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Abstract Stock price forecasting poses significant challenges due to non-stationarity, nonlinearity, and noise in financial
markets, particularly for the Iraqi stock exchange. This study proposes an enhanced interval-valued forecasting model for
daily prices of the national chemical and plastic industry (WSKB) company (2020-2025) using v-support vector regression
(VSVR) with hyperparameters optimized via the coati optimization algorithm (COA). Interval time series are constructed
from lower and upper price bounds, modeling center and radius components to capture uncertainty more effectively than
point forecasts. The COA approach tunes key VSVR parameters through population-based exploration and exploitation
phases inspired by coati hunting behaviors, outperforming grid search (GS-VSVR) and cross-validation (CV-VSVR).
On training data (637 days), COA-VSVR achieves superior metrics for center (MAE=0.158, RMSE=0.253, DA=0.665,
R2=0.965) and radius (MAE=0.169, RMSE=0.264, DA=0.642, R?=0.957) compared to baselines; testing results (308 days)
confirm robustness. Further, Diebold-Mariano tests validate center-based COA-VSVR superiority over radius-based at 95%
confidence (p<0.05). Visualizations and error reductions demonstrate the model’s practical value for risk-aware investment
in volatile emerging markets.
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1. Introduction

Stock price forecasting has become a very important task in the field of finance that is expected to establish
the future price or trend of stocks, to enable the investors and traders make a wise decision. It entails modeling
the patterns and trends in the market by examining historical price data, market indicators and external factors
[1, 2, 3, 4]. The financial markets are characterized by a combination of the appropriate signals and random noise
and it is hard to distinguish between the important and unimportant fluctuations [5, 6]. This noise will seriously
affect the quality of forecasting as well as cause volatility on the prediction. The prices of stock tend to be non-
stationary in that the statistical characteristics, such as the mean and the variance, of the price vary with time. In
addition, the market forces are very non-linear because of the multifaceted interplay of economic, political and
psychological forces and the non-linearity of these forces makes it very difficult to apply the traditional methods
[6].

Stock price forecasting methods encompass a range of traditional statistical approaches and modern machine
learning models. Statistic based stock price forecasting has a long history and will not disappear due to the
emergence of machine learning and deep learning methods. These conventional statistical methods tend to
concentrate more on the time series model and make use of the past trends of stock prices to draw predictions
[7]. Statistical stock price forecasting focuses on the time series analysis, such as autoregressive integrated
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moving average (ARIMA), and volatility models, such as generalized autoregressive conditional heteroskedasticity
(GARCH) [8]. These approaches are interpretable and effective when dealing with nonmoving linear data, but
become problematic when dealing with complicated nonlinear market dynamics. The advantages of statistical
models are that they are easy to interpret, have a good theoretical basis and are effective when the data are linear
and stationary [9].

Stock markets are, however, by definition, noisy, nonlinear and impacted by a myriad of external factors [5].
These characteristics restrain the predictability of solely statistical models, especially in the long-term forecasting,
and in times of market regime changes. Other assumptions made in the models include the stationarity which may
be limiting in the real-world financial data.

Machine learning methods have significantly advanced stock price forecasting by addressing limitations of
traditional models through better nonlinear pattern recognition and integration of diverse data sources [10, 11].
These models are now fundamental tools for both practitioners and researchers aiming at more accurate and
adaptive stock price predictions. Machine learning algorithms like support vector regression (SVR) [12, 13, 14]
and random forest (RF) algorithms are commonly used. Further, deep learning methods, especially recurrent neural
networks (RNN) and long short-term memory (LSTM) networks, are highly popular for their ability to model
sequential and temporal dependencies in stock price data [15, 16, 17, 18, 19].

Interval-valued data occur quite naturally in a number of situations where such data reflect uncertainty (as in
confidence intervals), variability (minimum and maximum of daily temperature) etc. Interval-valued data have
received various perspectives. The interval analysis field presupposes the observations and estimation of the real
world being typically incomplete or imprecise and, therefore, do not reflect the actual data accurately. This field
suggests that in the case of preciseness, data should be expressed in terms of intervals containing real quantities
[20, 21].

