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Uganda in Uganda, providing evidence for targeted resilience-building policies. Using

secondary data from the National Agricultural Research Organization (NARO) Impact
Evaluation Survey (n=1,428), food security was measured as the Household Food
Insecurity Access Scale (HFIAS), a nine-item experiential tool (0-27). To address the
high proportion of zeros representing both “structurally” secure and “period-secure”
households, a multivariate Zero—Inflated Negative Binomial (ZINB) regression was
employed. This two-part framework technically justifies the distinction between the
drivers of permanent food security and the drivers of insecurity severity. Although
HFIAS is a bounded sum, post-estimation diagnostics confirmed the model’s
appropriateness for this sample, with 100% of scores falling within the 0-22 range,
avoiding “boundary leakage” Model robustness was further validated using the
Likelihood Ratio tests of alpha, the Vuong test, and Rootogram diagnostics. Results
are reported as Incidence Rate Ratios (IRRs) for the count process and coefficients
for the inflation process. The count model revealed that higher education level
(Secondary IRR=0.68; Tertiary IRR=0.63, (p<0.01) and larger farm size (IRR=0.98,
(p=0.012) significantly reduced the intensity of food insecurity. Conversely, being
widowed or divorced (IRR=1.41, p=0.043) and residing in the Western region
(IRR=1.27, p=0.008) significantly increased insecurity severity. The inflation model
demonstrated that tertiary education and farm size were primary predictors of
“structural food security,” significantly increasing the probability of a household being
consistently food secure. Food security in Uganda is driven by a two-stage process
where the level of education and land assets govern both long-term resilience

and the intensity of hunger shocks. Policymaking should pivot toward region-
specific, literacy-sensitive interventions and social protection for widowed heads of
households. Strengthening secondary education and addressing land fragmentation
are essential to moving smallholders beyond transient security toward structural
resilience.
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1 Background

Food security is a multidimensional construct occurring when all people, at all times,
have physical, social, and economic access to sufficient, safe, and nutritious food that
meets their dietary needs and preferences for an active and healthy life [13]. Historically,
food security measurements focused primarily on the “availability” pillar, national-level
caloric supplies, and food production. However, contemporary frameworks emphasize
the “access” pillar, acknowledging that food insecurity often stems from a household’s
inability to acquire food due to economic or social constraints rather than a lack of
aggregate supply [35].

Globally, over 870 million people experience food insecurity. Admasu, [3], with Sub-
Saharan Africa, including Uganda, being the most affected region. In Uganda, an esti-
mated 2.6 million people are food insecure, with 17% classified in crisis. Akwango-Aliau
et al. [5]. Understanding the factors that influence household food security is vital for
guiding evidence-based agricultural, social protection, and development policies.

Several empirical studies across different settings have documented similar determi-
nants of household food security, including education, farm size, fertilizer and improved
seed use, access to credit, and membership in a farmer group, providing cross-country
evidence from Rwanda, Ethiopia, Nigeria, South Africa, Swaziland, and Pakistan [1, 2,
7,16, 18, 22, 25, 27, 28]. Comparative reviews also stress system-level drivers and shock
responses that interact with household determinants [10, 11, 17]. Measurement critiques
relevant to our analytic choice suggest that dichotomization or categorization of con-
tinuous food security measures incurs important statistical costs [6, 15] while debates on
dietary diversity as an indicator are summarized by [34].

In Uganda, previous studies have examined the drivers of food security from various
perspectives. For instance, [36] highlighted the vulnerability of smallholders to climate
variability, while (Apanovich et al. 2018) demonstrated how legume-based systems and
institutional support enhance household resilience. However, these studies primar-
ily utilize categorical or binary indicators of food security, which may fail to capture
the nuanced intensity of the food insecurity experience among bean and maize farmer
groups that provide the bulk of the country’s dietary protein and calories but remain
highly susceptible to seasonal shocks.

