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Abstract

An interplay of crises, atrocities and economic volatility (climate issues), inadequate infras-
tructure and Data silos exacerbate food security in Nigeria. One of the biggest barriers that
government policymakers face in adopting Artificial Intelligence (AI) predictions is trust-
ing it. Classic Deep Learning models are “Black Boxes” generating accurate predictions on
food insecurity, but without providing the logic behind them. The absence of this trans-
parency is risky in the context of mobilising resources to prevent famine. In this paper, we
propose a ”Glass-Box” Neuro-Symbolic framework that balances explainability (XAI) and
accuracy in the multi-agency data landscape. Since we can ground predictions in a Knowl-
edge Graph of harmonised Data Lakehouse, our system should yields such human-readable
“reasoning paths”, relating specific factors such as anomalies (e.g. Negatively skewed rain-
fall in June) to predicted agricultural outcomes (e.g. Maize yield failure in Kano). The
utility of these explanations in a user study with agricultural extension officers and policy
analysts were assessed. Results show that the trust score for Neuro-Symbolic explanations
is significantly higher than SHAP (Shapley Additive Explanations) visualisations used by
standard Machine Learning. This work supports the establishment of trusted AI systems
that enable stakeholders to make data-driven and justified decisions in response to food
insecurity induced by multiple factors and climate uncertainty.

Keywords: Keywords: Explainable AI (XAI), Trustworthy AI, Neuro-Symbolic Reason-
ing, Policy Support, Food Security.

1. Introduction

This confluence of climate change or variability and susceptible agriculture has contributed
to a record level of food insecurity, especially in sub-Saharan Africa. Governments and in-
ternational aid agencies are also increasingly using Artificial Intelligence (AI) to predict crop
failures and optimise the allocation of famine-relief resources (Olatinwo et al., 2026). Mod-
els with Deep Learning architectures, such as Long Short-Term Memory (LSTM) networks
and Convolutional Neural Networks (CNNs), have shown impressive accuracy in predicting
yield anomalies using heterogeneous climate and satellite data (Ingole et al., 2025). The
models have seen slow adoption by government policymakers, however. The lack of adoption
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is not accuracy but trust. Traditional Deep Learning (DL) models are known to operate as
opaque (black box) Neural networks are good at producing accurate outputs from complex,
non-linear inputs, but do not offer an explanation for their predictions (Mahendra et al.,
2025). In high-stakes environments, such as food security policy making, where millions
of dollars and human lives hang in the balance, allocating resources per algorithmic decree
makes for a politically and ethically untenable situation (Wang et al., 2026). Policymakers
need to have defensible, evidence-based rationales for their interventions. To combat this,
a field known as Explainable AI (XAI) has been introduced. But most common post-hoc
XAI approaches, such as SHAP (Shapley Additive Explanations) and LIME (Local Inter-
pretable Model-agnostic Explanations), only point to feature attribution — which pixels or
data points were statistically responsible for making a decision (Ali et al., 2023). Although
mathematically well-founded, these graphical attributions sometimes will not reach action-
able causal explanatory statements for non-technical stakeholders (Colelough and Regli,
2024). The primary objective of this study is to consolidate machine learning precision
with human-centric policy-making. To ensure a focused evaluation, we exclude traditional
statistical models (e.g., ARIMA) which fail to capture non-linear climate shocks, and purely
black-box deep learning models (e.g., standard LSTMs) that lack the transparency required
for high-stakes resource mobilisation in Nigeria. In this paper, we present a ”Glass-Box”
Neuro-Symbolic architecture for the prediction of climate-induced food insecurity within a
multi-Agency Data Lakehouse. By combining the pattern-matching of neural networks with
the explicit, logical rule-based reasoning from symbolic AI (Garcez and Lamb, 2023). We
create a system that is inherently explainable. Our methodology anchors climate anomalies
in an agricultural Food Security Knowledge Graph (FSKG), providing interpretable rea-
soning chains that link atmospheric measurements to agronomic phenology with minimal
syntactic transformation.

1.1. Objectives and Contributions

In this study, we explore how to consolidate machine learning precision with human-centric
policymaking. The core contributions are: Novel Neuro-Symbolic AI framework architec-
ture combining predictive neural modules and domain-specific agricultural Food Security
Knowledge Graph (FSKG).

