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ABSTRACT

Food inflation is an essential element of total economic inflation, indicating the pace at which
food prices rise over a defined timeframe. This issue has garnered significant attention in its
wider economic consequences and international comparison, specifically in Ethiopia. Ethiopia’s
food price inflation, marked by volatility from interconnected climate, geopolitical and global

market risks, has historically been forecasted using traditional models. While accurate
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predictions are critical for stabilizing the economy; these methods struggle to capture non-linear
dynamics and external shocks. This study advances the field by leveraging a Random Forest
model to enhance forecasting accuracy, thereby supporting policies to mitigate food price risks
and promote economic stability. Thus, this study aims to model and forecast food price inflation
in Ethiopia using a Machine learning method. The data were transformed, standardized and split
into training and testing sets to enhance the forecast accuracy of both the machine learning and
time series models. The selected models were evaluated based on performance evaluation
criteria, including root mean square error, mean absolute error, and mean absolute present
error tests. Auto-Regressive Random Forest model outperforming benchmark models with a 55%
reduction in root mean square error (7.78 vs. 17.30) and 83.7% explanatory power (R?). Results
reveal self-reinforcing inflationary cycles, with forecasts (2025-2029) indicating sustained
volatility (20-30% range) due to primarily linked to monetary factor, international commodity
markets and lagged value of food price inflation. The period from 2000 to 2007Q2 exhibited mild
and gradual increases, followed by a sudden structural break in 2008Q4, marked by heightened
volatility. A sustained upward trajectory emerged from 2015Q1 onward, reflecting persistent
inflationary pressures. By combining autoregressive lags with Random Forest’s non-linear
modeling, this study offers a scalable framework for food inflation forecasting in developing
economies, providing actionable insights for policymakers to mitigate food insecurity and
macroeconomic instability. The study highlights the dominance of inflation expectations and
advocates for policy measures to stabilize agricultural inputs, and strengthen monetary

frameworks.

Key word: food inflation, Auto-regressive Random forest model, prediction, machine learning,

Ethiopia
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CHAPTER ONE

1 INTRODUCTION

1.1 Background of Study

Food price inflation has surged worldwide due to climate shocks, supply chain disruptions
(World Bank, 2023), and geopolitical conflicts, threatening food security for 345 million people (
FAO, 2023). Food inflation is an essential element of total economic inflation, indicating the
pace at which food prices rise over a defined time frame. It’s a subset of general inflation but has
particularly significant effects on households, especially those with lower incomes, since a large
portion of their budgets goes toward food. This issue has garnered significant attention,
especially regarding its wider economic consequences and international comparisons (Irabor et
al., 2022).

Inflation at different rates and in other periods has been a problem for every economy, mainly
the rampant inflation and its effects worsen the developing economies (Kuma & Gata, 2023).
Food price fluctuations undermine food security, which can lead to social unrest, economic
instability, and long-term developmental challenges (Mohamed et al., 2024). The concept of food
inflation, closely associated with the Consumer Price Index (CPI), encapsulates the average
change over time in the prices urban consumers pay for a basket of goods and services, including
food. Factors such as unexpected external shocks and exchange rate fluctuations have been
identified as significant contributors to higher-than-anticipated food inflation rates (Inoue &
Okimoto, 2017).

Furthermore, the global integration of food markets means that domestic food prices are
increasingly susceptible to international trends and shocks. This global perspective is essential,
as it highlights the impact of international cost and price shocks on national economies. Food
inflation has significant implications for the economy of any country and can have far-reaching
effects on people’s lives and communities, especially for low- and middle-income households in

developing countries, who spend a significant portion of their income on food items (FAO, 2011;
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Nsabimana & Habimana, 2017). It hurts purchasing power and increases the possibility of food
insecurity, which can cause hunger and even increase social and political instability
(Purushottam et al., 2024). Consequently, this affects resource allocation and the functioning of
pricing systems (Anusha et al., 2022). According to FAO (2024), World food inflation surged in
2022 to 10.4 percent for the food CPI before decreasing to 8.1 percent in 2023, respectively. The
food CPI inflation rate in low-income countries increased sharply from 7.3 percent in January
2022 to a peak at 32.1 percent in April 2023 before decreasing rapidly to 16.7 percent in
December 2023, indicating that the countries in this income group were much more affected by
the shocks in prices and have not yet fully recovered. In 2023, Eastern Africa reported the
highest annual inflation rate among food consumer price indices at 14.7 percent, followed by

Northern Europe (11.9 percent) and Western Europe (11.4 percent).

Over the past decade, Ethiopia has experienced high and volatile food price inflation, which has
had a significant impact on the country's economic and social development (Durevall et al.,
2013). This has been driven by a combination of factors, including the impact of global
commodity price movements, domestic supply shocks, and the accommodative monetary policy
stance. Durevall et al. (2013) inflationary pressures have been particularly pronounced in the
food sector, with food inflation consistently exceeding non-food inflation (Demeke & Tenaw,
2021). Understanding the drivers of food price inflation is critical for policymakers in Ethiopia

as they seek to maintain macroeconomic stability and promote sustainable economic growth.

National Bank of Ethiopia (2022) indicates that Ethiopia’s food price inflation in February 2022
increased to 41.9 percent, and food inflation constituted 54 percent of the general inflation. This
weight highlights the importance of monitoring and predicting food inflation, as it also directly
affects the cost of living and the overall welfare of the (Girik Allo et al., 2018). Alem &
Soderbom, (2011) indicated that the high food price inflation has been the most divergent
economic shock that has sustained to undesirably affect the Ethiopian economy, where a
significant proportion of households had to adjust food consumption in response. Over the past
decades, food prices in Ethiopia have exhibited high volatility, driven by factors such as
fluctuating agricultural productivity, weather patterns, exchange rate instability, global
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commaodity prices, and socio-political factors (Adamu, 2024). This volatility poses challenges to
food security, household welfare, and overall economic stability, particularly in a country where
millions live in poverty and depend on food for survival. The accurate prediction of future price
trends is vital for managing inflation, controlling price volatility, and formulating effective
economic policies (Irabor Blessing et al., 2022). Liang, Weifang, Yong & Liu (2024) Farmers,
consumers, producers, and legislators can all make well-informed decisions and develop
strategic plans when food prices are predicted with accuracy. Ethiopia's persistent food insecurity
crisis has entered a dangerous phase, with food price inflation reaching a staggering 33.8%
average between 2020-2024 (Ethiopia National Bank, 2024).

In the dynamic and variable economic environment associated with agriculture and global
markets, accurate food price forecasts become a key factor for both consumers and producers
(Sapakova et al., 2024). While machine learning transforms forecasting globally (Medeiros et al.,
2021) Ethiopia's unique challenges data scarcity, climate volatility, and fragmented supply
chains demand tailored solutions. Traditional models fail to capture nonlinear shocks like the
2022 41.9% inflation spike National Bank of Ethiopia (2022), creating policy gaps this study
addresses through adaptive ML hybrids. While machine learning (ML) models like LSTM and
hybrid ARIMA-RF have improved forecasts in developed economies (Zhang et al., 2021), their
application in low-income agrarian nations remains limited, leaving critical data-to-policy gaps

in vulnerability hotspots.
1.2 Statement of the Problem

Food price inflation is a critical challenge worldwide, exacerbated by climate shocks, supply
chain disruptions, and geopolitical conflicts (World Bank, 2023). Food price inflation has
increasingly become a significant concern for global stakeholders (Anugrah and Ismaya, 2018).
Food price inflation has become a persistent economic and social challenge in Ethiopia,
threatening food security, exacerbating poverty, and placing significant pressure on low-income
households. As food constitutes a large share of household expenditure particularly in rural and

urban poor communities volatility in food prices leads to reduced purchasing power and
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heightened vulnerability to hunger and malnutrition (FAO, 2023; World Bank, 2022). The
Ethiopian economy has experienced frequent food price shocks driven by internal and external
factors, including supply chain inefficiencies, currency depreciation, extreme weather events,

political instability, and global commodity market fluctuations (IMF, 2023).

In Ethiopia, where a sizable section of the population works in agriculture and food consumption
accounts for a significant amount of household expenses, food price inflation is a serious
problem (Kuma & Gata, 2023). Recent studies indicate that food prices have risen faster than
non-food prices, showing greater variability and less persistence (Demeke & Tenaw, 2021).
Effective modeling and forecasting of food price inflation are crucial for informing policy
decisions and reducing its adverse effects economy (Seid Nuru Ali, 2022). Ethiopia’s food price
inflation, marked by volatility from interconnected climate, geopolitical and global market risks,
has historically been forecasted using traditional models. It has been a persistent issue,
significantly affecting the economy and living standards due to its volatility, driven by both
domestic and global factors (ESS, 2024). Several studies have employed traditional econometric
and time series models such as VAR, BVAR, ARIMA, ARDL, GARCH, and MGARCH to
analyze food price inflation and identify its predictors (Demeke & Tenaw, 2021; Hassen, 2022;
Kuma & Gata, 2023; Megersa & Adamu, 2024; Mohammed, 2022). These modeling approaches
serve as the cornerstone of predictive analysis in low-data regimes due to their interpretability,
well-established theoretical foundations (Hastie et al., 2009), and robustness against overfitting
(Crowley, 2023).

Despite the widespread use of traditional time series models in food inflation forecasting, these
approaches often fall short in capturing the complex, nonlinear, and dynamic relationships
between macroeconomic variables that influence food prices inflation (Hyndman &
Athanasopoulos, 2018). Machine learning (ML) methods offer a promising alternative, capable
of processing large datasets and uncovering hidden patterns in high-dimensional data without
strict assumptions about data distribution (Makridakis et al., 2018). However, their application in
the context of food price forecasting in Ethiopia remains limited. Therefore, there is an urgent
need to explore the potential of machine learning models in forecasting food price inflation in

4



Ethiopia. This study addresses these gaps by developing and evaluating machine learning models
for predicting food price inflation in Ethiopia. It aims to compare their performance with
traditional models and to generate forecasts for the 2025-2029 period, including uncertainty
intervals. The goal is to enhance the reliability and usability of inflation forecasts for better

policy planning and market responses.
Therefore, this study was intended to answer the following research questions:

I.  What was the trend of food price inflation in Ethiopia from 2000 to 2024?

Il.  Which variables are the most significant predictors of food price inflation in Ethiopia,
based on model-based feature importance analysis?

I1l.  How does the forecasting accuracy of machine learning models compare to that of
traditional econometric models in predicting food price inflation in Ethiopia?

IV. What are the forecasted values and corresponding uncertainty intervals for food price
inflation in Ethiopia over the period 2025 to 2029, based on predictive modeling
techniques?

1.3 Obijectives of the Study

1.3.1 General Objective of the Study

The general objective of this study was to develop Machine Learning-Based Modeling and
Prediction of Food Price Inflation and identify the determinant factor in Ethiopia.

1.3.2 Specific Objective of the Study

Specifically, this study was intended to:

» To examine the trend of food price inflation in Ethiopia from 2020 to 2024.

» To identify the key macroeconomic and external covariates that significantly influence
food price inflation in Ethiopia

» To assess and compare the forecasting accuracy of machine learning models versus
traditional statistical models in predicting food price inflation in Ethiopia, using historical

data over a defined period.



» To forecast food price inflation in Ethiopia for the period 2025-2029, including the

estimation of uncertainty intervals to quantify prediction confidence.

1.4 The Significance of the Study

The significance of this study lies in its potential to enhance the understanding of food price
inflation dynamics in Ethiopia. Accurate forecasting of food price inflation is critical for
economic stability in Ethiopia, yet traditional linear models (e.g., ARIMA, VAR) often fail to
capture non-linear patterns and external drivers. This study develops a hybrid Autoregressive-
Random Forest (AR-RF) model that synergizes econometric structure with machine learning
flexibility, enabling robust integration of multi-source data (e.g., rainfall, exchange rates, global
prices) and significantly improving forecast accuracy. The AR-RF model provides policymakers
with reliable early warnings for proactive interventions, such as targeted subsidies and strategic
reserves release, averting food crises. Governmental agencies can optimize fiscal planning,
financial institutions enhance risk management, and agricultural stakeholders improve crop
planning. Methodologically, this work pioneers explainable for macroeconomic forecasting in

developing economies, offering a scalable template for food-insecure nations
1.5 The scope of the Study

This study evaluates food price inflation across Ethiopia from 2000Q1-2024Q4 using national-
level aggregated data. While machine learning hybrids (AR-RF) show promise in capturing non-

linearity, sub-regional variations are not analyzed due to data constraints.

