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ABSTRACT

Forecasting economic growth in Iran's volatile economy has persistently been a challenge. Aiming to
identify more effective tools, this study conducts a comparative evaluation of two distinct paradigms:
traditional econometrics and modern machine learning. Using annual time-series data from 1991 to
2023, an optimized Autoregressive Distributed Lag (ARDL) model was benchmarked against two
advanced algorithms, Random Forest and XGBoost. The models were evaluated on a test set (2016-
2023) using Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) as performance
metrics. The results indicate that machine learning models exhibit superior predictive performance,
with Random Forest emerging as the most accurate model. Furthermore, feature importance analysis
from this model revealed the key role of variables such as government expenditure, suggesting the
presence of significant non-linear relationships overlooked by the linear model. The findings
underscore the complementary nature of the two approaches: econometrics for interpretation and
machine learning for precise forecasting.

ECONOMIC
GROWTH

1. Introduction

levels of uncertainty characterizing Iran’s macroeconomic
environment, this gap is particularly consequential for both

Despite the widespread application of both traditional
econometric methods and machine learning techniques in
economic forecasting across the world, a critical research
gap remains in the specific context of Iran’s economy.
Existing studies have largely focused on either
conventional, theory-driven econometric models or data-
driven machine learning approaches in isolation. However,
there is a notable absence of a systematic, comprehensive,
and evidence-based comparison that directly evaluates the
relative performance of these two fundamentally different
paradigms in forecasting Iran’s economic growth. Given
the structural volatility, frequent policy shifts, and high

researchers and policymakers.

This unresolved issue raises an important and policy-
relevant question: are traditional and interpretable
econometric models—rooted in economic theory and
linear relationships—sufficient for accurately forecasting
economic growth in such a complex and unstable
economy? Or can more flexible, non-linear, and
computationally intensive machine learning models
provide  superior  forecasting  performance  and,
consequently, more effective tools for economic
policymaking?
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The primary innovation and contribution of this study lie
precisely in filling this gap in the literature. For the first
time, this paper conducts a direct, fair, and
methodologically rigorous comparison between the best-
performing traditional econometric model and a set of
state-of-the-art machine learning models in the context of
Iran’s economic growth forecasting. Specifically, the
econometric benchmark is an optimized Autoregressive
Distributed Lag (ARDL) model, selected through a careful
and systematic optimization process to ensure robustness
and comparability. This model is then evaluated against
advanced machine learning algorithms, namely Random
Forest and Extreme Gradient Boosting, which are well
known for their ability to capture complex non-linear
relationships and interaction effects among variables.

Within this comparative framework, the study seeks to
answer several interrelated research questions. First, based
on the optimized traditional econometric model, what are
the most important linear and theoretically interpretable
determinants of Iran’s economic growth? Second, how
does the out-of-sample forecasting performance of
advanced machine learning models compare with that of
the traditional econometric approach, and which paradigm
yields lower forecasting errors? Finally, do machine
learning models uncover additional influential variables or
non-linear channels that remain hidden within linear
econometric specifications?

Accordingly, the main objective of this research is to
provide a comprehensive comparative evaluation of
traditional econometric methods and modern machine
learning techniques in forecasting Iran’s economic growth.
By identifying the most accurate and efficient forecasting
tool, this study aims not only to contribute to the academic
literature but also to offer practical insights for
policymakers seeking reliable and timely forecasts in a
highly volatile economic environment.

2. Methodology

In this study, annual time-series data for Iran’s economy
over the period 1991-2023 were used to model economic
growth. The dependent variable is real GDP growth, and
the explanatory variables were selected based on
theoretical foundations of economic growth and previous
empirical evidence. These variables include monetary
policy indicators (deposit interest rate, monetary base, and
inflation rate), fiscal policy indicators (government
expenditures and revenues), structural and institutional
variables (investment, unemployment rate, and degree of
economic freedom), and external sector variables
(exchange rate and trade openness).

3. Findings

With the aim of identifying a more efficient and reliable
tool for forecasting economic growth in Iran’s highly
volatile and uncertain economic environment, this research
undertakes a systematic comparative evaluation of two
fundamentally  different modeling paradigms: the
traditional econometric approach and the modern machine
learning approach. Accurate macroeconomic forecasting
has long been recognized as a challenging task,
particularly in economies characterized by frequent

structural breaks, policy regime changes, external shocks,
and high levels of uncertainty. As emphasized by Stock
and Watson (2007), these features significantly undermine
the predictive power of conventional models and
necessitate continuous methodological innovation.

In the context of Iran’s economy, these challenges are
further intensified by persistent inflationary pressures,
fluctuations in oil revenues, international sanctions, and
institutional constraints, all of which complicate the
dynamics of economic growth. Consequently, relying on a
single forecasting framework may lead to biased or
inefficient predictions. This study responds to this
challenge by juxtaposing a rigorously optimized traditional
econometric model with state-of-the-art machine learning
techniques, thereby providing a comprehensive assessment
of their relative strengths and limitations.

