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Abstract

Objective: Determine whether data collected from a smartphone camera can be used to detect anemia in a pediatric
population.

Methods: HEMO-AI (Hemoglobin Easy Measurement by Optical Artificial Intelligence), a clinical study carried out from
December 2020 to February 2023, recruited patients from the Pediatric Emergency Department, Pediatric Inpatient
Department and Pediatric Hematology Unit of the Haemek Medical Center, Afula, Israel. A population-based sample of
823 patients aged 6 months to 18 years who had undergone a venous blood draw for a complete blood count since
being admitted to the hospital were enrolled. Patients with total leukonychia, nailbed darkening or discoloration due to
medication, nail clubbing, clinically indicated jaundice, subungual hematoma, nailbed lacerations, avulsion injuries, or
nail polish applied on fingernails were not eligible for study recruitment. Video and images of the patients’ hand placed
in a collection chamber were collected using a smartphone camera.

Results: About 823 samples, 531 from a 12.2 megapixel camera and 256 from a 12.2 megapixel camera, were collected.
About 26 samples were excluded by the study coordinator for irregularities. About 97% of fingernails and 68% of skin sam-
ples were successfully identified by a post-trained machine learning model. Separate models built to detect anemia using
images taken from the Pixel 3 had an average precision of 0.64 and an average recall of 0.4, whereas models built using the
Pixel 6 had an average precision of 0.8 and an average recall of 0.84. Further supplementation of training data with synthetic
data boosted the precision of the latter to 0.84 and the average recall to 0.87.

Conclusions: This study lays the groundwork for the future evolution of non-invasive, pain-free, and accessible anemia
screening tools tailored specifically for pediatric patients. It identifies important sample collection parameters and design,
provides critical algorithms for the pre-processing of fingernail data, and reports an initial capability to detect anemia with
87% sensitivity and 84% specificity.

Trial Registration: Prospectively registered on www.clinicaltrials.gov (Identifier: NCT04573244) on 15 September 2020, prior
to subject recruitment.
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Key points

• Question: Can smartphone cameras be used to detect
anemia in the pediatric population?

• Findings: In this clinical study that included 823 chil-
dren aged 6 months to 18 years, we developed a
machine learning model to classify anemia with 87%
sensitivity and 84% specificity.

• Meaning: Machine learning algorithms have the poten-
tial to detect anemia in pediatric patients using only a
smartphone camera.

Introduction
The emergence of artificial intelligence (AI) in healthcare
has begun to transform diagnostics, and as of October
2022, the FDA has approved 521 artificial intelligence
and machine learning-enabled medical devices.1 Nearly
3% of these approved devices are hematology devices
and include several devices for the analysis of blood
taken for a complete blood count (CBC). To date, an
entirely non-invasive AI-enabled device for blood compo-
nent monitoring has yet to receive FDA approval.

Anemia is defined as either a reduced absolute number
of circulating red blood cells (RBCs), a diminution in the
volume of occupied RBCs, or an insufficiency of the
RBCs to meet physiological oxygen-carrying capacity
needs.2 It is the most widespread hematological condition
globally and affected 42% of children under 5 years of
age in 2016.2 Anemia is associated with negative health
outcomes in the pediatric population, including delayed
cognitive and behavioral development3 and functioning.4

Clinical symptoms of anemia include fatigue, shortness of
breath, palpitations, and clinical pallor.5

Anemia is most often diagnosed through a venous blood
draw in the clinical setting, relying on several blood para-
meters, including hemoglobin (Hb), hematocrit, RBC count,
mean corpuscular volume, and others. Whereas Hb often pro-
vides the first clue as to an individual’s status, the other mea-
surements, coupledwith a detailed clinical history, are used in
diagnostic algorithms to pinpoint the cause of anemia.6,7 The
World Health Organization’s recommendations on the use of
Hb concentration for diagnosing anemia, which has been
widely accepted since its publication, provide a summary
table outlining blood Hb levels to diagnose anemia stratified

by age, sex, and pregnancy. Importantly, it states that children
from 6months to 14 years of age are non-anemic if their blood
Hg level is higher than 11–12 grams per deciliter.8