1.6 Organization of the Study

This study was divided into five chapters: chapter one deals with introduction that includes the
background, statement of the problem, objective of the study, scope and significance of the
study. Chapter two addresses review of literature and chapter three focuses methodological
aspect of the study which includes: variable definition, model speciation, estimation and
diagnostic procedures. Chapter four of the study deals with the results and the discussion. The

last chapter, chapter five, deals with the conclusion and policy recommendations of the study.

6



CHAPTER TWO

2 LITERATURE REVIEW

2.1 General Definition of Food Price Inflation

The term food price inflation denotes the rate of increase in food product prices over a defined
time frame, typically measured monthly or annually. It is a crucial element of total inflation,
concentrating on food items like grains, dairy products, meat, vegetables, and processed foods.
Typically, this increase in prices is monitored through indices such as the Consumer Price Index
(CPI) or the Food Price Index (FPI), which observe changes in the cost of a representative
selection of food products (FAO, 2023; IMF, 2022). Consumers are impacted by food price
inflation as it diminishes their purchasing power and raises living expenses. Food price
inflation refers to the sustained increase in food costs over time, directly impacting consumers'
purchasing power (Shirotori ,2022; World Bank Food Security, 2025).

2.2 Theories on Causes of Inflation (food inflation)

2.2.1 Demand Pull Theory

Demand-side drivers of food inflation; Population growth, income rise, and preference shifts
directly align with demand-pull theory. Food inflation stems from demand-side factors
Population growth, rising incomes, and shifting preferences increase food demand. Demand-pull
inflation from excess spending power is studied by (Adeosun et al., 2023). Authors employed
explicitly link demand-pull inflation to excess spending power. Inflationary pressures, exchange
rates, wage rates (Samal et al., 2022), and monetary policies (money supply, bank rates)
influence food prices. Government Interventions such as Trade regulations, subsidies, and MSPs

(Sharma & Meena, 2024) further shape price volatility.

2.2.5 Cost Push Theory

Cost-push inflation arises when rising production costs such as raw materials and wages drive up

prices. Wage increases in key sectors can spread inflation economy-wide, as higher input costs
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push up prices in downstream industries (Ahmed, 2024; Yekeen & Magaji, 2016). Additionally,
monopolistic firms may exacerbate inflation by raising prices to offset costs and boost profits,
termed "profit-push” or "administered-price inflation” (Ahmed, 2024). When countries import
food or inputs like fertilizers, exchange rate depreciation or global price rises can push up

domestic costs (Wiggins et al., 2015).
2.2.3 Quantity Theory of Money

The Quantity Theory of Money, rooted in classical economics, posits that price levels (P) vary

proportionally with money supply (M), as captured by Fisher's equation:

MV = PQ

Where: M = money supply, V = velocity of money (considered constant), P = price level, Q =
real output (considered stable in the short run). According to the theory, inflation is mainly a
monetary phenomenon caused by excessive money growth (Alex and Stefan, 2003). Pioneering
economists such as David Ricardo contended that alterations in price must reflect changes in the
money supply. Later on, monetarists embraced this perspective, highlighting the importance of
central bank control over the money supply to reduce inflation as a counterpoint to Keynesian
fiscal policies. The central tenet of the theory is that, with stable V and Q, inflation arises from a

monetary expansion that is not kept in check.

2.2.4 Structural Inflation Theory

At the core of structuralist inflation theory lies the identity relation, which asserts that production
costs and output prices are equivalent. This model posits that final product prices are influenced
by import costs, social conflict, and technology (which dictates the labor and input requirements
per production unit) (Taylor & Barbosa-Filho, 2021). This study follows several others that
employed econometric methods, statistical techniques, and machine learning algorithms to model
and predict inflation. The latter models are used in cases of non-linear and non-stationary
inflation, whereas the former models are applied to linear and stationary inflation (Rita et al.,
2019)



2.2.5 Global Food Price Trends

World food price tends to have a positive impact on domestic food price inflation in this finding
and that was in line with the finding of (Demeke & Tenaw, 2021). This reflects that food price
rises in the local market have coincided with food price hikes in the international market. Besides
to this the high dependency ratio raises the inflation of the country like other findings (Nguyen &
Jemma Dridi, 2019). Although the effect of soaring world food prices will largely depend on the
demand pattern of households’ responsiveness to price change and possible substitution effects,
most previous studies failed to account for characteristics of a household demand system. These
studies implicitly assume uniform price-effects across regions or provinces within countries
(Brinkman et al., 2010). The most recent improvement in the index's price was the fifth in a row.
The FAO price chart of vegetable oil recorded 121.9 figures in November, up 15.4 figures (or
14.5 percent) from the prior month and reaching its highest possible level since March 2014. The
FAO Sugar inflation rate reached an 87.5 monthly increase. Stronger new data confirming
previous forecasts of global production shortages in the 2020/21 trading season aided the rise in
international sugar quotations in November (FAO, 2020). The Russo-Ukrainian War and the
resulting economic impact on economies around the globe have been significant according to
emerging studies (Liadze & Macchiarelli, 2022). Evolving evidence points to signifcant
distortions in global stock market performance, volatile crude oil prices, which have led to price
hikes in global fuel prices, and upward pressure on the general price of goods due to the
constrained supply of critical global commodities. Although the Russo-Ukrainian War has
undoubtedly had a pervasive negative impact on the global economy already reeling from the
effect of the COVID-19 pandemic, there is a growing consensus that the war is having a
relatively more devastating impact on less developed and emerging economies such as those in
sub-Sahara Africa than developed economies. World bodies, such as the World Bank and the
International Monetary Fund (IMF), for instance, continue to envisage a significant devastating
impact of the war on food shortages among most developing, and less developed economies such
as those in sub-Sahara Africa. Although the Ethiopian food price index seems to share the same
increasing trend as the world price index (Brinkman et al., 2010). It is obvious that since August

2004 the Ethiopian food price index has been consistently higher than the world index. This
9



suggests the existence of significant local causes of the food price surge in Ethiopia, especially
the severe drought shock of 2002—-2003. The world oil price seems to play a major role in the

food price hike in Ethiopia

2.3 Machine Learning Approach

Often referred to as the art and science of pattern recognition, machine learning is a field within
artificial intelligence. It is fundamentally a data-driven approach that makes mild assumptions
about the underlying statistical relationships in the data and encompasses a wide range of
methods. It generally comprises two main components: a learning method and an algorithm.
This allows for the automation of as many modeling choices as possible, independent of the
forecaster's discretion (Olivera et al., 2024). In the last two decades, machine learning methods
have become well-known and established themselves as plausible substitutes for conventional
statistical models in the area of forecasting. Time series data frequently display non-linear traits,
making it essential to employ more advanced methods for precise predictions (Kwame Appiah,
2009). Due to the unique trends identified in these datasets, the use of conventional linear models
for forecasting has become more difficult, resulting in a rapid rise in the application of machine
learning for inflation prediction. Recent significant research employing machine learning for
forecasting inflation comprises studies by (Chakraborty & Joseph, 2017; Maehashi and Shintani
2020), among others.

2.3.1 Random Forest (RF) Models

Time series data are not always linear and requires more complex approaches for data
forecasting (Kwame, 2009). Medeiros et al., (2021) demonstrated that ML models incorporating
a large number of covariates outperformed traditional time-series models in predicting U.S.
inflation. According to the author, the RF model has gained importance in inflation forecasting
due to its exceptional performance. Similar advancements have been observed in GDP
forecasting. (Yoon, 2021) encouraged the use of ML models in macroeconomic forecasting.

They explored RF and gradient boosting to forecast GDP growth in Japan. The use of machine
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learning method Random forest in inflation forecasting has been expanding quickly due to the

distinct patterns in these series, which make predicting with linear classical models challenging.

2.3.2 Random Forest Models in forecasting

One such ML algorithm that has demonstrated success in numerous previous high-impact
weather forecasting applications (Herman & Schumacher, 2018; Williams et al. 2008) is the
random forest model. This study seeks to apply RF methodology to the generation of calibrated
probabilistic CONUS-wide forecasts of severe weather with predict analogous to those of SPC
convective outlooks in the hope that the guidance produced can be used to improve operational
severe weather forecasting. A relevant summary of the methodology of (Herman & Schumacher,
2018) necessary for proper understanding of the methods employed in this study is provided
here, but for more detailed explanations of the mathematical underpinnings of RFs and the
numerous sensitivity experiments performed therein, the reader is invited to consult those
studies. For brevity, several of the RF model configuration choices selected in this study are
motivated by the findings of (Herman & Schumacher, 2018) rather than performing all the same

sensitivity experiments for this forecast problem (e.g., input predictor variables).

2.3.3 Auto-Regressive Random Forest Models in Forecasting

In their Goulet Coulombe (2020) paper, Auto-Regressive Random Forest as an important
adaptation of the basic RF model. This model is noted as being particularly well suited to predict
measures of inflation, among many other macroeconomic indicators. Coulomb notes that the key
difference between ARRF and RF is the inclusion of a linear part within each tree leaf instead of
just an intercept. This is only one of the many regression trees that can be used to explain the
change in food price inflation. The structure, variables used for dividing the independent
variables, and the values of the splitting points must be determined. Iterative local updates are
made to the trees known as greedy algorithms (Segal, 2014) that help optimize these factors
while remaining computationally feasible. ARRF's theoretical superiority stems from reconciling
econometrics (linear dependencies) with ML's nonlinear pattern recognition (Goulet Coulombe,
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2020). This hybrid vigor is critical for Ethiopia, where structural breaks (e.g., 2008 crisis) violate
ARIMA's linearity assumptions

2.3.4 Advantages of Random Forest (RF) Models in Food Inflation Forecasting

Random Forest (RF) models offer superior handling of non-linear relationships by capturing
complex interactions between drivers through decision tree ensembles (Breiman, 2001), which
reduced forecasting errors by 28% during Ethiopia’'s 2022 inflation surge (Aragie et al., 2023).
They also demonstrate robustness to data limitations: RF handles missing values via surrogate
splits (Liaw & Wiener, 2002). feature critical for patchy Ethiopian data, and processes over 15
variables without dimensionality reduction (K. M. Hastie et al., 2021). Furthermore, RF provides
interpretable policy insights by quantifying driver impacts (e.g., fertilizer costs being more than
three times as influential as fuel prices) using Mean Decrease Gini (Strobl et al., 2008) and
visualizing intervention impacts. In terms of computational efficiency, RF trains on Ethiopia’s
20-year data in under two minutes, compared to LSTM's 15 minutes or more (Pedregosa Fabian,
Ga'el Varoguaux, 2011), and handles high-frequency data from 770 markets (World Bank,
2023). Resistance to overfitting is achieved by voting across 500 or more trees to prevent
spurious correlations (Breiman, 2001) and self-validation through out-of-bag samples (Cutler et
al., 2012). Additionally, RF natively processes both numerical (such as inflation rates) and
categorical (like drought alerts) variables (K. M. Hastie et al., 2021), Finally, RF exhibits
hybridization flexibility by combining its feature power with ARIMA’s temporal structure
(Zhang et al., 2021)

2.3.5 Empirical Review on Determinant of Ethiopia food price Inflation

A number of studies have tried to find the main determinants of food price inflation. For
instance, Kuma & Gata (2023) have carried out research on what causes food price inflation in a
Post-Communist Economy using Evidence from Ethiopia. Authors employed the ARDL model
to reveal that broad money supply, government budget deficit, exchange rate, consumer food
price index, average annual rainfall, population number, real GDP, interest rate, and world food

price are found to be the major determinants of Ethiopia's food price inflation. The long run
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result revealed that real GDP and world food price at lag one were negatively and significantly
affected. In contrast, domestic food price, annual rainfall, interest rate, and money supply
affected food price inflation positively and significantly. The study conducted by Hilegebrial,
(2015) used OLS estimates to analyze Ethiopia's food inflation, finding that both demand-side
factors (money supply, expectations) and supply-side factors (output, global food prices)
influence it. Similarly, (Sharma & Meena, 2024) found that in India, food inflation rises with
wage rates, agricultural trade, global food prices, and exchange rates but falls with Agri-GDP
and interest rates. Their NARDL model also revealed long-run asymmetric effects of money
supply, wages, oil prices, global food prices, exchange rates, and interest rates on food inflation.
Qayyum & Sultana’s (2018) study identifies key predictors of food prices in Pakistan using an
ARDL model, including CPI (food inflation proxy), GDP growth, food exports/imports,
agricultural credit, and taxes.

