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Abstract. Deep learning has revolutionised healthcare applications, achieving
remarkable success in medical diagnosis and treatment prediction. However, the
inherent opacity of these models presents significant challenges for clinical de-
ployment, where interpretable explanations are crucial for patient trust and regu-
latory compliance. This paper presents a novel constraint-aware counterfactual
explanation model for generating personalised dietary interventions in anaemia
patients. Anaemia affects over 1.9 billion people globally, yet existing explaina-
ble Al methods fail to provide clinically feasible and culturally appropriate rec-
ommendations. We develop a causal machine learning approach that integrates
Pearl's causal hierarchy with domain-specific constraints to produce interpretable
"what-if" scenarios. Our model incorporates nutritional, cultural, and economic
constraints through augmented Lagrangian optimisation, ensuring recommenda-
tions remain clinically feasible whilst maintaining semantic meaningfulness. Ex-
perimental results demonstrate superior performance compared to existing ex-
plainable AI methods, achieving 84.3% anaemia reversal rates (vs 71.8% best
baseline), 89.1% counterfactual validity, and 4.2 interpretability scores. The
model generates recommendations requiring an average of 2.3 dietary changes
within cognitive load thresholds whilst maintaining O(n log n) computational
complexity suitable for real-time clinical deployment. This work advances ex-
plainable Al in healthcare by demonstrating how domain-specific constraints can
enhance both interpretability and clinical utility of counterfactual explanations
for chronic disease management.

Keywords: Counterfactual Explanations, Explainable Al, Causal Machine
Learning, Healthcare Informatics, Interpretability

1 Introduction

Deep learning has revolutionised healthcare applications, achieving remarkable success
in medical image analysis, drug discovery, and clinical decision support systems [1].
However, the inherent opacity of these models presents significant challenges for
healthcare deployment, where clinical decisions require transparent reasoning and ac-
countability [2]. The black box nature limits adoption in critical scenarios, as medical
professionals need to understand algorithmic recommendations to ensure patient safety
and regulatory compliance. Consequently, developing interpretable machine learning
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methods has become paramount for bridging the gap between algorithmic sophistica-
tion and clinical acceptability [3].

Anaemia represents a significant global health burden, affecting approximately 1.9
billion individuals worldwide [4]. The condition disproportionately impacts vulnerable
populations, with children under five experiencing 42% prevalence globally and
women of reproductive age facing 33% rates, particularly severe in sub-Saharan Africa
where prevalence exceeds 60% [4]. Whilst nutritional deficiencies serve as primary
aetiological factors, vulnerable populations face compounded challenges including lim-
ited food access, cultural dietary restrictions, and economic constraints that render
standard interventions ineffective [5]. Clinical thresholds classify anaemia severity
based on haemoglobin levels, yet approaches often fail to address complex socioeco-
nomic and cultural barriers [6].

Effective anaemia management requires personalised dietary strategies considering
individual patient characteristics, metabolic profiles, and environmental factors. Cur-
rent clinical practice relies on standardised nutritional guidelines, presenting limitations
including insufficient individualisation, limited consideration of patient-specific con-
straints, and absence of systematic follow-up mechanisms [6], [7]. Consequently, pa-
tient compliance rates remain suboptimal with considerable treatment efficacy variation
across population groups.

Contemporary advances in explainable artificial intelligence introduce novel oppor-
tunities for developing sophisticated yet interpretable nutritional intervention systems.
These approaches can analyse complex, multidimensional patient data to generate tai-
lored recommendations whilst providing transparent reasoning for clinical validation.
Nevertheless, implementing interpretable Al in nutritional healthcare introduces dis-
tinct computational challenges requiring highly adaptive algorithmic approaches that
maintain interpretability without sacrificing predictive accuracy.

Recent developments in counterfactual explanation methods have garnered consid-
erable attention within healthcare informatics, particularly for applications requiring
high trust and accountability. Successful deployment demands sophisticated under-
standing of algorithm selection, constraint modelling, causal inference, and domain-
specific validation methodologies [8]. Suboptimal implementation can result in recom-
mendations violating clinical guidelines, ignoring cultural sensitivities, or exceeding
economic feasibility thresholds. Whilst counterfactual methods have achieved compet-
itive performance in general healthcare explanation tasks [10], their application to nu-
tritional interventions necessitates specialised modifications incorporating dietary con-
straints, cultural preferences, and economic considerations [11].

Current methodologies present significant limitations when applied to nutritional in-
tervention planning, prioritising mathematical optimisation without adequate consider-
ation of domain-specific constraints. This frequently produces recommendations lack-
ing practical applicability due to cultural inappropriateness, economic infeasibility, or
nutritional imbalance, severely limiting clinical utility and interpretability.

