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Anaemia, a decrease in total concentration of haemoglobin (Hb) in blood, affects substantial
percentage of the population worldwide. Currently, the gold standard for determining the Hb

level is the invasive analysis of venous blood. Yet, more and more research groups demonstrate

the possibility of non-invasive Hb assessment using white light imaging of tissue sites where Hb is
the main chromophore, in particular, fingernails. Despite the promising declarations, non-invasive
Hb assessment via RGB-imaging is still poorly used in practice. The main reason is the difficulty in
establishing the true accuracy of the methods presented in different works since they are tested on
private datasets collected under different experimental conditions. Here we present an open dataset
containing RGB images of skin and fingernails for patients with a known level of Hb, thus providing
a single benchmark for researchers and engineers in the field, aimed at fostering translation of non-
invasive imaging methods to the bedside.

Background & Summary

Overview of data collection goals. Haemoglobin (Hb), the main protein in the human blood, is responsi-
ble for oxygen transport in the organism. The total Hb concentration in blood (hereinafter referred to as Hb level)
is a significant clinical parameter. Anaemia, i.e. a decrease of the Hb level, affects approximately 29% of non-preg-
nant women, 38% of pregnant women and 43% of children!~®. Undiagnosed or improperly treated anaemia can
lead to adverse outcomes for the newborns, increased risk of complications, and reduce quality of life**.

The gold standard for Hb assessment is the invasive venous blood sampling followed by standard assays®.
Such an analysis requires qualified personnel for biomaterial sampling, certified laboratory equipment, and,
most important, it is costly, time-consuming, and hurtful for the patient®. Thus, non-invasive methods allowing
for immediate and painless determination of the Hb level are of high demand.

Since Hb is the dominant chromophore in the human organism, most of the suggested non-invasive methods
for its assessment are based on the estimation of light attenuation in various tissues sites. The measured light
attenuation is then calibrated according to the Hb level obtained using the reference (invasive) techniques.

. Generally, to achieve high accuracy of non-invasive Hb assessment, imaging is performed for the tissue sites
where the impact of melanin, the skin pigment responsible for its brown colour, is negligible. The state-of-art
results in non-invasive Hb assessment are summarized in Table 1.

The first class of works report on the possibility of non-invasive Hb determination from the RGB images of
the eye palpebral or bulbar conjunctiva, yielding the standard error of ~15-20 g/L’*%, and some of them present
datasets with raw images®'>!2. The second class of works demonstrate the possibilities of non-invasive prediction
of blood parameters using images of the fundus and external eye!>~'”. Some of them include a large number of
patients involved (10*-10°) and provide a ~10 g/L standard error of the Hb level assessment'® and the anaemia
prediction with F-score of 0.8!17. Yet, training of models in these works was carried out on unbalanced datasets,
where most of the Hb levels exceeded 110 g/L, i.e., were close to the normal values. Moreover, the conjunctiva
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Number of Online availability | Best 95%-limits of agreement, | (min, max)

Ne | patients involved | meta-|raw data g/L (—2SD, 2SD) Hbrangeg/L | Tissue site Reference
1 344 Yes No (—42, 44) (47,196) Conjunctive 7
2 710 Yes Yes (—35,36) (31, 150) Conjunctive 8
3 1065 No No (—37,37)! (60, 180) Conjunctive °
4 218 Yes | Yes - (70,174) Conjunctive, sclera 10
5 117 No No (—54, 54)* (43,182) Conjunctive 1
6 218 Yes | Yes — (70, 174) Conjunctive 12
7 94 No No (—34,34)° (66,161)° Conjunctive 13
8 153 No No (—22,23) (45, 190) Conjunctive 14
9 57163 Yes Yes (—18,19) (80, 175) Fundus 15
10 | 14814 No No (—19,18) (60,180) Fundus 16
11 | 38398 No |No — External eye 7
12 | 1216 Yes No (—25, 30) (77,192) Fingertip ©
13 | 148 No No (—48,15) — Fingertip 20
14 | 440 No No (—23,21) (80,180) Fingertip 21
15 | 122 No No (—22,39) (90, 176) Fingertip 2
16 | 299 No No (—37,28) (80,180) Fingertip 3
17 |35 No No (—30,19) (60,160) Fingertip =
18 | 677 No No (—43, 30) (60, 180) Fingertip 2
19 | 100 No No (—24,24) (60,160) Fingernail 3
20 |353 No No (—11,11) — Fingernail 3
21 | 220 No No (—10,10) — Fingernail 37
22 |35 No No (34,—34) (80, 120) Fingernail 2
23 | 131 No No (—15,15) (77, 158) Fingernail 38
24 | 138 No |No (—15,15) (85,135) Fingernail 3
25 | 710 Yes | Yes - - f;rrll?sggii\l;e, palm b

