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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

Heywords: metrics. The results indicate that machine learning models exhibit superior predictive performance,
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Forecasting with Random Forest emerging as the most accurate model. Furthermore, feature importance analysis
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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.
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1. Introduction

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
levels of uncertainty characterizing Iran’s macroeconomic

environment, this gap is particularly consequential for both
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?

The primary innovation and contribution of this study lie
precisely in filling this gap in the literature. For the first
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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.

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
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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 wuncovers 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 g (Sl g,k Sle) Clresgs iie ol RS
Reliable global source Explanations (Theoretical Foundations of Selection) Variable Classification
Sl St 9aS soladl a9 o ,Sles sioviw sl Lol (axli i Ll allsb oy o, awly iie
The main indicator for measuring the country's economic performance Dependent
World Bank Real Gdp Growth -
and growth variable
SIS GLe o Slagonad 5 a5 Joy ol I3l g slo s aiy s 51 paslis
Jo ellins Bgare el NS 5T 03yt dgus £
IMF An index of the cost of capital and a monetary policy tool that affects Deposit interest rate
investment decisions.
§ Sl px> 45 (655 40 SOb (Joy sl padins oailes Uy el
Js Mol Bgaso el S5 golazil slacollad oI b Mﬁinetar;
IMF A direct representative of the central bank's monetary policies that Monetary base policy
affects the money supply and economic activities.
Ay g Tl s a4y ( Gluebll sl b wilgs go LS o 9 YU 65
Sk Sb &3 aekal golazil Py
World Bank High and unstable inflation can harm investment and economic growth Inflation
by creating uncertainty.
9 gl parass g oS oo Sonlei ) cdgs Jb ol ol N o] e
. . 2dgo sl e g z )5 .
I Hellom Bgare il 5l golazdl ws, ’ S Sl Zeles
IMF B Government expenses and Fiscal poli
They represent the dimensions of the government's fiscal policies and revenues 1scal policy
affect resource allocation and economic growth.
Sl St ol Sy golaidl wd,y (ol slajgige 5l (S asloju el )3l
) Capital accumulation is one of the main drivers of long-term economic .
World Bank Investment
growth.
. . solawl (sadgs slacad b 5l sloansles ¢ )15 1L cwodl goudS asls
JLJ;.')G'LQ’?‘—{-‘[% Gds slacad,b sl ot led 5,157 15 P 2> N sl
. ) S0 98
(LO pais ol oLzl o oot SR Ty
World Bani& (ILO) It is a key indicator of labor market health and a representation of Unemployment rate ool
unused productive capacities in the economy. Structural and
. e i g . . e institutional
i w hS 5 il og 5L Sl Bgi> o9 CoaS> 3l oS 5 paSls ]
T R oL slgs olaidl golsl az o
The Heritage ¢ E ic Freed
Foundation An index combining rule of law, property rights, market openness, and conomic Freedom
institutional efficiency.
F5e 6l Aoy Slowaai 9 ()8 SRl 5 85 G35 el S
I Melloms Bgare RO shes
IMF A key price that affects business competitiveness and investment Exchange rate
decisions. B e
b ,5iS G Jols olyae oais 5Lis GDP 4y &lslg § ol ol gg02xe Foreign Section
Sl Sk el Sl sl 6 ooy b az e
World Bank Degree of trade openness

The total exports and imports to GDP indicate the level of a country's
engagement with the global economy.
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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 S AL g s,
Gross domestic product growth
(1) 0.0634 0.0000 0.4884 Sl o9 5l ey
Trade openness
(1) 0.0032 0.0129 0.8034 o35 O3 T
Deposit interest rate
I(1) 0.0000 0.035 1.000 £
Inflation
N
1(0) 0.0000 0.0000 0.0196 »er
Exchange rate
1(0) 0.0000 0.8034 0.0001 I b
Monetary base
12) 0.0002 0.1984 0.4021 SIS alor
Investment
1(0) 0.0001 0.0004 0.0049 S5 gy
Unemployment rate
=3 golsl
(1) 0.3403 0.0002 0.6262 @obal goljl az o
Degree of economic freedom
(1) 0.0000 0.0000 0.7256 o gy
Government expenditure
12) 0.0000 0.3455 0.3007 o sloaals

Government revenues
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1. Ensemble Learning