This research addresses these limitations by developing a specialised counterfactual
explanation system for personalised anaemia interventions, validated using comprehen-
sive demographic and health survey data from Ethiopian populations, prioritising inter-
pretability whilst ensuring clinical relevance and cultural appropriateness.
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Our primary contributions include:

1. Development of a causal machine learning architecture incorporating nutri-
tional science principles with counterfactual generation algorithms to produce
clinically relevant and interpretable explanations.

2. Implementation of a multi-constraint optimisation framework ensuring cul-
tural appropriateness, economic feasibility, and nutritional adequacy in gener-
ated recommendations whilst maintaining high interpretability.

3. Design of a comprehensive evaluation protocol measuring both computational
performance and clinical utility through multi-stakeholder validation pro-
cesses, emphasising interpretability assessment.

4. Empirical validation using large-scale demographic health survey data,
demonstrating improved performance compared to existing explainable Al ap-
proaches across interpretability, clinical validity, and cultural appropriateness
metrics.

The remainder of this paper is organised as follows: In Section 2, we review related
work in counterfactual explanation algorithms, explainable Al in healthcare, causal ma-
chine learning, and nutritional informatics. In Section 3, we describe the proposed con-
straint-aware counterfactual explanation model for personalised anaemia interventions.
In Section 4, we present the experimental results and performance evaluation. We dis-
cuss these results in Section 5. Lastly, in Section 6, we provide concluding remarks and
future work directions.

2 Related Work

This section examines counterfactual explanation algorithms, explainable Al in
healthcare, causal machine learning, and nutritional informatics, focusing on interpret-
ability challenges in healthcare Al systems.

2.1  Counterfactual Explanation Algorithms

Counterfactual explanations identify minimal input changes that alter predictions.
Mothilal et al. [12] proposed Diverse Counterfactual Explanations (DICE) for diverse
explanations with O(n?) complexity. Wachter et al. [13] introduced gradient-based op-
timization but lacked semantic constraints, producing unrealistic recommendations.
Poyiadzi et al. [14] developed Feasible and Actionable Counterfactual Explanations
(FACE) ensuring realistic counterfactuals but at O(n®) complexity. Laugel et al. [15]
offered intuitive geometric search but lacked convergence guarantees. These methods
optimize for mathematical feasibility but fail to ensure domain semantic validity, gen-
erating explanations that are technically correct yet clinically meaningless or impracti-
cal.

2.2  Interpretable Al in Healthcare
Healthcare requires high interpretability for life-critical decisions and regulatory com-

pliance. Ribeiro et al. [16] introduced Local Interpretable Model-agnostic Explanations
(LIME) for local approximations but with instability issues. Lundberg and Lee [17]



Zvinodashe Revesai and Okuthe P. Kogeda

offered principled game-theoretic SHapley Additive exPlanations (SHAP) but with
O(2") complexity. Ribeiro et al. [18] provided clinical guideline-like Anchors but with
poor population coverage. Recent surveys [19], [20], [21] highlight needs for systems
bridging technical and clinical requirements. These techniques provide post-hoc expla-
nations without guaranteeing actionability or clinical relevance, creating a disconnect
between model transparency and practical decision-making.

2.3 Casual Machine Learning

Pearl [22] established three interpretability levels: associational, interventional, and
counterfactual. The PC algorithm [23] learns causal structures but has strong assump-
tions and O(2"k) complexity. Doubly robust methods [24] improve robustness but limit
personalization through population-level focus. Recent work [25] emphasizes evalua-
tion frameworks balancing accuracy and comprehension. Causal methods provide the-
oretical rigor but require strong assumptions and focus on population-level effects, lim-
iting their ability to generate personalized, individual-level recommendations.

24 Nutritional Informatics

Nutritional systems face interpretability challenges from complex nutrient interactions
and individual variations [26]. Traditional collaborative filtering offers limited explan-
atory reasoning. Matrix factorization [27] identifies latent factors without semantic
meaning. Multi-criteria decision analysis [28] represents trade-offs but misses nutrient
synergies. Deep learning approaches sacrifice interpretability for accuracy. Existing
nutritional Al systems either lack semantic transparency or fail to capture complex nu-
trient interactions, preventing clinicians and patients from understanding and trusting
dietary recommendations.

Existing approaches exhibit critical interpretability limitations: semantic gaps pro-
ducing nonsensical explanations, computational-interpretability trade-offs, insufficient
clinical alignment, and personalization deficiencies. Our constraint-aware counterfac-
tual explanation model addresses these through domain-constrained optimization,
providing clinically meaningful, computationally efficient, and culturally appropriate
recommendations for anaemia management.

3 MODEL DESIGN

This section presents our constraint-aware counterfactual explanation model for per-
sonalized dietary interventions in anaemia patients, detailing computational formula-
tion, algorithmic components, and implementation strategies.

3.1 Problem Formulation
We formulate counterfactual explanation as constrained optimization balancing inter-

pretability, feasibility, and clinical efficacy. Given patient profile x € R¢ (demographic,
dietary, biomarker features) and predictive model f: RY - R mapping profiles to
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haemoglobin levels, we identify counterfactual x' achieving target haemoglobin im-
provement whilst minimizing intervention complexity.

