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ABSTRACT

PURPOSE: This study evaluates the ability of the Random Forest algorithm to predict the daily
return of an equity investment fund managed by Charisma Asset Management, compares it
with linear regression and a single decision tree as reference models, and identifies the most
influential predictors of fund return.

DESIGN/METHODOLOGY/APPROACH: Daily data for the Karis (Sepehr Charisma) equity
fund from Farvardin 1399 to Esfand 1403 (2020-2025) were cleaned by removing non-trading
days and verified data-recording errors, resulting in 1,019 actual trading days. Fund-return,
market-return, and asset-composition data were matched by date, and return-based features
were constructed using only lagged information, leaving 989 observations for model
estimation. Fund-specific and market variables were used to predict the total daily return. The
models were trained using a chronological split, tuned with five-fold time-series cross-
validation, and evaluated using RMSE, MAE, R?, and directional accuracy.

FINDINGS: On the test set, linear regression achieved the highest predictive performance (R2
=0.721), whereas Random Forest produced comparable results (R? = 0.680) and outperformed
the single decision tree. In five-fold time-series cross-validation, Random Forest achieved the
highest mean R? and the lowest mean RMSE. Market return and short-term momentum
variables were the dominant predictors. Excluding the contemporaneous market return reduced
the R? of both models to approximately 0.28. Because no formal forecast-comparison tests
were conducted, these comparisons are descriptive.

RESEARCH IMPLICATIONS: For asset managers and investors, daily fund returns are
driven mainly by systematic market movements, so the information set matters more than
algorithmic complexity. The single-fund design limits generalizability, the asset-allocation
variables varied little over time, which may have reduced their predictive contribution, and
macroeconomic predictors were not available at a daily frequency.

ORIGINALITY/VALUE: This study provides a case study of daily return prediction for a
specific Iranian equity fund using Random Forest, with particular emphasis on performance
variation across time-series validation folds and on the distinction between contemporaneous
explanation and genuine forecasting.

RESEARCH HIGHLIGHTS
» Market return was the strongest predictor of daily equity fund returns.
¢ Linear regression outperformed Random Forest on the held-out test set.

» Random Forest achieved the highest mean R? in time-series cross-validation.

®
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1. Introduction

Predicting the return of financial assets has long been one of the most fundamental and persistently debated problems
in finance. The efficient market hypothesis argues that prices reflect all available information, so that returns follow
a random walk and the systematic prediction of excess returns is impossible (Fama, 1970); yet a growing body of
evidence shows that advanced computational methods can extract part of the return dynamics that linear models fail
to capture (Gu et al., 2020). Within this context, investment funds serve as key financial intermediaries that channel
retail savings into the capital market and give investors who lack the expertise or time for direct trading access to
professional asset management (Bargos & Claro Romao, 2025). The rapid growth in the number and size of these
funds in recent years has made them one of the main vehicles of indirect investment in the Iranian economy and has
heightened the importance of studying their return behaviour.

Among the various fund types, equity funds allocate the bulk of their assets to listed shares and therefore combine
high return potential with greater volatility and risk—a feature that makes predicting the return of an equity fund a
critical problem for investors, asset managers, and regulators (Bian & Lin, 2025). The return of an equity fund is the
outcome of many factors, ranging from fund-specific characteristics such as size, asset composition, and portfolio
turnover to market variables such as the return and volatility of the overall index (Bargos & Claro Roméo, 2025).
This multifactor nature and the complex interactions among these variables make modelling fund returns difficult
and call for flexible approaches (Gu et al., 2020).

Predicting the return of an equity fund in the Iranian capital market is challenging because fund performance is
influenced by complex interactions between fund-specific characteristics and market conditions. The Iranian capital
market also operates within a volatile macroeconomic environment characterized by inflation, exchange-rate
fluctuations, oil-price shocks, and economic sanctions. These macroeconomic conditions provide the broader context
for the study; however, they are not directly incorporated into the empirical models because consistent observations
at the required daily frequency were not available. Accordingly, the present analysis focuses on fund-specific and
market-based variables that are observable at a daily frequency. The potentially nonlinear relationships and
interactions among these variables motivate the use of flexible machine-learning methods alongside conventional
benchmark models.

Over the past two decades, machine-learning algorithms have emerged as a powerful alternative to traditional
methods in finance, because they can extract complex, nonlinear patterns from data without imposing restrictive
assumptions about the data distribution or functional form (Gu et al., 2020). Their theoretical foundation lies in
statistical learning theory, which provides a framework for generalizing models from training data to unseen data
(Vapnik, 1998). Among these algorithms, the Random Forest introduced by Breiman (2001) is notable for combining
an ensemble of decision trees; it offers robustness against overfitting, the ability to model nonlinear relationships and
interactions, and a built-in measure of variable importance. These properties make Random Forest well suited to
volatile markets such as Iran’s, where interpretability and the identification of the drivers of return are as important
as predictive accuracy itself.

