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Abstract

We present an offline-first edge telemedicine platform designed for clinics and outreach
programs where internet access, power, and IT support are unreliable. The system runs
local electronic health record (EHR) and clinical “plug-in” screening services on a single
embedded device, accessed through a clinician-facing web app over local WiFi. Data
are stored locally with role-based access control and record-level encryption, while in-
teroperability is provided as a best-effort queued synchronization pathway to external
systems using HL7 FHIR when connectivity is available. As a representative plug-in,
we implement non-invasive anemia screening from fingernail photographs. Images are
processed fully on-device: an INT8-quantized YOLOvS8n detector extracts nail regions,
lightweight color and summary-statistic features are computed per ROI and concatenated,
and a supervised regressor estimates hemoglobin. On an NVIDIA Jetson Orin Nano, ROI
extraction runs in 22 ms and hemoglobin inference in 34 ms. Across six training strategies
(unbalanced, augmented, and KDE-balanced by remark or severity), test RMSE ranges
from 2.05-3.13 g/dL; the strongest numeric performance is achieved by severity-balanced
SVR (RMSE 2.048 g/dL) and remark-balanced Gradient Boosting (RMSE 2.091 g/dL). Rain-
cloud analyses restricted to true-anemic test cases show that balancing primarily reduces
systematic overestimation (which drives false negatives) while augmentation can widen
error tails, highlighting the importance of selecting training strategy to match screening
objectives rather than optimizing a single aggregate metric.

Keywords: offline-first; edge computing; edge Al; telemedicine; anemia screening;
fingernail pallor

1. Introduction

Primary care delivery in low- and middle-income countries (LMICs) frequently occurs
in environments where the clinical workflow is constrained more by infrastructure than
by clinical intent [1]. In low- and lower-middle-income countries, close to one billion
people are estimated to be served by health care facilities that either lack electricity outright
(433 million people) or have an unreliable electricity supply (478 million people) [2,3].
Further, unreliable power is a major contributor to medical device failure, with the WHO
estimating that roughly one-third of device failures worldwide are attributable to low-
quality electricity supply [3]. In such settings (e.g., community health centers, field clinics,
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and outreach events), a typical day includes paper-first registration, episodic triage under
time pressure, intermittent device charging, ad hoc local networks (if any), and clinical
documentation that must satisfy program and facility reporting requirements alongside
point-of-care decision-making [4].

Digital health has expanded rapidly, yet its real-world impact is often diluted by
fragmentation and weak interoperability. The WHO Digital Health Atlas (DHA) registry
illustrates both scale and duplication: as of February 2023 some 944 digital health projects
were registered, reaching an estimated 4.74 million health workers and more than 1.56 mil-
lion facilities [5]. More recent WHO materials report 1328 projects across 132 countries,
reinforcing the growth of the ecosystem [6]. However, capability is not equivalent to clinical
integration. In the Global Digital Health Monitor (GDHM) 2023 synthesis, Standards and
Interoperability is among the weakest enabling-environment components, with 62% of
participating countries remaining at early maturity (Phase 1-2) and only 16% at advanced
maturity (Phase 4-5) [7]. In practice, this manifests as systems that can “capture data” but
cannot reliably behave “as if you never left the clinic”, i.e., they do not preserve a coherent
clinical record across sites, do not support local continuity of care when networks fail, and
do not make interoperability the default.

Documentation workload further motivates an infrastructure-aware approach. In a
multi-country study of primary care data recording systems, a single register entry could
require ~ 25 cells of information; recording time was estimated at 2-5 min per patient,
corresponding to approximately 24-50% of a typical consultation [8]. When documentation
practices vary across facilities and outreach teams, “note-taking” becomes a source of
variability that directly affects downstream analytics, longitudinal follow-up, and the
feasibility of integrating screening outputs into routine care. Systems that treat constraints
as an afterthought tend to amplify this variability: users invent workarounds, records
become incomplete, and connectivity-dependent synchronization fails to reflect what
actually happened on the ground [4].

Accordingly, there is a need for constraint-driven digital health infrastructure: plat-
forms that (i) run locally with minimal external dependencies [9], (ii) preserve a clinical
workflow under intermittent power and connectivity [10], and (iii) treat interoperability as
a first-class design objective rather than a later integration task [11]. Table 1 summarizes
representative directions from 2020-2025 that partially address these needs and highlights
the remaining gap that motivates this work.

Table 1. Representative recent (2020-2025) approaches adjacent to infrastructure-constrained clinical
workflows and the gap addressed by the present work.

Approach

What It Demonstrates
(Quantified)

Limitations Relative to Our
Problem Statement

Strengths for
Low-Resource Care

Offline-capable
clinical EHR for
displaced /remote
care (Hikma
Health) [12]

Interoperability and clinical-grade

Peer-reviewed description
of an offline-first EHR
used in humanitar-
ian/underserved contexts.

Supports offline data
capture and continuity of
care; pragmatic focus on
deployment realities.

integration remain context-specific;
does not center embedded,
on-premise Al screening as a
modular service co-located with the
EHR.

Large-scale CHW
digital health
intervention
(OpenSRP-based
DHI) [13]

Scaled in 30 months to 44
peri-urban areas in
Karachi, serving >150,000
women and children.

Demonstrates that
modular,
workflow-oriented digital
health can scale
substantially in LMIC
primary care.

Primarily a mobile intervention for
CHWs; does not directly address an
on-premise “clinic appliance” model
with local EHR + local Al
microservices + opportunistic
standards-based sync.
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Table 1. Cont.

Avproach What It Demonstrates Strengths for Limitations Relative to Our
pp (Quantified) Low-Resource Care Problem Statement
Clinic sample: average
error magnitude 1.88 g/dL . .
Standalone with wide limits of Highlights that performance is

fingernail-image
Hb screening
app (field
evaluation) [14]

agreement; sensitivity
51.2%, specificity 41.6%
(reported for a clinic-based
sample). Retraining
improved accuracy in

a subset.

Quantifies the
opportunity and the risk
of camera-based, low-cost
Hb estimation in the field.

context- and population-dependent;
as a tool, it does not solve workflow
integration, longitudinal records,
security, or interoperability under
constrained infrastructure.

To ground the platform requirements in a clinically meaningful use case, we focus on
anemia screening. Anemia remains highly prevalent globally, affecting an estimated 40% of
children aged 6-59 months, 37% of pregnant women, and 30% of women aged 15-49 years
[15]. In many outreach settings, suspicion of anemia begins with rapid low-instrument
heuristics (e.g., inspection of pallor, including under the fingernails); however, these as-
sessments are subjective and difficult to standardize at scale [15]. Recent field evidence
from a fingernail-image smartphone Hb application further underscores both feasibility
and limitations: population shift requires retraining to improve accuracy, and screening
sensitivity/specificity can be poor without careful contextual adaptation [14]. These obser-
vations motivate using anemia imaging not as a claim of clinical-grade diagnosis, but as a
representative module that stress-tests whether an integrated offline-first platform can host
screening microservices while preserving clinical workflow and record integrity.

In this paper, our objective is to design an offline-first edge clinic platform including
secure local records with queued synchronization and to evaluate end-to-end feasibil-
ity using an embedded anemia-screening plug-in as a representative workload (runtime,
model error, and error behavior on true-anemic cases under alternative training policies).
We present a framework designed for infrastructure-absent environments in which cloud
connectivity is treated as an opportunistic enhancement rather than an assumption. The
platform consolidates (i) local clinical data management and role-based access, (ii) en-
crypted on-device storage, (iii) a clinician-facing web interface accessible over local WiFi,
and (iv) asynchronous standards-based synchronization using HL7 FHIR when connectiv-
ity becomes available [16]. An embedded medical vision service (fingernail-image anemia
risk stratification) is included as a modular demonstration of how the platform can host
screening tools without outsourcing computation or data custody to the cloud.