To capture the “access” dimension of food security, researchers employ various experi-
ential tools. Unlike objective indicators like caloric intake or anthropometric data, which
can be costly and fail to capture psychological and behavioral components, experien-
tial scales provide a validated measure of how households actually perceive and navigate
food scarcity. This study utilizes the Household Food Insecurity Access Scale (HFIAS),
a nine-item tool developed by USAID’s Food and Nutrition Technical Assistance
(FANTA) project (Coates et al. 2007; [12]). The HFIAS captures three universal domains
of food insecurity: anxiety and uncertainty about food supply, insufficient food qual-
ity, and inadequate food intake. Because the HFIAS produces a continuous-like score
(0-27), it allows for a granular analysis of food insecurity intensity rather than simple
categorizations.
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Despite the granularity of the HFIAS, most studies model the outcome as a binary
variable (using logistic regression) or an ordered variable (using ordered logit/probit
models) [1, 29]

Categorization results in a loss of information and reduced statistical efficiency,
obscuring variation in household behaviors. Altman and Royston, [6], Kyomuhangi, [21].
A more robust approach is to model the HFIAS as a bounded count variable. However,
HFIAS data typically exhibits two specific statistical challenges: a high proportion of
food-secure households (excess zeros) and variance that significantly exceeds the mean
(overdispersion).

This study addresses these challenges by employing a Zero-Inflated Negative Binomial
(ZINB) regression model. This approach is conceptually grounded in the existence of
two distinct groups within the zero-score category: “structural zeros” (households fun-
damentally secure due to stable socioeconomic factors) and “sampling zeros” (house-
holds at risk that remained secure during the 30-day recall period). By using a two-part
model (logit for structural security and negative binomial for intensity), we simultane-
ously identify the drivers of being food secure and the factors influencing the severity of
insecurity among vulnerable households, while specifically adjusting for the overdisper-
sion that simpler Poisson-based models cannot capture [15, 19].

Furthermore, existing literature often overlooks the dual nature of food-secure house-
holds in the Ugandan context, failing to distinguish between those who are structurally
resilient and those who are incidentally secure. This study fills these gaps by employing
a Zero-Inflated Negative Binomial (ZINB) model. By modeling the HFIAS as a bounded
count outcome and accounting for excess zeros and overdispersion, we provide a more
precise identification of the sociodemographic, economic, and institutional factors that
influence both the likelihood of being food secure and the severity of insecurity among
beans and maize farming households. These two crops are not merely staples but are
twin pillars for rural-dependent households. Consequently, this study provides evidence
to guide targeted, context-specific interventions.

2 Methods

2.1 Sampling design and sample size

A multistage sampling design was used to select respondents on the basis of agroecolog-
ical zones, districts, sub-counties, and villages. In the first stage, six out of nine agroeco-
logical zones were selected on the basis of whether they directly participated in NARO
technology development and/or dissemination, for this case, at the level of adoption and
utilization of NARO-released maize and bean technologies in Uganda. At the second
stage of sampling, a total of thirty districts were selected from the six selected agroeco-
logical zones via cluster sampling on the basis of the level and intensity of promotional
outreach activities. In the third stage, two sub-counties in each of the districts were ran-
domly selected. Finally, farming households in each of the sub-counties were selected
using stratified random sampling from the list of participating farmer households avail-
able with the respective Zonal Agricultural Research and Development Institutes (ZAR-
DIs) and District Agriculture Offices (DAOs). A total of 1,445 households, representing
65% of the sample size, responded to the study [5].
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2.2 Data source and collection period
This study utilized secondary data from the NARO Impact Evaluation Survey. The
NARO dataset was selected due to its robust sampling frame of bean and maize farming
households across Uganda’s Agro zones, providing a representative look at the demo-
graphics most critical to national food security. The data were collected during Quarter
two of the FY 2021/22, a period purposefully chosen to capture household experiences
following the primary harvest season.

This timing was critical as it allowed for an assessment of food access stability during
the transition into the lean season, providing a rigorous test of household resilience and

storage capabilities.

2.3 Model selection and validation

For appropriate model selection, the Zero-Inflated Negative Binomial (ZINB) model
was benchmarked against a Cragg’s Double Hurdle (DH) model. While both frameworks
accommodate a two-stage process, distinguishing between the ‘probability’ of being
food secure and the ‘intensity’ of insecurity, information criteria and diagnostic tests
were used to determine the superior fit.

The model Statistical fitness check and validation (Table 1) revealed that the ZINB
model yielded lower Akaike Information Criterion (AIC) and Bayesian Information
Criterion (BIC) values compared to the Double Hurdle model. This indicates that the
Negative Binomial distribution better handles the overdispersion inherent in the HFIAS
count data than the truncated normal distribution.

The Zero-Inflated Negative Binomial (ZINB) regression model was then fitted to
examine the factors associated with food security status among bean and maize farming
households in Uganda. By incorporating a dispersion parameter (a), the ZINB model
more accurately estimates standard errors and prevents the overstatement of statistical
significance common in Poisson-based models when heteroskedasticity is present [19].