The bulk of anemia screening is carried out in the health-
care setting through the CBC, a routine medical procedure
requiring a venous blood draw and specialized machinery.
At scale, the CBC is the most accurate and cost-effective
anemia screening methodology. However, it necessitates
an invasive and painful blood draw by a trained professional,
does not provide instantaneous results, and relies on expen-
sive machinery and trained technicians.9 This makes it par-
ticularly inaccessible in underdeveloped countries. The
HemoCue, introduced in 1980, attenuates, but does not alle-
viate, these pain points, as it requires blood from a finger
prick and specialized machinery, yet can provide results in
about 1 minute.10 A further advancement in attenuating
some of the pain points associated with the CBC came
with the introduction of the Masimo Radical-7 SpHb
Station which allows for entirely non-invasive blood meas-
urement, albeit at the cost of precision.11 Importantly, the
unique absorption spectra of Hb and its derivatives were
characterized nearly a century ago.12

Recognizing the need for a noninvasive and accessible
tool for anemia detection and taking into account the
known colorimetric element of anemia (i.e., pallor at dis-
tinctive anatomical sites), a flurry of studies have
explored the feasibility of using a smartphone for blood
Hb measurements in the past few years (summarized in
Wemyss et al.9). Many of these studies have employed
machine learning because it can create an objective func-
tion out of previously subjective measures in multifactor-
ial scenarios, such as that in anemia screening where
blood coloration in fingernails, noise from ambient light-
ing, skin tone, and age can all play a role. Each study
addresses the inherent combined challenges of ambient
lighting, feature selection, color channels, and model
input slightly differently, and together paint a promising
picture of the future of anemia detection using smart-
phones. However, studies suffer from small sample
sizes, ranging from 29 to 344 individuals, and all but
one include data solely from adults. Therefore, there
remains a need to develop a smartphone-based anemia
screening technology suited for the pediatric population
using a robust and representative dataset with broad
applicability to the greater population.
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Materials and methods

Participant recruitment and selection criteria

Patients were recruited from the Pediatric Emergency
Department (PED), Pediatric Inpatient Department (PD),
and Pediatric Hematology Unit (PHU) of the Haemek
Medical Center, Afula, Israel from December 2020 until
February 2023. Written informed consent was obtained by
parents/guardians of enrolled participants according to the
approved protocols and procedures received from the
Helsinki Committee of the Haemek Medical Center (study
name: HEMO-AI, approval number 0150-20-EMC). The
study was prospectively registered on www.clinicaltrials.
gov (Identifier: NCT04573244) on 15 September 2020,

prior to subject recruitment. Enrollment criteria can be
found in this article’s Supplementary Methods Section.

Data collection

Patients were instructed to place their hands in a customized
chamber, described in the Supplementary Methods Section
and in Supplementary Figure 1, in a splayed position for data
collection. AnAndroid-native application (app) was designed
and developed for the purpose of the study data collection,
described further in the Supplementary Methods Section.
The app was loaded onto a phone (GP3) with a 12.2 mega-
pixel rear-facing camera and on a separate phone (GP6)
with a 50 megapixel rear-facing camera.

Figure 1. Overview of data collection and processing pipeline. (a) Signal extraction occurs by collecting 5–15 s of video on a smartphone
camera from the patient’s hand situated in a collection chamber. The video is then parsed to individual frames. (b) Individual frames are
put through a set of pre-processing steps. The post-trained YOLO model detects a swatch of skin from the middle finger and the four
fingernails from the index, middle, ring, and little fingers. The skin swatch is matched to its corresponding monk skin tone. The fingernail
images undergo a quality scoring and resizing pipeline, at the end of which a composite image of the top 100 fingernail frames is
generated. The gain from 15 different color channels is extracted. (c) Three distinct models were trained and evaluated. The upper panel
depicts the development of a model using images collected with a GP3, the middle panel depicts the development of a model using images
collected with a GP6, and the lower panel depicts the development of a model using images collected with a GP6, which was supplemented
with SMOTE-generated images for the training of the model.
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Data preprocessing

Fingernails from patient images were manually tagged and
used to post-train an object-detection classifier, YOLOv8
(You Only Look Once), to detect patient fingernails from
a set of images.13 A histogram representing the color inten-
sity was constructed for 15 color channels and was input
into the machine learning model. Additionally, a 50× 50
pixel area of skin from the middle finger was detected
and automatically matched to its corresponding monk
skin tone (MST) swatch which was input into the
machine learning model along with the relative error of
detected MST to account for inter-level variability.14

Figure 1(a) and (b) depicts the data preprocessing workflow
and further information on the data preprocessing pipeline
can be found in this article’s Supplementary Methods
Section.