The study aims to build a forecasting model for Ethiopia, incorporating macroeconomic and
agricultural (Durevall & Loening, 2009; Demeke & Tenaw, 2021). Fuel prices also significantly
impact food inflation by raising transport costs (De Gregorio et al., 2007). Focused studies on
current events provide timely insights into how specific geopolitical events can influence food
inflation. Industry-specific research, like the study by Shokrani et al. (2016), offers detailed
insights into specific sectors affected by food inflation. The global supply chain pressures and
international trade dynamics also play a critical role in shaping food inflation trends. Di
Giovanni et al. (2022) analyze the impact of the COVID-19 pandemic on Euro Area inflation and

compare it with the experiences of other countries.

Anam (2014) this topic describes the impact of food export, food import, population, money
supply & per capita income on food price inflation. Macroeconomic factors such as inflationary
pressures, exchange rate fluctuations, wage rates (Samal et al., 2022), money supply, and bank
rates (Hordijk et al., 2020) indirectly impact food prices. Moreover, Government policies, such
as trade regulations, import/export duties, subsidies, and minimum support prices (MSPs) also
affect food price (Sharma & Meena, 2024). Focused studies on current events provide timely

insights into how specific geopolitical events can influence food inflation. Industry-specific
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research, like the study by Ren and Huatuco (2016), offers detailed insights into specific sectors

affected by food inflation.

2.3.6 Empirical Review on Food price inflation forecast

The importance of empirical research on forecasting food price inflation has increased because
of the crucial influence that food prices have on economic stability, poverty levels, and the
effectiveness of policies, particularly in developing economies. A large body of empirical
literature uses traditional time series models such as ARIMA (Autoregressive Integrated Moving
Average), VAR (Vector Autoregression), and their variants to forecast food price inflation.
Studies like those by (Baffes & Haniotis, 2010) and (Nazlioglu & Soytas, 2013) have used

ARIMA models to forecast short-term food price movements.

Research by (Steve Hatfield-Dodds, 2017) and (Cheng & Cao, 2019) employed VAR and
cointegrated VAR (VECM) models to examine the dynamic relationships between food prices
and macroeconomic variables. Their findings suggest significant interdependencies and lagged
effects, which are critical for understanding inflation transmission mechanisms. (Naveena et al.,
2017) used a hybrid ARIMA-ANN model to forecast food prices in India, finding that the hybrid
approach outperformed standalone models in both accuracy and robustness. Traditional models
have been widely applied to food inflation forecasting (Gomez et al., 2012; MacLachlan et al.,
2022), their linear assumptions often fail to capture structural breaks in volatile economies like
Ethiopia (Demeke & Tenaw, 2021). Recent advances in machine learning, particularly Random
Forests Medeiros et al., 2021), and AR-RF hybrids Goulet Coulombe (2020), address these
limitations by modeling nonlinear interactions a critical gap given Ethiopia’s dependency on

exogenous shocks (Kuma & Gata, 2023).

MacLachlan et al., (2022) proposed an optimized SARIMA model for FPO forecasts,
implemented in July 202. Goulet Coulombe et al., (2022), propose using the Auto-Regressive
Random Forest (ARRF) model to enhance Food Price Outlook (FPO) forecasting. The study
aims to improve accuracy while preserving the strengths of SARIMA models, such as

standardized cross-category comparisons and uncertainty measures, while incorporating
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exogenous variables and capturing nonlinear dynamics. Iddrisu & Alagidede (2021) used
quantile regression in South Africa, finding that monetary policy consistently affects food
inflation across all quantiles, with tighter policies worsening rising food prices. Joutz (1997)
compared U.S. retail food price forecasts from various institutions using Delphi, structural, and
ARIMA models. Gabriel Moser (2004) found that for Austria, factor models best predict
unprocessed food inflation, while a combination of factor and VAR models performs best for
processed food. (Gémez et al., 2012) use forecast combinations and flexible least squares
techniques to analyze disaggregated data for food goods in Colombia.

Using basic univariate techniques and a large dataset of online food and non-alcoholic beverage
pricing in Poland (Strasser et al., 2022), conduct a real-time now-casting experiment. Forecasting
inflation with the Random Forest model is an emerging field with a limited number of available
papers. However, some articles that predict other macroeconomic variables, like GDP growth,
use similar methods and input variables. The standard practice in these articles, when comparing
the performance of RF, is to use univariate models as (Araujo & Gaglianone, 2023). Kaewchada
et al.(2023), in this study the random forest model to forecast vegetable prices. The prediction
results showed that the random forest model was capable of accurately forecasting vegetable
prices for pumpkin, eggplant, and lentils.

Nowadays, where agricultural and food markets are becoming increasingly dynamic and subject
to various influences, food price forecasting has become an important tool for farmers,
consumers and governments. The application of machine learning approaches to this task has
attracted increasing attention and research (Sapakova et al., 2024). Numerous scholars examining
food price dynamics in the existing body of research incorporate a diverse array of factors into
their investigations. In recent years, advanced methodologies such as Autoregressive Distributed
Lag (ARDL), causality and cointegration analysis ( as proposed by Granger and Toda-
Yamamoto), Dynamic Conditional Correlation (DCC), Generalized Method of Moments
(GMM), Nonlinear Autoregressive Distributed Lag (NARDL), Generalized Autoregressive
Conditional Heteroscedasticity (GARCH), Panel Data Analysis, and various regression

techniques (including Ordinary Least Squares (OLS) and pooled-OLYS).
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CHAPTER THREE

3 METHODOLOGY

3.1 Description of the Study Area

Ethiopia, located in Eastern Africa, spans 122.2 million hectares with a central high plateau
ranging from 1,500 to 3,000 meters above sea level. It consists of 12 regional states and two
chartered cities (Addis Ababa and Dire Dawa). The country has vast agricultural potential with a
favorable climate and soils for crop production. In 2024, Ethiopia's population is estimated at
129.7 million, with over 85% living in rural areas, largely dependent on agriculture, particularly
cereals and oilseeds, for their livelihoods.

3.2 Sample size of the study

The time series data utilized in this study comprises quarterly observations spanning from the
first quarter of 2000 to the fourth quarter of 2024, encompassing 25 year. With each year
consisting of four quarters, the dataset includes independent and dependent variable observations

for analysis.

3.3 Source of Data and the study variables

This study utilized secondary data on food price inflation and related factors, spanning from
January 2000 to December 2024, sourced Central Statistical Service (CSS) of Ethiopia, the
National Bank of Ethiopia (NBE), the World Bank, the Food and Agriculture Organization
(FAO), and Ethiopian National Meteorological Agency (ENMA).

3.3.1 Dependent Variable

The dependent variable of this study was food price inflation (FPI). Food price inflation refers to
the rate at which the prices of food items increase over time, which is measured by CPI (Kuma &
Gata, 2023). The most common measure of food inflation is the percentage change in the food
consumer price index (CPI), which captures the cost of living of the average consumer. The CPI

includes also domestically produced and imported consumer goods and services.
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CPIfor food (current period) — CPIfor food (base period) "

Food Inflation (%) = 100 (3.1)

CPIfor food (base period)

3.3.2 Independent variables

The independent variables included in the study was non-food inflation, headline inflation,
Lagged values of food inflation, Broad money supply, narrow money supply, exchange rate,
price of imported good and service, price of exported good and service, agricultural production,
area cultivated, government expenditure, real GDP, Total population, lending interest rate,
unemployment rate, rainfall, world oil price, world food price, food price index, fertilizer,
foreign direct investment, tax Revenue, net demand deposit, Agricultural allied activity, gross

private consumption, political stability index (See Table Appendix A).

3.4 Data Preparation and Preprocessing

Data preparation is essential before analysis. This involves cleaning the data by impute missing
values or incorrect entries, ensuring proper time formatting, reorganizing it for analysis, and
splitting it into training and testing sets. To reduce the data set's intrinsic volatility, this could
pose challenges for conventional linear models. We have used transformation techniques to
convert the monthly food price inflation data to quarterly data. The same is true for other
variables. In a 4:1 ratio, the data frame has been split into training and testing datasets (80% for
training datasets and 20% for testing datasets). The model was developed using the training data,

while the test data was utilized for prediction to assess accuracy (Joseph & Vakayil, 2021).

Train the g
.. model
5 Training | . Model

data estimate

Split
dataset

—5 ;e:t C Y Prediction [y va':’il::::) o
20% aka Test the L
model

Figure 1: Splitting datasets Algorithm.
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3.5 Classical Time Series Models (Benchmark Model)

Exploratory Data Analysis

One type of study that finds broad patterns in the data is called exploratory data analysis. It is an
important stage of any data analysis process. Knowing the locations of outliers and the
relationships between variables can help shape statistical analyses that yield insightful results.
Descriptive statistics, time series plots, and correlation matrices can all be used to illustrate the
patterns in data (Sharma, et al., 2007; Andersen et al., 2008). Time series analysis examines data

collected at fixed intervals, identifying patterns over time.

3.5.1 Autoregressive (AR) Model

The Autoregressive (AR) model is one of the most common time series models. It assumes that
the current value of the variable is a linear function of its previous values (lags). This model is
useful when there is autocorrelation in the data (i.e., past values influence future values). The
general form of an AR (p) model, where p denotes the number of lag periods of food inflation

considered, is as follows:

FPIt = a0+ alFPIt_l'l' azFPIt_Z + .o+ (XpFPIt_p+ Et (3.2)

where, FPI, is the food price inflation at time, «, is a constant (intercept) term, a4, a; ... ... a
are the coefficients for the lags and €, is the error term (white noise or residual), which is

assumed to be independent and identically distributed with mean zero and constant variance.

3.5.2 Autoregressive Integrated Moving Average (ARIMA) Model

The statistician Whittle (1951) first presented the autoregressive moving average (ARMA)
model in the 1950s as a technique for evaluating and predicting time series data. In addition to
being the most used benchmark for random forest model (Gonzalez, 2000), the model is most
frequently employed in forecasting univariat time series data analysis (Hyndman &
Athanasopoulos, 2018). The Autoregressive Moving Average (ARMA) model can also be

extended to accommodate non-stationary data with ARIMA. Prevailing ARIMA-based studies
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(Bekele et al., 2021) maintain three fundamental weaknesses those are linear assumptions that
cannot capture Ethiopia’'s volatile inflation regimes, Exclusion of vital exogenous variables
(rainfall anomalies, global fuel price shocks) and rigid structures that fail to adapt to sudden
market disruptions

The ARIMA model's general form can be rewritten as:
14 q
AYFPI, = Z Bi;AY FPI,_; + Z Oier—j+e (3.3)
i=1 j=1

A®FPI, = FPI, — FPI,_, where A?FPI, is change or the difference between food price
inflation (FPI, ) at time t lag of food price inflation (FPI,_;) attime (t-d) and d is order of
integration, FPI,_, FPI,_,, FPI._5....FPI,_, were previous lags of food price inflation, €, is
error term at time t , assumed to be independently and identically distributed, p and q are the
order of AR and MA; pBy,B,, pP5...B, coefficient of autoregressive model and
61,6,,05 ... 6, coefficient of a moving average model. The choice of an ARIMA model assumes
a linear relationship between the time series and its past observations and only allows for uni-

variate time-series data.

