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Abstract

Food security is a crucial pillar for human wellbeing, societal stability and national development.
Food security can be defined as a situation when all people, at all times, have physical and
economic access to sufficient, safe and nutritious food that meets their dietary needs and food
preferences for an active and healthy life [I]. In Uganda, nearly 20 percent of the population
lives below the poverty line and over 16 million Ugandans face food insufficiency [2] due to
various factors like unreliable climate, economic instability, population pressure, conflict and
inadequate forecasting mechanisms [3]. Recent research studies have increasingly turned to
predictive modelling using machine learning for food security forecasting, integration of climate
data, socio-economic indicators and innovative geospatial analytics [4]. Whereas advances in
machine learning and geospatial analytics have led to significant improvements in climatic
modelling for food security, they often fall short by excluding actual agricultural outputs.
Without integrating crop yield data, forecasts may misestimate food availability yet it can
be a key driver of food crises. Particularly for Uganda, where over 70% of the population is
employed by agriculture [5], the omission of crop yield data from forecasting models can result
in inaccurate predictions/forecasts. To address this gap, this study developed and evaluated a
geospatial machine learning framework for forecasting food security in Uganda by integrating
crop yield data from FAOSTAT with multi-source environmental, market, conflict, demographic
and historical Integrated Food Security Phase Classification (IPC) data from 2007 to 2020.
A hybrid model combining a Long Short-Term Memory (LSTM) temporal encoder and an
XGBoost classifier was trained and validated on 44, 082 district-month observations. The hybrid
LSTM-XGBoost model achieved a macro Fl-score of 0.75 and an overall accuracy of 93.8%
on the test set. Importantly, the model demonstrated exceptional performance in identifying
severe food crises (IPC 3+), achieving a recall of 0.82, a ROC-AUC of 0.998, and a PR-
AUC of 0.852. An ablation study confirmed that incorporating crop yield data significantly
improved predictive power, increasing the IPC 34 F1l-score from 0.688 to 0.759. Furthermore,
model comparisons demonstrated that a country-specific model trained purely on Ugandan
observations significantly outperformed a consolidated regional model shown by a macro F1
score of 0.747 achieved by the country-specific model as compared to the consolidated regional
model with a macro Fl-score of 0.725. These results provide robust empirical evidence that
integrating crop yield data into geospatial frameworks enhances food security early warning
systems which enables timely, targeted interventions to mitigate severe hunger.
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Chapter 1

Introduction

1.1 Background

Food security is a crucial pillar for human wellbeing, societal stability and national develop-
ment.

Food security can be defined as a situation when all people, at all times, have physical and
economic access to sufficient, safe and nutritious food that meets their dietary needs and food
preferences for an active and healthy life [I]. Food security is related to nutrition, and conversely
food insecurity is related to malnutrition. Not all malnourishment arises from food insecurity,
as households may have access to healthy diets but choose to eat unhealthily or it may arise
from illness. However, in many parts of the world, poverty is linked to poor diets [§].

In Uganda, nearly 20 percent of the population lives below the poverty line and over 16 million
Ugandans face food insufficiency [2] due to various factors like unreliable climate, economic
instability, population pressure, conflict and inadequate forecasting mechanisms [3].

Recent research studies have increasingly turned to predictive modelling using machine learning
models for food security forecasting, integration of climate data, socio-economic indicators, and
innovative geospatial analytics [4]. Machine Learning employs statistical and computational
techniques to enable algorithms to learn patterns from data and make predictions or decisions
without being explicitly programmed for each task. ML systems optimize model parameters
by minimizing a loss function, often through gradient-based methods or ensemble approaches,
thereby generalizing from observed examples to unseen instances [9].

However, there is still a critical gap in food security prediction frameworks for Uganda, which
is, the integration of agricultural production data, in particular, crop yield data. This research
aims to develop a more comprehensive and accurate forecasting framework that can contribute
to more effective food security forecasting in Uganda through integrating crop yield data to
provide better insight into food availability.

1.2 Problem Statement

Current geospatial food security prediction models including regional multi-model frameworks

such as that developed by [4] place substantial emphasis on climatic and socio-economic indica-

tors while crop yield which is a direct measure of agricultural output has not been systematically

incorporated into these forecasting frameworks. Given that over 70% of Uganda’s population

is employed in agriculture [5] and that the effect of climatic variability on crop yield differs
1



across regions and crop types [10], the extent to which the omission of crop yield data affects
the accuracy of food security forecasts for Uganda remains insufficiently understood.

There is a need to systematically integrate crop yield data into existing food security prediction
models for Uganda, particularly for staple crops such as cassava, bananas and maize and to
empirically evaluate whether such integration measurably improves forecasting performance.
This study addresses that need by developing a hybrid geospatial machine learning framework
that incorporates crop yield data alongside environmental, market, conflict and historical food
security indicators and by testing the specific contribution of yield data to forecast accuracy
through a controlled ablation study.

1.3 Research Objectives

To optimize food security forecasting in Uganda through the development and implementation
of a geospatial analytics framework integrated with crop yield data.

1.3.1 Specific Objective 1

To determine the relationship between key geospatial variables, crop yield and food security
indicators.

1.3.2 Specific Objective 2

To develop and train a machine learning model that can forecast food security basing on crop
yield data.

1.3.3 Specific Objective 3

To evaluate the performance of the machine learning model and test whether including yield
data improves forecasts.

1.4 Justification

Integrating crop yield data into food security forecasts has the potential to enhance early
warning, policy response and planning. A forecasting framework that predicts food crises in
Uganda more accurately will give humanitarian agencies, policymakers, and farmers a basis to
effectively allocate resources and prepare interventions to mitigate food insecurity and reduce
the possibility of hunger which aligns with Sustainable Development Goal 2 which is Zero
Hunger [11]. It also fosters value addition in agriculture, technology and innovation as well
as effective response to climate change in order to reduce its adverse effect on agricultural
production, which are some of the main goals of Uganda’s National Development IV framework
[12]. NDP IV identifies a set of food security commodities that include crops such as maize
and bananas to be targeted through area-based planning across diverse agro-ecological zones.
By using crop yield data to forecast potential shortages for these staple crops, the proposed
framework will equip planners with data-driven insights to meet these targets [12].

Additionally, the project also provides for technological advancement by demonstrating how
machine learning can be used to develop more advanced models that can give better and more
accurate results compared to traditional forecasting models [4]. NDP IV emphasizes value
chain development, mechanization and efficient use of technology in agriculture. The proposed
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project embodies this modernization thrust by employing cutting-edge data analytics such as
AT and GIS to enhance crop production forecasting.

Academically, this work seeks to extend the geospatial and multi-model approaches of [4] by
adding crop yield data which will fill a literature gap on food security forecasting. The cre-
ation of a machine learning model further represents an advancement in food security forecast-
ing.



Chapter 2

Literature Review

2.1 Impact of climatic variables on Food Security Fore-
casting

Variability in climate, especially due to global warming is a primary cause of food insecurity, as
it significantly impacts agricultural productivity, market stability and resilience of households
[13].

The frequency and occurrence of extreme events has also affected food security in the various
regions. Droughts which are characterized by prolonged precipitation deficits and high evapo-
transpiration rates have been shown to reduce cereal yields by up to 40% in semi-arid regions
like the Sahel [14]. Examples include the East African drought in 2011 that led to a 50% decline
in maize production in Somalia which in turn triggered famine-level food insecurity [15] and
crop failure rates exceeding 80% for maize and sorghum in the Teso and Karamoja subregions
that led to acute food insecurity for over 1.6 million in 2016-17 [16].
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Figure 2.1: 2011 East African Drought by FEWS NET.

Satellite-derived indicators have become crucial for early warning systems. The Normalized Dif-
ference Vegetation Index (NDVI) which measures photosynthetic activity has been integrated
with Climate Hazards Group Infrared Precipitation with Station (CHIRPS) data to detect
vegetation stress up to 12 weeks before harvest failures in Ethiopia [I7] [I8]. Similarly, Land
Surface Temperature (LST) anomalies from MODIS sensors have been used to identify heat
stress in India’s wheat belt, where a 1°C temperature rise correlates with a 5% yield loss [19]
which shows how significant the effect of a slight change in temperature is on crop yield.

Upcoming frameworks also try to incorporate oceanic-atmospheric oscillations, such as the
Indian Ocean Dipole (IOD) to predict multi-seasonal rainfall variability in East Africa. Regional
rainfall predictions have been integrated and studied together with Indian Ocean Dipole (IOD)
and El-Nino Southern Oscillation (ENSO) and the results showcase an improvement in seasonal
outlooks for Africa which is an important step towards more accurate multi-seasonal forecasting

20].
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Figure 2.2: Indian Ocean Dipole Positive and Negative Phase [6].

2.2 Geospatial Analytics in Predictive Modelling

Geospatial technologies provide for spatially explicit risk assessments by combining and in-
tegrating data from multiple sources such as climatic indicators and socioeconomic factors.
Remote sensing platforms like Sentinel-2 (10-20m resolution) provide high-frequency monitor-
ing of the stages of crop growth. GIS-based spatial interpolation techniques such as kriging
and spline interpolation address data gaps in regions with few meteorological stations.

In Uganda, studies have shown that non-climatic factors explained more variability in crop yield
than rainfall and temperature alone, basing on regression models that have been developed
[21]. This necessitates the need for geospatial frameworks that combine both climatic and
socioeconomic data.

[4] has extended these approaches by developing a multi-model ensemble that combines climatic
indicators with socioeconomic variables to create a more robust framework.