Table 1. The performance of non-invasive methods for the Hb level assessment. Best 95%-limits of agreement
denote the range where 95% of all deviations of predicted Hb level from the true values belong for the best
model among models presented in the work.

and the fundus are hard to reach tissue sites, and their imaging still requires special equipment and is not com-
fortable for the patient.

The most accessible melanin-free site for optical non-invasive Hb assessment is the fingernails region. Several
commercially available devices that are worn on the fingertip allow non-invasive assessment of the Hb level
using multispectral photoplethysmography'®. Although such devices are approved by the Food & drug admin-
istration (FDA) and have already been introduced into clinical practice, independent comparisons with the
reference method show that their error is ~20 g/L, i.e., comparable to imaging-based techniques>!*-2%.

The third class of works in Table 1 is based on the fingernails imaging. In 2018 Manino et al. demonstrated
the possibility of determining the Hb level with an error of ~10-15g/L by analysing RGB images of fingernails
obtained with a smartphone®. Hence, the nails colour was shown to be prospective for determining the Hb level
in blood. This observation stimulated numerous attempts to build a clinically reliable imaging method for Hb
level assessment. Despite dozens of papers discussing this idea and even the existence of iOS and Android appli-
cations implementing it, non-invasive assessment of Hb level via RGB-imaging of fingernails is still poorly used
in practice. The main reason is the difficulty in establishing true accuracy of the methods presented in different
works caused by the fact that different authors (1) tend to create and test their algorithm on their private datasets
collected under various experimental conditions; (2) use different metrics in assessing the accuracy of their algo-
rithm; (3) use different methods for validation of the model. Here we present an open dataset containing RGB
images of hand areas with nail plates for patients with a known level of Hb, thus providing a single benchmark
for researchers and engineers in the field aimed at fostering translation of non-invasive imaging methods to the
bedside.

General dataset description. To create a dataset of RGB images of skin and fingernails for non-invasive
haemoglobin level assessment we’ve simultaneously imaged the patients’ fingers with clearly visible nail plates
without artificial coatings, damaging and discoloration under controlled illumination conditions. For all subjects
the Hb level was determined using the invasive procedure and a certified haematological analyser. Details of the
performed imaging setup are presented in the Methods section.

Examples of the obtained RGB-images for hands of patients with different Hb levels are shown in Fig. 1a.
Additionally, we manually segmented the images of the nail plates and areas of the skin of the hand to facilitate
image preprocessing for further analysis (Fig. 1b).

The data were collected for 250 patients with known Hb levels. The dataset was balanced by gender and
contained 128 male and 122 female patients (Fig. 2a). The sample included patients of different age. The average
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Fig. 1 (a) Exemplary images of hands presented in the dataset for patients with different total blood
haemoglobin level (b). An example of segmented areas of nail plates and skin areas.
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Fig. 2 (a) The number of male and female patients presented in the dataset. (b) The age distribution for patients
of different gender in the dataset. (c) Distribution of the total Hb level estimated using the certified (invasive)
procedure. (d) Boxplots of the total Hb level for male and female patients.