Despite the rapid expansion of machine-learning applications in Iranian finance, domestic research has concentrated
mainly on predicting financial crises, bankruptcy, fraud, and risk (Naderi et al., 2025; Taheri Haftasiabi et al., 2023).
International studies indicate that machine-learning methods can capture complex and nonlinear patterns in financial
return prediction more effectively than conventional linear approaches (Gu et al., 2020), and previous studies have
reported promising applications of Random Forest and other machine-learning methods in predicting stock and fund
returns (Bargos & Claro Roméao, 2025; Bian & Lin, 2025; Fischer & Krauss, 2018). Evidence from the mutual fund
literature also shows that fund-specific characteristics, including fund momentum and flows, may help explain
differences in fund performance (Kaniel et al., 2023). In contrast, the Iranian machine-learning literature reviewed in
this study has primarily examined financial crises, bank bankruptcy, banking risk, fraud detection, and related
problems (Hashemi Golsefidi et al., 2021; Naderi et al., 2025; Soleymani et al., 2023; Taheri Haftasiabi et al., 2023).
Comparatively limited attention has therefore been devoted to modelling the daily return of an individual Iranian
equity investment fund by jointly considering fund-specific and market-based variables.

Accordingly, the main objective of this study is to evaluate the predictive performance of the Random Forest
algorithm in modelling the daily total return of the Karis equity fund and to compare it with two benchmark models:
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linear regression and a single decision tree. The study further examines variation in model performance across time-
series validation folds and evaluates the relative importance of fund-specific and market-based predictors. Rather
than presenting the model as a definitive investment decision-making tool, the study aims to provide evidence on the
predictive capability, stability, and interpretability of Random Forest under the available information set. The
remainder of the paper is organized as follows. Section 2 reviews the theoretical background and literature and states
the research questions, Section 3 describes the data and methodology, Section 4 reports the results, Section 5 discusses
the findings, and Section 6 concludes.

2. Theoretical Background and Literature Review

2.1. Conceptual and theoretical foundations

Predicting the return of securities has always been a central concern of financial scholars and investors, and the
foundational theories of finance offer different frameworks for understanding this phenomenon. In his classic review
of efficient capital markets, Fama (1970) argued that prices reflect all available information, so that changes in returns
follow a random walk and the systematic prediction of excess returns is impossible. In contrast, Markowitz’s modern
portfolio theory showed that a rational investor can, through diversification, select an optimal combination of return
and risk, thereby laying the foundation for the quantitative analysis of return and risk (Fabozzi et al., 2008;
Markowitz, 1952). Sharpe (1964) subsequently introduced the capital asset pricing model, establishing a linear
relationship between expected return and systematic risk (beta), and Fama and French (1993) extended this into
multifactor models by adding size and value factors to explain the cross-section of stock returns. These frameworks
shaped the predominantly linear paradigm for explaining returns—a paradigm that, despite its explanatory power,
faces serious limitations in capturing nonlinear relationships and complex interactions among variables.

In the specific domain of investment funds, the central question is whether fund performance is persistent and
predictable or merely the result of chance. By introducing the alpha measure, Jensen (1968) provided a framework
for assessing risk-adjusted fund performance and showed that, on average, fund managers are unable to earn persistent
excess returns. Carhart (1997), by adding a momentum factor to the three-factor model and examining the persistence
of fund performance, found that most of the persistence in performance stems from common risk factors and expenses
rather than from managers’ persistent skill. While classical asset-pricing theories provide the conceptual foundation
for understanding the determinants of fund performance, they generally rely on linear relationships between
explanatory variables and expected returns. In contrast, machine-learning methods are designed to capture nonlinear
relationships and complex interactions without imposing a predetermined functional form. Consequently, machine-
learning approaches should be viewed as complementary to, rather than replacements for, classical financial theories,
particularly when the underlying data-generating process is expected to exhibit nonlinear behaviour (Kaniel et al.,
2023).

2.2. Machine learning and the Random Forest algorithm

As the limitations of linear models in dealing with the dynamic, nonlinear, and nonparametric nature of financial
markets became apparent, the literature gradually turned toward machine-learning methods. The theoretical
foundation of these methods lies in statistical learning theory, which formalizes the concepts of generalizability, the
bias—variance trade-off, and the control of model complexity (Vapnik, 1998). On this basis, a family of supervised
algorithms was developed and brought together in a unified framework in the reference text on statistical learning
(Hastie et al., 2009). Among these methods, ensemble approaches—which aggregate the outputs of several base
models—gained a special place because of their variance reduction and improved generalizability (Zhou, 2025).
Comprehensive reviews of forecasting have likewise documented the growing role of these methods across a wide
range of economic and financial forecasting problems (Petropoulos et al., 2022).

