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Interpretable approaches for financial time series forecasting

Abstract:

Nowadays complex and non-linear real-world challenges have led to the development
of advanced machine learning models. In most machine learning techniques, the ability
to interpret the model’s predictions is a critical aspect. On the other hand, it is still
difficult to understand if it is possible to provide a taxonomy of the various definitions
of interpretability. In this thesis, a grey-box method, namely the Adaptive Neuro-Fuzzy
Inference System with fractional Tikhonov regularization (ANFIS-T) was adopted to
predict stock prices. Its performance was compared against white-box models, such as
the autoregressive integrated moving average (ARIMA) and Naive, and the standard
Adaptive Neuro-Fuzzy Inference System (ANFIS) model, with an emphasis on the
interpretability factor. The root mean squared error (RMSE) and training time by the
different approaches were compared.

Overall, in this study, our investigation focuses on interpretability, aiming to offer
an overview of all the definitions and related matters, and to discuss the ANFIS-T
model’s performance for a forecasting problem, concluding that such performance is
on par with white-box models. It also highlights the ANFIS-T model’s interpretability,
offering helpful insights for situations involving decision-making where transparency
and understandability are essential elements.
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CERCS: P170 Computer science, numerical analysis, systems, control
Tolgendatavad lihenemisviisid finantsaegridade prognoosimiseks

Lithikokkuvote:

Ténapidevased komplekssed ja mittelineaarsed praktilised viljakutsed on viinud are-
nenud masindppe mudelite arenguni. Enamiku masindppetehnikate puhul on kriitiliseks
kiisimuseks mudeli prognooside tdlgendatavuse kiisimus. Samuti on endiselt raske aru
saada, kuidas esitada erinevate tdlgendatavuse definitsioonide taksonoomiat. Magistri-
t00s kasutati aktsiahindade ennustamiseks halli kasti meetodit Adaptive Neuro-Fuzzy
Inference System koos Tihhonovi murdarvulise regularisatsiooniga (ANFIS-T). Sel-
le meetodi sooritusvoimet vorreldi valge kasti mudelitega (ARIMA mudel ja naiivne
prognoosimudel) ning standardse Adaptive Neuro-Fuzzy Inference System (ANFIS)
mudeliga, kusjuures rohuasetus oli tdlgendatavuse kiisimusel. Vorreldi erinevate meeto-
ditega saadud tihesammuliste prognooside ruutkeskmist viga ja treeningaega.

Kokkuvotteks keskendub see to6 prognooside tdlgendatavuse probleemile, ning t60
eesmirk on anda iilevaade tdlgendatavuse koigist definitsioonidest ja nendega seotud
kiisimustest ning analiitisida ANFIS-T mudeli prognoosivdoimet. Osutub, et selle mudeli
prognoosivdoime on vordne valge kasti mudelite prognoosivdoimega. Samuti pddratakse



tahelepanu ANFIS-T mudeli tdlgendatavusele, pakkudes kasulikku teavet olukordades,
kus prognooside ldbipaistvus ja arusaadavus on olulised tegurid.

Votmesonad:
Masindpe, neuro-hajussiisteemid, Tihhonovi regularisatsioon

CERCS: P170 Arvutiteadus, arvutusmeetodid, siisteemid, juhtimine
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1 Introduction

Bringing interpretability to predict future outcomes is not a new concept. According to
Ozyegen and Cevik [1], the significance of explanations and comprehensibility regarding
the learned models for industrial applications began in the 1980s. In the beginning,
experts used a variety of terms, such as justifiability, transparency, understandability,
comprehensibility, and so on, in order to present the explainability and interpretability,
which are currently used by experts. Lipton [2] argued that interpretability is not a
monolithic approach, as it is quite an elusive process due to the domain of certain
notions.

Moreover, Lage et. al. [3] believed that interpretability is more linked with psycho-
logical understanding, which is more relevant to the degree of a human is able to evaluate
models. As a whole, a variety of users comprehend the concept of interpretability in a
different manner. The interpretability approach is mainly used in the machine learning
methods, such as time series analysis, in order to understand the reason behind the
outcomes as well as the actual results when resolving a problem. This is critical in the
case of black-box models, which do not offer a transparent cause-effect relationship, as
opposed to white-box models, which have a clear formulation. Time series analysis is
more linked with identifying the trend and pattern based on data by considering a specific
time period [4]. It also predicts future results based on historical data by considering
variables, although along with the outcomes, the reason behind them is also needed.

Financial time series analysis plays a critical role in hedging market risks and optimiz-
ing investment decisions, although a variety of issues can be highlighted with respect to
interpretability [5]. For instance, stock price movements reflect the condition of complex
market conditions in different diffusion speeds, such as associated events, media news,
historical price series, and so on. No doubt about the fact that the financial sector re-
quires forecasting models to be compliant and interpretable for efficient decision-making
in the future. Since the beginning of the twentieth century, the financial industry has
performed various studies to search for suitable prediction models and has perfected
such technologies ever since by making million-dollar investments in this field. In the
past, traditional quantitative methods were used to rely on historical time-series price
data for predicting stock price movements. Such models were focused only on technical
indicators, while after the development of social media and the internet, unstructured
news has also started playing a critical role to improve the prediction procedure [6].

1.1 Problem Overview

Predicting variables at a specific future time period is a crucial challenge in time series
forecasting. The majority of the real-world datasets consider the time component, as
forecasting the future can help to unlock great value [7]. For instance, retailers can



allow to consider future sales in optimizing the supply chain and promotions, healthcare
institutions can consider the number of expected patients to perform adequate planning
of human, assets, and capital resources, and investment managers can use forecasting
techniques to determine the expected returns in a certain point of time to maximize their
returns. While different models exist to predict the future, interpretability is considered
the primary issue. Humans not only need to interpret the outcomes received but also the
reasons behind the outcomes, and the interpretability being the subjective approach may
vary as per humans. Some humans may understand the complexity, while others may
need detailed and logical interpretation [8]. Moreover, the interpretation objective is also
important, as businesses may desire to determine the reasons behind the trend, while
in a low-risk environment, only the outcome is important. Very few researches have
been performed to understand the interpretable approaches that can guarantee accuracy
in machine learning methods, such as time series forecasting [9]. Moreover, different
definitions have existed on interpretability, owing to the lack of a written universally
accepted definition, which also creates confusion to understand the concept. Therefore,
there is a high need to understand the interpretable approaches that can ensure accuracy,
mainly in financial time series forecasting techniques.

