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INTRODUCTION

Crisis junctures could pose considerable difficulties
for the analysis of financial processes. The reasons for
these difficulties reside, in part, in the extraordinary
complexities that could be brought about by the inter-
actions of intricately convoluted multiple tendencies
that may be present at such junctures. Such tendencies
could lead to structural breaks in patterns of financial
processes and fluctuations in markets that may be
prone to instability and even chaos. In the presence of
structural break-inclusive possible unstable, erratic,
and even chaotic fluctuations, forecasting the trajecto-
ries of financial processes may present significant chal-
lenges that may not be adequately handled within the
confines of the traditional methods. It is exactly the
presence of such challenges that calls for the employ-
ment of new methods that may turn out to be highly
effective in solving some of the problems posed by the
challenges in question.

Artificial intelligence algorithms constitute a group
of new methods that may be worth employing for the
task of identifying the patterns displayed at the compli-
cated junctures in dual financial systems where differ-
ent types of financial institutions coexist within the
same financial system. Examples of dual financial sys-
tems could be of multiple types such as systems con-
sisting of state and federal banks of different varieties
such in the USA or systems characterized by the joint
presence of participatory banks based on profit-and-
loss arrangements and conventional banks based on
interest-earning arrangements, which exist in countries
such as England, Turkey, Malaysia and Indonesia. We
will explore the dual systems of joint participatory and
conventional banks and use a case study (a particular
sub-sectoral crisis juncture) relating to Turkey, the les-
sons of which are relevant to all countries with dual
systems. The juncture we will examine involved multi-
dimensional, difficult-to-analyze clashes between the
years 2013 and 2016 in Turkey. During the period in
question, Turkey experienced a conflict-loaded and
gridlock-producing crisis of intricately interlinked social,
political and economic dimensions, which resulted in
an attempted coup in July 2016. Needless to say, not all
social-political conflicts and crises lead to serious eco-
nomic or financial consequences of sub-sectoral crisis
proportions. But this one led to a crisis in the relevant
subset of the banking system because the largest bank
of the participation banking system (Asya Bank), which
belonged to a sect/community and which maintained,
at that time, around 30% of the participation deposits
in Turkey ran into serious difficulties during the period
in question and got closed down after the attempted
coup, which was clear evidence of the crisis in that sub-
part of the banking system in Turkey (Sabah, 2016). For
general accounts of the overall crisis, see: Alkan (2016)

and Caki (2018). The effect of the social-political con-
flicts and clashes of that period on the behavior of the
deposit-holders at the participation banks is another
dimension of the sub-sectoral crisis in question, the
detailed description of which is beyond the scope of
this paper. On the other hand, the effect of the crisis on
the relative profit rates is a more concrete phenome-
non reflective of many of the complexities associated
with the crisis in question. Hence that is what we will
focus on in this paper.

We will analyze this crisis with some task-specific
systematic steps. Following a brief literature review in
the second section of the paper, we undertake three
tasks. First, we demonstrate the structural difference of
the crisis-pertaining behavior of the relative profit rates
from that of the other periods. Second, in the presence
of the difficulties that the fluctuation-prone crisis junc-
tures could present for the analysis of the topic, we
show that relative profit rates (and their dynamics)
could be forecasted with a relatively high degree of
accuracy via artificial intelligence algorithms. Finally,
incorporating, into a simulative framework some of the
crisis-related patterns and relationships identified by
the artificial intelligence algorithms, we exemplify the
possibility of crisiss-management policies that can
smooth the trajectory of the relative profit rates and
facilitate the control of possible erratic fluctuations at
the crisis junctures. The concluding remarks are pre-
sented in the final section.

LITERATURE REVIEW

The literature on general financial crises is of
course quite rich. Aliber et al. (2023) provide an in-
formative account of many of the crisis-related phe-
nomena such as crashes, panics, contagion, and possi-
ble policy responses. There are also works exploring
more specific issues such as financial policy reform
(Hlaing & Kakinaka, 2018), financial chaos (Dusza,
2017), instability-suboptimality-and chaos-prone fluctu-
ations at crisis junctures (Kara, 2023) and global imbal-
ances in relation to financial globalization Liang (2012).
Though the general crisis tendencies need to be taken
into account by a finance-related work such as this, we
should emphasize that what we indicate, argue for, and
analyze in this paper is not the existence of a general
crisis in the entire economy during that period but only
a sub-sectoral crisis within a subset of the banking sys-
tem that was heavily influenced by the social-political
clashes in question. Thus, it suffices to provide evi-
dence for the crisis in the subsector in question in the
relevant period. The events that explicitly broke out in
2013 and ended in the military coup in 2016 swept
aside 30% of the participation banking system and in-
fluenced the rest of the subsystem. This constitutes
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sufficient evidence of crisis proportion in the subsystem
(inclusive of the participation banking) in question in
view of (and in comparison with) the fact that an ap-
proximately 25% contraction in the banking system in
2001 was considered one of the most serious crises in
Turkish banking history. Of course, the crisis in 2001
was an overall banking crisis while the one we analyze
was a sub-sectoral crisis. Nevertheless, the relative con-
traction rates were similar and, as such, if the former
was a unanimously-agreed upon crisis, the latter could
and should be considered a crisis on the sub-sectoral
scale. For various indicators of contraction of the bank-
ing sector in 2001 (see: Coskun & Eken, 2015). The per-
formance of participation banking after the attempted
coup is another story which is beyond the scope of this
paper. For a historical assessment of the place of par-
ticipation banking in the Turkish banking system, see:
Ustaoglu (2014) and Varsak (2017). Moreover, one defi-
nition of banking crisis in the literature refers to
a situation in which a bank fails or compels the govern-
ment to intervene (Racickas & Vasiliauskaite, 2012;
IMF, 1998). The criteria contained in this definition are
clearly met by the sub-sectoral crisis we examine in this
paper (there are of course other dimensions of finan-
cial crises which are explored in the literature (see:
Reinhart & Rogoff, 2014).

