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Abstract

This study presents big data applications with quantitative theoretical
models in financial management and investigates possible incorpora-
tion of social media factors into the models. Specifically, we examine
three models, a revenue management model, an interest rate model
with market sentiments, and a high-frequency trading equity market
model, and consider possible extensions of those models to include social
media. Since social media plays a substantial role in promoting prod-
ucts and services, engaging with customers, and sharing sentiments
among market participants, it is important to include social media fac-
tors in the stochastic optimization models for financial management.
Moreover, we compare the three models from a qualitative and quan-
titative point of view and provide managerial implications on how
these models are synthetically used along with social media in financial
management with a concrete case of a hotel REIT. The contribution
of this research is that we investigate the possible incorporation of
social media factors into the three models whose objectives are revenue
management and debt and equity financing, essential areas in finan-
cial management, which helps to estimate the effect and the impact
of social media quantitatively if internal data necessary for parameter
estimation are available, and provide managerial implications for the
synthetic use of the three models from a higher viewpoint. The numer-
ical experiment along with the proposition indicates that the model
can be used in the revenue management of hotels, and by improving
the social media factor, the hotel can work on maximizing its sales.

1



2 Big data applications with theoretical models and social media in financial management

Keywords: Big data applications, Revenue management, Social media,
Financial management

1 Introduction

Social media is important for business since social media includes valuable
information that the other data that companies own normally do not contain.
From social media such as Twitter, Instagram, and Facebook, companies can
collect customers’ impressions and reviews and even make advertisements to
the customers. Also, people’s views on financial markets and economics are
observed on social media. The revenue management model by Saito et al.
(2016), (2019), the interest rate model with sentiments by Nishimura et al.
(2019) and Nakatani et al. (2020), and the high-frequency trading equity mar-
ket model by Saito and Takahashi (2019), are quantitative theoretical models
that express behaviors of customers, investors, and market participants. More-
over, these models incorporate big data, such as booking data, financial data
with text data, and order and execution data into modeling. Since social media
includes information that these data do not have, thus, the models become
more valuable if they take into account the social media data that reflects
people’s sentiments. In this study, we review these three theoretical models
from an integrated perspective and consider possible extensions of the models
to include social media factors. Also, we compare the three models to inves-
tigate what common features are and what the differences are by considering
managerial implications about in which scenario each model works.

As big data are used in our daily lives, it is becoming increasingly impor-
tant to utilize big data and theoretical models that describe mechanisms of
phenomenon. Kar and Dwivedi (2020) also point out the need for studies of
theoretical modeling incorporating big data, which explains phenomena caused
by the interaction of people. For example, the customers on the online hotel
booking website in Saito et al. (2016), (2019) choose the hotel to book from
a group of hotels in the same area by comparing the room charges and other
characteristics of the hotels. In the interest rate model in Nishimura et al.
(2019) and Nakatani et al. (2020), the investors maximize the expected utility
of their wealth by choosing portfolio allocations under sentiments. In the high-
frequency trading equity market model in Saito and Takahashi (2019), the
market participants in a high-frequency trading market choose their trading
strategies to maximize their expected profits. Those quantitative theoretical
models describe human behaviors in social circumstances and explain patterns
of the outcomes observed in reality. With applications of big data, the mod-
els become remarkably useful such that they can be utilized for determining
optimal strategies in financial management.

In detail, Saito et al. (2016), (2019) presented big data applications to rev-
enue management for hotels, utilizing big data, which is online booking data
collected from a hotel booking website. With the big data, they estimated the



Big data applications with theoretical models and social media in financial management 3

quantitative revenue management models that described booking behaviors of
the customers in response to the room charges of hotels and showed how those
models could be used in hotel revenue management. Nishimura et al. (2019)
and Nakatani et al. (2020) proposed applications of big data, which is finan-
cial news, by text mining and estimated market sentiment factors in interest
rate models. Nishimura et al. (2019) and Nakatani et al. (2020) assessed the
sentiment factors by text mining in economic news, which is big data, and
proposed interest rate models incorporating those factors, which can be used
by financial managers in companies as well as financial institutions.

In this study, we consider what further information helps describe the phe-
nomena in detail and how it should be incorporated into the modeling using
additional big data. Social media are essential in the utilization of big data
since they contain information from customers, which can be utilized in mar-
keting, and information on the market participants’ sentiments. We investigate
how social media data can be added to the three quantitative theoretical
models with big data for practical use. Accordingly, we set the first research
question as (i) How can we add social media factors into the quantitative
theoretical models incorporating big data?

In the revenue management model in Saito et al. (2016), (2019), the impor-
tance of social media was indicated, but the social media factor was not
incorporated into the modeling. Data from social media is helpful since it
reflects the customers’ sentiments against the hotels for instance, which affect
the customers’ choice behavior. We incorporate the social media factor into
the revenue management model in Saito et al. (2016), (2019), which could be
useful for revenue managers in hotels to maximize their expected sales. Also,
sentiments of the investors on the financial market, which are also observed
on social media, are important to the interest rate model with sentiments in
Nishimura et al. (2019) and Nakatani et al. (2020) and the high-frequency
trading equity market model in Saito and Takahashi (2019), which could be
helpful for financial managers companies to predict when the best timing for
financing with corporate bonds and equities, for central banks to control term
structures of interest rates, and for financial authorities to regulate the mar-
ket. We consider possible utilization of the social media information into the
interest rate model and the high-frequency trading equity market model.

Moreover, we investigate the three applications of big data with the quan-
titative theoretical optimization models in financial management from an
integrated point of view. Particularly, we compare these three models and con-
sider how these three models are utilized in financial management in different
roles and scenarios. Thus, we set the second research question as (ii) How are
those three theoretical models different from an integrated point of view and
how can a company synthetically use the three models depending on a scenario?

This study is new in discussing the applications of big data with theo-
retical models in financial management from an integrated point of view and
their extensions to include social media from the stakeholders’ viewpoints. The
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contribution is the extension of the three quantitative theoretical models incor-
porating big data to include further social media factors, a comparison of the
three models from an integrated point of view, and the managerial implication
for the synthetic use of the models by companies. Also, this study connects
social media with the quantitative theoretical models and provides how those
models are utilized in financial management for companies, investors, and
financial authorities.

The organization of the paper is as follows. Section 2 proposes an extension
of the revenue management model to include social media factors. Sections
3 and 4 investigate the interest rate model with market sentiments and the
high-frequency trading equity market model by discussing possible extensions
to include social media information. Section 5 compares the three theoretical
models, and Section 6 investigates the managerial implications of the models
and discusses the limitation of this study. Finally, Section 7 concludes.