Wachter et al. [13] introduced gradient-based counterfactual generation through un-
constrained distance minimization but lacked domain constraints, producing semanti-
cally invalid recommendations. We extend their framework incorporating nutritional,
cultural, and economic constraints.

Our formulation as shown in equation (1) is:

minimize:L(x',x) = A:d(x’,x) + L,(f(x),y %) + WR(x")
subject to: f(x") = Hb_target,x' € ®(x),gi(x") < 0 Y)

where L(x', x) is overall loss, 14, A5, A3 are regularization parameters, d (x', x) is dis-
tance between instances, £(f (x"), y *) is prediction loss, R(x") is interpretability regu-
larization, Hb target is desired haemoglobin (>11.0 g/dL children, > 12.0 g/dL
women per World Health Organization (WHO) [26]), @(x) is feasible modification
space, and g;(x") < O represents domain constraints (i = 1,...,m where m is total
number of constraints).

The sparsity-promoting distance follows L, norm [30], encouraging fewer modified
features. Regularization R(x") penalizes complex modifications as expressed in equa-
tion (2):

R(x') = Ei wi I(|x'i - xil > Ti) (2)

where ; represents feature importance weights, I(-) is indicator function, x'; is coun-
terfactual value for feature i, x; is original value for feature i, and t; denotes minimum
meaningful change thresholds (>50g/day staple foods, >10g/day protein) [26].

3.2 Process Flow and System Designs

Fig.1 illustrates our process flow for constraint-aware counterfactual generation, show-
ing integration of causal inference, constraint optimization, and interpretability gener-
ation. The architecture comprises five stages: (1) data input processing, (2) causal anal-
ysis (Directed Acyclic Graph (DAG) construction, backdoor adjustment, effect estima-
tion), (3) optimization (gradient computation, constraint handling via augmented La-
grangian and projection, multi-objective solving), (4) personalization (population clus-
tering, individual profiling, template generation), and (5) clinical output (safety valida-
tion, cost-benefit analysis, intervention protocols).
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Fig 1: Process Flow for Constraint-Aware Counterfactual Generation
3.3  Causal Inference Model Design

To generate reliable intervention recommendations, we integrate Pearl's causal frame-
work [22]. Pearl's hierarchy distinguishes three reasoning levels: (1) associational
(P(Y|X)) observing correlations, (2) interventional (P(Y|do(X))) predicting action
effects, and (3) counterfactual (P(Y_x'|X = x)) reasoning about alternatives. Tradi-
tional machine learning operates association ally, identifying patterns reflecting spuri-
ous correlations rather than causal mechanisms. Clinical decision-making requires in-
terventional reasoning.

Following backdoor adjustment as shown in equation (3):
P(Y = yldo(X = x)) = 2zPY =y|X = x,Z = 2)P(Z = z) 3)

where P(Y = y|do(X = x))isinterventional probability, P(Y = y|X = x,Z =
z) is conditional probability given features and confounders, P(Z = z) is marginal
distribution of confounders, and Z represents adjustment set of confounding variables.

Causal graph construction employs constraint-based methods identifying confound-
ers (socioeconomic status, maternal education, geographic location, seasonal factors)
from Ethiopian Demographic and Health Survey (EDHS) dataset satisfying backdoor
criterion [23]. This ensures counterfactual explanations represent genuine intervention
effects.

3.4  Constraint-Aware Optimization Model
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Our algorithm employs augmented Lagrangian method [32] handling mixed constraints
in equation (1), providing better convergence than pure penalty approaches whilst
maintaining robustness [24].

Algorithm 1: Constraint-Aware Counterfactual Generation

Input: Patient profile X, target Hb improvement Y|
Output: Counterfactual x* with interpretable explanation

1. Initialize x° = x, penalty parameter u = 0.1

Construct constraint sets: @ nutritional, @ cultural, @ economic
For iteration t = 0 to max_iterations.
Compute causal gradient: Vf causal(x)
Calculate constraint violations using equation (4).
v_total = X; max(0, gi(x!)) (4)
Update solution: x'*' = x'- o(VL + uW_total)
Project onto feasible set using equation (5):
. x =11 dKx™) (5)
10. If convergence: break

O N AL A W

11. Generate semantic explanation using personalized templates
12. Return optimized counterfactual x* and explanation
where v_total is total constraint violation, g;(x") represents individual constraint
functions, max (0, gi(x")) ensures only violated constraints contribute, a is step size
(Armijo line search), VL is gradient of loss function L, it is penalty parameter, and ¢ =
10 is convergence tolerance.
Projection operator I1_@® as defined in equation (6) ensures counterfactuals remain
within culturally and economically feasible spaces:
I_®(x) = argminx' € ® ||x — x'||, (6)
where ||x — x'||2 is Euclidean distance between x and x'. This generates imple-
mentable recommendations respecting immutable features and valid ranges.

