,15] by utilizing the Hawkes process.
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Figure 2 (Color online) Framework of stock prediction in combination with the Hawkes process. It omits part of the lines in case

of chaos. tn−5 has three financial news pieces, whereas tn−3 has no news about specific firm c.

3 Multikernel Hawkes process model

As shown in Figure 2, our framework comprises three components. First, we learn the daily news
representations using a target-specific, abstract-guided method. Then, we calculate the decaying factors
of historical news using the multikernel function. Subsequently, we combine the news representation and
decaying factors to acquire the final representation of the sequences of historical news. Lastly, we use a
softmax layer to predict the stock movement of the firm.

Given a trading day, the input is a series of historical news which happens in a fixed window. If no
news is available on a specific day, we take null in that position. For example, if the window length is 5,
then the consecutive time span is 5 days. During the time span, we ensure that at least one day is filled
with news. The output is the cumulative abnormal return of the trading day.

3.1 News representation

Sometimes a news piece may mention more than one firm, and its effects on different firms can vary [9,16].
Therefore, we must learn distinct representations of the same news piece for different firms. In addition,
we believe that the news body contains more informative background knowledge compared with the news
title; thus, the news body is beneficial for stock prediction. Hence, we follow Duan et al. [9]’s approach of
using target-specific, abstract-guided document representation to learn distributed vectors for financial
news documents. To reduce document noise, we learn a target-specific representation of the abstract to
guide us in selecting the most informative sentences for the entire document.

First, we learn a target-specific representation va for the abstract of a news piece via conditional
encoding [17]. We use bi-directional long short-term memory (Bi-LSTM) [18] structure as the basic
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representation learning model because the news abstract is a sentence. Among various neural networks
for encoding sentences, Bi-LSTM has been a dominant method, providing state-of-the-art results in
language modelling [19] and syntactic parsing [20]. To encode specific information into va, we use an
embedding vector of the individual firm as the initial state vector for the sentence-level Bi-LSTM. The
vector for the individual firm is initialized by averaging the words of its constituents and fine-tuned during
training.

Then, we encode each sentence (the abstracts are not considered) in the document to a context-sensitive
representation hs

i using a hierarchical structure [21]. A sentence-level Bi-LSTM is first used to encode
words into a hidden state vector hv

i . In the document level, given the sentence embedding {hv
1, h

v
2, . . . , h

v
m}

for sentences {s1, s2, . . . , sm} in a document, respectively, the same Bi-LSTM structure (with a different

set of model parameters) is used to obtain hidden states {
−→
hs
1,
−→
hs
2, . . . ,

−→
hs
m} and {

←−
hs
1,
←−
hs
2, . . . ,

←−
hs
m}, respec-

tively. For each sentence si, the forward and backward hidden vectors are averaged to provide a single
hidden state embedding hs

i , which contains the semantic composition of words and its context information.
Afterward, we use the target-specific abstract vector va to guide the calculation of attention weights αi

for each sentence hs
i in the document. By using the weights, the model can not only address the challenge

of informative sentence selection, but also provide an evidence about the prediction results. The weight
score us

i shows how much attention should be placed on sentence hs
i :

us
i = vT tanh (Wa [va : hs

i ] + b) , (6)

where v is a vector which projects the result to a scalar; Wa is a weight matrix; b is a bias vector and [:]
denotes the concatenating operation.

The normalized weight score αi and the abstract-guided document representation vd′ are computed
from (7) and (8), respectively. The final document representation is vd = [va : vd′ ].

αi =
exp (us

i )∑
i exp (u

s
i )
, (7)

vd′ =
∑
i

αih
s
i , (8)

where us
i is a weight score and hs

i is a hidden state embedding as mentioned above.
More than one news can be obtained in a day; thus, the model adopts a self-attentive neural network [22]

to assign different weights (Eq.(9)) to news documents {d1, d2, . . . , dn} with respect to our prediction goal.

ud
i = vT tanh

(
W (m)vdi

+ b(m)
)
, (9)

where v is a vector which projects the result to a scalar; vdi is the representation of document di; W
(m)

is a weight matrix and b(m) is a bias vector. The normalization process is the same with (7) but with
different parameters. Lastly, we acquire the representation of daily news rt on the date t.