Gender | Mean Age | SD Min. age | 25%-percentile | Median age | 75%-percentile | Max. age
Female 58.2 21.5 18 38 65 76 93
Male 54.2 18.4 18 40 56.5 69 95

Table 2. Descriptive statistics on the age (in years) distribution of subjects participating in the study.

age was 56 £ 20 y.0. spanning from 18 to 95y.0. (Fig. 2b). Statistical parameters describing the distribution of
patients’ age are presented in Table 2.

The dataset included both patients with the Hb levels in the normal range and with low Hb levels. The Hb
level distribution with and without split by gender is shown in Fig. 2¢,d. Descriptive statistics of the Hb level
distribution is also presented in Table 3. In total, 69 patients with Hb levels below 120 g/L were present in the
sample.

We also assessed the distribution of patients with various skin tones (Fitzpatrick skin types) in the dataset,
considering that the presence of melanin, another dominant skin chromophore, could potentially impact the
accuracy of non-invasive Hb level assessment. To determine the distribution of patients with different skin tones
(Fitzpatrick skin types) in our dataset, we assessed individual typology angle?, which allows categorizing indi-
viduals based on their skin tones from very light (Fitzpatrick skin type I) to dark (Fitzpatrick skin type VI) using
L*a*b* color coordinates of the segmented skin regions. The distribution of patients with different skin tones in
the dataset is presented in Table 4.
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Gender | Mean concentration | SD | Min.level | 25%-percentile | Median level | 75%-percentile | Max. level
Female 119 215 |48 114 123 131.8 158
Male 136 286 |44 129.8 145 153 169
Table 3. Descriptive statistics on the distribution of the Hb level, determined by performing a complete
blood count.
Skin tone (Fitzpatrick type) | Verylight (FPI) | Light (FPII) | Intermediate (FP III) | Tanned (FPIV) | Brown (FP V)
Number of patients 90 89 44 21 6

Table 4. Distribution of the number of patients in the dataset by skin tonalities (skin type).

Methods

Invasive determination of the Hb level was carried out according to standard clinical protocols?”*. Venous
blood collected from the antecubital vein using the Vacutainer was characterized using the CBC analysis in a
certified (ISO 15189:2012) clinical diagnostic laboratory. The measurements were performed 10-15 minutes
after imaging of a patient’s hand.

A special experimental setup was developed to obtain images under standardized illumination conditions.
The setup consisted of a ~40 x 40 x 20 cm box made of aluminium composite material, inside which a Logitech
C615 USB-camera and white LED illuminator providing colour temperature of ~7300 K were mounted. The box
had a rectangular slot with the size of ~15 x 10 cm, so the patient could put his hand. After that, the image was
taken under standard conditions with the exposure time, illumination conditions and image resolution fixed
for all patients. In order to prevent the appearance of undesirable artefacts, two to three photographs of each
patient’s hands were taken. After that, the most successful image was selected and placed it in the dataset to avoid
redundancy.

The measurements were carried out in the admission department of the L.A. Vorokhobov City Clinical
Hospital No. 67 (Moscow, Russia). All patients gave their informed consent to participate in the study and to
the open publication of the data. The study was approved by the Moscow City Ethics Committee on the basis
of the Regulations on the City Ethics Committee and in accordance with the standards of operating procedures
(Protocol No. 68 dated July 4, 2022).

Data Records

The data record has been deposited at figshare”. All data are presented in an anonymized form and do not con-
tain direct or indirect patients’ identifiers according to guidlines®. The ‘metadata.csv’ file contains a table, each
line of which contains the following patient information:

o PATIENT_ID - identification number of the patient in the dataset;

o MEASUREMENT_DATE - hashed string corresponding to the measurement date;

o HB_LEVEL_ GperL - the patient’s Hb level, determined using a certified haematology analyzer, in g/L.

o NAIL_BOUNDING_BOXES- [[top, left;, bottom,, right,], ..., [tops, lefts;, bottom;, right;]] a list of lists of
four integer values representing the coordinates of the upper left corner and lower right corner of the rectan-
gle framing the patient’s nails in the image;

o SKIN_BOUNDING_BOXES - [[top,, left;, bottom,, right,], ..., [tops, lefts, bottoms, right;]] a list of lists of
four integer values representing the coordinates of the upper left corner and lower right corner of the rectan-
gle framing the patient’s skin areas.