The complexity-driven diversity of the behavioral
patterns displayed at that juncture is another indication
of the unusual nature of the period in question. Clearly,
crisis junctures could unfold and lead to a rich spec-
trum of patterns and outcomes. Rational and seemingly
non-rational options and optimal as well as suboptimal
behavioral patterns could often coexist side by side at
such junctures and help create stable, unstable or even
chaotic outcomes. For instance, the altruistic behavior
of some of the deposit-holders of Asya bank during
that period was an important social phenomenon that
is worthy of further examination. Nevertheless, it is not
only the behavior of the individuals but also the institu-
tions that shapes the dynamics of interactions at such
junctures. The role of institutions, including that of the
government, adds further complexities to the emer-
gence of those patterns and outcomes. The literature
contains a variety of works exploring intricate dimen-
sions of these possibilities in the usual periods as well
as in crisis-periods. For instance, the issues associated
with investor behavior and psychology are covered by
a wide range of works including: Filip et al. (2015), Hoff-
mann et al. (2013), Kariofyllas et al. (2017), Klein et al.
(2017), Yang et al. (2017), as well as Gennaioli and
Schleifer (2018). Though patterns and outcomes in
markets are closely connected with the behavior and
psychology of market participants, there are intricate
dimensions of chaotic and stochastic tendencies and
emergent structures in markets that may not be com-
pletely and exclusively reduced to micro behavior and
may require micro-macro-convoluted treatment of the

market processes, which is a highly difficult task to un-
dertake. How successful the literature has been in un-
dertaking such a task is an open question. Neverthe-
less, the literature contains works covering chaotic and
stochastic issues. Among these works are: Zhang
and Wang (2017), Kyrtsou and Terreza (2002), Dakh-
laoui and Aloui (2013), Gilmore (1993), Benhabib
(1992), Cohen (1997), as well as Aoki (2001). Stochastic
and chaotic tendencies are also related to the various
dimensions of crisis and policy considerations, which
are examined by works such as Kara (2023), Garel and
Petit-Romec (2017), Grosse (2017), Hernandez and
Mendoza (2017), Dzhagityan (2017), Sau (2013), Purica
(2015), Bernanke et al. (2019), Minsky (2008) as well as
Gaffeo and Molinari (2017). There are also potentially
fruitful system dynamics approaches to the banking
crises in particular and financial crises in general. Works
in this terrain, such as Kassem and Saleh (2005) and
Scholten (2016), if properly extended to capture the
intricate details of financial relations, could shed some
light on the complicated feedback structures character-
izing crisis-prone processes. There also exist structural
and evolutionary approaches described by Scazzieri
(2018), which can be productively used in the analysis
of various intricate details of these processes.

However comprehensive the literature’s coverage
may have been, crisis junctures present inexhaustibly
rich problems for further study. One such problem is
related to the analysis of the relative profit rates (profit
-interest ratios), which reflect the dynamics associated
with the participation and conventional banking sys-
tems, and which were heavily influenced by the clash
and strategic gridlock experienced at the juncture in
question. In this paper, we analyze the relative profit
rates via artificial intelligence algorithms. The literature
also contains artificial intelligence-motivated works on
financial processes such as Urbanikova and Stubnova
(2020), Lin et al. (2017), Korol and Fodadis (2022),
Torky and Hassanian (2023) as well as Yang and Chen
(2018), which explore issues ranging from the use of
artificial neural networks in capital markets to artificial
intelligence in dynamic environments. Our work differs
from those in the literature in its unique blend of artifi-
cial intelligence algorithms and system dynamics that
opens the doors to a wide array of policies we exempli-
fy in this paper.