3.2 Learning time-decaying influence with the multikernel function

Ding et al. [6] showed diminishing effects of historical financial news on stock market volatility. To
quantify such effects, we propose using the Hawkes process to model the time-decaying influence through
a parametric kernel function. The parametric kernel function ϕ(t) determines the rate of the time-decaying
influence. Therefore, learning a proper kernel function is essential for our task.

However, the selection of an appropriate kernel function is intractable, and thus commonly dependent
on the prior domain knowledge. For example, in studying causal influences in a blogosphere [23], the
decaying influence is at a quick rate, which can be formulated by an exponential kernel function ϕexp(t) =
e−θt. By contrast, in aftershock prediction [11], the decaying influence has a slow rate, which can be
formulated by a power-law kernel function ϕpow(t) = (t + c)−(1+θ). When we have minimal advance
knowledge, the Gaussian kernel is an expressive means to encode prior knowledge [24], and a sequence
of complex real-valued variables can be explained by a compositional kernel with base kernels [25]. The
mathematic formalization of the Gaussian kernel function is shown as

G(t) = ϕGaussian(t) = e−t2/2σ2

, (10)
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where t is a delta interval between release dates, σ is a bandwidth, and G(t) and ϕGaussian(t) are two
different expressions of the same formula. We take the Gaussian kernel as a base kernel, and then a com-
positional kernel (i.e., Gaussian multikernel) comprises five Gaussian kernels with different bandwidths to
model different time-decaying rates. Furthermore, we incorporate the exponential kernel and power-law
kernel into the Gaussian multiple kernel function as

ϕmultik(t) = βexpϕexp(t) + βpowϕpow(t) +

5∑
u=1

βuGu(t), (11)

where t is a delta interval between release dates; Gu(t) is a Gaussian kernelG(t) with a specified bandwidth

σ; and βexp, βpow, and βu are positive parameters which satisfy βexp + βpow +
∑5

u=1 βu = 1. βexp, βpow,
and βu are first given random initial values and then are updated in the training process.

3.3 Prediction via the Hawkes process

We have obtained daily news representations and learned the time-decaying influence of financial news
from Subsections 3.1 and 3.2. Each daily news can contribute to the stock movements on the trading
day tn, and the news reported on the date tn−1 can be viewed as the strongest indicator [6]. With the
incorporation of time-decaying influence, the representation dcf of the news sequence is assembled by a
weighted sum pooling mechanism:

dcf = rn−1 +
∑

h:th<tn−1

rhwh, (12)

wh = ϕmultik (tn−1 − th) , (13)

where rh is the vector representation of news reported on date th; tn is the trading day on which we want
to predict the market movements; wh is the weight calculated by the multiple kernel function to quantify
the time-decaying influence; dcf is the representation of financial news sequence.

Lastly, taking the representation dcf as input, we use a single feed-forward layer to predict the trend
of cumulative abnormal return of individual firm c.

p(y|dcf ) = softmax
(
W · dcf + b

)
, y ∈ {0, 1}, (14)

where W is a weight matrix and b is a bias vector.

3.4 Training details

The model is trained in a supervised manner by minimizing the cross-entropy of the prediction result,
whose loss function is given as follows:

min−
T∑

[y · log(p) + (1− y) · log(1− p)], (15)

where y is 1 when the label of training data is rising, otherwise y is 0. p is the probability that the
predicted label is rising, and T is the number of training instances. We use Adam [26] to update the
entire set of parameters by taking the derivative of the loss through backpropagation.