3.5.3 Seasonal Autoregressive Integrated Moving Average (SARIMA) Model

The Seasonal Autoregressive Integrated Moving Average (SARIMA) model is an extension of
the ARIMA model that explicitly supports seasonal components in time series data, making them
ideal for forecasting time series with recurring patterns, such as food price inflation (Brockwell
& Davis, 2016). SARIMA is often written as:

SARIMA (p,d,q) (P,D,Q)s
®,(B%) ¢, (B)VIVP FPI, = 04(B*)6,(B)e,

Where, p Order of the non-seasonal AR (AutoRegressive) component, d Degree of non-seasonal

differencing, q Order of the non-seasonal MA (Moving Average) component , P Order of the

seasonal AR component, D is Degree of seasonal differencing, Q is Order of the seasonal MA
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component, s is Length of the seasonal cycle, ¢,(B) , Non-seasonal AR operator, 6,(B) Non-
seasonal MA operator, @, (B*) Seasonal AR operator, ©,(B%) is Seasonal MA operator, V¥ is
Non-seasonal differencing operator, V2 is Seasonal differencing operator, &, is White noise
(error term), PIF; is food price inflation at time t, ¢, and &, coefficients of non-seasonal and
seasonal AR order p, and P respectively, 8, and 0, coefficients of non-seasonal and seasonal
MA order p, and P respectively, D and d is orders of seasonal and non-seasonal difference of
food price inflation, S is number period of seasonal in this case s = 4, since our data was
quarterly data. However, the implementation of the optimized SARIMA model is limited by
main factors. First, the model uses only historical values of the dependent variable series to
inform the model and does not include any additional exogenous variables despite evidence of

several variables’ ability to affect the prices of food items (Adjemian et al., 2023).
3.5.4 Testing Stationary: Unit Root Test

Time series data must be made stationary before a specific model can be fitted to it. When the
mean and auto covariance of a time series are constant across time, the series is said to be

stationar. The stochastic process FPI, is therefore considered stationary if:
E(FPI,) = u constant for all value of t
cov(FPl, ,FPl,_j) = p; = E[(FPI, -u)(FPI,_; — w)T]1=p — T ... (3.5)

foralltandj = 1,23 ..

Where, FPI is food price inflation at time t, t is time period from 2000 to 2024 to test for
stationarity of a series several procedures have been developed. The most popular ones are the
Augmented Dickey Fuller (ADF) test that was proposed by Dickey and Fuller (1979, 1981), and
the Phillip-Perron (PP) test that was proposed by Phillips and Perron (1987, 1988) and graphical

visualization.
3.5.5 Building ARIMA Models

To identify a perfect ARIMA model for a particular time series data, Box and Jenkins (1976)

proposed a methodology that consists of four phases.
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Model Identification

Determining the differencing need for establishing stationarity as well as the sequence of the
seasonal and non-seasonal AR and MA operators for the residual series are the goals of the
identification stage. The two most helpful instruments in any effort to identify a time series
model are the autocorrelations function (ACF) and the partial autocorrelation functions (PACF)
(Granger and Newbold, 1986).

Autocorrelation Function (ACF)

The degree of linear dependency between observations in a time series that are separated by a lag
k is measured by the sample ACF ( py). The autocorrelation coefficient is a crucial tool for
determining models and detecting stationarity in time series data. The autocorrelation coefficient

(ACF), which measures the relationship between series values across time, is provided by:

Pk

FPI
= _COUPh FPlen) Ve \yere k=1,2..0 (3.6)
Jvar(FPI.)\Jvar(FPI¢ip) Yo 2

Where, y, is the variance of stationary series, which is fixed and equal for all different time
period, y, is k th covariance between FPI, series at time tand t+h, p; is autocorrelation of food

price inflation series.
Partial Autocorrelation Function (PACF)

Partial autocorrelation is a second crucial tool for determining time series models. It can also be
used to determine which moving average, seasonal moving average, seasonal autoregressive, and
non-seasonal autoregressive variables should be included in the model in what sequence. When
the influence of time lags is held constant, the partial autocorrelation coefficient of order
calculates the correlation between values k periods apart, where k is the food inflation lag. In
order to estimate the partial autocorrelation of order k, fitting an autoregressive model of order
AR (k), the partial autocorrelation function (PACF) is the partial autocorrelation coefficient as a

function of k.

Yr— Z{c=_11<PiYK—1 n

= Where, k=1,2 ...— 3.7

Pr 1- S ewi 2 (3.7)
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Where ¢, is the partial autocorrelation at lag Kk, y, is the auto covariance at lag k and ¢;

represents the partial autocorrelation at lag i, where i ranges from 1 to k-1.
Model selection criteria

Traditional model selection criteria, such as the Akaike Information Criterion (AIC) proposed
by Akaike (1974) and the Schwarz Bayesian Information Criterion (SBIC) proposed by Schwartz
(1978), were used to identify the optimal lag specification for the model. In time series analysis,

there may be multiple adequate models that can fit a given data set.
Akaike’s Information Criterion (AIC)

Akaike (1974) proposed the goodness of fit for ARMA (p, q) by balancing the error of the fit

against the number of parameters in the model. It is defined by:

AIC = —2logLy + 2k (3.8)
Where, L, is the maximized log-likelihood and k = 1+p+q, is the number of parameters in the
model. The most appropriate model is the one which minimizes the AIC, and there is no

requirement for the models to be nested.
Bayesian Information Criterion (BIC)

As noted by Shumway and Stoffer (2010), various simulation studies have tended to show that
AIC tends to be better in smaller samples where the relative number of parameters is large
(Macquarie and Tsai, 1998), while BIC does well in obtaining the correct order in large samples.
Schwarz (1978) introduced the BIC and is defined:

BIC = —2logLy + klogT (3.9)

3.5.6 Parameters Estimation

The models use a non-linear estimation approach, employing maximum likelihood estimation
(MLE) to optimize parameters by maximizing the likelihood function. This method ensures the

best fit for forecasting while capturing both autoregressive and moving average components.
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3.5.7 Diagnostic checking

We perform diagnostic tests after the model has been trained. Normality check was done via
residual histograms, Independence verification using ACF plots, and Ljung-Box (LB) testto
assess residual autocorrelation. The LB test’s Q-statistic evaluates the null hypothesis that
residuals are white noise (no autocorrelation up to a specified lag), the Q-statistic at lag is

calculated as follows:

—

Q=T(t+H) Il 7~ (3.10)
Where, p; is thejt" lag of autocorrelation of residual and T is the number of observations. If the
series is not based upon results of ARIMA estimation, then under the null hypothesis, Q is
asymptotically distributed as chi-square with degrees of freedom equal to (m - k) where k

denotes the number of parameters.
Correlogram Squared Residuals

The existence of serial correlation can be determined using correlogram squared residuals. The

hypotheses to be tested are as follows:

H,There is no serial correlation Vs H; There is serial correlation.

We finally predicted the food prices inflation after diagnosing the model. Traditional approaches
like ARIMA face limitations due to: Sensitivity to shocks unexpected events degrade forecast
accuracy over longer horizons (Cecchetti and Moessner, 2008). Nonlinearity poor performance
with erratic, nonlinear food inflation trends (Gustavo S. and Wagner P., 2023), and Subjectivity
reliance on forecaster expertise introduces bias (Kontopoulou et al., 2023). Unlike ARIMA,
random forests autonomously handle shocks, nonlinearity, and noisy data (Cui and Athey, 2022).

3.6 Machine learning (ML) approach

Machine learning is the integration of automated computer algorithms with robust statistical

techniques to uncover (identify) concealed patterns within datasets. ML approaches can be
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categorized into three primary groups: Supervised learning which is employed when the
dependent variables are distinctly identified and labeled, even if the exact relationships within
the data remain unknown (linear regression, logistic regression). The objective of this method is
to discover a model that connects a target variable with a collection of independent variables
akin to a statistical model ( Ngai and Wu, Y., 2022). Unsupervised learning approach comprises
classes of ML techniques that reveal unrecognized patterns within a data set without pre-existing
labels. It is applied when there is no specified output defined in advance, and the aim is to
identify data patterns and categorize data without a target output (e. g. , cluster analysis, principal
components) ( Jung et al., 2018; Ngai and Wu, Y., 2022). Reinforcement learning establishes a
dynamic environment to engage with the learning algorithm, aiming to deliver an assessment of
the system's response. Supervised learning refers to the process where the algorithm learns from
the training dataset, resembling a teacher overseeing the educational process. It is a machine
learning task that involves learning a function that associates an input with an output based on

example input-output pairs (Aronsson et al., 2021).

The supervised ML methods discussed here can be generally categorized into two groups. The
first group consists of penalized linear models or shrinkage models. The second category of
machine learning techniques emphasizes nonlinear models, such as ensemble approaches (e. g.,
Random Forest) and ANN (Multiple-Layers Perceptron, Neural Network Autoregressive)
models. Nonetheless, this study examines the Random Forest method and does not take into
account advanced deep learning techniques like Long Short-Term Memory (LSTM) and
Recurrent Neural Networks (RNNSs), which are specifically tailored for processing sequential
data. The Machine Learning Approach (Non-linear machine learning) is capable of addressing
the non-linear characteristics of food price inflation, as we previously outlined in the last chapter.
It operates in a non-linear manner, offering a potential benefit in the analysis of variables with

intricate correlations when compared to linear models (Aronsson et al., 2021).
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3.6.1 Random Forest Method

The random forest (RF) model (Breiman, 2001) is an ensemble learning method that constructs
multiple decision trees using bootstrapped data and random feature subsets, then averages their
predictions. This approach reduces overfitting, captures non-linear relationships, and improves
accuracy through ensemble diversity RF excels in economic forecasting, outperforming
traditional models in inflation prediction correlations (Aronsson et al., 2021; Sidra Mehtab &
Jaydip Sen, 2020). Its advantages include handling high-dimensional data without overfitting
(Biau & Elia, 2010), intuitive non-linearity modeling (Woloszko, 2020), and requiring fewer
parameters than other ML methods (Zhou et al., 2016). The Random Forest (RF) model was
selected for this study based on four key factors aligned with Ethiopia's food inflation dynamics
and data limitations: first, its ability to capture non-linear relationships, unlike traditional linear
models; second, robustness to limited and noisy data, such as Ethiopia's quarterly data (2000—
2024), which is affected by climate and policy shocks; thirdly, suitability for moderate-sized
datasets where deep learning is impractical; and fourth, capacity to minimize prediction error by
splitting predictors X, into terminal nodes K, optimizing the sum of squared errors in forecasting
FPI, ..

FPlonlt =XF-1 Cili (X, 61) (3.11)

This formula represents the ensemble prediction of Random Forest for forecasting FPI;,, given
data available at time t, Where, c;, is the predicted constant (usually the mean value) of FPI in
terminal node k, k is index of each terminal node (or tree) up to K (total number of trees or
terminal nodes across the forest) and I, (X, 6, ) is indicators function that equals 1 if the input

X; (predictors at time t) falls into terminal node k under tree parameters 6,; 0 otherwise

_(1if x.€R.(6)
B (Xt B) _{0, otherwise (3.12)

Where R, (6) is the region the randomly constructed regression trees are aggregated based on
bootstrapping, where B = 500 bootstrap samples are used, for which a subset of original

regressors is chosen at random. For each sample b, b =1... B, a tree with K, regions is estimated
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for a randomly selected subset of the original regressors. Kj, is determined in order to leave a
minimum number of observations in each region. For every bootstrap sample eventually a tree

with K, regions will exist. Finally, the forecasts are then given by

FPllt= =35, f(x) (3.13)

Where B is sample size of bootstrap sample or total number of tree, f;(x) the prediction made by
the ¢t tree for input X. In traditional econometric models, this is done to avoid so-called
multicollinearity problem. Kane et al. (2014) demonstrate the application of Random Forests for
forecasting avian influenza H5N1 outbreaks and compare its performance to that of ARIMA
models. The authors found that Random Forest offers superior predictive performance compared
to the ARIMA model for forecasting infectious disease outbreaks. Additionally, Random
Forest’s ability to manage high-dimensional data while preserving interpretability makes it a
popular choice across multiple fields. Advantages of RF: Proficiency in handling datasets replete
with a profusion of features and categories. Remarkable resilience to variations in the scaling of
feature values...feature values, which allows the model to maintain consistent performance
across different datasets. This adaptability is crucial for ensuring robust predictions and
minimizing the impact of outliers or noise in the data. Techniques are available to gauge the
significance of individual features within the model. Exceptional precision in the classification of
novel data points. Versatility in conducting measurements across divergent scales, encompassing

numerical, ordinal, and nominal realms..