Following the specification by (Freese et al., 2014) The model is described as:

1/a
Pi+(1—Pi)<H+M) ; fory; =0,

P(}/z | Xz) = . L (git1/a) L 1/ au, Yi . 0
A =rd) rrn T a7a) (e, Trau,) » 1OT% >0

where:

« Y, is the HFIAS count response, bounded such that 0 < y; < 27

+ p; is the probability of the household being a “structural zero” (consistently food
secure), modeled via a logit link: logit (p;) = ul 3,

o ui is the expected HFIAS score for the at-risk group, modeled via a log link:
In(p;) = {8,

o« is the dispersion parameter. When o > 0, the model accounts for overdispersion;
as a — 0, the ZINB reduces to a ZIP model.

Table 1 Model fitness and validation criterion

Diagnostic metric ZINB model DH model
AIC 4536.766 4688444
BIC 4731535 4841.101
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« wu; and w; are vectors of explanatory variables (socio-demographic, economic, and
institutional) that may overlap or differ between the two components.

2.4 Model diagnostics

The goodness-of-fit of the ZINB model was assessed using a suite of diagnostic tests to
ensure the reliability and effectiveness of the estimates. The overall significance of the
model was evaluated using the Likelihood Ratio (LR) Chi-square test, testing the null
hypothesis that all predictor variables are simultaneously equal to zero. Statistical sig-
nificance was set at the 5% level (p<0.05). The Likelihood Ratio test of alpha («) was
conducted to assess the presence of overdispersion. A significant result (»p <0.05) indi-
cates that the dispersion parameter is significantly different from zero, confirming that
the ZINB model is necessary to account for the variance instability and heteroskedastic-
ity inherent in the HFIAS data.

To test for the necessity of the zero-inflation component, the Vuong test was
employed. (Vuong, 1989), comparing the ZINB against a standard Negative Binomial
model to determine if the “structural zero” mechanism significantly improves the mod-
el’s predictive power.

Finally, residual diagnostics were utilized to evaluate the quality of the fit. Given that
traditional tests for heteroskedasticity, such as the Breusch-Pagan and White tests, are
designed for linear models and are not directly applicable to nonlinear count processes,
we employed the Rootograms. This method allowed for a visual assessment of the mod-
el’s ability to handle the bounded nature of the HFIAS scale (0-27). The link specifi-
cation test (linktest) was also performed to verify that the log and logit functions were
correctly specified, with a non-significant result on the squared predictor variable con-
firming appropriate model specification.

3 Results
The goodness-of-fit of the Zero-Inflated Negative Binomial (ZINB) model was assessed
using a suite of diagnostic tests to ensure the reliability and effectiveness of the estimates.
The overall significance of the model was evaluated using the Likelihood Ratio (LR)
Chi-square test, which yielded a value of Chi2(17)=67.20 (p-value 0.000), leading to
the rejection of the null hypothesis that all predictor variables were simultaneously
equal to zero. The Likelihood Ratio test of alpha (a) resulted in a significant value of
Chibar2(01) =323.91 (p-value 0.000). This significant result indicates that the disper-
sion parameter is significantly different from zero, confirming that the ZINB model is
necessary to account for the variance instability and heteroskedasticity inherent in the
HFIAS data. Furthermore, to specifically test for the necessity of the zero-inflation com-
ponent, the Vuong test was employed. The resulting z-statistic of (10.66) (p = 0.000) con-
firms that the “structural zero” mechanism significantly improves the model’s predictive
power. This was validated by the lower AIC (4536.766) and BIC (4731.535) statistics for
the ZINB compared to the higher AIC (4688.444) and BIC (4841.101) for the DH model.
Finally, residual diagnostics were utilized to evaluate the quality of the fit. Visual
assessment through Rootograms demonstrated that the model effectively managed the
bounded nature of the HFIAS scale (0-27), with predicted values closely aligning with
observed frequencies. The link specification test (linktest) yielded a non-significant
result on the squared predictor variable (P-value=0.000), confirming that the log and



Watsala et al. Discover Food

(2026) 6:224

logit functions were correctly specified and that the model does not suffer from omitted
variable bias.

Description of sample characteristics of the Respondents (Table 2).

The mean age of the household heads was 46.8 years (SE 0.34). There was 78.3% male
headed households, and only 21.7% of them were female-headed. The majority, 96.9% of
the household heads, had achieved at least Primary level of education, and 83.0% were
married. On average, there were 7.4 household members both present and absent (SE
0.11) at the time of the survey.