2 Revenue management model

In this section, as an application of big data with a theoretical model in finan-
cial management, we extend the revenue management model for hotels in Saito
et al. (2016), (2019), whose mathematical details are explained in Appendix
A.1, to include social media information. In the hotel industry, quantitative
revenue management models are used for day-to-day revenue control in online
booking. The customers booking behavior is estimated, and the hotel revenue
manager sets a price for booking to maximize the profit. By effectively uti-
lizing the revenue management model, hotels can maximize their revenue by
setting the room charge appropriately.

Specifically, we propose a quantitative revenue management model for
hotels incorporating social media factors estimated from internal information
such as reviews on online booking websites, Twitter, and Facebook, which is
an extension of the revenue management model in Saito et al. (2019). Since
social media has valuable information for marketing and enhancement for the
services of hotels, hotels can better use social media so that it affects the
probability of booking more effectively.

2.1 Data

Along with the model described in Appendix A.1, Saito et al. (2016)(2019) use
the online hotel booking data crawled from a Japanese hotel online booking
website for the estimation of the parameters. In Saito et al. (2016)(2019), the
collected data includes room charges and the number of available rooms for
booking for a certain booking period for collective check-in dates for four major
hotels in front of Kyoto station and two major luxurious hotels in the Shinjuku
area, respectively. In equations (A1)-(A3) in Appendix A.1, the big data that
include the room charges and numbers of rooms booked, and the availability
for booking of hotels in the same area are used for estimation. Particularly, the
data are used in estimating the model for the sensitivity of the hotel’s score
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β and the characteristic part αi in equation (A3) through the expression of
booking probabilities pγi in (A2).

Specifically, in Saito et al. (2016), optimal room charges for the four hotels
in front of Kyoto station are calculated, particularly the price competition
among the four hotels when each hotel chooses its optimal room charge given
the room charges of the other hotels is investigated.

2.2 Extension to include social media information

Although publicly available big data, online booking data crawled from a
Japanese online booking website, are used in Saito et al. (2016), (2019), uti-
lization of internally available information or information from social media,
such as reviews of the hotels, Twitter, and Facebook, which reflect sentiments
of the customers, is not considered.

In this subsection, we extend the model to include the social media effect to
Vi, the score of hotel i. In the constant term αi in Vi in (A3), which represents
static characteristics of hotel i, some social media information of hotel i, such
as the reputation of the hotel, is reflected. Thus, we decompose αi as

αi = ᾱi + νvi, ν > 0, (1)

where vi ∈ R represents the social media factor of hotel i and ν expresses the
sensitivity of the factor on αi, the static characteristics of hotel i. We remark
that vi can take not only a positive value but also a negative value, which
affects positively (when it is positive)/negatively (when it is negative) the hotel
i’s score Vi compared with the case where αi = ᾱi.

This implies that if we identify the social factor vi and estimate the sensi-
tivity of the social media factor ν in αi in (1), we can observe how the expected
sales change if the social media factor vi shifts and how the optimal room
charge and overbooking level vary. The social media factor vi, which is a real
value, positively affects the booking probability pγi and the expected sales of
the hotel in (A4) through Vi, the score of the hotel i, in (A3), and pγi , the
booking probability, in (A2) if it increases. This is an extension of the static
score inherent to hotel i, αi, to incorporate the time-varying effect on αi, the
characteristic of the hotel, by social media.

One way to identify the social media factor vi and estimate the sensitivity
ν incorporated in αi is by utilizing social media data, such as frequencies of
some specific words in online reviews or other social media, along with detailed
results of the hotel’s revenue from online booking, which the hotel owns as
private information.

In detail, a hotel may collect and utilize customer reviews in TripAdvisor,
where perceived review credibility, review usefulness, and ease of use predict
customer satisfaction (Filieri et al. (2020)), such as the scores rated by the cus-
tomers and words in the customer reviews that affected the scores. (For other
researches on online reviews, see Saumya et al. (2019) and Ismagilova et al.
(2020) for instance). Particularly, a hotel may identify influential reviews from
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loyal customers who repeatedly book the hotel by those methods and utilize
the reviews together with privately available detailed customer information.

Moreover, other social media components, such as frequencies of positive
or negative words in social media such as Twitter, Facebook, and Instagram,
could be used. As output data, detailed information on sales through online
bookings, attributes of customers who booked, and the hitting ratio in the
booking website will help estimate the effect of the social media factor more
precisely.

2.3 Impact of social media factor changes

In this subsection, using the estimation result for the model in Saito et al.
(2019) and assuming the sensitivity of the social media factor ν in (1), we
observe how the expected sales, optimal room charge, and overbooking level
change, if the social media factor of hotel shifts.

With the model parameters in Saito et al. (2019), whose attributes are
described in Appendix A.1, assuming the social media factor, we consider the
maximization of the expected sales with respect to the optimal room charge
and the overbooking level. In short, the hotel aims to set the room charge and
the overbooking level optimally to maximize its expected revenue, where there
are trade-offs such that if the hotel sets the room charge high, the booking
probability decreases, and if the hotel accepts more overbooking for last-minute
cancellations, the hotel needs to repay the cost to decline the overbooked
customers when the cancellation is less than expected. Specifically, we use
the parameters originally estimated from the data collected from a Japanese
online booking website for check-in dates ranging from March 1st to April
30th 2017 for standard nonsmoking twin rooms of two major luxurious hotels
in Shinjuku area in Tokyo, Japan. We assume the two hotels’ case L = 2
and name the hotels as hotel 1 and hotel 2. The parameters are as follows:
T = 14, λ = 2.1429, µ = −8.161672, σ = 1.053053, ᾱ1 = 0, α2 = −2.094104,
δ2 = 0.849365, q1 = 20, and x2 = 42,292. We remark that α2 was originally
estimated with α1 = 0 in the estimation in Saito et al. (2019) due to the
degree of freedom of the parameters since only the difference α2 − α1 affects
the booking probabilities in (A2).

Then, we can calculate the expected sales, the optimal room charge, and
the optimal overbooking. Particularly, the social media factor positively affects
the expected sales when it increases. Here, we assume the high cancellation rate
with the distribution P (rH1 = 100%) = P (rH1 = 50%) = P (rH1 = 30%) = 1

3 ,
the high over-sale cost cH1 = 100, 000 for hotel 1, and the sensitivity of the
social media factor ν = 1.0.

Firstly, the following proposition holds.

Proposition 1 The booking probability of hotel i by a customer, pγi in (A2),
increases for any availability of the hotels, γ, when the social media factor of hotel i,
vi, increases. Also, the optimal expected sales max0<xi<∞ E[xiR

i
T ] in the expected
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sales maximization of E[xiR
i
T ] in (A4) increases as the social media factor vi

increases.