3.6.2 Random Forest: Regression Tree

To understand the RF method, it is crucial to first understand the Classification and Regression
Tree (Breiman et al. 1984), which the algorithm is based on. Random forest regression predicts
continuous numerical values by averaging outputs from multiple decision trees, each trained on
random data subsets and features (Medeiros et al., 2021). Each tree in the forest is trained on a
bootstrapped sample of the dataset, and a random subset of features is selected for splitting at

each node. This randomness increases diversity among the trees, reducing over fitting and
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improving generalization. The final food inflation prediction is obtained by averaging the outputs

of all individual trees, making the model robust to noise and outliers (Breiman, 2001).

Regression trees within RF are simple, non-linear, and non-parametric models that partition the
data into regions based on feature values. They are particularly effective for capturing complex,
non-linear relationships between input variables and the target variable. By combining multiple
trees, RF enhances predictive accuracy and handles high-dimensional data efficiently data
(Medeiros et al., 2021). RF regression is widely used in applications like forecasting food price
inflation, where non-linear patterns and complex correlations are prevalent. Studies, such as (
Meuller, 2022; Araujo & Gaglianone, 2023), demonstrate that RF outperforms traditional models
and other machine learning techniques in accuracy and robustness, making it a preferred choice
for regression tasks. The predictions from the CART could be expressed as conditional

expectations f(x) = E(Y |X = x) and is calculated by using several base learners h,, (x).

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

Lgﬁ Majority Voting / Averaging }——J

Final Result

Figure 2: Random Forest Architecture

1
f@) = 3 Zher hn(®) 3.14
Where, N is the number of observations inside the leaf node. When a leaf node contains only one

observation (common with a single base learner), the model overfits achieving perfect training
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accuracy but failing on unseen data. Predictions for test data simply replicate that single value,

with low bias and low variance.
3.6.3 Random Forest: Bagging

RF combines bagging (Breiman, 1996) and CART (Breiman, 1984) to create an ensemble of
decision trees: Random subsets of the original data are generated via bootstrapping (allowing
duplicates), ensuring diversity across subsets. Each subset trains a regression tree, with node
splits based on a random subset of variables, adding further variability. The final forecast
averages predictions from 500 trees, reducing bias and variance. New observations are passed

through all trees, and their aggregated output yields the prediction.

B J
1
o= ]_Bzzhj (%) (3.15)
b=1 j=1
1 B
5, = E;f(x) (3.16)

Where B is the number of decision trees in forest, f(x) is the prediction from a tree, J is the

number of observation in a leaf node and h; (x) is the base learner inside a leaf node.

Training data I
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/ ‘{ bootstrap sampﬁ
random with replacement
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Average Outcome, ¥

Figure 3: The structure of the Random Forest describing how predictions are being made by
being passed through all trees.
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The variance of a Random Forest prediction at a given point can be approximated as:

1-p ,
3.17

—0 (3.17)

Where fzr(x) is the Random Forest prediction at point x, T is the number of trees , o2 is the

Var[fre(x)] = po? +

variance of a single decision tree,, and p is the average correlation between pairs of trees, (T.

Hastie et al., 2009) State that the forest has a declining variance when allowing for more trees.
3.6.4 Auto-Regressive Random Forest (AR-RF) Model

The AR-RF model combines Auto-Regressive (AR) and Random Forest (RF) methods to
enhance food price inflation forecasting. The AR model captures time-series dependencies, while
the RF model handles non-linear patterns. By merging both, the model delivers more accurate
and reliable forecasts. Research shows that combining models improves forecast performance
(Stock & Watson, 2004; Robert R. Andrawis, 2011). The combined forecast at time t is
expressed as:

N
1
Vo= 2 FOX,x) (3.19)
b=1

Where, Y, Forecasted value of the dependent variable at time t, N, Number of trees in the

Random Forest, f® Prediction function of the b th tree, Yt(”),Vector of the last p lags of the

dependent variable and X; Vector of k contemporaneous exogenous variables. In general:
F/PIt = ﬁl(F/PIAR,t) + ﬁZ(F/PIRF,t) (320)

Where, FPI, Predicted food price inflation at time t, (FPI,g.) Forecast from the Auto-
Regressive model, (F/FIRFI) Forecast from the Random Forest model, g,and B, Weights or

coefficients assigned to the AR and RF forecasts, respectively, reflecting their relative

importance in the final prediction.
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3.6.5 Feature Selection (Variable importance)

Feature selection is a crucial step in time series modeling, especially when using machine
learning techniques like Random Forests. It helps identify which input variables (features)
contribute most significantly to the prediction of the food inflation. Random Forests Breiman,
(2001) are widely used for non-parametric regression due to their high accuracy and ability to
handle high-dimensional, correlated data. Variable importance is assessed by measuring the
increase in MSE when a variable’s values are randomized (Biau & Elia, 2010). In time-series,
such selection methods help capture long-memory effects often missed by traditional models
(Segnon & Bekiros, 2020).

3.7 Forecasting Strategy

There are two types of forecasts: in-sample period forecasts (first quarter of 2000 to fourth
quarter of 2019) and post-sample period forecasts (first quarter of 2020 to fourth quarter of
2024). The formeris utilized to build confidence in the model while the latter is aimed at
producing authentic desired forecasts. In forecasting, the objective is to estimate future values of
food price inflation, utilizing the data gathered up to the present, FPI = {FPI,, FPI;_4, .... FP1;}
For ARIMA and SARIMA model, we assume FPI, is stationary and the model parameters are

known.
3.8 Forecast Evaluation Methods

The forecast error is the difference between the actual food price inflation and the predicted food
price inflation. There are several measures of forecast errors. The measure adopted in the study
was used by Moshiri (1997) and Haider & Hanif (2007).

3.8.1 Root Mean Squared Error (RMSE)

RMSE is a measure of the size of the forecast error, that is, of a magnitude of typical mistakes
made using a forecasting model (Stock & Watson, 2007). The RMSE is computed as the
measure of the forecast accuracy for each model. The RMSE is calculated as follows.
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h
1 __
RMSE = fEZ(FPIt — FPI;p)? (3.21)
i=1

Where FPI, is is observed series of food price inflation FPI,,, predicted values of food price
inflation (in-sample or out-sample). RMSE is commonly used for regression tasks, where the

goal is to predict a continuous value.

3.8.2 Mean Absolute Error (MAE)

MAE is another common performance measure for regression tasks, and is calculated as the
average of the absolute differences between the predicted and true values. The MAE is defined
as:

1 .
MAE = |FPl, = FPI.yy)| (3.22)

Mean Absolute Error is robust to outliers, as it measures raw error magnitude in the original
units, aiding interpretability (Zhang and Yang, 2015). Root Mean Squared Error penalizes large

errors more heavily, ideal for outlier-free data where minimizing prediction error is critical.

3.8.3 Mean Absolute Percentage Error (MAPE)

The Mean Absolute Percentage Error (MAPE) is widely used forecast accuracy metric, favored
for its intuitive percentage-scale interpretation (Gartner, 2018). It excels intime series
evaluation and S&OP contexts, provided the data lacks extremes or zeros.

1|FPI, — FPI,1p)
MAPE =4 FPI,

MAPE is expressed as a percentage, which is scale-independent and can be used for comparing

(3.23)

forecasts on different scales.
3.9 Software for Data Analysis
The study employed R-Studio 4.4.3, Stata 14, and Jupyter Notebook for forecasting food price

inflation. Key packages included: R: forecast (with arima() for time series modeling).
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CHAPTER FOUR

4 RESULTS AND DISCUSSIONS

4.1 Exploratory Data Analysis

Visualizing the data using a variety of statistical methods and graphical representations is a
component of exploratory data analysis (EDA). Time series charts, correlation matrices, and
descriptive statistics were often used methods. Finding trends, patterns, seasonality, and any

outliers in the data was the aim.

Descriptive Statistics

The study utilizes quarterly year-on-year food price inflation (%) data sourced from the Central
Statistical Service (CSS), spanning from Q1 2000 to Q4 2024. Descriptive statistics were
employed to analyze the trend, variability, and underlying patterns in the inflation series.

Table 1: Summary statistics for the quarter food price (year-on-year) inflation in percentage

Mean Median Variance Std. Dev. Min Max Skewness Kurtosis Jarque-Bera

17.7191 1457 271.1814 16.46759 -12.93 85.87 1.02035 5.051076 21.107

Descriptive Statistics of Food Price Inflation (2000Q1-2024Q4): Average food inflation is
17.72%. Extreme volatility observed, from -12.93% to 85.87%. Positive skewness (asymmetric
right-tail) Leptokurtic (kurtosis = 5.05 > 3), indicating fat tails and outliers. The Jarque-Bera test
rejected normality (p < 0.05), confirming non-Gaussian distribution so the data is normally
distributed.

Trend Analysis

Figure four bellow indicate that key trends in quarterly food price inflation from 2000 to 2002,
with periods of decline below zero (indicating low inflation). From 2003 to 2008 indicated sharp
rise followed by steady growth, peaking in 2008Q4 before collapsing in 2009 likely due to the
global crisis (structural break), 2015-2022 tend implies gradual upward trend, tapering off
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by 2023Q4. The series exhibits non-stationarity (shifting mean/variance), highlighting nonlinear

dynamics.

Quarterly Food Price Inflation (2000-2024)

a0

2011 Drought

2000 2002 2004 2006 20082 2010 2012 2014 2016 20182 2020 2022 2024
Year
Source: Central Statistical Service

Figure 4: Quarterly food price inflation trends in Ethiopia (2000-2024).

Seasonal Adjustment Analysis indicating that reveals the food price inflation series
exhibited non-stationarity (time-varying mean/variance) and mild seasonality. However, after
seasonal adjustment (Figure 5), minimal deviation from the original series suggests negligible

seasonal influence, implying trends were primarily driven by non-seasonal factors.

Trend of Seasonally Adjusted Quarterly Food Inflatior

o
=]

7]
]

Seasonally Adjusted Food Inflation (%)

Figure 5: Trend plots of quarter data of seasonal adjusted food price inflation in Ethiopia
(2000-2024)
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Figure 5 indicated that the 2000 to 2007 trend was moderate fluctuations (avg. 8.5%), with brief
deflation (-12.93% in 2009Q3). 2007-2009 crisis extreme volatility (peak 85.87% in 2008Q3)
driven by global commodity shocks. Post-2010: Sustained high inflation (avg. 18.3%),
hitting 41.73% in 2022Q1. 2023-2024: Slight easing but persistently high (30-34% range).

Correlation Matrix

Covariance between predictor variables was examined using a correlation matrix. The existence
of multi-collinearity was thus demonstrated by the high correlation (correlation coefficients
above 0.80) of numerous covariates, including broad money, fertilizer, lending interest rate, net

demand deposit, Real GDP, Revenue, expenditure, narrow money, and food price index.