1.2 Motivation and Main Goals

In this thesis, the research questions below will be covered.

* Q1 Is it possible to provide a taxonomy of the diverse definitions of interpretability
and a unified vision of the matter?

* Q2 Considering that grey-box models represent a good compromise between black-
box and white-box models, how do they perform when compared to white-box
models in the context of financial time series forecasting?



2 Financial time series forecasting

In the last few decades, time series analysis has become a popular topic. In 2006,
Linardatos and Kotsiantis [17] performed a rating on the mining information obtained
from the time series and considered it one of the top ten challenging data mining issues
because of its specific properties. One of the major areas of research is to identify and
assess the similarities between the time series analysis, such as the degree to which a
specific time series resembles another one, such as classification, clustering, retrieval, or
even forecasting.

A time series is a set of observations y(t), referred to a specific time ¢ [37]. In
real-world applications, we consider discrete time series, i.e. the set of times at which
observations are made is a discrete set.

The classical analysis of time series data is based on the decomposition of time series
into components [38]. Each component represents a factor which can affect any time
series. Three major components in time series may be identified. Trend refers to the
long-term tendency of a time series to rise or fall. Seasonality refers to the periodic
behavior of a time series within a specified period of time. The fluctuation in a time series
after the trend and seasonal components have been removed represents the irregular
component.

The prediction of time series signals is based on their past values. Therefore, it is
necessary to get a data set, which should be as much as possible informative and with an
adequate number of samples for prediction purposes. The future values of a time series
x(t) can be predicted as a function of past values [32]:

y(t+7) = fly(t —1),y(t —2)...y(t —p)) (1)

where 7 refers to the number of prediction steps ahead, and p is the number of past
observations taken into consideration.

With regard to the stock markets, the practical and theoretical analysis is the critical
part of the time series analysis. Initially, the empirical research was started in 1933 [39],
where the major focus was on the stock market analysis as an individual independent
time series, normally referred to as univariate time series analysis. In that case, the
financial time series analysis mainly included individual observations related to recorded
sequentially over equal time increments. While since the last few years, a variety of
factors have started affecting the stock market, owing to increased globalization and
interdependence of global economies. Therefore, different phenomena, such as trade
wars between two countries, global pandemics, social media platforms, politics, and
many others, affect the financial time series analysis.

Many scholars believed that it is challenging to interpret linkages between changes
during a specific time since there is a high-level statistical uncertainty and ever-changing
environmental conditions. Therefore, Novak and Mirshahi [40] believed that similarity



between two-time series should not only rely on the values but also on the corresponding
slopes. Mainly, in the case of stocks, the relative changes significantly impact the
stock performances in the future. The upward slope reflects the positive trend, while
the downward slop represents the negative trend. While in order to provide further
explanations on the slopes, a variety of models have been presented, such as fuzzy
transform (F-transform), where the average values are provided of a specific area to
distinguish degrees of the F-transform for reflecting the estimation of the given function.

2.1 Forecasting Methods

Financial time series forecasting involves stock price predictions about the future. It is
considered an effective application to demonstrate the value of time-series forecasting.
Success in stock price forecasting can lead to monetary rewards, but there are a variety
of political, economic, and social factors that influence the stock markets. Several
traditional time series models are proposed and applicable to economic forecasting. The
Autoregressive Moving Average model (ARMA) plays a pivotal role in combining the
moving averages with a linear difference in the stationary process [43]. Models that
can be used to explain such homogenous nonstationary behavior can be designed by
assuming adequate differences in the procedure that is stationary. For this purpose,
the Autoregressive Integrated Moving Average (ARIMA) model was suggested, having
the assumption of linearity between variables, in order to handle the nonstationary
behavior datasets [42]. As a whole, traditional time series forecasting techniques demand
more past data and the data must have a normal distribution for better forecasting.
The Autoregressive conditional heteroscedasticity (ARCH) model was proposed by
Engle [41], which has been considered by many financial professionals; the GARCH
(Generalized ARCH) is a generalized type of ARCH [42]. Owing to this situation, the
original fuzzy time series model was suggested, and further research was conducted to
explain two major processes, such as the formation of fuzzy relationships in forecasting
and fuzzification [44]. Moreover, Chen and Chung [45] suggested a technique, where
the length of linguistic intervals is formed by genetic algorithms. In order to establish
forecasting and fuzzy relationships, Yu [46] claimed that recurrent fuzzy relationships
should be determined to forecast and recommend that different weights are assigned to
several fuzzy connections. As a whole, there is a variety of forecasting methods with
respect to time-series analysis.

2.2 Forecasting Stock Price

A stock is considered a security that applies for proportionate sole ownership in the
issuing organization. It generates returns or profits for the investors. In general, stocks
can be purchased or sold in the stock markets, however, there are some private deals
and the formation of each portfolio [47]. Time series analysis can be used on any series

9



of variables that change over a specific time period. In the case of the share price or
stocks, time series is considered the common approach to track the prices of stocks
over time. This can be represented over a specific time period, such as the opening
and closing stock prices of a business over time. Such flow showcases the highlights
of the stock market. According to Kumbure, Luukka, and Porras [48], the time series
analysis on stock prices helps to reflect how a company’s capital changes over time, with
respect to the selected data points in comparison to the shifts in other variables over the
same time period. While forecasting is used to predict future outcomes by analyzing
the historical data for many areas, such as finance, environmental science, economics,
and business and industry. The time-series data forecasting allows companies to provide
useful information that is important for making effective decisions. Major forecasting
techniques involve the analysis of time [49]. In time-series analysis, forecasting can be
referred to as the chronological sequence of observations for a chosen variable. It can be
either multivariate or univariate. Multivariate data contains stock prices of more than one
company, while univariate data contains information from one particular stock.
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3 Considered approaches

In this section, the considered approaches for the comparative analysis are described. A
Preliminaries section is needed to introduce the neuro-fuzzy systems.

3.1 Preliminaries

A fuzzy set is a generalization of the set. While the latter is defined by a characteristic
function, which can assume only the values O or 1, a fuzzy set is defined by a membership
function, a real function which can assume any value in the interval [0, 1]. In Figure 1,
some typical membership functions (representing continuous fuzzy sets) are depicted. A
fuzzy set is uniquely identified by its membership function

A:U —[0,1] 2)

where U is a subset of the real line, which is called universe of the discourse or
simply universe. For any element x € U, A(x) represents the degree of membership of x
in the given fuzzy set. A general class of intersection operators for fuzzy sets is provided
by the t-norm. It aggregates two membership grades in different ways, namely by the
minimum operator, algebraic product, bounded product, drastic product.