Contributions

This work makes three systems engineering contributions: (1) an offline-first, clinic-
oriented edge platform architecture that preserves day-to-day screening workflow un-
der intermittent power/connectivity while maintaining secure local records; (2) an
interoperability-first synchronization design based on asynchronous HL7 FHIR exchange
to support “as-if-in-clinic” continuity when network access returns; and (3) an end-to-end
embedded screening microservice deployed on an edge GPU device, used as a representa-
tive workload to quantify feasibility (latency and operational overhead) and to illustrate
how screening tools can be integrated as modular services rather than standalone apps.

https://doi.org/10.3390/app1010000
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2. Materials and Methods
2.1. System Architecture and Design Objectives

We designed the platform as a layered offline-first edge system for clinics and outreach
settings with intermittent connectivity and limited IT support. As shown in Figure 1, an
edge device hosts (i) local EHR storage and clinical services (patient registration, record
retrieval, reporting) and (ii) modular screening microservices that perform on-device infer-
ence and attach structured outputs to the patient record. A clinician-facing web application
connects locally (WiFi) to the edge device. When connectivity is available, the system
performs asynchronous best-effort synchronization through a dedicated interoperability
gateway service (Section 2.10). We treat anemia screening as one representative screening
microservice within a general module contract (Figure 2): acquire sample(s), run an on-
device screening pipeline, and write standardized outputs (numeric estimate + categorical
risk label + linked artifacts) into the longitudinal record without modifying the core EHR
layer. This separation enables additional point-of-care modules (e.g., dermatology, wound
monitoring) to be integrated through the same interface.

i FHIR EHR Server & ID {Patient, Device, Encounter, ...}
Hospital -
/Clinic API tel:;lgg;;me Database Observation
=} # » (oo gl Medications
= Allergies
E E S 2] =2 Vitals
—_— - Attachments  (Images, Scanned
1 Docs, ...)
Cloud WiFi
Reconnect
User ~ Fdge = N T v
> 9 Web App Fingernail Hemoglobin Estimation & Anemia
. User Interface Detection Risk Stratification
iobiTe 1 - y=14.38 g/dL + ‘ g/dL
device lm i ]
& 1 v
WiFi AP- i ! Estimate Error (RMSE)
.:' [T v
“ only “ . m Hemoglobin Level Estimate
0 nvjo —

Figure 1. Constraint-aware, offline-first edge telemedicine system with best-effort interoperability.
A healthcare professional uses a local web Ul on a mobile device connected via WiFi to an edge
device that hosts encrypted EHR storage, clinical services (registration/record retrieval), and modular
on-device screening microservices. The anemia screening service shown converts captured fingernail
images into hemoglobin estimates with uncertainty (e.g., RMSE) and anemia risk labels, which are
stored as structured observations and linked image artifacts in the patient record; when connectivity is
available, queued data synchronize asynchronously through an HL7 FHIR API to cloud telemedicine
services and downstream facility EHR systems.
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Figure 2. End-to-end hemoglobin estimation pipeline from fingernail images: detected nail-bed
bounding boxes are cropped into 1 = 3 regions of interest (a), each of which are normalized (b) and
converted into a fixed-length feature vector (c). The training distribution is then rebalanced via kernel
density estimation (KDE) (d) to emphasize clinically relevant hemoglobin ranges before fitting an ML
model (e.g., a random forest regressor) (e), which outputs a hemoglobin estimate with an associated
error metric (e.g., v = 14.38 g/dL £ 1.97 g/dL).

2.2. Edge Hardware and Software Stack

All experiments and deployment benchmarking were conducted on an NVIDIA Jetson
Orin Nano developer kit (NVIDIA, Santa Clara, CA, USA) (embedded ARM CPU and
GPU with CUDA 11.4 via the JetPack 5.1.3 SDK, 8 GB unified memory). The edge runtime
hosts containerized services for the EHR backend, screening microservices, and the web
application, shown in Figure 3 and Figure 4. The screening stack supports, (i) a detector
exported to an accelerated runtime (e.g., ONNX/TensorRT) and (ii) a classical ML estimator
executed locally for hemoglobin prediction.
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Figure 3. Mobile web interface for preliminary fingernail-image anemia screening. The left screen

provides step-by-step instructions and an upload/capture entry point, while the right screen shows

the live capture workflow and the returned screening output (estimated hemoglobin with uncertainty

and an anemia classification) alongside the input image preview.
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Patient Records
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| 789087 2024-04-05 09:15 AM 121 No Or. Santos. San Juan Medical Center

(d) Patient Chart

Figure 4. Key point-of-care user interfaces: (a) authenticated login; (b) sample submission with
real-time capture and on-device Al screening output; (c) records summary including hemoglobin
results and visual analysis; (d) patient chart with results, plan, appointments, and history.

2.3. Data Source, Splits, and Learning Targets

We use a public fingernail-image hemoglobin dataset (250 cases) from Yakimov
et al. [17] with per-case hemoglobin values and derived clinical labels. The dataset was
balanced by gender and contained 128 male and 122 female patients with an age demo-
graphic that was on average 56 + 20 y.0., spanning from 18 to 95 y.o. [17]. The quality of the
hemoglobin reference values was ensured by following standard clinical blood collection
protocols performed by qualified medical personnel [18,19]. Venous blood Hb was mea-
sured using a certified hematology analyzer in the ISO 15189:2012 standardized clinical
diagnostic laboratory at City Clinical Hospital No. 67 (Moscow, Russia) [17].

Imaging was conducted in an enclosed light-isolated box under constant illumination
to eliminate ambient light. Camera exposure time and white-balance settings were adjusted
so that reflected intensities from the nail and surrounding skin lay within the camera’s
usable dynamic range; specifically, the nail plate and skin regions of interest avoided pixel
values near saturation (255) or near zero [17].

Each case includes RGB images and pre-specific ROI metadata (bounding boxes for
nail and skin regions). We used a fixed-patient level train/test split stored as row indices in
a json file (Section 2.8); this file enumerates training and test row patient IDs per strategy
variant to ensure reproducibility across balancing/augmentation conditions.

Learning targets included (i) hemoglobin regression (y € R, g/dL) and (ii) triage
labels derived from hemoglobin (binary anemia and/or ordinal severity) for reporting
sensitivity /specificity at clinically relevant thresholds.

https:/ /doi.org/10.3390/app1010000
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2.4. Region-of-Interest (ROI) Extraction

We define a consistent set of ROI “slots” (Figure 5) per case: three nail ROIs and three
skin ROlIs, plus a small fixed “white reference” patch extracted from a predetermined region
of each image. These ROI slots provide a fixed input schema for feature computation and
downstream classical ML. At evaluation time, we support an on-device detector (YOLOv8n)
[20] to predict nail ROIs; predicted crops are mapped into the same ROI-slot schema used

by the feature pipeline.
PATIENT ID : 166
0
-
100
®
200
300
-
400
500 g
T T T T T T T T
0 100 200 300 400 500 600 700

Figure 5. Example ROI slotting for fingernail patch extraction. A representative hand image with
detected nail regions overlaid as fixed “ROI slots” (color-coded boxes). Detected/assigned slots
are cropped to produce per-ROI patches used for feature computation; missing slots are handled
consistently (e.g., zero-padding or masked features) so that a fixed-length feature vector can be formed
by concatenating features across ROI slots. This visualization illustrates the detection-to-feature
“contract” used by the screening microservice.

2.5. Feature Construction (Per-ROI, Concatenated Across Slots)

Features are computed per ROI slot and concatenated across slots into a fixed-length
vector. Let P, denote the cropped patch for ROI slot 7 (one of six slots: nails and skin), and
let W denote the WHITE REF patch. We compute the following;:

*  Per-image reference RGB medians: wc = median(W,) for channel ¢ € R, G, B.
e Per-ROI mean RGB: ur, ¢ = mean((Ps)c).
e  Channel-wise normalized means: x7,¢ = ./ (Wc + €).