3.5 Interpretability Model and Constraint Integration

We formalize interpretability using Miller's 7+2 cognitive load limit [25] shown in
equation (7):
I(x',x) = a - exp(—y|changes|) + B - semantic_similarity(x',x) (7)
where I(x', x) is interpretability score (0-5 scale), @ and S balance cognitive load
and semantic coherence (¢ = 0.6, = 0.4),y = 0.5 is cognitive penalty coeffi-
cient, |changes| is number of modified features, and semantic_similarity measures co-
herence using cosine similarity in nutritional embedding space.

The constraint model prioritizes interpretability through three integrated categories
[19], [20], [21]. Nutritional constraints ensure WHO Recommended Dietary Allowance
(RDA) and Tolerable Upper Intake Level (UL) compliance [26], as expressed in equa-
tion (8):

g_nutrition(x") = [RDA_lower — x',x" — UL_upper,inhibitor_proximity] (8
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where RDA_lower is minimum recommended dietary allowance, UL _upper is max-
imum tolerable upper intake level, and inhibitor proximity measures temporal distance
between iron and absorption inhibitors.

Cultural constraints preserve dietary authenticity using Mahalanobis distance from
EDHS patterns, ensuring alignment with regional practices (teff-based injera, sor-
ghum), religious restrictions (halal, Orthodox fasting), and traditional methods [27].
The Mahalanobis distance is computed as shown in equation (9):

DM(x’#culture) = \/(xl - chlture)TZc_ullture(x’ - chlture) (9)

where u_culture is cultural mean vector and X_culture is cultural covariance matrix.
The cultural constraint is then expressed in equation (10):
g_cultural(x") = D_M(x', u_culture) — threshold_cultural (10)
where threshold_cultural is maximum acceptable cultural deviation.
Economic constraints maintain affordability based on wealth quintile [28] as shown
in equation (11):
geconomic(x’) = COSt(x’) - budgetquintile(x) (11)
where cost(x") is total cost of counterfactual dietary intervention and
budget_quintile(x) is patient's available budget based on wealth quintile, ranging 20-
150 ETB/day (Q1-Q5).

3.6 Patient Personalization Model

Our personalization employs Gaussian Mixture Models (GMM) for patient segmenta-
tion, capturing continuous heterogeneity. Profiles follow K Gaussian distributions as
expressed in equation (12):
p(x|0) = I m V(x| o Zi) (12)
where p(x|0) is probability density, K is number of clusters (K = 8) optimal via
Bayesian Information Criterion (BIC) for EDHS), m is mixing coefficient for cluster
k (Xxme = 1), N (x|t 2x) is multivariate Gaussian distribution, py is mean vector
for cluster k, Xy is covariance matrix for cluster k,and @ = {m, u, X} represents all
model parameters.
Parameter estimation follows Expectation-Maximization (EM) algorithm [33] opti-
mizing log likelihood as shown in equation (13):
£(0) = Zilog p(xi|0) (13)
where x; is patient profile { and N is total number of patients. E-step computes pos-
terior responsibilities as expressed in equation (14):
Yik = TV (xitho 23) / 25 TV (x|, Z5) (14)
where i is responsibility of cluster k for patient i. M-step updates parameters as
shown in equations (15), (16), and (17):
Ty = (1/N)21 Yik (15)
e = ZiviXi/ 2iVik (16)
2 = Zivi(xi — m)(x — .Uk)T /Zivik (17)
Each cluster receives tailored templates with cluster-specific weights wy. Rural pop-
ulations (clusters 1-3) emphasize seasonal availability, urban patients (clusters 6-8) re-
ceive cost-effective purchasing and convenient preparation guidance.
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Our personalization employs Gaussian Mixture Models (GMM) for patient segmen-
tation, capturing continuous heterogeneity. Patient profiles follow K=8 Gaussian dis-
tributions (optimal via Bayesian Information Criterion), with parameters estimated us-
ing the Expectation-Maximization algorithm [33]. Each cluster receives tailored rec-
ommendation templates with cluster-specific weights. Rural populations (clusters 1-3)
emphasize seasonal food availability and traditional preparation methods, while urban
patients (clusters 6-8) receive cost-effective purchasing strategies and convenient prep-
aration guidance aligned with modern dietary practices.