It is also useful to recall the notion of fuzzy partition. Let I = [xg, z,,11] be a
closed interval and {zg, x1, ..., 41}, Wwith m > 3, be points of I, called nodes, such
that 2o < ... < Zju41. A fuzzy partition of [ is a sequence {4, Ay, ..., A} of
continuous normal and convex fuzzy sets A; : I — [0, 1], withi = 1,...,m such that
Yo Ai(x) =1, Va € I. The fuzzy sets form a uniform fuzzy partition, when the
nodes are equidistant. Figure 2 shows the uniform fuzzy partition obtained by triangular
membership functions.

The approximate reasoning uses fuzzy sets, linguistic variables, and different con-
nectives, with several types of implications. A linguistic variable in the universe X is
a variable whose values are fuzzy sets of X. More precisely, for a linguistic variable
there is a term set, where each term is a fuzzy set of X, and represents an attribute of
the linguistic variable. For instance, let x be a linguistic variable, labelled as "age", with
X = [0,100] defining the universe and = € X being the age in years. A term set of the
variable x could be:

T(age)={very young, young, middle-aged, old, very old}.

Every term is a fuzzy set, uniquely represented by a membership function. Such
fuzzy sets could be arranged to obtain a uniform fuzzy partition.
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Figure 1. From the top, triangular, trapezoidal and bell-shaped membership functions

05

Figure 2. Uniform fuzzy partition by triangular membership functions.
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Layer1  Layer2 Layer 3 Layer 4 Layer 5

Figure 3. An ANFIS architecture with two terms (i.e. fuzzy sets) for each input variable
and two rules (adapted from mathworks.com)

3.2 Adaptive Neuro-Fuzzy Inference System (ANFIS)

The Adaptive Neuro-Fuzzy Inference System (ANFIS) was introduced by Jang [52]. It is
a five-layer network architecture which represents the first-order Sugeno (or TSK) fuzzy
inference system. The name adaptive means that the nodes in this network are adaptive,
i.e. the outputs of these adaptive nodes depend on the parameter(s) of that node. The
common learning algorithm is based on gradient descent. To minimize the error measure,
parameters should be tuned and this tuning is specified by the learning. Backpropagation
with least-squares method is usually used to tune the membership function parameters
for this kind of fuzzy inference system (FIS). An ANFIS architecture is represented in
Figure 3.

In general, ANFIS is based on IF-THEN rules with a functional consequent part.
ANFIS aims at adjusting the antecedents and the consequent parameters. It is worth
mentioning that in ANFIS, the number of rules, the number of terms and a number of
parameters are important characteristics that describe the complexity of the model.

The number of rules in ANFIS refers to the number of fuzzy if-then rules that are
used to describe the relationship between the input variables and the output variable.
Each rule consists of a set of membership functions that describe the degree to which
each input variable belongs to a particular fuzzy set, as well as a consequent function
that describes the output variable based on the input variables. A larger number of rules
can result in a more complex model that is able to capture more complex relationships
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between the input and output variables but can also increase the risk of overfitting and
make the model more difficult to interpret. On the other hand, a smaller number of rules
can result in a simpler model that is easier to interpret and less prone to overfitting but
may be less accurate in capturing complex relationships.

The number of terms refers to the linguistic labels or fuzzy sets defined for each
input variable in the fuzzy inference system. For example, if we have an input variable
"Weather," the terms could be "Cold", "Mild", and "Hot" representing different levels
of weather. These terms represent different membership functions and capture the
linguistic relationship between the inputs and outputs. In ANFIS computational time
highly depends on a number of terms. Meaning that if it uses m terms for each of n input
variables, the number of generated rules in ANFIS is m", which affects the complexity
of the model. As a result, the computational time is affected accordingly.

The number of parameters in ANFIS refers to the total number of adjustable parame-
ters in the model, which includes the parameters of the membership functions and the
consequent functions. The number of parameters increases as the number of rules or the
complexity of the membership functions and consequent functions increases.

There are five layers (51, S5, ..., S5) in the ANFIS network. All the outputs from layer
S, are summed together to get the final output f. The output of .5} is the membership
degree of the input £ to the fuzzy set B;. Layer S, has all the nodes fixed and the output
of each node represents the firing strength of a rule. The nodes in S5 are computed using
product-type t-norms (to model AND). For each layer S; one has:

S1: O; =g, (x;);

Sy = I}y, (74);

Sy wr =w,/ 23:1 Wi

S4 : Pr = wrfr - wr((s()r + 617"371 +. 5nrxn);

55 : f Zr 1 Prs

where ¢;, are the consequent parameters, withi =1,... ,nandr =1,..., R. Any
suitable parameterized membership function (MF) can be a membership function for the
tth term B;. One of them is the generalized bell-shaped function:

—1
un, (a) = (115 ) ®

where {a;, b;, ¢; } is the parameter set. The value-changing parameters are referred to as
premise parameters. An alternative is the classical bell-shaped function:

2
p, () = exp (— (o) ) - @

In ANFIS model generalized membership function is used. Backpropagation and
least-squares are part of the hybrid learning algorithm used to train ANFIS. The output
from all the nodes go forward until layer S, and least-squares method is used to determine
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the consequent parameters for fixed antecedent parameters. Matrix equation Ml§ = Y is
obtained using the training data, where d collects the unknown parameters and Y the
target values. The least-squares (LS) method is formulated as
min | M6 — Y|J* 5)
with the solution o
0=MY, (6)

where M = (M”M)~'MT is the pseudoinverse of M. Backpropagation is then used to
adjust the antecedent parameters.

3.3 ANFIS with fractional Tikhonov regularization (ANFIS-T)

In the considered approach ANFIS is trained only by LS, with Tikhonov regularization,
both in standard and fractional versions. The properties of ANFIS with fractional
Tikhonov regularization (FTR) have been recently discussed in [53]. The standard
Tikhonov regularization (STR), as a generalization of the standard LS method, is a
well-known method for solving discrete ill-posed inverse problems. The minimization
problem is formulated as follows:

min M5 — Y + 6] )

where 7 is a positive regularization parameter. The solution is:

§=(M"M ++1)"'M"Y, (8)
where I is the identity matrix.
The FTR formalizes the following minimization problem

min [ M3 — Y|[g +~/l4]*, ©)

where [|6]|o = (67Q6)2 and Q is a symmetric positive semi-definite matrix defined
as [54]
Q=(M"M)*7, (10)

with a € (0,1).
The solution can be written as [54]:

a+1

§= (P +~1) P T My, (11)
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where P = M”M. It is clear that when o = 1 then (11) reduces to (8), that is the
standard regularization. The case without any regularization is obtained by setting v = 0
and o=1.