Specifically, an optimized Autoregressive Distributed
Lag (ARDL) model is employed as the benchmark
econometric framework. The ARDL approach is
particularly suitable for macroeconomic analysis due to its
flexibility in handling variables with different orders of
integration and its strong grounding in economic theory,
which facilitates interpretation and policy analysis. The
model is carefully optimized through a systematic lag-
selection and specification process to ensure robustness,
parsimony, and comparability.

This optimized econometric model is then compared
with two advanced machine learning models—Random
Forest and Extreme Gradient Boosting—which represent
powerful, data-driven approaches capable of capturing
complex non-linear relationships and interaction effects
that may remain hidden in linear specifications. These
models have gained increasing attention in the economic
forecasting literature due to their superior predictive
performance, especially in environments characterized by
structural instability and non-linear dynamics.

By conducting a direct and fair comparison between
these competing paradigms under a unified empirical
framework, this study seeks not only to evaluate their
forecasting accuracy but also to shed light on the trade-off
between interpretability and predictive performance. In
doing so, the research contributes to the growing literature
at the intersection of econometrics and machine learning,
while offering practical insights into the selection of
forecasting tools for policymakers operating in highly
volatile economic settings such as Iran.

4. Conclusion and Implications

This study aims to identify a more efficient tool for
forecasting economic growth in Iran’s highly volatile
economy by conducting a comparative evaluation of two
modeling paradigms: the traditional econometric approach
and the modern machine learning approach. Due to
uncertainty and structural changes, macroeconomic
forecasting has always been a challenging task (Stock and
Watson, 2007). Accordingly, an optimized Autoregressive
Distributed Lag (ARDL) model was compared with two
advanced machine learning models—Random Forest and
Extreme Gradient Boosting.
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The analysis of the results led to three main findings.
First, the econometric model showed that Iran’s economic
growth is influenced by interpretable factors such as base
money growth, the degree of economic freedom, and
inflation acceleration. Second, in forecasting performance,
machine learning models—particularly the Random Forest
model—outperformed others by recording the lowest
prediction error; this finding is consistent with recent
studies in the field (Koop et al., 2021). Finally, a
comparison of variable importance revealed that the
machine  learning model identified “government
expenditure” as a key factor, whereas this variable was not
statistically significant in the linear model, strongly
indicating the presence of nonlinear transmission channels.

Our findings suggest that these two approaches are
complementary to each other, as argued by Athey (2018),
who emphasizes that modern economics requires new tools
to analyze complex relationships. While the econometric
model provides a valuable framework for theoretical
interpretation, the Random Forest model—by sacrificing
some degree of interpretability—achieves much higher
predictive accuracy and uncovers hidden nonlinear
patterns. Therefore, the final conclusion is that for
comprehensive analysis and optimal policymaking, both
tools should be used in a combined manner.

Based on the robust findings of the study, the following
policy recommendations are proposed. First, given the
high importance of the “degree of economic freedom” in
both approaches, institutional reforms and improvements
in the business environment should be prioritized. Second,
the nonlinear importance of “government expenditure” in
the machine learning model indicates that fiscal policy
should focus on increasing efficiency, transparency, and
the optimal allocation of resources toward productive
spending. Finally, in light of the econometric model’s
findings, maintaining macroeconomic stability through
sustained inflation control and avoiding abrupt changes in
monetary policy should serve as a key anchor for the
country’s economic policymaking.
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Table 1. Summary of research variables with reputable global sources

Sl e e (Sl gl Gle) Dlodgs i ol G
Reliable global source Explanations (Theoretical Foundations of Selection) Variable Classification
The main indicator for measuring the country's economic performance Dependent
World Bank Real Gdp Growth :
and growth variable
GG s Slooas a5 Jg Sl 5l 5 alo o a0 51 casli
I lellor Bgane ROWNAC IR 00yt Sgus £ 5
IMF An index of the cost of capital and a monetary policy tool that affects Deposit interest rate
investment decisions.
9 u;‘""““ x> g 45&5)5)“ u_i»l.a &515‘ éwaL.....\ r‘,..J........,oo_\...nLAJ
oot B9 L e
I llellons Ggare ol e solatdl slacles oI 4k Monetary
IMF A direct representative of the central bank's monetary policies that Monetary base policy
affects the money supply and economic activities.
Ay g 5,8k s 4 ( Sluaboll sloul b wilgs g0 LS o 9 YU )68
Sk Sk 353 dela) golazsl £y
World Bank High and unstable inflation can harm investment and economic growth Inflation
by creating uncertainty.
5 alie Larass 55 oS oo Sunles ) s Jbe slaceslow ol ) ] '
| L . s sladel ;o 9 7z, bro .
Iz el ggare 5l il olazl s, o Senlns
IME ) g ) o Government expenses and Fiscal polic
They represent the dimensions of the government's fiscal policies and revenues policy
affect resource allocation and economic growth.
Sl il ool Daeaily (goladl wls, Lol sl ygige 51 SO asle o il i ale
Capital accumulation is one of the main drivers of long-term economic
World Bank Investment
growth.
. . solatwl (godgs slaced b 5l sloasles ¢ 415 1L Cwdw godS asLis
ool ) Sl Sl sy glacad bl sloanle 5 )15 ik GolS > o e sl
el olazdl o oais &P Ty
(ILO oS J I 651@
World Bank (ILO) It is a key indicator of labor market health and a representation of Unemployment rate
unused productive capacities in the economy. Structural anld
. Y qg - . . - institutiona
i L e g baylil og 5L sl 39> (9B ConSle 5l oS 5 paSls
TR ol R olazdl colil as> o
. '6‘5L€‘ S [EX 1)
The Heritage ) o ] £ ic Freed
Foundation An index combining rule of law, property rights, market openness, and conomic Freedom
institutional efficiency.
Foo 6l Slaenal 5 6,1 G dcel) oS G0l Ced S
Jsr Hellom @gane o les
IMF A key price that affects business competitiveness and investment Exchange rate
decisions. B
L ,eiS SO Joles ol oaums )Lid GDP 4y wlslg g ol jolo ggexe Foreign Section
Sher S el Slez oLzl &)l o9 5L 4z
World Bank