2. Breiman

3. Decision Tree

4. Bagging (Bootstrap Aggregating)
5. Overfitting
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Table 3. Final results of the optimized econometric
model
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Standard error Prob

Variable

Coefficient
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-3.460 2.200 0.129

Constant
(Vaidy) Jon by w2,
Base money growth

(lag 1)
LS)K:-.' C):' u‘)“-‘-"
(Ol o)
Changes in

unemployment rate
(concurrent)

L;.Jl)'] ol Jeves)
(lezon) solasil
Changes in economic
freedom (concurrent)
;5‘31)"‘ ol | S
() 4adg) golazdl
Changes in economic
freedom (lag 1)
00 s S £ 55 SLLL
() addg)
Deposit interest rate
acceleration (lag 1)
(Olosed) o5 Sl
Inflation acceleration
(concurrent)

QREPFIERE
Inflation acceleration
(lag 1)

31.880 9.870 0.004

-0.830 0.470 0.092

0.650 0.160 0.000

-0.610 0.220 0.010

-1.000 0.480 0.050

-8.740 4.480 0.064

-9.230 5.210 0.090
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. Chen & Guestrin

. 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
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Value Static

Adjusted R-squared
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F-statistic

0.542

5.909 (0.000592)

09y 90 o)L
Durbin-Watson Statistic

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

RMSE MAE Joe
Model
3.6645 2.8628 Holad J5
Random forest
3.7694 3.1202 XGBoost
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1. Scikit-learn
2. XGBoost (library)
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Table 6. Ranking the importance of features in machine learning models
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Importance in the Random Forest ~ Importance in the Gradient . .
. Average importance Variable
model Boosting model
(Gloyer) Ll LallBb adss 4 cdgs 7, s Ol yis
0.134 0.5605 0.3473 Changes in the ratio of government expenditures to GDP
(concurrent)
0.1556 0.0918 0.1237 (Olejen) oladl g3lil az,3 S ts
Changes in the degree of economic freedom (concurrent)
0.0543 0.1418 0.098 (O a8 )50 &5 e
Changes in the unemployment rate (lag 1)
0.1259 0.0205 0.0732 () i) 030 290 £ 2
Acceleration of deposit interest rate (lag 1)
0.096 0.0254 0.0607 N
Growth rate of the monetary base (lag 1)
0.0732 0.0468 0.06 (Olesen) o &y 25, 25
Growth rate of the monetary base (concurrent)
0.0516 0.0351 0.0434 (Olesed) ) 5 Sl
Changes in the unemployment rate (concurrent)

0.0508 0.0034 0.0271 (O aidy) NS alepm 05, 25

nvestment growth rate (lag 1)
0.0375 0.006 0.0217 (Olean) )T 4lapm 25, 25

Investment growth rate (concurrent)
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Exchange rate growth rate (lag 1)
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Exchange rate growth rate (concurrent)
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Ratio of government revenue to GDP (concurrent)
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Inflation acceleration (concurrent)

0.0272 0 0.0136 () aidy) 95 oL

Inflation acceleration (lag 1)
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GDP growth (lag 1)
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0.0155 0.007 0.0112
Degree of trade openness (lag 1)
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Degree of trade openness (concurrent)
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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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0.0149 0.0001 0.0075 Changes in the ratio of government expenditures to GDP
(lagl)
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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

= Qilodds dai S 0 loitne o slacols —— #

raw_data_csv =
"""year,GDP_growth,Deposit_Rate,CPI,Exchange Rate,MoneyBase,Government_expenditure,Government_Revenue,Population,Unemployment,investment,Degree_economic
_freedom,Trade_Openness
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1390,5. X0+ 0Y5,10,1 - FFAF 1 I VEAXD - YES YEV IV, YAVYA A ¢ e v v es YAVOFAFYY - 005V, AA5 0905550 ¢+ v e+ RFARIARSA AN
YAAFAAN DAY, Y AVIOYA, N VEAA Y VEAY.AFIVISYA-  + o oo FYYOS Y SYAADAAT,AFOAVESOFES -+ o oo o YASYY.OSOASY
YAAYYF,00,10.01 ) FAT, ) VAY .Y VAGE,F - VFAX AOAAYYA .« v v SOFYY ASTOSFEYY,N ¢ AY,AAVAVRA- ¢ o oo vs YASYOYFAAY
VAGAFYYVOF,) 0,0V ADAFFE, VAT .0, FAVYES FOFYY e v venns YAEDESEVEFATA,) « YOANYTEOF e v vevnen YUY VasTay