MATERIALS AND METHODS

Analogous to the financial systems of some coun-
tries with predominantly Muslim populations, the Turk-
ish banking system includes conventional as well as
participation banks. In contrast with the usual interest-
earning arrangements of the conventional banks, par-
ticipatory banks’ deposits/funds are based on an
agreed upon profit and loss sharing arrangement
where returns on deposits are determined at the end
of the period, depending on the funds’ realized profits
or losses. Whether the returns on deposits at conven-
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ventional and participatory banks, namely interest
rates and profit rates, converge or diverge over time is
a point of discussion in the literature (see: Sarag
& Zeren, 2015; Sukmana & lbrahim, 2017). There is of
course a more general discussion about the similarities
and differences between the conventional and partici-
pation (Islamic) banks (Gassouma et al., 2023). Though
being subject to similar market forces may at times
induce convergence between interest and profit rates,
factors affecting the two subsystems of the banking
system may differ in some periods, resulting in diver-
gence in the rates in question in some periods (for
a descriptive analysis of the various aspects of partici-
pation banks’ practices, profits and some alternative
instruments, see: Biyikakin and Bilal (2016) and
Gokalp (2014). The efficiency and distributive implica-
tions of the participatory arrangements are pointed out
in Kara (2001). Among the points or periods during
which such a divergence could be observed are the sub
-sectoral crisis junctures, a prime example of which
occurred, in Turkey, during 2013-2016 — a period char-
acterized by a political and social crisis with economic
consequences that we mentioned in the introduction.

Clearly the divergence between the profit and in-
terest rates could be properly captured by the values of
the relative profit rate, which is defined as follows:

p, = profit rate at time t

The relative profit rate at t(r,): :
interest rate at time t

where profit and interest rates at t are the averages in
the relevant banking systems at t.

The data set for this study is available at “Turkiye
Cumhuriyeti Merkez Bankasi” (The Central Bank of Tur-
key) and “Katilim Bankalari Birligi” (the Union of Partici-
pation Banks in Turkey.) We have used the data for the
overall period from January 2006 to June 2017 which is
decomposed into two subperiods, namely the sub-
sectoral crisis period, December 2013-December 2016
and the remainder.

In this paper, we will prove three propositions
about the relative profit rates and the complexities
associated with them at the crisis juncture in question.

Proposition 1: The distribution of the relative
profit rates at the crisis juncture is not the same as the
distribution of the relative profit rates at other junc-
tures.

In other words, we need to show that, compared
to other periods, the relative profit rates behave differ-
ently at crisis junctures. Using the Mann-Whitney
U test, we prove the proposition in Section 3. The
Chow test also indicates the presence of structural
breaks associated with the crisis juncture.

In view of the different distribution and hence
pattern the relative profit rates displayed at the rele-

relevant crisis juncture, could we forecast its trajectory
with a high degree of accuracy? The answer to this
question is the subject of the second proposition.

Proposition 2: Changes in the relative profit rates
at the crisis juncture in question could be forecasted
with a high degree of accuracy via artificial intelligence
algorithms.

To prove the proposition, we will construct a time
series forecasting model which we will implement using
the data mining and machine learning program WEKA
(for descriptions of WEKA-related tools and functions,
see: Frank et al., 2022). Other programs such as R and
MATLAB could be used as well). In our model, the
change in relative profit rates will be taken to be the
target variable, which is influenced by a number of vari-
ables such as the change in the closing values of the
stock market, the change in the bond rates, the change
in the TL-dollar exchange rates and the change in infla-
tion rates in Turkey, which will be named, along the
lines of the program’s terminology, as the “overlay vari-
ables” that are relevant to the forecasting of the target
variable. We will add the HP filter- extracted cycle for
the change in the relative profit rates to the list of the
overlay variables.

The main artificial intelligence/machine learning
algorithm we will choose for the purpose of forecasting
is support vector machine regression (for applications
of support vector machines in finance, see: Cao et al.,
2005, Tang & Sheng, 2009 as well as Tang et al., 2009).
Support vector machines could also be used for classifi-
cation. The central organizing general principle underly-
ing the method revolves around finding the best hyper-
plane separating the data points belonging to different
classes. This is done by maximizing the margin between
closest data points in different classes. The method is
highly flexible and generally yields accurate results in
both low and high dimensional cases.

We will use a couple of interrelated metrics for the
forecasting accuracy, the first of which is “the normal-
ized root mean squared error” (NRMSE), the definition
of which pre-requires the concept of the root mean
squared error (RMSE), which is the square root of the
sum, over all observations, of the squares of the differ-
ences between the predicted and actual values of the
changes in the relative profit rates divided by the num-
ber of observations. NRMSE is defined as:

NRMSE = RMSE /the range of the changes
in the relative profit rates during the crisis period

The second (interrelated) metric is the degree of
forecasting accuracy, which is 1-NRMSE.

The high degree of forecasting accuracy produced
by the support vector machine regression and the asso-
ciated trajectories for the relative profit rate will be
given in Section 3.
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The success in forecasting, which is important in
itself, also paves the way for successful crisis manage-
ment-possibilities/policies. The relationships and
patterns revealed or identified during the process of
forecasting could be used to control the trajectories of
the financial processes, which is the subject of the third
proposition.