The total exports and imports to GDP indicate the level of a country's
engagement with the global economy.

Degree of trade openness
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Table 2. Results of the Augmented Dickey-Fuller Unit Root Test
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Final order of Probability value Probability value Probability value Variable
accumulation (second difference) (first difference) (at level)
1(0) 0.0000 0.0000 0.0002 Bl AL g 0,
Gross domestic product growth
1(2) 0.0634 0.0000 0.4884 $ )b oog Sk 4z
Trade openness
I(1) 0.0032 0.0129 0.8034 o2y g T
Deposit interest rate
I(1) 0.0000 0.035 1.000 Fos*
Inflation
1(0) 0.0000 0.0000 0.0196 Es
Exchange rate
10) 0.0000 0.8034 0.0001 x4l
Monetary base
12) 0.0002 0.1984 0.4021 SISl
Investment
1(0) 0.0001 0.0004 0.0049 S S
Unemployment rate
I(1) 0.3403 0.0002 0.6262 goladl 6°'5'_ o
Degree of economic freedom
I(1) 0.0000 0.0000 0.7256 g @il _
Government expenditure
12) 0.0000 0.3455 0.3007 g slasal

Government revenues
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3. Decision Tree

4. Bagging (Bootstrap Aggregating)
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Table 3. Final results of the optimized econometric

model
gl oyutinl gl Jlas! Jlade JUECH
Coefficient  Standard error Prob Variable
-3.460 2.200 0.129 <ok
Constant
(Vaddg) Jos by o,
31.880 9.870 0.004 Base money growth
(lag 1)
) £ Dy
-0.830 0.470 0.092 (Olejen)
Changes in
unemployment rate
(concurrent)
&bl Ol
0.650 0.160 0.000 (Olojee) solazl
Changes in economic
freedom (concurrent)
6”}1 Sl s
-0.610 0.220 0.010 (1 aadg) golazil

Changes in economic
freedom (lag 1)

-1.000 0.480 0.050 (QECELTY)

Deposit interest rate
acceleration (lag 1)

(Olojype) py95 Sl

-8.740 4.480 0.064 Inflation acceleration
(concurrent)
(V addg) o5 Ll
-9.230 5.210 0.090

Inflation acceleration
(lag 1)
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. Objective Function

. Loss Function

. Regularization

. L1 and L2 Penalties

. Root Mean Squared Error (RMSE)
. Mean Absolute Error (MAE)
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Table 4. Summary of the model's diagnostic statistics

)in.o c)Lo]
Value Static
0.542 el

Adjusted R-squared
2 P . 7
5.909 (0.000592) ol J“*:S:;:;ié F ol
09l y90 0l
Durbin-Watson Statistic

2.067
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Table 5. Comparison of machine learning models'
performance on test data

RMSE MAE Jae
Model
3.6645 2.8628 ol J5
Random forest
3.7694 3.1202 XGBoost
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2 XGBoost (library)
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Table 6. Ranking the importance of features in machine learning models

olar K> Jue ;o Cownl ObolS Cugdi Jaw o Coonl - nnl eSile i
Importance in the Random Forest ~ Importance in the Gradient . .
. Average importance Variable

model Boosting model

(Bloyer) s LallBb adgr 4y cdgs z,)lee cond Ol yss
0.134 0.5605 0.3473 Changes in the ratio of government expenditures to GDP

(concurrent)

0.1556 0.0918 0.1237 (Oleyon) gsladdl goljl az)s Sl

Changes in the degree of economic freedom (concurrent)
0.0543 0.1418 0.098 (‘. 489 5,5 €5 St

Changes in the unemployment rate (lag 1)
0.1259 0.0205 00732 () 489) 03 S5 253 D2
Acceleration of deposit interest rate (lag 1)
0.096 0.0254 0.0607 () 48y g b o3, 5
Growth rate of the monetary base (lag 1)
00732 00468 0.06 (Olayen) i 4k 05, &
Growth rate of the monetary base (concurrent)
0.0516 0.0351 0.0434 (oleyon) 5,80 €5 S
Changes in the unemployment rate (concurrent)
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Exchange rate growth rate (concurrent)
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Ratio of government revenue to GDP (concurrent)
0.0301 0 0.015 (Oleen) pyg8 Sl
Inflation acceleration (concurrent)