1399,).0 - VFAS, F,Y L EFYAY,) VOYYOF0,5+ 100A05V YFATF+ e v v v e AQAYY X FOFEATALN Y AQY, N OFOFD e v v ves X YVAQVELT

Yoo B APEYANY.O,YOAAY VAT, VA4S AADYFAYOYAFASOFFY Y+ oo e v et Vo YPAFSFITAGAY, IV EVAYYIVAF  c oo v v et Fu Y FY.OAASYY
YooV Y .OABOY, N YE YAAFYOYS,VAY - SEAAFS,ATAAT A VAGFAF e v e vn e AYOAREFEANYOOF VY YAFEYVEOA e vevnen SVYF-OY0088

Yo Y VERES L)LY Y YVEVEOVASA Y S FE, YY) S AAVOSY e e v e et NOAAST FVEASIYY N YYY FOAQSY e e vevenne VY FAVAQSOF
Yoo PV AARYYS VYO YABAS YV VL AVAY.Y S OY VS0 PAA N YOARY « o v v vvens Y 0ALEAVVAFAALY - AVO,OAQSYY v v vevnne JF1.0,0Y FARSYY
Yo oF,FAAYA0, VA FEEVSYEY AVET ALY VALY VVABY N OFAY S+ e v vevns YOFAAS SAAFYYOO,) + OFAAVAFOT v veerns FV.0,0A00-3

Yo O NAVAYAN D ,0+ AAYYD,A - YEXEVA - 4, Y AAFADE,YFOARY -+ e v e v e BAAYELYTYYTEOYY,) e VYY) VYDAV e v evvenns JFY.,08 XY FOA
Yo eSS EYEIYNA0 08 ASOAVE,ATYY.OFOAY < ¥ YVO Yo rernnne AYOFFLY,VYVEOFAL,) - FEOATANY v evnernnn JEYY FAAAVY Y

YooV YYAREAS N DN FEVASTYY AYAV N OVAYAFOAS « « FYAFYYA - e vnens AYSATAY VRS YFEV,) - N 0A N BAASY v veevnen K AR PLYIN S
Yo A OARFYY VD, VAOFAAYE,AYYO.0,08A - + DFAAFIY + v eerenn AAREOEYYOFFAA-D, )+ FO, AAVAF e e verrnnn JFYE.0).YOAASY

Yo e 0ARFYY VDAY FFAADY,) - - B).VADSAAY - « SAFY YA« v o v oo YAPEAFAVEYVSASY,) L .OALYSOAAY  « o v v v e v e FYFFAYIFFAA
Yo) e OANEYYYN0,4Y.Y BAAEY,) - YOF.Y ADFY « - AOFIYYS e vervns FAREOFL VYV VEIY) )Y FOFOARFS e vvvnenns FEAFAYOAAS

YUV LY OAEY VO, VABAGFTY YY) YD+ o) e YDAV e e e evvnnn JFOAASELYYABITYA, Y AT FIAFT AT e neents JFEAFLOYAVEY
LA ANARTRIN FETAS ST L 7T PRPIIRE £ /Y SEPR PR SFOARFYY YAYAAFYY, N Y. A Y FOASYY e vvevnen Y FAASOFIY-Y Y
YOIY,LYOAREYNO,Y - ABAGFYY Y EYVY.O 0 AV« « N OFVARS  + + o+ v oo o BAASTYY,YASYAAAD,) - N FABIYOAYE -+« oo oo FY FEYYOALS

Yo EFOAGFTY, N0, - YOARFY YO « XV ATYY - o VAAFEYY o v vennns FAADFIY A FEYVAY,) - YOS O00FOY o cvevvens JFVAFYAYOAVE
VOVEYD,NAFYY BAGFTY, YA VL FIFAYYFS o JAFYYYY veevenns NVOAASTY AV e e e N VEY FOARFYY v ee et YO.F+ YOAASY- Y10
YOS AYEIYOANAYAV.ASE - AF FEEE)VVEYAYFOA -+« YOARSYY v vvvvns AOFAYOAATSVAYSY, Y VE FOAASTY + « oo v v o FYF FADARSYY
YOV FFAABY YN0 VADY ST, FYAR- X ¥V A E oo YEAADY e evveerns AGAVEOEAVATAVE V) FOATOARSYY + v evvvene DA ¥OYVFOAR