Proposition 3. There exist tax policies that can
smoothen the relative profit trajectory at crisis junc-
tures.

The method we will use to prove this proposition is
one of a artificial intelligence-integrated system dy-
namics simulation framework where we will incorpo-
rate the results of a particularly simple, easy-to-
interpret artificial intelligence algorithm, such as linear
regression, into a simulative model and undertake poli-
cy simulations.

The system dynamics simulation method could be
simply described in terms of four different compo-
nents, namely the “stock variables” which represent
the accumulated values of some key variables, the
“flow variables” which represent the changes in the
stock variables, the “auxiliary variables” which influ-
ence (or are influenced by) the other variables in the
system and the “feedback relations” or connections
which describe the relations or chains of causal de-
pendencies among the variables in system. A proper
formulation of a system dynamics model would require
the specification of some or all of these components. In
the illustrative model we will construct, the relative

profit rate is the stock variable, the change of which
will be the flow variable. The changes in the closing
values, the bond rates, the exchange rates and the in-
flation rates described above could function as the aux-
iliary variables. Depending on the type of relations/
patterns revealed by the artificial intelligence algorithm
employed, some algorithm-selected particular lagged
values of the variables in the model could serve as aux-
iliary variables as well. A simulation diagram repre-
senting the relations among the chosen variables in our
model will be described and a particular policy-induced
trajectory of the relative profit rates will be derived in
the following section.

RESULTS

THE RESULTS ASSOCIATED WITH THE FIRST
PROPOSITION

Before we proceed with the proof of this proposi-
tion, we need to first check whether the distribution of
the relative profit rate for the overall period in question
is normal. Both the Kolmogorov-Smirnov and Shapiro-
Wilk tests indicate that the relative profit rate during
the period in question are not normally distributed.
Thus, to prove the proposition, we need to use a non-
parametric test such as the Mann Whitney U test. Us-
ing the test in question, we ended up rejecting the null
hypothesis stating that the distributions are the same
across the periods. The relevant SPSS output is as fol-
lows (Table 1).

Table 1a: The Mann Whitney U test results

Null Hypothesis

Decision

The distribution of
relative profit rate is the
same across categories of
two periods

Independent - samples
Mann Whitney U Test

Rejected the null

0.000 hypothesis

Asymptotic significances are displayed. The significance level is 0.05
Source: Author's own work (produced with SPSS).

Alternatively, we employed the Chow test which
also indicates that there is a break at the beginning of

the crisis period, leading to the rejection of the no-
break hypothesis.

Table 1b: The Chow Test results
Chow Breakpoint Test: 2013M12
Null Hypothesis: No breaks at specified breakpoints

Varying regressors: All equation variables

Equation Sample: 2006M01 2016M01

F-statistic 88.20419 Prob. F (1,119) 0.0000
Log likelihood ratio 67.10433 Prob. Chi-Square (1) 0.0000
Wald Statistic 88.20419 Prob. Chi-Square (1) 0.0000

Source: Author's own work (produced with SPSS).
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THE RESULTS ASSOCIATED WITH THE SECOND
PROPOSITION

We split/decomposed the data into two subsets
and used 70% for training and 30% for testing. With the
program WEKA, we run the attribute-selected support
vector machine regression algorithm, which captures

change in the relative profit rates. The results yield
a NRMSE value of 0.08 for the testing data and hence
a degree of forecasting accuracy of 0.92 (92%), which is
fairly high, indicating successful forecasting. The trajec-
tories associated with this forecasting are given in Fig-
ure 1 and Figure 2, where “relative profit rate” indi-

the underlying dynamics and enables us to forecast the cates the change in the relative profit rates.

Figure 1: The forecasting of the change in relative profit rates with the testing data (produced with WEKA)
1 step-ahead predictions for: drelativeprofitrate

0,04
0,03
0,02
0,01
0,00

-0,01

-0,02

1 2 3 4 5 6 7 8 9 10 11

- drelativeprofitrate-actual —@-drelativeprofitrate-predicted

Source: Author’s own work.

The numerical results indicate that future values of
the relative profit rates could be forecasted with a 92%
accuracy at the juncture under study.

As displayed in Figure 1, the chosen artificial intelli-
gence/machine learning algorithm (the support vector
machine regression) yields accurate forecasts of the
change in relative profit rate with the testing data.

Figure 2: The forecasting of the change in relative profit rates with the training data (produced with WEKA)
1 step-ahead predictions for: drelativeprofitrate

0,025

0,000

-0,025

-0,050

-0,075

-0,100

13 14 15 16 17 18 19 20 21 22 23 24 25 26

-B-drelativeprofitrate-actual -®-drelativeprofitrate-predicted

Source: Author’s own work.

As an extension, Figure 2a displays the trajectories
for the change in the relative profit rate and the change
in the stock market return. The trajectories are ob-
tained via M5P algorithm.