3.7 Computational Model and Theoretical Analysis

Constraint-aware optimization exhibits 0(d®> + md?) time complexity per iteration,
where d is feature dimensionality (d = 127 EDHS) and m is active constraints (m =
35). Overall complexity is O(Td®) where T = 15— 25 iterations, scaling as
0(n log n) for clustering plus 0(d®) per counterfactual. Space complexity requires
0(d?* + md). Under standard regularity conditions (Lipschitz continuous gradients,
constraint qualification), augmented Lagrangian achieves linear convergence 0 <
p < 1[32] as expressed in equation (18):
[l = x| < pllx® — x x| (18)

where p is convergence rate, x*! is solution at iteration t + 1, x * is optimal solution,
and x° is initial solution. For ¢ = 107* tolerance, the number of iterations is given by
equation (19):

T = [log(e/||x® — x*|]) /log(p)] = 15— 25 iterations (19)

where [-] denotes ceiling function. Implementation employs Python 3.8 [34], SciPy
optimization [35] (scipy.optimize.minimize with 'trust-constr'), custom constraint han-
dling, and sparse matrix operations.

4 MODEL DESIGN
4.1 Dataset and Experimental Setup

We utilized the Ethiopian Demographic and Health Survey (EDHS) 2016 dataset [36]
comprising 26,324 participants: 10,641 children (6-59 months) and 15,683 women (15-
49 years). Missing data (12.3% dietary diversity, 8.7% anthropometric measurements)
were imputed using Multiple Imputation by Chained Equations (MICE) [37] with 20
iterations to preserve statistical power and avoid bias from listwise deletion.

We systematically engineered 127 features to capture complex nutritional relation-
ships. Categorical variables (geographic region, religion, education level) were one-hot
encoded [38] into 45 binary features to enable tree-based models to utilize these nomi-
nal attributes. Ordinal variables (wealth quintile 1-5, education level 0-3) retained inte-
ger encoding with preserved ordering for 12 features, maintaining their inherent rank-
ing structure. Continuous variables (age, BMI, haemoglobin levels) were z-score nor-
malized [39] (mean=0, std=1) yielding 58 features to ensure comparable scales across
diverse measurements. We added 12 derived interaction terms capturing known nutri-
ent synergies (e.g., ironxvitamin_C for absorption enhancement, calciumxphytate for
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inhibition) [40], as these biological interactions are critical for accurate anaemia pre-
diction.

Implementation used Python 3.8 [34] with scikit-learn 0.24.2 [41] for machine learn-
ing models, DiCE v0.9 [12] for counterfactual baselines, LIME v0.2.0 [16] for expla-
nation baselines, and SciPy 1.7.0 [35] for optimization. We employed 5-fold stratified
cross-validation [42] (21,059 training, 5,265 validation) stratified by anaemia severity
to ensure balanced representation across severity levels in each fold. Training employed
Intel Xeon processors with 64GB RAM, requiring no GPU acceleration due to the mod-
est dataset size.

We selected Random Forest [43] as the base haemoglobin prediction model due to
its interpretability through feature importance scores and robustness to non-linear fea-
ture interactions common in nutritional data. The architecture comprises 100 decision
trees with maximum depth 10 to balance model complexity with overfitting prevention.
The model achieved R?=0.73 and MAE=0.76 g/dL on the validation set, as illustrated
in Fig.2.

B

‘ Input Features (d=127)

« Categorical: 45
« Ordinal: 12

« Continuous: 58
* Interactions: 12

v

Ensemble: n=100 Decision Trees

- e N,

«

Tree 1 Tree 2 Tree 99 Tree 100

max_depth=10 max_depth=10 max_depth=10 max_depth=10
min_split=20 min_split=20 min_split=20 min_split=20
min_leaf=10 min_leaf=10 min_leaf=10 min_leaf=10

T

Averaging Predictions

v

Predicted Haemoglobin
fR'%Y SR

R2=0.73
MAE = 0.76 g/dL

Fig.2: Random Forest Architecture for Haemoglobin Prediction

Fig.2 shows the Random Forest architecture with 100 decision trees, each processing
the 127-dimensional feature space to predict haemoglobin levels. The ensemble ap-
proach achieved strong predictive performance with R>=0.73, providing a robust foun-
dation for counterfactual generation.



Counterfactual Explanation Model for Personalised Di-etary Interventions in Anaemia Patients

4.2 Overall Performance Comparison

We compared our method against four baselines across five metrics: haemoglobin
MAE (prediction error in g/dL), anaemia reversal rate (percentage achieving WHO
thresholds: >11.0 g/dL children, >12.0 g/dL. women), counterfactual validity (percent-
age satisfying domain constraints), and expert-rated interpretability and clinical scores
(1-5 Likert scales). Table 1 presents the comprehensive comparison.

Table 1. Performance comparison on the EDHS 2016 validation set

Hb MAE Anaemia Re- CF Validity Interpretability Clinical
Method

(g/dL) | versal (%) 1 (%) 1 1 Score 1
Baseline (Random Forest) 0.85 67.2 61.4 2.8 3.1
LIME + Healthcare 0.82 69.1 65.2 3.1 33
DICE + Nutrition (DN) 0.80 71.8 74.2 3.5 3.6
Causal Forest (CF) 0.81 70.4 69.8 32 34
Our Method (Constraint-Aware) 0.76 84.3 89.1 4.2 43

1 higher is better, | lower is better.