The final feature vector (1) is the concatenation across ROI slots:

18
X = [XYNAIL 1, XNAIL 2, XNAIL 3, XSKIN 1, XSKIN 2, ¥skiv 3] € R'®, 1)

where each x, € R3 corresponds to the normalized (R,G,B) means for slot r. For cases with
multiple views, we compute x per image and aggregate to case-level features by averaging
across views.

https:/ /doi.org/10.3390/app1010000
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2.6. Patch-Level Augmentation

To increase effective sample diversity given limited dataset size, we augment cropped
patches, as shown in Figure 6, (nail/skin ROIs and reference patch) using a set of photo-
metric and mild geometric transforms designed to preserve anatomical plausibility. The
training pipeline applies: resize and crop to a canonical input size, horizontal flips (no
vertical flips), color jitter (brightness/contrast/saturation/hue), small affine perturbations
(rotation/translate/scale/shear), occasional perspective distortion, and low-variance Gaus-
sian noise. Augmentation is applied by generating 71,ug = 2 augmented copies per original
patch while retaining the original (total factor ~ 3 x per case).

Original Colorjitter Affine Flip Perspective Noise Full pipeline

Clelsfelege

Figure 6. Examples of the cropped ROI augmentation pipeline used for model training. Each row

(100

shows a representative nail ROI patch; columns visualize individual transforms applied during
training augmentation (ColorJitter /photometric perturbation, affine transform, horizontal /vertical
flip, perspective warp, and additive noise), followed by the combined “full pipeline” output. These
augmentations are intended to simulate real-world variability in capture conditions (illumination,
pose, and sensor noise) while preserving the underlying anatomical ROL

https:/ /doi.org/10.3390/app1010000
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2.7. Distribution-Aware Balancing via KDE Downsampling

(a) Raw Hb by remark

(b) Balanced Hb by remark

T T T
Remark
B Non-anemic

E 3 Anemic E

Count

4 6 8 10 12 14 16 4 6 8 10 12 14 16
(c) Raw Hb by severity (d) Balanced Hb by severity

T
Severity

E= Non-anemic
F = Mmild B
[ Moderate
3 Severe

Count

4 6 8 10 12 14 16 4 6 8 10 12 14 16
Hemoglobin (g/dL) Hemoglobin (g/dL)

Figure 7. Hemoglobin label distributions before and after KDE-based rebalancing: (a) raw (unbal-
anced) hemoglobin (Hb) histogram grouped by binary remark (non-anemic vs. anemic); (b) Hb
histogram after KDE-guided rebalancing by remark, increasing representation of lower-Hb/anemic
samples relative to the dominant non-anemic mode; (c) raw Hb histogram grouped by anemia
severity (non-anemic, mild, moderate, severe); and (d) Hb histogram after KDE-guided rebalancing
by severity to reduce class imbalance across clinically defined Hb strata. Axes report Hb (g/dL)
versus sample count.
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Figure 8. Kernel density estimates (KDEs) of Hb distributions for unbalanced vs. balanced sets.
(Left) KDE of the unbalanced dataset (red) compared to the remark-balanced dataset (green), illustrat-
ing redistribution toward the lower-Hb tail when balancing by anemia remark. (Right) KDE of the
unbalanced (red) dataset compared to the severity-balanced dataset (blue), illustrating redistribution
across severity-defined Hb ranges. Axes report Hb (g/dL) versus estimated density.

Hemoglobin distributions are typically skewed toward non-anemic values (Figure 7),
risking poor learning signal in clinically important low-Hb ranges. We evaluate KDE-based
balancing that uses kernel density estimation to compute sample inclusion probabilities
and then downsample to produce a flatter effective training distribution within each
label grouping, as shown in (Figure 8).

We evaluate six data strategies:

Unbalanced (raw).

Unbalanced + augmentation.

Balanced by remark (raw) via KDE downsampling.
Post-augmentation then balanced by remark via KDE downsampling.
Balanced by severity (raw) via KDE downsampling.

AL Y

Post-augmentation then balanced by severity via KDE downsampling.

Concretely, for a chosen grouping variable ¢ (Remark or Severity), we estimate a KDE
over hemoglobin values within each group and assign inclusion probabilities inversely
proportional to the estimated density, then sample to a target per-class size (scaled ap-
propriately in post-augmentation balancing), as shown in Figure 10. This yields balanced
training subsets without synthetic label generation (Figure 9) and allows us to explicitly
compare “balance before augmentation” vs. “augment then balance”.

https://doi.org/10.3390/app1010000
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Hb KDE Hb KDE
Unbalanced vs Remark balanced Unbalanced vs Severity balanced
(rebalance after augmentation) (rebalance after augmentation)
T T T T T T T T T T
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Hemoglobin (g/dL) Hemoglobin (g/dL)

Figure 9. KDE comparison including post-augmentation rebalancing. (Left) Hb KDEs for unbalanced,
unbalanced + augmentation, remark-balanced, and remark-balanced + augmentation (where “+Aug.”
denotes augmentation applied prior to rebalancing). (Right) Corresponding Hb KDEs for unbalanced,
unbalanced + augmentation, severity-balanced, and severity-balanced + augmentation. Solid vs.
dashed styling distinguishes pre- vs. post-augmentation distributions, emphasizing the effect of
applying KDE balancing after augmentation to shape the final training distribution.

(a) Unbalanced Hb by Remark (b) Unbalanced-Augmented Hb by Remark (c) Remark-balanced +Aug Hb by Remark

100 F 1 r

Remark
B Non-anemic
3 Anemic

4 6 8 10 12 14 16 4 6 8 10 12 14 16 4 6 8 10 12 14 16
(e) Unbalanced-Augmented Hb by Severity (f) Severity-balanced +Aug Hb by Severity

8of 1 F

Severity
[ Non-anemic
= Mild ]
[ Moderate
[ Severe

4 6 8 10 12 14 16 4 6 8 10 12 14 16 4 6 8 10 12 14 16
Hemoglobin (g/dL) Hemoglobin (g/dL) Hemoglobin (g/dL)

Figure 10. Post-augmentation label distributions across evaluated dataset strategies. Top row: Hb
histograms grouped by remark for (a) unbalanced, (b) unbalanced + augmentation, and (c) remark-
balanced after augmentation (rebalancing performed on the augmented pool). Bottom row: Hb
histograms grouped by severity for (d) unbalanced, (e) unbalanced + augmentation, and (f) severity-
balanced after augmentation. This figure summarizes how augmentation changes sample density
and how post-augmentation KDE balancing restores targeted class/severity representation. Axes
report Hb (g/dL) versus sample count.

2.8. Classical ML Models and Training Protocol

We train hemoglobin estimators on the fixed 18-dimensional feature representation us-
ing classical regression models (including tree ensembles, linear baselines, and kernel meth-
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ods). For each of the six data strategies (Section 2.7), we perform K-fold cross-validation
(K = 7) on the training split to tune hyperparameters using RMSE as the primary selection
metric. For each strategy we:

1.  Run cross-validated hyperparameter search (RMSE-based) on the training portion.
2. Fit the best model on the full strategy-specific training set.
3. Evaluate once on the held-out test set.

We adopt a simple, reproducible model selection rule using Cross-Validation: choose the
(strategy, model, hyperparameters) triple that minimizes mean CV RMSE on the training
split; ties within a small tolerance are broken in favor of lower inference cost (smaller
ensemble/simpler estimator) to match edge constraints. More elaborate selection criteria,
e.g., Hb-bin subgroup constraints and calibrated uncertainty, are deferred.

2.9. On-Device Inference Definition and Runtime Benchmarking

We define one screening inference as the full on-device pipeline from a captured RGB
image to a stored hemoglobin estimate and triage-label the following:

1. ROl extraction (detector inference, crop assignment into ROI slots).

2. Feature computation (per-ROI normalized mean RGB, concatenation to 18D vector).
3.  Hemoglobin prediction (classical ML regressor) and optional triage labeling.

4.  Write-back to the local EHR (structured observation + linked artifacts).

On the Jetson Orin Nano [21], the detector stage runs locally with mean latency of
22 ms per image for ROI extraction, and the hemoglobin prediction stage runs locally
with mean latency of 34 ms per case for feature computation + regression output. These
timings exclude clinician interaction time and represent compute latency under typical
screening operation.
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2.10. Offline-First EHR, Security, and Interoperability Scope
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Figure 11. Security and interoperability architecture for an offline-first edge EHR with plug-in
screening microservices. A clinician-facing web UI connects over a local network to an API gateway
that enforces authentication and role-based access control (RBAC). The core EHR services persist
structured patient data and linked image /model artifacts in local stores protected by authenticated
encryption at rest; screening modules (e.g., anemia) run as separate pluggable services and write back
results as observations plus linked artifacts. Interoperability is implemented as a store-and-forward
gateway queue and a lightweight FHIR adapter, enabling best-effort asynchronous synchronization
to an external endpoint over HTTPS/TLS when connectivity is available.