0.0272 0 0.0136 N )

Inflation acceleration (lag 1)
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GDP growth (lag 1)

(V aidg) o)l g b ax o

0.0155 0.007 0.0112
Degree of trade openness (lag 1)
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0.0165 0 0.0083 QO 4.&3:5) Bl Al adgs 4 Cdgo el ye cos
Ratio of government revenue to GDP (lag 1)
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Changes in the degree of economic freedom (lag 1)
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import pandas as pd

import numpy as np

import io

from sklearn.ensemble import RandomForestRegressor

from xgboost import XGBRegressor

from sklearn.metrics import mean_squared_error, mean_absolute_error
import matplotlib.pyplot as plt

import seaborn as sns

= Wloods s Sy loitone o> loosls —— #
raw_data_csv =

year,GDP_growth,Deposit_Rate,CPl,Exchange_Rate,MoneyBase,Government_expenditure,Government_Revenue,Population,Unemployment,investment,Degree_economic

_freedom,Trade_Openness
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Yo 0A2YY) 10,4V .Y0A8Y ) - YOFY ANFY - - AOFAYYFe e enen AZSYZAARAARR AR AMANEE (AR VS F4 SRR JSEAY- Y0NS

YoV LY Y0AY NN VADARPYY AYY S N YO e« Ve YOAYF e e eeenes AR ARAAVARAA WA ARA R SRS o A R JEAFAOYAYEY
FYEVAVY 0N 0F ALYV ATYY S AT e e e AYYOAVS e e eeenenn SOAPYY YAVAATYY Y - VY FOARPYY e e eenns SV FAAZOFIY-Y Y

YAV Y0A8Y 00,7 - ADAREYY YEYYY.ON O VAY -« N OFYAQF e e e v veen OARPYYIYAPYO00,) - AN FOOVYOAYS e e v eevenn RAR ARV LYY

Y F,FOAPYY N0, F - YOAALY,YZO) - YOAAFYY « JAAFFYY . evevenen LANDEAY A FETYVOY, ) - YOFO00FOY e v v everen VAT AYOAVS
VAVEYANAYYY.OAPYY, YA VL FAIVAYYY S o e VAFYYYY e eeeenns SYOARPYY ANY e v e e N VFYL FOARPYY oot YO YOAPY-Y V0
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YooYV, Y.OAPYY,Y - 0, AOY.FOARLY,FY -« - VAAYPFANYOAQASPY v v e e v OAPYYV Qe eeenn AV WA A Y\ SV R OV LY FAPYYY
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gdp_data_csv = """'Data Source,World Development Indicators

Last Updated,12/22/2023

"Year","GDP (current US$)"
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try:
= o 3luo (g5lweslel .V —— #

df_raw = pd.read_csv(io.StringlO(raw_data_csv))
df_gdp = pd.read_csv(io.StringlO(gdp_data_csv), skiprows=4, names=['year', 'nominal_gdp'T)

- u)bd.u r:LoJ |al>':j| Y —#

df_raw['year] = df_raw['year].astype(int)
df_gdp['year] = df_gdp['yearT].astype(int)
df = pd.merge(df_raw, df_gdp, on="year")
df.set_index('year', inplace=True)

model_df = pd.DataFrame(index=df.index)

model_df['GDP_growth'] = df{'GDP_growth']

model_df['Trade_Openness'] = df[ Trade_Openness’]

model_df['Gov_Rev_to_GDP'] = (df['Government_Revenue'] / df['nominal_gdp'T) * 100

model_df['D_Log_Exchange_Rate'] = np.log(df['Exchange_Rate").diff ()
model_df['D_Log_MoneyBase'] = np.log(df['MoneyBase']).diff ()
model_df['D_Unemployment'] = df['Unemployment].diff ()
model_df['D_Log_investment’] = np.log(df['investmentT).diff ()
model_df['D_Degree_economic_freedom'] = df['Degree_economic_freedom'].diff()
df['Gov_Exp_to_GDP'] = (df['Government_expenditure’] / df['nominal_gdp']) * 100
model_df['D_Gov_Exp_to_GDP'] = df{'Gov_Exp_to_GDP"].diff()
model_df['D2_Deposit_Rate'] = df['Deposit_Rate'].diff().diff )
model_df['D2_Log_CPI'] = np.log(df['CPI']).diff().diff()

— Gl sl ol ool dsgerme cll Y —— #
p=1

q=1

y = model_df['GDP_growth']

X_exog = model_df.drop('GDP_growth', axis=1)
final_X_features = pd.DataFrame(index=model_df.index)
foriinrange(, p + 1):
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final_X_features[f'GDP_growth_lag_{i}1 = y.shift(i)
for col in X_exog.columns:

foriinrange(q + 1):
final_X_features[f'{col}_lag_{i}] = X_exog][col].shift(i)

final_data = pd.concat([y, final_X_features], axis=1).dropna()

y_final = final_data[ GDP_growth']
X_final = final_data.drop('GDP_growth', axis=1)