The word vectors are initialized from pretrained word embeddings, which are trained on Bloomberg
and Reuters corpus [6] and fine-tuned during our model training. We choose the parameters that can
achieve the best micro-F1 result on the development set for the final test. Early stopping is also applied
to avoid overfitting issues and save training time. We empirically set the embedding length as 100, the
length of hidden layer as 100 and the learning rate of Adam as 0.0005 for all baseline models and our
model. The hyperparameter σ2 in the Gaussian function obtains values in [0.005, 0.05, 0.5, 5, 50], and
we then investigate the influence of different number of Gaussian functions in Subsection 4.6.
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Table 1 Statistics of datasets

Training Development Test

# records 18042 996 2003

Time interval 22/10/2006–14/04/2014 15/04/2014–01/09/2014 02/09/2014–26/08/2015

4 Experiments

4.1 Data

We use publicly available financial news from Reuters between 22/10/2006 and 26/08/2015 [6]. We also
obtain the AMEX, NYSE and NASDAQ composite indices from Yahoo, as well as the stock prices of
firms. We calculate the expected return R̂t using equally-weighted market indices. As shown in Table 1,
we split the dataset into training, development, and test sets; such splitting process is the same as that
in Duan et al. [9].

4.2 Baselines and evaluation metrics

We compare our approach with three categories of baseline methods, with accuracy (%) as the evaluation
metric. We first compare the performance of long- and short-term-based prediction methods. Then,
we compare the performance of different long-term-based prediction methods (model-CNN, model-no-
weight and model-temporal-attention). Lastly, we compare the performance of single-kernel (model-exp,
model-pow and model-Gaussian) and multikernel Hawkes process methods.

short-term. Duan et al. [9] presented the current state-of-the-art accuracies for CAR prediction by
using target-specific, abstract-guided, document-level representations of intraday financial news for stock
movement prediction.

model-no-weight. This baseline uses the same prediction framework as our proposed approach,
except that the final long-term news sequence representation is calculated by the summation of equally-
weighted representations of daily news.

model-CNN. Ding et al. [6] split the historical temporal span into three parts: a day, a week and a
month. Then they used a deep convolutional neural network to model the combined influence of long-term
and short-term events on stock price movements.

model-temporal-attention. Hu et al. [2] and Xu et al. [7] adopted the temporal-level attention to
distinguish the influence of financial news reported on different days. Both pay attention on the news
content without considering the timeliness of news. This baseline uses an attention mechanism to learn
different weights for each long-term news on the basis of the frameworks proposed by Hu et al. [2] and
Xu et al. [7].

model-exp, model-pow, multik (Gaussian). These kernel based baseline methods can model the
time-decaying influence of financial news in different rates. The exponential kernel function (model-exp)
can model the time-decaying influence at a quick rate, whereas the power-law kernel function (model-
pow) models the influence at a slow rate. We also use a composition of multiple Gaussian kernels (multik
(Gaussian)) as a baseline method.

4.3 Overall results

The experimental accuracy results of all baselines and our approach are shown in Table 2. All baselines
and our model use the same dataset and settings mentioned in Subsection 4.1. We conduct an analysis
by comparing these baseline methods with our approach in detail.

(1) Comparing Duan et al. [9] with our approach, the short-term-based method performs poorly because
in our approach, we consider more news information. Despite the relatively weaker effects of long-term
news, the volatility of the stock market is still affected by them. Additional information can help the
system make more accurate predictions.

(2) Compared with different long-term based prediction methods (model-no-weight, model-CNN, and
model-temporal-attention), our approach achieves the best performance. Model-no-weight can use long-
term news information and thus achieves better performance compared with short-term-based baseline
methods. However, giving equal weights to each long-term news is unreasonable. Although model-
CNN [6] can model the combination effects of long-, middle- and short-term news for stock market, it
cannot provide an explicitly quantitative analysis of such effects because it cannot provide a concrete score
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Table 2 Experimental accuracy results of stock movement predictiona)