Scope. We implement a minimal, intuitive security and interoperability scope, shown
in Figure 11, intended to mirror a standard EHR deployment pattern: a modular service
boundary, REST-first local access, RBAC-based access control, and optional best-effort
synchronization through a dedicated gateway.

Local patient record model. The local EHR stores (i) patients, (ii) encounters/visits,
and (iii) observations produced by screening microservices. Each screening result is stored
as a structured observation (e.g., hemoglobin estimate, units, timestamp, model version,
and a triage label) and linked to image artifacts (raw capture and/or ROI visualization).
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Base security implementation. We enforce authenticated access to the clinician Ul
and API using role-based access control (RBAC), illustrated in Figure 11. Roles (e.g.,
nurse, clinician, admin) map to permissions on operations (create/read /update/export).
For data-at-rest protection on the edge device, sensitive record fields and stored artifacts
are encrypted using authenticated encryption (AES-GCM) with per-record nonces and
integrity tags. Keys are not stored in plaintext; the runtime unlocks an encrypted keystore
at initialization for authorized use.

Base interoperability implementation. The edge device exposes a local REST API
used by the web user interface and screening services. For best-effort interoperability, a
separate gateway service transforms a minimal subset of local entities (Patient, Encounter,
Observation, and DocumentReference-like image links) into a standards-shaped payload
for downstream systems. When connectivity is present, the gateway uploads queued
records asynchronously; when connectivity is absent, records remain locally durable and
the gateway retries later. This “store-and-forward” design preserves offline operation while
enabling eventual consistency when networks permit.

Start: Image captured /
submitted

'

Detector + ROI extraction
YOLOv8n INT8 in ms

]

Feature computation (per-
ROI stats + concat)[in ms]

|

ML regression (Hb
prediction) in ms

!

EHR write (store
observation + link artifact)
[in ms]

. :
End-to-end wall clock in (DB txn + artifact
encrypt/store)

Figure 12. Runtime breakdown (“waterfall”) for a single on-device screening transaction, from

(GPU + NMS + crop)

image submission through structured write-back. The pipeline is decomposed into (i) detector/ROI
extraction, (ii) feature computation, (iii) ML regression for hemoglobin estimation, and (iv) EHR write
(including linking encrypted artifacts), with the final bar representing end-to-end wall-clock time.
Dashed callouts indicate internal sub-steps commonly dominated by GPU inference/NMS/cropping
in the detector stage and database transaction plus artifact encryption/storage in the write-back stage.

2.11. User Interface and Clinical Workflow

The clinician-facing interface is a local web application served by the edge device. A
typical encounter, shown in Figure 12, proceeds as follows: patient registration or lookup,
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image acquisition guided by capture instructions, on-device screening, results review
(numeric estimate + triage label), and record update. When enabled and when connectivity
is available, the gateway synchronizes queued de-identified summaries or patient records
according to deployment policy.

2.12. Evaluation Metrics and Reporting

We report standard regression metrics (MAE, RMSE) for hemoglobin estimation on the
held-out test set. For triage performance, we report sensitivity and specificity at clinically
relevant anemia thresholds and include confusion matrices for binary and ordinal labelings.
For localization, we report detector performance (e.g., mAP at a chosen IoU threshold) and
measure ROI extraction latency as part of the end-to-end screening pipeline.

3. Results

We evaluated the proposed offline-first edge EHR platform and its integrated ane-
mia screening service using (i) detection accuracy and on-device latency for fingernail
ROI localization, (ii) hemoglobin (Hb) regression accuracy under multiple training-data
strategies, and (iii) end-to-end runtime of the deployed fully-local screening pipeline. All
Hb results are reported in g/dL. The evaluation uses the public fingernail /skin image
dataset described in Section 2, with a fixed held-out test partition of Nist = 50 cases and
strategy-specific training partitions.

3.1. Nail-Bed Localization Accuracy and Edge Optimization
3.1.1. Detection Quality

The YOLOvS8n [20] object detection model was successfully used to localize fingernail
regions for pallor analysis. After applying post-training quantization (PTQ) [22] to 8-bit
integers, the model’s inference latency was reduced by 54.2% from 46.96 ms down to
21.50 ms) while preserving detection accuracy (mAP@0.5 remained 0.995). The quantized
model’s precision and recall were 0.9999 and 1.000, respectively, virtually identical to the full
32-bit model (Table 2). This optimization effectively halved the model’s memory footprint
without degrading performance, confirming the feasibility of deploying the detector on
edge hardware.

Table 2. YOLOvS8n detector performance and latency before and after INT8 post-training quantiza-
tion (PTQ).

Metric FP32 INTS (PTQ)
Precision 0.993 0.999
Recall 1.000 1.000
mAP@0.5 0.995 0.995
mAP@0.5:0.95 0.692 0.638
Model artifact size 6.2 MB 6.2 MB
Inference latency 46.96 ms 21.50 ms

3.1.2. Quantization and On-Device Latency

To support real-time use on embedded hardware, we exported the detector and
deployed an INT8-quantized engine. Quantization reduced detector latency from 46.96 ms
(FP32) to 21.50ms (INTS), for a 54.2% reduction while preserving mAP@0.5 (0.995) and
near-identical precision/recall (Table 2). These results confirm that the ROI localization
stage can be executed locally within interactive workflows.
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3.2. Hemoglobin Estimation Accuracy Across Data Strategies

We compared multiple classical regressors (Elastic Net, Ridge, Lasso, Random Forest,
Gradient Boosting, SVR, Huber, RANSAC) under six training data strategies, reflecting
the pipeline decisions in Section 2: unbalanced, unbalanced +aug, remark-balanced, re-
mark-balanced +aug, severity-balanced, and severity-balanced +aug. For each strategy,
hyperparameters were selected using cross-validation on the constructed training set, and
the final model was evaluated once on the fixed held-out test set.

3.2.1. Overall “Best”-Performing Configuration by Lowest RMSE

The lowest test-set RMSE was obtained by a random forest model trained on the
unbalanced (no KDE downsampling) training distribution, achieving a test MAE of 1.493
and RMSE of 1.881 (Table 3). This setting preserves the largest effective training set size,
which appears to benefit aggregate regression accuracy.

Table 3. Best Hb regressor per training data strategy (selected by cross-validation on the training
partition) and evaluated on the fixed test set (Niest = 50). Nirain reflects the constructed training set
size after KDE downsampling and/or augmentation.

Strategy Niuain  Best Model CVMAE CVRMSE Test MAE Test RMSE
Unbalanced 200 Random Forest 1.817 2.294 1.493 1.881
Unbal+Aug. 600 SVR 2.098 2.601 1.607 2.062
Remark bal. 80 Gradient Boosting 2.304 2.876 1.794 2.091
Remark bal. + Aug. 240 Gradient Boosting 2.300 2.929 2.114 2.524
Severity bal. 80 SVR 1.828 2.373 1.695 2.048
Severity bal. + Aug. 240 Gradient Boosting 2.279 2.860 2.403 2.719

3.2.2. Effect of KDE Balancing

KDE-based downsampling to construct more uniform Hb coverage (remark-balanced
or severity-balanced) produced test RMSE values in the 2.05-2.18 range for the best models
(SVR, Gradient Boosting, or Random Forest depending on the strategy). In other words,
balancing introduces a modest increase in global RMSE compared with unbalanced, consis-
tent with a tradeoff: these strategies deliberately reduce the dominance of high-prevalence
Hb ranges in training.

3.2.3. Effect of Patch Augmentation in This Pipeline

Across all three base distributions (unbalanced, remark unbalanced, severity unbal-
anced), adding augmentation on cropped ROIs increased test error for the best model
within each family. For example, the best unbalanced +aug model increased test RMSE
from 1.881 to 2.062 (+0.18), and severity-balanced +aug increased test RMSE from 2.048
to 2.719 (+0.67). This suggests that for the current engineered-feature representation and
small-data regime, naive ROI augmentation can introduce distribution shift that does not
translate into improved regression generalization.