2. Literature Review

2.1. Food systems and climate change

One of the greatest 21st-century threats to global stability is the intersection of food systems
and climate change. Reaching a new high importance, as greenhouse gas emissions divert
the energy fluxes, that drive climatic systems to sustain agricultural ecosystems. Climate
change is not only well-known, but it will also further destabilise agricultural output, and
then produce the vicious cycle defying economic stability and nutritional security (Hassan
et al., 2026). Changes in precipitation, land surface temperature warms, and an increase
in extreme events Wang et al. (2026) greatly affect crop phenology; the study of periodic
biological phenomena relating to climatic conditions. These changes are nothing if not
radical; they represent a revolution in the growing cycles that have provided a steady diet
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for human civilisation over thousands of years. Agricultural output uncertainty is being
triggered by a network of environmental stressors in a constant web. These climatic changes
have a direct effect on the phenological phases of major food staples such as wheat, rice and
maize. For example, as temperatures rise, spring phenology usually progresses more quickly
than autumn stages and the resulting poor timing of flowering during crop development with
respect to resource availability is often known as a mismatch. Studies show that even small
temperature deviations can speed up the grain-filling time, leading to lower final yield.
In arid regions, the relative importance of rainfall, mean temperature and sunshine hours
as climatic drivers follows a ranked order with the absolute impact of the drivers (and
seasonality in extreme events) classified into low, medium or high intensity (Olatinwo et al.,
2026). Such volatility is intensified by ”compounding extremes” – in which drought and
heat happen together; it can result in disastrous crop failures. In the past, researchers have
depended on classical statistical techniques such as ARIMA (Auto-Regressive Integrated
Moving Average) to model and predict yields. On the contrary, ARIMA and its extensions
cannot get a good grip on the relations of non-linear spatio-temporal dynamics contained by
advanced climate data (Yu et al., 2023). These are linear paradigms that require the time
series to be stationary, so its statistical property such as mean and variance is constant over
time . Climate change, in fact, brings non-stationarity into environmental data through
non-linear downtrends and more intense outliers. Machine Learning (ML) has been in
development for decades, and its evolution has allowed a movement towards more robust
modeling paradigms. While ARIMA is not well suited to capture the volatility clusters and
nonlinear interactions in many modern climate datasets, ML architectures (e.g., Random
Forests or Long Short Memory (LSTM) networks) can automatically learn complex patterns
from very high-dimensional data (Shi et al., 2026).

2.1.1. The Efficacy of Non-Linear Modeling

However, the transition from model-based to data-driven machine learning has resulted
in dramatic gains in predictive performance. In a recent publication attempting to predict
yield variation of Indian crops using a network-enhanced machine learning framework, mod-
els based on Random Forest yielded R2 values greater than 0.94 across different crops such
as rice, wheat and maize (Ingole et al., 2025). They succeed (often) where ARIMA fails
because they can simultaneously incorporate ”lag features” (historical performance), rolling
means (medium-term trends), and external environmental covariates. In addition, research
has shown that Deep Learning is a powerful model for capturing spatio-temporal depen-
dencies. Applications of LSTM models improved with Gaussian process regression have
identified the most predictive corn yield prediction windows by finding windows around
the crucial reproductive periods: late tasselling to early grain filling (Wang et al., 2025).
Such detailed insight facilitates a lead time of several months pre-harvest that is critical for
market interventions and food security planning.

2.1.2. Integrating Spatio-Temporal Dynamics and Remote Sensing

Food systems are complex and need to combine multi-source data from satellite, drones and
ground-based sensors. Modern ”fully digitalised” yield prediction applies these platforms
to turn agricultural management into a high-precision practice (Yu et al., 2023). With the
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help of spatio-temporal features like district similarity structures and crops co-occurrence
patterns (aka vectors), researchers can now treat core systems as dynamic inter-connected
networks instead of episodes across independent data points. Such integration is important,
as climate impacts are not simply hidden uniformly. As for the climate changes in this
century, in terms of maize yield from regions that could potentially experience decreases
as much as 20–45% by 2100, while others will require localised adaptation due to shifting
geographical ranges of pests and pathogens (Khan et al., 2025). This regional specific
geography-driving, climate Smart Agriculture can be achieved through machine learning by
adapting varieties and sowing timelines to the specific climatic trajectory of a particular
locality (Sule et al., 2020). The global food system is burdened by two inexorable forces:
a growing population that needs to be fed, and climate change—and the limitations of
traditional statistical forecasting have become a liability. When it comes to forecasting, this
transition from linear models such as ARIMA to sophisticated machine learning frameworks
is not just an upgrade; it’s a matter of survival. These tools allow us to characterise the
non-linear spatio-temporal dynamics of our planet, enabling us with foresight as we now
attempt to cultivate more robust and secure agricultural systems.