Correlation Matrix of All Independent Variables
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Figure 6: Correlation of Exogenous Variables for food price inflation in Ethiopia

4.2 Data Preprocess

The data was proposed to partition the dataset for Random forest model and make the series

stationary for time series analysis before the model was developed.
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4.2.1 Test for Stationarity

The null hypothesis that a unit root exists is tested against the alternative hypothesis that it does
not using the Phillips-Perron (PP) and Augmented Dickey-Fuller (ADF) tests. ADF and PP
tests to check for unit roots (null: non-stationary). KPSS test to assess level/trend stationarity

(null: non-stationary). ACF displayed exponential decay and seasonality, suggesting a trend.
PACEF indicated stationarity beyond the 1st, 2nd, and 4th lags.
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Figure 7: ACF and PACF plot of seasonal adjusted series

Table 2: Unit Roots test of food Inflation

Test At level
Statistic Critical value at 5% p-value

At Differenced statistics
Statistic Critical value at 5% p-value

ADF -1.234 -2.891 0.452
PP -1.456 -2.891 0.324
KPSS 0.673 0.463 0.023

-4.567 -2.891 0.01
-6.789 -2.891 0.01
0.123 0.463 0.12

Unit root tests on the differenced series confirmed stationary, because KPSS (p=0.12 > 0.05)
failed to reject stationarity. ADF & PP (p=0.01 < 0.05) rejected unit roots. Results indicate stable
mean/variance (Figure 7), validating the use of differenced data for modeling.
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Figure 8: Plot of first differenced of food price inflation in Ethiopia
The differenced series exhibited volatility clustering (Figure 8), where large changes tend to
follow large ones, and small changes follow small ones, indicating patterns of similar
magnitudes. This pattern suggests suitability for GARCH/ARCH models, their documented

limitations in food inflation forecasting excluded them from this analysis.

4.2.2 Splitting of the Data

Splitting time series data into training and test periods is crucial for building reliable models.
We split data for both Machine Learning (ML) and Classical Time Series Models, but
the method differs based on the approach. The converted data was split between training and test
sets in an 80:20 percent ratio before model analysis. Training set (80%) 2000Q1-2019Q4 (used
to train time-series and Random Forest models) for identifying patterns between input features
and output targets. Test set (20%) 2020Q1-2024Q4 (reserved for validation and performance

evaluation) for Provides unbiased evaluation of the model’s predictive accuracy on unseen data.

4.3 Forecasting with Traditional Model (Benchmark Model)

Traditional time series models serve as essential benchmarks for evaluating forecasting
performance. Below is a structured approach to implementing and interpreting these models for

food inflation forecasting:
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4.3.1 Forecasting with Autoregressive model

The Autoregressive (AR) model is a fundamental time series forecasting method that predicts
future values based on linear combinations of past observations. Below is a structured guide to

implementing and interpreting AR models for food inflation forecasting.
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Figure 9: Plot of ACF and PACF for AR Model

The PACF plot typically shows significant spikes up to lag 2, suggesting the AR order. AIC/BIC
criteria help choose the most parsimonious model that fits well. Each AR coefficient (p; to ¢4 )
represents the effect of that lag on current inflation. Mean Absolute Error (MAE) and Root Mean

Squared Error (RMSE) quantifies forecast accuracy.

Table 3: Candidate model for AR model

Model AlC log likelihood RMSE MAE MAPE

ARIMA(1,1,0) | 613.65 -253.82 7.267027 | 4.44175 106.3438
ARIMA(2,1,0) | 575.3 -234.52 6.047367 | 3.55916 159.5955
ARIMA(3,1,0) | 575.83 -231.93 5.610765 | 3.52716 164.9541
ARIMA(4,1,0) | 573.57 -231.80 5.602171 | 3.51423 137.1430
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By incorporating lagged values of food inflation as independent variables, we introduce an
autoregressive component to the model, a common approach in time series analysis to account

for temporal dependencies.

4.3.2 Forecasting with an Autoregressive Integrated Moving Average Model Selection
Order of ARIMA Models

To perform an ARIMA model, the number of lags of past values of food price inflation (p) and
the number of previous errors to include in the model (g) must be determined. The results of the
Schwarz Information Criterion (SBIC) and the Akaike Information Criterion (AIC) are (p=2) and
(g=2), respectively. The Autoregressive Integrated Moving Average (ARIMA) model is
regressed on two past food inflation values, one differenced and, two past error values. The ACF
and PACF plots were used to determine the ARIMA order (p, d, q). Figure 11 shows that we
choose the ARIMA lag order (p, d, and q) based on the training data set plot. As a result, ACF
spikes out at lags 1 and 2, suggesting that the non-seasonal MA (q). The PACF plot is spiked out
at lags 1, 2, and 4. Moreover, the parsimonious ARIMA model didn‘t consider higher lags,
which don’t spike out for simplicity of the models.
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Figure 10: ACF and PACF plot of first differenced of training data set

38



Table 4: Candidate model for ARIMA model

Model AIC log likelihood RMSE MAE MAPE

ARIMA(1,1,1) | 713.65 -353.82 8.267027 | 5.441175 | 206.3408
ARIMA(2,1,1) | 675.3 -334.52 7.047367 | 4.559196 | 259.5935
ARIMA(2,1,2) | 675.83 -331.91 6.610765 | 4.52716 264.9551
ARIMA(1,1,2) | 673.57 -331.79 6.602171 | 4.518331 | 247.1427

ACF and PACEF plots of the training data set's first difference are shown in Figure 9. Thus were
the probable orders of ARIMA (p, d, g) based on the ACF and PACF graphs. Because of this,
our data is quartet data, with a seasonal spike at four and a multiplicative effect. The best models
to match the series were Autoregressive Integrated Moving Average (ARIMA) models, which
demonstrated the presence of a seasonal component. The R function auto.arima() chose the
ARIMA(1,1,2).

ARIMA(1,1,2) Forecast of Food Inflation in Ethiopia for 5 years
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Figure 11: Food price inflation forecasting using ARIMA model in Ethiopia (2025-2029)
The historical trend of food price inflation in Ethiopia from 2000 to 2024 exhibits significant
volatility, characterized by sharp peaks and dips, which likely reflect periods of economic
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instability and external shocks. Notably, a sustained upward trajectory between 2008 and 2012
suggests prolonged inflationary pressure, potentially driven by structural factors such as global

commodity price surges, currency depreciation, or supply chain disruptions.

The confidence intervals, represented by narrow shaded bands around the forecast line, indicate a
high level of certainty in the model’s short-term predictions. However, the projected values for
the period 2025 to 2030 show a marked deviation from historical patterns. This divergence raises
concerns about the model's ability to capture structural breaks or regime changes in the data-
generating process. Specifically, the ARIMA model, being linear and reliant on past trends, may
struggle to accommodate such discontinuities, thereby limiting the reliability of long-term
forecasts. The overall inflationary trend evident in both historical and projected data underscores

the urgent need for policy intervention.

4.3.2 SARIMA Model Selection

The optimal SARIMA model was selected based on parsimony-focused criteria (AIC, BIC,
HQIC) to identify the simplest adequate model, while forecast accuracy was assessed using

metrics like RMSE and MAE to minimize prediction error.
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Figure 12: ACF and PACF plot of first differenced of Seasonal differenced series
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Table 5: Candidate of SARIMA Models to forecast food inflation

Model Log_Likelihood |  AIC BIC | RMSE | MAE | MAPE
SARIMA (0, 1,1) (0, 1, 1) -266.370 | 538.740 | 545.693 | 5.796 | 4.628 | 14.941
SARIMA (1, 1,1) (0, 1, 1) -266.365 | 540.729 | 549.999 | 5.794 | 4.611 | 14.866
SARIMA (0, 1, 2) (0, 1, 1) -266.367 | 540.733 | 550.003 | 5.794 | 4.617 | 14.890
SARIMA (1, 1,1) (1, 1, 1) -262.476 | 534.952 | 546,540 | 7.203 | 4.968 | 14.027
SARIMA (2, 1,2) (L, 1, 1) -260.163 | 534.327 | 550.549 | 12.760 | 10.955 | 33.059

The best model to fit the training data was ARIMA (2, 1, 2) (1, 1, 1), as shown in Table 5, which
had the lowest values of AIC, BIC, log likelihood, and RMSE. The ARIMA (2, 1, 2) (1, 1, 1)
was selected by R's auto. The arima() function is the best model to fit training data, indicating
that the decision between the SARIMA and ARIMA models was arbitrary or dependent on

forecaster’s experience.

Ethiopia Food Inflation: S5-Year SARIMA Forecast (2025-2029)
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Figure 13: Forecasting food price inflation in Ethiopia using SARIMA model for 5 years
The SARIMA forecast graph for the period 2000-2024 offers valuable insights into the historical
and projected dynamics of food price inflation in Ethiopia. The historical component (2000—
2020) reveals pronounced volatility, with several sharp peaks and troughs. These fluctuations
likely correspond to major economic and environmental events. For instance, the spike around
2008 may be attributed to the global food crisis, which drove up prices worldwide. Similarly, the

2015 drought likely caused significant supply-side disruptions, contributing to inflation. Changes
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in domestic policy such as adjustments to food subsidies or trade regulations may also explain
some of the observed variability.

Beyond these episodic shocks, the graph illustrates a gradual upward trend, reflecting persistent
inflationary pressures. These may stem from structural factors such as rapid population growth,
which increases domestic food demand, and the depreciation of the Ethiopian birr, which
contributes to imported inflation. Collectively, these trends underscore the multifaceted nature of
food price inflation in Ethiopia and highlight the importance of incorporating both

macroeconomic and environmental variables into forecasting models.
4.4 Machine Learning Method of Analysis (Proposed Model)

4.4.1 Random Forest Method

The study examined how the number of trees in the Random Forest model influenced the
effectiveness of the method. Using 100 trees, the out-of-bag (OOB) RMSE for the bagging
regression was 31.71306; with 500 trees, it decreased to 30.15466. This indicated that adding more
trees resulted in averaging across a larger number of diverse decision trees. The study also
employed bagged CART (Classification and Regression Trees) to compare OOB error with 10-
fold cross-validation (CV). According to the findings, the RMSE for the OOB error was 34.24627
for 100 trees and 33.24627 for 500 trees.

Table 6: Selection of a hyperparameter (mtry) from original 27 features

Bagging Techniques Comparison

Technique RMSE_OOB | mtry | Notes
Bagging (100 trees) 31.71306 27 Basic bagging, higher variance
Bagging (500 trees) 30.15466 15 More trees reduce overfitting

Bagged CART (100 trees + 10-fold | 34.23086 9 Cross-validation ~ optimizes  feature
CV) subset

Bagged CART (500 trees + 10-fold | 33.24627 15 Best performance: Lowest RMSE
CvV)

42




RMSE was utilized to choose the best model by identifying the lowest value. We noted a
considerable reduction in variance (and thus, error) as the quantity of trees grew in the Random
Forest model (See Figure 14). This indicated a swift enhancement in model accuracy.
Nevertheless, this pattern ultimately leveled off, suggesting that increasing the number of trees
no longer provided significant advantages. This leveling off probably indicated that an adequate
number of trees had been attained for peak performance. Table 6 demonstrates that
combining more trees, feature subsampling (lower mtry), and cross-validation yields the best
predictive accuracy (lowest RMSE). This aligns with principles of ensemble methods like
Random Forest, where controlled randomness and validation-driven optimization improve

generalization.

Error vs Number of Trees

100

Error
80

40

0 100 200 300 400 500

trees

Figure 14: RF applied to food inflation as the dependent variable. 500 trees and mtry = 15.

As the number of trees in the Random Forest model increased, the error rate decreased; thus,
entry at 500 trees, that is a standard number in our study, had 83.7% explained variance for food
inflation. Hence, RF is in effect a method of identifying key features effectively, but for over-
fitting prevention, it uses ensemble averaging. As shown in (Appendix M), the root mean square
error decreases as the number of trees increases. This highlights that a higher number of trees
brought about more accurate and comprehensive food inflation predictions for Ethiopia. Digging

out features with random forests, variance, and error rate drop. Shown in another Appendix E,
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this reduction continues until the number of trees reaches 80 or so for food inflation, with no

further improvement beyond that point.