3.3. Error Distributions on True-Anemic Test Cases (Raincloud Analysis)

To complement aggregate MAE/RMSE scores, we examined the distribution of
hemoglobin prediction errors restricted to the true-anemic subset of the held-out test set.
For each regression model and training-data strategy, we compute the signed prediction
error

e =79—y (g/dL), 2)

where v is the laboratory hemoglobin value and 7 is the model estimate. In this subset, large
positive errors indicate hemoglobin over-estimation on anemic individuals, while negative
errors indicate under-estimation. Figures 13 and 14 summarize the error distributions
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using raincloud plots (density + boxplot + per-sample scatter); red “x” markers denote

false negatives for anemia classification induced by the screening rule (i.e., predicted as

non-anemic despite ground-truth anemia).
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Figure 13. Raincloud plots of hemoglobin prediction error e = § — y on true-anemic test cases,
stratified by training data strategy and model (ElasticNet, Gradient Boosting, Huber, and Lasso).
Each row corresponds to a training strategy (Unbalanced, Remark Balanced, Severity Balanced, and
their augmented variants). Grey density “clouds” and boxplots summarize the error distribution;
light points indicate per-case errors; red “x” markers denote false negatives under the anemia
decision rule (anemic by ground truth, predicted non-anemic).
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Figure 14. Raincloud plots of hemoglobin prediction error e = § — y on true-anemic test cases,

stratified by training data strategy and model (Random Forest, RANSAC, Ridge, and SVR). Each
row corresponds to a training strategy (Unbalanced, Remark Balanced, Severity Balanced, and their
augmented variants). Grey density “clouds” and boxplots summarize the error distribution; light
points indicate per-case errors; red “x” markers denote false negatives under the anemia decision
rule (anemic by ground truth, predicted non-anemic).

3.3.1. Consistent Right-Shift Under Unbalanced Training

Across all eight models, the Unbalanced strategy exhibits a pronounced right-shift
(median error typically > 0), with a visible cluster of red “ x” markers at positive errors.
This indicates that on true-anemic test cases, models trained on the original skewed distri-
bution tend to overestimate hemoglobin, and that these overestimates are frequently large
enough to flip the downstream anemia decision into a false negative.

3.3.2. Balancing Shifts Errors Toward Zero and Reduces the Positive Tail

Both Remark Balanced and Severity Balanced strategies generally shift the center of
the error distribution leftward (closer to e = 0) relative to Unbalanced, and also reduce the
extent of the right tail. This pattern is especially clear in the ensemble learners (Gradient
Boosting, Random Forest), where the boxplots contract and move toward zero under
balanced strategies. False negatives persist in several models, but they are less concentrated
in the extreme positive-error region compared to Unbalanced.
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3.3.3. Augmentation Alone Does Not Consistently Correct Overestimation on
Anemic Cases

The Unbalanced Aug. strategy typically remains right-shifted and continues to show
multiple false negatives across models, suggesting that augmentation without rebalancing
does not systematically eliminate overestimation on true-anemic cases. In several panels,
Unbalanced Aug. retains a similar median error to Unbalanced and can preserve (or only
modestly reduce) the positive-error spread.

3.3.4. Post-Augmentation Balancing Yields the Most Conservative Error Profiles in
Most Models

The two post-augmentation balancing variants, Remark Balanced Aug. and Severity
Balanced Aug., most often yield the closest-to-zero (and in several cases slightly negative)
median errors on true-anemic cases, while also truncating the positive tail. In many models
(e.g., ElasticNet, Huber, Random Forest, RANSAC, Ridge), these strategies show fewer
red “x” markers than Unbalanced /Unbalanced Aug., indicating fewer false negatives
under the same screening rule. An exception is Support Vector Regression, where the
balanced-augmented variants can exhibit noticeably wider dispersion (larger IQR), i.e.,
reduced bias but increased variance on the anemic subset.

3.3.5. Model-Specific Dispersion and Outliers

The robust and linear models (Ridge /Lasso/ElasticNet/Huber) exhibit broadly similar
shifts by strategy: unbalanced training is right-biased, balancing moves toward zero, and
post-augmentation balancing tends to be most conservative. RANSAC shows occasional
extreme positive outliers (including high-error points that coincide with false negatives),
consistent with sensitivity to small-sample idiosyncrasies. SVR displays the widest cross-
strategy spread in several panels, with balanced strategies not always reducing dispersion
even when centering improves.

Overall, the raincloud plots provide a distribution-level view of how each train-
ing strategy changes (i) bias (systematic right-shift vs. centering near 0) and (ii) tail risk
(frequency/magnitude of large positive errors) on the subset of cases where anemia is
truly present.

3.4. System-Level Validation: Offline Workflow and Structured Result Capture

Finally, we validated end-to-end functionality of the offline-first workflow: patient
registration and retrieval, image capture/upload via the local web UI, execution of the
screening microservice, and persistence of outputs (predicted Hb and associated artifacts)
into the local EHR store. When connectivity is available, the platform can optionally export
and synchronize structured observations through an FHIR-compatible interface. Quantita-
tive benchmarking of cryptographic overhead and network synchronization performance
is deferred to future work; in this revision, we report on-device screening latency and
predictive accuracy as the primary feasibility indicators.

4. Discussion

This study’s primary contribution is a constraint-aware, offline-first clinical platform
that executes the full point-of-care workflow on a single edge device (patient registration,
longitudinal record access, screening invocation, and secure local persistence) while treat-
ing cloud connectivity as an opportunistic enhancement rather than a dependency. The
anemia module is presented deliberately as a pluggable screening microservice within this
architecture: it exercises the platform’s core contract (capture — on-device inference —
structured write-back to the local EHR) and demonstrates how additional point-of-care
modules can be integrated without redesigning the EHR or Ul layers.

https://doi.org/10.3390/app1010000


https://doi.org/10.3390/app1010000

Appl. Sci. 2026, 1,0

22 of 53

A key design outcome of formalizing services and constraints is that it forces systems
choices to be evaluated against operational budgets, not solely against model metrics. The
microservice decomposition (core EHR + API, screening services, and an optional syn-
chronization gateway) isolates latency-critical inference from storage and interoperability
concerns, and makes end-to-end performance measurable at clear service boundaries. In
practice, this is what enables “offline-first” to be a verifiable property of the deployed
system rather than a qualitative aspiration.

Edge feasibility depends on pipeline latency, not single-model speed.

The on-device vision stage provides a concrete example of how platform feasibility
is determined by end-to-end runtime. Post-training INT8 quantization reduced nail-bed
detector latency from 46.96 ms to 21.50 ms (54.2% reduction) while preserving detection
quality at mAP@0.5 = 0.995, with a moderate decrease in mAP@0.5:0.95 (0.692 — 0.638).
In the deployed screening pipeline, ROI extraction executes locally on average ~22ms;
the downstream hemoglobin regression stage executes on average ~34 ms on the Jetson
Orin Nano, supporting interactive use in clinic workflows. More generally, these results
motivate treating quantization and compilation (e.g., TensorRT engines) as first-class design
levers in edge clinical systems because they directly determine whether screening can be
delivered within throughput constraints.

Hemoglobin estimation performance is shaped by training distribution policy.

Across the evaluated regressors and data strategies, the best-performing configura-
tions achieved test-set RMSE values on the order of ~2.0-2.2¢g/dL. In the most recent
evaluation, severity-balanced training paired with Support Vector Regression yielded the
lowest reported test RMSE (2.048 g/dL; test MAE 1.695g/dL), while remark-balanced
training paired with Gradient Boosting performed comparably (test RMSE 2.091 g/dL; test
MAE 1.794 g/dL). Random Forest remained competitive across both balancing regimes
(e.g., test RMSE 2.178 g /dL under remark balancing; 2.175 g/dL under severity balancing),
but was not consistently the top regressor in the latest sweep. These results reinforce an
important operational point: balancing decisions (remark- vs. severity-driven) are not
merely statistical conveniences; they are policy knobs that change the model’s error profile
in clinically relevant subpopulations. Table Al in Appendix A details all inference runs for
different models and data balancing strategies.