Proof. Since by (1), the hotel i’s characteristic factor αi is increasing with
respect to the social media factor vi. Then, the hotel i’s score Vi in (A3)
is increasing and thus the booking probability by a random customer pγi in
(A2) is also increasing with respect to vi. Since the booking probability by a
customer pγi increases in any availability of the hotels γ, the expected number
of rooms booked E[Ri

T ] increases with respect to vi for any 0 < xi < ∞,
thus the expected revenue E[xiRT ] also increases with respect to vi, for any
0 < xi < ∞. Therefore, the maximized value of E[xiRT ] with respect to
0 < xi < ∞ is also increasing with respect to the social media factor vi. □

In the overbooking case, the maximization of the expected revenue in the
optimal overbooking problem E[min(qi, (1 − ri)R

i
T )x

(i) − max((1 − ri)R
i
T −

qi, 0)ci] in (A5), when the number of rooms booked Ri
T increases as the social

media factor vi increases, the total oversale cost max((1− ri)R
i
T − qi, 0)ci also

increases. Thus, when the overbooking level L
(ob)
i is large, where the hotel

accepts exceedingly more customers than the actual capacity, if the number
of rooms booked Ri

T becomes large as the social media factor vi increases,
the total revenue decreases due to the effect of the over-sale cost max((1 −
ri)R

i
T − qi, 0)ci. In such a case, an increase in the social media factor vi does

not necessarily mean an increase in the expected revenue for fixed overbooking
level and room charge. However, in the optimization, the hotel i can set the

overbooking level L
(ob)
i lower so that the over-sale cost effect does not exceed

the revenue increase. □

Remark 1 The proposition indicates that the way the social media factor is incor-
porated into the revenue management model is plausible since the increase in the
social media factor results in a rise in the booking probability and the expected sales
of the hotel, which is compliant with the practical situation. Thus, if internal data
necessary for parameter estimation are available, and the model is estimated, the
quantitative model with the social media factor can be used to measure the sen-
sitivity and the effect of the factor on the booking probability and expected sales
quantitatively, which is the novelty of this proposition. As a managerial implication,
hotels can first work on identifying what effort could increase the social media fac-
tor, then both the social media marketing team and the revenue management team
cooperate to increase the revenue. Specifically, the proposition implies that the social
media marketing team first works on identifying the social media factor and increas-
ing the social media factor effect, and then the revenue management team conducts
revenue maximization by optimally setting the room charge.

Remark 2 The proposition partially answers the research questions. For the first
research question, by showing that a social media factor is suitably incorporated in
the revenue management model, this proposition indicates that the social media fac-
tor in the model can be estimated from booking probability, and with the obtained
estimation result, the company can work on revenue management to maximize its
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sales by using the revenue management model. For the second research question,
the proposition suggests a managerial implication that the hotels can set up a social
media marketing team in the financial department, which works on the social media
advertising strategy that can increase the booking probability of the hotel and moni-
tors social media impact in the financial market. By setting up the team, the finance
department could conduct the revenue management and financing strategies with
debt and equity better in an integrated way.

In this numerical example, the optimal overbooking level and room charge
are solved, and we observe that the optimal expected revenue also increases as
the social media factor increases.

In this example, the optimal expected sales of hotel 1 is JPY 447,155 when

the overbooking level and the room charge are (L
(ob)
1 , x1) = (29, 43,000) in the

case of v1 = 1.0, while it is JPY 428,082 when (L
(ob)
1 , x1) = (29, 42,000) in the

case of v1 = 0. Therefore, the expected revenue increases as the social media
factor increase from v1 = 0 to v1 = 1.0 in this case.

Figures 1, 2 describe the expected sales of hotel 1 when the optimal room
charge and the overbooking level vary, when the social media factor v1 is 0
and 1.0, respectively.

Fig. 1 The expected sales in the case of the high cancellation rate and the high over-
sale cost per room when v1 = 0. The maximized expected sales is JPY 428,082 when

(L
(ob)
1 , x1) = (29, 42,000)
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Fig. 2 The expected sales in the case of the high cancellation rate and the high over-
sale cost per room when v1 = 1.0. The maximized expected sales is JPY 447,155 when

(L
(ob)
1 , x1) = (29, 43,000)

Moreover, Figure 3 shows the change in the expected sales when the social

media factor v1 is increased from 0 to 1.0 for fixed overbooking level L
(ob)
1 = 29,

which is optimal in both cases. We observe that by increasing the social media
factor v1 from 0 to 1.0, the graph of the expected sales curve shifts to the right
above, and the optimal room charge changes from 42,000 to 43,000, where the
corresponding expected sales increase from JPY 428,082 to JPY 447,155.

Fig. 3 The expected sales in the case of the high cancellation rate and the high over-sale
cost per room when the room charge varies for v1 = 0 and 1.0
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3 Interest rate model with market sentiments

Next, as the second example of big data applications with models in financial
management, we introduce an interest rate model with sentiment factors in
Nishimura et al. (2019) and Nakatani et al. (2020). (For other studies on
applications of interest rate models, see Menkveld et al. (2000), Morelli (2021),
and Bali (2007), for instance.)

After the global financial crisis, we have observed global monetary eas-
ing and the resultant low-interest-rate environment. In such an environment,
market sentiments mainly affect asset prices, particularly in the government
bond markets, and thus it is essential to incorporate the sentiment factors in
financial modeling.

In this section, we review the model in Nishimura et al. (2019) and Nakatani
et al. (2020), whose mathematical details are explained in Appendix A.2, as an
example in which the sentiment factors are estimated with big data, which are
financial news, by text mining. The model exhibits impacts of the sentiments
on the interest rate, which can be used by central banks that aim to control the
market better to improve the economy. The model can also be useful for large
traders, such as institutional investors and hedge funds, who invest money from
pension funds in the financial markets. Moreover, we propose an extension of
the model in Nishimura et al. (2019) and Nakatani et al. (2020), in which the
sentiment factors are estimated not only by financial news but also by social
media information.

3.1 Data

In Nishimura et al. (2019) and Nakatani et al. (2020), the three-factor model
in Appendix A.2 is estimated by a stochastic filtering method, in which the
frequencies of words closely related to the steepening (pessimistic) or the flat-
tening (optimistic) factor are used in the observation equations in the filtering.
In detail, those words relevant to the steepening and flattening factors are spec-
ified with financial news text data from Reuter. The estimated three-factor
interest model helps predict how the sentiment-related words affect the yield
curve shape, which can be used in trading by hedge funds or the yield curve
control by central banks.

3.2 Possible extension to include social media
information and estimation

We extend the observation equations in the stochastic filtering in Nishimura
et al. (2019) and Nakatani et al. (2020) to include social media information. In
detail, we find words closely correlated with the steepening or flattening factor
and incorporate the frequencies of the words in the observation equations. The
estimated three-factor interest rate model implies how social media informa-
tion, in addition to financial news, affects the yield curve shape. For instance,
Grover et al. (2019) investigated social media impacts on voting behavior
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during an election through acculturation of ideologies and polarization of
voter preferences. As social media information, we may consider specific words
closely related to the steepening or flattening factor in Twitter for political or
economic events, for example.