M5P algorithm accurately forecasts, as shown in
Figure 2, the change in the relative profit rate and the
change in the stock market return.
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Figure 2a: The forecasting of the changes in the relative profit rate and stock market return with training data

(produced with WEKA)
1 step-ahead predictions for: drelativeprofitrate

0,04
0,03
0,02
0,01
0,00

0,01

-0,02

1 2 3 4 5

6 7 8 9 10 11

-B- drelativeprofitrate-actual

-@- drelativeprofitrate-predicted

Source: Author’s own work.

THE RESULTS ASSOCIATED WITH THE THIRD
PROPOSITION

To prove the proposition suggesting policy-induced
changes at the crisis juncture, we need to find a policy
that leads to a measurable smoothing of the trajectory
of the change in relative profit rate. The algorithm-
produced estimation obtained with WEKA is as follows
(To be compatible with the program’s allowed symboli-
zation, we will omit the spaces between the words in
variable names). The estimated equation captures the
dynamics underlying the change in relative profit rates:
Drelativeprofitrate = -0.352 + —0.0244 = dbondrate +
-0.1893+ dexchangerate + 0.002 = Artificial TimeIndex +
0.2972+ Lag _ drelativeprofitrate —1+-0.2825*

Lag _drelativeprofitrate —5+-0.7103

Lag _ drelativeprofitrate — 6+

-0.2886+ Lag _drelativeprofitrate — 7 +

-0.545* Lag _drelativeprofitrate —9 +

—0.0353 Artificial TimeIndex  Lag _ drelativeprofit — 4+
0.0436 = Artificial Timelndex * Lag _ drelativeprofitrate — 6 +
0.0327 + Artificial TimeIndex * Lag _ drelativeprofitrate — 7 +
0.0284 = Artificial TimeIndex = Lag _ drelativeprofitrate -9

For the sake of convenience, let us choose the line-
ar regression algorithm with the training data and in-
corporate the results it generates into a system dynam-
ics simulation model. We have used the set of overlay
variables including the changes in the closing values,
the bond rates, the exchange rates and the inflation
rates to estimate and forecast the target variable.

The lag-related terms symbolize the lagged values
of the relevant variable for the indicated periods. The
equation indicates that, in addition to the “dbondrate”
and “dexchangerate”, drelative profit values which are
lagged for 1, 5, 6, 7 and 9 periods influence the target
variable. Similarly, 4™, 6™, 7" and 9™ lagged values (of
the relative profit rates) times an artificial time index-
variable have some influence on the dependent varia-
ble as well. We can construct a simulation model incor-
porating these influences. To demonstrate that, in ad-
dition to these influences, the policy we will propose
works even in the presence of shocks characteristic of
crisis junctures, we can introduce to the model some
additional complexity by adding some stochastic terms
to the “dbondrate” and “dexchangerate” variables.
These relations are incorporated into the following
system dynamics simulation diagram (Figure 3) which
we have drawn using the program VENSIM. We can
take alternative routes of the analytical kind exempli-
fied in Kara (2007, 2013) as well as Kara and Osman
(2006). However, for sufficiently complex stochastic
terms and feedback relations, there may not exist ana-
lytical solutions.
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Figure 3: The simulation diagram

— relative

(. Fa - profit rate
change in relative
profit rate
shock-influenced )
dbondrate \\\\
"
shock-influenced

dexchangerate dborfdrate v ai laglh 1ag‘Fdr
da5dr agdgdr  lag7dr

degchangekate / ‘f
agddr time x lagbdr tirmg x lag7dr

NS

Tax <Time=> .—-———-——"' time x 1lag9dr

Source: Author's own work (produced with VENSIM).

For the sake of illustration, we will assume that the
“shock-influenced dbondrate” = ”dbondrate”-0.2u,
where u is a uniformly distributed random variable
taking values between -5% and +5% of the relative

We will now introduce/design a tax that forces the
change in the relative profit rate downwards by 2.5%
when the relative profit rate is greater than 1 and up-
wards when it is lower than 1. This tax leads to the tra-

profit rate. Similarly, the “shock-influenced dex-
changerate” = “dexchangerate”+u (Alternative numeri-
cal values could be taken for exemplification purposes).

jectory given in Figure 4. The trajectory without any tax
is displayed in Figure 5.

Figure 4: The relative profit trajectory with the tax (produced with VENSIM)

0.6

2 4 65 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36

Time (Month)
Source: Author's own work (produced with VENSIM).
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To roughly see/measure the extent to which the
imposed tax smoothes the relative tax trajectory, we
can compare the variance of the relative profit rates
before and after the tax. The before-tax variance of the
trajectory was 0.070 while the after-tax variance of the
simulated trajectory is 0.009. The tax appeared to have

reduced the variance quite significantly, leading to
a relatively smoothened trajectory. This exemplifies
and hence demonstrates the possibility that there exist
policies involving for instance taxes that can smooth
the relative profit trajectory and help control the tra-
jectory at crisis junctures.