Raincloud error plots reveal systematic behavior on true-anemic test cases.

The raincloud plots summarize prediction error distributions restricted to true-anemic
test cases across data strategies for each model. Because the horizontal axis is (7 — y),
positive shifts correspond to hemoglobin overestimation, which can increase false negatives
under threshold-based screening. Across multiple model families, the unbalanced training
regime shows a tendency toward positive error shifts on true-anemic cases (overestimation),
whereas rebalancing strategies concentrate errors closer to zero and reduce extreme right-
tail behavior. A consistent qualitative pattern is that post-augmentation balancing (“Remark
Balanced Aug.”/“Severity Balanced Aug.”) often compresses the central mass of errors on
true-anemic cases, but this does not necessarily translate into improved global regression
metrics; in the latest results table, augmented variants generally exhibited higher test RMSE
than their non-augmented balanced counterparts. Practically, these plots provide a compact
way to inspect the failure mode that matters most for screening (missed anemic cases) and
to compare how strategy choice changes that failure mode across model classes.
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Augmentation is not automatically beneficial in small, color-sensitive datasets.

Although patch augmentation is commonly used to increase robustness to pose and
illumination variability, the most recent results show that augmented strategies increased
test error across both remark- and severity-balanced regimes (e.g., remark-balanced test
RMSE = 2.09-2.31 vs. remark-balanced-aug test RMSE = 2.52-3.13; severity-balanced test
RMSE = 2.05-2.31 vs. severity-balanced-aug test RMSE ~ 2.72-2.98 for the reported models).
This suggests that for this dataset and feature pipeline, augmentation as implemented may
introduce a distribution shift relative to the held-out test set, amplify nuisance variation
that the engineered features do not normalize, or simply increase variance in a small-N
setting. The correct takeaway is empirical: augmentation should be treated as a tunable
component whose benefit must be demonstrated under the target evaluation protocol,
rather than assumed.

Security and interoperability are intentionally scoped and offline-first.

The security and interoperability design is intentionally minimal but technically sound,
mirroring the pragmatic architecture used in mature modular EHR ecosystems: a local
clinical datastore as the source of truth, modular services for clinical functionality, and
standards-based interfaces at integration boundaries. Concretely, the platform enforces
a role-based access control (RBAC) boundary at the UI/API layer and encrypts sensitive
records and linked artifacts at rest using authenticated encryption (AES-GCM). Interoper-
ability is implemented as a best-effort, store-and-forward pathway: a local gateway queue
accumulates outbound events while offline and, when connectivity is available, synchro-
nizes a minimal set of external-facing resources (e.g., patient identifiers and screening
outputs mapped to FHIR-style Observation/Media constructs) to a configured endpoint.
This approach preserves offline operability and isolates integration concerns from core
clinical workflows, while remaining consistent with a module-oriented EHR architecture
where new screening services can be added without changing the core record system.

Limitations and next validation steps.

The dominant limitations concern translation rather than feasibility. The anemia
evaluation is based on a small public dataset (N = 250) and is likely sensitive to domain
shift (illumination, camera pipelines, skin-tone distributions, and protocol adherence),
which is especially salient for color-derived features. The detector results are strong on
the available validation imagery, but real-world acquisition variability may still affect
ROI quality and downstream features. Finally, while the platform implements practical
encryption, RBAC, and best-effort synchronization, this work does not claim full regulatory
compliance or comprehensive security hardening; rather, it demonstrates an implementable
baseline appropriate for offline-first deployments. The next step to strengthen clinical
credibility is prospective evaluation in the intended setting with standardized capture
guidance, subgroup reporting (e.g., by hemoglobin bin and acquisition conditions), and
explicit operating-point selection aligned to local referral capacity.

5. Conclusions

We presented a layered offline-first edge telemedicine platform designed for clinics
and outreach environments with intermittent connectivity and limited infrastructure. The
system consolidates local EHR storage, application logic, and modular on-device screening
microservices on a single embedded device, with a clinician-facing local web UI and
optional best-effort synchronization to external systems via a standards-oriented gateway.

As a representative plug-in screening service, we implemented fingernail-image-
based anemia screening using on-device nail-bed localization and hemoglobin estimation.

https://doi.org/10.3390/app1010000


https://doi.org/10.3390/app1010000

Appl. Sci. 2026, 1,0

24 of 53

On embedded hardware, post-training INT8 quantization reduced detector latency from
46.96ms to 21.50ms (54.2% reduction) while maintaining high detection performance
(mAP@0.5 = 0.995), supporting interactive point-of-care operation; the deployed pipeline
executes ROI extraction in ~22ms and hemoglobin regression in ~34 ms on the Jetson
Orin Nano. For hemoglobin estimation, a multi-strategy evaluation showed that training
distribution policy materially affects performance: the lowest reported test RMSE in the
most recent sweep was achieved by severity-balanced training with Support Vector Regres-
sion (2.048 g/dL; MAE 1.695 g/dL), while remark-balanced Gradient Boosting performed
comparably (2.091g/dL; MAE 1.794 g/dL). Augmented variants generally increased test
error in this evaluation, highlighting that augmentation must be validated rather than
assumed to be beneficial in small and color-sensitive datasets. Model selection is framed as
choosing an operating point rather than a single universally best estimator. On the held-out
test set (n = 50; anemic n = 14), a sensitivity-first configuration (remark-balanced Gradient-
Boosting) achieved 1.00 sensitivity (14/14) but reduced specificity (0.53; 19/36), reflecting
a triage-oriented policy that minimizes missed anemia at the expense of additional con-
firmatory testing. In contrast, an augmented unbalanced GradientBoosting configuration
achieved a more balanced tradeoff (sensitivity 0.79; specificity 0.81) at comparable RMSE,
indicating that the preferred model depends on deployment constraints and the acceptable
false-positive burden.

Overall, the results demonstrate the feasibility of secure, offline operation with inte-
grated Al screening and a pragmatic interoperability scope aligned with modular EHR
practice: RBAC at the UI/API boundary, AES-GCM encryption at rest for sensitive records
and artifacts, and best-effort store-and-forward synchronization to an external endpoint
when connectivity permits. Future work will focus on prospective field validation in the
intended deployment context, robustness reporting across clinically relevant subgroups
and acquisition conditions, and expansion to additional plug-in screening services within
the same edge EHR contract.

6. Future Work and Translation Roadmap

1.  Prospective field validation: Run a prospective study in the intended deployment
setting to quantify (i) MAE/RMSE for Hb regression, (ii) sensitivity/specificity at pre-
specified Hb thresholds, and (iii) operational metrics (time-to-result, capture failure
rate, re-capture rate).

2. Quality gating: Add input-quality checks (blur/exposure/nail visibility) and a simple
fail-safe policy (re-capture request or “no result”).

3.  Deployment hardening: Package pinned versions; add service health checks, struc-
tured logs, and crash recovery; verify consistent latency under concurrent Ul usage.

4.  Interoperability increment: Keep sync best-effort. Implement a minimal export con-
tract (patient/encounter IDs + screening Observation-style outputs + optional linked
images) via a queued gateway when connectivity is available.
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Appendix A. Supplementary Model Results

Additional predicted-vs-true plots, Bland—Altman agreement, and confusion matri-
ces for alternative regressors/classifiers. Moreover, model performance across different
strategies is shown in Table A1.