Firstly, we assume the stochastic dynamics for x1, x2 and x3 in the system
equations (A7). In Nishimura et al. (2019) and Nakatani et al. (2020), along
with the observation equations for the bond yields and frequencies of specified
words by text mining in financial news, the parameters in the system equations
are estimated.

Let Yt(n) be the yield of the n-year bond at time t and F (Ai), i =
1, . . . , IA, F (Bi), i = 1, . . . , IB , be the frequencies of the steepening related
words and the flattening related words, respectively, specified by text mining
in financial news.

Then, the discretized system equations and the observation equations are
as follows.

System equations (discrete):

xj,t = e−κP
j ∆txj,t−∆t +

σj√
2

√
1− e−2κP

j ∆t

2κP
j

ϵj,t, j = 1, 2,

x3,t = x3,t−∆t + σ3

√
∆tϵ3,t, (2)

where κP
j = κQ

j − σx,jσc,j , λ
Q
3 = −σx,3σc,3, ∆t = 1

250 , ϵj,t ∼ i.i.d.N(0, 1).
Observation equations:

Yt(10)− Yt(2) =

3∑
l=1

{Xl,t(10)−Xl,t(2)}+ et,10−2y,

Yt(20)− Yt(10) =

3∑
l=1

{Xl,t(20)−Xl,t(10)}+ et,20−10y,

Yt(20) =

3∑
l=1

Xl,t(20) + et,20y,

Yt(30) =

3∑
l=1

Xl,t(30) + et,30y, (3)

log(

IA∑
i=1

F (Ai) + 1) = ξ1,c + ξ1x
2
1,t + et,w1 ,

log(

IB∑
i=1

F (Bi) + 1) = ξ2,c + ξ2x
2
2,t + et,w2 , (4)
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where Xj , j = 1, 2, 3 are defined as in (A11), et,j ∼ i.i.d.N(0, γ2
j ),

j = 10-2y, 20-10y, 20y, 30y, w1, w2.
This indicates that as observable data in the observation equations in (3)

and (4), we use the bond yield spreads for 10 year - 2 year, 20 year - 10 year, the
yields of 20 year and 30 year bonds, frequencies of the steepening related words
and the flattening related words and estimate the system equation parameters
by the Monte Carlo filtering method. Here, et,j are called the observation noise,
and ϵj is the system noise. For details of the Monte Carlo filtering method, see
Nakatani et al. (2019).

Since the investors monitor social media, such as online polls and Twitter,
to observe the views of other investors and announcements from governors,
social media affect the sentiments and views of investors. Thus, it is important
to incorporate the effect of social media in addition to the financial news into
the modeling.

In addition to the observation equations, we further include

log(

IC∑
i=1

F (Ci) + 1) = η1,c + η1x
2
1,t + et,s1 ,

log(

ID∑
i=1

F (Di) + 1) = η2,c + η2x
2
2,t + et,s2 , (5)

in the observation equations. Here, Ci, i = 1, . . . , IC , and Di, i = 1, . . . , ID,
stand for the frequencies of the steepening related words and the flattening
related words from social media, respectively, and et,j ∼ i.i.d.N(0, γ2

j ), j =
s1, s2.

4 High-frequency trading equity market model

Furthermore, as the third model, we review the high-frequency trading equity
market model in Saito and Takahashi (2019), whose mathematical details are
explained in Appendix A.3, and consider the possible estimation with big data.
Saito and Takahashi (2019) analyzed how the parameter shifts affect the stock
price movement and equilibrium trading strategies of the three types of players
with the model described in Appendix A.3, which expresses the interactions
among the trading of three types of players. Although the estimation of the
parameters with data has not been done in Saito and Takahashi (2019), if
the financial authorities or stock exchanges utilize their internal data, we can
observe how changes in regulations affect the behaviors of the participants and
the asset price movements.

Specifically, the following internally available big data for financial author-
ities investigated in Saito et al. (2018) for Tokyo Stock Exchange, for example,
could be used. To observe the transaction information, one needs high-
frequency trading data, such as the trader ID, the order amount, the price,
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and the type of the order (the market order, the limit order, or the cancella-
tion). If one has such data, one first analyzes the transaction data and classifies
the traders into types by their trading patterns. Then, one estimates the
parameters in the stochastic differential equations of the model by a stochastic
filtering method and will be able to use the model to investigate the impacts
of regulatory changes.

4.1 Incorporation of social media in estimation

Moreover, market sentiment-related words in social media could also be used
in the estimation. Not only financial news but also views of the investors and
announcements of politicians on social media can change sentiments in the
market, which could affect the trading behaviors of the market participants.
Particularly, since social media can affect elections and government policies,
for example, monitoring social media and incorporating the sentiments are also
important. By incorporating social media in estimating the model, we may
estimate how the sentiments or announcements observed in social media affect
the asset price.

5 Comparison of the three theoretical models

In this section, we compare the three quantitative theoretical models. The
three models are common in that they are stochastic models for optimization,
which utilize big data. In detail, the revenue management model maximizes
the expected revenue of hotels, the high-frequency trading equity market
model deals with the maximization of the expected revenue of the different
types of traders, and the interest rate model is an equilibrium of agents who
solve an optimal investment problem with sentiments, where the big data are
online booking data, which include room charge and sales, interest data with
sentiment-related words, and order and execution data of market participants,
respectively.

These three models are described and compared from a quantitative
perspective as follows. Firstly, the hotel revenue management model is for opti-
mization with a random choice model, the interest rate model is a model whose
parameters are estimated with stochastic filtering, and the high-frequency mar-
ket model is a stochastic differential game. Secondly, these models are common
in that they are stochastic models, which aim to capture the random choice
behavior of customers, interest rate movement, and trading behaviors of play-
ers in the high-frequency stock market. Specifically, the revenue management
model deals with the score of each hotel as a function of the room charge
and the hotel’s characteristic term, which includes the social media factor.
The interest rate model expresses the short rate model with the steepening,
flattening, and level factor, where the steepening and flattening factors could
be estimated with financial news and social media-related information. The
high-frequency stock market model deals with the stochastic trading behav-
ior of the algorithmic trader, the market maker, and the general trader, and
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the stock price process where the expected return could be possibly estimated
with a social media factor. Thus, they are common in dealing with optimiza-
tion, maximization of expected revenue, minimization of error for estimation,
and expected profit maximization.

Moreover, the three models are qualitatively described as follows. The three
models are used for financial management. The revenue management model is
for the business department of hotels which aims to increase sales. The interest
rate model and the high-frequency trading equity market model can be used in
the finance department to plan the timing for debt financing and equity financ-
ing. Also, the three models describe human transactions in the environment
with randomness. In the revenue management model, the customers choose a
hotel to book depending on the room charge and the hotel-specific factor. In
the interest rate model, the agents solve optimal investment problems, and the
high-frequency trading equity market model deals with the investment activity
of the algorithm traders, the market makers, and general traders.