The Random Forest algorithm, introduced by Breiman (2001), is a prominent example of tree-based ensemble
methods. By building a large number of decision trees on bootstrap samples of the data and selecting a random subset
of variables at each node, it reduces the correlation among trees and limits overfitting; the final prediction is then
obtained by averaging (in regression problems) or majority voting (in classification problems). Three features make
this algorithm suitable for financial data: its ability to capture nonlinear relationships and interactions without an
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explicit specification of the functional form; its robustness to outliers and noise, which are common in volatile
markets; and its variable-importance measure, which aids model interpretability and the identification of the key
drivers of return (Breiman, 2001; Gu et al., 2020). This interpretability makes Random Forest an attractive choice
for supervisory and decision-support applications in asset management.

2.3. Empirical evidence and research gap

At the international level, growing evidence has accumulated on the usefulness of machine learning in return
prediction. In a large-scale study of a broad cross-section of U.S. stocks, Gu et al. (2020) showed that machine-
learning models—especially tree-based methods and neural networks—substantially outperform linear methods in
asset pricing, with the strongest predictive signals attached to momentum, liquidity, and volatility characteristics. In
the fund domain, Kaniel et al. (2023), using neural networks, showed that fund characteristics can persistently
distinguish high- from low-performing funds and that fund momentum and flows are the most important predictors
of risk-adjusted performance, whereas the characteristics of the stocks held in the portfolio have little predictive
power. Bian and Lin (2025), applying Random Forest to predict the quarterly returns and volatilities of NASDAQ
100 stocks, confirmed the usefulness of the algorithm for portfolio optimization. In a study of Brazilian equity funds,
tree-based models such as Random Forest and extremely randomized trees achieved accuracy above 90% in
classifying future fund returns and trained substantially faster than gradient boosting (Bargos & Claro Roméo, 2025).
Fischer and Krauss (2018), by contrast, found that long short-term memory (LSTM) networks outperformed memory-
free methods, including Random Forest, in predicting the directional movements of S&P 500 constituents, although
Random Forest outperformed the remaining benchmark methods.

In the domestic literature, the application of machine learning in finance and banking has expanded rapidly, although
its focus has been mainly on predicting crises, bankruptcy, and risk. Taheri Haftasiabi et al. (2023), using the slope
of the yield curve and a bank credit index, predicted Iran’s financial crisis with a machine-learning approach, and in
a subsequent study proposed a hybrid model combining artificial intelligence and spatial econometrics to predict
bank bankruptcy, in which risk contagion among neighbouring banks played an important role (Haftasiabi et al.,
2025). Soleymani et al. (2023) used structural equation modelling to anticipate financial crises in banks. Naderi et
al. (2025) found that Random Forest and support vector machines performed better in predicting operational risk in
the banking industry, and Ehsani and Hosseini (2025) showed that tree-based classifiers combined with feature
optimization achieve high accuracy in predicting customer churn. Hashemi Golsefidi et al. (2021) applied machine-
learning methods to detect falsification in the financial statements of listed companies, and Asgarian et al. (2021)
modelled the likelihood of systemic banking crises in developing countries.

Overall, previous studies in the Iranian capital market have primarily focused on bankruptcy prediction, financial
distress, banking crises, operational risk, and fraudulent financial reporting rather than on equity investment funds.
The existing literature also suggests that the predictive performance of machine-learning algorithms depends not only
on the selected modelling technique but also on the characteristics of the available data and the validation framework
employed (Bian & Lin, 2025; Fischer & Krauss, 2018; Gu et al., 2020). While international studies have demonstrated
the potential advantages of machine-learning methods in large and heterogeneous datasets, limited evidence is
available for equity investment funds in the Iranian capital market using rigorous time-series validation procedures
(Bergmeir et al., 2018; Cerqueira et al., 2020). Accordingly, this study addresses the following research questions:

RQ1. How accurately does Random Forest predict the daily total return of the Karis equity fund compared with
linear regression and a single decision tree?

RQ2. How stable is the predictive performance of the competing models across time-series validation folds?