Interval-valued stock price forecasting is an advanced method of predicting not only a single point estimate of
what the stock prices will be in the future, but also a range or interval of what the stock prices will be within
[22]. This approach is less biased as it captures the uncertainty and variability of stock price changes and gives a
more complete information to make risk management and investment decision. The essence here is to model stock
price data as intervals, or better described by lower and upper responses of price in a specified interval, and not as
the values. This kind of interval data is a more realistic representation of the volatility and randomness inherent
to markets in relation to point forecasts. This extra dimension assists investors and policymakers to know about
possible price changes and the risks involved and it is especially helpful in a volatile or a very uncertain market
[23].

v-support vector regression (VSVR) is a superior version of support vector regression (SVR) that aims at
enhancing the trade-off between the complexity of the model and its predictive accuracy. It adds a parameter vthat
directly regulates the number of support vectors and the margin of the regression model and hence provide a more
flexible control over the sparsity and generalization capacity of the model [24, 25, 26]. VSVR is particularly helpful
in the stock price forecasting context since it has a solid theoretical basis and is capable of working with nonlinear
and noisy financial data. It employs the idea of support vectors to guess the underlying functional relationship
between input features and the target stock price. Through the use of kernel functions, VSVR has the ability to
project input information into a feature space of upper dimension and segment the space by a linear regression
analysis, effectively trying to pick up nonlinear trends that are internal to stock price fluctuations [27, 28].

The VSVR computational efficient is highly reliant on a number of hyperparameters and effects that either have
direct or indirect effects upon the optimal solution. The main contribution of our study is to enhance interval-
valued forecasting accuracy for Iraqi stock market prices by integrating VSVR with metaheuristic algorithms for
hyperparameter optimization, addressing VSVR’s sensitivity issues.

2. Interval-valued time series construction

Interval-valued time series (ITS) represent time-ordered sequences where each observation is not a single point but
an interval [L;, U;] with lower bound, L, and upper bound, Uy, where L; < U,. This approach captures uncertainty
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and variability within each time period like stock price ranges [29]. In stock price modeling, an interval-valued

. . T o
variable, z, is defined as [z;] = { [2F,20]" : 2t 20 e R, 2 < ztU}, in which z}Fand 2 are the lower and upper

stock price at the time ¢, respectively.
The center (mid-point), ztc , and the radius (half- range), zﬁ, of an interval-valued variable, are, respectively,

calculated as . U
2y + z
o = (1)

U L
Bt T2

3. v-Support vector algorithm

SVM have been applied successfully in solving various classification problems. But, the SVM has been extended
to deal with the nonlinear regression problems with the introduction of € — insensitiveloss function by Vapnik
[30, 59, 60, 61, 62].

Given a training dataset of nobservations {(x;,v;)}}_;, where x; = (z;1,%i2,...,%;p) € RP represents a
vector of the it" feature, y; € R for i =1,...,n is the target variable, which is a quantitative variable, and
€ — insensitiveloss function, the SVR can be obtained through solving the following optimization problem

min {3w'w + C XL, (G+G))

yi — (w e p(x;) +b)§€+C~i 3)
S.T. (w:cp(xi)er)*yiSé‘JrQ‘
G, G >0,

where C' > 0 is a penalized parameter that controls the tradeoff between the model complexity and training error,
¢; and (; are slack variables, p(x;) is a nonlinear mapping which is induced by a kernel function, w is the weight
vector and bis bias.
Then, Eq.(3) can be solved by the Lagrangian multipliers after reformulated it into its dual problem as
ming Y7 (G — i) (G5 — ) K (xi, x5) +e 30 (G — o) — 200 yil @ — )