Up to 58.5% of the household heads had at least three years of farming experience,
and 55.8% used fertilizer to boost agricultural production. 59.9% used improved NARO
maize and bean technology. The majority, 75.7%, owned livestock at the time of the sur-
vey, 69.7% had their main source of household income from crop sales, and 62.6% had
access to credit. 73.2% were members of the farmers’ group, and only 5.6% had access to
price-related market information on crops.

The median household food security score was 0, and it ranged from 0 to 4 (IQR:
0—4). The median represents the middle value when all household food security scores

Table 2 Description of the household head farmer characteristics

Characteristics Level Freq (n=1,445) Percent (100%)
Age (years) Mean (SE) 46.8 (0.34)
Gender Female 314 217
Male 1131 783
Education level No formal education 102 7.1
Primary education 729 504
Secondary education 475 329
Tertiary education 139 96
Marital status Single 75 52
Married 1200 83.0
Widowed/or divorced 170 11.8
Household size Mean (SE) 74(0.11)
Location of the household Central 496 343
Eastern 334 23.1
Northern 408 283
Western 207 14.3
Farming experience Less than three 599 415
Three and more 846 585
Farm size (ha) Median (IQR) 3.7 (2-6)
Use of fertilizer No 639 442
Yes 806 558
Use of improved Maize/bean No 580 40.1
Yes 865 599
Livestock ownership No 351 243
Yes 1094 757
HH’s main source of income Crop income 1007 69.7
Non-crop income 438 30.3
Access to credit No 540 374
Yes 905 62.6
Membership in a farmers’ group No 387 26.8
Yes 1058 732
Access to market information No 1361 94.2
Yes 84 58
Household Food Insecurity Access Scale (HFIAS)  Median (IQR) 0(0-4)

SE: Standard Error; IQR: Interquartile range; No.- frequency; %-percent

Page 6 of 13
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are arranged from lowest to highest. A median of 0 indicates that at least half of the
households reported no food insecurity, as measured by the Household Food Insecurity
Access Scale (HFIAS).

The range (0—4) reflects the minimum and maximum scores observed in the sample.
A range from 0 to 4 shows that no household had a food insecurity score above 4, and
some households had no reported food insecurity.

The IQR describes the spread of the middle 50% of the data, from the 25th to the 75th
percentile. An IQR of 0 to 4 suggests that most households experienced low levels of
food insecurity, though some variation exists within the group. Overall, the data indicate
that the majority of households were food secure, with a significant proportion report-
ing no food insecurity. However, some households did experience mild to moderate food
insecurity. This skewed distribution, with many households scoring zero, supports the
use of statistical models such as Zero-Inflated Negative Binomial (ZINB) regression,
which appropriately handle excess zeros in count data (Fig. 1).

The distribution of HFIAS scores among the sampled households is heavily skewed,
with a high frequency of zero scores indicating households with full food access (see Fig
1). This significant zero inflation in the dependent variable supports the use of the ZINB
model to account for the structural zero mechanism.

Results of factors associated with the Household Food Insecurity Access Scale based
on a multivariate ZINB.

The ZINB regression model output has both the count model (upper part in Table 3)
and a logit model (lower part in Table 3) for predicting excess zeros.

The following remarks are based on the count model, Determinants of the Frequency
of Food Insecurity, for the significant factors only.

Education of the household head was a significant predictor of household food secu-
rity. Relative to households with no formal education, those headed by individuals with

Frequency
600 800 1,000
| 1

400
|

200
1

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 22

HFIAS (0 - 27)

Fig. 1 Frequency of occurrence of conditions hindering household food access against the household food in-
security score



Watsala et al. Discover Food (2026) 6:224 Page 8 of 13

Table 3 Results of factors associated with the household food insecurity access scale based on a
multivariate zero-inflated negative binomial

HFIAS (outcome) IRR St. Err. p value 95% Cl
Gender

Femalev/ 1

Male 1.13 0.12 0.241 0.92-1.38

Education level
No formal educationv 1

Primary 0.83 0.10 0113 0.65-1.05
Secondary 0.68 0.09 <0.004** 0.53-0.88
Tertiary/higher 0.63 0.11 <0.007** 0.45-0.88
Marital status of household head

