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Background: The 2020 SARS-CoV-2 pandemic created urgent demand for non-
interventional, scalable Al tools to support pulmonary disease screening, at a time
when radiologists were newly confronting an unfamiliar disease presentation.
Objective: This study evaluated Microsoft Cognitive Service (Custom Vision), an
automated machine learning (AutoML) platform, for detecting and classifying
COVID-19-induced pneumonia against other viral/bacterial pneumonia and normal
lung tissue from chest X-ray and CT images — with a specific focus on whether a
cloud-trained model could be ported to run real-time, offline inference on a
smartphone. Methodology: Using publicly available, curated X-ray and CT datasets
(COVID-19-positive, normal, pneumonic, and a control “inapplicable” household-
objects class), the authors ran seven training iterations in Custom Vision’s Rapid
Application Development environment, varying class counts and balance, then
deployed the best-performing model both as a REST API-backed web application and
as an on-device TensorFlow Lite / Core ML mobile application for Android and iOS.
Key Findings: The optimized model (Iteration 6/7) achieved 96.8% average precision
as a web application, with 100% recall and 99.4% average precision specifically for
the COVID-19 class. However, the identical trained network performed markedly
worse once ported to a smartphone for real-time, on-device inference — average
precision for some classes (e.g., Pneumonia) fell from the high-90s on the web to as
low as 15% on mobile — a gap the authors identify as the study’s central and most
policy-relevant finding. Pelicy Impact: The web/mobile performance gap, and the
underlying COVID-19 data scarcity and class imbalance that likely drive it, show that
cloud-validated diagnostic Al cannot be assumed to perform equivalently on-device —
which matters directly for rural and resource-constrained health systems that depend
on offline, smartphone-based screening where internet connectivity is unreliable.
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1. INTRODUCTION AND CONTEXT

1.1 Problem Statement and Background

Lung disease has long been a major contributor to global morbidity and mortality, with lung cancer historically
the predominant concern. The emergence of SARS-CoV-2 added an acute, fast-moving respiratory threat on top
of this baseline burden, and because the virus’s radiographic presentation was unfamiliar, radiologists were
frequently not yet equipped to reliably distinguish COVID-19-induced pneumonia from ordinary viral or
bacterial pneumonia on chest X-ray alone, without the patient’s symptoms and history in hand.

Since 2016, cloud providers have progressively democratized machine learning through Automated ML
(AutoML) and Rapid Application Development (RAD) platforms — Microsoft Custom Vision, Google Cloud
AutoML, and Apple Create ML. — that let non-specialists build transfer-learning-based image classifiers by
uploading and tagging images in a graphical environment, without deep learning expertise. This study uses
Microsoft Custom Vision, built on a pre-trained convolutional neural network, to test whether this democratized
tooling could be turned into a credible, low-resource COVID-19 screening aid, and specifically whether it
could run entirely on a smartphone, with zero network dependency.

1.2 Objectives and Scope

Primary Objective: To build and evaluate a smartphone-based, on-device real-time inference system that
detects COVID-19-induced pneumonia from chest X-ray and CT images without requiring an internet
connection — intended for rural and under-resourced settings where connectivity is poor or absent.

Secondary Objective: To build and evaluate a parallel web-portal implementation of the same trained model,
served over a REST API, as a comparison point for the mobile deployment.

The analysis is explicitly a retrospective, methodological case study built on publicly available datasets rather
than a clinical validation trial; the authors frame prospective, demographically diverse clinical validation as
necessary future work rather than something this paper establishes.

1.3 Relevance to Humanitarian and Social Development Goals

The central motivation is equity of access: Al-assisted primary screening that runs entirely on a smartphone’s
own processor, with no internet dependency, can bring a basic diagnostic capability to rural and understaffed
health centers in developing countries that have an X-ray machine but unreliable connectivity. With global
smartphone penetration already above 45% in 2020, the authors argue a validated on-device model could reach
a very large underserved population directly. This aligns with:

SDG Relevance

SDG 3 — Good Health and Well-Being Expands access to primary pandemic screening in under-resourced health systems
SDG 9 — Industry, Innovation and Tests whether commodity smartphone hardware can substitute for specialist
Infrastructure diagnostic infrastructure

. Targets the connectivity and resource gap between well-equipped and rural/under-
SDG 10 — Reduced Inequalities

resourced clinics

The study’s central finding — that the same model performed far worse on-device than in the cloud — is itself
a humanitarian caution: it shows that equity-motivated tools cannot be assumed to work as intended simply
because they run offline, and that on-device validation is not optional.
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2. METHODOLOGY AND ANALYTICAL FRAMEWORK

2.1 Data Collection and Preparation

Images were drawn from publicly available, curated sources: COVID-19-positive chest X-rays, normal and
other-pneumonia chest X-rays, COVID-19 and normal CT scans, and a household-objects set used to train an
“Inapplicable” control class. Most chest radiographs were standard postero-anterior (PA) views.