Method Accuracy (%)

short-term (Duan et al. [9]) 52.32

model-no-weight 53.25

model-CNN (Ding et al. [6]) 53.72

model-temporal-attention (Hu et al. [2]) 54.12

model-temporal-attention (Xu et al. [7]) 54.57

model-exp (ours) 55.17

model-pow (ours) 55.32

multik (exp+pow) (ours) 55.97

multik (Gaussian) (ours) 56.02

multik (exp+pow+Gaussian) (ours) 56.12

a) The best result is in bold.
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Figure 3 (Color online) Quantification of time-decaying influence on historical consecutive days in an interval of 6 days

(29/04/2015–04/05/2015) using multikernel Hawkes process.

to quantify the influence of each news. model-temporal-attention [2,7] learns different effects of long-term
news through an attention mechanism but only considers the news content and ignores the decline of the
news influence caused by the timeliness. Our proposed approach quantifies the time-decaying influence
of news by integrating the content and timeliness of the news.

(3) The multikernel Hawkes process based method outperforms all single-kernel Hawkes process-based
methods, thus demonstrating the power of the optimal multikernel-based operation. Each kernel function
has its own specific advantage, whereas multiple kernels can gather the advantages of each kernel function.

4.4 Case study

To analyze the effectiveness of our proposed approach, we draw a curve that shows the quantification of
time-decaying influence in Figure 3. We want to predict the cumulative abormal return of a specific firm
on 05/05/2015. In our proposed model, the weight on the closest date 04/05/2015 is 1. The figure shows
different weights of historical news in an interval of 6 days (here, we omit the closest date 04/05/2015
in the figure). During the time interval, 02/05/2015 is Saturday and 03/05/2015 is Sunday. Previous
research considered these two days equally weighted toward prediction and merged them together as a
whole, similar to news occurring on the same date [5]. However, different decaying factors can be observed
in these two days. Moreover, the effects of news events drop considerably the day after they happen, but
their influences can still continue for some time. These long-term effects are also useful for predicting the
stock movements but are often overlooked.

4.5 Accuracy vs. different time intervals

We also investigate the performance of long-term news-based methods during a period at different time
intervals (from 2 days to 30 days). The accuracy time interval curves are shown in Figure 4. We can find
the following.
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Time interval (days)

model-temporal-attention

Figure 4 (Color online) Accuracy of prediction with different time intervals (from 2 days to 30 days). The Hawkes process-based

models first rise and then fall as the time interval increases; they reach a peak when the time interval is 6 days.

Number of Gaussian kernels

Figure 5 (Color online) Accuracy of prediction with different number of Gaussian kernels (from 1 to 10). Hawkes process based

model first rises and then falls as the number of Gaussian kernels increases. They reach a peak when the number of Gaussian

kernels is 5.

(1) The curves that denote the Hawkes process-based methods first rise and then fall as the time
interval increases. When the time interval increases to 6 days, they reach a peak for two major reasons.
First, more days of news can bring more noise information, thus limiting the performance of our approach.
Second, the stock market is sensitive to information and responds quickly. More than 6 days of bad news
or good news have already been priced in and no longer affect the stock market. Six days are thus a
long-term time span for the stock market.

(2) The model with no-weight performs poorly with the increase in time intervals because giving equal
weights to all historical financial news without considering their time-decaying influence is unreasonable.
This result indicates the importance of considering the timeliness of financial news.

(3) The accuracies of our proposed multikernel Hawkes process (exp + pow + Gaussian)-based approach
are consistent in different time intervals compared with the single-kernel Hawkes process. This result
verifies that the multikernel function can enhance the robustness of the Hawkes process.