RQ3. What is the relative importance of market-based and fund-specific predictors, and how much predictive
power remains when only information available before the prediction date is used?
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3. Data and Methodology

3.1. Research design and analytical framework

This applied, descriptive—correlational study was designed to predict the daily return of an equity investment fund
managed by Charisma Asset Management using the Random Forest algorithm within a time-series framework. A
machine-learning approach, and ensemble algorithms such as Random Forest in particular, was adopted because of
its ability to model complex nonlinear relationships and interactions among financial variables and to achieve
satisfactory generalizability in the presence of a large number of daily observations (Breiman, 2001; Gu et al., 2020).
The study period covers Farvardin 1399 to Esfand 1403 (March 2020 to March 2025), with data collected at a daily
frequency. The conceptual framework of the research is presented in Figure 1.

Size and asset composition Overall index return (TEDPIX)

\ /

Preprocessing and feature engineering
Lagged return, 7-day moving average, 30-day volatility

{ Fund-specific variables } [ Market variables }

Reference model Main model Reference model

Evaluation, cross-validation and interpretability
RMSE, MAE, R?, directional accuracy, variable importance

l

Prediction of the equity fund’s daily return
Karis (Sepehr Charisma)

[ Linear regression } [ Random Forest ] { Decision tree }

Figure 1. Conceptual framework of the research

Notes: TEDPIX = Tehran Stock Exchange overall index. Return-based features use only information available before the prediction date.

3.2. Population, sample, data sources, and study period

The statistical population comprises all equity investment funds active in the Iranian capital market. The sample was
selected purposively and consists of one equity fund managed by Charisma Asset Management. The inclusion criteria
were as follows: (a) the fund is of the equity type; (b) it was continuously active throughout the study period
(Farvardin 1399 to Esfand 1403); and (c) complete daily net asset value (NAV) data and asset-composition reports
were available. The selected fund is Karis (Sepehr Charisma), an equity exchange-traded fund established on
15/07/1392 (7 October 2013). Given the daily frequency of the data, the sample size equals the number of trading
days over the study period, providing sufficient observations for model training and testing (Table 1).

Data on the fund’s NAV and daily return were obtained from the official website of Charisma Asset Management,
and data on the Tehran Stock Exchange indices were collected from the Tehran Securities Exchange Technology
Management Company (TSETMC). Data quality was assessed in terms of accuracy, consistency, completeness, and
timeliness to minimize measurement error (Géron, 2022; Han et al., 2012; Kuhn & Johnson, 2019).
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Table 1. Profile of the studied fund

Attribute Value

Fund name Karis (Sepehr Charisma)

Fund type Equity ETF

Fund manager Charisma Asset Management

Inception date 15/07/1392 (7 October 2013)

Study period Farvardin 1399 — Esfand 1403 (March 2020 — March 2025)
Data frequency Daily

Observations after cleaning 1,019 trading days

Observations used for model estimation 989 trading days

Notes: ETF = exchange-traded fund. Dates follow the Iranian (Solar Hijri) calendar.

3.3. Variables, constructs, and measurement

The main dependent variable is the total daily return of the fund. Daily fund returns were calculated from the official
total-return NAV reported by Charisma Asset Management, as in Equation (1), where NAV. is the net asset value per
unit at the end of trading day t. Because the published NAV already incorporates all cash distributions, no additional
dividend adjustment was required. Observations corresponding to non-trading days were excluded, and returns were
calculated only for actual trading days.

NAV, — NAV,_,

. = x 100 @
NAV,_,

The main objective is to estimate the conditional expectation of the current day’s return given a set of predictors, as
expressed in Equation (2), where X; is the vector of explanatory variables and f(-) is the mapping function estimated
by the learning algorithm:

R, = f(X) + & 2

The explanatory variables were selected on the basis of established financial theories and prior empirical evidence
on investment fund performance. The market return (overall market index return) was included because asset-pricing
theories identify systematic market movements as a primary determinant of expected returns (Fama & French, 1993;
Sharpe, 1964). The lagged fund return, the 7-day moving average, and the 30-day historical volatility were included
to capture short-term return persistence and recent market dynamics documented in the mutual fund literature
(Carhart, 1997). Fund-specific variables, including fund size, the equity ratio, and the cash and deposit ratio, were
selected because previous studies suggest that fund characteristics and portfolio composition influence fund
performance, risk exposure, and investment outcomes (Berk & Green, 2004; Kaniel et al., 2023).

In addition to the one-day lagged return, two historical return-based features were constructed. To ensure that only
information available before the prediction date was used, the features were calculated after the removal of non-
trading days and were shifted by one trading day. The 7-day moving average (MA7) was calculated as the arithmetic
mean of the previous seven daily fund returns, as shown in Equation (3).