&,

Yo (i —dy) =0 4)
5T { 0<ay,a; <O,

where K (x;, x;)stands for kernel mapping, and «;, &;are Lagrangian multipliers. The regression hyperplane for
the underlying regression problem is then given by

vi = fxi)= Y (@i + o) K(xi, ;) +b, (5)
x; =SV

where SV is the support vectors set.
The original problem in v-SVR leads to convex quadratic programming with inequality constraints as
[27, 31, 32, 33, 34, 35, 36] ~
min {4wTw + C oz + L0, (G +E)])

yi— (Wep(x) +b) <e+§ ©6)
S.T. (W’ oxi) +b) —yi <e+¢
GiyGi >0, e >0,

Equation (4) can be solved by the Lagrangian multipliers after reformulated it into its dual problem as follows:

L(w,b,e,(,C) = swiw+ C(ve + 25770 (¢ +G)) =S 0,6 — S 0 — e

n n L 7
+ 3 awlo(x) +b—y —e—G)+ Y a(wholx) +b—y —e — ), ™

Stat., Optim. Inf. Comput. Vol. x, Month 202x



N. ABDULLAH AND Z. ALGAMAL 3

where «;, &, 0;, éi,7 > Oare Lagrange multipliers. The solution of Eq. (5) can be achieved by partially
differentiating with respect to (;, w, b, €,and (; as

% :er— Z?:1 Oéixni —~Z;L:1 a;x; =0 Wn: Z?:l(&i — )
2 ;zzlnal D & = 0 } Do (@ —a;) =0
gii:Z;i:éV*VH* Zi:l(o‘inJr @;) =0 = doii(@ — ) =Cv—y < Cv (®)
9= 2imin ~ 2aim1 i~ 2 0i=0 ai=5-0,<¢
gIE Zi:l%_zz:l&i_zz‘:leizo Gi=15 -0 < ¢
Substituting Eq. (6) into Eq. (5), the Lagrange function can be rewritten as follows:
1 n R _ n ~
L=-5 D (@ — )@y — ay) K (xi, x5) + (@ — i) g, 9)
i,j=1 i=1

Based on the Karush—Kuhn-Tucker (KKT) conditions, the optimization problem in Eq. (7) can be solved by
working with its dual form [24, 25]. After obtaining the optimal solution from the dual problem, the final decision
function of the v-SVR model can be written as:

n

Yi = f(Xz) = Z(dl —+ (Jéi) K(Xi7 Xj) + b (10)

i=1

4. The proposed improving

In SVR, several important settings—known as hyperparameters—must be chosen before the model can work
properly. These include the penalty parameter, the -insensitive loss, and the kernel parameter. The performance
of SVR depends strongly on how these hyperparameters are selected, but there is no exact mathematical method
to determine the best values [37, 63, 64, 65]. Because of this, choosing suitable hyperparameters is a major part
of SVR research [37, 38, 39, 40, 41, 42]. Many studies have tried different ways to improve SVR performance
by selecting better hyperparameters, and several nature-inspired optimization algorithms have been used for this
purpose [40, 43, 44, 45, 46, 47, 48, 49, 50, 51, 52]. However, most of these methods focus only on tuning
hyperparameters and do not perform feature selection at the same time.

The methods which are applicable to calculating the value of the hyper parameters include randomized search
(RS), Bayesian optimization (BO), cross-validation (CV) and grid search (GS). Before this was done on all possible
combinations of the hyper parameters and the combination of hyper parameters that yielded the best results on
the selected criterion was returned. However, they are computationally costly and they are yet to exhaust all the
combination of the hyperparameters [53].

Therefore, more efficient and superior means of hyperparameters optimization of v-SVR should be obtained. In
the past several years, there has been a wide application of metaheuristic optimization algorithms to the problem
of hyperparameter tuning [54].

Over the last few years, scientists proposed a variety of new nature-based algorithms to enhance and develop
the scope of exploration and utilization of the existing algorithms. One of the most popular algorithms of its new
algorithms is a coati optimization algorithm (COA) because it is very high-performin. [55].

COA is a population-based metaheuristic and the population members are known as coatis. The positions of each
coati in a search space will influence the decisions of the decision variables. In accordance with this, in the COA
setup, coatis are the solutions to the problem. At the start of the implementation, the coatis are randomly positioned
in the search space as defined thereafter:

)(Z'2)(7;,j:Lbj-|-7">k(Ubj—Lbj)7 i:1,2, ..... ,N;j:1,2, ...... ,m (11)

where X;is the position of the i’ coati in the search space, X j is the value of the jt" decision variable of i*" coati,
Nis the coati number, m is the number of decision variables, r is a random number in the range [0, 1]; and, finally,
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Lb;and Ub;represent the lower bound and upper bound values of the j** decision variable, respectively. COA has
two phases: exploration phase and exploitation phase.