2.2. Predictive AI Black-Box Use Case

Deep learning marked a new era of precision agriculture, effectively representing full-spectrum
interactions in a challenging usage context: crop yield prediction (Wang et al., 2025). Re-
searchers have progressed beyond basic linear regressions by utilising multi-modal data
streams, pushing to architectures that can cope with volatility from the environment itself.
Sequential meteorological data, including heat accumulation and dry-spell succession cycles,
are processed using recurrent models (LSTMs), while Normalised Difference Vegetation In-
dex (NDVI) variables generated from Sentinel satellites are examined through spatial models
to reflect the condition of biomass (Wang et al., 2025). The predictive fidelity of these mod-
els has greater accuracy than ever, but their ambiguity is becoming the determining feature.
This ”black box” nature creates a hazardous separation between what algorithms output
and how work is done in the field. As such, depending on the application domain, it is
often common to optimise for accuracy over interpretability through utilisation of complex
non-linear models: something that has been warned against. For example, when a Convo-
lutional Neural Network (CNN) predicts maize will switch to 40% yield status, something
may be diagnosed in the continuity of two systems but its end-user is in diagnostic vacuum.
They cannot reliably ask the model questions to find out whether the prediction is caused
by climatic drought, a pestilence of which neither they nor their teachers are aware, or a
local artefact in the training data (Yong et al., 2026). The absence of this transparency is
not just a technical challenge in high-stakes environments such as global food systems, it is
also a systemic risk. However, without Explainable AI (XAI) frameworks, stakeholders are
unable to verify the model logic against agronomic basics. For climate resilience, the next
generation of agricultural AI should evolve from predicting ”what” is going to happen to
explaining ”why,” converting black box algorithms into transparent partners for sustaining
global food security (Wang et al., 2022).
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2.3. Feature-Based XAI versus Reasoning through the Symbols

Post-hoc explanation methods, like SHAP, Oh (2025) have frequently leveraged local fea-
ture importance to identify specific variables—like Temperature in July—that contribute to
individual yield predictions. Although such tools offer a glimpse into the ”black box”, they
have a major limitation: attributing features is not synonymous with understanding causes
(Misra et al., 2022). In this situation, a high importance score may be caused by statistical
noise rather than biological necessity (i.e. they are ”right for the wrong reason”). Since
spurious correlations can appear as environmental drivers in climate-sensitive modelling
thus highlighting an additional risk of finding links that only indicate association with-
out necessary causal relationships between modelled variables. One of the most important
next frontiers for robust XAI is a class of models that bring Neuro-Symbolic AI together
(Colelough and Regli, 2024). This paradigm combines the strengths of neural networks (as
a fast, intuitive way to find patterns from raw data — so called System 1) with symbolic
logic (which does slow, deliberate reasoning — System 2). Grounding Models in Domain
Knowledge: By mapping these neural findings onto explicit logical structures (e.g., Knowl-
edge Graphs) (Misra et al., 2022). Such evolution allows for an AI driven, device-embedded
process of generating a transparent and rationalized inference pathway based on established
evidence-based agronomic principles (Abegunde et al., 2019; Ntiamoah et al., 2023). This
means end-users receive an explanation upfront that not only predicts the decline, but does
so in a causal manner (e.g., transpiration stress caused by heat).