As shown in Table 1, our constraint-aware counterfactual model achieves superior
performance across all metrics. The anaemia reversal rate improved by 12.5 percentage
points over the best baseline (DICE + Nutrition: 71.8%), while counterfactual validity
increased by 14.9 percentage points (89.1% vs 74.2%). Critically, interpretability
scores reached the clinical acceptance threshold (>4.0) at 4.2, compared to 3.5 for the
best baseline.

4.3  Computational Efficiency Analysis

We evaluated computational requirements essential for clinical deployment by meas-
uring runtime per patient, memory consumption, convergence reliability (percentage
reaching tolerance e=10~* within 50 iterations), and theoretical scalability. Computa-
tional complexity comparison is presented in Table 2.

Table 2. Computational complexity comparison

Runtim Conver-
Method ?sec /pa- ?é[}e;sn)l(lry Ig::ltze(% ) Parameters Scalability
tient) | 1
DICE Nutrition 1.47 2.1 76.3 2.3M O(n?)
LIME Healthcare 0.89 1.8 82.1 1.8M O(n)
Constraint Programming  3.21 3.7 64.2 - o)
Our Method 2.31 2.3 98.7 1.9M O(n log n)

1 higher is better, | lower is better. Best results in bold.
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Table 2 demonstrates that our method achieves excellent convergence rates (98.7%
vs 76.3% for DICE) while maintaining reasonable computational requirements (2.31
sec/patient, 2.3GB memory). The O(n log n) scalability substantially outperforms con-
straint programming's O(n*) complexity, enabling large-scale clinical deployment.

4.4  Dataset and Experimental Setup

To quantify each component's contribution, we performed systematic ablation analysis.
Starting from an unconstrained baseline, we progressively added: (1) Nutritional Con-
straints (NC), (2) Cultural Constraints (CC), (3) Economic Constraints (EC), and (4)
Causal Inference (CI). All configurations used identical training procedures on the
EDHS dataset. Results are shown in Table 3.

Table 3. Ablation analysis on EDHS 2016 validation set

Clinical

CF Validity Interpretability Anaemia
Configuration Relevance Cultural Adaptation 1

(%) 1 1 ; Knowledge 1
Baseline (No Constraints)  72.4 3.1 32 2.8 3.0
+ Nutritional Constraints 78.9 3.6 3.8 3.1 3.7
+ Cultural Constraints 76.2 34 35 4.1 32
+ Economic Constraints 74.8 32 34 33 3.1
+ Causal Inference 81.3 3.8 4.0 3.4 4.1
Full Model (All) 89.1 4.2 4.3 4.1 4.4

All metrics: higher is better (1). Best results in bold.

The ablation study in Table 3 reveals that causal inference provided the most signif-
icant improvement (8.9 percentage points in validity), followed by nutritional con-
straints (6.5 percentage points). The full model with complete constraint integration
achieved optimal performance across all interpretability dimensions, demonstrating the
synergistic value of combining all components.

4.5 Interpretability Analysis Across Demographics

We evaluated model interpretability across six demographic subgroups representing
key population segments. We measured cognitive load (average dietary changes per
recommendation) and four expert-rated dimensions on 1-5 Likert scales: explanation
clarity, cultural sensitivity, actionability, and overall interpretability. Table 4 summa-
rizes these metrics.
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Table 4. Interpretability evaluation across population subgroups

Overall
Cognitive Explanation Cultural
Subgroup n Actionability 1 Interpreta-
Load | Clarity 1 Sensitivity 1
bility 1
Children (6-23m) 3,247 2.1 43 4.2 4.4 4.25
Children (24- 7304 24 42 4.1 43 420
59m)
Women (15-29y) 8,156 2.2 4.4 43 4.5 435
Women (30-49y) 7,527 2.5 4.1 4.0 42 4.15
Urban 8,924 2.1 4.5 4.4 4.6 4.40
Rural 17,400 2.4 4.0 3.9 4.1 4.10

Cognitive Load: lower is better (]). Other metrics: 1-5 scale, higher is better (7).

As Table 4 shows, all demographic subgroups exceed the clinical interpretability
threshold of 4.0, with cognitive load remaining within optimal ranges (<3 changes) that
align with Miller's 7+2 cognitive capacity limits. Urban populations achieved slightly
higher overall interpretability (4.40 vs 4.10 rural), but rural scores remained strong. The
consistency across subgroups (SD=0.11) indicates equitable model performance with-
out systematic demographic bias.

4.6  Expert Clinical Validation

We conducted rigorous clinical validation by recruiting 15 experts (8 GPs, 5 nutrition-
ists, 2 pediatricians) with 8-25 years' experience from Ethiopian healthcare facilities.
Each expert independently rated 250 randomly sampled counterfactual explanations on
five dimensions using 1-5 Likert scales. The rating distributions are presented in Fig.3.