New innovations such as participatory GIS (PGIS) integrate indigenous knowledge into risk
models. In Malawi, community mapping was integrated with satellite-derived flood information
and hydrological modelling to highlight the value of hybrid top-down/bottom-up approaches
[22]. Further, geotagged data on crop health and the spread of crop diseases has been used and
tested with cassava in Uganda and this has improved the spatial accuracy of pest and disease
models [23].

Hotspot mapping through spatial autocorrelation methods has advanced. This has been used
to identify chronic food insecurity clusters such as in the Karamoja and Bukedi sub-regions [4].
However, these rely on static agricultural zones thus overlook the cultivation patterns that are
ever changing due to climate adaptation which is addressed in dynamic land-use models such

as CLUE-S [24].

2.3 Crop Yield Data Integration

Crop yield data bridges the gap between climatic forecasts and food availability. FAOSTAT
provides standardized yield metrics for 245 countries but relies on national agricultural surveys
which introduces reporting biases, for example cassava yields in Nigeria were underreported
due to informal smallholder markets [25]. In Uganda, crop yield statistics are often aggregated,
underreported or sampled and collected without consistency [2I]. In order to mitigate this,
researchers have fused agricultural census data with satellite proxies. Sentinel-1 SAR data
achieved 89% accuracy in estimating rice yieldg in Vietnam by correlating backscatter signals



from radar remote sensing with panicle density [26] which explains the potential suitability for
staple crops like maize and cassava in Uganda. [27] integrated Landsat-8 NDVI with household
survey data which greatly improved the prediction of maize yields in the districts of Eastern
Uganda.

The use of Machine learning frameworks provides for further enhancement of yield prediction.
Convolutional Neural Networks (CNNs) trained on Landsat-8 and soil organic carbon maps
predicted U.S. maize yields with a root mean square error (RMSE) of 0.8 t/ha [28].

Yield gap analysis has emerged as a critical tool for identifying underperforming regions. Such
analysis requires high-resolution agroclimatic zoning which is shown by the Global Yield Gap
Atlas (GYGA). A study carried on staple crops in the Sub-Saharan Africa region showcased
significant yield gaps for Uganda’s staple crops, with maize achieving only 30% of its potential
yield due to a multitude of factors [29].

2.4 Machine Learning and Deep Learning in Food Secu-
rity Prediction

Machine learning (ML) and deep learning (DL) have emerged as transformative tools for food
security prediction due to their capacity to model nonlinear relationships and high-dimensional
datasets. Random Forest (RF) and XGBoost algorithms, for example, have achieved high
accuracy in predicting crop failures by synthesizing climatic, topographic and phenological
variables [28] [30].

Deep learning approaches, in particular, Long Short-Term Memory (LSTM) networks, excel
in capturing temporal dependencies in climatic time series, such as lagged effects of rainfall
on soil moisture [31]. Transformers which were initially developed for natural language pro-
cessing are now being adapted for spatial-temporal forecasting where attention mechanisms
are being leveraged to prioritize critical climatic variables [32]. However, ML /DL models face
challenges in low-data environments which are usually associated with over-fitting and poor
generalizability.

Transfer learning solves the generalization by pre-training models on global datasets before
fine-tuning them with local data. [33] pre-trained a deep learning model on a large global
dataset, after which it was fine-tuned using locally collected data to make it more accurate and
robust. Ethical considerations such as algorithmic bias bring in the need for transparent model
architectures and participatory evaluation [34].

Despite the growing adoption of transformer architectures for time series and sequence mod-
elling tasks [33], studies suggest that their advantages are not universal, particularly in data-
constrained settings. [35] evaluated several state-of-the-art transformer models for long-term
time series forecasting and found that substantially simpler linear models frequently achieved
superior performance across multiple benchmark datasets. They argued that, unlike recurrent
models, transformers do not inherently preserve temporal order, relying instead on positional
encodings to recover sequential information, which may limit their effectiveness for certain fore-
casting tasks. Similarly, [36] reported that transformer-based forecasting models lack the strong
temporal inductive bias naturally provided by recurrent and convolutional architectures. As a
result, transformers must learn temporal dependencies directly from the training data which
makes them more susceptible to underperformance when training datasets are comparatively
small.

These observations are consistent with broader findings that transformer architectures which
7



were initially developed for natural language processing applications trained on extremely large
data, generally require substantially larger datasets than recurrent models to fully realise their
representational advantages [33]. Consequently, their superior performance is not guaranteed
in applied forecasting problems where training data is comparatively limited.

[37] in a comprehensive study covering 45 datasets demonstrated that gradient-boosted tree en-
sembles including XGBoost consistently outperformed deep learning models including attention-
based tabular architectures on medium-sized datasets. This was attributed primarily to the
stronger inductive bias of tree-based methods for structured tabular data rather than to inher-
ent limitations of deep learning itself.

Machine learning excels in modelling non-linear relationships that are complex and exist in
food systems. Random Forest algorithms use decision trees to handle high-dimensional data
and have been widely adopted. XGBoost is a scalable tree-based gradient-boosting framework
that has also been adopted heavily [38].

Deep learning models, particularly Long Short-Term Memory (LSTM) networks capture tem-
poral dependencies in climatic time series.

However, ML/DL models face a number of ethical and operational challenges. First is algo-
rithmic bias which occurs when the outputs of an algorithm benefit or disadvantage certain
individuals or groups more than others without a justified reason for such unequal impacts
[39], for example models trained on global datasets may underperform in certain regions.

Another is explainability which comes about due to a difference between what a model can
explain and what a decision maker wants to know. These issues also arise for well-functioning
models that fail on few data instances [30] [31].

Finally, there is scalability which refers to the ability of a system to accommodate an increas-
ing number of elements or objects, process growing volumes of work gracefully, and/or be
susceptible to enlargement [40].



Chapter 3

Methodology

3.1 Study Site

This study was carried out in Uganda, which is situated in East Africa and is characterized by
a tropical climate with bimodal rainfall patterns, that run from March-May and September—
November and are critical for its economy that’s dominated by agriculture. Agriculture employs
over 70% of the country’s population [9]. The country’s agro-ecological zones experience signif-
icantly different climate conditions which in turn influence crop production and food security
outcomes [41]. Focus districts were selected based on their prominence in staple crop production
and vulnerability to climatic changes.

3.2 Study Design

This study adopted a quantitative, correlational and predictive design. It integrated multi-
source geospatial and agricultural datasets. The framework was built on methodologies from
Atuhaire et al. [4] who combined geo-intelligence and machine learning (ML) for food security
forecasting and extends this through the integration of crop yield.

The study used secondary data. Crop yield data was obtained from the Food and Agriculture
Organisation Statistics (FAOSTAT) Database [42]. For Food Security data, the Predicting
Food Crises 2020 dataset was used [43].

A three-phase design was used, corresponding to the specific objectives of the study. Phase I
examined the bivariate and multivariate relationships between geospatial variables, crop yield
data and food security indicators.

Phase II involved the development and training of a machine-learning model that combined a
Long Short-Term Memory (LSTM) encoder with an XGBoost classifier. The LSTM was tasked
with learning the temporal patterns from the geospatial data with the final multi-class IPC
phase classification performed by the XGBoost classifier [31] [44].

Phase III evaluated the performance of the model through temporal cross-validation, baseline
comparisons and ablation studies in order to understand the specific contribution of crop yield
data to the accuracy of food security forecasting as recommended by Roberts et al. [44].



3.3 Study Population

The study population comprised 56 districts across Uganda with validated agricultural, cli-
matic and food security data from 2009-2020. District observations by month were used, each
characterised by a combination of geospatial, demographic, conflict, market attributes and lag
features, obtained from a combination of two datasets namely:

The Predicting Food Crises 2020 dataset is a global dataset from the World Bank that is made
up of data from 1162 districts in 21 developing countries from the period 2009 to 2020 [45].
The dataset is made up of a target variable for predicting food security on an ordinal scale with
five stages: (1) minimal, (2) stressed, (3) crisis, (4) emergency and (5) famine.

The second dataset is from the Food and Agriculture Organisation Statistics (FAOSTAT)
Database showing food production and yield, collected annually in 245 countries from 2009
to 2020. Crop and livestock statistics for 278 products in different categories are maintained
in this dataset [42]. The two datasets were merged using country-year as the primary key to
create a unified data frame.

For the final analysis, district-month observations were used with the target variable defined
as the IPC phase in the three months ahead (¢ + 3), maintained as 1-3 in order to focus on the
range within which Uganda lies.

3.4 Sample Size Determination

A total of about 44082 records were derived which aligns with sample size recommendations
for ML models in geospatial studies [46]. In order to handle the categorical imbalance for the
target variable, the Synthetic Minority Over-sampling Technique (SMOTE) was used.

For the LSTM encoder, a minimum of 12-month sequence was required per district. For the
XGBoost, a minimum of 10-20 predictor events were required as proposed by Riley et al.
[47]. The sample comfortably satisfied this threshold with 139 features for use after feature
engineering was done. Further, an 18-month window was ultimately adopted, exceeding this
minimum, in order to capture both annual rainfall seasons within a single sequence

For the temporal cross-validation, the sample was partitioned into temporal folds with a min-
imum size of 5% of Uganda’s observations, in order to ensure the observations were sufficient
for stable performance estimation [4§].

3.5 Data Management

This project utilized secondary data provided on the World Bank Repository and Food and
Agriculture Statistics (FAOSTAT) database. The datasets were stored in Comma-Separated
Value format spreadsheets which are compatible with several data analytics tools.