- 0305] 9 Ujeel 4 ool Sloj punnis F — #
train_end_year = 2015

X_train = X_final.loc[:train_end_year]

y_train = y_final.loc[:train_end_year]

X_test = X_final.loc[train_end_year+1:]

y_test =y_final.loc[train_end_year+1:]

s oyl 5 el & — #
results_list [1-
models } =

'Random Forest': RandomForestRegressor(n_estimators=100, random_state=42),

'XGBoost': XGBRegressor(n_estimators=100, random_state=42)

{

for name, model in models.items:()
model.fit(X_train, y_train)
preds = model.predict(X_test)
results_list.append} )
'Model': name,
'RMSE": np.sqrt(mean_squared_error(y_test, preds)),
'MAE": mean_absolute_error(y_test, preds)

d

results_df = pd.DataFrame(results_list)

= dwolis Jgax gl £ —#

print("—— (53051 Gloosls (g5, 2) la e o,Shes duslio Jgoz ——")
print(results_df.to_markdown(index=False, floatfmt=".4f"))

Lo Sy Coenl ioled 5 glysial V —— #
pfint\")ﬂbu,f}gg ool - (Feature Importances) ('-—-

Joe 53 8 5l la Sy coeal gl sl #
rf_model = models['Random Forest']
xgh_model = models['’XGBoost']
importances_df = pd.DataFrame} )
'Feature'; X_train.columns,
'Random Forest Importance': rf_model.feature_importances,_

'XGBoost Importance’: xgh_model.feature_importances_

d

ogi \ Loy oz b bwssa!l g5lu Jlo s #
importances_df['Random Forest Importance'] /= importances_df['Random Forest Importance'].sum ()

importances_df['’XGBoost Importance'] /= importances_df[’X GBoost Importance'].sum()

ol (Sl Gulsl 1 (55luscd e #
importances_df['Average Importance'] = importances_df[['Random Forest Importance', 'XGBoost Importance']]. mean(axis=1)
importances_df = importances_df.sort_values(by='Average Importance’, ascending=False).reset_index(drop=True)

print(importances_df[['Feature’, 'Random Forest Importance', '’XGBoost Importance', ‘Average Importance']].to_markdown(index=False, floatfmt=".4f"))

b Ty Connl Jlosed puwy A H#
plt.figure(figsize=(12, 10))

P Shs Ve Sl #

top_features = importances_df.head (\ +)
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o2 LS s 5 sl ools bas #
plot_df = pd.melt(top_features, id_vars="Feature,"
value_vars=['Random Forest Importance', "XGBoost Importance,

var_name="Model', value_name='Importance('

sns.barplot(data=plot_df, x="Importance’, y="Feature', hue='"Model', palette="viridis')
pittitley Solas JSix slaJoe ,0 iy (Shs Ve Cuosdl awslis') XGBoost('
plt.xlabel(‘oas Jbo 5 Caonl o)l5ue’)

pltylabel (' (uie) Sig)

plt.legend)title(’ Joo'=

plt.tight_layout()

plt.savefig(‘feature_importances_comparison.png')
print\")n" Ll o b 559 Cueal jlogeifeature_importances_comparison.png (.o o -3 '

except Exception as e:

print)f:sls &, o litie e (glas " {e3("

import pandas as pd

import numpy as np

import statsmodels.api as sm
import io

——— Wilodds ds oS » ;LQ.:-E-A.-M.A taL‘> 6Lmao\o —#

(Sgdgos 00l iuled el jlazs glyy g aszuse (LS oS ale beools) #
raw_data_csv

ic_freedom, Trade_Openness
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VAAV,Y - FA0,000 VY FOY, VALY VALY, F - VFAY,O0AAYY Do v e v e v e SOFYYALYOFPEY Y, - - OV, AAVAVAA e v vt JAZYOYFAAY
VAAAYIYVAY N QY AQAFFEAVAY.A,FAM YL 2OFYY e v e e eees JAEOFFEYEFATAN - XYOANYYFQFe e vevens Jyayyyvasyay

1299,) . - YYARN FLY VL FEYAY, A VAT YOFA0,7 - VOOA O \YEOF e e e e v e e AGAVY Y 2OFFOYALN Y AAY N OFOFQ e e e e v RERAR SN ¢
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Yo VL Y OMDOYNY.E YAATYAYS,VAY - £RAAPZ,AYAAY.H,YAPOF e e v e v e AYOARZFEANYOOT, VY YAT XY IFOA e e e venen RARA R NN 24
AERAAAAZARARARARAAAAATZ A AARAR SR A AR RFILV UiV I RIVSIA R SVARARMERAL A §AVS V4 IR LY FAYAQROY
YooY VAAVYEAVAYADAPN NV AVAY.YE OV N PO - YAANYOAQY e e v eeevee Y VOALEAYYAZAAY < AVD,OARFYY e e e eenee V0,07 FA8YY
Yo FFA VAN YA FEFYSVEY AVYY AZY - VALY IVAOY N OFAY Qe e e e evens YOFARR FAASYYOO,) - HFUAVALOF e e e eeeen V0008049