Y XFAAOY, N0, FFFYOAQSYFY -« - YA« « FOARFYY v evvrrns AOFAYYS AOYOAIYD, Y FF,NOAAFTY e v e vens BN YAYYAYY- YA
LYOAREYND,EYFOAASTY,FY « o« FEYAVA- DAASYY ) e vvennen VOARFYY AFOVVOAY,) « ¥FR,NYOARFY o v e vveen JFAAY - 0AISY-Y 1
YoV PEYOAAENEADY N FOARE,FY - - DOOYATE,SAADFIT v v e s FAADFIVAVA -+ o o KON, - YOARS o+ oo v o FY.Y,YY.OASTY
YYVLEVAYOALNANYFOASYY) FY - o SEEFVYTAVEIYOA v evvnns FOAETYAAYYYE1S AT,V IYOAAY v vevnes RAARRELVINE
YOYY,Y.OARSYY,Y - 0,0 A0Y. FOAAST,EY « « « VAAVESANYAAAST o v e e e s BAASTYY Qv veve v ALY IVFOARS o e v vt 011 FEAQSTY)
YOPE L AGSTYA YOV F - Y VAEY Y - o ADRBS -+ N FAABY Y e v e vnens JFOAASTY, A £ AVIF,AXYE N OARFYY e o vnnns DY YAV E
gdp_data_csv = """Data Source,World Development Indicators

Last Updated,12/22/2023

"Year","GDP (current US$)"
199),0YQ e eeeeen

YT,V e evooeen
VQQY SN e oo
[EEE XN 2 X
1990, VEQe e wvenns
[EET KT DI
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139V, QY e eeennn
194,990 e e eeeee
1999,8QV e e eveen
YeooNeVeoononnn .

—=
>

-t
&
=

—“ t €« t <t —t < =

Yo NV, FFAeeeeonnnn
YAV SOV e eeoooone
LR N RN .
Yo EFSFQecvoccnnn
Yo VOYAFeeeeeennn
[ R YA L RN
YNV, EDAe v vevnnn
Yo VAYAB e eveeenes

try:
= Lo il gjluoolel Y —— #

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'])

- oM ples plmil ¥ —— #

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_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()
model_df['D_Log_investment'] = np.log(df]'investment']).diff()
model_df['D_Degree_economic_freedom'] = df'Degree_economic_freedom'].diff()
dff'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'] = dff'Deposit_Rate'].diff().diff()

model dff'D2_Log_CPI'] = np.log(df['CPI')).diff().diff()

= Gl 6l ol ool acgaze il ¥ — #
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)

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

for i in range(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)

- o3e3] 5 Sgel 4 ool Sloj s F - #
train_end_year = 2015
X_train = X_final.loc[:train_end_year]

_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:]

= ladae byl g Ghysel & — #
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)
resultsilist.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 Jgo oles £ #

print("—— (Q,,a)‘i ool 53, ) b Jaw o Slas duslie Jgax "
print(results_df.to_markdown(index=False, floatfmt=".4f"))

= o S5y ol Linles 5 zlysel ¥V - #
print\" Nl 559 Coenl - (Feature Importances) (-

Joe 93 50 5l o S5 Cuanl 2l el #
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': xgb_model.feature_importances_

d

Sgu LmoT oz b laceeal 3l Jbo s #
importances_df['Random Forest Importance'] /= importances_df['Random Forest Importance'].sum ()

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

Cnpl 5Nl oll 2 (3l po H#
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 S5y Coenl Hlogei pw i A —— #

plt.figure(figsize=(12, 10))

Fr Se Ve Ll #

top_features = importances_df.head(\ +)
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o2 1S a5 (sl ool oo #
plot_df = pd.melt(top_features, id_vars='Feature,"
value_vars=['"Random Forest Importance', 'XGBoost Importance'],