The analytics were carried out in Python using a Google Colab notebook with the packages
Pandas for data manipulation, NumPy for numerical operations, scikit-learn for baseline models
and preprocessing, XGBoost for gradient boosting, PyTorch for the LSTM encoder, SHAP for
model interpretability and GeoPandas for the geospatial analysis.
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3.6 Data Analysis and Preparation

3.6.1 Feature Engineering

Feature engineering was used to preserve all 28 raw PFC attributes while creating derived
features for use in predictive performance improvement. The engineering pipeline followed a
tiered structure.

For each district, temporal features were created. Lagged values were generated for IPC phases,
environmental variables such as NDVI, conflict indicators and staple food prices. Next, IPC-
specific features were derived such as IPC trend, velocity, stress flags, phase change indicators
and recovery signals.

Interaction features were created to capture compound risk scenarios for example (NDVI x
rainfall) to capture the vegetation-water stress.

From FAOSTAT, raw yield values for maize, beans and bananas were supplemented with yield
shock indicators made up of z-scores relative to the expanding mean.

K-nearest-neighbour spatial lags were computed for key variables using district centroids in
order to capture spatial autocorrelation in food security outcomes.

The final feature set comprised 139 engineered features, all traceable to the original 28 attributes
from the datasets.

3.6.2 Missing Data Treatment

Missing data which is a common challenge in multi-source geospatial datasets, was addressed
through a tiered approach. K-Nearest Neighbor (KNN) imputation was applied using scikit-
learn’s KNNImputer, which estimated missing values based on similarity metrics across neigh-
bouring observations [49], together with Simple statistical techniques like mean, median and
mode imputation.

3.6.3 Feature Importance

SHAP (SHapley Additive exPlanations) was used to determine feature importance as it at-
taches a value to each variable that was used in the model’s development. This value is called
the Shapley Value which is a fair profit allocation among many stakeholders basing on their
contribution [50].

3.6.4 Outlier Treatment

Outliers which can distort model performance, were identified from the data using the In-
terquartile Range (IQR) method which flagged values that exhibited a normal distribution.
Mean and standard deviation were also used to flag those values that exhibited a skewed dis-
tribution.

3.6.5 Statistical Correlation

Pearson and Spearman correlation analyses were carried out to quantify linear and non-linear
relationships between variables. Visualizations such as heat maps were generated using Seaborn
and matplotlib to provide a graphical representation of the interaction between variables.
Choropleth maps were also developed using GeoPandas.
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Mean Annual Rainfall in the Main Drainage Sub-Basins of Uganda
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Figure 3.1: Choropleth map showing the distribution of Mean annual rainfall in main drainage
sub-basins in Uganda, 1940-2009.

3.6.6 Machine Learning Algorithms

A number of machine learning (ML) and deep learning (DL) algorithms were selected to balance
interpretability and predictive power. XGBoost, a gradient-boosting framework optimized for
high-dimensional data was used alongside a Deep learning 2-layer Long Short-Term Memory
(LSTM) network model which captured temporal dependencies in climate-yield sequences [32]
from the 18-month sequence of engineered features on which it was trained. Class weights were
used to address the imbalance in classes. The XGBoost classifier was tasked with predicting
amongst three classes, IPC 1, 2 and 3.

The hybrid LSTM-XGBoost architecture was selected because it better matched the character-
istics of the dataset than a transformer-based alternative. LSTM networks are well established
for capturing non-linear temporal dependencies in climate and crop yield time series [32], while

XGBoost consistently performs well on high-dimensional heterogeneous tabular data and has
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been widely applied in crop yield and food security prediction [30][31][39]. Accordingly, the
LSTM, augmented with an additive attention mechanism, was used to learn temporal charac-
teristics from 18-month sequences, while XGBoost performed the final IPC classification using
the learned embeddings together with the engineered static features.

A transformer-based encoder, using self-attention in place of recurrence, was considered as an
alternative to the LSTM but was not adopted due to the nature of the dataset [32]. Although
transformer architectures have demonstrated state-of-the-art performance across a wide range
of sequential learning tasks through their self-attention mechanism, they generally require larger
training datasets and greater computational resources than recurrent models to achieve stable
generalisation, particularly in time-series applications, due to their larger parameter space
and weaker sequential inductive bias [51][35]. The approximately 43,000 training sequences
available in this study, together with an 18-month input window, were therefore considered
more appropriate for a compact bidirectional LSTM, whose recurrent structure is well suited
to modelling relatively short temporal sequences [32].

Moreover, the principal advantage of transformers lies in capturing long-range temporal depen-
dencies through global self-attention [32][35], whereas the temporal dependencies in this study
could be effectively represented using an LSTM augmented with additive attention. Restricting
the deep learning component to feature extraction also allowed the final classification to remain
within the XGBoost framework, preserving robust class-imbalance handling, ordinal-aware
training and SHAP-based interpretability, while reducing the computational burden associated
with training and tuning a full transformer model. This made the hybrid LSTM-XGBoost archi-
tecture a more practical, interpretable and computationally efficient choice for the study.

3.6.6.1 LSTM Temporal encoder

The temporal encoder was implemented as a two-layer, bidirectional Long Short-Term Mem-
ory (LSTM) network with 48 hidden units per direction per layer, followed by an additive
(Bahdanau-style) attention mechanism applied over the sequence of hidden states and a projec-
tion head producing a fixed-length embedding per district-month observation. During encoder
training, the embedding was passed through an auxiliary linear classification head predicting
the three IPC classes directly, so that the encoder learned temporally and class-discriminative
representations. Only the embedding itself was retained and passed forward to the XGBoost
classifier once training was complete.

Each input sequence spanned 18 consecutive monthly observations per district, zero-padded at
the start where fewer than 18 prior months were available. Each time step was described by 54
engineered temporal features, drawn from a candidate list of 55 covering IPC history and trend
indicators, environmental variables, conflict indicators, interaction terms, crop yield and yield-
shock variables, market indicators, spatial lag features and static geospatial and demographic
attributes.

This produced 44,082 candidate sequences, of which 43,245 carried a valid training target. An
18-month window was chosen in preference to the 12-month minimum identified in the lit-
erature, in order to allow the encoder to observe both of Uganda’s bimodal rainfall seasons
(March—May and September—November) at least once within a single input sequence, together
with a preceding buffer period, rather than the single-season exposure a strict 12-month mini-
mum would provide.

The bidirectional LSTM used 48 hidden units per direction across two stacked layers, with
recurrent dropout of 0.2 applied between layers. The attention layer computed a scalar score

for each time step via a linear projection of the concatenated (forward and backward) hidden
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state, normalised across the sequence with a softmax function and used to compute a weighted
sum of hidden states as the sequence’s context vector. This allowed the encoder to assign
greater importance to the time steps most predictive of the eventual food security outcome,
rather than treating all 18 months equally. The context vector was passed through a projection
head consisting of layer normalisation, dropout of 0.2 to prevent over-fitting, a linear layer
and a Rectified Linear Unit (ReLU) activation function to produce the final 24-dimensional
embedding.

A 24-dimensional output was chosen to provide a sufficiently expressive summary of temporal
dynamics without allowing the temporal embedding to dominate the substantially larger set of
remaining static and engineered tabular features once passed to the XGBoost classifier.

The encoder was trained for 30 epochs using the AdamW optimiser with a learning rate of
1 x 1073, weight decay of 1 x 107* batch size of 256 and a cosine-annealed learning rate
schedule decaying from 1 x 1073 to approximately zero over the course of training. Gradients
were clipped to a maximum norm of 1.0 to stabilise training. The loss function was class-
weighted cross-entropy, with weights computed as the inverse class frequency further boosted
by manually specified factors of 1.0, 1.8 and 3.0 for IPC 1, 2 and 3+ respectively, consistent
with the class-weighting scheme used in the XGBoost classifier. Training loss declined from
1.003 at epoch 1 to 0.920 at epoch 30.

SMOTETomek oversampling was applied to the training set, adjusted to the minority class
size, with severe misclassification punished.

3.6.7 Performance Measurement and Evaluation

Four models were compared as part of the final evaluation: a naive baseline predicting no
change, Logistic Regression with lag features, class-weighted Random Forest made up of 500
trees and the full hybrid LSTM-XGBoost model.

Model performance was evaluated using regression and classification metrics. For crop yield
and IPC score prediction (regression tasks), Root Mean Squared Error (RMSE), Mean Absolute
Error (MAE) and the coefficient of determination (R?) were calculated, with lower RMSE/MAE
and higher R? indicating superior performance [52]. For IPC crisis classification, precision,
recall, Fl-score and Area Under the Receiver Operating Characteristic Curve (AUC-ROC)
were used to account for class imbalance. Bootstrap 95% Confidence Intervals were generated
for all metrics in order to quantify uncertainty [53].

Stratified 3-fold cross-validation which ensures robustness and fine-tuned hyperparameters was
used to balance model complexity and generalization. The confusion matrix measured the
performance of the model based on a set of test data. It displays several accurate and inac-
curate (True Positives, False Positives, True Negatives and False Negatives) using the model’s
prediction [54].

The ablation study was conducted to quantify the marginal contribution of crop yield infor-
mation to food security forecasting performance independently of all other engineered feature
groups. Yield-related variables were identified programmatically by matching feature names
against predefined naming patterns associated with crop yields and yield anomalies ensuring
that all yield-derived variables including raw crop yields, yield-shock indicators and crop-specific
interaction terms were consistently identified. This process classified 14 of the 139 engineered
features as yield-related, with the remaining 125 features forming the reduced feature set used
for comparison.