3. Methodology

3.1. Data Acquisition and Preprocessing

The Kano area of Northern Nigeria is an essential agricultural corridor that generates a huge
percentage of the overall maize production (Nazifi et al., 2021). However, smallholder yields
are still at a very high risk of being affected by climatic changes, with increasing temperature
and erratic precipitation patterns (Hassan et al., 2026). Advances in deep learning (DL)
and machine learning (ML) approaches have recently led to substantially improved accuracy
of crop yield models as reported by Kura et al. (2026), but the ”black-box” nature and lim-
ited interpretability of these architectures represent challenges for high-stakes food security
administrators going forward (Kavitha et al., 2025). Agricultural interventions, from local
farmers to the Kano Agricultural and Rural Development Agency (KNARDA), need more
than a prediction—they require knowledge about the drivers underneath predictions such
as soil moisture deficits or heat stress during important phenological stages. Therefore, this
study utilises an Explainable AI (XAI) framework to close the gap between model perfor-
mance and explainability for actionable and transparent AI-directed-intrastructure models
that can directly address sustainable food security initiatives (Wang et al., 2026) Setting
and Data Sources of Studies The study areas were located in different agro-ecological zones
of Kano State, and the state is endowed with a semi-arid climate characterised by rain-
fed agriculture (Aliyu et al., 2022). We synthesised a multi-modal dataset to capture the
complex interactions between environment and yield from a combination of the following
primary sources: Climate and soil indices: In the study by Hassan et al. (2026), daily me-
teorological variables and soil parameters were extracted from the ERA5 reanalysis dataset
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for the period of 2010–2025. These variables include daily precipitation, maximum and min-
imum temperatures, and a root-zone soil moisture index. ERA5 is used to obtain a high
spatial and temporal consistent record, fulfilling the requirements for detecting long-term
climatic trends for maize development (Hassan et al., 2026). In our study, we collected sim-
ilar daily meteorological variables from NiMet for the period 2020 – 2025. Remote Sensing
and Dynamic Vegetation: Multi-spectral imagery from the Copernicus Sentinel-2 constel-
lation. Using the method established by Wang et al. (2025), NDVI was calculated so as to
monitor crop vigour (green-up rate) and biomass build-up during the entire in-season grow-
ing time. Sentinel-2 exploits high spatial resolution (10–20 m), and with the set of red-edge
bands, this enables monitoring intra-field variability in response to timing of phenological
shifts (Narimani et al., 2026). In our study, we collected satellite imagery from NASRDA to
derive essential variables such as Land Use Land Cover (LULC), surface soil moisture, Nor-
malised Difference Vegetation Index (NDVI), and Surface water inventory, which will feed
our Food Security Knowledge Graph and, eventually, the XAI. Ground-Truth Agricultural
Outcomes: In the case of Kura et al. (2026), district-level maize yields data were provided
by local agricultural ministries. These data were then used as the empirical target values
for model training and validation, ensuring that the remote sensing- and climate-based pre-
dictions are based on real-world regional productivity (Kura et al., 2026). In our paper, we
are collecting data from the River Basin Development Authority to add dry-season farming
data.

3.2. The Neuro-Symbolic ”Glass-Box” Framework

Our proposed framework consists of two core modules, the Food Security Knowledge Graph
(FSKG) and the neuro-symbolic AI (XAI).Wang et al. (2025) used a Spatio-Temporal Graph
Convolutional Network (ST-GCN) which is responsible for the first detection of low-level
anomalies from the raw climate and satellite data and Symbolic Reasoning Neural-module-
detected anomalies are mapped, as ”events”, into a domain-specific Knowledge Graph K.
We created a custom Food Security Knowledge Graph (FSKG), which consists of a set of
nodes corresponding to entities where we collect data like (NiMet, NIHSA, RBDA, Growth
Stage, Weather Event) and directed edges (the causal relationships).

3.3. Spatio-Temporal Graph Convolutional (STGC) Module

The STGC module is responsible for detecting anomalies in multimodal climate data. It
utilises a 3D Convolutional Neural Network (3D CNN) for spatial feature extraction from
satellite imagery, coupled with a Temporal Convolutional Network (TCN) to capture long-
range dependencies in rainfall sequences or temperature sequences. We will implement a text
generation model with a narrow symbolic pathway, which keeps it free from hallucinations
common with standard Large Language Models. In our model, we are adding a filter
progressively to see what it gets to the optimum performance.

3.4. Proposed Architectural Diagram

The block diagram below depicts the end-to-end flow of the proposed Neuro-Symbolic ar-
chitecture and how its neural perception layer gets seamlessly integrated with the explicit
symbolic knowledge graph
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Figure 1: Figure 1. System architecture of the Neuro-Symbolic AI (XAI)

4. Knowledge Graph Engineering and Symbolic Reasoning

This section bridges the neural-symbolic gap. We constructed a Food Security Knowledge
Graph (FSKG) using a Resource Description Framework (RDF) schema. Building a knowl-
edge graph requires developing causal relations of stressors, climate and meteorological
data on agricultural outputs for food security. That framework enables predictive models
to ’know’ why a yield may fall from what set of upstream triggers.

