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Objective: Stock markets are inherently volatile and risky due to their
dynamic nature, financial complexities, and the limited understanding of
price determination among many investors. This study aims to design an
optimal predictive model for stock liquidity to provide practical support for
investors with insufficient knowledge of these complex dynamics

Method: A hybrid approach combining data analysis, machine learning,
and predictive modeling was employed. Data related to stock liquidity were
collected and preprocessed from various scientific sources. The Random
Forest algorithm was then applied to develop an optimal model for
predicting stock liquidity.

Results: The findings demonstrate that the Random Forest algorithm can
provide a relatively accurate and efficient model for predicting stock
liquidity. Beta, rate of change, and volatility in stock returns (Rmc) were
identified as the most influential factors affecting liquidity. The model
achieved higher predictive accuracy compared to previous approaches, as
evidenced by its low mean squared error (MSE).

Conclusion: The low MSE confirms the suitability of the Random Forest
algorithm for predicting stock liquidity. The results of this study can assist
investors and financial analysts in making more informed and precise
decisions.
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Introduction

Financial markets, and in particular stock exchanges, have long been recognized as complex
adaptive systems that are subject to multifaceted dynamics and interactions. Their complexity
stems not only from the inherent volatility and uncertainty of asset prices but also from the
interdependence of economic fundamentals, firm-level characteristics, investor behavior, and
regulatory interventions. One of the most critical constructs in financial economics is liquidity, a
concept that has been extensively debated in the literature due to its central role in ensuring the
smooth functioning of capital markets. Liquidity refers to the ease and efficiency with which
assets can be traded without causing significant price disturbances, and it is directly associated
with market efficiency, transaction costs, and the ability of investors to adjust their portfolios in
response to new information. The importance of liquidity extends beyond theoretical discussions;
it carries tangible implications for corporate valuation, investor decision-making, and financial
stability. Illiquid markets are prone to higher transaction costs, increased volatility, and greater
vulnerability to systemic shocks, thereby undermining investor confidence. Conversely, markets
characterized by higher liquidity attract domestic and foreign investment, foster efficient capital
allocation, and enhance the overall resilience of financial systems. Given these broad
implications, accurate and timely prediction of stock liquidity has emerged as a pressing concern
for both academics and practitioners. While developed markets have been extensively studied,
emerging markets such as Iran’s capital market present unique challenges. These challenges
include structural inefficiencies, data limitations, regulatory constraints, and behavioral
peculiarities of investors. Existing models of liquidity prediction, which are often built upon
linear assumptions and traditional econometric techniques, may fail to capture the nonlinear,
multidimensional, and complex relationships that define such markets. Against this backdrop,
the present study addresses a critical gap in the literature by proposing an optimized machine
learning framework, specifically a Random Forest regression model, to predict stock liquidity in
Iran’s capital market. By integrating qualitative and quantitative methodologies, this study not
only identifies relevant determinants of liquidity but also constructs a robust and generalizable
predictive model that offers theoretical, methodological, and practical contributions.

Method

The research employed a sequential mixed-methods design, consisting of a qualitative
exploration followed by quantitative modeling. This design was motivated by the need to
ground the machine learning model in contextually relevant variables while ensuring
methodological rigor. In the first phase, a systematic literature review was conducted across
international and domestic databases to compile a comprehensive list of potential determinants
of liquidity. The review included theoretical models of market microstructure, empirical studies
on liquidity drivers, and comparative analyses of emerging and developed markets. To
contextualize these findings for Iran’s capital market, semi-structured interviews were
conducted with financial experts, regulators, and market analysts.

These interviews provided valuable insights into market-specific factors such as regulatory
policies, investor behavior, and firm-level characteristics that might not be adequately captured
in global studies. As a result of this process, an initial pool of over seventy variables was
systematically narrowed down to forty-seven measurable variables deemed relevant and
feasible within the Iranian context. In the second phase, the study adopted a Random Forest
regression algorithm to develop the predictive framework. Random Forest, an ensemble
learning method, was chosen for several reasons:

Robustness to overfitting: By averaging across multiple decision trees, Random Forest
minimizes the variance of predictions and prevents overfitting.

