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Abstract

The present study compared the predictive performance of machine-learning models and statistical models for forecasting profit and operational
cash flow by using a combination of accrual and cash variables. The research method encompassed 3 main stages: data set and variable
selection, modeling, and estimation. The study focused on companies listed on the Tehran Stock Exchange (TSE), analyzing data from 184
companies over the period of 2012-2021. The findings indicated that accrual variables exhibited greater explanatory power than cash variables
in predicting net profit and future operating cash flow. Furthermore, the comparison of machine-learning and statistical models for forecasting
net profit and future operating cash flow revealed that the artificial intelligence approach exhibited superior capability. Specifically, symbolic
regression among the machine-learning models and the probit model among the statistical models demonstrated higher performance.
Additionally, the results indicated that certain statistical models outperformed some machine-learning models while, on average, machine-
learning models outperformed statistical models.
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Introduction

In the current intensely competitive business environment, precise prediction of financial outcomes has emerged as a pivotal element
in organizational triumph. Projecting crucial financial indicators, such as net profit and operating cash flows, equips businesses with
the insight needed to make well-informed choices regarding investment strategies, resource distribution, and comprehensive financial
strategizing. The capacity to anticipate future financial performance enables organizations to streamline operations and mitigate risks.
Consequently, there is an escalating need for effective forecasting models.

This study had two primary objectives: firstly, assessing the predictive capability of accrual and cash variables for forecasting profit
and future cash flows and secondly, comparing the efficacy of statistical models and machine-learning models in predicting net profit
and operating cash flows. Statistical models seek to scrutinize historical data patterns and underlying relationships to anticipate future
financial outcomes. Conversely, machine-learning models have emerged as a potent alternative, employing advanced computational
techniques to glean insights from data and make predictions without explicit programming. This research was guided by four
hypotheses:

First hypothesis: The predictive capability of accrual variables for future net profit significantly exceeds that of cash variables.
Second hypothesis: The predictive capacity of accrual variables for future operational cash flow significantly surpasses that of cash
variables.

Third hypothesis: Machine-learning models outperform statistical models significantly in predicting net profit.

*Corresponding author
Mirzaei, S., Ashtab, A., Zavari Rezaei, A. (2023). Comparing the Efficiency of Statistical Models and Machine-Learning Models and Choosing the
Optimal Model for Predicting Net Profit and Operating Cash Flows. Journal of Asset Management and Financing, 11(2), 53-74.

. @I0ISIC)
2383-1189 © University of Isfahan EY NC ND

This is an open access article under the BY-NC-ND/4.0/ License (https://creativecommons.org/licenses/by-nc-nd/4.0/).

d http://dx.doi.org/10.22108/AMF.2023.136720.1784


https://creativecommons.org/licenses/by-nc-nd/4.0/
http://dx.doi.org/10.22108/AMF.2023.136720.1784
https://amf.ui.ac.ir/
mailto:falahpor@ut.ac.ir
https://www.orcid.org/0000-0002-7339-2100

>4 Journal of Asset Management and Financing, Vol. 11, Issue 2, No.41, Summer 2023

Fourth hypothesis: Machine-learning models outperform statistical models significantly in predicting operational cash flows.

Materials & Methods

This study utilized the Bourseview software database, Rahavard Novin, and the Codal website for analyzing and drawing conclusions
regarding the hypotheses. Additionally, data-mining software, such as Weka, SPM, RapidMiner, SPSS Modeler, and Eurega, were
employed for modeling, while Stata econometric and statistical software was used for the VVuong test, EViews for descriptive statistics,
SPSS for mean comparison test, and Excel for data sorting and categorization. Following the application of these specified tools, 184
companies listed on the Tehran Stock Exchange (TSE) were examined. Initially, the study investigated the ability to explain each
category of cash and accrual variables for net profit and future operating cash flow through special regression estimation of panel data
and the Vuong test. Subsequently, the superior model was utilized for modeling and the average performance of the machine-learning
models was compared with that of statistical models.

Findings

The significance of Vuong statistic in predicting net profit at a 1% significance level suggested a notable difference in the explanatory
power of the two models with the model of accrual variables demonstrating higher explanatory power than that of the cash flow
statement variables. Conversely, the non-significance of the Vuong statistic at the 5% significance level for predicting operational cash
flow indicated no significant difference in the explanatory power of the two models. The performance results of both statistical and
machine-learning models indicated that the symbolic regression classifier, utilizing the genetic algorithm to predict net profit, exhibited
the best overall performance and provided valuable results in the longitudinal test sample. Following symbolic regression, the linear
support vector machine and MARS ranked second and third, respectively, in overall performance. Similarly, the symbolic regression
classifier, employing the genetic algorithm to predict operating cash flow, demonstrated the best overall performance in the longitudinal
test samples. After symbolic regression, the deep learning classifier and MARS ranked second and third, respectively, in overall
performance.

Discussion & Conclusions

In accordance with testing of the first and second hypotheses of the research, which posited that accrual variables have a greater
explanatory capacity for net profit and future operating cash flow compared to cash variables, the coefficients of determination of the
models were compared after estimating the appropriate panel data approach. The investigation results indicated that accrual variables
indeed possessed greater explanatory power for net profit, thus providing no grounds for rejecting the first hypothesis of the study.
However, in the case of operating cash flow, while the explanatory value of accrual variables surpassed that of cash variables, there
was no statistically significant difference in the explanation between accrual and cash variables. Consequently, the second hypothesis
of the research was rejected. In accordance with testing of the third and fourth hypotheses of the current study, which posited that
machine-learning models outperform statistical models in predicting net profit and operating cash flow, the AUC criterion was derived
through the implementation of both statistical and machine-learning models. By comparing the success rates of the statistical and
machine-learning models, it was observed that the machine-learning models significantly outperformed statistical models in predicting
net profit and operational cash flow. Therefore, there was no basis for rejecting the third and fourth hypotheses of the study.
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Table (5) Performance results of statistical models and machine learning
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Table (6) Results of comparing the average of statistical models and machine learning
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