This variant of ANFIS with FTR, called ANFIS-T after [53], has been successfully
tried on a number of benchmarks [53]. The FTR allows for a small number of rules R
and terms m (usually R = m € {2,...,5}), by keeping a good accuracy. Thanks to such
a small number of terms and rules the interpretability greatly improves. For instance,
when m = 2, the typical terms are "Low" and "High" and the rules would be as below,
with output z:

IF z;is Low ... AND z, is Low
THEN 71 = (501 -+ (511{E1 + ...+ 5n1xn7

IF 7 is High ... AND z,, is High

THEN z5 = 0o + 01221 + ... + 02y,

From the complexity perspective, ANFIS-T has generally a low number of rules and
terms. The fuzzy sets are one-dimensional, continuous, normal and convex. Regarding
the semantics, since the membership functions are pre-defined for each input variable
(based on expert opinions or in general forming a uniform fuzzy partition of the consid-
ered domain) and remain fixed during the learning process, their well-defined semantics
is retained. For the same reason, the distinguishability constraint is not violated. The
rule base meets the high level requirements.

3.4 Naive and ARIMA model

One of the basic forecasting model is Naive model which makes the assumption that
future value of a time series is equal to the last observed value. Mathematically, it can be
expressed as:

gt +1) = y(t) (12)

Where y(t) represents the last observed value and y(¢ + 1) represents the predicted
value for the next time period. This means that any trends, seasonality, or other factors
that can have an impact on the time series are not taken into consideration by the model.
The Naive model is frequently used as a comparison model to assess how well more
complex models function.

The ARIMA model is a popular time series model that stands for Autoregressive
Integrated Moving Average. It is a combination of three components: autoregression
(AR), differencing (I), and moving average (MA).

The ARIMA model has the distinct advantage of being applicable to time series
data with non-stationary behavior. Stationarity refers to a time series that has a constant
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mean and variance over time. On the other hand, non-stationarity describes a time series
with a changing mean or variance over time. ARIMA models can be used to transform
non-stationary time series data into stationary data through the process of differencing.

Another unique aspect of the ARIMA model is that it can be extended to incorporate
seasonal patterns in the data through the use of seasonal differencing and seasonal
autoregression. This allows the model to capture seasonal trends in the data and make
more accurate forecasts.

The general form of an ARIMA(p, d, q) model is:

(1—¢p1B—¢oB*—...—$,B")(1—B)%y(t) = (1+6,B+0,B°+...+6,B%)e(t) (13)

Where y(t) is the time series, £(t) is the error term, ¢y, ¢o, . . . ¢, are the AR coef-
ficients, 0,0, . .., 0, are the MA coefficients, d represents the degree of differencing
required to make the time series stationary and B is the lag operator. B is frequently used
to change a sequence’s time index. The moving average and autoregressive parts of the
ARIMA(p,d,q) model are represented by the lag operator. The MA component utilizes
B to indicate the lagged values of the error term, whereas the AR component uses B to
denote the lagged values of the dependent variable.

If we define y as follows:

y=y—EQ) (14)

Then the AR component can be written as:

U(t) = g1yt — 1) + gyt — 2) + ... + &yt — p) +£(t) (15)

The MA component can be written as:

T(t) = Ore(t — 1) + oe(t — 2) + ...+ 0,e(t — q) + £(t) (16)

Where £(t) is a white noise error term.
The I component involves differencing the time series d times to make it stationary.
This can be expressed as:

(1—B)%(t) (17)

Where d is the number of times the time series needs to be differenced to make it
stationary.

Overall, in terms of time series analysis and forecasting, the ARIMA model and the
Naive model are two crucial tools. While the Naive model is a simple baseline model,
the ARIMA model is a more sophisticated model that can account for non-stationary
data and seasonal patterns.
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4 Interpretability

The term “interpret” refers to presenting or explaining in understandable terms, and
interpretability is considered as the ability for a piece of information to become under-
standable for humans. According to [10], interpret refers “to explain” or “to tell the
meaning”. In general, interpretability is critical for humans, as they are born curious
[1]. Being a subjective approach, information that is interpretable relies on the knowl-
edge of the perceiver. The visual information, such as smell, human language, visual
representation, and so on, are interpretable, while non-expert may not be able to interpret
time series analysis, due to complexity. Normally, the concept of interpretability is
linked with the black-box model. This model refers to a system in which inputs and
outputs are used to create useful information without having an idea about the internal
processes and workings [10]. Therefore, the interpretation concept is considered to
determine the internal processes and workings. In general, considering the scope of
interpretability, the current models are divided into two classes: local and global. Local
interpretability techniques mainly give focus on describing the reasons and cause behind
a certain decision, while on the other hand, the global interpretability techniques aim to
define the whole reasoning and logic behind a model [1]. In addition to this, machine
learning models only provide information about the patterns of some specific data, while
people also become curious about the factors that drive that patterns or outcomes. With
regard to predictive modeling, the major focus is not to determine what is predicted, such
as the probability of an increase in sales or how much customer ratio will improve, but to
comprehend why the specific prediction was made in terms of interpretation to determine
predictive performance. Molnar [11] believed that this behavior helps to learn more
about the problems incurred, data, and reasons behind the increase or decrease. Mainly,
in the high-risk environment, where the business or human life is based on prediction, a
correct prediction along with the factors behind it is highly equally important [11].

The interpretation of the outcomes in the machine learning models is moved by
the human-centricity goal of modern computer science, i.e. to help human beings for
a better life. For instance, if a person is sick, then they may need to know why he is
feeling sick, in order to avoid such things to remain healthy. In the case of opaque
machine learning models, the scientific results remain a mystery, as only results are given
without any explanation [11]. As few humans prefer to focus on outcomes for making
decisions, while the majority believe that it is important to determine the reasons behind
the outcomes. For instance, if a business trend shows a sharp increase in future profits,
then it may require knowing the reasons, in order to further improve the profits, rather
than only the increase, which may not be much useful for any future decision-making in
the company.