To minimise dependence on a single trainftestl 4split, the evaluation was repeated across three



independent temporal splits. The original training cutoff date (7 April 2017) was randomly
perturbed by an offset between —30 and +30 days for each run which generated three closely
related but distinct temporal partitions. For each split, observations prior to the perturbed
cutoff were used for training while observations from the cutoff onward formed the test set.

For each temporal split, two XGBoost classifiers were trained independently. One was trained
using the complete 139-feature dataset and the other using the reduced 125-feature dataset with
all yield-related variables removed. Both models employed identical hyperparameters, class-
weighting strategies and decision thresholds in order to ensure that crop yield information was
the only experimental variable. Performance was evaluated on the common held-out Uganda
test set using macro F1-score, IPC 2 F1-score, IPC 3+ F1l-score and overall accuracy.

The statistical significance of the observed performance differences was assessed using paired
t-tests, comparing the withyield and withoutyield configurations across the three matched tem-
poral splits for each evaluation metric. Statistical significance was assessed at the conventional
a = 0.05 level.

After training, the model was evaluated using temporal cross-validation which provides for
multiple (¢) time validation of the performance of the model. First, the dataset was split into
subsets with past observations used to train the model and then future used to evaluate its
performance [55].
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Figure 3.2: Confusion matrix [7].

3.7 Ethical Considerations

The study used secondary data accessed from sources that are available to the public, with the
sources properly cited.
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Chapter 4

Results

4.1 Introduction

The findings of this study were obtained from data pre-processing, exploratory data analysis,
model development, evaluation and ablation study. Further, these findings aim to meet the
objectives of the research described above.

4.2 Relationship between (GGeospatial Variables, Crop Yield
and Food Security

4.2.1 Bivariate Correlations with Future IPC

The study used Spearman Rank (p) and Pearson (r) coefficient correlation to determine the
relationship between each predictor feature and the Future Integrated Phase Classification
(IPC) outcome in three months (¢ + 3). The variables were classified into five distinct groups
namely Geospatial, Conflict, Market, Crop Yield and IPC History.
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Table 4.1: Spearman rank and Pearson correlation between selected predictor variables and the
Future three-month IPC phase.

Category  Variable Spearman (p) Pearson (r) p-value Significance
Geospatial  spatial fews_ipc 0.769 0.774 0.0000 Significant
Geospatial ~ pasture_pct 0.511 0.496 0.0000 Significant
Geospatial ~ ndvi_mean -0.432 -0.420 0.0000 Significant
Conflict acled_fatalities_max6 0.228 0.126 0.0000 Significant
Conflict acled_fatalities_smag3 0.181 0.090 0.0000 Significant
Conflict acled_count_max6 0.135 0.119 0.0000 Significant
Crop Yield  beans_shock -0.219 -0.147 0.0000 Significant
Crop Yield  maize_yield -0.200 -0.207 0.0000 Significant
Crop Yield  bananas_ yield -0.147 -0.155 0.0000 Significant
Market p_staple_food 0.183 0.394 0.0000 Significant
Market price_diff 6 0.252 0.373 0.0000 Significant
Market price_diff 3 0.233 0.339 0.0000 Significant
IPC History fews_ipc_adjusted 0.888 0.877 0.0000 Significant
IPC History ipc_lag_1 0.867 0.860 0.0000 Significant
IPC History ipc_roll3_mean 0.866 0.857 0.0000 Significant

From Tabled.T|, fews_ipc_adjusted had a strong positive relationship with future IPC of 0.888
which suggests that regions surrounding areas experiencing high food insecurity are more likely
to experience food insecurity as well in the subsequent period. ipc_lag 1 is the IPC level from
the previous period and its strong positive correlation with future IPC of 0.867 represents that
current temporal events are highly predictive of near-future conditions.

Amongst the geospatial variables, the positive correlation of 0.511 between pasture_pct and
future IPC indicates that areas dominated by pasture lands are more likely to experience higher
IPC levels in the future. ndvi mean is derived from the Normalised Difference Vegetation Index
and is an indicator of the vegetation health. Its negative correlation of -0.432 with Future IPC
indicates that healthier vegetation is associated with lower future IPC levels.

For the conflict variables, acled fatalities max6 measures the maximum number of fatalities
recovered over a 6-month period as a result of conflict. Its positive correlation of 0.228 with
future IPC signifies an increase in fatalities results into higher future IPC, therefore signifying
food insecurity. acled fatalities_sma3 represents the three-month rolling average of fatalities
due to conflict. Its positive relationship of 0.181 with future IPC signifies that sustained conflict
incidents result in higher future IPC thereby resulting in food insecurity.

For the market variables, p_staple_food represents the price of the staple food. The positive
correlation of 0.183 with future IPC signifies that increasing food prices are associated with
higher future IPC phases, signifying food insecurity as purchasing power reduces especially
amongst low-income households. price diff 6 represents the six-month price difference. Its
positive correlation of 0.252 with future IPC shows that sustained increases in staple food prices
are associated with higher future IPC leading to food insecurity.

Amongst the crop yield variables, maize yield and bananas_yield have negative correlations
of -0.200 and -0.147 respectively which signifies that an increase in yield for either crop is
associated with lower future IPC phases which signifies food security.
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4.2.2 Relationship between Crop Yield and Food Security

Partial correlations were computed to identify the direct relationship between crop yield and
future IPC, excluding the influence of variables like NDVI, rainfall, conflict count and season-
ality. Regression analysis was conducted for both the crop yield and future IPC to exclude
the influence of the other variables and identify the unique correlation between crop yield and
future IPC.

Table 4.2: Partial correlations between crop yield variables and IPC 3-months in the future.

Yield Variable Partial » p-value

maize_yield -0.269 0.0000
beans_yield 0.105 0.0000
bananas_yield -0.198 0.0000
maize_shock 0.009 0.0648
beans_shock -0.167 0.0000
bananas_shock -0.096 0.0000

Maize yield has a negative correlation of -0.269 with future IPC which signifies that an increase
in maize yield is associated with a lower future IPC. The p-value of 0.0000 also indicates that
maize yield is a significant predictor of future IPC. Banana yield also follows suit with a negative
correlation of -0.198 with future IPC which shows that an increase in banana yield is associated
with a lower future IPC. The p-value of 0.0000 also indicates that banana yield is a significant
predictor of future IPC. Beans yield exhibits a positive correlation of 0.105 with future IPC
after regression which points towards other underlying factors that may influence future IPC,
regardless of the yield.

Bean shock and Bananas shock also have statistically significant impacts on the prediction
of future IPC as shown by the p-value of 0.0000 and the negative correlations of -0.167 and
-0.096 with future IPC respectively. On the other hand, maize shock exhibits a non-significant
relationship with future IPC with a p-value of 0.0648 which points towards the possibility that
the variability in maize production is influenced by some of the variables that were isolated
during the regression analysis.

4.2.3 Non-linear dependencies

Mutual Information (MI) scores were computed to capture non-linear dependencies between
the variables and future IPC.
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Table 4.3: Non-linear dependencies between future IPC and select variables using Mutual
Information (MI) score.

Variable Category = Mutual Information (MI)
cropland_pct Geospatial 0.4426
cropland _x_rugged Geospatial 0.4411
pasture_pct Geospatial 0.4402
acled_fatalities. max6 Conflict 0.0619
acled_fatalities_.sma3 Conflict 0.0317
beans_shock Crop Yield 0.3335
maize_shock Crop Yield 0.3165
bananas_shock Crop Yield 0.2825
p_staple_food Market 0.1333
price_diff 6 Market 0.1092
price_diff 3 Market 0.1000
fews_ipc_adjusted IPC History 0.6010
ipc_lag_1 IPC History 0.5511

IPC History variables like fews_ipc_adjusted have the highest MI scores which signifies that
IPC History is a substantial non-linear predictor of future IPC. Geospatial variables also exhib-
ited high MI scores which pointed towards the strong influence of geographical regions towards
food security predictions.

Amongst the crop yield variables, the shock variables have higher MI scores than the actual
yield variables which suggested that yield deviations from the historical values appear to capture
non-linear food security dynamics more effectively than the raw yield values.

4.3 Machine Learning Model Development and Train-
ing

4.3.1 Data pre-processing

The final dataset comprised 44,082 district-month observations with 147 columns. Amongst
these, 84 columns required imputation during different stages of the analysis.

The temporal split resulted in 25,480 rows for training and 1,736 rows for testing. SMOTE-
Tomek was applied to the training dataset to deal with the class imbalance which resulted in
the training set being expanded to 44,776 rows.

Due to the complex nature of food security trajectories, a Long Short-Term Memory (LSTM)
encoder was used.

4.3.2 Training of the LSTM Encoder

An 18-step Long Short-Term Memory (LSTM) encoder with 54 input features was pre-trained
to extract 24 district-level embeddings that were subsequently used as part of the features for
the XGBoost model. The network was trained for 30 epochs with the training loss declining
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from 1.0026 at epoch 1 to 0.9203 at epoch 30 with the cosine annealing learning rate reducing
from 0.001 to 0.000.

4.3.3 Classification performance of the Model

The hybrid LSTM-XGBoost model was evaluated on the Ugandan test dataset split made up
of 1,736 district-level observations from April 2017 onwards.

Table 4.4: Evaluation results of the hybrid LSTM-XGBoost model.