\ '
var_name="Model', value_name="Tmportance(

sns.barplot(data=plot_df, x='"Tmportance', y='Feature', hue="Model', palette='viridis')
plttitles Bolas JSo> sloJoe 10 5p Sy Ve Cuonl 4slis") XGBoost ('
plt.xlabel('c\.\..i,JLA).‘. Coot! Ql}:.a')

plt.ylabel ( (ie) Sy

pltAlegend)title('J.u':

plt.tight_layout()

plt.savefig('feature_importances_comparison.png')
rint\")n' LG ;o o 55s Cuesl losaifeature importances_comparison.png (.o o 55
p! | 9 el o5l > _imp _Comp: png >

except Exception as e:

print)fisls &, o latie i (las " {e} ("

import pandas as pd

import numpy as np

import statsmodels.api as sm
import io

= Wlowd asd oS 0 Lo_..a...,.,« o5 laools — #
(S s 03l iolad Lty jlais| gl 5 siien (L3 05 auile baools) #
raw_data_csv =

"""year,GDP_growth,Deposit_Rate,CPI,Exchange Rate,MoneyBase,Government_expenditure,Government_Revenue,Population,Unemployment,investment,Degree_econom
ic_freedom,Trade_Openness

1291, P YAVAAY VO, Y FAYFOA LY OY VYT AAYY,A0YVIY e e e v v LOFAA00ALAY Y NV YYPAYYA e e e e ArARAARANAY
\RAARRRRTRAVSAARFZIN AN AIRER K4V RYNARRERER REARRWNARPN S VA SRR A i § fA) PR e Fravayy-vaay
VEAAYAZN DO VVAZAYEAVAVEY AYYAN0) ¥V e vevee RIQERFAL S VA A EFAAA R & FALY A SR AE AR RV SRELNY

ARSA AR SRR (RIW AV AR ARASRRAARAFANAL VA DRI S R RAARY S AT RYLVIR KR i . i AL & S R IR ArARAFZESLv4
1290,2.Y0-0Y2,00,) - FFAZ VA VFAYO - YEEYEY AV YAV YA A e ee e XAYOFA LYY 08PV, QA8 0008880« v e v XEAYONFEYTD
YA92AAND-AY NNV AVIAYVANYEAL YV FATY A, FIVISYA e e en SYYOPY,FYANDRAY,AFOAYEPOPEF e e en e JAFXYOPOAPY

1AV, Y E 00,00V FAY, VALY VARY, F - Y FAY,A0AAVY D« ¢ o o+« - SOFYY ALYOPEEYN,) - - OV,AAVAVAAL « oo oo« VAL VDY FAAY
VRAATFYYVOT D,V AQLEE, N VOY ., FANYE L 2OFTY e e v YARPOFLEVELATAN - YOANYYSOF e e evenen Jyaxyyvasyay

12991 - YYAL N FLY VL EFYAV, I VAY.YOFAN,2 - VOO AP YFOFe e o e v et AAYY Y POFFOYALN VAV N AFAFD e v e e e e e Y Yv.AQYeoT

Yoo 0 APEYANY.O,YOAAYIAY,YAQZ N ADYPA YO AT ALOFYYY e e vt e ARA AT S22 VARE FA LR AR R I SRR ARRRAFISI Al
YLV OADAYNY.F YAATYOYS YAY - £2AAPF AYARY D, VARPAF e ¢ e v e cOVYOAEEEANYOOE NV VAT YYIEOA e v e e BV Y FCOYOOFF
ARRAAA S (XARAR AL ARAAA RSN A RS & SR A ARRFLVAT\ 4 SRR RIVSTA Rl S VAR ANMARAAN (VS T4 R RARAZNILYINg
YooY VAAVYEAYOYABAS NNV VAVAY.YZ- AV N PO - YAANYOAQY e oo evevee AERTVAFZSRATZ VRIS T4 i R V0,07 .FAA8YY
Yo F R0V YA FEFYEVEY AVEY ASY - VALY AVAOY N OFAVA e e e v e e < YOFAQZ LAAPYY OO, - HFAUAVASOS e e v e v eens 1V .0,0A080-9

YO X AAMAYANDN B0 AAVYD, A YEXFVD- A YAATALE,YFOAQY e e e vveees FYSYARRAL AR A ANMERAA MR IV TR RARFNARRR AN
Y 2L EYEINNON 0P APOAVEATVYY O YOAY - Yo YVDYeevennnn AYOFFLY YYVAOTALY - FPO,NYA Yoo eveenen YV FUAAVY LY