7
1
MAs = 5 R 3
i=1

The 30-day historical volatility (VOL30) was calculated as the sample standard deviation of the previous thirty daily
fund returns, as shown in Equation (4), where R30.1 is the mean fund return over the preceding 30 trading days.
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30

1 — 2 4

VOL30,t = EZ(Rt—i - Rt—30:t—1) ( )
i=1

Neither feature contains the contemporaneous return R:. Because a complete 30-trading-day historical window was
required, the first 30 trading-day observations were excluded from model estimation. Table 2 summarizes the
operational definitions of the variables.

Table 2. Operational definition and measurement of the research variables

Category ‘ Symbol Variable Definition / measurement Source
- . Daily percentage change in the fund’s official Charisma Asset
Dependent variable Re Total daily fund return total-return NAV, as defined in Equation (1) Management
Fund-specific SIZE Fund size Natural 10gar_1thm of the fund’s total net asset Charisma Asset
value on trading day t Management
) . . . Market value of equity holdings divided by total ~ Asset-composition
Fund-specific EQ Equity ratio fund assets on trading day t reports
Fund-specific DEP, Cash and deposit ratio Value of cash and pank deposits divided by total ~ Asset-composition
fund assets on trading day t reports
) Fund return on the immediately preceding trading Computed from fund-
Return-based Ri-1 Lagged fund return day return data
Return-based MA 7-day moving average Arithmetic mean of fund returns over the Computed from fund-
mt Y 9 g preceding seven trading days (t—7 tot — 1) return data
) 30-day historical Sample standard deviation of fund returns over Computed from fund-
Return-based VOLao: volatility the preceding 30 trading days (t—30 to t— 1) return data

Overall market index  Daily percentage return of TEDPIX on trading

return day t TSETMC

Market RM

Notes: NAV = net asset value; TSETMC = Tehran Securities Exchange Technology Management Company; TEDPIX = Tehran Stock Exchange overall
index.

The asset-composition dataset contained one observation for each calendar date in the study period and was matched
with the fund-return dataset by date. Following the removal of non-trading days, the corresponding asset-composition
observations were retained. No forward-fill, interpolation, or other temporal imputation procedure was applied.

3.4. Model specification and estimation procedure
The main model is the Random Forest algorithm, evaluated alongside two reference models—multiple linear
regression and a single decision tree—for performance comparison. Random Forest uses bootstrap sampling to create

different training subsets and averages the predictions of all trees, as in Equation (5), where Ty is the b-th tree and B
is the total number of trees. The relative importance of each variable is computed from the mean decrease in impurity.

B

. 1

R = = 1000 (5)
b=1

As a reference, the multiple linear regression model is defined as in Equation (6), where o is the intercept, Bj the
coefficient of the j-th variable, p the number of predictors, and & the error term.

R, =B, + Zﬁixf't + & (6)

The data-analysis procedure comprised six main steps. First, the raw dataset, which initially contained 1,827 calendar-
day observations, was cleaned before feature construction. Observations corresponding to non-trading days were
removed because they did not represent actual market sessions. In addition, three observations containing clearly
erroneous market-return values were excluded after examination of the original records. No winsorization, trimming,
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or general statistical outlier rule was applied to valid return observations, and no temporal imputation was used. After
cleaning, 1,019 actual trading-day observations remained. Second, feature engineering included the construction of
the one-day lagged return, the 7-day moving average, and the 30-day historical volatility, using only information
available before the prediction date. Third, a chronological split was used to divide the observations into training and
test sets, and time-series cross-validation was conducted exclusively within the training sample to prevent future
information from entering model estimation. Fourth, the model hyperparameters were selected within the training
sample; the final settings adopted for the Random Forest model are presented in Table 3.

Table 3. Final hyperparameter settings of the Random Forest model

Hyperparameter Description Final value
n_estimators Number of trees in the forest 200
max_depth Maximum depth of each decision tree 5
min_samples_split Minimum number of samples required to split an internal node 10
min_samples_leaf Minimum number of samples required at a terminal node 1
max_features Number of predictor variables considered at each split All features

Notes: Hyperparameters were selected using five-fold time-series cross-validation within the training sample. Parameter names follow the scikit-learn
implementation.

Fifth, the models were trained and evaluated using the root mean squared error (RMSE), mean absolute error (MAE),
coefficient of determination (R?), and directional accuracy (DA), as defined in Equations (7)—(10):

1 "
RMSE = —Z(Rk - R’ )
nk:l
1 n
MAE = = » |R, — Ry| (®)

3 Yici(Re — RY)?

R* =1 — ©)
Yi(Re = R)
DA = %;H(sign(&() = sign(ﬁk)) (10)

where Rk and Ri denote the actual and predicted returns, R the mean actual return, I(-) the indicator function, and n
the number of test observations. Sixth, variable-importance analysis was conducted using the mean decrease in
impurity to interpret the model and identify the most influential predictors of return.