Singlev’ 1

Married 1.24 0.18 0.159 0.92-1.66
Widowed/divorced 141 0.24 0.043* 1.01-1.95
Household size 0.99 0.09 0.259 0.97-1.00
Region

Centralv 1

Eastern 122 0.14 0.094 0.96-1.53
Northern 1.05 0.100 0.605 0.87-1.27
Western 1.27 0.1 <0.008** 1.06-1.51

Farming experience

Less than three yearsv 1

Three and more 1.09 0.07 0.181 0.96-1.25
Farm size (ha) 0.98 0.08 <0.012** 0.96-0.99
Use of fertilizer to boost production

Nov 1

Yes 0.88 0.06 0.072 0.76-1.01
Use of improved Maize & Beans

Nov 1

Yes 091 0.064 0.081 0.79-1.04
Livestock ownership

Nov 1

Yes 0.98 0.08 0.766 0.84-1.13
Access to credit

Nov' 1

Yes 0.90 0.06 0.147 0.79-1.04
Membership in a farmers'group

Nov 1

Yes 0.90 0.07 0.184 0.78-1.05
Constant 7.70 1.56 0.000%** 5.17-1145
Inflate

Gender

Female/ 1

Male 0.04 0.21 0.849 —037-044
Education level

No formal educationv’ 1

Primary 041 0.25 0.096 —-0.07-0.89
Secondary 042 0.26 0.109 -0.09-093
Tertiary/higher 0.87 0.32 <0.008*** 0.23-1.51
Marital status of household head

Singlev’ 1

Married 022 0.30 0470 —0.38-081
Widowed/divorced 0.30 032 0.357 —0.34-095

Household size -0.01 0.02 0451 —0.05-0.02
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Table 3 (continued)

HFIAS (outcome) IRR St. Err. p value 95% Cl
Model summary

Number of observations 1,428

Non-zero observations 518

Zero observations 910

LR chi2(17) 67.20

Prob > chi2 0.000%**

Log-likelihood —2231.383

Significance: ***p=0.000, **p <0.05, *p <0.1; 95% Cl-confidence intervals; /-Reference categories adopted in the analysis
for categorical variables; Std. Err. - Standard error; IRR-Incident rate ratio

secondary education experienced a 32% reduction in the expected frequency of food
insecurity (IRR = 0.68, p = 0.004), while those with tertiary or higher education exhib-
ited a 37% reduction (IRR = 0.63, p = 0.007). These findings are consistent with prior
research demonstrating that education improves agricultural decision-making, income
diversification, and nutritional awareness, which collectively enhance household food
security. [9, 37]. Education also enhances access to extension services and adoption of
yield-enhancing technologies, thereby reducing vulnerability to food shortages.

Marital status was significantly associated with household food security. Compared
with single household heads, widowed or divorced household heads were 40% more
likely to be food secure, as reflected by a lower expected frequency of food insecurity
(IRR=1.41, p=0.043). This finding may reflect the buffering role of social capital and
extended family networks that support widowed individuals, helping them navigate eco-
nomic and emotional challenges [23]. Such support can facilitate stability in food access
despite household restructuring following the loss of a spouse.

Regional location significantly influenced food security outcomes. Households in the
Western region were 26% more likely to be food secure compared with those in the Cen-
tral region (IRR=1.27, p=0.008).

Farm size was also significant in predicting food security. Each additional acre of
cultivated land decreased the expected frequency of food insecurity by 2% (IRR=0.98,
p=0.012).

The following observations are based on the inflated model (lower part in Table 3) for
predicting excess zeros.

In the zero-inflation component, tertiary education significantly increased the likeli-
hood of a household being structurally food secure, meaning they experienced no food
insecurity during the recall period (p=0.87, p=0.008).

Regional disparities also appeared in the structural food security model. Households
in the Eastern (p=0.78, p<0.001) and Western ( = -1.70, p <0.001) regions differed sig-
nificantly from those in the Central region in terms of the probability of belonging to the
always-food-secure group. Although households in the Western region showed better
relative food security in the count model, they were less likely to be permanently food
secure.

Farm size also significantly increased the likelihood of structural food security
(Bp=0.04, p=0.004). Larger farms not only provide greater production capacity but also
stabilize food availability across seasons, offering protection against food insecurity
shocks.
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4 Discussions

The findings of this study demonstrate that sociodemographic, economic, and insti-
tutional characteristics jointly influence food security among bean and maize farm-
ing households in Uganda. The Zero-Inflated Negative Binomial (ZINB) model proved
superior to standard count models, as the significant alpha parameter (a=0.32, p <0.001)
confirmed substantial overdispersion. By distinguishing between “structural resilience”
(inflation model) and “insecurity intensity” (count model), the study revealed that deter-
minants often act differently across these two stages.