Table 7: Hyperparameter Tuning Results for Random Forest Model

mtry mix.nod | min.no | RMSE Rsquard MAE sampsize | ntree

e.size de.size

15 10 1| 7.986865 0.8379 5.485 100 500
Argument Description
ntree Number of trees to grow
mtry Number of variables randomly sampled at each split
nodesize Minimum size of terminal nodes
maxnodes Maximum number of terminal nodes
importance Whether to calculate variable importance
replace bootstrap samples
sampsize Size of sample to draw for each tree
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Figure 15: Hyper parameter Tuning Results for Random Forest: Effects of Node Size and
Predictor Sampling on Model Accuracy

Based on the description of Figure 15, the visualization illustrates the results of hyperparameter
tuning for a random forest model. It depicts how model performance, measured by RMSE, varies
with different values of minimum node size and the number of randomly selected predictors

(mtry). The graph indicates that increasing mtry generally improves performance (lower RMSE),
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and smaller node sizes (e.g., 1) tend to yield better results than larger ones (e.g., 10).

AR-RF Model: Actual vs Predicted Food Inflation
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Figure 16: Lines plots comparing actual vs. predicted of from Auto Regressive Random
Forest model.

Training Period: How closely the red dashed line follows the blue line shows the model's fit to
past data. A close match indicates a good fit. Test Period: The model's ability to predict the most
recent 5 years (20 quarters). If the red dashed line continues to track the blue line closely, the
model has good predictive power for near-term trends. Model Performance Analysis of this study
is that the Random Forest predictions closely track actual trends, though ensemble smoothing
reduces extreme peak/trough precision. Tight alignment indicates a strong overall fit. Slight
lag/overshoot during volatile periods reduced sensitivity to abrupt non-linear shifts. Effective for

noisy, nonlinear data, but may benefit from hybrid approaches for complex temporal patterns.

46



Food price inflation Forecasting using Random Forest model

Blue: Historical, Red: Forecast with 95% CI
a0

Food Inflation
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Figure 17: Food price inflation forcasting using Random Forest model

The blue line (2000 to 2024) shows significant fluctuations in food inflation. Notably, there's a
sharp peak around 2010, suggesting a period of extreme volatility (potentially linked to real-
world events like financial crises or supply chain disruptions). The absence of numerical axis
labels makes exact values unclear, but the range (0-90 on the y-axis) implies dramatic swings
over time. From the present to 2030, the red line represents the model’s forecast, with the light
red shading indicating a 95% confidence interval (the range within which the model expects
inflation to fall, with 95% certainty). The forecast appears to stabilize after initial fluctuations,
narrowing toward the end. The use of Random Forest (an ensemble learning method) implies the
model accounts for complex, non-linear relationships in factors driving food inflation (e.g.,

climate, geopolitical events, or market demand). The narrowing confidence interval could reflect.
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4.4.2 Evolution models

Ethiopia food price inflationforecat comparision
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Figure 18: Forecasting comparison of models used to analyze food price inflation in
Ethiopia

This line graph compares actual food price inflation in Ethiopia (black line) with forecasts from
five statistical models, covering Q1 2020 to Q4 2024. Among them, the AR-RF model (yellow)
aligns most closely with observed inflation, particularly after 2023, indicating its superior
predictive accuracy. While the SARIMA model (red) effectively captures seasonal fluctuations,
it exhibits larger overall deviations. Persistent forecasting errors such as consistent over- or
underestimation highlight biases in some models. The actual inflation line reveals sharp
volatility, with a pronounced peak in early 2022, likely driven by global shocks such as COVID-
19-related supply chain disruptions and the Russia-Ukraine conflict’s impact on grain prices.
Although inflation trends downward post-peak, volatility persists, reflecting continued instability
in Ethiopia’s food markets. The Random Forest (purple dashed) and AR-RF (yellow) models
offer smoother forecasts due to ensemble averaging, though they tend to underreact to abrupt
market shifts.
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Model Validation

Model validation was conducted to assess how well the trained models, fitted on historical data
from 2000Q1 to 2019Q4, generalize to unseen future data. This step is crucial to ensure that
models are not simply memorizing past patterns (i.e., overfitting), but are capable of adapting
to real-world dynamics. Using out-of-sample data from 2020Q1 to 2024Q4, we evaluated
predictive accuracy through key performance metrics, including RMSE and MAE. Models
compared include AR, ARIMA, SARIMA, Random Forest (RF), and the hybrid AR-RF.
Among these, the AR-RF consistently demonstrated the best overall performance, balancing

short-term responsiveness with long-term trend alignment.

Table 8: Model Performance Comparison without split data

Model RMSE MAE | R-Squared
AR Model 17.4567 15.5667 | 0.818
ARIMA Model 17.3622 15.3913 | 0.834
SARIMA Model 17.3047 15.3996 | 0.832
RF Model 11.8134 10.1055 | 0.836
AR-RF Model 7.7797 7.3207 | 0.837

The AR-RF model consistently achieves the highest R? values, owing to its hybrid structure: it
leverages autoregressive lags to capture temporal dependencies and employs Random Forest to
model complex, nonlinear relationships. Robust model validation confirms that this approach
generalizes well to unseen data, minimizing the risk of overfitting. RMSE comparisons further
highlight AR-RF’s superiority, showing a significant reduction in forecast error compared to
traditional ARIMA models. These results support the adoption of hybrid machine learning
approaches for producing more accurate and policy-reliable forecasts in the context of Ethiopia’s

highly volatile food inflation.
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Ethiopian Food Inflation Forecast Comparison
Test Period: 2020 Q1 to 2024 Q4
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Figure 19: Compare the forecasting performance of different models for Ethiopian food
inflation from Q1 2020 to Q4 2024

The graph illustrates a comparison between actual food inflation rates, indicated by the black
line, and five modeling approaches: Among these, the AR-RF Hybrid shows the closest
correlation with actual values, particularly during volatile phases like the spike in Q3 2021. This
model effectively merges the nonlinear processing strengths of RF with the temporal dependency
recognition of AR. In contrast, traditional models are unable to adequately account for major
events, often smoothing trends too much and underestimating the effects of the 2023 crisis. In
conclusion, the AR-RF hybrid model surpasses its alternatives, offering more dependable

forecasts for the fluctuating food inflation in Ethiopia.

4.3 Variables Importance

Identifying relevant predictor variables is crucial for various applications, as opposed to merely
using a black-box model to forecast the response. By utilizing variable importance metrics, we
can assess potential predictor variables based on their impact on predicting the response or their
possible causal effects. The %IncMSE metric indicates the extent to which the model's error

increases when a variable is excluded; higher values suggest greater importance.
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Table 9: Top feature selection (variables importance)

Variable %IncMSE | IncNodePurity | Interpretation

Non Food Inflation | 20.0 15,200 Strongest overall predictor, impacts both
global accuracy and local splits

Average of world oil | 18.0 14,800 Critical cost-push factor with consistent

price splitting power

Gross private | 15.0 12,500 Demand-side driver important for both

Consumption metrics

Total population 14.0 11,900 Structural factor with balanced importance

Agriculture  Allied | 13.0 10,700 Key supply-side determinant

Activities

Exchange Rate 12.0 9,500 Trade-related impacts visible in both
measures

Food price 10.0 8,300 Mid-range importance despite being target-
adjacent

Cultivate area 9.0 7,600 Agricultural capacity measure

Lending Interest | 8.0 6,900 Financial conditions indicator

Rate

Total production 7.0 5,800 General economic activity

Global price of Food | 6.0 4,500 International market influence

index

Import of goods | 5.0 3,800 Trade flow impact

services

Rainfall 3.0 2,100 Environmental factor with modest role
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Variable Importance for Food Inflation Prediction
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Figure 20: The most important variables selected by random forest Models
Random Forest was employed to identify the key features contributing to the variability in food
inflation. The most important predictors identified by the model included non-food inflation,
average world oil prices, exchange rate, lending interest rates, gross private consumption,
agricultural allied activities, total population, cultivation area, food price index, total production,

global food prices, imports of goods and services, and rainfall (see Figure 20).
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Figure 21: Top 10 Variables importance plot from Auto-Regressive Random Forest
(AR-RF) model

Examining figure 21 offered valuable insights into the most important factors influencing food
price inflation and improves forecasts accuracy of the models. Two models displayed a
remarkable agreement when identifying the top most impactful features. This consistency
suggests a strong understanding of the key drivers behind food price inflation and improves
forecast accuracy of the models. Headline inflation stood out as the most critical factor,
consistently ranking first across models. This emphasizes its significant influence on food
inflation and forecast accuracy of the models. Other features consistently selected in the top
positions included non-food inflation, lag of food inflation, and total production, rainfall, broad
money and lending interest rate were the major factors determine the forecasting accuracy of the

models.

4.4 Model Comparison

The univariate analysis was done for both SARIMA and random forest. The traditional model
(time series model) used as bench mark model to compared with random forest models without

assumptions of stationarity.

Model Training data set (in-sample) Test data set (out-sample)
RMSE MAE MAPE RMSE MAE MAPE

AR 2.34 1.23 4.56 567 1.56 5.89
ARIMA 1.25 0.98 4.32 289 212 5.79
SARIMA 1.08 0.82 3.98 254 1.98 5.45
Random 0.92 0.71 5.01 2.71 2.05 5.12
Forest

AR-RF 0.85 0.65 0.26 2.31 1.87 4.01
Hybrid
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Table 10: Model Performance Comparison for In-Sample and Out-Sample Forecasting

Table 10 provides valuable insights into the comparative performance of various forecasting
models, with a particular focus on their ability to generalize to unseen data. The evaluation
incorporates three key error metrics: Root Mean Squared Error (RMSE), Mean Absolute Error
(MAE), and Mean Absolute Percentage Error (MAPE), applied to both in-sample (training data)
and out-of-sample (test data) periods. Among the models assessed, AR-RF consistently delivered
the most accurate forecasts, especially for out-of-sample data, where proportional changes in
food price inflation are critical. Its strong performance particularly in terms of MAPE highlights
its effectiveness in adapting to Ethiopia’s volatile inflation dynamics, outperforming traditional
time series models. These findings reinforce the value of hybrid models that combine historical
patterns with machine learning's ability to capture nonlinear relationships.

4.5 Model Diagnostic Auto-Regressive Random Forest and forecasting

45.1 AR-RF model Diagnostic Checks

The residuals appear randomly scattered around zero, suggesting the model captures the main
patterns in the data without obvious bias. While Random Forest does not assume linearity or
homoskedasticity, the residual plot indicates stable performance across the prediction range. The
residuals closely follow the red line, validating their alignment with a normal distribution,
reinforcing the assumption of normally distributed errors. No significant autocorrelation was
detected, as all bars remain within the confidence bounds, suggesting the absence of temporal
dependencies. The residuals exhibit a zero mean, normal distribution, constant variance, and no
discernible temporal patterns, indicating well-specified model assumptions and a reliable fit (see

appendix H).
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4.5.2 AR-RF model forecasting
AR-RF Model Training and Predictive Performance

The Auto-Regressive Random Forest (AR-RF) hybrid model exhibited strong in-sample
performance over the 2000-2019 training period, achieving a Root Mean Squared Error (RMSE)
of 0.85, a Mean Absolute Error (MAE) of 0.65, and a coefficient of determination (R2) of 0.837.
These metrics reflect a strong correlation between the model’s predictions and actual food
inflation values, particularly during periods of economic volatility, such as the 2008 global crisis
and the 2011-2013 inflation surge. Residual diagnostics confirmed that the model errors were
approximately normally distributed and showed no significant autocorrelation, indicating that the
AR-RF model was well specified. Its ability to capture both autoregressive temporal
dependencies and nonlinear relationships driven by exogenous factors underscores its suitability
for modeling Ethiopia’s complex food inflation dynamics. Detailed diagnostics and performance

summaries are presented in Appendix H.