Furthermore, research showed that there are huge benefits in higher interpretability.
To begin with, it can formulate trust by reflecting on and explaining the diverse factors
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that contribute to decision-making. The trust will lead to more acceptance of all the
machine learning systems, including time series forecasting. Secondly, interpretability
techniques help to showcase the incompleteness in the problem formation, which can
help to debug the issue and design the models in a better way [1]. At last, interpretability
techniques can play a significant role in improving scientific understanding, as a better
interpretation will help in enhancing the knowledge of the subject matter in a better
way. In addition, trust is considered an important concept of interpretability for machine
learning (ML) and time series analysis [13]. Few researchers believe that interpretability
is closely related to trust, such as the strong trust in the model will leave no room for
interpretation. But the concept of trust is also subjective and varies as per humans,
such as some models may consider well-understood by few people having no specific
objective [31], while others may denote trust as confidence regarding the outcome of
the model with regards to some specific situation or objectives. As, it is significant to
trust a prediction from a model before considering it, and a person must have faith in
the predictions. Moreover, Linardatos and Kotsiantis [17] believed that the interpretable
models follow the unbiased approach, as they are highly ethical and regulated, and
help to determine the causes or causality of the interpretability. While most scholars
consider that trust plays an important role and driving factor to make the time series
models interpretable, people can hardly trust such models due to their complexity and
inability to understand the parameters used. Therefore, interpretability also refers to
techniques to resolve trust issues, and if there are no interpretable approaches, one can
hardly determine whether the learned features make sense or not. In addition to this,
such predictive models provide critical predictions that can raise safety measures [18].
For this purpose, the system must be robust and secure, otherwise, it may cause
severe damage. For instance, Uber, a well-known multinational company, introduced
a self-driving Uber feature in 2018, which resulted in the killing of a pedestrian. It is
considered the first death due to self-driving cars. In the self-driving feature of Uber, a
variety of time series analysis and machine learning programs are used to determine the
prediction, perception, and motion learning, in order to drive the vehicle. Later, it was
identified that the self-driving vehicle could not detect pedestrians unless they were near
a crosswalk. This shows that the prediction techniques can cause severe harm to people.
In addition, various research works have embedded the concept of explainability
with machine learning models. Usually, interpretability and explainability terms are
mixed. Linear regression, and decision tree models can be good examples of interpretable
models. But there are some models which are very difficult to interpret, like random
forest, neural networks, convolutional neural networks. These are less interpretable
models, but at the same time explainable models. We can make them explainable with
the help of various methods like agnostic and specific. These methods provide a general
explanation of the model’s decision-making process, and are not specific to a particular
type of model [20] . Some well-known agnostic methods are LIME (Local Interpretable
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Model-Agnostic Explanations) and SHAP (SHapley Additive exPlanation). In contrast
to agnostic methods, specific methods are designed particularly to work with a given set
of models or data. An agnostic and specific both offer benefits and drawbacks. Choosing
an approach depends on the precise requirements and goals of the explainability task at
hand. Figure 1 [21] shows examples of interpretable and explainable model concepts in
a graphic way.

There are different ways to define interpretable models. Various authors use different
ways to explain interpretability but these are the five main features: transparency, simplic-
ity, comprehensibility, meaningfulness, and intelligibility. Transparency sometimes can
be referred to as readability, human readability. This is the property of white boxes in con-
trast to black boxes which are completely opaque [22]. For example, decision trees are
white boxes because they provide all the steps that lead to a final choice. Artificial neural
networks are black boxes: no link can be made between the inputs and the output of the
models [23]. Some authors defined intelligibility as the capacity to show clearly how
each model input influences the final choice [24], [25]. According to them, Generalized
Additive Models are good examples for intelligible models. The ability to comprehend a
model’s global and synthesized vision is a crucial aspect of its interpretability. Another
important factor in interpretability is simplicity. According to Occam’s razor, simplicity
must be found in any process. In interpretability, it may mean reducing the number of
variables [26], which also creates faster decision inference [2]. Obviously, it is likely
that a non-simple model is not comprehensible, but simplicity is not a guarantee of
comprehensibility [27]. Simplicity can be assessed by the number of variables in models,
while comprehensibility can be more difficult to define. Another aspect of interpretability
is meaningfulness. As reported by Mencar, experts may not understand the model if it is
expressed in non-domain-specific language: any part, any parameter or feature of the
model must make sense, i.e. refer to the usual vocabulary/knowledge of the experts [28].

In the past, humans had a monopoly on society, as they were responsible for all
decision-making processes. For instance, if a person applied for a loan or a job, people
used to make decisions about approval, and, in the case of consequential decisions,
there would have been an explanation to justify it, such as why the loan application
has been denied. As a whole, the reason behind the decisions is normally considered
important. However, currently, the predictive models only focus on providing the
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outcomes considering the inputs without any reasoning.

Over the last few decades, most of the decision-making is shifted to automated proce-
dures. Algorithms are formulated to consider inputs and predict the related outcomes.
For instance, considering a set of features, including the financial figures, the machine
learning algorithms will calculate the potential return of investment (ROI). This will
ease the businesses to predict the future ROI, but the factors that drive that figure is
still unknown. Similarly, in major fields, such as health, financial markets, the criminal
justice system, and medicine, the human’s inability to fully understand such models can
be problematic. In such a situation, interpretability is considered the solution. While
the concept of interpretability is not much studied and researched, therefore there is no
universally written definition accepted. According to Benk and Ferrario [30], the term
interpretability is ill-defined, showing that the interpretability of a variety of models
showcases a quasi-scientific character. Being a subjective approach, it does not focus on
a single concept but on distinct ideas.

4.1 Properties of Interpretability

According to Lipton, there are five properties of interpretability that must be considered:
trust, causality, transferability, informativeness, and fair and ethical decision-making [2].
He stated that a person will feel secure and at ease by using a well-understood model,
which can be built through training and deployments.

Trust. By saying trust, what do we really mean? Should we just trust models with
good performance? Trust is useful because people do not only expect high accuracy from
standard metric models. As of now, there are totally different areas where ML algorithms
can be applied. People need to understand and trust models that are not working in a
biased way. As an example, consider the increasing use of machine learning models
to forecast crime rates in order to assign police officers. We may trust the model to
make accurate predictions but not to account for racial biases in the training data for
the model’s own effect in perpetuating a cycle of incarceration by over-policing some
neighborhoods [2].