On the other hand, the three models are distinct in the following points.
Firstly, they are different in usage. The revenue management model is for the
maximization of the expected revenue. The interest rate model is for estima-
tion of the model that describes the movement of the term structure of interest
rates with sentiments, and the high-frequency trading equity market model
solves for the equilibrium stock price under different types of traders. Also,
the optimizing agents are dissimilar. In the revenue management model, opti-
mization by a hotel revenue manager given the behavior of the customers is
considered. In contrast, in the interest rate model and the high-frequency trad-
ing equity market model, the agents in the market maximize their objective
functions. Furthermore, the big data types are different. The revenue manage-
ment model utilizes online booking data, the interest rate model deals with
interest rate data with the text news, and the high-frequency trading equity
market model needs the order and execution data, respectively.

Remark 3 We consider three models in financial management, particularly for the
finance department of a company, which deals with revenue and expenditure from
the business and access to the financial market for financing by issuing corporate
bonds and stocks. These three areas are important in terms of revenue management,
debt financing, and equity financing. Therefore, we use the three models from the
important three areas, revenue management in business, financing by debt and equity,
for the finance department. Also, the three quantitative models reflect the practical
aspects of each market, the mechanism of online booking, the government bond
market with different maturity and the financial news, and the interaction of market
participants in a high-frequency market. In addition, we note that the basis of the
three models is a mixed logit model for random choice behavior and its application to
revenue management for hotels, a yield curve model with quadratic Gaussian factor
processes, which reflect the steepening and the flattening effect of a yield curve, with
stochastic filtering incorporating text mining, and a stochastic differential game that
solves the Nash equilibrium of the strategies of three different types of players.
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6 Discussion

6.1 Theoretical implications

In this study, we have investigated three quantitative theoretical models for
financial management utilizing big data and considered possible extensions to
include social media factors. The contribution of this paper is the possible
extensions of the quantitative modeling in financial management to include
social media factors and the qualitative and quantitative comparison of the
three models. Specifically, we have proposed the incorporation of the social
media factor in a customer’s score on a hotel, the steepening and the flattening
factor for the interest rate movement, and a stock price movement.

There has been a vast of research on the utilization of big data and social
media in management. Particularly, some research incorporates social media
factors into quantitative modeling for optimization. For instance, Kumar et
al.(2021) proposed a dynamic transmission model to investigate the impact
of social media on the number of influenza and COVID-19 cases. Nilsang et
al. (2019) investigated a model that considers real-time data from a social
media application to minimize the response time and cost during emergencies
and disasters. Zhu et al. (2021) developed the two-sided platform’s scalable
decisions on when to cooperate and how to optimize the pricing and investment
decisions. (For other utilization of big data in various aspects of information
systems and information management, see Gupta et al. (2018),(2019),(2020),
Kamboj and Gupta (2020), Kamboj et al. (2018), Modgil et al. (2021), Duan et
al. (2019), Dwivedi et al. (2019), Kumar et al. (2021). For utilization of social
media, see Giannakis et al. (2022), Rad et al. (2018), Grover et al. (2022),
Wamba et al. (2019), Bogaert et al. (2018)).

To the best of our knowledge, this study is the first attempt to investi-
gate the comparison of the quantitative model using big data and social media
in the field of financial management, which enables us to estimate the effect
and the impact of social media quantitatively by introducing the social media
factor as a new variable, if internal data necessary for parameter estimation
are available, and consider the synthetic use of the three models in finan-
cial management with managerial implications from an integrated and higher
viewpoint.

Specifically, for the three models investigated in this study, Saito et
al.(2019) worked on revenue management with the online booking data for two
luxurious hotels in Shinjuku area in Tokyo, considering cancellation and over-
booking strategies. Nakatani et al.(2020) estimated a yield curve model with
the steepening and flattening sentiment factors using stochastic filtering with
text mining for financial news. Saito and Takahashi(2019) considered a theo-
retical model that describes the different types of players in a high-frequency
stock market where the trading by algorithmic traders, market makers, and
general traders interact with each other and affect the stock price movement.
Although these models implement practical aspects of financial management,
the social media factor is not incorporated. Therefore, we have investigated
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possible social media extensions of the three models for revenue management,
interest rate, and the stock market, which could be used in financial man-
agement in the measurement of the effect and the impact of social media
quantitatively if internal data necessary for parameter estimation are available.

6.2 Managerial implications

Big data applications with theoretical models in financial management posi-
tively affect a wide range of stakeholders such as companies, investors, financial
institutions, financial authorities, and the economy in the country as follows.

6.2.1 Revenue management model

The model incorporates the social media factor, and its increase affects the
expected sales positively through the increase in the choice probability of the
hotel. This revenue management model with social media has the following
managerial implications. First of all, revenue managers in hotels, who set room
charges of their hotel on online booking websites, can decide the room charges
and take the overbooking strategy optimally so that the hotel can maximize
its expected revenue. Hotels can analyze how social media affect the customers
and utilize social media effectively by improving their services so that it can
affect the booking from online customers positively. Moreover, as stakeholders,
customers can benefit from the improved services and obtain valuable sales
information through social media and book through online booking. Hotel
investors can make the hotel introduce the revenue management model for
better profitability, which leads to improvement of the investment performance.

Also, in the revenue management model in Appendix A.1, hotel revenue
managers can maximize the revenue of the hotel by optimally setting the room
charge and managing the social media so that it can affect sales positively.
Customers can enjoy the merit of the marketing efforts by the hotel and obtain
valuable information through social media. Furthermore, the city and the com-
panies in the area can earn revenue from tourism, where hotels make efforts
to attract more visitors and transmit information through social media.

6.2.2 Interest rate sentiment model

The interest rate model with market sentiment could be estimated more pre-
cisely if we incorporate social media information in addition to the interest
rate data and financial news. This interest rate model with sentiments and
social media has the following managerial implications.

Firstly, central banks can monitor how the words in financial news and
social media affect the interest rate market through the sentiment model
and effectively conduct monetary policies by making announcements strategi-
cally. Moreover, investors such as hedge funds and insurance companies trade
effectively, monitoring how the words related to sentiments observed in the
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financial news and social media affect the bond prices. Furthermore, govern-
ment liaises with central banks to make announcements, takes fiscal policies,
and successfully controls the economy in the country.

Secondly, in the interest rate model with sentiments in Section 3, investors
such as institutional investors, hedge funds, and pension funds can trade,
observing what financial news and words on social media would affect the yield
curves. Moreover, central banks can effectively conduct monetary policies by
monitoring the sentiment factors estimated from the financial news and social
media in the model, which leads to a better economy in the country.