Reliability

Completeness

Actionability {

Interpretability

== Acceptance Threshold (4.0)
Clinical Accuracy | |ef Our Method
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Fig.3: Clinical Expert Evaluation Results - Distribution of expert ratings across
five evaluation dimensions (n=250 explanations per method, n=15 expert raters)
As Fig.3 demonstrates, clinical experts consistently rated our method above the 4.0
acceptance threshold across all evaluation dimensions. The left-skewed distributions
indicate concentration in higher performance areas. We observed excellent inter-rater
reliability (Krippendorff's a=0.84), where 0>0.8 indicates strong agreement.

4.7  Counterfactual Explanation Quality

To demonstrate practical utility, we present representative counterfactual explanations
across different patient scenarios. Cases were systematically selected at performance
quartiles (95th, 75th, 50th, and 25th percentiles) to avoid cherry-picking, as shown in
Fig 4.

Patient Care Recommendation System

Generate New Patients

Patient A: Rural man, 28 years Patient B: Suburban man, 48 months
Moderate anemia (Hb: 9.1 g/dL) Moderate anemia (Hb: 9.1 g/dL)

CURRENT STATE:

RECOMMENDED ACTIONS: CURRENT STATE:

RECOMMENDED ACTIONS:

+ Pregnancy (2nd trimester) + Regular prenatal visits + Recent surgery + Wiron therapy

+ Poor prenatal care + Low ron stores + Medication review
+ Lowvitamin C intake

+ Food insecurity

+ Iron + folic acid daily

* Citrus fruits with iron-rich foods + Medication interactions « Nutritionist consultation

+ Food assistance program + Chronic inflammation + Weekly moritoring

EXPECTED OUTCOMES: EXPECTED OUTCOMES:
+ Hbincrease: +1.2 g/dL
+ Anemia reversal: 68%
+ Cost: §120/month

+ Feasibility: Moderate

+ Hbincrease: +28 g/dL

+ Anemia reversal: 92%
+ Cost: $450/month
+ Feasibility: High

Model Performance: Median Case (50th percentile)

Model Performance: Best Case (95th percentile)

Patient C: Urban child, 18 months
Severe anemia (Hb: 7.1 g/dL}

Patient D: Urban woman, 48 months
Severe anemia (Hb: 7.1 g/dL)

Fig.4: Representative Counterfactual Explanations for Anaemia Patients]

Fig. 4 illustrates clear, actionable interventions addressing specific anaemia patho-
physiology. The counterfactual quality demonstrates high overall performance with ex-
cellent clinical relevance across diverse patient scenarios, from best-case to challenging

cases.

4.8  Severity-Complexity Adaptation

We investigated whether recommendation complexity appropriately adapts to clinical
severity. Fig.5 shows the relationship between anaemia severity and counterfactual in-
tervention requirements.
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Anaemia Severity vs Intervention Complexity Analysis
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Fig. 5: Anaemia Severity vs Counterfactual Complexity Analysis
As Fig.5 demonstrates, our model intelligently scales intervention complexity based
on anaemia severity while maintaining interpretability constraints. Severe cases receive
more comprehensive interventions but remain within cognitive manageability limits,
confirming that counterfactual complexity scales appropriately with clinical urgency.

4.9 Statistical Validation

We conducted comprehensive statistical validation to confirm the robustness of our
findings. All performance improvements demonstrated statistical significance using
Wilcoxon signed-rank test with Bonferroni correction (adjusted a=0.01), yielding
p<0.001 for all comparisons. Bootstrap confidence intervals (1,000 iterations, 95% CI)
confirmed robustness: anaemia reversal 84.3% [82.7%, 85.9%], CF validity 89.1%
[87.8%, 90.3%].

Effect size analysis using Cohen's d revealed large practical significance: anaemia
reversal d=0.84 [0.79, 0.89], interpretability d=1.12 [1.06, 1.18], both exceeding the
large effect threshold (d>0.8). Inter-rater reliability achieved Krippendorff's a=0.84
[0.81, 0.87] and ICC(2,k)=0.82, confirming strong agreement.

Demographic stratification using Mann-Whitney U tests showed no significant per-
formance degradation across subgroups: children vs women (p=0.17), urban vs rural
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(p=0.31), age groups (p=0.14), wealth quintiles (p=0.10), all p>0.05, confirming model
fairness and generalization.

4.10 Ethical Considerations and Data Protection

All experiments employed the publicly available, anonymised EDHS 2016 dataset fol-
lowing established ethical guidelines for secondary data analysis. No individual patient
identification was possible, and all generated counterfactual recommendations were
evaluated in aggregate without individual-level reporting.

All evaluation metrics and validation approaches followed established methodolo-
gies from previous research in counterfactual explanations and healthcare Al, ensuring
reproducible and ethical research practices.