Class Precision Recall F1-Score Support
IPC 1 (Minimal) 0.99 0.93 0.96 1610
IPC 2 (Stressed) 0.41 0.76 0.54 104
IPC 3+ (Crisis) 0.69 0.82 0.75 22
Accuracy 0.938 1736
Macro Average 0.70 0.84 0.75 1736

The model achieves a high performance on the Majority IPC 1 Class with an Fl-score of
0.96. It also performs very well on the IPC 3+ Crisis class with an Fl-score of 0.75 and a
recall of 0.82 which signifies that the model correctly identifies 82% of the crisis food security
classifications. For IPC 2, the model has an Fl-score of 0.54 which reflects the challenge of
distinguishing marginal food stress from minimal food insecurity with precision 0.41. The
recall of 0.76, however, shows that the model errs towards detecting stress rather than missing
it completely.
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Figure 4.1: Confusion Matrix for the Model Performance.



To assess the stability and reliability of the classification metrics, bootstrap resampling with
500 iterations was performed to generate 95% confidence intervals for precision, recall, and F1-
scores. For IPC 2 (Stressed), the Fl-score ranged from 0.463 to 0.594, with precision between
0.338 and 0.476 and recall between 0.681 and 0.836. These intervals suggest that while the
model consistently identifies a large proportion of stressed cases (high recall), its precision is
more variable, indicating some uncertainty in distinguishing stressed households from other
IPC categories.

For IPC 3+, the Fl-score confidence interval ranged from 0.590 to 0.866, with precision between
0.507 and 0.882 and recall between 0.625 and 0.955. The wider intervals observed for this class
are expected given the relatively small number of crisis observations in the test set at 22, giving
way to greater variability.

The lower bound of the IPC 34 F1-score confidence interval, 0.590 is substantially higher than
what would be expected from random or chance-level classification, indicating that the model
retains meaningful predictive capability for crisis-level food insecurity events. Furthermore, the
consistently high recall estimates suggest that the model is able to identify the majority of
crisis cases which is an important characteristic in food security early warning systems where
failing to detect severe events may have significant humanitarian consequences.

Overall, the bootstrap analysis demonstrates that the model’s performance is robust across
repeated resamples of the data. Although predictions for the rare IPC 3+ class exhibit greater
uncertainty than those for the other classes, the confidence intervals provide evidence that the
model captures genuine predictive signals rather than attributes of a particular train-test split
which increases confidence in the model’s ability to support early identification of deteriorating
food security conditions in Uganda.

4.3.4 ROC-AUC and Precision-Recall AUC

Receiver Operating Characteristic (ROC) and Precision—Recall (PR) curves were generated
using a one-vs-rest strategy for each IPC class based on the isotonic-calibrated class proba-
bilities produced by the final XGBoost classifier on the held-out Uganda test set made up of
1,736 district-month observations. Prior to evaluation, probability calibration was performed
using isotonic regression through CalibratedClassifierCV. The trained XGBoost model was
first fitted on 80% of the resampled training data, with the remaining 20% reserved as an
independent calibration set. All reported class probabilities, ROC curves, PR curves and the
reliability diagram were generated from the calibrated model rather than the raw XGBoost
predictions.

For each IPC class, the true labels were binarised using a one-vs-rest approach and ROC
and PR curves were computed by varying the classification threshold across the full range of
calibrated predicted probabilities using the roc_curve and precision recall_curve functions
implemented in scikit-learn. Model calibration was further assessed using a reliability diagram
which was constructed by partitioning predicted probabilities into ten equal-width bins and
comparing the mean predicted probability within each bin to the observed proportion of positive
outcomes against the ideal calibration line.

Predictive discrimination was quantified using the Area Under the Receiver Operating Char-
acteristic Curve (ROC-AUC) and the Area Under the Precision-Recall Curve (PR-AUC).
ROC-AUC measures the model’s ability to distinguish between classes across all classification
thresholds while PR-AUC provides a more informative assessment of performance for imbal-
anced datasets by emphasising precision and recall for the positive class.
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Table 4.5: ROC-AUC and PR-AUC for each IPC Class.

Class ROC-AUC PR-AUC Support
IPC 1 (Minimal) 0.972 0.997 1610
IPC 2 (Stressed) 0.956 0.611 104
IPC 3+ (Crisis) 0.998 0.852 22
Macro-average 0.975 0.820 1736

IPC Model Evaluation: ROC-AUC, PR-AUC & Calibration
ROC Curves (One-vs-Rest) Precision-Recall Curves (One-vs-Rest)

1.0 - 10

06 0.6
. c
- =]

True Positive Rate
Pre

—— IPC 3+ (Crisis) (AUC = 0.998) —— IPC 3+ (Crisis) (AP = 0.852)
IPC 2 (Stressed) (AUC = 0.956) IPC 2 (Stressed) (AP = 0.611)

—— IPC 1 (Minimal 1) (AUC = 0.972) —— IPC 1 (Minimal 1) (AP = 0.997)

0.0 0.2 04 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 10
False Positive Rate Recall

AUC Scores by IPC Class Calibration Plot (Reliability Diagram)

W ROC-AUC 1.0

0.997 0998 -
X L
-
.
-
-
L
0852 -
0.8 '
-
0.8 o
-
-
-
g P
2 06 i
M 0611 = L
506 -
] £ ~
=) Vi
- -
____________________ H L
8 e
g o4 e V
&
0.4 L7
-
-
.
-
-
-
02 od
0.2 P
o —e— IPC 3+ (Crisis)
P IPC 2 (Stressed)
s / =~ IFC 1 (Minimal)
0.0 -~ perfectly calibrated
0.0

IPC1 IPC 2 IPC 3+ 0.0 0.2 0.4 0.6 0.8 10
Minima l Stressed Crisis Mean Predicted Probability

AUC S

Figure 4.2: ROC-AUC and PR-AUC for the different IPC classes.

The class-specific ROC-AUC and PR-AUC results demonstrate that the proposed model ef-
fectively discriminates between different levels of food insecurity. For the crisis class IPC 3+,
the ROC-AUC of 0.998 indicates near-perfect discrimination, which suggests that the model
almost always assigns higher probability scores to true crisis observations than to non-crisis
observations. This reflects a strong ability to rank districts according to their likelihood of
experiencing severe food insecurity.

The corresponding PR-AUC of 0.852 further demonstrates strong predictive performance for
IPC 3+, indicating that the model maintains a favourable balance between identifying true crisis
events and limiting false alarms. This is particularly important in food security early warning
systems where missed crisis events may delay humanitarian intervention while excessive false
alarms can result in the inefficient allocation of limited resources.

For IPC 2, the ROC-AUC remained high at 0.956 which indicates good discriminatory ability.
However, the corresponding PR-AUC of 0.611 was considerably lower than that of the other
classes which suggests that although the mo%%l generally distinguishes stressed observations



from other IPC categories, it experiences greater difficulty in maintaining both high precision
and high recall. This is consistent with IPC 2 representing a transitional state between mini-
mal and crisis food insecurity where substantial overlap exists in both predictor patterns and
predicted probabilities, making this class the most susceptible to misclassification.

The IPC 3+ ROC-AUC of 0.998 and PR-AUC of 0.852 should nevertheless be interpreted with
caution because these metrics are based on only 22 positive crisis-class observations in the test
set. Performance estimates derived from such a limited number of positive cases are inherently
subject to high variance as a small number of additional correct or incorrect rankings could
substantially alter the reported values. The bootstrap confidence interval for the IPC 34 with
F1-score range of 0.590-0.866 indicates that the model retains meaningful predictive capability
well above chance, although the point estimates should not be interpreted as precise measures
of population-level performance.

A distinction should also be made between the model’s discrimination ability assessed using
ROC-AUC and PR-AUC and its probability calibration evaluated using the reliability diagram.
The probabilities used for both evaluations were obtained after isotonic recalibration rather
than directly from the raw XGBoost outputs. Despite this recalibration, the reliability diagram
exhibits noticeable deviations from the ideal calibration line for IPC 2 and IPC 3+ especially
in probability bins containing relatively few observations. This behaviour is most likely as a
result of the limited number of samples of the minority-class available for fitting the isotonic
calibration model rather than a limitation of the calibration method itself. Consequently,
while the model demonstrates excellent capability in ranking districts according to relative
food security risk, the predicted probabilities for the minority classes should be interpreted
cautiously. For early warning systems, the model exhibits high risk prioritisation as compared
to precise probabilistic forecasts.

It should also be noted that the classification results reported in Table |4.5| and Figure |4.2| were
not obtained by assigning each observation to the class with the highest predicted probability.
Instead, class-specific decision thresholds were optimised for the minority classes using the F-
beta score (8 = 1.5) which deliberately places greater emphasis on recall than precision. This
threshold optimisation reflects the operational objective of minimising missed crisis detections
within an early warning framework and therefore contributes to the strong recall observed for
IPC 2 and IPC 3+ alongside the predictive capability of the underlying classifier.

Across all classes, the macro-average ROC-AUC of 0.975 and macro-average PR-AUC of 0.820
indicate consistently strong predictive performance when each IPC category is weighted equally.
Importantly, the high macro-average PR-AUC demonstrates that the model performs well not
only for the dominant IPC 1 class but also for the less frequent stressed and crisis categories.
This is particularly significant because the practical value of a food security forecasting system
depends not only on correctly identifying food-secure populations but also on reliably detecting
districts at risk of deteriorating food security conditions.