Yo e QXY AMAYANDN 0 AAYYD,A- VATV A YAAFALF,YFOAAY e e e vevens OAYFLYYYYFAYY,) - VYY NV YOAY e v evevens RARWAARRR N
Yo P2 AYEAVN00 07 820AVE,AYYY.A,VOAY - Y VYA Y e eennnn RATN A A RALRTZ) ZE NN ¢/ AL & TR SRR YV FLAAYY LY

Yoo VYYAFOZ NN SV YASYYY AVAV A OVAYAFOAS - - FAAPYYAe e eeeees RATZNAVARA ¢ f4 A R TN TS V4 R RARRAFEIZN A
Yoo A OAAPYY N 0.0, YA0PAAVE,AVYD.0,0PA -« OFAAFIY e e e e v e AVS V2N AR A L VEFARRICE (AR RV 7A) R RARFARIVE A

Yo UVOAPYY N QAVYFAAQY, Y - - OV YADPAQY < « FATY YD v oo eeee JAPFAZAVETYYEALY N VOALYPOAAY e e evenee RARAARAFAV
YoV 0A02Y) 00,4V Y0A2Y,) - YOF .Y AQFY - - AOFIYYFeeevenns AVSYZ) ARAARRAR AT MR (AR FAYS V4 SRR JSEAY-AYOAR

Yo VLY Y0APY NN YADARPYY AYY S N e YD e Ve YOAYF oo venen AV SIASRALVRAARE BN ARY A AR JFEAFALOYAYEY
ARARANARTRIN FAVAR AR AN LRI VA SRR JOAPYY YAYAAEYY Y - VY FOARPYY e e evevens Y FAQPOFI\ Y-V Y
YAV Y0ARPY, 00,7 - ADAREYY,YFYYY.O N O VAV -« NOFYARP e v e e eves OARPYY,YAPYO00,) - N FOL YDAV e evevens RAR ARV

YoV FOAPYY,NA,YF - YOAPY,YFO) - Y AAFYY - VAAFFYY e evevenns R VYN AR IV 5 & A SRR AVRATATAL fA) U JVAFYAYOAYS
VOVEYONAYVYYAAQLYY, YAV ) FIFAYYYS e o e JAFYYYY e veevenenn NOAEYY ANY el e N VEL FOAAPYY e eenn YO,F- YOARPY- Y10
YVPAYEAYOANAYAV.AZE - AEYPFEVYVEYAYPOA - - YOARPYY oo eenens RN ARV WASARLFANE SURR A AV S V4 i IR YR YADALYY
YAV Y2AA0Y YN0,V Y VAOYASY, FYAQ Y ¥V .« YPAAQY Y oo v eeenns AQAYEOT AYAYAVZA, N ) FOAYOAAPYY e v e en e ERRRARR VS
YXYPAAOY N O,FFF.YOAQPY,FY -« - YAQPA . - FOAQPYY e vevenenn AOFAYYZAOYOANYANY.YPRNOAAPYY e e e evevnn BN YAYVYAYY-Y VA
VYDAEY N DY P OAPYY,FY -« - FEYAYA- DARPYY Voo evenn JOAAFYY AFOYVOAY, N - XPANYOASY e e evevens JAUAY 0PV 04
ARA R A B 1AV S VIRVV VAL SRR AV S VR 4 ERRAATA ISR W VAL R Y SANOFIY AV e e AFOANYOARF e e v RAARRFISIARE

YoV LEVAYOALNANYFOAQPYY Y FY - -« SEPFYYVAVENVOAc e eveveen SOAEYY AYYYFIZA0Y0NVYOAQY e e evevens RAARAFAVING]

'year,GDP_growth,Deposit_Rate,CPI,Exchange_Rate,MoneyBase,Government_expenditure,Government_Revenue,Population,Unemployment,investment,Degree_econom
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YoYY,Y.OAAPYY,Y <0, AT . FOARPY,FY -« - VAAVFFANTYOAAPY e e v e e v e e OAPYYY Qe eveen AFVAYYOAS e e ene 000, YFAPYYY
ARAAIPE VA R AR A SR AR R AL 4 W A IVIAL VAV RIR FA VA S JFOARPYY, A £ AVIFAYYRAOAAPYY e e e e VA YPANNYYF
gdp_data_csv = """Data Source,World Development Indicators

Last Updated,12/22/2023

"Year","GDP (current US$)"
ETEWS C PO

IEEE 2 A I
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try:
Lo 3lus (g5lweslel N —— #

df_raw = pd.read_csv(io.StringlO(raw_data_csv))
df_gdp = pd.read_csv(io.StringlO(gdp_data_csv), skiprows=4, names=['year', 'nominal_gdp'])

