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Abstract. Deep learning models for medical imaging are increasingly
assessed across multiple external datasets before clinical deployment.
However, strong external validation does not necessarily demonstrate de-
ployment readiness, particularly in underrepresented healthcare settings.
Using diabetic retinopathy (DR) screening as a case study, we evaluate
two publicly available models—an interpretable sparse BagNet and a
conventional ResNet-50—originally trained on the Kaggle dataset and
externally validated on ten publicly available retinal imaging datasets.
Without retraining or adaptation, both models were assessed on a private
retinal fundus dataset from the Nakuru Eye Disease Study in Kenya using
the original evaluation protocol. After reproducing the published external
validation results, evaluation on the Kenyan cohort revealed substantial
reduced sensitivity while specificity remained high. The reduced sensitiv-
ity was entirely driven by missed Grade 1 DR cases, with no false nega-
tives for Grades 2—4. Threshold optimization partially improved sensitiv-
ity but did not recover previous external validation performance, while
qualitative analysis of the interpretable model provided complementary
evidence for local model auditing. These findings demonstrate how local
cross-context evaluation, operating-threshold assessment, grade-specific
error analysis, and qualitative auditing can complement conventional ex-
ternal validation and provide context-specific evidence to inform deploy-
ment decisions in underrepresented healthcare settings.

Keywords: Medical imaging Al - Deployment readiness - External val-
idation - Diabetic Retinopathy Detection - African healthcare.

1 Introduction

Artificial intelligence (AI) has achieved remarkable progress in medical image
analysis, enabling automated disease detection and diagnosis across diverse clin-
ical applications, including radiology and ophthalmology [12,[18]. As these sys-
tems increasingly demonstrate expert-level performance on benchmark datasets,
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attention is shifting from algorithm development toward ensuring that Al sys-
tems can be deployed safely and reliably in routine clinical practice [10L/17].

External validation on independent datasets is widely considered as an es-
sential step toward establishing model generalizability and has become standard
practice in medical imaging AI [19}23]. However, successful external validation
does not necessarily imply deployment readiness. Differences between devel-
opment and deployment environments—including patient populations, disease
prevalence, imaging devices, acquisition protocols, and clinical workflows—may
substantially affect model behaviour once deployed [9}/15]. Consequently, models
validated across multiple international datasets may still fail when transferred to
previously unseen healthcare settings. This challenge is particularly relevant in
African healthcare systems, where medical imaging datasets remain underrepre-
sented in the development and validation of AI models [1}7,[16]. As a result, AT
systems developed elsewhere might be considered for local deployment despite
limited evidence of their performance in African clinical contexts. Cross-context
evaluation on representative local data therefore provides an important oppor-
tunity to assess whether existing validation evidence is sufficient to support
deployment decisions.

Diabetic retinopathy (DR) screening provides a representative use case. Re-
cent deep learning systems have demonstrated strong performance across have
been evaluated across multiple retinal imaging datasets [3[22], yet African pop-
ulations remain largely absent from commonly used evaluation benchmarks [16].
Whether such externally validated systems maintain their performance in African
clinical settings remains largely unexplored. In this work, we investigate this
question by evaluating two publicly released DR screening models—an inter-
pretable sparse BagNet and a conventional ResNet-50—originally trained on the
Kaggle DR dataset and externally validated across ten public datasets [3]. With-
out retraining or adapting the released models, we assess their performance on
a private retinal fundus dataset collected in Kenya that was not included in
the original evaluation. Beyond conventional performance metrics, we analyze
operating characteristics across decision thresholds and examine representative
prediction successes and failures using model interpretability.

Rather than proposing a new Al model, this study examines whether ex-
tensive external validation is sufficient to establish deployment readiness in a
previously unseen African clinical setting. Using the Kenyan cohort as a prac-
tical case study, we discuss how local cross-context evaluation can complement
conventional external validation and support more responsible deployment of
medical imaging AI. Our contributions are threefold:

— We independently evaluate two externally validated DR screening models on
an African fundus dataset not included in the original validation study.

— We characterize deployment-relevant performance through quantitative eval-
uation, threshold analysis, and qualitative interpretability assessment.

— We discuss how local cross-context evaluation can inform deployment readi-
ness and responsible adoption of medical imaging Al in underrepresented
healthcare settings.
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2 Related Work

External validation of medical imaging AI. External validation is widely
used to assess whether medical Al models generalize beyond their development
datasets. In diabetic retinopathy screening, several studies have reported eval-
uations across multiple retinal imaging datasets with promising cross-dataset
performance [3}[22/26]. However, successful validation on existing benchmarks
does not necessarily reflect performance in future deployment settings with dif-
ferent populations or clinical conditions [1,9]

From model validation to deployment readiness. Recent work differenti-
ates model validation from real-world deployment [15]. Beyond predictive perfor-
mance, responsible deployment requires consideration of workflow integration,
monitoring, human oversight, and evaluation within the intended clinical envi-
ronment [17,/19]. Practical approaches for assessing deployment readiness before
implementation, however, remain limited [6].