Dataset Train Test Validation
COVID-19 X-Ray 295 — 25

Normal X-Ray 1,341 234 8
Pneumonia X-Ray 3,875 390 8

Normal CT 397 — —
COVID-19 CT 349 — —
Household objects (“Inapplicable”) 185 123 —

Custom Vision recommends at least 50 images per tag and roughly equal counts across classes; the COVID-19
X-ray class (295 images) was the smallest available, meaning any model using the full Pneumonia and Normal
sets would be structurally imbalanced. Custom Vision does not require a separately supplied test set — it
allocates held-out test data automatically from the uploaded images — so the authors used the labeled test

partitions here for independent, manual performance review.

2.2 Data Loading and Model Building

The pipeline used Microsoft Custom Vision’s paired Training and Prediction resources in Azure. Seven training
iterations were run with different combinations of classes and image counts, using Custom Vision’s four pre-
trained model families across two domains — Compact (exportable for on-device mobile/edge inference) and
General (cloud/REST-API inference only) — and two training modes, Quick and Advanced (the latter tuned
for harder, fine-grained, less-augmented data). Iterations 1-6 used Advanced training on the Compact domain;
Iteration 7 repeated Iteration 6’s data on the General domain for REST API publication.

Across the seven iterations, the authors progressively added classes and then corrected for class imbalance:
Iteration 1 used only two balanced classes (25 images each, COVID-19-positive vs. negative) and reached
100% on every metric, but was judged impractical given its small size and binary scope. Iterations 2—5 added
more classes (Inapplicable, Pneumonia, Normal, and CT variants) with uneven image counts; Custom Vision
itself flagged the resulting imbalance, and these models proved unstable when ported for mobile inference.
Iteration 6 fixed this by using exactly 275 images per class across six classes (Inapplicable, COVID-19,
Pneumonia, Normal, COVID-19 CT, Normal CT) and produced the first stable mobile deployment; Iteration 7
reran the same balanced dataset on the General domain to obtain REST API access for the web application.

2.3 Implementation

Web Application: Built in PHP, calling the Custom Vision REST API published from Iteration 7. The authors
note a data-privacy consideration: images uploaded through the live REST API are stored on the Custom Vision
cloud service and can be reused for further training, which raises a jurisdiction-dependent data-protection
question. They note that exporting the trained network in TensorFlow.js format and running inference locally in
the browser avoids this, since no image data would leave the client.
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Mobile Application: Built for Android and iOS using the Iteration 6 model exported in TensorFlow Lite and
Core ML format respectively, enabling fully offline, on-device inference with no network dependency — the
paper’s central use case. Both apps are publicly available (Android/iOS source repositories and an APK
download are listed in the original source; editorial flag: verify these third-party links are still live before this
paper is published, as they were not independently checked for this adaptation).

2.4 Evaluation Framework

Model performance was assessed with the standard accuracy / precision / recall / F1 suite, using true positive
(A), false negative (B), false positive (C), and true negative (D) counts (Accuracy = (A+D)/(A+B+C+D)). The
authors additionally varied the inference-stage probability threshold T (the cutoff controlling the precision/
recall trade-off) across 50%, 40%, 30%, 20%, and 10%, to characterize how sensitive the deployed model’s
error profile is to this single tunable parameter — directly relevant to a screening context where missed
positives (false negatives) are more costly than false alarms.

3. KEY FINDINGS AND ANALYSIS

3.1 Best Cloud-Side Model: Iteration 6/7 Performance

The balanced, six-class Iteration 6/7 model (275 images per class) was the strongest and most stable
configuration, achieving 96.1% precision, 96.1% recall, and 96.8% average precision overall when served as a
web application — with 100% recall and 99.4% average precision specifically for the COVID-19 class. This is
the headline cloud-side result, and on its own would support cautious optimism about AutoML for this task.

3.2 The Central Finding: Web-to-Mobile Performance Collapse

The same trained network performed markedly worse once ported to a smartphone for on-device inference —
the paper’s central and most policy-relevant result:

Class Web Application (Avg. Precision %) Mobile Application (Avg. Precision %)
Inapplicable 100 100

Covid-19 96.5 87

Normal 94.7 25

Normal CT 94.1 20

Covid-19 CT 89.7 40

Pneumonia 98.1 15

Only the “Inapplicable” control class held steady; every clinical class degraded substantially on-device, with
Pneumonia falling from 98.1% to 15%. The authors attribute this to a combination of insufficient COVID-19
training data, residual class imbalance, and smartphone hardware variance (newer, more powerful Android
devices performed better in their informal testing of six handsets), but state plainly that the magnitude and root
cause of the web-to-mobile gap was not fully explained and needs further study.