3.5. Validity, robustness, and reproducibility

All data preprocessing, feature construction, model training, hyperparameter tuning, and performance evaluation
were implemented in Python using the pandas and scikit-learn libraries. Two procedures were used to assess the
robustness of the results. First, five-fold time-series cross-validation within the training sample was used to evaluate
the stability of model performance across consecutive validation folds (Bergmeir et al., 2018; Cerqueira et al., 2020).
Second, a genuine forecasting specification that excludes the contemporaneous market return was estimated to
distinguish contemporaneous explanation from prediction based solely on information available before the prediction
date.
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4. Results

4.1. Descriptive statistics and preliminary analysis

Following the data-cleaning procedure described in Section 3.4, the cleaned dataset contained 1,019 actual trading-
day observations. After the 30-day historical volatility variable was constructed and observations without a complete
historical window were removed, 989 observations remained for model estimation. Table 4 reports the descriptive
statistics of the variables used in the empirical analysis.

Table 4. Descriptive statistics of the research variables

Variable Median Std. dev. Minimum Maximum
Fund daily return (%) 0.179 0.150 1.531 -5.52 5.43
Overall index return (%) 0.178 0.070 1.462 -5.15 11.64
Lagged return (%) 0.109 0.000 1.373 -5.52 5.43
7-day moving average (%) 0.115 0.030 0.620 —-2.03 2.50
30-day volatility (%0) 1.130 1.054 0.435 0.36 2.48
Equity ratio (%) 92.45 93.00 5.03 71.30 99.69
Cash and deposit ratio (%) 2.69 2.13 2.72 0.00 18.88
Fund size (log net assets) 16.39 16.33 0.35 14.65 17.23

Notes: Std. dev. = standard deviation. Returns, ratios, and volatility are expressed in percent; fund size is the natural logarithm of total net assets.

The daily fund return averaged 0.179%, whereas the average daily return of the overall market index was 0.178%.
The equity ratio averaged 92.45%, indicating that the fund maintained a predominantly equity-based portfolio
throughout the sample period. The descriptive statistics also show sufficient variation in the explanatory variables to
support the subsequent predictive modelling.

4.2. Main findings

As reported in Table 5, linear regression achieved the best test-set performance, with an R2 of 0.721, an RMSE of
0.578, an MAE of 0.442, and a directional accuracy of 84.85%. Random Forest produced an Rz of 0.680, an RMSE
of 0.620, an MAE of 0.476, and a directional accuracy of 80.30%. Both models performed better than the single
decision tree. Because no formal pairwise forecast-comparison test was conducted, these differences are interpreted
descriptively and should not be regarded as evidence of statistically significant superiority.

Table 5. Performance comparison of the models on the test set

Model RMSE MAE R2 ‘ Directional accuracy

Linear regression (reference) 0.578 0.442 0.721 84.85%
Single decision tree (reference) 0.743 0.576 0.539 74.24%
Random Forest (main) 0.620 0.476 0.680 80.30%

Notes: RMSE = root mean squared error; MAE = mean absolute error; R2 = coefficient of determination. RMSE and MAE are expressed in percentage
points of daily return.

According to Table 6, the overall market index return was by far the dominant predictor, with a relative importance
of 0.888. It was followed by the lagged fund return and the 7-day moving average, with relative importance values
of 0.053 and 0.024, respectively. The remaining variables, including historical volatility, fund size, and the asset-
composition ratios, made comparatively limited contributions to the Random Forest predictions.
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Table 6. Variable importance in return prediction (Random Forest)

Variable Relative importance Rank
Overall index return 0.888 1
Lagged return (previous day) 0.053 2
7-day moving average of return 0.024 3
30-day volatility 0.013 4
Fund size 0.011 5
Cash and deposit ratio 0.008 6
Equity ratio 0.004 7

Notes: Relative importance is the mean decrease in impurity, normalized to sum to one.

4.3. Robustness, sensitivity, and additional analyses

As reported in Table 7, Random Forest achieved the highest mean cross-validation R2? (0.628) and the lowest mean
RMSE (0.812). The decision tree produced the lowest standard deviation of R2 across the validation folds, whereas
linear regression showed the greatest variation in performance. However, no formal variance-equality test was
conducted; therefore, these differences are interpreted descriptively and should not be regarded as statistical evidence
of superior model stability.