Medical imaging AI in African healthcare contexts. Medical Al could
improve access to diagnostic services across Africa, yet African populations re-
main underrepresented in many AI development and validation datasets [1,[7].
Consequently, the transferability of existing models to African clinical settings
remains uncertain [24], highlighting the importance of local cross-context evalu-
ation before deployment.

3 Materials and Methods

3.1 Original models

We evaluated two publicly available DR screening models released by Djoumessi
et al. 3] for binary classification (grade {0} vs. {1,2,3,4}). The original study
compared an inherently interpretable sparse BagNet |2}/4] trained with a sparsity
constraint [4] against a conventional ResNet-50 [14]. Both models were trained
on the Kaggle DR dataset [5|, comprising approximately 73% healthy and 27%
referable DR images, and externally validated on ten public datasets spanning
Europe, Asia, and the Americas, demonstrating promising cross-dataset gener-
alization [3|. The released model weights were used without modification.

3.2 Kenya dataset

The Kenya dataset is a private collection of retinal fundus images from the
Nakuru Eye Disease Study [13], graded for diabetic retinopathy according to
the International Clinical Diabetic Retinopathy (ICDR) severity scale [25]. A
subset comprising 2,185 participants and 8,703 gradable fundus images was
available for this study. The released dataset provides separate left- and right-
eye DR grades, but the correspondence between individual fundus images and
their associated eye labels is unavailable.
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Table 1. Summary of dataset characteristics and model performance. “Origin” indi-
cates the country of data collection, and “Prev.” the prevalence of diabetic retinopathy.

Dataset Origin Number of Images Prev ResNet-50 sparse BagNet

All Healthy DR AUC Sens Spec|AUC Sens Spec
Kaggle USA |6,956 5,118 1,838]26% |0.935 0.765 0.967|0.904 0.706 0.978
IDRiD India 512 168 348 | 68% |0.864 0.963 0.714|0.878 0.951 0.768
E-Ophtha France | 434 260 174 | 40% [0.972 0.960 0.912]0.944 0.920 0.892
FGA-DR UAE |1,841 101 1,740| 94% [0.816 0.764 0.743]0.789 0.807 0.594
DDR China (12,513 6,265 6,248| 50% |0.963 0.801 0.973|0.926 0.668 0.980
DR2 Brazil 445 300 145 | 32% [0.866 0.669 0.977]0.922 0.662 0.983
APTOS USA |[3,662 1,805 1,857|51% |0.972 0.942 0.956{0.995 0.982 0.965
FCM-UNA |Paraguay| 757 187 570 | 75% | 0.967 0.840 0.989|0.935 0.698 0.989
Messidor-1 France | 1,200 546 654 | 54% | 0.954 0.853 0.941|0.943 0.833 0.960
Messidor-2 France | 1,744 1,017 727 | 42% [0.925 0.794 0.893|0.876 0.751 0.887
DIARETDBI1| Finland | 89 05 84 | 94% |0.819 0.667 1.000|0.943 0.798 1.000
Nakuru Kenya |8,162 7,774 388 | 05% |0.715 0.357 0.977|0.710 0.257 0.979

To avoid ambiguous image-label assignments, the evaluation was restricted
to participants with identical left- and right-eye grades, resulting in a cohort of
2,050 participants and 8,162 retinal images, with approximately 95% healthy
and 5% DR images. To ensure a fair comparison with the original study, all
images were preprocessed using the same pipeline as in [3]: circular field-of-view
cropping |20], resizing to 512 x 512 pixels, and normalization using the Kaggle
training-set statistics.

3.3 Evaluation protocol

The released sparse BagNet and ResNet-50 models were evaluated on the Kenya
dataset using the same binary DR classification task and preprocessing pipeline
as the original study [3]. No retraining, fine-tuning, threshold optimization, or do-
main adaptation was performed. Performance was assessed using the area under
the receiver operating characteristic curve (AUC), sensitivity, and specificity—
reflecting clinically relevant screening performance. To further characterize a
deployment-relevant setting, we additionally evaluated probability calibration
using the Expected Calibration Error (ECE), analyzed operating characteristics
across decision thresholds, and qualitatively examined representative predictions
using the sparse BagNet evidence maps.