Overall, these findings demonstrate that the proposed hybrid LSTM-XGBoost framework cap-
tures meaningful temporal and spatial patterns associated with future food insecurity and
provides strong discriminatory performance across all IPC classes. Although the calibration of
minority-class probabilities remains constrained by the limited number of crisis observations,
the model exhibits excellent ranking capability and high sensitivity for severe food insecurity
events which supports its suitability as a decision-support tool for food security early warn-
ing.
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4.4 Model Evaluation, Ablation and Baseline Compari-
son

4.4.1 Ablation Study on the Impact of Crop Yield data

An ablation study was carried out across three random train-test splits to test whether including
crop yield data improves food security forecasts.

Table 4.6: Ablation study results comparing the performance of the model with and without
crop yield included.

Metric With Yield Without Yield A Mean p-value Significant

macro_fl 0.763 0.729 0.034 0.0073 Yes
ipc2_f1 0.560 0.530 0.030 0.0635 No
ipe3_f1 0.759 0.688 0.071 0.0000 Yes
accuracy 0.937 0.934 0.003 0.2020 No

Ablation Study: Impact of Crop Yield Data
(Mean = SD across 3 temporal splits)

B with crop yield
1.0 1 Without crop yield

0.94 093

Score

Macro F1 IPC-2 F1 IPC-3+ F1 Accuracy

Figure 4.3: Ablation Study Results.

The results indicate that incorporating crop yield improved several key performance metrics.
The macro Fl-score increased from 0.729 to 0.763, with the improvement being statistically
significant. This suggests that crop yield variables contribute meaningful predictive information
across all IPC classes.

The largest improvement was observed for IPC 3+ where the F1-score increased from 0.688 to
0.759. This statistically significant gain indicates that crop yield data substantially enhances
the model’s ability to identify severe food insecurity events.

For TPC 2, the Fl-score increased from 0.530 to 0.560 with a p-value of 0.0635, which was not
statistically significant at the 5% level. While the result suggests a positive contribution of
crop yield variables, the evidence is insufficient to conclude that the improvement is unlikely
to have occurred by chance.
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Overall accuracy increased only marginally from 0.934 to 0.937 and this change was not statisti-
cally significant with a p-value of 0.2020, which suggests that accuracy alone may underestimate
the practical value of crop yield data.

When combined, these findings indicate that crop yield variables provide significant added
predictive value, particularly for identifying severe food insecurity conditions. While their
impact on overall accuracy is limited, they contribute meaningfully to improvements in class-
balanced performance metrics and crisis detection, on which basis they are important to be
included in the final forecasting model.

4.4.2 Baseline Comparison

Four models were compared on the same Uganda test set: Baseline naive model (Persistence),
Logistic Regression on lag features, Random Forest, and the Full Hybrid Model.

Table 4.7: Performance comparison amongst the four models.

Model Macro F1 IPC2 F1 IPC3+ F1 Accuracy
Persistence 0.768 0.618 0.711 0.946
Logistic Regression 0.698 0.508 0.622 0.925
Random Forest 0.735 0.542 0.700 0.927
Full Model 0.765 0.577 0.750 0.938

The Persistence model, which assumes that future IPC conditions remain unchanged from the
most recent observation, achieved the highest overall accuracy of 0.946 and the highest IPC 2
F1-score of 0.618.

The Logistic Regression model produced the weakest performance across all metrics, achieving
a Macro F1-score of 0.698, an IPC 2 F1-score of 0.508 and an IPC 3+ F1-score of 0.622.

The Random Forest model performed slightly better than the Logistic Regression, achieving a
Macro F1-score of 0.735 and an IPC 34 F1-score of 0.700.

The Full Hybrid Model achieved the strongest performance for crisis detection, recording the
highest IPC 3+ F1-score of 0.750 while maintaining a high Macro F'1-score of 0.765 and overall
accuracy of 0.938.

The Persistence model, which predicts the district’s current IPC phase fews_ipc as the forecast
three months ahead, achieved the highest overall accuracy of 0.946 and macro F1-score of 0.768
among the four models evaluated, marginally outperforming the proposed hybrid model on
these aggregate metrics.

However, these results should not be taken as evidence that persistence is the superior forecast-
ing approach. IPC classifications exhibit strong temporal persistence at the district level with
food security conditions often remaining unchanged over a three-month period. Consequently,
a persistence model correctly predicts all instances in which no transition occurs without mod-
elling the underlying drivers of food insecurity. Its strong aggregate performance including an
IPC 3+ recall of 0.73, therefore reflects the temporal stability of the target variable rather than
genuine predictive capability.

The principal limitation of the persistence model and the primary justification for the oper-
ational value of the proposed hybrid framework is its inability to anticipate changes in food
security status. By definition, persistence ass%nes that future conditions will be identical to



those currently observed and therefore cannot predict transitions from lower IPC phases into
crisis. In contrast, the objective of an early warning system is not merely to reproduce existing
conditions but to identify emerging deterioration before it occurs and enable timely interven-
tion. This distinction is reflected in the class-specific performance metrics.

Although the persistence model achieved strong overall accuracy, the proposed hybrid model
attained a higher IPC 34 Fl-score of 0.750 as well as higher precision for the crisis class
which indicates that a greater proportion of predicted crisis events represented genuine future
deteriorations rather than the continuation of existing crises. These improvements suggest that
the hybrid model captures predictive signals associated with impending food insecurity that
are unavailable to a persistence-based approach. Accordingly, aggregate performance measures
such as overall accuracy and macro F1l-score should be interpreted alongside the forecasting
objective.

For food security early warning, the ability to forecast transitions into deteriorating condi-
tions is considerably more valuable than accurately predicting districts whose food security
status remains unchanged. From this perspective, the hybrid LSTM-XGBoost model provides
greater practical utility despite the persistence baseline achieving marginally higher aggregate
scores.

4.4.3 Temporal Cross-validation

Three-fold temporal cross-validation was conducted on the data at district-month level.

Table 4.8: Three-fold temporal cross-validation results on Uganda data.
Fold Training Months Test Months Training End Macro F1 IPC2 F1 IPC3+4+ F1 Accuracy

1 38 38 01/04/2013 0.622 0.511 0.375 0.956
2 76 38 01/06/2016 0.662 0.878 0.111 0.987
3 114 38 01/08/2019 0.649 0.512 0.473 0.912
Mean 0.644 0.633 0.320 0.952

Across the three folds, the model achieved a mean Macro F1-score of 0.644 indicating relatively
stable performance across time. Overall accuracy remained high, averaging 0.952 suggesting
that the model consistently classified the dominant IPC categories correctly.

Performance for IPC 2 varied substantially across folds, with F1-scores ranging from 0.511 to
0.878. This variability may reflect differences in the prevalence and characteristics of stressed
conditions across time periods. Similarly, IPC 3+ exhibited the greatest instability, with F1-
scores ranging from 0.111 to 0.473. The lower and more variable performance for crisis events
is expected given their rarity and the evolving nature of severe food insecurity drivers over
time.

Fold 2 achieved the highest overall accuracy of 0.987 and IPC 2 F1-score of 0.878 but recorded
the lowest IPC 3+ F1-score of 0.111 indicating that excellent overall classification performance
does not necessarily translate into effective crisis detection. In contrast, Fold 3 achieved the
strongest IPC 34 performance at 0.473 despite having the lowest overall accuracy of 0.912
illustrating the trade-off between optimizing for majority-class accuracy and detecting rare but
operationally important crisis events.

Overall, the temporal cross-validation results demonstrate that the model retains predictive
capability when applied to future time periods, although performance for rare crisis events
remains more variable than for common I[PC (’Qaécegories.



4.4.4 Feature Importance by Group

SHapley Additive exPlanations (SHAP) was used to quantify the contribution of feature groups
to model importance.

Table 4.9: SHAP Analysis results for Feature Importance by Group.
Feature Group Sum of SHAP Percentage of Total Importance

IPC History 1.7049 36.00%
Environmental 0.8926 18.80%
Temporal 0.7002 14.80%
Market /Price 0.5804 12.20%
Crop Yield 0.3786 8.00%
Geospatial 0.2181 4.60%
Demographic 0.1685 3.60%
Conflict 0.0969 2.00%

SHAP Feature Importance by Category
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Figure 4.4: SHAP Feature Importance by Category.

IPC History was the most influential feature group, accounting for 36.0% of total model im-
portance which is consistent with earlier correlation and mutual information analyses which
demonstrated that past food security conditions are the strongest predictors of future IPC
outcomes.

Environmental variables constituted the second most important group, contributing 18.8% of
total importance, which highlights the critical role of vegetation, rainfall patterns and other
environmental factors in shaping food security outcomes.

Temporal indicators contributed 14.8%, while market and price variables accounted for 12.2%
of total importance. The importance of price-related indicators suggests that food affordability
and market dynamics are significant drivers of food insecurity.

Notably, Crop Yield variables contributed 8.0% of total model importance, exceeding the con-
tributions of Geospatial at 4.6%, Demographic at 3.6% and Conflict-related variables at 2.0%.
This further provides evidence that crop yield data adds meaningful predictive value to the
forecasting framework.
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4.4.5 Model Comparison: Uganda-specific vs consolidated regional
model
A comparison was carried out between two models evaluated on the same test data split for

Uganda. Model A was trained purely on data for Uganda while Model B was trained on data
for Uganda, Kenya, South Sudan and Ethiopia.

Table 4.10: Model Comparison results. A Mean = Model B — Model A. Significant = statis-
tically significant at a = 0.05.