YooV Y YAQFAZN O FYVAPYYY,AYAV A OVAYAFOAS - - FYAFYYA e e veee AYPAYAY,YEZ - YEEY N - AOANOAASY e e e eveees RARAAF VNG
Yoo A DAPYY N O, VAAPAAYEAVYA.0,0PA « AFAATIY e o v e e e e e VARPOFY,VOFYAA- 0,1 - - FO,VAAVAF e o v e e v e FYF,01.Y0AQPY
YUV OARPYYNOAVYFAALY, ) - - OV VAL FARY <« FATY VA e e e vves JAYEOPAVETYVFASY NV OARYFOAQY e v evvnnn RARATARAFAYN

Yo o 0A8YYYN0,AV.Y0A8Y ) - YOF.Y ANFY -« AOFITYEe e e v v YARLAFLYVINEATI Y- FOYOARPT e e e v e e FEAF - AYOAQS
ARRRRATVSTA R RRV I ST 0 M1 A SRR FAEEEIRE FAVAA SRR AV VAARAAVARAS R AR A AR AR ) R JSEAFAOYAVEY
ARARARNARTRTA FLVAR AR L FAINE L ERRERE AV A SRR SOAPYY,VAVAATYY A Y AV FOAQPYY oo veenen Y FAARAFIY-Y Y
YY) Y0ARPY, 0,7 - ADAREYY,YFYYY.O VAV - - NOFYAQS e v e e vene LOAPYY Y YAZYO00,) c N FABIYOAVS e eevens RARCARIVSYS

Yo E R OAPYY N0,V F- YOALY,YEON - Y AAFYY c NAAFFYY v e et SAARFIV A FETYVAY,) - YOF,000F0Y e e e e e e v o FYAFYAVOAVS
VOVEYD,NATYY.OAPYY, YA 1L FAIVA TS e VAFYYYY e eveenens YOAFPYY AN el e RERA AR VSt i R YO,F- YOAPY-Y N0
YAZAYEAVOANAYAVALF- A XPEFVYVEYAYSOA: - - YOARPYY v eeeenen AOFIYOAAYANAYEY Y.V FLYOAPYY e e e eene YR YALAARYY
YV, F2AAOY YN,V IVALTASY, FYAQ - X XY IF. -« YPAADY Y e v e e ene AQAVEOFAYAYAYEAN Y FOAYOAQPYY e v e e e et BV VDYV FOAR
YXFAAOY, N A, FFEYOARLY,FY -« - FAOFA - FOASYY v e ennn ABFAYYEAOYOANYDNYFPANOAGPYY e v eevens O YAYVAYY- Y- \A
VYOAREY N O P YFOAAPYY,FY o« FEYAVA OAQPYY e e eveveen YOAEYY AFAVYOAY, Y - YPANYOAQPY e e eenes JFAAYN0ARPY-Y ]
YoV Y XVOAL N2 AT NFOAALEY - - DOOYAYE PANOFIY e e e evee LANOFIYAYVR e et AFOAN - YOAAF e enes RAARAFISIAR

YoV L EVAYOALNANYFOAPYY Y FY - SEEFYYYAVEIVOA e v e e LOAPYY AAYYYFAZ,A0Y0,0 ) YOARY e e v e vs ERAARRFLVNA R
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TOYYYOAISYY,Y .0, AOY EOAGSY,EY - - VAAYEEA, N TOAASY oo v v vt QAASTTY Qe v vvnn s A FL,IVYOAAS oo e e o )1 FFARFYY)
YOYY, ) AQFTYA,YY A F - YAAFYA,ET - o ADADS - N FAADY Y e evvnnns JFOAIFTY, Q-5 AVVE ATFE N OASYY e evvnn BN ¥PANOYYE

gdp_data_csv = """Data Source, World Development Indicators
Last Updated,12/22/2023

"Year","GDP (current US$)"
129),0Y Qe e e ennnn

1Y FY Ve eooonnn
YAQY,FFAe v eenn
1AAE,AY Qe oo eeenn
1A90,VEQe e evven
(LT o P
Vaav,ave
1994,240
199,90V ¢ e e eeenn
YeooNeVooooonnnn
Yool N Aeeeoenens

BRI SRR
BRR A o RPN

< « 4« « «« t « <t «t « « <t <« |« <« < < < <« — — =
e .
B
o

try:
Lo Blos (gluoslel 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'])