Capacity to model nonlinear relationships: Unlike linear regression models, Random Forest
can capture complex, nonlinear interactions between independent variables and liquidity.
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Interpretability through feature importance: The algorithm provides measures of variable
importance, thereby allowing researchers to identify the most influential determinants of liquidity.

Scalability: Random Forest handles high-dimensional datasets effectively, making it
suitable for financial markets characterized by large numbers of potential predictors..

Sampling Procedures

The empirical analysis was based on data from firms listed on the Tehran Stock Exchange
(TSE) between 2018 and 2022 (1397-1401 in the Iranian calendar). The population consisted of
666 firms, from which a final sample of 171 firms was derived after applying rigorous screening
criteria. Firms with incomplete financial statements, irregular trading activity, or missing market
data were excluded to ensure consistency and accuracy. Data were collected from reputable
sources including Rahavard Novin, Tadbir Pardaz, and the official TSE website, all of which are
widely recognized for their reliability among researchers and practitioners. The dataset
encompassed both firm-specific financial indicators (such as Return on Assets, Return on Equity,
and leverage) and market-based indicators (such as Beta, volatility measures, and trading
volume). This dual focus allowed for a holistic examination of the determinants of liquidity.

Sample Size, Power, and Precision

Several methodological refinements were employed to maximize the predictive power of the
model:

Data preprocessing: Outliers were identified and treated, missing values were addressed
through imputation, and variables were standardized to ensure comparability.

Balancing techniques: The dataset was subject to class imbalance in terms of liquidity levels.
To address this, the Synthetic Minority Oversampling Technique (SMOTE) was applied, which
generated synthetic samples of minority cases to improve model training.

Hyperparameter tuning: The performance of Random Forest depends on parameters such as
the number of trees, maximum depth, and minimum samples per split. An exhaustive search
using GridSearchCV was conducted to identify the optimal combination of hyperparameters.

Model validation: To assess generalizability, K-Fold Cross-Validation was employed. This
technique divides the dataset into K subsets, sequentially using each subset as a validation set
while the remaining K—1 subsets are used for training. This procedure ensures that all data
points contribute to both training and validation, reducing bias and variance.

Evaluation metrics included Mean Squared Error (MSE), Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), and the Coefficient of Determination (R?). These complementary
measures allowed for a comprehensive assessment of both accuracy and explanatory power.

Results

The empirical findings confirmed the efficacy of the Random Forest model in predicting
stock liquidity with a high degree of accuracy. The model’s low error metrics (MSE, MAE,
RMSE) and high R? values indicated strong predictive performance and robust explanatory
capacity. The feature importance analysis revealed a hierarchy of influential determinants. At
the top of this hierarchy were Beta, reflecting market sensitivity, and Rmc, capturing return
volatility. These results are consistent with the theoretical understanding that liquidity is closely
linked to risk and uncertainty. Following these, firm-level financial indicators such as Return
on Equity (ROE), realized returns, leverage ratios, and Return on Assets (ROA) emerged as
significant predictors. The importance of these variables underscores the dual role of both
market-based and firm-specific factors in shaping liquidity. In addition to confirming
established relationships, the model also highlighted nuanced interactions among variables. For
instance, the interplay between leverage and volatility was found to exert an amplified effect
on liquidity, suggesting that firms with high leverage and high return volatility are particularly
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vulnerable to liquidity constraints. Such insights would have been difficult to capture using
traditional linear models, demonstrating the added value of machine learning approaches.