Editorial note on the data: The source document also reports confidence intervals around these mobile/web comparisons
(its Table 5) with several class-level lower bounds below 0% and upper bounds above 100% — not meaningful for a
percentage metric. This is very likely a computational or transcription artifact in the source rather than a real finding, and
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CHRSD recommends the original confidence-interval calculation be re-run and corrected before this comparison is cited
in a policy context. The underlying mean performance figures in the table above are reproduced as reported.

3.3 Probability Threshold (T) Trade-off

Varying the inference threshold T on the deployed model produced a consistent precision/recall trade-off while
average precision stayed flat at 96.8%:

Threshold T Precision % Recall % Average Precision %
50% 96.1 96.1 96.8
40% 95.8 96.1 96.8
30% 95.5 96.4 96.8
20% 93.0 97.3 96.8
10% 91.2 97.6 96.8

As T falls from 50% to 10%, precision drops from 96.1% to 91.2% while recall rises from 96.1% to 97.6% —
i.e., the false-negative rate falls to roughly 2.4%. Because a missed COVID-19 case (false negative) carries a
much higher cost in a screening context than a false alarm (which a subsequent RT-PCR test can resolve), the
authors recommend operating at a low threshold (around 10%) to minimize missed cases, accepting more false
positives in exchange.

3.4 Class Imbalance as the Recurring Driver

Across iterations 2-5, Custom Vision itself detected and flagged class-count imbalance, and these models were
correspondingly unstable on mobile. Only once image counts were equalized at 275 per class (Iteration 6) did
the mobile deployment stabilize. This points to COVID-19 X-ray data scarcity — the smallest class throughout
— as the structural constraint shaping every other result in this study, including the web/mobile gap in 3.2.

3.5 Implementation-Level Observations

Uploading images through the live Custom Vision REST API stores them on Microsoft’s cloud service, a data-
privacy consideration for any future clinical deployment; the authors note that a TensorFlow.js in-browser
export avoids this by keeping inference (and the data) client-side. Separately, informal testing across six
Android handsets suggested that devices issued after 2018, with faster processors and more RAM, handled on-
device inference more reliably — the iPhone build was not separately tested in this study.

4. STRATEGIC IMPLICATIONS AND POLICY RECOMMENDATIONS

4.1 Require On-Device Validation, Not Just Cloud Validation

The study’s central lesson is that a model’s cloud/web performance does not predict its on-device performance.
Health ministries, digital-health programmes, and regulators evaluating any smartphone-based Al diagnostic
tool should require separate, documented validation of the actual deployed mobile artifact — not only of the
cloud-trained model it was exported from — before any field or pilot deployment.

Stakeholders: Ministries of Health, national digital-health/e-health agencies, medical device regulators. Timeline: incorporate
as a standing requirement in any Al-diagnostics procurement or pilot-approval checklist within 12 months.
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4.2 Treat Reference Data Scarcity as the Priority Investment

Class imbalance — driven by the small COVID-19 X-ray dataset relative to Normal and Pneumonia data —
was the recurring cause of both training instability and (plausibly) the mobile performance collapse. Funders
and research institutions should prioritize building and openly depositing larger, balanced, diverse chest-
imaging datasets for emerging pathogens, rather than assuming AutoML transfer learning can fully compensate
for data scarcity.

Stakeholders: Research funders, national radiology/imaging societies, open data repositories (e.g., GEO-equivalent imaging
archives). Timeline: dataset-investment call within 12 months of any future respiratory outbreak.

4.3 Set Screening Thresholds to Minimize False Negatives, Explicitly

Where such tools are used for primary pandemic screening ahead of confirmatory RT-PCR testing, the
probability threshold should be deliberately set low (the study suggests around 10%) to minimize missed cases,
with the resulting higher false-positive rate treated as an acceptable, lower-cost trade-off resolved by the
follow-on test — and this threshold choice should be stated explicitly in any deployment, not left at a tool’s
untuned default.

Stakeholders: Clinical Al deployment teams, health ministries, device manufacturers. Timeline: immediate, at point of
deployment.

4.4 Address Data Governance Before Field Deployment

The authors flag that images uploaded through a live Custom Vision REST API are retained on the cloud
vendor’s servers — a data-protection question that will fall differently under different jurisdictions’ health-data
law. Any deployment handling real patient images should resolve data residency and consent questions
beforehand, and should prefer architectures (such as in-browser or on-device inference) that keep patient
images off third-party cloud infrastructure entirely.