Causality. Another important aspect of interpretability is causality. The term "causal-
ity" refers to a machine learning model’s capacity to recognize cause-and-effect con-
nections between the input variables and the output variable. But one must be careful
when defining it, as we can find countless correlated stuff but not all of them are really
connected. So that again shows the importance of causality, because it may be feasible to
pinpoint the most important characteristics or inputs that are influencing the model’s de-
cisions by studying the causal linkages between the variables via causality. For example,
a bank wants to reduce the default rate on business loans. Our goal is to reduce default
rates by understanding what changes need to be made, which requires understanding
not only which loans default but also why those loans default. In general, the number of
small loans with non-payment is higher than larger loans. In such a case, we can decide

21



US spending on science, space, and technology
correlates with

Suicides by hanging, strangulation and suffocation

sappins §ujBuey

2002

-8 Hangingsuicides -~ US spending on science

Figure 5. Correlation between two unconnected variables

that we should stop giving small loans. However, if we look deeper, we can see that
small loans usually are taken by small businesses. Those have higher chances to fail than
bigger companies. Therefore we should look into the correlation between business sizes.
Sometimes, we can even find correlation between two totally unconnected variables.
A good example can be the following. In Figure 2.[12], it can be easily thought that
there is a correlation between US spending on science and technology and the number
of suicides. Normal human beings can easily understand that even though there is a
correlation it is not causality. One of them did not trigger another.

The two examples above show us the importance of causality. It is possible to
interpret causal relationships based on certain correlations. However, ML algorithms
do not guarantee that the associations they learn reflect causal links. One might hope,
however, that by interpreting supervised learning models, we could generate hypotheses
that scientists could then test experimentally [2].

Transferability. In the context of machine learning, transferability is essential as
models must be able to perform well on tasks they have already learned from and, in
addition, be able to apply that learning to slightly altered tasks. It is common that before
implementing the model separate data into 2 parts: training and test. Basically a model
learns how to make decisions according to training data, then it is tested by using test
data. But what happens if we change test data to a slightly unfamiliar environment? Is the
model still performing well enough? For humans it is easy to recognize the difference,
nevertheless, for algorithms, we cannot say the same. Even though they can work very
well in cases where humans can make a mistake, in the cases they did not learn, it can
be very challenging to get the algorithm working correctly. For example, if we use
pictures of a wolf in the snow for predicting a wolf pic, when we apply the same model
for defining wolf photos without snow it will give us a very wrong answer. Another
good example is the model described by Caruana [14] to figure out which of pneumonia
patients are low-risk or high-risk. Patients with pneumonia who also had asthma were
categorized as low-risk which is not correct. From the examples, we are able to spot that
a model can make a mistake in a situation that people never can do. We will have a better
grasp of potential problems and can take measures to avoid them if we understand how
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models work. When a model is not interpretable, it is difficult to define what is the root
cause of the problem.

Informativeness. According to Kim and Huysmans sometimes we use models not for
decision making, but to get output - information from the model and make a decision by
ourselves [15], [16]. In this kind of models, accuracy is not the main factor, since the
model will not be used for making decision. On the other hand, without having enough
information about the model, it can be tough to draw any conclusion. Interpretability
is the key to understand model’s output. You cannot have informativeness without an
interpretable model.

Fair and ethical decision-making. At present, politicians, journalists, and researchers
have expressed concern that interpretations must be produced to assess whether deci-
sions produced automatically by algorithms conform to ethical standards [2]. Recidism
prediction could be one of the examples. Let us imagine a model to decide if a person
with a criminal record should go to jail or be free. Because criminal offenses can vary, it
is important that an ML model does not make decisions based on characteristics such as
a person’s race, gender, age, etc. Without interpretability it is difficult to understand if
the model’s decision is fair enough.

4.2 Scope of Interpretability

In order to make a prediction, algorithms are mainly used by different models. Each
step can be assessed with regard to interpretability and transparency. The concept of
algorithm transparency is mainly used to define the procedure of how the algorithm learns
the relationship from the data [17]. For instance, if the convolutional neural networks
are used to classify the images, then the algorithm identifies from the filters and edge
detectors on the lowest layers. This whole idea reflects the understanding of about the
algorithm works, but it cannot be used for all the models.

While on the other hand, O’Sullivan [21] believes that a model is interpretable if
the entire model can be comprehended at once. In the case of the global approach,
there is a need for a trained model and an understanding of the data and algorithm.
Such interpretability level refers to the understanding of how the model makes decisions
on the basis of a holistic review of the features and each component, like structures,
parameters, and weights. In general, global model interpretability supports understanding
the distribution of the target outcomes based on features. Although in the real world this
is highly difficult to achieve, as humans cannot remember multiple features and prefer to
give focus on a few features in order to make predictions.

Instead, Aas and Loland [29] believes that a single feature can be focused to determine
the prediction from a model along with its reason, and the individual prediction is more
effective to understand the behavior of complex models than the multiple ones. For
instance, if the area of the house is considered as a feature and data is gathered regarding
it, then the models can be used to predict how the price of a house can differ due to
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changes in the house area, which will result in more accurate predictions than global
ones, where all features are considered and complexity is created. As a whole, more
scholars indicate that local interpretation shows higher interpretation results than global
ones.

4.3 Interpretability in Time Series

From the beginning, the task of interpretation in most machine learning applications is
considered one of the critical tasks. Mainly, it is important to determine why and how
a model presents specific predictions and outcomes. Owing to the recent introduction
and advancements in artificial intelligence (Al), a major focus of scholars is on its
interpretation, while few studies are present to understand the interpretability in time
series forecasting. Time series analysis refers to the way of studying the characteristics
of the variable responses with regard to time, being an independent variable. For the
target variable estimation, the time variable is used as the point of reference. According
to Brockwell [32], time series is only a series of a variety of data points that happened
in a successive order for a specific period. The main outcome of time series analysis is
to determine how time series actually works and which factors are influencing certain
variables at different points of time. It aims to predict the future values of the time series
variable. While the major assumption used in time series analysis is that the origin of
time does not affect the properties of the process based on statistical factors.