Out-of-Sample Performance & Forecast (2020-2029):

Food Price Inflation Forecast Accuracy (2020-2024): The AR-RF model demonstrated strong
out-of-sample forecasting performance for the 2020-2024 periods, achieving a Root Mean
Squared Error (RMSE) of 2.31 and a Mean Absolute Error (MAE) of 1.87. These results
represent an 18% improvement over benchmark models, as reflected by a low Mean Absolute
Percentage Error (MAPE) of 4.01. The model effectively captured key trend shifts during the
COVID-19 period, although it slightly underestimated the sharp inflation spikes observed in
2022-2023. Residual diagnostics confirmed that the forecast errors were approximately normally
distributed and showed no significant autocorrelation, reinforcing the model’s statistical
soundness. Overall, the AR-RF model offers superior predictive accuracy and robustness for
forecasting food price inflation in a volatile economic context (see Appendix H).
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Ethiopia Food Price Inflation Forecast
AR-RF Hybrid Model with Realistic Trends
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Figure 22: Food Inflation Forecasting in Ethiopia using AR-RF model

Food Price Inflation Forecast for 2025-2029:

Long-Term Forecast and Policy Implications (2025-2029): The AR-RF model projects
persistently high levels of food inflation in Ethiopia over the 2025-2029 period, with rates
ranging between 20% and 30%. This sustained upward trend suggests ongoing price volatility,
potentially driven by structural challenges such as supply constraints, climate shocks, or global
commodity market pressures. The model’s consistent performance across both historical and
forecast periods underscores its robustness and reliability for long-term inflation forecasting in
the Ethiopian context. Given these projections, policymakers should prioritize strategic
investments in agricultural productivity, food system infrastructure, and supply chain resilience

to mitigate inflationary pressures and enhance food security.

4.6 DISCUSSIONS

This study uses international research to highlight the varied nature of food inflation globally,
emphasizing the need to understand Ethiopia’s specific dynamics. Analyzing data from 2000 to
2024 with SARIMA and Random Forest models, the study identifies key drivers of food
inflation. Random Forest results highlight domestic factors such as past inflation, agricultural
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output, and monetary conditions as primary influences, while external factors like exchange rates
play a lesser role. The Random Forest (RF) approach effectively addressed the issue of
multicollinearity and identified key predictors of food inflation in Ethiopia, including overall
inflation, global oil prices, exchange rates, agricultural output, and rainfall consistent with
previous findings (Anam, 2014). This study extends the existing body of research on food price
inflation forecasting in developing economies by demonstrating the advantages of machine
learning models. The hybrid AR-RF model outperformed traditional ARIMA and SARIMA
models, confirming the superior predictive power of machine learning techniques in

macroeconomic contexts (Goulet Coulombe, 2020; Medeiros et al., 2021).

Similar to the findings of Araujo & Gaglianone (2023) and Polyzos & Siriopoulos (2024), the
AR-RF model in this study more effectively captured nonlinear dynamics and external shocks,
such as global oil price fluctuations and climate variability, which are often poorly handled by
linear models. These results affirm the AR-RF model's robustness in accounting for complex
inflationary behaviors and external disruptions, making it particularly suitable for forecasting in
volatile environments. In the Ethiopian context, food inflation was found to be positively
associated with variables such as domestic food prices, annual rainfall, interest rates, and money
supply, indicating that increases in these variables tend to exacerbate inflationary pressures.
Conversely, agricultural and the weighted average call money rate showed a negative

relationship with food inflation, aligning with similar findings in India (Sharma & Meena, 2024).

These patterns highlight the sensitivity of food inflation to both domestic conditions and broader
economic factors. This study’s findings are consistent with those of Kuma & Gata (2023),
particularly in emphasizing the multifaceted drivers of food inflation. Complementary evidence
from NARDL model results highlights significant long-run asymmetric effects of variables such
as money supply, wage rates, crude oil prices, world food prices, the real effective exchange rate,
and the weighted average call money rate on food inflation. These findings underscore the
importance of both domestic and global economic factors in shaping inflation trends. The results
of this study indicate that rainfall is a significant, though secondary, predictor of food inflation in

Ethiopia ranking below global factors such as the Global Food Index and exchange rates. This
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aligns with findings from Latin America (Kose & Unal, 2024), which emphasize the role of
temperature shocks in food inflation, although monetary policy appears to play a more prominent
role in the Ethiopian context. The dominance of global variables particularly global food prices
and exchange rates as top predictors in the Random Forest model is consistent with the findings
of (Samal et al., 2022). Similarly, this study identifies headline inflation, global oil prices,
exchange rates, and agricultural production as key drivers of food price inflation in Ethiopia.
These results corroborate earlier studies by Demeke & Tenaw (2021) and Kuma & Gata (2023),
which also found these factors to be statistically significant determinants of inflation.

Importantly, the model highlights the significance of food price inflation expectations and lagged
values, underscoring the self-reinforcing nature of inflationary cycles. This finding is consistent
with Durevall et al. (2013) who noted the persistence of inflation dynamics in Ethiopia.
Specifically, lagged values from one to four quarters were statistically significant (p < 0.05),
supporting the conclusions of Demeke & Tenaw (2021) and Kuma & Gata (2023), who
employed ARDL models to demonstrate similar results. The persistence of inflation revealed by
these lagged effects suggests that effective policy responses must not only address immediate
supply-side shocks but also manage long-term inflation expectations to achieve sustained price
stability. Consistent with the findings of Araujo & Gaglianone, (2023), who reported a 30%
reduction in inflation forecasting errors using Random Forest compared to the traditional
ARIMA model in Brazil, this study demonstrates an even greater improvement in the context of

Ethiopia’s food inflation.

The AR-RF model reduced the Root Mean Squared Error (RMSE) by 55% (7.78 versus 17.30)
and explained 83.7% of the variance (R?), significantly outperforming the ARIMA benchmark.
This enhanced performance can be attributed to two key factors: (1) the greater complexity and
nonlinearity of Ethiopia’s inflation dynamics, where machine learning methods are particularly
effective, and (2) the AR-RF model's incorporation of autoregressive lags alongside critical
domestic variables such as rainfall fluctuations and grain production factors typically excluded in
standard ARIMA frameworks. These results align with prior research, including Asghar et al.

(2021), who found that Random Forest models consistently achieve lower RMSE values and
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higher RZ scores in inflation prediction. (Asghar et al., 2021) highlighted the advantage of
machine learning models in capturing nonlinear interactions and handling high-dimensional data.
William et al.(2024) and Kaewchada et al.(2023) reported improved food price forecasting
accuracy using Random Forest, citing its robustness against overfitting and noise. This study
found that global food prices explain 25% of domestic inflation variation, consistent with
(Minot, 2014) and (Gilbert & Morgan, 2010) However, the Random Forest model also detected
nonlinear threshold effects, supporting (Bellemare et al., 2013) critique of linear price
transmission models. Agricultural production showed 13% importance matching (Bezabih et al.,
2021) though its influence has declined post-2015, possibly due to climate-related disruptions
(Gebrekidan, 2022). The modest importance of broad money supports the NBE’s (2023) move

toward hybrid inflation targeting, echoing (Ayalew, 2022) institutional analysis.
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CHAPTER FIVE
5 CONCLUSIONS AND RECOMMENDATIONS
5.1 CONCLUSIONS

Food price inflation remains a critical challenge for Ethiopia's economic stability and food
security. This study developed a machine learning model to capture the complex, nonlinear
dynamics of food inflation, significantly outperforming traditional time-series models (AR,
ARIMA, SARIMA) with a 55% reduction in RMSE and 83.7% explanatory power. Our analysis
of quarterly data (2000-2024) revealed distinct phases: mild inflation (2000-2007), extreme
volatility during the 2008 global food crisis, and a sustained upward trend post-2015.

The AR-RF model identified key drivers headline inflation, global oil prices, exchange rates,
domestic demand, agricultural output, rainfall, and inflation persistence (lagged values)
highlighting the multifaceted nature of food inflation. Projections for 2025-2029 indicate
persistent volatility (20-30% range), driven by these interconnected factors. By integrating
autoregressive lags with machine learning, this study provides a robust framework for
forecasting in volatile economies, offering policymakers actionable insights to mitigate food

insecurity and macroeconomic instability.

5.2 RECOMMENDATIONS

Based on the study’s findings, several recommendations are proposed:

» The National Bank of Ethiopia (NBE) should tighten money supply growth to
curb demand-pull inflation, given the strong link between broad money supply
and food price surges.

> Invest in climate-smart agriculture (e.g., irrigation, drought-resistant crops) to
buffer against rainfall volatility and boost production, reducing supply-side
pressures.

> Implement clear communication strategies to anchor inflation expectations,

countering self-reinforcing cycles identified through lagged effects.
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» Adopt AR-RF models for real-time food inflation monitoring, integrating high-
frequency data on global commodities and exchange rates.
» Address population growth through family planning initiatives and expand social

safety nets to protect vulnerable households.
Limitations of the Study

This study relied on national-level data; future work should incorporate subnational data to
capture regional disparities. Expanding the model to include deep learning techniques

(e.g.,LSTM) and variables like supply chain disruptions could enhance accuracy.
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APPENDENCE

A. Appendix : Variables Description

Table Appendix A: Dependent and Independent Variables Description

No. Variable Name Measurement Source

1 food Inflation ( dependent variable) In % CSS

2 Headline Inflation In % CSS

3 Political stability Index Number World bank
4 Non-food Inflation In % CSS

5 Price export of good and service In million birr NBE

6 Price Imported good and service In million birr NBE

7 Gross government Consumption In thousand birr NBE

8 Gross private Consumption In thousand birr NBE

9 Total population In number NBE

10 Gross Domestic Fixed Investment In thousand birr NBE

11 fertilizer In Million birr CSS

12 Broad Money Supply In thousand birr NBE

13 Expenditure In Million birr NBE

14 Narrow money In thousand birr NBE

16 Real GDP Per capital In thousand birr NBE

17 Unemployment rate In % NBE

18 Foreign direct investment In million birr NBE

19 Rainfall In milliliter Ethiopia MA

20 World oil price In thousand birr World bank
21 Exchange rate In % NBE

22 area cultivated In hector NBE

23 agricultural production In ton NBE

24 Lending interest rate In % NBE

25 World food price index In Number World bank
26 Private Consumption In thousand birr NBE
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B. Appendix: Food inflation forecasting using AR model from 2025 — 2029

Food inflation forecasting using ARIMA(2,0,0) model
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C. Appendix : Features Selected by Random forest Models

Wariable Importance for Food Inflation Prediction
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D. Appendix :Test for number of trees and model performance

Model Performance by Number of Trees
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E. Selection of number of tree vs. root mean square error

Number of tree RMSE R-squared

100 9.221775  0.8652867
200 9.129297  0.8797310
500 9.018623  0.8868181

F. Appendix: Features Selected by Auto-Regressive Random forest Models
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G. Structure of best fitted RF Model to predict food inflation in Ethiopia

Ethiopia Food Price Inflation Forecast
Actual vs Random Forest Forecast
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Residuals

Residuals

H. Appendix : Model Diagnostic of Auto Regressive Random Forest
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Appendix: Forecast Values of Auto Regressive Random Forest model

Quarter Point Forecast 95% Confidence Band
Lower upper
2025Q1 25.5% 25.0993 25.9607
2025Q2 26.3% 25.8992 26.7097
2025Q3 27.1% 26.6953 27.5008
2025Q4 26.8% 26.4993 27.2067
2026Q1 28.0% 27.5393 28.4037
2026Q2 27.5% 27.0973 27.9028
2026Q3 26.9% 26.4903 27.3039
202604 27.2% 26.7993 27.6027
2027Q1 28.3% 27.9993 28.7009
2027Q2 29.0% 28.5893 29.4087
2027Q3 26.7% 26.2999 27.1097
2027Q4 27.4% 26.9993 27.8547
2028Q1 28.1% 27.6983 28.5032
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2028Q2 27.8% 27.3995 28.2065

2028Q3 26.5% 26.0983 26.9085

2028Q4 27.0% 26.5996 27.4097
20290Q1 28.2% 27.7997 28.6009
2029Q2 29.1% 28.6693 29.5049
2029Q3 28.4% 27.9943 28.8065
2029Q4 27.6% 27.1998 28.0069

J. Appendix : model comparison in in sample and out sample

Model Comparison by MAPE i
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K. Appendix : Residuals distribution

Training Set Residuals Test Set Residuals
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L. Appendix : comparison of Bagging with OOB-RMSE

Comparison of Bagging Techniques
QOB RMSE Performance
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