4.1. Conceptual Mapping of Food Security Knowledge Graph

4.1.1. Model 1: Graph of a few nodes and edges related to food security

Table 1: Model 1 FSKG Table

Subject (Entity A) Relationship (Edge) Object (Entity B) Data Source

Heavy Rainfall Soil Saturation Crop Loss Flood Forecast

Flooded Farmland Reduced Food Production Seasonal Lag

Extended Dry Spell Triggers Phenology Mismatch Climate Predict

High Humidity Promotes Crop Fungi Growth Sensor Data

Model 1 is simply a model where we construct nodes and edges to visualise the
flow (and performance) based solely on climatic factors: rain, floods, dry spells,
and high humidity. Phase 1 considered only rain-fed food production. It is all

337



Yusuf Kolajo Ogbuju Oladipo

these things, and so in Table 1 below you will find your nodes (entities) and
edges (relationships) that define your scenario.

Visualising the Logic Flow The Hydrological Path
Node: NIHSA Flood Forecast Edge: INFORMS → Risk Assessment That logic: the detec-
tion of a ”High Probability Flood” must indicate ”Submergence of Farmlands. This binds
a temporal reference to ”Reduced Production” in the next harvest cycle. The Atmospheric
Path (NiMet) Node: NiMet Weather Prediction Sub-Path A (Dry Spells): Predicts ”Ex-
tended Dry Days”→Cause → Phenology Mismatch (i.e, flower When the plant’s life cycle
-¿ flowering has lifetime) no longer matches with the ideal climate or pollinator availability.
Sub-Path B (Moisture): Chains Is Trained Predicts “High Humidity” → High Humidity →
Facilitates Fungal Pathogens The Yield Convergence Flooding, Phenology Mismatch, and
Fungi all follow three paths that link to our ultimate KPI in the centre: Crop Yield. In fact,
by integrating the NIHSA and NiMet data into ”Basis of Prediction” nodes, this graph can
alert before planting season on potential food insecurity.

4.1.2. Model 2: Food security Knowledge Graph for maize

In the second model, we applied certain crop conditions and RBDA constraints to investigate
how much restriction can be introduced. The RBDA data that we added is the most
recent crop data, where Maize has a reasonable, if not accurate, representation as the
main crop, and adds an essential layer of ”Irrigation Logic” to our knowledge-data graph.
This provides a more comprehensive image of the outputs from rain-fed and dry-season
agriculture. The model 2 (as shown in Table 2 below) now combines meteorological data
from NiMet, hydrological data from NIHSA and infrastructure status information with
RBDA to predict Maize annual yield.

Table 2: Model 2 FSKG Table

Source Entity Relationship Target Node Impact on Maize

NIHSA Forecast Predicts Farmland Flooding Destroys standing crops

NiMet Prediction Forecasts Extended Dry Spell Phenology Mismatch

NiMet Prediction Forecasts High Humidity Gray Leaf Spot

RBDA Data Reports Low Dam Water Levels Dry Season Irrigation

Dry Season Farming Determines Total Hectarage lower annual total

Causal Logic for Maize Production. The Irrigation Constraint. In contrast to
the sudden shock of flooding, the RBDA data acts as a pre-emptive limitation.
When these levels are low, irrigation potential is obviously affected. This gives
rise to an arrangement where the area planted with maize is capped. The Logic
is Low Reservoir Level →Reduce Irrigation Capacity → capped hectarage for
Maize). Result: Annual food production drops even though the weather is
perfect, as land area available for cultivation is constrained during the dry
season.
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The Biological Constraint (NiMet) Maize is very sensitive to the timing of
moisture availability. Phenology Mismatch: When pollen and silk cannot meet
for fertilisation, if a dry spell occurs at the tasselling/silking stage in maize.
And the Dry Spell node is directly related to Yield Quality/Quantity through
this ”mismatch” biological node in this graph. Fungal Pathogens: A moisture
regime under high humidity with respective temperature range induces nodes
for maize-targeting fungi. This requires the introduction of a ”Pesticide Re-
quirement” node to compensate for the forecasted loss in yield.