Anemia classification algorithms

XGBoost, a scalable gradient-boosted decision tree machine
learning algorithm15 was trained on 80% of the clinical
dataset and then tested on the remaining 20% of the dataset.
A twofold cross-validation was performed for each model
iteration whereby the training set was split in half to optimize
themodel hyperparameters. Eight independent test-train splits
were conducted and eight separate classification models were
built to observe the reproducibility and consistency of the
model when trained with different samples. The Synthetic
Minority Over-sampling Technique (SMOTE) was used to
generate additional artificial anemia examples for the train
set.16 Figure 1(c) depicts the training and evaluation pipelines.
Model hyperparameters included a maximum tree depth of
3, a learning rate of 0.5, a Logloss loss function, and grid
search for hyperparameter tuning. Model development was
performed using Sklearn in the Python 3.8 object-oriented
programming language. Performance evaluation metrics
included recall (sensitivity), accuracy, precision (positive pre-
dictive value), f1 score, and area under the curve (AUC) of the
receiver operating characteristic (ROC) curve.

Results

Clinical study results

We collected 823 clinical samples from pediatric patients
who visited the PED, and PHU from patients who were hos-
pitalized in the PD at HaEmek Medical Center. About 36
samples were excluded by the study coordinator for irregu-
larities, including fingernails that were photographed with
fingernail polish. Samples were collected using a GP3
from December 2020 until June 2022 (n= 531) and then
using a GP6 from June 2022 until February 2023 (n=
256). Figure 2 depicts a CONSORT diagram presenting
sample collection. Most samples were collected in the
PED from patients as they underwent a CBC, with an add-
itional ∼10% of samples gathered in the PHU and PD from
patients whose CBC had been previously recorded and
were found to be anemic. Anemic patients were signifi-
cantly older than non-anemic patients in the first round of
sample collection (p< 0.01, Table 1), whereas anemic
patients were significantly younger than non-anemic
patients in the second round of sample collection (p<
0.0001, Table 1). No significant differences were noted
for sex between anemic and non-anemic patients in either
round of sample collection. Histograms depicting the distri-
bution of both data sets are presented in Supplementary
Figure 2.

Fingernail detection

We developed a model to autonomously distinguish finger-
nails and skin sections from other sections of the parsed
images, serving as essential inputs for the subsequent algo-
rithm designed to quantify blood Hb concentrations. A pre-
trained machine learning YOLO model was post-trained
using 329 tagged images of the patients’ fingernails and repre-
sentative skin section. The model’s performance was then
tested on 44 images. The model successfully identified 97%
of fingernails and 68% of skin samples. Figure 3(c) and (d)
depicts the confusion matrix and the associated precision-

Figure 2. Flow diagram of patients enrolled in the Hemoglobin Easy Measurement by Optical Artificial Intelligence (HEMO-AI) study.
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confidence curve for the fingernail detection process along
with a set of representative training (Figure 3(a)) and represen-
tative test samples (Figure 3(b)). Fingernails detected from
images or videos taken with the GP3 were each 20× 20
pixels (400 pixels total), whereas fingernails detected from
images or video taken with the GP6 were 80× 80 pixels
(6400 pixels total).

Anemia classification model

About 8500 fingernail images from 85 anemic patients and
34,900 fingernail images from 349 non-anemic patients
were taken with a GP3 and separately, 4200 fingernail
images from 42 anemic patients and 18,900 fingernail
images from 189 non-anemic patients taken with a GP6
were used to train and validate eight independent iterations
of the XGBoost model. Importantly, all 100 images from
each individual were pooled together and presented as
one composite image to either the train or test dataset
once per model iteration. Samples with a blood Hb level
below 11 g/dL were classified as anemic, whereas
samples above 12 g/dL were classified as non-anemic.
The mean accuracy for the model using images taken
from the GP3 phone was 0.51 with an average precision
of 0.64, average recall of 0.4 and an average ROC AUC
of 0.53. The mean accuracy for the model using images
taken from the GP6 phone was 0.79 with an average preci-
sion of 0.8, average recall of 0.84 and an average ROC
AUC of 0.81. Supplementary Table 1 presents the metrics
of each of the eight independent test-train iterations. To
train the model on a more balanced anemia/non-anemia
sample set, we used the SMOTE computational technique
to generate new artificial anemia samples for the training
set (n= 118). We trained 20 independent iterations with cor-
responding random and independent train-test splits of the
XGBoost model. The mean accuracy for the model using
images taken from the GP6 phone was 0.85 with an
average precision of 0.84, average recall of 0.87, and an
average ROC AUC of 0.93. Supplementary Table 2 presents
the independent metrics of each of the 20 test-train iterations
and Figure 4 presents the average ROC curve with the corre-
sponding mean AUC and CI. The mean sensitivity of these
models is 87% and the mean specificity is 84%.