Conclusions

This study provides compelling evidence that Random Forest regression is a suitable and
powerful tool for forecasting stock liquidity in the Iranian market. The use of a mixed-methods
design—qualitative identification of variables followed by quantitative machine learning
modeling—ensured both contextual relevance and methodological rigor. From a theoretical
perspective, the study contributes to the literature on market microstructure and liquidity by
introducing a machine learning framework that accounts for nonlinearity, multidimensionality,
and complex variable interactions. Methodologically, the research demonstrates the utility of
Random Forest in financial prediction tasks, offering a replicable model that can be adapted to
other emerging markets. From a practical standpoint, the findings carry significant
implications:

For investors: Improved liquidity forecasts can inform portfolio management strategies, risk
assessment, and trading decisions.

For corporate managers: Understanding the determinants of liquidity can guide financial
policies, such as capital structure decisions, that enhance stock attractiveness.

For policymakers and regulators: Reliable liquidity prediction models can assist in market
surveillance, policy design, and crisis management. Looking forward, the study suggests
several avenues for further research. Future investigations could explore hybrid machine
learning models, such as gradient boosting methods (e.g., XGBoost, LightGBM) or deep
learning architectures, to potentially enhance predictive accuracy and interpretability.
Moreover, incorporating alternative data sources—such as investor sentiment extracted from
social media, macroeconomic indicators, or high-frequency trading data—could enrich the
predictive framework. Comparative analyses between Iran and other emerging markets would
also provide valuable insights into the generalizability of the findings. In sum, by combining
qualitative rigor with advanced quantitative modeling, this study establishes a comprehensive
framework for predicting stock liquidity in emerging markets. It underscores the promise of
machine learning as both a methodological innovation and a practical tool in financial research.
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import pandas as pd

from sklearn.model selection import train_test_split, cross_val score, GridSearchCV
from sklearn.ensemble import RandomForestRegressor

from sklearn.metrics import mean_squared_error, mean_absolute error, r2_score
from sklearn.preprocessing import StandardScaler

from imblearn.over_sampling import SMOTE

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

esls (g 1084
data = pd.read_excel('C:\\Users\\Morteza\\Desktop\\Random Forest Regressor.xlsx")
CAa e w55 o g
sns.histplot(data['Liq'], kde=True)
plt.title('Distribution of Liquidity")

plt.show
ot 5 o S35 s
X = data[['Roa’, 'Risk', 'Rmc', 'Return’, 'Beta’, 'Roe', 'Lev']]
y = data['Liq'"]
Waosls r.:....fu*

X train, X test, y train, y_test = train_test_split(X, y, test size=0.2, random_state=42)
smote = SMOTE(random_state=42)
X train, y_train = smote.fit_resample(X train, y_train)
laosls gy wlas
scaler = StandardScaler

X_train = scaler.fit_transform(X_train)
X test = scaler.transform(X_test)

sl Slekes L S i pus
model = RandomForestRegressor(n_estimators=100, random_state=42)
cv_scores = cross_val score(model, X train, y_train, cv=>5, scoring="neg_mean_squared_error')
print(f' Average Cross-Validation MSE: {-cv_scores.mean(}")
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model.fit(X train, y_train)

SISl s st
y_pred = model.predict(X _test)
mse = mean_squared_error(y_test, y pred)
mae = mean_absolute error(y test, y pred)
rmse = np.sqrt(mse)
r2 =12 score(y_test, y pred)
print(fMSE: {mse}, MAE: {mae}, RMSE: {rmse}, R* {r2}")

b S 55 Sl g
importances = model.feature importances_
features = X.columns
importance_df = pd.DataFrame({'Feature': features, 'Importance":

importances}).sort_values(by='Importance', ascending=False)
print(importance df)

GridSearchCV L Sl sls el Jukows
param_grid} -
' n_estimators,[\o: e 00!

" max_depth'": [None, 10, 20]

grid_search = GridSearchCV(RandomForestRegressor(random_state=42), param_grid, cv=>5,
scoring="neg_mean_squared_error')

grid_search.fit(X train, y train)

print(f'Best Parameters: {grid search.best params }")

Random Forest) sl Jf-» Qx.w)f) r-"i)ji-“ 3] (’L‘”’ ;’“}*‘M i Sl e el o
il 33 )lse Juls r;win &l Jol o ol 0l 03zl (Regressor
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