Figure 5: The relative profit trajectory without any tax

1.6

1.2

0.8 \

0.4

2 4 & 8 10 12 14 16

18 20 22 24

26 28 30 32 34 36

Time (Month)
Source: Author's own work (produced with VENSIM).

A deterministic tax is not the only instrument that
can smooth the trajectories of financial variables. There
are many other alternatives. For instance, taxes could
be made a function of the stochastic fluctuations that
could be represented by means, variances or some
other statistical features. Other potentially influential
instruments involving incentives and sanctions, or
some prudential measures could also be designed in
deterministic and stochastic varieties. The optimal pa-
rameters of these interventions could be determined
via an extended version of the system dynamics simula-
tion setup exemplified above.

CONCLUDING REMARKS

In this paper, we demonstrated the validity of
three propositions dealing with some of the key com-
plexities of relative profit rates at crisis junctures in
a dual financial system. First, we showed that the distri-
bution of the relative profit rates at the crisis juncture
is not the same as the distribution of the relative profit
rate at other junctures, indicating the presence of
structural breaks. In view of this difference and likely
complications at crisis junctures present to the analysis
and forecasting of financial processes, we demonstrat-
ed that changes in the relative profit rate (and their
dynamics) at the crisis juncture in question could be
forecasted with a high degree of accuracy via artificial

intelligence algorithms, which is the subject of the sec-
ond proposition. Finally, with successful prediction of
relative profit rate at hand, we illustrated, via the third
proposition, that there exist policies that can smooth
the relative profit trajectory at crisis junctures, signify-
ing the possibility of successful crisis-management poli-
cies.

Thus, besides their non-negligible theoretical im-
portance, the three propositions outlined and demon-
strated in this paper may be of practical significance to
policy making. The propositions in question could guide
the policy makers in their undertakings of two funda-
mental tasks. One task is to accurately forecast the
market-driven trajectory or pattern of the relative
profit rates (or any other financial process for that
matter) and hence figure out what the market trends
entail for the future. This has consequences for optimal
policy making. Accurate forecasting of the market-
driven patterns enables the policy makers to intervene
so as to optimally influence the trajectory in question,
which is the second important task that can be under-
taken and that has been exemplified in the paper.
Though we illustrated the possibility of only one policy
through which policy makers could influence the pre-
dicted trajectory so as to achieve certain policy objec-
tives, one can come up with other policies, the parame-
ters of which could be estimated through artificial intel-
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ligence algorithms. Overall, artificial intelligence algo- policies that could underlie effective crisis management
rithms could serve as a basis for a crisis-management programs is worthy of future research.
program. An inquiry into the designs of such additional

REFERENCES

Aliber, R.Z., Kindleberger, C.P. & McCauley, R.N. (2023) Manias, Panics and Clashes: A history of Financial Crisis. Pal-
grave MacMillian, New York.

Alkan, H. (2016). 15 Temmuz’u Anlamak: Parametreler ve Sonuglar. Bilig, 79, 253-272.

Aoki, M. (2001). Modeling Aggregate Behavior and Fluctuations in Economics: Stochastic Views of Interacting Agents.
Cambridge University Press, Cambridge.

Benhabib, J. (1992). Cycles and Chaos in Economic Equilibrium. Princeton University Press, New Jersey.

Bernanke, B.S., Geithner, T.F. & Paulson, H.M. (2019). Firefighting: The Financial Crisis and Its Lesson. Penguin Books,
New York.

Biyiikakin, F. & Bilal, E. (2016). Finansal Krizlere Karsi Sukukun Uygulanabilirligi Uzerine bir Degerlendirme. Finansal
Arastirmalar ve Calismalar Dergisi, 8(14), 33-55.

Cao, D.Z., Pang, S.L. & Bai, Y.H. (2005). Forecasting Exchange Rate Using Support Vector Machines. Proceedings of
2005 International Conference on Machine Learning and Cybernetics, 1, 3448-3452.

Caki, F. (2018). Tirkiye’de 15 Temmuz’un Toplumsal Etkileri ve Ona Yol Acan Faktdrler Uzerine Diisiinceler. Akade-
mik incelemeler Dergisi, 13(1), 91-124.

Cohen, B. (1997). The Edge of Chaos: Financial Booms, Bubbles, Crashes and Chaos. Wiley, New Jersey.

Coskun, O.A. & Eken, M.H. (2015). 2001 ve 2008 Krizlerinin Tiirk Bankacilik Sektériine Etkilerinin Karsilastiriimasi.
Maliye ve Finans, 104, 105-130.

Dakhlaoui, I. & Aloui, C. (2013). The US Oil Spot Market: A Deterministic Chaotic Process or Stochastic Process? Jour-
nal of Energy Markets, 6(1), 51-93.

Dusza, M. (2017). Financial chaos. Management Issues, 15(2), 169-189.