One of the most significant things that are involved in this investigation process is that one-half of the coatis
climb to the tree to terrify the iguana to the real level on the ground where other coatis are waiting to eat them.
This kind of behavior proves the ability of this algorithm to explore or to investigate some aspects in a particular
context. The best position is the favorable position of a member of the population of the iguana in COA. The
behavior simulated by the algorithm follows the idea that half of the population hikes the trees in order to make the
iguana fall, and the other half waits at the ground to grab the iguana when it falls, and it reads as described in the
following Eq. (2). In the equation, r is a random number within a specified range of [0, 1], I represents the iguana
(i.e., the best individual in the population), I; is the value of the j** decision variable of the iguana, and ¥ is an
integer randomly selected from the set {1, 2}.

XPew X" = X s (=9 X, ), i= 1,200 [N/2 35 = 1,20ym (12)

Once the iguana drops to the ground, it is assigned a random position (I¢) within the search space, and the
coatis under the tree adjust their position according to Eq. (3) and Eq. (4). If the objective function value at the
new position calculated for each coati is an improvement over the current value, the new position is accepted.
Conversely, if the new position yields a worse objective function value, the coati remains in its original position
(Eq. 5).

I€ I = Lbj + 1 (Ubj — Lbj),j = 1,2, ......... ,m (13)
new . vmew | X, +rx(If =0z, ), F(I) < F(X;)
XX { X 4w (X — 1), else (14
withi = [§]+1,[§]+2,....N,j=12....m
X FP(XPY) < F(XG)
Xi = { X;,else (13)

where Xjis the current position of the i*" coati, X7"is the newly calculated position for the ith coati, I%is the
randomly generated position of iguana, F' is the objective function value.

In the next phase, the exploitation phase, the behavior of coatis employing a predator-escape strategy is described.
This strategy keeps the coati close to its current position and in a safe stance, enhancing the algorithm’s exploitation
capability. To accomplish this, a random position is created near each coati using Eq. (6) and Eq. (7). If this newly
generated position results in an improved objective function value, the coati assumes the new position; or else, it
retains its original position (Eq. (5)).

Lb; b;
Lot = 2 ppoeet = Oy =19 (16)

XP s XY = Xy g+ (1= 2% r) % (LB s (UBO — LoleY)) i = 1,2, . N,j=1,2,.,m  (17)

where X[*“"is the new position calculated for the ith coati, ¢ is the iteration number, T'is the maximum iteration
number.

In order to optimize the hyperparameters of VSVR with the improvement proposition of COA, the position
vector X of every coati is established as a dimension D vector that signifies the position of the coati on the COA.
As a result, the vectors X would be associated with a particular configuration of the RF, and the hyperparameters
of the v-SVR are represented by the dimensions of X. Thus, three locations that each coati in the swarm will be
searching will be located. Consequently, our proposed improving is as:

Step 1: The number of coatis, N¢oqti, 1S set to 35 and the maximum number of iterations is 7= 1000.

Step 2: The positions of each coati are randomly specified. The three positions represent the hypermeters are
randomly generated from uniform distribution as C' ~ U(0,7), o ~ U(0,5), and v ~ U(0, 1).

Step 3: The fitness function is defined as

fitness = min (prediction error). (18)
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Step 4: The positions of the coati are updated using Eq. (14) and Eq. (17), respectively.
Step 5: Steps 3 and 4 are repeated until a 7" is reached.

5. Prediction evaluation criteria

To measure the forecasting performance of the proposed approach, four evaluation criteria, namely, mean absolute
error (MAE), root mean squared error (RMSE), direction accuracy (DA), and coefficient of determination (R?),
are selected in this study to verify the prediction accuracy of the proposed model [56, 57]. Their mathematical
expressions are listed in Table 1.