Table 7. Five-fold time-series cross-validation results

Model Mean R2 Std. dev. of R2 ‘ Mean RMSE

Random Forest 0.628 0.091 0.812
Decision tree 0.587 0.065 0.849
Linear regression 0.466 0.329 0.903

Notes: Results are computed within the training sample using five consecutive validation folds.

As shown in Table 8, excluding the contemporaneous market return reduced the R2 of both models to approximately
0.28. Directional accuracy was 63.2% for Random Forest and 65.7% for linear regression. Because no one-sample
proportion test against the 50% benchmark was conducted, these results are reported descriptively and should not be
interpreted as statistically significant evidence of predictive performance above random chance.

Table 8. Performance in the genuine forecasting setting (excluding the contemporaneous market return)

Model R2 RMSE ‘ Directional accuracy

Random Forest 0.284 0.919 63.2%
Linear regression 0.291 0.914 65.7%

Notes: The predictor set excludes the contemporaneous overall index return and contains only information available before the prediction date.

5. Discussion

5.1. Interpretation relative to theory and prior evidence

The findings indicate that the daily return of the examined equity fund was driven primarily by broad market
movements rather than by slowly changing fund-specific characteristics. The dominant contribution of the overall
market return is economically plausible because the fund maintained a consistently high equity allocation throughout
the study period, causing systematic movements in the Tehran Stock Exchange to be transmitted directly to the fund’s
total-return NAV. This interpretation is consistent with classical asset-pricing theory, which identifies systematic
market risk as the principal determinant of diversified equity portfolio returns (Fama & French, 1993; Sharpe, 1964).
It also agrees with empirical evidence showing that market-wide information explains a substantial proportion of
short-horizon return variation in machine-learning applications to financial markets (Gu et al., 2020).

The comparison of the competing models provides additional insight into the characteristics of the underlying data.
Although Random Forest achieved the highest average coefficient of determination in time-series cross-validation,
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linear regression produced the strongest performance on the final holdout test set. This outcome suggests that the
relationship between the selected explanatory variables and fund returns remained largely linear during the evaluation
period, limiting the additional benefit of a more flexible nonlinear algorithm. Previous research has shown that
machine-learning methods generally provide their greatest advantages when financial relationships contain
substantial nonlinearities, complex interactions, and high-dimensional predictor spaces (Gu et al., 2020; Hastie et al.,
2009). In the present study, the dominant influence of the contemporaneous market return appears to have reduced
the opportunity for nonlinear methods to generate meaningful improvements in predictive accuracy. Because no
formal forecast-comparison procedures, such as the Diebold—Mariano test, or variance-equality tests were conducted,
the observed differences among the competing models should be interpreted descriptively.

The variable-importance analysis further highlights the relative contribution of different sources of information.
Besides the market return, short-term momentum indicators, including the lagged return and the 7-day moving
average, were the most influential predictors of daily fund performance. This finding is consistent with the literature
documenting short-term return persistence and momentum effects in financial markets (Jegadeesh & Titman, 1993;
Moskowitz et al., 2012). Similarly, Kaniel et al. (2023) reported that momentum-related fund characteristics
contribute meaningfully to explaining differences in mutual fund performance. By contrast, the comparatively low
importance of the equity ratio, the cash and deposit ratio, and fund size should not be interpreted as evidence that
portfolio allocation is economically unimportant. Rather, these variables exhibited relatively limited variation,
because the fund remained predominantly invested in equities throughout most of the sample period, and broad asset-
allocation ratios are likely to influence medium-term performance more strongly than daily return fluctuations. Unlike
factor-model studies such as Carhart (1997), which evaluate systematic exposures to market, size, value, and
momentum factors, the present study relied on aggregate portfolio characteristics together with short-term return
variables; the relatively low importance of the asset-allocation variables therefore reflects differences in variable
definition, sampling frequency, and modelling objectives rather than inconsistency with the broader literature.

An additional contribution of the study is the distinction between contemporaneous explanatory performance and
genuine forecasting based exclusively on previously available information. When the contemporaneous market return
was excluded from the predictor set, the predictive performance of both Random Forest and linear regression declined
substantially. This finding suggests that a considerable proportion of the explanatory power observed in the main
specification depended on information available on the same trading day rather than ex ante. Such a result is broadly
consistent with the efficient market hypothesis, which holds that future returns are difficult to predict using publicly
available historical information alone (Fama, 1970). Although both models achieved directional accuracy exceeding
60% in the genuine forecasting specification, no one-sample proportion test against the 50% benchmark was
conducted; consequently, these results should not be regarded as statistical evidence that the models predicted return
direction better than chance.