In general, time series analysis is considered the prediction and forecasting tool,
specific to issues related to time-based [30]. It analyses the historical trends and the
patterns, in order to understand the existing situation with the patterns obtained from the
past stage. While the major limitation of time series analysis is that it does not consider
the missing values, which may result in some inaccurate predictions. Also, it requires
the data points to be linear, which might not be possible. Therefore, the interpretation
of models, such as time series, must have some margins for such limitations. Moreover,
there can be some seasonal effects, such as while reviewing the sales of a retail sector
[33], it may show a sharp increase at the time of Christmas, and also during COVID-19,
e-commerce sales were increased significantly, while this effect has been subsidized
due to the reduction in COVID-19 spread. Therefore, the interpretation of time series
analysis can be quite difficult due to temporary and seasonal effects, as it may affect the
overall prediction, and thus decision-making at large.

4.4 Interpretability and complexity analysis of Fuzzy Inference Sys-
tems

Fuzzy Inference Systems (FISs), in several variants, have been mostly designed to
ensure high accuracy, often making them similar to black-box models [34]. Anyhow,
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a FIS is supposed to show high interpretability and low complexity. Interpretability
or transparency can be meant as human readability [34]. Accuracy maximization and
interpretability maximization (or complexity minimization) seem to be two conflicting
goals.

Complexity is usually measured in terms of the number of operations, and in this
case, the number of elements in the rule base, including the number of membership
functions and rules. Assuming a small number of suitable linguistic terms is beneficial to
interpretability, also resulting in a less complex system [35].

The interpretability assessment involves three levels: low level, abstraction level,
and high level [34, 36]. Low-level interpretability is related to the fuzzy sets, which
should be one-dimensional, continuous, normal and convex [34]. The abstraction level
is related to fuzzy partitions and fuzzy rules. A fuzzy partition is formed by a number
of fuzzy sets defined in the same universe, and it expresses the semantics of a linguistic
variable. A fuzzy partition should ensure meaningfulness, i.e. each fuzzy set in the
partition should have a proper meaning. For this reason, the number of fuzzy sets should
be small enough (e.g. 3-5) [34]. Fuzzy rules should have a reasonable length. The length
of a fuzzy rule is the number of linguistic variables in the rule. The smaller the number
of linguistic variables, the more interpretable and transparent rules. A rule should not
systematically include all input variables: it should include just important variables in
its context. [34] Besides, distinguishability and coverage requirements should be met.
Regarding the first one, since fuzzy sets are associated with distinct linguistic terms, the
fuzzy sets of a partition should be separated to some extent, allowing a certain degree of
overlap because concepts are not completely disjoint. Regarding coverage, each element
of the universe of discourse should belong to at least one fuzzy set of the partition with a
nonnull membership degree.

High-level interpretability involves fuzzy rule bases. In order to ensure interpretability,
the rule base should be [34]: compact, i.e. with a small number of rules allowing simple
representation of knowledge and easy reading and understanding, complete, such that
for each input at least one rule is activated with a certain firing strength, consistent, i.e.
without contradictory rules.
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S5 Numerical Experiments

Evaluations and comparisons have been done in this part, using the RMSE as the
assessment criterion, as described in the following. The considered dataset is described
in the next subsection. There are two subsections in the numerical experiments. The
first one (preliminary part), mainly focuses on how parameters (o, ) and the number
of terms m affect the results by ANFIS-T. In the second one (comparative part), the
results of the four considered approaches (i.e. ANFIS, ANFIS-T, Naive and ARIMA)
were compared. The experiments were conducted using Scilab 6.0.2 for ANFIS-T, and
Python 3.10.8 for the ARIMA and Naive approaches. The experiments were run on a 2.3
GHz Dual-Core Intel Core 15 processor with 8GB of RAM. For numerical experiments
with ANFIS-T, the code from the textbook Contemporary Fuzzy Logic: A Perspective
of Fuzzy Logic [51] and numerical experiment results for the ANFIS model were taken
from the work by Lian-Yang. [55]. In the work by Lian-Yang, m = 3 was used. It must
be recalled that for the standard ANFIS and ANFIS-T the generalized and the classical
bell-shaped membership functions were adopted, respectively.

5.1 Datasets

To perform some experiments, we used the TAIEX dataset [50] from 2000 to 2006. The
dataset is given by time series data, and it shows the price during the mentioned time.

TAIEX (Taiwan Stock Exchange Capitalization Weighted Stock Index) is a stock
market index that tracks the performance of the stock market in Taiwan. It is one of the
most widely recognized indicators of the Taiwanese stock market and is often used as
a benchmark for investors and traders. In the analysis, TAIEX data from 2000 to 2006
[50] is used. It contains daily data and in total 7 time series will be used, one for each
year. For each year, first 10 months data was used as training data, last 2 month data was
used as test data. Table 1. contains information about number of obeservations bot in
training and test datasets for each year. For all the models (Naive, ARIMA, ANFIS and
ANFIS-T), one-steap ahead forecasting was used.

5.2 Error measures: RMSE

There are various tests that can be utilized to assess the effectiveness of the predictive
model. According to this test results decision can be made on which model is better.
Mean Squared Error (MSE), Mean Absolute Error (MAE), Root Mean Square Error
(RMSE) are examples of these kinds of tests. These are just a few of the many tests
and metrics that can be used to evaluate the performance of a predictive model, and the
choice of which test to use will depend on the specific problem being addressed and the
type of model being used.
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Year | Training Observations | Test Observations
2000 223 46
2001 200 42
2002 204 42
2003 205 42
2004 204 44
2005 202 43
2006 224 42

Table 1. Number of Observations in Training and Test Sets for Years 2000-2006

A frequently used metric for measuring the performance of a predictive model is
RMSE. It is particularly useful in assessing the accuracy of a model’s predictions in
relation to the actual observed values.

The RMSE is calculated by taking the square root of the average of the squared
differences between the predicted and actual values. Mathematically, the RMSE can be
expressed as follows:

RMSE = |~ (y(t) = (1))?

t=1

where n is the number of observations, y(t) is the actual value at time t, and (¢) is
the predicted value at time ¢.

The RMSE is helpful in a variety of ways. First, it offers a straightforward measure-
ment of how successfully a model can forecast future values from historical data. Second,
It enables us to evaluate the performance of various models., and choose the one that
provides the lowest RMSE. Third, it helps us to identify which parts of the time series
are difficult to predict, which can be useful in deciding how to refine the model.

In general, a lower RMSE denotes better forecasting accuracy. However, it is crucial
to remember that the RMSE must always be viewed in the context of the particular
issue being addressed and that there may be situations in which other metrics are more
appropriate for evaluating a model’s performance.