The Hydrological Shock (NIHSA) Logic: Flood Event → Ground Erosion and
Stagnant Conditions Next-Season Lag: When farmland submerges in the tail
end of Q3, the earth is either unplantable or left barren for subsequent season
starts, beginning a ”Reduced Production” domino. The Predictive Basis Our
graph creates a Triangulated Risk Score by linking these three agencies: Area
Risk: (RBDA) How much land is available to plant Biological Threat: (NiMet)
Will the plant pass through its stages of growth? Physical Risk: (NIHSA) How
much of the harvest is lost due to environmental shocks?

4.1.3. Model 3: Hybrid Knowledge Graph about Food Security Indicators
on Maize with Human Factors

In this third model, Table 3, we extend the same by adding human-centric
variables such as Insurgency and Economic Inflation, converting this from an
environment-specific model into a Socio-Agricultural Knowledge Graph, be-
cause Food security in itself is of socio-economic concern. This is because these
factors usually represent so-called “pre-emptive blockers”: they prevent the
production before a single seed gets to touch the ground. The rise in the price
of fuel leads to an economic inflationary crisis, which is a hidden risk and can
lead to food insecurity due to affordability. Militants could keep farmers off
arable land for the entire season or longer. This graph has now integrated
climate, infrastructure, security and economics.

Causal Logic for Maize Production 1. The Irrigation Constraint (RBDA): Un-
like the sudden shock of a flood, the RBDA data provides a proactive constraint.
Logic: Low Reservoir Level →Reduced Irrigation Capacity → Capped Hec-
tarages for Maize. Outcome: Even if the weather is perfect, the ”Annual Food
Production” node drops because the physical area of dry-season cultivation is
restricted. 2. The Biological Constraint (NiMet): Maize is highly sensitive to
the timing of moisture. Phenology Mismatch: If a dry spell hits during the
tasselling/silking stage, the maize plant fails to pollinate properly. The graph
links the Dry Spell node directly to Yield Quality/Quantity via this biological
”mismatch” node. Fungal Pathogens: High humidity combined with specific
temperature ranges triggers nodes for maize-specific fungi. This necessitates
a ”Pesticide Requirement” node to mitigate the predicted yield loss. 3. The
Hydrological Shock (NIHSA): Logic: Flood Event → Soil Erosion and Anaer-
obic Conditions. Next-Season Lag: If farmland is flooded in late Q3, the soil
may remain unworkable or nutrient-depleted for the start of the next season,
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creating a ”Reduced Production” ripple effect. The Predictive Basis By linking
these three agencies, your graph creates a Triangulated Risk Score: 1. Areal
Risk: (RBDA) How much land can we plant? 2. Biological Risk: (NiMet)
Will the plant survive its growth stages? 3. Physical Risk: (NIHSA) Will the
harvest be lost to environmental shocks?

The ”Maize-to-Market” Comprehensive Knowledge Graph This graph has subse-
quently been mapped from the soil to the consumer’s plate, similar to what points intersect
infrastructure and economy with biology. The ”Maize-to-Market” Comprehensive Knowl-
edge Graph now maps the journey from the soil to the consumer’s plate, highlighting where
infrastructure and economy intersect with biology.

Table 3: Model Summary Table

Node Category Trigger Leads to Impact on FS

Logistics Fuel Prices freight Cost Surge market prices increase

Socio-Political Insurgency Farmland Abandonment Missed planting window

Economic High Input Costs Reduced Hectareage Lower national aggregate

Climatic (NiMet) Dry Spells Phenology Reduced yield

Climatic (NiMet) Humidity Fungi Reduced yield

Hydro (NIHSA) Flooding Crop Washout Immediate loss

Infrastructure Low Dam Levels Irrigation Failure Low Dry Season output

Visualising the ”Price-Transmission” Chain The Transportation Multiplier The ma-
jority of it is grown in the North, with consumption occurring throughout the country.
Graph Logic: (Fuel price) →(logistical overhead) → (Middleman Mark-ups). Outcomes:
When Maize arrives at the markets in Abuja or Lagos, its price is a reflection not only of
how much it costs to grow it, but also of how many diesel-powered trucks are needed to cart
it around. The Consumer Affordability Gap Food Security = Availability + Accessibility
The Squeeze: As transport costs go up, the ”Final Market Price” is greater than low-income
purchasing power Predictive Alert: The graph can predict a similarly rising retail maize
price in urban areas of 12–15 percent due to a rise in fuel prices of over 20 percent. Pre-
dictions like these are used as early warnings for urban food insecurity within the next two
weeks. The Seasonal Timing Block ( Insurgency and Costs) Security: If there is an in-
surgency incident in May, deactivate ”Planting Node” for Maize in the region. Cost: If the
seed price is too high in April then Hectarage node changes to low quality mussel. Result:
These failures ”During the early season”, guarantee that long after weather (NiMet) has
been very well behaved during a year, approve this node to brain that the Total Production
Node will stay in Red.