Discussion
The results of our study provide a framework for the contin-
ued development of a non-invasive, pain-free, and access-
ible anemia screening tool for the pediatric patient that
does not require specialized and costly machinery or expert-
ise. We honed machine learning models that automatically
detect fingernails of all sizes while in motion as a crucial
preprocessing step for widespread adoptability of any
smartphone-based anemia classification algorithm. The
pipeline parses video to images and extracts color channelTa
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histogram data and statistics from each finger in each frame
of the video. Anemia detection algorithms were sensitive to
image quality, as measured by pixel density, and performed
well only when trained and tested on images taken with the
GP6 (released in October 2021) and not from the GP3
(released in October 2018). The sensitivity (87%) and spe-
cificity (84%) of our anemia classification pipeline provide
an attractive alternative for anemia screening in the context
of routine well-baby visits, annual checkups, or in under-
served populations.

Whereas our anemia screening algorithms are first devel-
oped on a large dataset of pediatric patients, other tools
developed for the non-pediatric population provided
important benchmarks for the development of our pipeline.
The vast majority of studies undertaken to date use photo-
graphs of the eye, including the sclera,17 retinal fundus,18

or lower eyelid.19 Others used fingernail20 or fingertip
images.21 Many also grapple with the effect of ambient
light on the quality of the photograph, a feature more
easily controlled when photographing the hand as
opposed to the facial region. The design and employment
of a specialized photo collection chamber for our study

(Supplementary Figure 1) was essential for controlling for
ambient lighting conditions, thereby ensuring consistency
and minimizing extraneous variables, which enhances the
accuracy and repeatability of the image data obtained.
The materials used to construct the specialized photo col-
lection chamber—wood, masking tape, and black cloth—
are economical and portable, making it an optimal tool
for utilization in underserved populations and adaptable to
a myriad of settings, thereby democratizing access to this
technology.

Previous studies count anemic patients with inherited
forms of anemia (i.e., sickle cell anemia or thalassemia)
as the majority of anemic patients in their cohort. This
restricts the model’s generalizability, as the idiosyncrasies
and unique characteristics of this cohort may not accurately
reflect the heterogeneity and diverse manifestations of the
condition in the broader population. Furthermore, this
limits the potential intended purpose of the technology, as
regulatory bodies will most likely restrict the intended
purpose of the device to match that of the study population.

In our anemia detection pipeline, we made the deliberate
choice to use videos over static images, a decision that

Figure 3. Automatic fingernail detection. (a) A set of representative training samples for the post-training of the YOLO fingernail and skin
detection model. (b) A set of representative labeled samples tagged by the post-trained YOLO fingernail and skin detection model. (c)
Confusion matrix for the fingernail, skin, and background detection process. (d) Precision recall curve for the model is shown. Precision
represents the positive predictive value of the algorithm, whereas recall represents the sensitivity of the model.
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significantly enriched our data pool for machine learning
models. By parsing each video into hundreds of individual
frames, we were able to extract a multitude of data points
from a single sample. Crucially, we implemented a strict
policy of single representation for each individual’s
samples: the images parsed from a particular person’s
video were pooled and utilized only once per k-split
model, in either the training set or test set, but not both.
This approach ensured that each individual’s samples
were exclusively represented once in either the test set or
the training set, thereby preserving the integrity and vari-
ability of the datasets. This shift to video data was
enabled through the post-training of the YOLO machine
learning model to specifically identify fingernails and a
skin swatch from the finger in each frame. This approach
not only expanded our data repository but also helped to
enhance the overall performance of our anemia detection
models by enabling more nuanced and varied data for train-
ing. In general, drawbacks of using videos over images can
include poorer image quality and noise due to compression,
which were outweighed by the advantages of videos in our
sample set and pipeline.