Table 1. Prediction evaluation criteria

Evaluation Mathematical formula Decision
criterion
MAE % > iy 2t — 2 Lower value is better
RMSE LS (e — 2)? Lower value is better
DA n 2?21 qt, qt = Higher value is better

1, if(ze41 — 2¢)(2e41 — 2¢) 20

0, otherwise
R? 1= [0, (e — 2% /00, (B — 20)?] Larger value near to 1 is

better

6. Experimental setting

6.1. Data description

In this study, the daily Iraqi stock prices of the national chemical and plastic industry (WSKB)
company from January 15, 2020, to October 14, 2025, were utilized as sample data for the experiment
(https://www.investing.com), as depicted in Figure 1. The training data set was composed of 637 daily prices
from January 15, 2020, to December 31, 2023 and the remaining 308 daily prices from January 3, 2024, to October
14, 2025was reserved for the test set. In Figure 1, both the lower and the upper daily stock prices are depicted.
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0 100 200 300 400 500 600

Days from 2020-2023

Figure 1. The daily stock price for the training data set of the WSKB.

Stat., Optim. Inf. Comput. Vol. x, Month 202x



6 ENHANCING INTERVAL FORECASTING ACCURACY OF IRAQI STOCK MARKET PRICES

6.2. Experimental results

The performance of our proposed algorithm, the COA-VSVR, in relation to the forecasting is examined by
conducting comprehensive comparison tests based on the grid search strategy (GS-VSVR), and the cross-validation
approach with ten folds (CV-VSVR). We consider the forecasts as one of the various approaches of the interval
valued stock price as per the equation. Eq. (1) and Eq. (2). Table 2 to Table 5 contain the forecasting performances
of the GS-VSVR, CV-VSVR and COA-VSVR model in terms of evaluation criteria.

Figure 1 shows how the price of WSKB Iraqi stock varies every day with time. One will not have a hard time
concluding that the price of WSKB on a daily basis is non-linear and non-smooth, as well as highly erratic. Based
on Tables 2 and 3 findings, one can demonstrate that the forecasting results of WSKB stock price suggest that
the proposed method, COA-VSVR, could lead to a significant increase in accuracy and regarding generalization
the contribution to forecasting as the method has smaller MAE, RMSE, higher DA and higher R2. It is evident
that COA-VSVR is much better than these GS-VSVR and CV-VSVR methods. Based on Table 2, the reduction
in terms of COA-VSVR compared to GS-VSVR, CV-VSVR is 12.71%, 93.31% and 14.52,89.63, respectively.
The same applies to the testing data (Table 3) as the respective criteria reduced by 8.67% and 94.72, 22.91 and
92.19, respectively, than the GS-VSVR and CV-VSVR respectively. Even without data processing, meta-heuristic
algorithms are very effective in prediction except the classical methods, GS-VSVR and CV-VSVR. The arbitrary
hyperparameter options of CV and GS could cause VSVR performance. Moreover, in terms of comparing CV to
GS as estimating the most appropriate hyperparameters of VSVR, the outcomes of the evaluation indicators in
terms of training set, it can be stated that CV approach is better than GS approach.

Table 2. The prediction results of the used methods for the training set based on center interval-valued method

CV-VSVR GS-VSVR COA-VSVR
MAE 0.181 2.365 0.158
RMSE 0.296 2.421 0.253
DA 0.608 0.392 0.665
R? 0.836 0.632 0.965

Table 3. The prediction results of the used methods for the testing set based on center interval-valued method

CV-VSVR GS-VSVR COA-VSVR
MAE 0.196 3.392 0.179
RMSE 0.358 3.536 0.276
DA 0.594 0.375 0.638
R? 0.805 0.621 0.952

Tables 4 and 5 extend the center-based analysis to radius-based interval-valued time. COA-VSVR delivers the
best training performance across all metrics. It has the lowest prediction errors MAE and RMSE, indicating more
accurate radius forecasts. Further, COA-VSVR has highest DA (0.642) and means it is better at capturing ups
and downs in the radius component. Additionally, it has the highest R? (0.957) shows it explains about 95.7% of
the variance in the radius data. Moreover, CV-VSVR is competitive but clearly inferior to COA-VSVR, indicates
cross-validation tuning is effective but does not reach the global optimum like COA.