— Mhas ples pll 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_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_dff'D2_Log_CPI'] = np.log(dfl'CPI']).diff().diff()

adgl Jaw cls ¥ ——- # ARDL-— () ,))
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)

for i in range(1, p + 1):
final_X[fGDP_growth_lag {i}'] = y.shift(i)
for col in X_exog.columns:
for i in range(q + 1):
final_X[f'{col} lag {i}']=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 @ o8 @ plS B an] b ol o 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

s 2l Joe led 5 05l b #

print("——— (0,55 S g1, (memolazdl angy oles Joo mls ——")

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(".os cdb el Jae colo 6l g ol e @fa")

except Exception as e:

print)f:ls &, o litie né las " {e} ("

Glo (5 S0l Joo

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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= Wloald di oS )0 Lo.:_b-u.a o5 laosls — #
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

131, .YAVAAY,) 0,F FAFFOASY.OY IV AATY BOYVAIY -« v v $AF34,089AFAF), 11 YYSAYYA o v v s X FEAAFIVY

VEVY VN0 FXAYY YL SOBFVAFY Y - F e $AAY OB« c v v e AYVLOF VAFAAY, ) - SOY ¥ YYAYF e e et Y0 F. ravayy-yaay
VEAAYAS,N 0,01 148, YFA - VAYSY N FVA,N0) YV Y e eeveen AETO NSV EYOFY,) - OFY FYVORFY e v e s RV AR IR SV SREL
VAAE,YF- 1 F0,0 0,5 9AVE)VE VELLVEVYS, I VAFAY,Y - c08F) o e e v e YYV - A S1AY-09A,) - FFAYYOFRA v vv v s T ARAWILIN 72
YA90,5.X0- OVF,10,) - FFAS 1, IVEAYD - YEEYEYIVF YAV YA A« v oo v XAVOFAEYY - 00FY,4 A5 0005550 v v e+ XA XONFEYED
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try:
Lo 3loo (gjluoslel 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'])

—— oM pled el ¥ —— #
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_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()

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()

—— il dae sl ol 0ols acgaze el 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)

for i in range(1, p + 1):
final_X_features[fGDP_growth_lag {i}'] = y.shift(i)

for col in X_exog.columns:

for i in range(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)

= 03e5] 5 Ljsel 4 Laesls Sy 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=1y final.loc[train_end_year+1:]
= s gl 5 Giigel B #
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)
rcsultsilistappcnd} )
"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)

- dlie Jgax ol £ —#

print("——— (Oi‘)] slrosls (59, 1) b Jos o, Slas duslin Joux "y
print(results_df.to_markdown(index=False, floatfmt=".4f"))

o Sg Conl Sioles g sl ¥ - #
print\" )“L“«.;}lﬁ oot -—— (Feature Importances) -

e 59 58 5l b Fhs coenl gl Sl #
rf_model = models['Random Forest']
xgb_model = models['’XGBoost']
importances_df = pd.DataF rame} )
"Feature': X_train.columns,
"Random Forest Importance’: rf model.feature_importances,_

'XGBoost Importance': xgb_model.feature_importances_

d

355V o] gez b lacesal gjlo b #
importances_df['Random Forest Importance'] /= importances_df['Random Forest Importance'].sum()

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

ol (p:Sile ol 3 (g5l 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=".4{"))

= o S5y Caedl Jogei paa i A - #
plt.figure(figsize=(12, 10))
P Sy ) Sl #

top_features = importances_df.head () +)

o2 LS w3 gl edls o #
plot_df = pd.melt(top_features, id_vars='Feature,’
value_vars=['Random Forest Importance', "XGBoost Importance'],
var_name='Model', value:iname;:'lmportan(:e(l
sns.barplot(data=plot_df, x='Importance', y="Feature', hue="Model', palette="viridis")
plttitles SBolay Ko sl Joe )0 5y Shy Ve Cuoal awylis") XGBoost("
plelabcl('ob\‘:‘:JlA; Coodl O'}.:.a')

plt.ylabel(" (yuiio) L_:}!.B')
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plt.legend)title(' JJ.,:':

plt.tight_layout()

plt.savefig(‘feature_importances_comparison.png')

print\")n" LG ,o o Shg Cueal lsgesfeature_importances_comparison.png (.o o ;53 '

except Exception as e:
print)fisls &, o aiie e slas S e ("