- oMo plas el ¥ — #
df_raw['year'] = df_raw['year'].astype(int)
df_gdp['year] = df_gdp['yearT.astype(int)
df = pd.merge(df_raw, df_gdp, on="year")
df.set_index(‘year', inplace=True)

model_df = pd.DataFrame(index=df.index)

model_df['GDP_growth'] = df['GDP_growth’]

model_df['Trade_Openness'] = df['Trade_Openness']

model_df['Gov_Rev_to_GDP'] = (df['Government_Revenue'] / df['nominal_gdp']) * 100

model_df['D_Log_Exchange_Rate’] = np.log(df['Exchange_Rate']).diff ()
model_df['D_Log_MoneyBase'] = np.log(df['MoneyBase']).diff ()
model_df['D_Unemployment'] = df['Unemployment’].diff ()
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model_df['D_Log_investment] = np.log(df['investment).diff ()

model_df['D_Degree_economic_freedom'] = df'Degree_economic_freedom'].diff()
df['Gov_Exp_to_GDP'] = (df['Government_expenditure] / df['nominal_gdp]) * 100
model_df['D_Gov_Exp_to_GDP'] = df['Gov_Exp_to_GDP'].diff()
model_df['D2_Deposit_Rate'] = df['Deposit_Rate'].diff().diff ()
model_df['D2_Log_CPI'] = np.log(df['CPI']).diff().diff ()

adgl Joo o3le ¥ — #ARDL-— (V ,))
p=1

q=1

y = model_df[ GDP_growth"]

X_exog = model_df.drop('GDP_growth', axis=1)
final_X = pd.DataFrame(index=model_df.index)

foriinrange(1, p +1):
final_X[f'GDP_growth_lag_{i}"] = y.shift(i)
for col in X_exog.columns:
foriinrange(q + 1):
final_X[f'{col}_lag_{i}7 = X_exog[col].shift(i)

polie B3> # NaN
final_data = pd.concat([y, final_X], axis=1).dropna()

y_final = final_data['GDP_growth']
X_final = final_data.drop('GDP_growth', axis=1)

- e 4 a8 4 a5 i anT S gl F - #
alpha=0.1
features = list(X_final.columns)

while len(features) > 0:
X_const = sm.add_constant(X_final[features])
model = sm.OLS(y_final, X_const).fit()
p_values = model.pvalues

p_values_features = p_values.drop(‘const’, errors="ignore’)
if p_values_features.empty:
break

feature_to_remove = p_values_features.idxmax()

max_p_value = p_values_features.max()

if max_p_value > alpha:
features.remove(feature_to_remove)
else:
break

w2l S Ghaled 5 0pslp 0 #

print("—— (0,50 JS (51, (cmimolamdl argy ol Jow s —")

if features:
X_final_model = sm.add_constant(X_final[features])
final_parsimonious_model = sm.OLS(y_final, X_final_model).fit()
print(final_parsimonious_model.summary())

else:

print(".azs cdl ol Joe Cile glp ylobine yiie mn')

except Exception as e:

printyf:sls &, o ke e glas " {e3("

Omlilo 5yl Ju

import pandas as pd

import numpy as np

import io

from sklearn.ensemble import RandomForestRegressor

from xgboost import XGBRegressor

from sklearn.metrics import mean_squared_error, mean_absolute_error
from sklearn.preprocessing import StandardScaler

import matplotlib.pyplot as plt

import seaborn as sns
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Wl Al oS 3 Losditens pls (slacols — #
raw_data_csv =

“““ 'year,GDP_growth,Deposit_Rate,CPI,Exchange_Rate,MoneyBase,Government_expenditure,Government_Revenue,Population,Unemployment,investment,Degree_economic_freed
om,Trade_Openness

1AL, Y.V AVAAY N O Y FAYZOAZY.OY Y VY AATY, 00T VAT e e e v LOFA,00AAZAT Y NV Y YPAYYA v e v e e e AYARAARLANAT

IRAARR RN R AV AARNL NP AT RRE S L VRV SRR REAARWAKARYS S VN uR IR0\ JA it i 0} S R AARTALIANAERELNS
VEAAYAZNB,0.X VA2 A YPAYAVEY ATYAA N0 XY e oo ees BRI TRV L S VA A IR RNATAA B A SR R A BRI AV AR SV SREENS
\RRAARCEARE AT RVS A AR ARASRAARAvARAL VAR ERY\ 4 & BRI AARRYAFATA ST SV 4 7 M0 A & LR R AT ARAFILArd
VAA0,2.Y0- Y20 0,) - FFAZ VN VFAXD- YEEYEY VY YA VYA A e v eeee JAVOF.APYY 007V, AN D0FFFQ e v e v e AYARRAR AR

VA2 AAMB-AY AN Y AVIOYANVFAAYVFAY D FAVISYA e e v e v JYYOLY,FYAALAAT A FOAYEFOPFF e e n e YAZYYOP0APY
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try:

— Lo 8lus (gjlwosle] N —— H#
df_raw = pd.read_csv(io.StringlO(raw_data_csv))

df_gdp = pd.read_csv(io.StringlO(gdp_data_csv), skiprows=4, names=['year', 'nominal_gdp'])