4 Results

4.1 Reproducibility

We first reproduced the evaluation reported by Djoumessi et al. |3| using the
publicly released models and the original evaluation protocol. The reproduced
performance (Tab. closely matches the published results across all previously
reported external validation datasets, confirming faithful implementation.
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Fig. 1. Operating characteristics before deployment. ROC curves compare the
discriminative performance of the ResNet-50 and sparse BagNet on the Kaggle and
Kenyan datasets. The rightmost column illustrate the sensitivity across decision thresh-
olds for the Kenyan cohort. Red markers correspond to the default threshold and green
markers to the threshold maximizing Youden’s J statistic.

4.2 Cross-context evaluation in the Kenyan clinical cohort

We next evaluated the models on the Nakuru dataset (Tab.[I] last row) using the
same evaluation protocol as in the original study. While both models achieved
strong performance across the previously reported internal and external datasets,
performance on the Kenyan cohort was consistently lower.

Both models retained moderate discriminative performance on the Kenyan
dataset, with an AUC of 0.715(95% CI: [0.692 — 0.739]) for ResNet-50 and
0.710 (95% CI: [0.687 — 0.733]) for the sparse BagNet. These values were be-
low those reported on the ten external validation datasets, where AUC ranged
from 0.816 to 0.972 for ResNet-50 and from 0.789 to 0.995 for the sparse Bag-
Net. The largest change was observed in sensitivity. On the Kenyan dataset,
sensitivity decreased to 0.357 for ResNet-50 and 0.257 for the sparse BagNet,
compared with values ranging from approximately 0.66 to 0.98 across the previ-
ously evaluated datasets. In contrast, specificity remained high for both models
(0.977[0.974 — 0.980] and 0.979 [0,976 — 0.982], respectively), consistent with
the values observed on several external datasets. Despite their different archi-
tectures, the two models exhibited similar performance trends on the Kenyan
cohort, including reduced AUC and substantially lower sensitivity while main-
taining high specificity. Extended results with confidence intervals are provided
in Appendix [A]

4.3 Operating Characteristics for Local Deployment

To further investigate the reduced sensitivity observed on the Kenyan cohort,
we first assessed model calibration. The ResNet-50 remained well calibrated
in both datasets, with the Expected Calibration Error (ECE) increasing only
slightly from 0.021 on Kaggle to 0.040 on the Kenyan dataset. The sparse BagNet
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exhibited higher ECE values on both datasets (0.224 and 0.280, respectively),
although only a modest increase was observed on the Kenyan cohort.

We next investigated whether the operating threshold used in the original
study remained appropriate for the Kenyan cohort. Figure[l] shows the ROC
curves together with the default operating points and the threshold maximizing
Youden’s J statistic [21]. For the ResNet-50, the default threshold achieved a
specificity of 0.981 and a sensitivity of 0.451. Selecting the threshold maximizing
Youden’s J statistic (7 = 0.119) increased sensitivity to 0.608 while specificity
decreased to 0.878. For the sparse BagNet, sensitivity increased from 0.358 to
0.575 after threshold adjustment (7 = 0.392), followed by a substantial reduction
in specificity from 0.982 to 0.781. This larger trade-off suggests that the inter-
pretable model required a greater compromise between sensitivity and specificity
in the Kenyan cohort. Overall, threshold optimization increased sensitivity for
both models, although neither model reached the sensitivity observed on several
previously evaluated external validation datasets.

4.4 Qualitative Interpretation for Deployment Assessment

Finally, we qualitatively examined the evidence maps produced by the inherently
interpretable sparse BagNet for representative true-positive (TP), false-positive
(FP), and false-negative (FN) predictions from the Kenyan dataset (Fig. [2)).
The sparse BagNet is a patch-based architecture that aggregates local evidence
into the final prediction, allowing individual image regions to contribute directly
to the classification decision |2}|4]. Evidence maps were extracted from the final
evidence layer before aggregation. Bounding boxes (33 x 33 pixels), corresponding
to the model receptive field, were drawn around the highest-relevant regions, and
the top-12 image patches with the strongest evidence were extracted.