Metric Model A (Uganda) Model B (Regional) A Mean p-value Significant

macro_fl 0.747 0.725 -0.022 0.0361 Yes
ipc2_f1 0.603 0.523 -0.080 0.0014 Yes
ipc3_f1 0.662 0.680 0.018 0.3037 No
accuracy 0.950 0.938 -0.012 0.0023 Yes

Cross-Country Model Comparison
(3 temporal splits)

B Model A: Uganda Only
1.0+ mmm Model B: Regional (UG+KE+ET+S5S) 0.95 094

Macro F1 Ipc2 F1 Ipc3 F1 Accuracy

Figure 4.5: Model Comparison: Uganda-specific vs consolidated regional model.

The Macro Fl-score decreased from 0.747 in Model A to 0.725 in Model B with a p-value
of 0.0361 which indicates a statistically significant reduction in overall balanced classification
performance when regional data were incorporated. Similarly, the IPC 2 Fl-score declined
substantially from 0.603 to 0.523 with a p-value of 0.0014 which suggests that the inclusion of
neighbouring countries introduced additional heterogeneity that reduced the model’s ability to
identify stressed food security conditions in Uganda.

Overall accuracy also decreased significantly from 0.950 to 0.938 with a p-value of 0.0023.
Although the magnitude of the reduction was relatively small, the statistical significance indi-
cates that the Uganda-only model consistently achieved better classification performance across
repeated evaluations.

In contrast, the IPC 3+ Fl-score increased slightly from 0.662 to 0.680. However, this im-
provement was not statistically significant with a p-value of 0.3037 which suggested that the
observed difference could have arisen from sampling variability.
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Overall, the findings suggest that while regional training data may offer some benefits for crisis
detection, the Uganda-only model provides superior performance for general food insecurity
classification. Further, this implies that country-specific food security dynamics remain suffi-
ciently distinct that locally trained models may be more effective than broader regional models
for food security forecasting within Uganda.
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Chapter 5

Discussion

5.1 Relationship between Geospatial variables, Crop yield
and Food Security

The relationship analyses demonstrate that geospatial variables, crop yield and food security
indicators are significantly interconnected in Uganda, consistent with established food systems
research [56] [57]. However, the relative importance of these predictors differs from much of the
remote-sensing literature, which often treats vegetation and rainfall indicators as the primary
drivers of food security outcomes.

Among all variables examined, historical IPC indicators exhibited the strongest associations
with future IPC. The adjusted current IPC phase with a correlation p of 0.888 and the three-
month rolling IPC mean with a correlation p of 0.866 substantially outperformed environmental
and agricultural variables. While the strong predictive power of IPC history reflects the tempo-
ral persistence of food insecurity, it also highlights an important methodological consideration
that models that rely solely on environmental indicators while excluding historical IPC infor-
mation are likely to omit a major predictive variable.

Spatial variables were also highly influential. The spatial lag of IPC with p = 0.769 emerged as
the strongest geospatial predictor, indicating pronounced geographic clustering of food insecu-
rity. Districts surrounded by food-insecure neighbours are themselves more likely to experience
deteriorating food security conditions, reflecting shared exposure to climatic shocks, market
disruptions, population movements and conflict spillovers. This justifies the inclusion of spatial
predictors and emphasizes that food insecurity should be analysed as a spatially connected
process rather than as independent observations across districts.

Environmental indicators also demonstrated meaningful predictive value. Vegetation health,
represented by NDVI was negatively associated with future IPC, indicating that improved
vegetation conditions are linked to reduced food insecurity risk.

Crop yield indicators showed significant associations with future IPC even after controlling
for rainfall, NDVI, conflict intensity and seasonality. In particular, maize yield with partial
r = —0.269 and banana yield with partial » = —0.198 remained significant predictors, which
shows that crop production contributes information beyond that captured by environmental
monitoring systems. This finding provides empirical support for integrating agricultural pro-
duction statistics into food security forecasting frameworks. Furthermore, mutual information
analysis revealed that yield-shock variables, particularly beans shock with MI = 0.334 and
maize _shock with MI = 0.317, contain substantial non-linear information about future food
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insecurity, indicating that deviations from expected production levels may be more informative
than absolute yield values.

5.2 Model Performance

The proposed hybrid LSTM-XGBoost framework demonstrated strong predictive performance,
particularly for crisis-level food insecurity. On the held-out Uganda test set, the model achieved
an [PC 3+ recall of 0.82, an IPC 3+ Fl-score of 0.75, a ROC-AUC of 0.998 and a PR-AUC
of 0.852. These results exceeded those of both the Logistic Regression baseline (IPC 3+ F1-
score = 0.622) and the Random Forest baseline (IPC 3+ Fl-score = 0.700), demonstrating
the benefit of combining deep temporal representation learning with gradient-boosted decision
trees for forecasting severe food insecurity.

Comparison with the persistence baseline requires careful interpretation. Although persistence
achieved marginally higher aggregate metrics, including a macro Fl-score of 0.768 compared
with 0.765 for the proposed model and a higher IPC 2 Fl-score (0.618 versus 0.577), these
results should not be interpreted as evidence of superior forecasting capability. Persistence
simply assumes that current IPC conditions remain unchanged and therefore performs well
when food security conditions are temporally stable. It cannot, however, anticipate transitions
into deteriorating conditions. In contrast, the proposed framework generates genuine three-
month-ahead forecasts and successfully identified 82% of future crisis events, providing the
predictive capability required for operational early warning.

While the hybrid framework consistently outperformed the simpler machine learning baselines,
the magnitude of these improvements should be considered alongside the additional modelling
complexity. Relative to the Random Forest baseline, the hybrid model improved the macro F1-
score from 0.735 to 0.765 and the IPC 3+ F1-score from 0.700 to 0.750. Although these gains are
operationally meaningful, particularly for crisis detection, they are achieved through a substan-
tially more complex pipeline involving LSTM pretraining, embedding extraction, ordinal-aware
XGBoost optimisation and isotonic probability calibration. By comparison, the Random For-
est baseline comprises a single, comparatively straightforward model that is easier to train,
deploy and maintain. Consequently, the hybrid architecture is most strongly justified in appli-
cations where improvements in minority-class detection outweigh the additional computational
and engineering costs, whereas the Random Forest may remain an attractive alternative for
resource-constrained operational environments.

The SHAP analysis provides further insight into the contribution of the temporal encoder.
Temporal and sequence-based representations accounted for 14.8% of the overall model impor-
tance, compared with 36.0% attributed to IPC history features. This indicates that, although
the LSTM-derived embedding contributes additional predictive information beyond the manu-
ally engineered lag variables, much of the temporal signal is still captured by explicit historical
IPC features.

The hybrid model nevertheless consistently outperformed the Random Forest baseline, which
was trained using the same engineered predictors but without the learned embedding, demon-
strating that the temporal encoder contributes complementary predictive information. How-
ever, the relatively modest improvement suggests that the incremental value of the learned
temporal representation may be smaller than the complexity of the encoder architecture alone
might imply. Future work should therefore quantify this contribution more directly through
an ablation study comparing XGBoost models trained with and without the 24 1stm_feat_*
features while keeping all remaining predictors unchanged.
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The comparatively weak and unstable performance observed for IPC 2 (Stressed) across the
classification report, temporal cross-validation, and calibration analysis also warrants further
consideration. As the intermediate category between minimal and crisis food insecurity, IPC 2
inherently shares characteristics with both neighbouring classes, making it the most ambiguous
classification target. This ambiguity is reflected in the model’s precision of 0.41 and recall of 0.76
despite the application of additional class weighting during training. These findings suggest that
further improvements may not be achieved through feature engineering alone. Instead, future
research should investigate modelling approaches that better exploit the ordered nature of the
IPC scale, such as fully ordinal classification methods or models designed to learn transition
boundaries between adjacent IPC phases.

Probability calibration further demonstrated that the model’s predicted probabilities generally
corresponded well with observed event frequencies, particularly for IPC 1. Although calibration
was less stable for IPC 2 and IPC 34, this behaviour is likely attributable to the limited number
of minority-class observations available for fitting the isotonic calibration model rather than
deficiencies in the calibration procedure itself. Consequently, the model is best viewed as a
tool for ranking and prioritising districts according to relative food security risk rather than
producing highly precise probability estimates for minority classes. The use of class-specific
decision thresholds further enhanced the framework’s operational relevance by improving crisis
detection while limiting unnecessary false alarms, thereby reflecting the practical requirements
of humanitarian early warning systems.

Overall, the findings demonstrate that the proposed hybrid LSTM-XGBoost framework suc-
cessfully integrates temporal sequence learning with powerful tabular classification to produce
accurate and operationally relevant food security forecasts. Although the performance gains
over simpler machine learning models are incremental rather than transformative, they are
concentrated in the detection of minority crisis events, where forecasting accuracy is of great-
est practical importance. These results therefore support the use of hybrid temporal-tabular
modelling for food security early warning while also highlighting opportunities to simplify the
architecture, strengthen ordinal modelling, and further evaluate the unique contribution of
learned temporal representations in future research.

5.3 The Impact of Crop Yield data

The ablation study provides strong empirical evidence of the value of crop yield information
for food security forecasting. Models that integrated crop yield variables achieved significantly
better predictive performance than models that excluded them. Specifically, the macro F1-
score increased from 0.729 to 0.763, which showed an overall improvement in classification
performance across all IPC categories. More importantly, the model’s ability to identify crisis-
level food insecurity IPC-34 improved substantially with the IPC-3+ F1-score rising from 0.688
to 0.759. This represents a 10.3% improvement in crisis detection performance which highlights
the practical importance of crop yield information for identifying populations at greatest risk
of acute food insecurity.