4.6 Accuracy vs. different number of Gaussian kernels

The number of Gaussian kernels is a hyperparameters in our model. We show the effect of different
numbers of Gaussian kernels on the test set in Figure 5. The accuracy of prediction with different
numbers of Gaussian kernels (from 1 to 10) is observed. The Hawkes process based model first rises
and then falls as the number of Gaussian kernels increases. They reach a peak when the number of
Gaussian kernels is five. When we use five Gaussian kernels, the weights of different kernels are 0.29 for
the exponential kernel, 0.11 for the power-law kernel, and 0.12 for each Gaussian kernel. The exponential
kernel is given the greatest weight, indicating that the time-decaying influence of long-term news is
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Table 3 Return compared with different methodsa)

Method Return (%)

AMEX composite index −21.65

NYSE composite index −9.59

NASDAQ composite index 2.16

short-term −34.81

model-no-weight −28.81

model-temporal-attention (Hu et al. [2]) −18.82

multik (exp+pow+Gaussian) (ours) 8.82

a) The best result is in bold. We choose AMEX, NYSE and NASDAQ composite index as baselines because individual firms in

our datasets come from these indexes.

similar to the exponential kernel, and other kernels can contribute to model the time-decaying influence
of long-term news.

4.7 Market trading simulation

A shortcoming of news-driven stock prediction is that it highly depends on whether financial news of
a specific firm is available on the day before the trading day. If no news is available on the previous
day, short-term news-based methods cannot yield results. However, our approach can still provide a
reasonable prediction result by using long-term historical news, indicating that we can conduct market
transactions on more trading days compared with prediction methods based on short-term news. Thus,
we propose another evaluation method, i.e., calculating the profit return in a market trading simulation.

We conduct a market trading simulation during the span of the test set by following the strategy
proposed by Lavrenko et al. [27]; this strategy mimics the behavior of a daily trader who uses our model
in a simple manner. If the model indicates that the most likely stock movements of specific firms will rise
the next trading day, then the fictitious trader will invest; otherwise, the fictitious trader will sell short.
Our model gives each stock a score based on the probability to have a rising trend if the prediction trend
is rising; otherwise, the score based on the probability to have a declining trend will be given. Based on
these scores, we select the top three stocks with the highest scores to construct a new portfolio for the
next trading day. The selected three stocks are evenly invested at the opening price of the next trading
day. After the purchase, the virtual trader holds them for one day. At the end of the day, the virtual
trader sells them at the closing price. To approximate actual trading, we consider a transaction cost of
0.3% for each trading. We also respectively calculate the return by investing in the AMEX, NYSE and
NASDAQ composite indices during the same period. These three returns of the composite index can
not only be considered baselines but can also indicate the stock market trend. We choose the top three
stocks of prediction results for the following two reasons: First, the highest profits should be obtained by
selecting the topmost stocks. Second, investors always choose multiple stocks to avoid risks in case of a
plunge in stock prices.

Table 3 shows the return of different methods in a market trading simulation, demonstrating that our
proposed multikernel Hawkes process (exp + pow + Gaussian)-based approach can gain more profits in
comparison with other methods and even performs better than the NASDAQ composite index, which
outperforms all composite indices. The return rate of our proposed model is 8.82%, indicating that we can
make a considerable profit in comparison with other methods. We can also observe that long-term news-
based prediction methods perform better than short-term ones because they conduct transactions on more
trading days, whereas short-term ones cannot. Compared with our approach, the other two long-term
news-based prediction methods obtain a negative return because model-no-weight unreasonably gives an
equal weight to each long-term news and model-temporal-attention cannot give a precise time-decaying
influence of long-term news with the change of time. This result is due to high transaction cost, which
offsets the profits. However, our method can still make profits in the downturn of the stock market,
indicating that it can predict stocks with high return accurately.

5 Related work

5.1 Text-driven stock market prediction

Previous researches [28–31] leveraged time-series data to predict future movements on stock market by
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utilizing historical price and column movements. The autoregressive method is mostly used in time-
series stock prediction. Li et al. [32] investigated the relation between index return and contemporaneous
trading volume in seven major advanced economies. With the prevalence of deep learning, a hybrid model
combining recurrent neural network with autoregressive model was proposed to predict stock returns [33].
However, these methods ignore one key factor that influences the volatility of the stock market, that is,
financial news.