Socio-demographic determinants, Education level emerged as a primary driver of
both structural resilience and reduced insecurity intensity. Households headed by indi-
viduals with secondary or tertiary education experienced a 32% to 37% reduction in the
expected frequency of food insecurity compared to those with no formal education.
These findings are consistent with prior research in Uganda and Ethiopia demonstrating
that education improves agricultural decision-making, income diversification, and nutri-
tional awareness [9, 37]. Furthermore, the inflation model showed that tertiary educa-
tion significantly increased the likelihood of a household being structurally food secure
(B = 0.87,p = 0.008), reinforcing the role of higher education level in ensuring long-term
financial stability and risk management [4, 30].

In terms of household structure, widowed or divorced status significantly increased
the intensity of food insecurity by 41% (IRR=1.41, p=0.043) compared to single indi-
viduals. While some global studies suggest social capital can buffer these groups [23],
Our results suggest that in the context of Ugandan bean and maize farming, the loss
of a spouse likely leads to “labor-poverty” and reduced pooled resources, making these
households more vulnerable to higher-intensity insecurity shocks.

Economic and Regional Dynamics, Farm size acted as a critical protective factor in
both model components. Each additional acre decreased the expected frequency of food
insecurity by 2% and significantly increased the likelihood of structural food security
(B=0.04, p=0.004).

Larger landholdings facilitate crop diversification and higher production capacity,
which stabilizes food availability across seasons. Joshi and Joshi, [20, 36]. This under-
scores the conclusion by [32] that land access remains foundational to household resil-
ience in agrarian settings.

Geographically, the study revealed complex regional disparities. Households in the
Western region exhibited a 27% higher intensity of food insecurity (IRR = 1.27, p =
0.008) and were significantly less likely to be structurally food secure (p = -1.70, p <
0.001) compared to the Central region. Conversely, households in the Eastern region
were more likely to belong to the structurally food-secure group (B = 0.78, p < 0.001).
These findings suggest that, despite favorable Agro-ecological conditions in parts of the
West, underlying vulnerabilities such as market disruptions or seasonal crop failures
may still hinder permanent food security [8, 14, 38].

5 Conclusion

This study provides decisive evidence that household food security among Uganda’s
bean and maize farmers is not merely a product of agricultural yield but is fundamen-
tally rooted in the education level, land equity, and regional resilience. By employing a
Zero-Inflated Negative Binomial (ZINB) model, we have demonstrated that the drivers
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of structural food security differ profoundly from the factors governing the intensity of
hunger. Education and farm size emerged as the dual pillars of resilience: higher educa-
tion level and larger landholdings do not just reduce the severity of food insecurity; they
fundamentally insulate households, moving them into a state of permanent, structural
security.

The findings expose a critical vulnerability among widowed and divorced household
heads and those residing in the Western region, who face significantly higher intensi-
ties of food insecurity. These disparities suggest that current “one-size-fits-all” agricul-
tural interventions are failing to account for the labor-poverty and geographic inequities
that characterize rural Uganda. Furthermore, the lack of significant impact from credit
access and farmer group membership in our multivariable model indicates that institu-
tional support systems may be currently underperforming or inaccessible to the most
vulnerable smallholders.

6 Recommendations

The study recommends that the Government of Uganda, with its joint stock of devel-
opment partners, must pivot toward literacy-sensitive, asset-based, and region-specific
interventions. First, education must be treated as a primary food security tool; expand-
ing secondary and vocational training is essential for long-term household stability. Sec-
ond, targeted social protection programs should be developed for widowed and divorced
household heads. Our findings indicate that marital status is a significant determinant
of food security; therefore, policy interventions should aim to replicate the ‘pooled
resource’ benefits typically found in married households for the widowed/divorced.
By providing targeted support to these specific groups, interventions can mitigate the
increased vulnerability associated with household restructuring and ensure more sta-
ble food access. Finally, agricultural policies must move beyond the simple provision of
inputs to address the structural barriers, such as land fragmentation and regional mar-
ket volatility, that prevent farmers from translating harvests into sustainable food access.
Only by addressing these deep-seated sociodemographic and economic determinants
can Uganda build a food system resilient enough to withstand the climatic and economic
shocks of the coming decade.
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