6.2.3 High-frequency trading equity market model

The high-frequency trading model incorporates the interactions among the
different types of players. Moreover, with detailed internal transaction data
and social media, the model becomes useful for financial authorities and large
investors. If such internal data, all order and execution data with server IDs
that the stock exchanges own and are shared with financial authorities by
concluding a confidential agreement for research purposes, are available and
the parameters are estimated with such data and social media as discussed in
Section 4, by the estimated parameters in the model with the data that include
the order and transaction data of algorithmic traders, market makers, and
general traders, and data from social media, the market participants, which
include the listed companies whose stocks are traded in the market, investors,
and the financial authorities who regulate the high-frequency trading market,
could predict how the stability of the current market by investigating the
estimated parameters. In detail, this high-frequency trading market model has
the following managerial implications.

Firstly, the financial managers of a company, who needs to decide when
to issue new stocks for equity financing, can predict how the algorithmic
traders’ trading activities affect the price and predict the best timing for equity
financing by conducting public offering for the new issuance.

Secondly, financial authorities who need to regulate the rules in the financial
markets can figure out how the trading of the algorithmic traders affects the
stability of the market and set regulations so that the market becomes fair and
stable. Stock exchanges can suitably maintain fees from all the participants for
providing them a fair market, while they also satisfy the algorithmic traders
by keeping them as good customers. Also, a central bank can consider the best
timing for releasing the announcement, considering how the announcement
affects the market.

Moreover, although the data accessibility is limited compared to the finan-
cial authorities, institutional investors who care about price impacts caused
by trading a large volume of stocks, with their internally available data, they
can optimally execute their orders taking into account the algorithmic traders’
accelerations in the trades. Private investors can also predict when the mar-
ket is unstable and about to crash and trade along with the large price moves.
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Furthermore, algorithmic traders can predict when the market becomes unsta-
ble by the parameters estimated with social media information and trade
immediately when unexpected market news occurs.

Furthermore, in the high-frequency trading market model in Appendix
A.3, institutional investors can optimally execute large sizes of trades with-
out causing price impacts. Private investors can follow the rapid price changes
predicting the signals of instability. Additionally, financial authorities can set
regulations for the stability of the market by observing what trading activities
could affect the stability. Stock exchanges can set the trading fees for algo-
rithmic traders properly to maintain a stable and fair trading environment for
institutional and private investors.

6.3 Synthetic use of the models by a company (Hotel
REIT’s case)

The finance department of a hotel conducts revenue management to increase
sales and manage interest rate risk and the share price of the hotel for debt and
equity financing. In addition to the hotel’s booking data, interest rate data,
and stock market data, by incorporating social media factors, which affect the
sentiment of the customers and the markets, the models become more useful
in optimizing the whole business of the hotels.

These three models can be used in the finance department of companies.
For instance, hotel REITs (Real Estate Investment Trusts) can utilize the
models to increase their financial results. A hotel REIT is a company that
purchases hotel buildings and lends the buildings to hotels to earn rent fees as
revenue. The REIT pays dividends from the revenue to REIT’s shareholders.
The rent fee can be fixed or linked to the performance of the hotels. Then, the
REIT can use the models as follows. Firstly, REITs make hotels that pay the
performance-linked rent fee use the revenue management model to increase
their sales, which results in an increase in the rent fee. Secondly, the REIT that
issues corporate bonds for debt financing manages the risk of the interest rate
hikes by the interest rate model with sentiments. Thirdly, the REIT, whose
share is traded in the high-frequency trading equity market and subject to the
trading of HFT traders, can increase its capital by public offering at the best
timing by utilizing the high-frequency trading equity market model.

After the outbreak of COVID-19, it has become more important for the
hotel industry to conduct financial management optimally. According to Japan
hotel REIT (2021), amid the COVID-19 pandemic, the domestic demand for
hotels in Japan decreased, and the hotel management’s important metrics
deteriorated. The hotel REIT introduced the variable rent fee scheme and also
conducted third-party allocation of shares and debt financing with long matu-
rities. As the COVID-19 situation calms down, it is expected that domestic
and inbound demand will recover, and due to the changes in the market envi-
ronment, hotels need to increase revenues by understanding customer needs.
In such a situation, the hotel REIT can utilize the revenue management model
to increase their revenue and predict long-term interest rates by the sentiment
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model and the best timing to conduct public offering with the high-frequency
trading model.

6.4 Limitations and future research direction

There are some limitations to the extension of the revenue management model.
Firstly, it is currently unable to collect new hotel booking data in this COVID-
19 situation in which people are unable to travel. (For a collective insight on
the impact of COVID-19 on information management research, see Dwivedi et
al. (2020)).

Secondly, even with the past booking data, as in Saito et al. (2019), it is
still challenging to find a clear connection between the online reviews and the
publicly available customers’ booking data since the data period is one month,
which is relatively short compared with the gradual effect of the social media.
To find a clear connection between social media and online booking, we need
some additional internal information that hotels own, such as detailed sales
data, attributes of the customers who booked rooms through the booking web-
site, and answers to the questionnaires from customers. Thus, in this research,
we limit ourselves to assuming parameters on the social media factors, con-
duct numerical experiments, and discuss possible methodologies to estimate
the social media factors.

Filieri et al. (2020) show that perceived review credibility is one of the
most crucial determinants of travelers’ satisfaction and continued use of
user-generated content (UGC) platforms. Particularly, Saumya et al. (2019)
proposed a method to predict the most helpful online review, and Ismagilova
et al. (2020) examined relations between emotions in the reviews and their per-
ceived helpfulness. Identification of the social factor using influential reviews
by those methods with internally available information and estimation for the
sensitivity of the social media factor will be one of our future research topics.

7 Concluding remarks

In this study, we have investigated big data applications with theoretical
models in financial management. Firstly, we have explored the hotel revenue
management model, interest rate model with market sentiments, and high-
frequency trading equity market model from an integrated perspective and
discussed possible extensions to include social media factors. Moreover, in the
extended revenue management model, we have conducted numerical experi-
ments to observe how the revenue from online bookings changes and where
the optimal room charges and overbooking levels are determined when the
social media factor shifts. Finally, we have compared the models and discussed
the managerial implications of those applications for stakeholders in financial
management.
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Appendix A Mathematical details of the
models

A.1 The revenue management model

Firstly, we present the revenue management model in Saito et al. (2016),
(2019). The model is described as follows.

We assume that there are L hotels named hotels 1, . . . , L, in the same
area with the same grade. We consider the revenue management model where
customers, who visit an online booking website to book a room in the area,
choose a hotel among those L hotels. We fix the room type that the customers
are aiming to book and the check-in date. Let [0, T ] be the booking period
where time 0 is the first date of the checking period, and T is the last date of
the check-in period, which is the same as the check-in date.