Substantial research has found that financial news has a considerable effect on stock markets [34,
35]. Such studies investigated various text representation methods to predict the movements of stock
markets [36]. Earlier approaches focused on feature engineering [27, 37], mainly utilizing n-grams as
features. To augment text features, Schumaker et al. [38] extracted noun phrases and named entities
through the aid of lexical and syntactic rules, as well as semantic tagging methods. Furthermore, Xie et
al. [4] and Wang et al. [3] applied a well-designed semantic frame to predict stock price movement, which
can be regarded as a remedy to sparse feature space problems. Sun et al. [34] explored a stock trading
network beyond stock price time series and financial news for stock movement prediction. However, these
methods ignore modeling events that contain considerable structure information. In an early attempt to
model events, Feldman et al. [39] predefined nine categories of event types and extracted events on the
basis of weighted context-free grammar. However, the scalability of this work is not strong owing to limited
categories. With the advancement of open information extraction [40, 41] and deep learning methods,
Ding et al. [5] represented financial news with structured events (e.g., action, actor that conducts the
action, object on which the action is performed). Furthermore Ding et al. [6] used neural tensor networks
to learn dense event vectors for stock market prediction.

This line of work mainly uses the title of financial news because titles are informative and contain
minimal noise. To incorporate additional information on financial news documents, Duan et al. [9],
Hu et al. [2], and Xu et al. [7] used an attention mechanism to learn document representations for
stock movement prediction. However, previous studies mainly focused on modeling short-term effects of
financial news and suffered from the weak ability of quantifying the time-decaying influence of financial
news. In this study, we propose using the Hawkes process to quantify the time-decaying influence of
long-term historical financial news. Modeling the influence of long-term news can consider additional
information, which is beneficial for making decisions on stock market prediction. Moreover, through the
quantification of the time-decaying influence, our model can distinguish financial news effects on different
days with the aid of the time factor.

5.2 Hawkes process

The temporal point process is often used for modeling information cascades, a series of events that
occurs in continuous time. The simplest form of temporal point process assumes that events occur
independently, which is insufficient when a subsequent event is dependent on past events. Through the
accumulation mechanism and time-decaying quantification, the Hawkes process [8] considers past events
to predict which type of subsequent event occurs. Gao et al. [42] proposed a mixture process to model
and predict retweeting dynamics, with each subprocess capturing the retweeting dynamics initiated by a
key node. Cao et al. [14] proposed DeepHawkes to leverage end-to-end deep learning to make an analogy
of the interpretable factors of the Hawkes process, a widely used generative process to model information
cascades. In text-driven stock market prediction, financial news becomes volatile toward stock markets;
as time goes by, the influence of financial news decays. Thus, we utilize this method to predict the
cumulative abnormal return of individual firm by considering financial news during a period.

Lima et al. [10] showed that choosing an appropriate kernel function is crucial because different kernel
choices lead to different time-decaying rates. Ogata et al. [11] utilized the power-law kernel function to
model the time-decaying influence at a slow rate in earthquake and aftershock prediction. Etesami et
al. [23] adopted the exponential kernel to model the time-decaying influence at a fast rate. In this study,
we propose quantifying the time-decaying influence of financial news by using a multikernel function
because experimental results are sensitive to the choice of kernel functions in the Hawkes process. The
multikernel Hawkes process can maximize the strengths of different kernel functions to model complex
variable distribution. Moreover, experimental results show that the multikernel Hawkes process can
enhance the robustness of our prediction model.
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6 Conclusion

In this study, we investigated the quantification of the time-decaying influence of long-term financial news
using the Hawkes process for stock movement prediction. An optimal multikernel strategy for the Hawkes
process further improved the robustness of our proposed model. Extensive experiments conducted on
515 listed companies demonstrated that our proposed method could yield state-of-the-art performance on
stock market prediction against baseline methods. Experimental results on the market trading simulation
showed that we could gain a considerable profit, as compared with the baseline methods and several
composite indices. The results demonstrate that quantifying the time-decaying influence of long-term
financial news is beneficial for market trading.
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