Table A1. Validation (Val) and test (Test) mean absolute error (MAE) and root mean squared error
(RMSE) across all strategies (including unbalanced and unbalanced aug) and model families. Lower
values indicate better predictive accuracy. In these results, the unbalanced RandomForest achieves
the best held-out performance with Test MAE = 1.493 and Test RMSE = 1.881, while augmentation
variants generally show higher test error than their non-augmented counterparts.

idx Strategy Model Val MAE Val RMSE Test MAE Test RMSE
4 unbalanced GradientBoosting 1.744805 2376128  1.657123 2.064130
3 unbalanced RandomForest 1.752682 2.364310 1.492580 1.881038
2 unbalanced Lasso 1.755545 2.354426  1.619063 2.055294
1 unbalanced Ridge 1.741066 2.309620  1.571398 2.000839
0 unbalanced ElasticNet 1.729408 2311786  1.624841 2.075797
5 unbalanced SupportVectorRegression  1.695306 2.324324  1.518676 1.931470
6 unbalanced HuberRegressor 1.768820 2.355575  1.707790 2.160689
7 unbalanced RANSACRegressor 1.836750 2.432478 1.872492 2.328339

28 unbalanced aug GradientBoosting 1.833560 2444962  1.686235 2.092567
27 unbalanced aug RandomForest 1.783460 2399692  1.707425 2.071885
26 unbalanced aug Lasso 1.909720 2.526389  1.818504 2.259129
25 unbalanced aug Ridge 1.889845 2.498913  1.826541 2.273066
24  unbalanced aug ElasticNet 1.889873 2499263  1.830098 2.273897
29 unbalanced aug SupportVectorRegression  1.812684 2410276  1.602212 2.062206
30 unbalanced aug HuberRegressor 1.903560 2.553992  1.843167 2.296513
31 unbalanced aug RANSACRegressor 1.897090 2.544045  1.886539 2.344043
12 remark balanced GradientBoosting 2.304291 2.875903  1.793817 2.091317
11  remark balanced RandomForest 2.202529 2.786093  1.789606 2.178235
10 remark balanced Lasso 2.403675 3.188720 1.773397 2.192696
9 remark balanced Ridge 2.301757 3.039550  1.784307 2.192869
remark balanced ElasticNet 2.293114 3.032196  1.802253 2.207815
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Table Al. Cont.

idx Strategy Model Val MAE Val RMSE Test MAE Test RMSE
13 remark balanced SupportVectorRegression  1.906287 2.546419 1.836397 2.312082
14 remark balanced HuberRegressor 2.680457 3.497003  2.343244 2.894390
15 remark balanced RANSACRegressor 2.819317 3.647884  2.193600 3.046019
36 remark balanced aug  GradientBoosting 2.300030 2928760  2.114073 2.524201
35 remark balanced aug  RandomForest 2.417166 3.013901  2.302483 2.694730
34 remark balanced aug  Lasso 2.511109 3.122034  2.487610 2.914302
33 remark balanced aug  Ridge 2.449691 3.076051  2.434495 2.847980
32 remark balanced aug  ElasticNet 2.465140 3.080420  2.514393 2.969631
37 remark balanced aug  SupportVectorRegression  2.198505 2780235  2.368737 2.767604
38 remark balanced aug  HuberRegressor 2.564206 3.226937  2.314693 2.834734
39 remark balanced aug RANSACRegressor 2.667010 3.359722  2.450812 3.131512
16  severity balanced ElasticNet 2.071649 2.699673  1.771473 2.209205
17  severity balanced Ridge 2.071691 2.695815  1.767760 2.224609
18 severity balanced Lasso 2.110076 2.738590  1.776973 2.241110
19 severity balanced RandomForest 1.958795 2.532324 1.776798 2.174799
20 severity balanced GradientBoosting 2.039298 2.603057  1.877912 2.308078
21 severity balanced SupportVectorRegression ~ 1.828047 2372644  1.694641 2.048299
22 severity balanced HuberRegressor 2.204231 2.912189 1.827314 2.346841
23  severity balanced RANSACRegressor 2.380310 3.442254  2.463980 4.201977
40 severity balanced aug ElasticNet 2.277669 2904024  2.531066 2.984675
41 severity balanced aug Ridge 2.277767 2904399  2.445523 2.845367
42  severity balanced aug Lasso 2.296876 2.946031  2.530658 2.982150
43  severity balanced aug RandomForest 2.207324 2.778476  2.382975 2.785850
44  severity balanced aug GradientBoosting 2.278527 2.859685  2.403471 2.718525
45 severity balanced aug SupportVectorRegression  2.110615 2.656923  2.359506 2.802018
46 severity balanced aug HuberRegressor 2.337203 2967802  2.293366 2.752779
47  severity balanced aug RANSACRegressor 2.405756 3.061265  2.548659 3.298975
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Figure A1l. Supplementary evaluation plots for ELASTICNET: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under
remark_balanced strategy.
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Figure A2. Supplementary evaluation plots for GRADIENT BOOSTING: predicted vs. true hemoglobin,
Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification
under remark_balanced strategy.
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Figure A3. Supplementary evaluation plots for HUBER REGRESSOR: predicted vs. true hemoglobin,
Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification
under remark_balanced strategy.
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Figure A4. Supplementary evaluation plots for LASSO: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under
remark_balanced strategy.
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Figure A5. Supplementary evaluation plots for RANDOM FOREST: predicted vs. true hemoglobin,
Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification

under remark_balanced strategy.
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Figure A6. Supplementary evaluation plots for RANSAC REGRESSOR: predicted vs. true hemoglobin,
Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification

under remark_balanced strategy.
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Figure A7. Supplementary evaluation plots for RIDGE: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under
remark_balanced strategy.
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Figure A8. Supplementary evaluation plots for SVR: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under
remark_balanced strategy.
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Figure A9. Supplementary evaluation plots for ELASTICNET: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under
remark_balanced_aug strategy.
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Figure A10. Supplementary evaluation plots for GRADIENT BOOSTING: predicted vs. true
hemoglobin, Bland-Altman agreement, and confusion matrices for binary and multiclass anemia
classification under remark_balanced_aug strategy.
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Figure A11. Supplementary evaluation plots for HUBER REGRESSOR: predicted vs. true hemoglobin,
Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification
under remark_balanced_aug strategy.

True vs predicted Hb Bland-Altman (test)
Remark balanced aug | Lasso Bias=-2.04, LoA=[-6.12, 2.05]
161 ¢ Tain(cv) e
x  Test . ,,'" . — L
3 14 ce vt R 3
3 o, Besd s B
2 oy . b RIS =
12 35
2 ,,.1 ¢ ® .*&‘ 2
TiolX I X PR g
310—_1 30 L% e, F =
S LI O T | "
@ 81 xX '/: X F o
£ % . g X 1]
6] L a _10 e Train (CV) |
s o x  Test
4 T T T T T T T T T T T
50 7.5 10.0 125 15.0 6 8 10 12 14 16
True Hb (g/dL) Mean(True, Pred) Hb (g/dL)
Binary (Hb<12)
Sens=0.93 Spec=0.19 Severity (4-class)
Severe - 0 2 0 0 -
Non-anemic - 7
Moderate - 0 4 1 0 F
[ [
= =
Mild 0 1 3 1 +
Anemic - 1 13
Normal 4 0 ] 24 7 r
T T T T T
. < >
e((\\(, e&\ \\@& 6’5@ ®6 &\'o
& W & & ®
$°Q <
Predicted
Predicted

Figure A12. Supplementary evaluation plots for LASSO: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under
remark_balanced_aug strategy.
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Figure A13. Supplementary evaluation plots for RANDOM FOREST: predicted vs. true hemoglobin,
Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification
under remark_balanced_aug strategy.
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Figure A14. Supplementary evaluation plots for RANSAC REGRESSOR: predicted vs. true
hemoglobin, Bland-Altman agreement, and confusion matrices for binary and multiclass anemia
classification under remark_balanced_aug strategy.
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Figure A15. Supplementary evaluation plots for RIDGE: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under
remark_balanced_aug strategy.
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Figure A16. Supplementary evaluation plots for SVR: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under
remark_balanced_aug strategy.
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Figure A17. Supplementary evaluation plots for ELASTICNET: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under
severity_balanced strategy.
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Figure A18. Supplementary evaluation plots for GRADIENT BOOSTING: predicted vs. true
hemoglobin, Bland-Altman agreement, and confusion matrices for binary and multiclass anemia
classification under severity_balanced strategy.
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Figure A19. Supplementary evaluation plots

for HUBER REGRESSOR: predicted vs. true hemoglobin,

Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification

under severity_balanced strategy.
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Figure A20. Supplementary evaluation plo

ts for LASSO: predicted vs. true hemoglobin, Bland-

Altman agreement, and confusion matrices for binary and multiclass anemia classification under

severity_balanced strategy.
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Figure A21. Supplementary evaluation plots for RANDOM FOREST: predicted vs. true hemoglobin,
Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification
under severity_balanced strategy.
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Figure A22. Supplementary evaluation plots for RANSAC REGRESSOR: predicted vs. true
hemoglobin, Bland-Altman agreement, and confusion matrices for binary and multiclass anemia
classification under severity_balanced strategy.