Table 4. The prediction results of the used methods for the training set based on radius interval-valued method

CV-VSVR GS-VSVR COA-VSVR
MAE 0.192 2.376 0.169
RMSE 0.307 2.432 0.264
DA 0.585 0.369 0.642
R? 0.937 0.608 0.957

In Figures 2 - 5, it can be seen that the forecast of the model COA-VSVR outcome is basically the same as
the actual price of WSKB stock price per day and this is showing that the quality of the model is of high nature
when it comes to forecasting the prices. Moreover, the prediction ability of COA-VSVR is highly enhanced by
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Table 5. The prediction results of the used methods for the testing set based on radius interval-valued method

CV-VSVR GS-VSVR COA-VSVR
MAE 0.164 3.355 0.145
RMSE 0.324 3.501 0.242
DA 0.563 0.341 0.604
R2 0.771 0.587 0.918

training and testing costs. This is mixed with comparatively smooth time series of the COA-VSVR. Consequently,
the COA-VSVR model forecasts daily WSKB stock price e with high quality. Furthermore, the WSKB stock price
prediction based on CV-VSVR are a bit accurate than the COA-VSVR. Conversely, the WSKB stock price forecast
of GS-VSVR is ineffective in their forecasts in the long run.

<
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Figure 2. Prediction results in training dataset based on center interval-valued method.
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Figure 3. Prediction results in testing dataset based on center interval-valued method.

Among the center and the radius interval-valued methods, the center interval-valued method was the best option
for predicting WSKB Iraqi stock prices, achieving the lowest MAE and RMSE for both training and testing dataset
with a highest DA and R2. To further highlight the forecast performance of the center and the radius interval-valued
methods, the Diebold Mariano (DM) test [58] as a statistical test is performed to check their performances. The
outcomes of the DM test for the training and testing datasets’ forecasted future WSKB Iraqi stock prices are shown
in Table 6. The COA-VSVR using center interval-valued is superior to the forecasted values provided by the COA-
VSVR using radius interval-valued at least at a 95% confidence level for WSKB Iraqi stock prices prediction,
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Figure 5. Prediction results in testing dataset based on radius interval-valued method.

according to the DM test, which indicates that when the COA-VSVR using center interval-valued is treated as the
target approach, the p-values are less than the significance level of 5%. At least a 95% confidence level.

Table 6. DM test results for the COA-VSVR

center interval- COA-VSVR (train) COA-VSVR (test)
valued

radius interval- COA-VSVR 3.017 (p-value=0.0397)

valued (train)
COA-VSVR 3.175 (p-value=0.0371)
(test)

7. Conclusion

The proposed interval-valued forecasting framework using VSVR with coati-based hyperparameter optimization
provides a highly effective tool for modeling noisy, nonlinear dynamics in the Iraqi stock market. By constructing
center and radius interval series from daily WSKB prices and jointly optimizing key VSVR hyperparameters, the
model achieves markedly lower errors and higher explanatory power than conventional GS and CV strategies
in both training and testing stages. The empirical results demonstrate that the COA—VSVR configuration
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consistently yields the smallest MAE and RMSE and the highest DA and R? for both center- and radius-based
forecasts, confirming its strong generalization ability. Moreover, Diebold—Mariano tests indicate that center-based
interval modeling is statistically superior to radius-based modeling at the 5% significance level, underscoring
the practicality of center intervals for capturing price dynamics in this context. These findings highlight the
promise of nature-inspired metaheuristics for hyperparameter tuning in advanced regression models and suggest
that COA-VSVR can serve as a robust decision-support tool for risk-aware investors and policymakers in emerging
markets. Future research may extend this work by incorporating additional financial and macroeconomic predictors,
testing other interval construction schemes, and comparing COA-VSVR with recent deep learning—based interval
forecasting approaches on broader market datasets.
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