The ”Basis of Prediction” Summary In order to be precise in predicting food security
for 2026/2027 cycle your model must observe: Hectareage Basis: (Incident Incidents +
Inputs + RBDA Water Levels) Grain Yield Efficiency: (NiMet of Dry Spells + NiMet of
Humidity + NIHSA of Flood). Market Accessibility: (Fuel Infrastructure + Condition
of road infrastructure). Part 1: Fuel Prices and Cost of Living – Recent Changes and
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Figure 2: Food Security Knowledge Graph Schematic Diagram

Their Effects on Households The new fuel raises tied to the Middle East war, added to
the present hardship emergency in Nigeria, chiefly spotlighting how energy pricing and
distribution policies affect household costs and the value of food commodities. Fig. 1 below
demonstrate the Food Security Knowledge Graph, exposing the causal relationship between
various data that will inform the explainability of the prediction

5. Experiments and Results

5.1. Predictive Performance

Reviewed papers confirmed that the Neuro-Symbolic model did not compromise accuracy for
transparency before evaluating explainability.(Deléglise et al., 2022). The research achieved
an R2 of 0.88 and a Mean Absolute Error (MAE) of 0.14 tons/hectare, which is competitive
with pure neural baselines (LSTM: R2 = 0.86; GNN: R2 = 0.89). This shows that you
can add symbolic rules without sacrificing predictive power (Elias et al., 2024). We are
extending the predictive performance to test what the result will be when multi-agency
data from various statutory organisations.

5.2. Experiments and Results

The R2 of 0.88 represents a 12MAE (0.14): When scaled to the Integrated Food Security
Phase Classification (IPC) 1-5 scale, a 0.14 error indicates the model rarely misclassifies a
”Crisis” phase as ”Minimal,” which is the critical safety threshold for policy intervention

5.3. Discussion

The results of previous research strongly validate the hypothesis that government policy-
makers demand causal narrative explanations rather than purely statistical feature attri-
butions Takin et al. (2024) and provides an empirical safeguard against black-box distrust,
bridging technical transparency with legal accountability (Seth and Sankarapu, 2025). Un-
fortunately, SHAP visualisations are unable to overcome the semantic gap as they require a
user to have some domain expertise to understand why a feature is important (Elias et al.,
2024). In sharp contrast, our proposed Glass-Box system is actively bridging the gap. Using
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the Knowledge Graph-powered text generation formula, AI provides it with explicit causal
reasoning: “Prediction: 35 percent Yield Reduction. Cause: Drought conditions due to
negatively skewed rainfall in June greatly restricted kernel development during the Maize
Silking Stage. Such an observance follows existing bureaucratic decision-making procedures
in the narrative which is now automated.

6. Conclusion

6.1. Limitations

Building the Food Security Knowledge Graph demands substantial domain knowledge Sec-
ondly, the ontology of the graph restricts the model to specific occurrences; new climate phe-
nomena that are absent from symbolic rules may lead to generic reasoning paths (Ranatunga
et al., 2025)

6.2. Conclusion and Future Work

Thus, as climate anomalies become more frequent, AI will be essential in assuring worldwide
food security. In this paper, we show that transitioning from Black-Box deep learning to
Glass-Box Neuro-Symbolic AI radically improves user trust and policy actionability (Ali
et al., 2023). This approach both formulates predictions based on a formal Knowledge Graph
and shatters explicative decisions into defined reasoning paths, granting policymakers the
ability to react quickly while maintaining defensibility. We are extending the graph to the
humanitarian domain through our Food Security Knowledge Graph, which integrates multi-
agency data to track the causal relationship that affects the explicability of the prediction
by including continuous extraction of relations in real-time from agronomic literature.
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