Suppose that the customers visit the website at a frequency following a
Poisson process {Nt}0≤t≤T with the intensity λ and choose a hotel to book
among the L hotels. Hotel i, i = 1, . . . , L has a limited capacity of qi rooms,

but accept overbooking from the customers up to L
(ob)
i rooms, where qi ≤ Lob

i ,
for the last minute cancellation at the check-in date T .
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Moreover, let Ri
t (0 ≤ Ri

t ≤ L
(ob)
i ) be the number of rooms booked for hotel

i by time t ∈ [0, T ], where Ri, i = 1, . . . , L satisfy

L∑
i=1

Ri
t = Nt. (A1)

Furthermore, we suppose that a customer, who visits the website aiming
to book a room among those L hotels at time t ∈ [0, T ] at the random fre-
quency following the Poisson process N , chooses hotel i, i = 1, . . . , L with the
probability pi given by

pγi =

∫ ∞

−∞

exp(Vi)1{γi=1}∑L
j=1 exp(Vj)1{γj=1}

h(z)dz, (A2)

where γ = (γ1, . . . , γL) stands for the availability of the hotels, in which γi = 1

indicates that hotel i is available for booking (Ri
t− < L

(ob)
i , where t− indicates

the time just before t), and γi = 0 expresses that hotel i is fully booked

(Ri
t− = L

(ob)
i ) and not available for booking, and each Vi expresses hotel i’s

score, a linear combination of factors, namely, the room charge xi ∈ (0,∞), a
holiday dummy variable y (y = 0 if time t is a week day and y = 1 if it is a
day before a holiday), and a constant αi ∈ R that represents the static score
inherent to hotel i as

Vi = αi − βxi + δiy, i = 1, . . . , L, β > 0, δi ∈ R,

β = eµ+σz, h(z) =
1√
2π

e−
z2

2 . (A3)

Here −β < 0 indicates that as the room charge xi increases, the score of hotel
i decreases, and the hotel is less likely to be chosen by the customers. The
equation (A3) describes that the coefficient follows a log-normal distribution
which reflects the randomness of the sensitivity of the room charge for the
customers.

Then, Saito et al. (2016) consider the case where there is no overbooking,

i.e. L
(ob)
i = qi, i = 1, . . . , L is considered and the hotel i’s objective is set to

maximize the expected revenue given by

E[xiR
i
T ], (A4)

by optimally choosing the room charge xi, where E[·] stands for the expectation
of the random variable.

Moreover, Saito et al. (2019) investigate an overbooking strategy for last
minute cancellations, i.e., hotel i maximizes

E[min(qi, (1− ri)R
i
T )x

(i) −max((1− ri)R
i
T − qi, 0)ci], (A5)
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by optimally choosing the room charge xi and the overbooking level L
(ob)
i ,

where the rooms are booked up to L
(ob)
i ∈ N rooms, instead of qi, qi is the

actual capacity, ri ∈ [0, 1] is the last minute cancellation ratio, which we
assume to be a random variable independent of N and the hotel choices by
the customers, namely, riR

i
T customers do not appear at the check-in data.

(1 − ri)R
i
T customers show up at the check-in date, however, if it exceeds

the actual capacity qi, hotel i has to decline (1 − ri)R
i
T − qi customers by

compensating ci ≥ 0 per room. In other words, this objective function describes
that hotel i maximizes the expected revenue minus the overbooking cost by
optimally setting the room charge and the overbooking level.

A.2 The interest rate model with market sentiments

Next, in this subsection, we introduce the interest rate model with market sen-
timents in Nishimura et al. (2019) and Nakatani et al. (2020). In the model, a
steepening factor and a flattening factor for an interest rate curve, representing
pessimistic and optimistic sentiment, respectively, are estimated by financial
news text data along with interest rate data. The model is expressed as follows.

Let {rt}0≤t<∞ be a short rate process expressed as a linear combination
of three factors x2

1, x
2
2, and x3,

rt = c1x
2
1,t + c2x

2
2,t + x3,t, (A6)

where c1 < 0, c2 > 0, and xj , j = 1, 2, 3, satisfy stochastic differential
equations (SDEs)

dxj,t = −κQ
j xj,tdt+ σx,jdB

Q
j,t, j = 1, 2,

dx3,t = λQ
3 dt+ σx,3dB

Q
3,t, (A7)

where κQ
j > 0, j = 1, 2, σx,j > 0, j = 1, 2, 3, and λQ

3 ∈ R. Here, BQ is a
three-dimensional Brownian motion under the risk neutral probability measure
Q.

Here, x2
1 and x2

2 represent the steepening factor and the flattening fac-
tor, respectively. c1x

2
1,t < 0 (c2x

2
2,t > 0) affects the short rate rt negatively

(positively), which fades away as time passes, since x2
1,t (x2

2,t) decreases to
0 due to the mean reversion of x1 (x2) in SDE (A7). This implies that
c1x

2
1 < 0 (c2x

2
2 > 0) pushes down (up) the short rate rt first, but it fades away,

which makes the yield curve shape at time 0 steepen (flatten), and thus we
call it a bull-steepening (bull-flattening) effect.

Thus, x2
1 and x2

2 control the slope of the yield curve, a collection of yields for
bonds with different maturities. x2

1 and x2
2 also correspond to the pessimistic

and the optimistic factor, respectively, since when the market is pessimistic
(optimistic), the yields for the near future go lower (higher), which makes
the upward sloping curve steepen (flatten). x3 is the level factor, a Gaussian
process that controls the absolute level of the short rate r.
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Then, Pt(τ), the zero coupon bond price with time to maturity τ at time t
and the zero coupon bond yield Yt(τ) for the time to maturity τ at time t are
calculated as

Pt(τ) = EQ
t [e−

∫ t+τ
t

rudu] (A8)

= exp(−τ(X1,t(τ) +X2,t(τ) +X3,t(τ))), (A9)

and

Yt(τ) = X1,t(τ) +X2,t(τ) +X3,t(τ), (A10)

where

Xj,t(τ) =
−1

τ
[Aj(τ) + Cj(τ)x

2
j,t], j = 1, 2,

X3,t(τ) = x3,t +
λQ
3

2
τ − σ2

3

6
τ2, (A11)

with

Cj(τ) = C0,j +
1

zj(τ)
,

Aj(τ) =
σ2
j

2

∫ τ

0

Cj(s)ds, (A12)

where

C0,j =
κQ
j +

√
(κQ

j )
2 + cjσ2

j

σ2
j

,

zj(τ) =
σ2
j

αj
− eαjτ (

1

C0,j
+

σ2
j

αj
),

αj = 2(κQ
j − σ2

jC0,j),

σj =
√
2σx,j , j = 1, 2, σ3 = σx,3. (A13)

Here, EQ
t [·] denotes the conditional expectation under Q with respect to the

augmented filtration generated by BQ at time t.