Enhanced TPC-3+ detection capability can facilitate earlier identification of emerging food
insecurity hotspots which enables timely preparation of humanitarian assistance and resource
allocation. Furthermore, the observed improvements were consistent across multiple temporal
train—test splits which suggests that the contribution of crop yield information is robust.

While crop yield information significantly improved overall model performance and crisis de-
tection, its effect on the classification of stressed food security conditions IPC-2 was less pro-
nounced. Although the IPC-2 F1-score increasgg, the improvement did not reach statistical sig-



nificance with a p-value of 0.064. This finding suggests that crop yield information contributes
more strongly to the prediction of severe food insecurity outcomes than to the distinction
between minimal and stressed conditions.

Similarly, the absence of a statistically significant improvement in overall accuracy was antici-
pated given the substantial class imbalance within the dataset where IPC-1 observations made
up the majority of cases.

Conclusively, by demonstrating statistically significant improvements in both macro F1-score
from 0.729 to 0.763 and crisis-level detection performance from 0.688 to 0.759, this study
provides robust evidence that crop yield information enhances forecasting accuracy and should
be integrated into operational food security early warning systems.

5.4 Limitations

Several limitations should be considered when interpreting the findings of this study.

Firstly, the number of IPC-3+ observations in the test set was relatively small with 22 district-
month observations, resulting in wide bootstrap confidence intervals for crisis-class performance
metrics [0.590,0.866]. Although the lower bound remains substantially above chance level,
estimates of crisis detection performance should be interpreted with caution and validated
using larger hold-out samples or prospective operational data.

Secondly, the crop yield data obtained from FAOSTAT are annual national-level aggregates
rather than district-level or seasonal observations. This can mean that important sub-national
variations in agricultural production can be miscalculated such as poor harvests in one region
may be offset by stronger performance elsewhere, reducing the sensitivity of yield variables
to localised food security shocks. Access to district-level yield estimates would likely enhance
predictive performance.

While the LSTM encoder demonstrated stable learning behaviour, the final training loss of
0.9606 suggests that temporal representations may not have been fully optimised within the
30-epoch training budget. Additional experimentation with longer training schedules, larger
hidden dimensions or deeper architectures such as transformers may yield further performance
improvements, although such modifications would increase the risk of over-fitting.

Finally, the study period ends in December 2019 and therefore does not capture the disruptions
associated with the COVID-19 pandemic and subsequent economic shocks.
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Chapter 6

Conclusion and Recommendation

6.1 Recommendations

Based on the findings of this study, several recommendations are proposed for researchers,
practitioners, and policymakers involved in food security forecasting in Uganda.

To improve data quality and forecasting accuracy, investment in district-level crop yield moni-
toring is strongly recommended. The ablation analysis demonstrated that crop yield informa-
tion significantly improves crisis detection performance, indicating that more granular agricul-
tural production data could generate substantial forecasting benefits. Integration of seasonal
climate forecasts from sources such as ICPAC would further enhance the model’s ability to
anticipate emerging food security risks.

Future research should focus on several methodological improvements. These include investi-
gating regional pre-training followed by Uganda-specific fine-tuning, extending LSTM training
with validation-based early stopping, incorporating district-level agricultural statistics from
UBOS and resolving the spatial weight matrix issue to enable formal spatial autocorrelation
testing. Such enhancements could further strengthen predictive performance while improving
model robustness.

From a policy perspective, model outputs should complement rather than replace existing
expert-led assessment systems. Integration within the FEWS NET early warning framework
would allow forecasts to support analyst decision-making while benefiting from contextual val-
idation. Given the model’s strong crisis recall at 82% and crisis PR-AUC at 0.852, it is par-
ticularly well suited as a screening and prioritisation tool for identifying districts that warrant
closer monitoring and early intervention.

With respect to model architecture, this study deliberately adopted a compact LSTM-XGBoost
hybrid rather than a transformer-based encoder because of the available dataset size and the
relatively short 18-month input window. While the LSTM provided an effective and computa-
tionally efficient means of capturing temporal dependencies under these conditions, transformer-
based architectures are generally expected to realise their full potential when trained on sub-
stantially larger datasets with longer input sequences and higher temporal resolution.

As more extensive district-level historical records become available, particularly higher-frequency
satellite-derived climatic, market and socio-economic data spanning longer time horizons and a
broader range of countries, the suitability of transformer-based or hybrid attention-LSTM-transformer
architectures should be re-evaluated. Future research should benchmark these architectures
against the LSTM—-XGBoost framework developed in this study using the same evaluation pro-
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tocol in order to determine whether the additional modelling complexity yields statistically
and operationally significant improvements in food security forecasting, particularly for the
detection of minority crisis classes.

6.2 Conclusion

This study developed and evaluated a geospatial machine learning framework for forecasting
food insecurity in Uganda by integrating environmental remote sensing indicators, crop yield
information, conflict data, market prices, demographic characteristics and historical IPC ob-
servations within a hybrid LSTM-XGBoost architecture.

In addressing the first research objective, the study demonstrated that future food insecurity is
strongly associated with historical IPC conditions, environmental factors, agricultural produc-
tion and market dynamics. Historical IPC indicators emerged as the most influential predictors,
reflecting the persistence of food insecurity over time. Nevertheless, crop yields retained sig-
nificant predictive value even after controlling for environmental and conflict-related factors,
which confirms that agricultural production contributes information beyond that captured by
satellite-derived indicators alone.

For the second research objective, the proposed hybrid model achieved strong three-month-
ahead forecasting performance, including an TPC-3+ recall of 0.82, a crisis-class ROC-AUC
of 0.998, a crisis-class PR-AUC of 0.852 and a macro Fl-score of 0.75. The integration of an
attention-based bidirectional LSTM encoder enabled the model to capture complex temporal
patterns that would not be fully represented by conventional lag features, which contributed
meaningfully to overall predictive performance.

For the third research objective, the ablation study provided statistically robust evidence that
crop yield information enhances food security forecasting. The inclusion of yield variables
significantly improved both macro Fl-score and crisis detection performance. These findings
demonstrate the practical value of incorporating agricultural production information into op-
erational food security monitoring systems.

An additional contribution of the study was the comparison between Uganda-only and regional
training strategies where results showed that models trained exclusively on Ugandan observa-
tions significantly outperformed models trained on pooled regional datasets. This suggests that
country-specific food security dynamics remain sufficiently distinct to outweigh the potential
benefits of additional training data from neighbouring countries.

Overall, the study demonstrates that integrating crop yield information, environmental mon-
itoring, conflict indicators, market conditions and historical IPC data within a hybrid deep
learning framework can produce accurate and operationally relevant food security forecasts
for Uganda. The framework provides interpretable predictions, supports district-level early
warning and has been validated through temporal cross-validation, baseline comparison, fea-
ture attribution analysis and ablation testing. Future work should prioritise the incorporation
of district-level agricultural data, seasonal climate forecasts and enhanced spatial modelling
techniques to further improve forecasting performance and operational applicability.
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Appendix C

Research alignment with specialization,
SDG, NDPIV & Vision 2040

C.1 Alignment with programme specialization

This study directly aligns with the Artificial Intelligence and Machine Learning specialisa-
tion. It develops a hybrid deep learning and gradient-boosting architecture that combines an
LSTM encoder with an XGBoost classifier. The pipeline encompasses the full data science
workflow starting with multi-source data integration, feature engineering across 139 variables,
class imbalance handling via SMOTETomek, temporal cross-validation, SHAP-based model
interpretability and bootstrap uncertainty quantification.

By applying these methods to food security forecasting, the project demonstrates how Al and
ML can generate actionable and explainable predictions from complex geospatial and agricul-
tural data.

C.2 Alignment with Sustainable Development Goals (SDG)

The study directly supports SDG 2 (Zero Hunger) by building a forecasting framework that
enables earlier and more targeted responses to food insecurity. By predicting IPC food crisis
phases three months in advance with a crisis recall of 82%, the model equips humanitarian
agencies, policymakers and farmers with data-driven lead time to allocate resources and prepare
interventions before conditions deteriorate. This directly advances SDG 2’s targets on ending
hunger, improving food access for vulnerable populations and building resilient agricultural
systems in the face of climate variability.

C.3 Alignment with the National Development Plan IV
(NDPIV)

NDP 1V identifies a set of priority food security commodities — including maize and bananas, to
be developed through area-based planning across Uganda’s diverse agro-ecological zones. This
study directly supports that agenda by using crop yield data for these staple crops to forecast
potential shortfalls at the district level, providing planners with the data-driven insights needed
to meet production and food security targets. The hybrid LSTM-XGBoost framework also
aligns with NDP IV’s emphasis on technology, innovation and value addition in agriculture,
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demonstrating how cutting-edge Al and GIS analytics can modernise food security monitoring
and strengthen Uganda’s agricultural planning infrastructure.

C.4 Alignment with the Uganda Vision 2040

Uganda Vision 2040 describes a transformation from a peasant to a modern, prosperous econ-
omy with agriculture serving as a key driver of growth through commercialisation, mechani-
sation and technology adoption. This study contributes to that vision by demonstrating how
advanced data analytics can be embedded into agricultural and food security systems to drive
evidence-based decision-making. The integration of machine learning with geospatial and crop
yield data exemplifies the knowledge-driven, technology-enabled development that Vision 2040
envisions.
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