Our pipeline recognizes the need to account for skin tone
when utilizing images to screen for anemia, given the

known racial bias in pulse oximetry measurements.22

Variations in skin pigmentation can significantly influence
the accuracy of color-based assessments, introducing poten-
tial bias and disparity in diagnosis. Neglecting to account
for this variable could inadvertently perpetuate the issues
experienced with pulse oximetry, wherein darker skin pig-
mentation has been linked to less accurate measurements.
The introduction of the MST14 and the matching of an
individual’s skin tone to a correlative MST (Figure 1) pro-
vides the groundwork for an integrative approach to
ensure equitable and accurate anemia detection across
diverse populations.

Limitations of our study include the relatively small
sample size of the data set used to train the algorithms and
the non-normal distribution of ages and significant differ-
ences of ages between anemic and non-anemic patients.
The former stems from our decision to recruit patients from
the general population, mostly in the PED, and not from
more anemia-prone clinical settings. This decision was
made considering the notable phenotypic abnormalities of
RBCs in sickle-cell anemic and thalassemic patients, which
we hypothesized would affect the colorimetric properties of
the blood and the notable pallor of cancer patients undergoing
chemotherapy, a phenomenon not directly related to blood

Figure 4. Anemia detection model performance. (a) Mean area under the receiver operating characteristic curve of 0.75 for the XGBoost
model with 95% CIs representing the variation of 20 independent model runs.
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Hb levels. Algorithms trained with such patient samples may
learn to classify individuals based on the unique physio-
logical presentations mentioned, and not by blood Hb
levels as mentioned above. To address the limitations of
sample size and age differences, we trained eight separate
and independent algorithms using eight random train-test
splits. The results and metrics of the algorithms were consist-
ent and indicative of a robust methodology for classifying
anemia using the input data. Furthermore, we utilized the
SMOTE, a computational tool often used in the field of
health informatics to address the issue of imbalance in data-
sets by generating artificial examples from the minority
class (anemic patients). This is achieved by pinpointing char-
acteristics within the minority data points and creating new
instances that, while similar, exhibit minor variations, result-
ing in a more evenly distributed dataset for better medical
research outcomes. Importantly, SMOTE was used only on
images in the training set, thereby improving the training cap-
abilities of the model without hampering its evaluation.

Another limitation of our study stems from the deliberate
omission of samples with Hgb values between 11 and 12 g/dL
(GP3= 97/531, GP6= 25/256). While this exclusion limits
the clinical application of the algorithm, it was taken in con-
sideration of the WHO recommendations, which demarcate
anemia at 11.0 g/dL, 11.5 g/dL, or 12.0 g/dL for different
pediatric populations. As there were no enough data to
create age- and gender-specific algorithms, the 11–12 g/
dL range was excluded. With additional data collection,
we could establish models divided by age and gender,
and their corresponding clinical cutoffs for anemia. We
could also build and train independent models for different
skin tones. This would facilitate the inclusion of samples
within the aforementioned Hb range, thereby enhancing
the model’s inclusivity and accuracy.

Conclusions
Our research offers promising insights that lay the ground-
work for the future evolution of non-invasive, pain-free,
and accessible anemia screening tools tailored specifically
for pediatric patients. Our approach harnesses state-of-the-art
technology to potentially enable care equity regardless of
gender, skin tone, or age. Given the sensitivity of this popu-
lation to pain and the profound impact anemia can have on
their development, the advantages of a non-invasive classifi-
cation pipeline are multifaceted. This method mitigates the
discomfort and fear often associated with invasive CBCs,
enhancing the patient experience, adherence to screening
protocols, and, consequently, early detection rates. Our
results also indicated that the performance of anemia detec-
tion algorithms was sensitive to image quality, as defined
by pixel density. Therefore, a potential avenue for future
research lies in optimizing these algorithms for diverse
imaging capabilities of various smartphone models, as
current models performed well exclusively with images

captured by GP6, but not GP3. As we move forward, we
aim to address the limitations of our current model,
broaden its applicability, and thereby democratize access to
efficient and painless anemia screening, potentially trans-
forming the prognosis for children worldwide.
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