5.3 Numerical results

5.3.1 Preliminary study

Figure 6 shows the stock price data for the years between 2000 and 2006. The z axis
contains daily data and the y axis contains RMSE. As mentioned before, in the first stage,
the main goal was to find out which values of the model’s parameters can lead to the
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Figure 6. Daily time series data for stock prices between 2000 and 2006 years

least RMSE. It is worth mentioning that having a small RMSE means having a better
model. Overall, there is not a single triplet of values working for all the years, in fact for
each year, the lowest RMSE is achieved for different values of parameters «, v and m.
The parameters « and ~y influence the learning and convergence behavior of the model.
The optimal values of these parameters depend on the specific problem being addressed
and the nature of the input and output variables. For running experiments, various values
were adopted, namely v € {0,1,0.1,0.01, 10}, o« € {0.1,0.3,0.9, 1} and m = 2, 3 was
used.

In the next stage, we separate values and try to compare and see for which parameters’
values the model gets rather better results. As a consequence of comparing results, the
experiments were performed by dividing some parts. Firstly, the results regarding the
number of terms m were analyzed. In Figure 7 and 8, the plots show RMSE and time
according to the different values of m (2 and 3). From the plot in Figure 7, it can be seen
that we have a slightly higher RMSE when the number of terms m = 3 is chosen, while
m = 2 shows a lower RMSE in the model. As our model has a training time, results can
be analyzed regarding this as well. Figure 8 shows correlation between the training time
and the number of terms. It is clear from the box plot that we have a longer training time
when m = 3, Therefore, for the second step m = 2 is chosen as the better number of
terms.
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After choosing m = 2, moving forward comparing outcomes regarding different
values of ~y is the next step. Figure 9 shows the relationship between different values of
gamma and RMSE and as mentioned above, in ANFIS-T when v = 0, only o = 1 case
is possible (case without regularization). From the graph, it can be easily noticed that
for v = 0, the RMSE result is the highest. It can be seen that increasing gamma makes
the RMSE results better; v = 1 and v = 10 show the best results in terms of RMSE.
Nevertheless, it is worth checking training time for several values of gamma, since it also
affects our decision. Figure 10. shows a correlation between time and gamma.

According to Figure 10, the smaller time corresponds to v = 10. For this reason,
~v = 10 is chosen.

In the last stage of the preliminary study, the correlation between o and RMSE was
checked. It can be seen from Figure 9 as well. Since v =10 was chosen, when v = 10
there is no big difference in RMSE results for various values of alpha. In that case, to
find a better value for o, the training time can be checked. From Figure 11, it can be
seen that both &« = 0.9 and o = 1 show rather better results in terms of RMSE. However,
when o« = 1, there is an outlier. Hence, o = 0.9 is chosen as the best value.

Taking all these into account, according to numerical experiments with the model,
when we choose m = 2, a = 0.9 and v = 10, the results look better in most cases,
although this is not a general rule. In other words, both RMSE and training time are
rather less when these values of parameters are chosen.
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5.3.2 Comparative study

In this part of the analysis, RMSE and training time will be compared for different
models. In Table 3, one can see the results in terms of RMSE. To get the best parameters
for ARIMA model pm.auto arima from pmdarima library in Python was used. It helps
to find the best parameters according to data. As a result of this function for all years
order(0,1,0) - AR parameter - p = 0, differencing d = 1, MA parameter ¢ = 0 parameters
were chosen as the best. ARIMA and Naive model results can be the same, since using
(0,1,0) order for ARIMA model can give similar result to Naive model. However, when
we look at the training time results in Table 3, it can be seen that less time was spent in
Naive model.

If we compare grey-box models - ANFIS and ANFIS-T, RMSE results are slightly
better in most cases in ANFIS-T model. If we look at training time, there is a big
difference between these two models. It is worth mentioning that m = 3 was used in
the ANFIS model [55]. ANFIS-T has a much smaller training time compared to ANFIS
model. If we compare results between white-box and grey-box model, even though
regarding training time ANFIS-T has less training time than ARIMA model, Naive
model has the smallest training time among the 4 models. In respect of RMSE results,
white-box models gives slighly better result as well.

Year | Naive | ARIMA | ANFIS | ANFIS-T
2000 | 127.84 | 127.84 130 129.08
2001 | 115.06 | 115.06 120 115.41

2002 | 64.82 | 64.82 65 65.38
2003 | 54.16 | 54.16 55 52.49
2004 | 53.4 534 55 54

2005 | 54.93 54.93 57 50.69
2006 | 53.24 | 53.24 85 51.98

Table 2. RMSE Results of Naive, ARIMA, ANFIS, and ANFIS-T Models for Years
2000-2006
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Year | Naive | ARIMA | ANFIS | ANFIS-T
2000 | 0.004 0.03 1.86 0.11
2001 | 0.007 0.04 3.09 0.12
2002 | 0.01 0.03 2.22 0.11
2003 | 0.01 0.04 1.83 0.1
2004 | 0.01 0.05 1.94 0.12
2005 | 0.003 0.05 1.95 0.13
2006 | 0.004 0.04 1.49 0.11

Table 3. Training time of Naive, ARIMA, ANFIS, and ANFIS-T Models for Years
2000-2006

6 Concluding Remarks

In this study, for the purpose of predicting stock prices with a focus on interpretability,
the recently proposed grey-box method ANFIS-T was adopted. Developing trust in a
model’s output depends on its ability to explain how it makes predictions. The main
contributions of this thesis are to check if it is possible to provide a general definition
for interpretability and compare grey-box and white-box models. Results suggest that
the ANFIS-T model can make precise predictions while facilitating a more perceptual
understanding of the model’s decision-making procedure. It can be seen that with ANFIS-
T better results can be achieved compared to the standard ANFIS model, but regarding
the comparison of white-box and grey-box models, white-box models outperform others.
Literature shows that ANFIS-T was successfully used for high-dimensional datasets
but it could not perform well with relatively small datasets as in the examined case.
Regarding interpretability, research shows that even though there are different ways to
define interpretability, making one unique definition is still tricky.

Future research in this area might examine methods to depict the ANFIS-T model’s
decision-making process and identify important variables that influence the model’s
predictions in order to further improve the model’s interpretability. It would be beneficial
to compare the ANFIS-T model’s interpretability and precision with other machine
learning models.

Overall, our research demonstrates that adding interpretability to financial forecasting
models can produce predictions that are clearer and more reliable. In this aspect, the
ANFIS-T model is a promising tool, but more investigation is required to fully explore
its potential and overcome its shortcomings.
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