For correctly classified DR images (first row), the evidence maps highlighted
several localized regions with strong positive evidence. Visual inspection of the
corresponding patches revealed visible retinal abnormalities consistent with di-
abetic retinopathy, including microaneurysms, haemorrhages, and exudate-like
structures. However, for representative false-positive predictions (second row),
the evidence maps also identified multiple localized regions with positive disease
evidence despite the image being labelled as non-diabetic retinopathy. Several
of the extracted patches exhibited retinal structures visually similar to diabetic
retinopathy lesions. For representative false-negative cases (third row), the evi-
dence map exhibited predominantly negative evidence across the retinal image,
with only limited localized positive evidence. In most cases, the evidence maps do
not contain positive disease-activation regions, indicating the absence of retinal
abnormalities. Additional examples of true-positive, true-negative, false-positive,
and false-negative predictions are provided in Appendix [B]

5 Discussion

Overall, our results suggest that strong external validation does not necessar-
ily imply deployment readiness in a previously unseen clinical setting. Although
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Fig. 2. Representative sparse BagNet explanations on the Kenyan dataset.
From left to right: input image, evidence map, localized evidence regions, and the
twelve highest-scoring evidence patches for representative true-positive, false-positive
and false-negative predictions.

both DR screening models generalized well across ten publicly available datasets,
evaluation on the Kenyan cohort revealed a consistent reduction in sensitivity,
entirely driven by Grade 1 diabetic retinopathy, with 78% of Grade 1 images
misclassified as healthy at the default threshold. No false negatives were ob-
served for Grades 2—4, indicating that the observed degradation primarily con-
cerned subtle early lesions rather than more advanced disease. Together with
the threshold, calibration, and qualitative analyses, these findings illustrate how
local cross-context evaluation can provide deployment-relevant evidence beyond
conventional external validation.

From external validation to deployment assessment. The similar be-
haviour of the ResNet-50 and sparse BagNet suggests that the observed reduc-
tion was not specific to a single architecture, but reflects limitations in transfer-
ring benchmark validation results to a new clinical context. Our results support
a practical pre-deployment assessment pathway in which external validation is
followed by local evaluation of frozen models, calibration assessment, operating-
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threshold analysis, grade-specific error characterization, and qualitative model
auditing before a deployment decision is made. The threshold analysis further
showed that local adjustment can improve sensitivity, although at the cost of
specificity and without recovering the performance observed on previous exter-
nal datasets. Thus, threshold selection can address part of the deployment gap
but does not eliminate the need for local evaluation. This complements recom-
mendations that trustworthy medical AI should be assessed beyond aggregate
predictive performance and within its intended context of use [10/17].

Local model auditing and deployment decisions. The qualitative analy-
sis illustrates how interpretable models can support local auditing by making
prediction-relevant image regions available for visual inspection. In this study,
these explanations were used for model auditing rather than clinical validation:
their interpretation was visual and was not independently assessed by ophthal-
mologists. Nevertheless, the combination of grade-specific errors and localized
evidence provides a practical way to identify cases requiring further investigation
before deployment. More broadly, local auditing can complement quantitative
evaluation by helping identify whether errors arise predominantly from subtle
disease patterns, image characteristics, or potentially ambiguous annotations.
Such context-specific evidence is particularly relevant for challenging screening
tasks in underrepresented healthcare settings, where assumptions based solely
on previously validated datasets may not adequately reflect local populations or
clinical conditions |LL[7}[{15].

Limitations and future directions. This study evaluated a single Kenyan
cohort and two publicly released models, and therefore represents a cross-context
case study rather than a comprehensive deployment-readiness framework. The
models were intentionally evaluated without retraining or adaptation to emulate
pre-deployment assessment of an existing Al system. The analysis also focused
on binary early DR screening, while incomplete metadata limited the possibility
of detailed demographic or clinical subgroup analyses. Furthermore, the qual-
itative explanations were not independently reviewed by ophthalmologists and
should therefore not be interpreted as evidence of clinical correctness. Although
confidence intervals were estimated for the reported performance measures, for-
mal hypothesis testing was not performed. Future work should validate these
findings across additional African cohorts and prospective clinical workflows,
incorporate clinician-reviewed error analysis and appropriate statistical compar-
isons [3], and investigate adaptation strategies such as fine-tuning with small
target-site samples [11]. Such studies could determine whether local adaptation
can mitigate observed performance degradation while maintaining independent
evaluation of deployment performance.

6 Conclusion

We presented an independent cross-context evaluation of two externally vali-
dated DR screening models on a Kenyan retinal imaging cohort. Despite strong
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performance across previous external datasets, both models showed reduced sen-
sitivity in the new clinical context (Kenya dataset), driven entirely by missed
Grade 1 cases. Threshold adjustment partially improved sensitivity, while cali-
bration, grade-specific error analysis, and qualitative auditing provided comple-
mentary evidence for assessing model behaviour in the new context.

Rather than proposing a new model or a complete deployment-readiness
framework, this study highlights local cross-context evaluation as an important
step between external validation and clinical deployment. We argue that deploy-
ment decisions should be supported by context-specific evidence, including local
performance assessment, operating-threshold evaluation, and qualitative model
auditing before adoption in routine clinical practice.
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