Stakeholders: Data protection authorities, health ministries, implementing NGOs and hospitals. Timeline: resolved before any
pilot involving real patient data.

4.5 Fund Synthetic Data Augmentation Research, With Ethical Guardrails

The authors propose Generative Adversarial Networks (DCGAN, PGGAN) as a route to augment scarce
COVID-19 imaging data, while explicitly flagging the ethical and legal questions raised by synthetic medical
images (e.g., provenance, consent, and downstream clinical use of Al-generated rather than real patient
images). Funders supporting this direction should require upfront ethical review rather than treating it as a
purely technical augmentation step.

Stakeholders: Research funders, bioethics review boards, AI/ML research groups. Timeline: ethical framework developed
alongside, not after, any GAN-augmentation research programme.

5. CONCLUSION

This study demonstrates that automated, commercially available machine learning platforms can be used to
rapidly build a credible COVID-19 screening classifier from publicly available chest imaging data, reaching
96.8% average precision as a web application. Its more important contribution, however, is a cautionary one:
the identical trained network did not perform equivalently once ported for real-time, offline inference on a
smartphone, with several classes losing the majority of their average precision on-device. For a field whose
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central promise is exactly this kind of offline, low-resource deployment, that gap is the finding that matters
most.

Key takeaways:

* Cloud/web validation metrics cannot stand in for on-device validation — the two can diverge sharply even
with an identical underlying model.

* Reference data scarcity and class imbalance (here, limited COVID-19 imaging data) is a recurring,
upstream driver of downstream instability.

* Threshold tuning is a low-cost, high-leverage lever for screening tools where false negatives are costlier
than false positives.

» Data governance (where patient images are stored and processed) needs resolving before, not after, clinical
deployment.

* Smartphone-based diagnostic Al remains a genuinely promising route to equitable health access, provided
the web-to-mobile performance gap identified here is investigated and closed.

Vision for future directions: With global smartphone penetration already above 45% in 2020, a properly
validated on-device diagnostic tool could reach a very large underserved population. The authors identify
generative data augmentation (DCGAN, PGGAN) to address COVID-19 data scarcity, systematic study of
smartphone hardware variance, and formal clinical validation trials as the next steps; CHRSD would add, from
this adaptation’s own review, a dedicated root-cause investigation of the web-to-mobile performance gap itself
(Section 3.2) as a prerequisite before any such tool is recommended for field use.

Limitations: This is a retrospective, methodological case study built entirely on publicly available datasets, not
a prospective clinical trial on demographically diverse patients; the authors note the lack of published data on
ethnically comparable populations prevented broader comparison. The root cause of the web-to-mobile
performance gap was not established. The iPhone build was not independently tested. The reported confidence
intervals around the mobile/web comparison (Table 5 in Section 3.2) contain implausible bounds outside the 0—
100% range and should be recalculated before being cited.
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APPENDICES / FIGURES REFERENCED IN THE SOURCE

The source document references figures (performance charts, a GAN schematic, and application screenshots)
that were not transferred into this adaptation, as the underlying images were not supplied. These should be re-
inserted from the original before publication:

* Fig. 1 — Tteration 6 performance metrics in Custom Vision

* Fig. 2 — Plain GAN schematic diagram

* Fig. 4 — Household objects data loaded in Custom Vision

* Fig. 6 — Smartphone app detecting COVID-19 X-ray and Inapplicable images
* Fig. 7 — Web application built with Custom Vision REST API

* Fig. 8 — Web application detecting COVID-19 with 100% confidence

Editorial Notes: Data-Completeness Checklist
+ Confidence-interval table (Section 3.2) reports bounds outside the valid 0-100% range for a percentage metric —
very likely a calculation or transcription artifact in the source. Recalculate and correct before this comparison is cited
in a policy context.
* Figures 1, 2, 4, 6, 7, 8 referenced in the source were not supplied with this draft and need to be re-inserted from the
original materials.

« Several references (flagged individually above) lack a publication year or venue in the source document and should
be verified against the original bibliography before release.

* Third-party code/APK links (Android/iOS repositories, APK download) cited in Section 2.3 were not independently
checked for this adaptation and should be verified as live before publication.

* Declaration of interests: the source states no conflicts of interest and no external funding; carried forward here as
stated, not independently verified.

Suggested citation: Mustafiz, R., & Mohsin, K. (2026). Assessing automated machine learning services to detect COVID-19 from X-
ray and CT images: A real-time smartphone application case study (CHRSD Foundation Research Paper Series adaptation). Centre for
Humanitarian Research and Social Development. https://chrsd.org/research-papers
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