Dzhagityan, E.P. (2017). Macroprudential Policy in Post-crisis Banking Regulation. World Economy and International
Relations, 61(11), 13-23.

Filip, A., Pochea, M. & Pece, A. (2015). The Herding Behaviour of Investors in the CEE Stocks Markets. Procedia Eco-
nomics and Finance, 32, 307-315.

Frank, E., Hall, M.A. & Witten, I.H. (2022). The WEKA Workbench”, Online Appendix for "Data Mining: Practical Ma-
chine Learning Tools and Techniques". https://www.cs.waikato.ac.nz/ml/weka/Witten_et_al_2016_appendix.pdf
(Accessed: 18.07.2024).

Gaffeo, E. & Molinari, M. (2017). Taxing Financial Transactions in Fundamentally Heterogeneous Markets. Economic
Modeling, 64(1), 322-333.

Gassouma, M.S., Benhamed, A. & El Montasser, G. (2023). Investigating Similarities between Islamic and Convention-
al Banks in GCC countries: A Dynamic Time Warping Approach", International Journal of Islamic and Middle East-
ern Finance and Management, 16(1), 103-129.

Garel, A. & Petit-Romec, A. (2017). Bank Capital in the Crisis: It’s not just How Much You Have but Who Provides it.
Journal of Banking and Finance, 75, 152-166.

Gennaioli, N. & Shleifer, A. (2018). A Crisis of Beliefs: Investor Psychology and Financial Fragility. Princeton University

Press, New Jersey.

www.finquarterly.com
University of Information Technology and Management in Rzeszow 124



Ahmet Kara
An artificial intelligence-based forecasting of the dynamics of relative profit rates at Financial Internet Quarterly 2025, vol. 21 / no. 1

afinancial crisis juncture: A model, a case study and crisis management policies

Gilmore, C.G. (1993). A New Test for Chaos. Journal of Economic Behavior and Organization, 22(2), 209-237.

Gokalp, F. (2014). Kriz Sonrasi Dénemler itibariyle Katilim Bankalari ve Ticari Bankalarin Karliligi Uzerine
Karsilastirmali bir Arastirma. Selguk Universitesi Sosyal Bilimler Enstitiisii Dergisi, 32, 191-201.

Grosse, R. (2017). The global financial crisis-Market misconduct and regulation from a behavioral view. Research in

International Business and Finance, 41, 387—398.

Hernandez, J.M. & Mendoza, E.G. (2017). Optimal v. Simple Financial Policy Rules in a Production Economy with
“liability dollarization”. Ensayos Sobre Politica Economica, 35(82), 25-39.

Hlaing, S.W. & Kakinaka, M. (2018). Financial Crisis and Financial Policy Reform: Crisis Origins and Policy Dimensions.
European Journal of Political Economy, 55, 224-243.

Hoffmann, A.O.l., Post, T. & Pennings, J.M.E. (2013). Individual Investor Perceptions and Behavior during the Finan-
cial Crisis. Journal of Banking & Finance, 37, 60-74.

IMF. (1998). Financial Crises: Characteristics and Indicators of Vulnerability”. In World Economic Outlook. Interna-

tional Monetary Fund, Washington.

Kara, A. (2001). On the Efficiency of the Financial Institutions of Profit-and-Loss-Sharing”. Journal of Economic & So-
cial Research, 3(2), 99-104.

Kara, A. (2007). Discrete Stochastic Dynamics of Income Inequality in Education”. Discrete Dynamics in Nature and
Society, 2007(1), 1-15.

Kara, A. (2009). Implications of Multiple Preferences for a Deconstructive Critique and a Reconstructive Revision of

Economic Theory. Journal of Economic & Social Research, 11(1), 69-78.

Kara, A. (2013). Dynamics of Education and Technology in Higher Education. Hacettepe Journal of Mathematics and
Statistics, 42(1), 87-99.
Kara, A. (2023). Stabilizing Instability-Suboptimality-and-Chaos-Prone Fluctuations at Crisis Junctures: Stochastic Pos-

sibilities for Crisis Management. International Journal of Finance & Economics, 28(2), 1772-1786.

Kara, A. & Osman, M. (2006). Dynamic Equilibria in the US Banking Sector: A Model and a Case Study. Journal of Eco-
nomic and Social Research, 8(2), 43-52.

Kariofyllas, S., Philippas, D. & Siriopoulos, C. (2017). Cognitive Biases in Investors' Behaviour under Stress: Evidence

from the London Stock Exchange. International Review of Financial Analysis, 54, 54—62.

Kassem, B. & Saleh, M. (2005). Simulating a Banking Crisis Using a System Dynamics Model. Egyptian Informatics
Journal, 6(2), 125-145.

Katilim Bankalari Birligi. (2023). https://veripetegi.tkbb.org.tr. (Accessed: 18.07.2024).

Klein, P.O., Turk, R. & WEeill, L. (2017). Religiosity vs. Well-Being Effects on Investor Behavior. Journal of Economic
Behavior & Organization, 138, 50-62.