- u)laM eLu el?u‘ Y —#

df_raw['year] = df_raw['year'].astype(int)
df_gdp['year] = df_gdp['year.astype(int)
df = pd.merge(df_raw, df_gdp, on="year")
df.set_index(‘year', inplace=True)

model_df = pd.DataFrame(index=df.index)

model_df[' GDP_growth'] = df['GDP_growth']

model_df['Trade_Openness'] = df['Trade_Openness']

model_df['Gov_Rev_to_GDP'] = (df['Government_Revenue'] / df['nominal_gdpT) * 100

model_df['D_Log_Exchange_Rate'] = np.log(df['Exchange_Rate').diff ()
model_df['D_Log_MoneyBase'] = np.log(df['MoneyBase']).diff ()
model_df['D_Unemployment'] = df['Unemployment’].diff ()
model_df['D_Log_investment'] = np.log(df['investmentT).diff ()

model_df['D_Degree_economic_freedom'] = df['Degree_economic_freedom'].diff()
df['Gov_Exp_to_GDP'] = (df['Government_expenditure'] / df['nominal_gdp]) * 100
model_df['D_Gov_Exp_to_GDP'] = df['Gov_Exp_to_GDP'].diff()
model_df['D2_Deposit_Rate'] = df['Deposit_Rate"].diff().diff ()
model_df['D2_Log_CPI'] = np.log(df['CPI'T).diff().diff ()

- Gl sl ol ools dsgerme cll ¥ —— #
p=1

q=1

y = model_df['GDP_growth"]

X_exog = model_df.drop('GDP_growth', axis=1)
final_X_features = pd.DataFrame(index=model_df.index)

foriinrange(1, p +1):
final_X_features[fGDP_growth_lag_{i} = y.shift(i)
for col in X_exog.columns:
foriinrange(q + 1):
final_X_features[f'{col}_lag_{i}"] = X_exog][col].shift(i)

final_data = pd.concat([y, final_X_features], axis=1).dropna()

y_final = final_data['GDP_growth']
X_final = final_data.drop('GDP_growth', axis=1)

—— 55051 9 hysel s beosls o s F —— #
train_end_year = 2015
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X_train = X_final.loc[:train_end_year]
y_train = y_final.loc[:train_end_year]
X_test = X_final.loc[train_end_year+1:]
y_test =y _final.loc[train_end_year+1:]
- badas bl s higel O - #
results_list [1-
models } =
'Random Forest': RandomForestRegressor(n_estimators=100, random_state=42),

'XGBoost': XGBRegressor(n_estimators=100, random_state=42)

{

for name, model in models.items:()
model.fit(X_train, y_train)

preds = model.predict(X_test)
results_list.append} )
'Model'; name,
'RMSE": np.sqrt(mean_squared_error(y_test, preds)),

'MAE": mean_absolute_error(y_test, preds)

d

results_df = pd.DataFrame(results_list)

= dwlie Jyox ules £ —#

print("-—- (13051 loosls g, ) o 8,Slas duslio Jgo ——-")
print(results_df.to_markdown(index=False, floatfmt=".4f"))

— b STy Coenl Jule g glznl Y —#
print\"nla 5% 5 oenl —— (Feature Importances) ("-—

Joe 9 8 Sl Sy coeal g2l #
rf_model = models['Random Forest']
xgb_model = models['’XGBoost']
importances_df = pd.DataFrame} )
'Feature’: X_train.columns,
'Random Forest Importance: rf_model.feature_importances,_

'XGBoost Importance’: xgh_model.feature_importances_

A

39\ Loyl oz b bowesl g5lo b #
importances_df['Random Forest Importance’] /= importances_df['Random Forest Importance'].sum ()

importances_df['’XGBoost Importance'] /= importances_df[" X GBoost Importance’].sum()

Sl :Silie bl g5lcs o #
importances_df['Average Importance'] = importances_df[['Random Forest Importance’, XGBoost Importance']].mean(axis=1)
importances_df = importances_df.sort_values(by='Average Importance’, ascending=False).reset_index(drop=True)

print(importances_df[['Feature’, 'Random Forest Importance', "XGBoost Importance', 'Average Importance']].to_markdown(index=False, floatfmt=".4f"))

b Ty Coesl o0 puw s A H#
plt.figure(figsize=(12, 10))

P Sis \ Sll #
top_features = importances_df.head(\ )

o2 LS o (gl 00ls o #
plot_df = pd.melt(top_features, id_vars='"Feature,’
value_vars=['Random Forest Importance’, 'XGBoost Importance',
var_name="Model', value_name='Importance ('
sns.barplot(data=plot_df, x="Importance’, y="Feature', hue="Model', palette="viridis')
plttitley olay JSKim sloJoe 48 jp Sy )V Coonl dylis') XGBoOSE(
plt.xlabel (‘oo Jlo 5 ool yl5ma')

pltylabel (' uiie) (S5
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plt.legend)title(’ Jow'=
plt.tight_layout()

plt.savefig(‘feature_importances_comparison.png’)
print\")n" LB ;o o 59 cueal lsgesfeature_importances_comparison.png (.o o 53 '

except Exception as e:

print)f:sls &, o ke e las " {e3("