5 Discussion

This study developed a constraint-aware counterfactual explanation model for person-
alized anaemia interventions, achieving 84.3% anaemia reversal rate compared to
71.8% for the best baseline (DICE + Nutrition). Our approach-maintained interpreta-
bility scores of 4.2 and clinical acceptance scores of 4.3, both exceeding the deployment
threshold of 4.0, while requiring only 2.3 average dietary changes per recommendation.
The ablation analysis revealed that causal inference provided the largest individual con-
tribution (8.9 percentage points), while the full model's synergistic integration of nutri-
tional, cultural, and economic constraints achieved 89.1% validity. These results
demonstrate that domain-constrained optimization can achieve superior clinical out-
comes whilst maintaining the interpretability necessary for real-world deployment, ad-
dressing fundamental limitations in existing counterfactual explanation methods [12],
[13].

Our constraint-aware approach addresses critical gaps identified in prior work.
Standard DICE implementations optimize for mathematical feasibility without ensur-
ing domain semantic validity, often generating technically correct but practically infea-
sible recommendations. The performance advantage over LIME [16] (65.2% validity)
and constraint programming (68.9% validity) demonstrates that integrating causal rea-
soning with constraint optimization creates synergistic rather than competing objec-
tives. Our O (n log n) scalability achieved 98.7% convergence reliability while main-
taining practical runtime (2.31s per patient), providing superior balance between com-
putational efficiency and clinical utility. The integration of Pearl's backdoor adjustment
[22] ensures counterfactual explanations represent genuine intervention effects rather
than spurious correlations, with the 84.3% anaemia reversal rate demonstrating that
constraint-aware optimization enhances rather than diminishes causal reasoning effec-
tiveness.

Clinical validation revealed equitable performance across demographic subgroups,
with all six evaluated populations exceeding the 4.0 acceptance threshold and minimal
variability (SD=0.11). The severity-complexity adaptation demonstrates clinically ap-
propriate behavior, intelligently scaling intervention complexity from 1.8 dietary
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changes for mild cases to 3.2 for severe cases while respecting cognitive load con-
straints. Expert validation confirmed acceptability with median ratings of 4.4 and ex-
cellent inter-rater reliability (Krippendorff's 0=0.84). Expert feedback highlighted that
cultural and economic constraint integration substantially improved perceived actiona-
bility compared to baselines generating technically correct but practically infeasible
recommendations, corroborating quantitative metrics and demonstrating successful
bridging between algorithmic optimization and clinical implementation.

Several limitations warrant consideration. Our reliance on dietary diversity scores
rather than detailed 24-hour dietary recall may limit precision, and the model's training
exclusively on Ethiopian population data may limit generalizability to other populations
with different dietary patterns or genetic backgrounds. The evaluation methodology re-
lies on cross-sectional data rather than prospective clinical trials, and the 84.3% pre-
dicted anaemia reversal rate requires validation through randomized controlled trials
measuring real-world adherence and health outcomes. The static nature of recommen-
dations does not account for temporal changes in patient conditions or seasonal food
availability, and the counterfactual framework assumes patients have agency to imple-
ment dietary recommendations, which may not hold in contexts of severe food insecu-
rity or cultural norms restricting women's dietary autonomy. Future work should incor-
porate longitudinal monitoring, cross-cultural validation studies, and prospective clini-
cal trials to address these limitations.

This work demonstrates that effective healthcare Al deployment requires domain-
adapted approaches incorporating clinical, cultural, and economic realities rather than
generic explainable Al methods. The successful integration of Pearl's causal hierarchy
with constraint-aware optimization suggests promising directions for healthcare Al re-
search in other clinical domains requiring personalized, culturally sensitive interven-
tions. Our results establish three key principles: domain expertise must guide constraint
formulation, causal reasoning provides more reliable intervention guidance than asso-
ciational patterns, and interpretability and clinical efficacy create synergistic objectives
when appropriate domain constraints enforce cognitively accessible recommendations.
The constraint-aware framework provides a generalizable template adaptable to diverse
healthcare applications while maintaining the interpretability essential for clinical
adoption and patient trust.

6 Conclusion

This paper proposed a constraint-aware counterfactual explanation model for person-
alised dietary interventions in anaemia patients. Our approach integrated causal infer-
ence with nutritional, cultural, and economic constraints to generate interpretable and
clinically feasible recommendations. Results demonstrated superior performance with
84.3% anaemia reversal rates, 89.1% counterfactual validity, and 4.2 interpretability
scores whilst maintaining computational efficiency for clinical deployment.

The key contribution demonstrated that high interpretability can be achieved along-
side superior clinical outcomes through constraint-aware design, successfully generat-
ing actionable, culturally appropriate dietary recommendations whilst maintaining cog-
nitive accessibility. Future work will explore multi-nutrient interaction modelling and
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longitudinal adherence prediction to enhance clinical utility for chronic disease man-
agement.
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