Korol, T. & Fodadis, A.K. (2022). Implementing Artificial Intelligence in Forecasting the Risk of Personal Bankruptcies

in Poland and Taiwan. Oeconomia Copernicana, 13(2), 407-438.

Kyrtsou, C. & Terraza, M. (2002). Stochastic Chaos or ARCH Effects in Stock Series? A Comparative Study. Internation-
al Review of Financial Analysis, 11(4), 407-431.

Liang, Y. (2012). Global Imbalances and Financial Crisis: Financial Globalization as a Common Cause. Journal of Eco-
nomic Issues, 46(2), 353-362.

Lin, W.K., Lin, S.J. & Yang, T.N. (2017). Integrated Business Prestige and Artificial Intelligence in Dynamic Environ-
ments. Cybernetics and Systems, 48(4), 303-324.

www.finquarterly.com
University of Information Technology and Management in Rzeszow 125



Ahmet Kara
An artificial intelligence-based forecasting of the dynamics of relative profit rates at Financial Internet Quarterly 2025, vol. 21 / no. 1

afinancial crisis juncture: A model, a case study and crisis management policies

Minsky, H.P. (2008). Stabilizing Unstable Economy, McGraw-Hill, New York.

Purica, I. (2015). Nonlinear Dynamics of Financial Crises: How to Predict Discontinuous Decisions. Academic Press,
New York.

Racickas, E. & Vasiliauskaite, A. (2012). Classification of Financial Crises and their Occurrence Frequency in Global
Financial Markets. Social Research, 4(29), 32-44.

Reinhart, C.M. & Rogoff, K. S. (2014). Recovery from financial crises: Evidence from 100 episodes. American Econom-
ic Review, 104(5), 50-55.

Sabah. (2016). Bank Asya Kapandi, https://www.sabah.com.tr/ekonomi/2016/07/19/bank-asya-kapandi. (Accessed:
18.07.2024).

Sarag, M. & Zeren, F. (2015). The dependency of Islamic Bank Rates on Conventional Bank Interest Rates: Further
Evidence from Turkey. Applied Economics, 47(7), 669-679.

Sau, L. (2013). Instability and Crisis in Financial Complex Systems. Review of Political Economy, 25(3), 496-511.

Scazzieri, R. (2018). Structural Dynamics and Evolutionary Change. Structural Change and Economic Dynamics, 46,
52-58.

Scholten, D.G.G. (2016). Explaining the 2008 Financial Crisis with a System Dynamics Model. https://
theses.ubn.ru.nl/bitstream/handle/123456789/5093/Scholten%2C_Daan_1.pdf?sequence=1. (Accessed:
18.07.2024).

Sukmana, R. & Ibrahim, M.H. (2017). How Islamic are Islamic banks? A Non-Linear Assessment of Islamic Rate - Con-
ventional Rate Relations. Economic Modelling, 64, 443—-448.

Tang, L. & Sheng, H. (2009). Forecasting stock returns based on spline wavelet support vector. In: 2009 International

Conference on Computational Intelligence and Natural Computing (pp. 383-385). IEEE, Wuhan.

Tang, B., Sheng, H.Y. & Tang, L.X. (2009). GARCH prediction using spline wavelet support vector machine. Neural
Computing & Applications, 18(8), 913-917.

TCMB. (2023). https/www.tcmb.gov.tr. (Accessed: 18.07.2024).

Torky, M., Gad, I. & Hassanien, A.E. (2023). Explainable Al Model for Recognizing Financial Crisis Roots Based on Pi-
geon Optimization Gradient Boosting Model. International Journal of Computational Intelligent Systems, 16(1),
1-30.

Urbanikova, M. & Stubnova, M. (2020). Use of Artificial Neural Networks in the Capital Markets. AD-ALTA — Journal
of Interdisciplinary Research, 10(1), 278-281.

Ustaoglu, D. (2014). Tirkiye’de Katihm Bankaciligr: Sektérdeki Yeri ve Onemi. Unpublished Ma. Thesis. Adnan Men-

deres University, Turkey.

Varsak, S. (2017). Participation Banking in Turkey and its Effects on the Turkish Financial System. Balkan and Near

Eastern Journal of Social Sciences, 3, 104-109.

Yang, H., Ahn, H.J., Kim, M.H. & Ryu, D. (2017). Information Asymmetry and Investor Trading Behavior Around Bond

Rating Change Announcements. Emerging Markets Review, 32, 38-51.

Yang, H.J. & Chen, S.H. (2018). A Heterogeneous Artificial Stock Market Can Benefit People against Another Financial
Crisis. Plos One, 13(6), 1-25.

Zhang, W. & Wang, J. (2017). Nonlinear Stochastic Exclusion Financial Dynamics Modeling and Complexity Behaviors.
Nonlinear Dynamics, 88(2), 921-935.

www.finquarterly.com
University of Information Technology and Management in Rzeszow 126