5.2. Theoretical and methodological contributions

More broadly, the findings indicate that forecasting performance depends not only on algorithmic sophistication but
also on the information content of the available predictors. Increasing model complexity alone cannot compensate
for an information set that omits economically relevant variables. In the Iranian capital market, macroeconomic
conditions, exchange-rate fluctuations, policy interventions, inflation expectations, and sanctions frequently
influence investor expectations and market dynamics. Consequently, improvements in forecasting performance may
depend more on expanding the available information set than on adopting increasingly complex machine-learning
algorithms, a conclusion consistent with recent developments in empirical asset pricing and forecasting research (Gu
et al., 2020; Petropoulos et al., 2022). Methodologically, the study illustrates the importance of chronological
splitting, time-series cross-validation, and an explicit separation between contemporaneous and ex ante predictors
when machine-learning models are applied to daily fund returns.

5.3. Managerial, regulatory, investment, and policy implications

From a practical perspective, Random Forest provides an interpretable modelling framework through its variable-
importance analysis, allowing researchers and asset managers to examine the relative contribution of market-wide
and fund-specific variables. However, the present findings should not be interpreted as evidence that the models
constitute economically profitable investment or trading strategies. The genuine forecasting experiment demonstrated
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substantially lower predictive performance once contemporaneous information was excluded, and the study did not
evaluate transaction costs, bid—ask spreads, portfolio turnover, execution constraints, or risk-adjusted investment
performance. For regulators and investors, the dominance of the market factor implies that the daily return risk of a
highly invested equity fund is largely systematic and cannot be substantially reduced through fund-level allocation
decisions over short horizons. Accordingly, the results should be interpreted as evidence on statistical predictive
performance under the available information set rather than as support for implementable investment decisions.

6. Conclusion

This study evaluated the predictive performance of the Random Forest algorithm for modelling the daily return of an
Iranian equity investment fund and compared it with linear regression and a single decision tree. Random Forest
produced predictive performance comparable to the benchmark models but did not outperform linear regression on
the final test set. The dominant role of the overall market return indicates that systematic market movements were
the primary driver of daily fund performance, whereas fund-specific allocation variables contributed comparatively
little at the daily frequency examined. Furthermore, the substantial decline in predictive performance after the
contemporaneous market return was excluded demonstrates the importance of distinguishing contemporaneous
explanatory performance from genuine forecasting based solely on previously available information. Overall, the
study contributes empirical evidence on the application of machine-learning methods to equity fund return prediction
in the Iranian capital market and shows that the usefulness of increasingly sophisticated algorithms depends
fundamentally on the quality, timing, and economic relevance of the available information. The findings should be
interpreted as descriptive rather than as evidence of statistical superiority or economic profitability.

6.1. Limitations and future research

Several limitations should be acknowledged. First, the analysis was based on a single equity investment fund, limiting
the generalizability of the findings to other funds, management styles, and market conditions. Second, the principal
empirical model included the same-day market return, so part of the reported explanatory performance reflects
contemporaneous association rather than ex ante prediction. Third, the empirical models did not incorporate
macroeconomic or policy-related variables, such as exchange-rate movements, commodity prices, interest-rate
conditions, liquidity indicators, inflation expectations, and policy interventions, which were unavailable at a
consistent daily frequency. Fourth, the sample period included exceptional events, including the 2020 market boom
and subsequent decline, the COVID-19 pandemic, and continuing economic sanctions, which may have affected
return dynamics. Fifth, the study evaluated statistical forecasting performance only; economic profitability,
transaction costs, and risk-adjusted investment performance were not assessed. Finally, model comparisons were
based on descriptive performance measures; formal procedures such as the Diebold—Mariano test, variance-equality
tests, and one-sample proportion tests for directional accuracy were beyond the scope of the study.

Future research may extend the analysis in several directions. First, examining multiple equity funds within a panel-
data framework would allow broader generalization and comparisons across investment strategies and management
styles. Second, future studies may incorporate additional predictors, including daily exchange-rate movements,
commodity prices, liquidity indicators, market sentiment, monetary-policy announcements, and other
macroeconomic variables aligned with their actual information-release dates to avoid look-ahead bias. Third,
gradient-boosting algorithms such as XGBoost may be compared with Random Forest under identical time-series
validation procedures, whereas sequence-based deep-learning models such as LSTM should be evaluated only after
substantially expanding the dataset, because reliable estimation of highly parameterized neural networks requires
considerably larger samples. Fourth, explainable artificial intelligence techniques such as SHAP may be employed
to investigate whether the importance of market-wide and fund-specific predictors changes across bullish, bearish,
and highly volatile regimes. Finally, statistical forecasting evaluation should be complemented with formal forecast-
comparison tests and assessments of the economic value of predictive models under realistic trading conditions.
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