A.3 High-frequency trading equity market model

Finally, as the third example of the application of big data along with theo-
retical models in financial management, we explain the high-frequency trading
market model introduced by Saito and Takahashi (2019). The model describes
the trading behaviors of three types of players and those interactions in
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high-frequency trading markets, where the players can trade in a millisec-
ond interval, and the resultant price actions. This is important in the current
financial markets, where algorithmic traders play a central role, and the price
actions cause large economic effects. (For other studies on high-frequency trad-
ing markets, McGroarty et al. (2019) present an agent-based simulation for
investigating algorithmic trading strategies, and Sun (2014) et al. propose a
discrete optimization framework to describe how high-frequency trading can
be utilized to supply liquidity and reduce execution cost, for example.)

As a model to describe high-frequency trading markets, in which trading
patterns of different types of players and the stock price dynamics are observed,
Saito and Takahashi (2019) proposed a stochastic differential game model.
Specifically, there are three types of players in the model, algorithmic traders,
market makers, and general traders, who aim to maximize their objective
functions, and equilibrium strategies of the three types of players, in which
each type maximizes its objective given the others’ strategies, are obtained.
The model indicates how the stock price moves, depending on the parameters
in the model, which is useful in observing how the rapid price fall occurs and
how the financial authorities should set appropriate regulations to prevent
excessive price movements in the high-frequency trading environment.

The model is described as follows. Firstly, suppose that there are three
types of players, algorithmic traders (player 1), market makers (player 2), and
general traders (player 3), who optimally trade the asset in the high-frequency
trading market. Let [0, T ] be the trading period, X0

t be the mid-price of the
asset at time t, and Xj

t , j = 1, 2, 3 be the positions of player j. Also, let
αj
tdt, j = 1, 2 be the units of the asset bought by player j in [t, t + dt] (if

αj
t < 0, it indicates |αj

t |dt units are sold by player j), and α3
t be the spread

from the mid-price set by the market makers, player 3. Moreover, we assume
the following dynamics for X0 and Xj , j = 1, 2, 3, and objective functions for
players 1,2,3. Let W be one-dimensional Brownian motion and χt = 1{t≤t0} is
an indicator function, which takes a value 1 until t = t0 and 0 thereafter. Here
t0 ∈ [0, T ] is a time lag after which the general traders can respond and start
trading.

• Mid-price process:

dX0
t = (µ+ (γ1α

1
t + γ2χtα

2
t + δα3

t ))dt+ σtdWt,

X0
0 = x, (A14)

where µ ∈ R, γ1, γ2, δ, σt > 0.
dX0

t stands for the change in the mid-price process of the asset in [t, t+ dt).
In addition to the drift term µdt and the diffusion term σtdWt, there is a
market impact term (γ1α

1
t + γ2χtα

2
t + δα3

t )dt caused by the trading of the
three types of players. In detail, when the algorithmic traders or the general
traders sell the asset (α1

t < 0 or α2
t < 0), it pushes down the mid-price by the

amount proportional to the units of assets sold by them, and if the market
makers set the spread from the mid-price negatively (α3

t < 0) to buy the
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amount sold by the algorithmic traders and the general traders, the price
moves down by the amount proportional to the spread.

• The position of the algorithmic traders is

dX1
t = α1

tdt, X1
0 = 0, (A15)

and the objective function of the algorithmic traders for maximization is

J1(α1, α2, α3)

= E

[
−
∫ T

0

α1
t (X

0
t + α3

t + λ(α1
t + χtα

2
t ))dt+X1

TX
0
T − 1

2
c1(X

1
T )

2

]
, (A16)

where λ, c1 > 0.
Here, dX1

t expresses the change in the position of the algorithmic traders
(player 1), where X1 starts from 0, the flat position, at time 0. The algo-
rithmic traders (player 1) start trading from time 0 and buy α1

tdt units of
the asset in [t, t + dt). The algorithmic traders can trade the asset at the
price X0

t + α3
t + λ(α1

t + χtα
2
t ), in which α3

t is the spread from the mid-
price (e.g. α3

t > 0) set by the market makers (player 3), and λ(α1
t + χtα

2
t )

is the price slippage caused by the tradings from the algorithmic traders
and the general traders (e.g. λ(α1

t + χtα
2
t ) > 0, when α1

t , α
2
t > 0). Thus,

−
∫ T

0
α1
t (X

0
t + α3

t + λ(α1
t + χtα

2
t ))dt indicates the cash paid for the trad-

ing in the period, X1
TX

0
T is the mark-to-market value of the asset position

at time T , and − 1
2c1(X

1
T )

2 describes the liquidation cost paid for X1
T units

of the asset at time T . Thus, the algorithmic traders aim to maximize
J1(α1, α2, α3), the expectation of the mark-to-market value of the position
at time T , by choosing α1 when α2, α3 are given.

• The position of the general traders is

dX2
t = χtα

2
tdt, X2

0 = x2 > 0, (A17)

and the objective function of the general traders for maximization is

J2(α1, α2, α3)

= E

[
−
∫ T

0

χtα
2
t (X

0
t + α3

t + λ(α1
t + χtα

2
t ))dt

−η

2

∫ T

0

χt(X
2
t )

2σ2
t dt+ (X2

TX
0
T −X2

0X
0
0 )−

1

2
c2(X

2
T )

2

]
, (A18)

where η, c2 > 0.
dX2

t describes the change in the position of the general traders (player 2),
where X2 starts from a long position x2 > 0 at time 0. In contrast to the
algorithmic traders, the general traders can start trading from time t0, the
lag of the trading speed of the algorithmic traders. As in the algorithmic
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traders’ case, the general traders aim to maximize the trading profit with

the risk aversion term −η
2

∫ T

0
χt(X

2
t )

2σ2
t dt, which implies that the general

traders prefer to reduce the position size.
• The position of the market makers is

dX3
t = (−(α1

t + χtα
2
t ) + kα3

t )dt, X3
0 = 0, (A19)

and the objective function of the market makers is

J3(α1, α2, α3) = E

[
−
∫ T

0

(−(α1
t + χtα

2
t ) + kα3

t )(X
0
t + α3

t + λ(α1
t + χtα

2
t ))dt

+X3
TX

0
T − 1

2
c3(X

3
T )

2

]
, (A20)

where k, c3 > 0.
dX3

t represents the change in the position of the market makers (player 3).
The market makers set the spread α3

t from the mid-price X0
t .

For example, if α1
t , α

2
t < 0 and α3

t < 0, −(α1
t +χtα

2
t )dt describes the amount

the market makers accept against the selling orders from the algorithmic
traders and the general traders. The market makers aim to buy at a lower
level X0

t + α3
t + λ(α1

t + χtα
2
t ), by setting the spread α3

t < 0. However,
kα3

tdt < 0 indicates that if the market makers set the spread α3
t < 0 wide

at a large negative value, they also miss the orders from the other two types
by the amount proportional to the spread, where the fourth type of traders
(others), who do not have any objective function, take the rest of the orders
the market makers missed. Thus, the market makers aim to maximize the
trading profit from the market making by setting the spread optimally.
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