https://doi.org/10.3390/app1010000


https://doi.org/10.3390/app1010000

Appl. Sci. 2026, 1,0

39 of 53

True vs predicted Hb
Severity balanced | Ridge

161 ¢ Tainw LS |
x  Test %, .
3 141 F
o
_§ 121 r
.
S 104 fon T % L
o] .
£ % IX %%
k=i 1 e o L
6 X// R
t/l
4 T T T T T
5.0 7.5 10.0 125 15.0
True Hb (g/dL)
Binary (Hb<12)
Sens=0.86 Spec=0.69
Non-anemic 1 -
CI)
=]
=
Anemic 2 12 F
T T
& &
(\6& (\QJ&
b v
&
Predicted

True

Bland-Altman (test)
Bias=-0.80, LoA=[-4.87, 3.27]

=
2
S
Qo
T
[}
2
=
| S K yemm e L
- -5.0 *
19 x °
& =751 e Train(CV) I
1001 X .Test |
T T T T T T
6 8 10 12 14 16
Mean(True, Pred) Hb (g/dL)
Severity (4-class)
Severe - 1 1 0 0
Moderate - 0 1 4 0
Mild 4 0 0 3 2
Normal 1 © 2 9

« e@ y ?}g, ®b
(,)% @0621
Predicted

Figure A23. Supplementary evaluation plots for RIDGE: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under

severity_balanced strategy.
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Figure A24. Supplementary evaluation plots for SVR: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under

severity_balanced strategy.
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Figure A25. Supplementary evaluation plots for ELASTICNET: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under

severity_balanced_aug strategy.
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Figure A26.

Supplementary evaluation plots for GRADIENT BOOSTING: predicted vs. true
hemoglobin, Bland-Altman agreement, and confusion matrices for binary and multiclass anemia

classification under severity_balanced_aug strategy.
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Figure A27. Supplementary evaluation plots for HUBER REGRESSOR: predicted vs. true hemoglobin,
Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification

under severity_balanced_aug strategy.
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Figure A28. Supplementary evaluation plots for LASSO: predicted vs. true hemoglobin, Bland-

Altman agreement, and confusion matrices
severity_balanced_aug strategy.

for binary and multiclass anemia classification under
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Figure A29. Supplementary evaluation plots for RANDOM FOREST: predicted vs. true hemoglobin,
Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification
under severity_balanced_aug strategy.
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Figure A30. Supplementary evaluation plots for RANSAC REGRESSOR: predicted vs. true
hemoglobin, Bland-Altman agreement, and confusion matrices for binary and multiclass anemia
classification under severity_balanced_aug strategy.

https:/ /doi.org/10.3390/app1010000


https://doi.org/10.3390/app1010000

Appl. Sci. 2026, 1,0 43 of 53

True vs predicted Hb Bland-Altman (test)
Severity balanced aug | Ridge Bias=-2.00, LoA=[-5.97, 1.96]
164 ° Train (CV) L
X Test — L
3 141 3
2 ° >
E) S
S, ¢ e L =
I "! ; !3‘2 i
° 1.8 X 3}-/ L =]
S 104e% , ¢ 2
9 s e &'. o = L
B g, ox !
D 871 XX .7 . r o
- e . <
64 . L o —104 e Train (CV) [
. s o X Test
5.0 7.5 10.0 125 15.0 6 8 10 12 14
True Hb (g/dL) Mean(True, Pred) Hb (g/dL)
Binary (Hb<12)
Sens=0.93 Spec=0.17 Severity (4-class)
Severe - 0 2 0 0 -
Non-anemic - 6
Moderate - 0 4 1 0 r
CI) (D
= =
Mild 4 0 1 3 1 +
Anemic - 1 13
Normal - 0 6 6 L
T T T T T
< < e N
& & & & «
& o ¢ & N5
&o «
) Predicted
Predicted

Figure A31. Supplementary evaluation plots for RIDGE: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under
severity_balanced_aug strategy.
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Figure A32. Supplementary evaluation plots for SVR: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under
severity_balanced_aug strategy.
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Figure A33. Supplementary evaluation plots for ELASTICNET: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under
unbalanced strategy.

True vs predicted Hb Bland-Altman (test)
Unbalanced | GradientBoosting Bias=0.17, LoA=[-3.86, 4.21]
164 ° Tain(CV) L 81 o © Train(CV) I
x  Test .
—_ . )
= 141 3 3
S fee . & )
2 12 o X F a
S ox ox g% f,
Z 10 . e F 2
5 o o =
S g o 0 L |
< s ° 2
o e . E,;_'f
6 1 x,/ r
l'l
4 T T T T T T T T T T T
5.0 7.5 10.0 125 15.0 6 8 10 12 14 16
True Hb (g/dL) Mean(True, Pred) Hb (g/dL)
Binary (Hb<12)
Sens=0.43 Spec=0.89 Severity (4-class)
Severe - 1 0 1) 0
Non-anemic r
Moderate - 0 0 3 2
CI) [
E E
Mild - 0 1 0 6
Anemic 8 6 F
Normal - o 1 3
T T
RS Y 2 2 O
& N z@ & &
& © E &
&o ~
Predicted
Predicted

Figure A34. Supplementary evaluation plots for GRADIENT BOOSTING: predicted vs. true
hemoglobin, Bland-Altman agreement, and confusion matrices for binary and multiclass anemia
classification under unbalanced strategy.
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Figure A35. Supplementary evaluation plots for HUBER REGRESSOR: predicted vs. true hemoglobin,
Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification

under unbalanced strategy.
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Figure A36. Supplementary evaluation plots for LASSO: predicted vs. true hemoglobin, Bland-Altman
agreement, and confusion matrices for binary and multiclass anemia classification under unbalanced

strategy.
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Figure A37. Supplementary evaluation plots for RANDOM FOREST: predicted vs. true hemoglobin,
Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification
under unbalanced strategy.
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Figure A38. Supplementary evaluation plots for RANSAC REGRESSOR: predicted vs. true
hemoglobin, Bland-Altman agreement, and confusion matrices for binary and multiclass anemia
classification under unbalanced strategy.
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Figure A39. Supplementary evaluation plots for RIDGE: predicted vs. true hemoglobin, Bland-Altman
agreement, and confusion matrices for binary and multiclass anemia classification under unbalanced

strategy.
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Figure A40. Supplementary evaluation plots for SVR: predicted vs. true hemoglobin, Bland-Altman
agreement, and confusion matrices for binary and multiclass anemia classification under unbalanced
strategy.
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Figure A41. Supplementary evaluation plots for ELASTICNET: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under

unbalanced_aug strategy.
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Figure A42.

Supplementary evaluation plots for GRADIENT BOOSTING: predicted vs. true

hemoglobin, Bland-Altman agreement, and confusion matrices for binary and multiclass anemia

classification under unbalanced_

aug strategy.
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Figure A43. Supplementary evaluation plots for HUBER REGRESSOR: predicted vs. true hemoglobin,
Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification
under unbalanced_aug strategy.
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Figure A44. Supplementary evaluation plots for LASSO: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under

unbalanced_aug strategy.
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Figure A45. Supplementary evaluation plots for RANDOM FOREST: predicted vs. true hemoglobin,
Bland-Altman agreement, and confusion matrices for binary and multiclass anemia classification

under unbalanced_aug strategy.
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Figure A46. Supplementary evaluation plots for RANSAC REGRESSOR: predicted vs. true
hemoglobin, Bland-Altman agreement, and confusion matrices for binary and multiclass anemia
classification under unbalanced_aug strategy.
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Figure A47. Supplementary evaluation plots for RIDGE: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under
unbalanced_aug strategy.
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Figure A48. Supplementary evaluation plots for SVR: predicted vs. true hemoglobin, Bland-
Altman agreement, and confusion matrices for binary and multiclass anemia classification under

unbalanced_aug strategy.
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