For the lists of coordinates of nails and skin areas of the finger, the following conventions are applicable.
Index 1 always corresponds to the index finger, index 2 to the middle finger, index 3 to the ring finger of the
measured hand (Fig. 1b).

The ‘photo’ folder contains photographs taken for each patient. The files have the format ‘photo/{PATIENT_
ID}.jpg, for example, the file ‘photo/11.jpg’ corresponds to a patient with PATIENT_ID = 11 presented in ‘meta-
data.csv’ table.

Technical Validation

Blood collection and reference method for determining Hb level.  Quality of haemoglobin reference
values is guaranteed by adhering to the standard protocols and guidelines for clinical blood sampling carried
out by qualified medical personnel?”?%. Determination of the Hb level in venous blood was carried out using a
certified haematological analyser in the ISO 15189:2012 standardized clinical diagnostic laboratory of the City
Clinical Hospital No. 67 (Moscow, Russia).

Assessment of the image quality. Imaging was performed under fixed illumination conditions in an
isolated box excluding external light. The exposure time and white balance on the camera were chosen so that
the intensity of the reflected light in the areas corresponding to the nail and skin areas of the hand fell into the
dynamic range of the camera, i.e., areas of interest corresponding to the nail plate and skin did not exhibit inten-
sity values close to 255 or to zero. The intensity histograms for all areas of interest corresponding to the nail and
skin are shown in Fig. 3a,b.
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Fig. 3 Intensity distributions in R, G and B channels of segmented regions of the nails (a) and finger skin (b)
calculated for the whole dataset.

Illumination stability. Additionally, to control for illumination stability, the average intensity in the image
area corresponding to a white reference of 50 x 50 pixels with coordinates of the upper left corner (X =300,
Y =350) in R, G, B color channels were calculated. The mean intensity in R, G, B were constant with deviation of
no more than 3% from the mean intensity in dataset. The illumination LED-source color temperature was charac-
terized using the method proposed in Hernandez-Andres et al.’! to assure its constancy in images of the dataset.
The color temperature in the images of the dataset in the reference area was constant and equal to ~7300+ 170K,
i.e. varied with relative deviation of no more than ~2.5% across images of the dataset (Fig. 4).

Image segmentation. Nail plates can be segmented using semi-automatic methods, however, for a more
reliable verification, we performed all segmentation manually using the Image] (the ROI Manager plugin)*. All
bounding boxes were made to meet the following criteria. In the case of segmentation of the nail plate, the coor-
dinates of the bounding box were chosen so that the bounding box included the nail plate completely. In the case
of segmentation of a skin area, an intact skin without any visible pigmentation on the intermediate phalanx of the
fingers was selected by the bounding boxes. Segmentation was performed in a randomized order by one specialist
(B.1.) and additionally verified independently (Y.B., S.E.).

Usage Notes

In this section we demonstrate the possibility of building the simplest machine learning model to predict total
Hb level in blood based on the data presented above, including the steps of raw image preprocessing, feature
extraction, model tuning and evaluation on hold-out validation and test sets. We also provide the code written
in the interactive JupyterNotebook environment in Python3 to ease the data-preprocessing steps and speed
up one’s own hypotheses testing using the presented data. This section does not claim models with the highest
accuracy, but rather demonstrates the finished implementation of model-building pipeline.

We started our model implementation from the feature extraction from raw images presented in the dataset
(Fig. 5a). First, the regions containing fingernails (red bounding boxes in Fig. 5a) and homogenous skin regions
(blue bounding boxes) of the hand were extracted for each patient. We also segmented the region with the white
background to normalize the intensities of the RGB images of the nails and skin to assure independency of the
image intensities on the illumination.

As segmented image crops of fingernails could partially include areas that did not correspond to nail plates,
central areas of the cropped nails and skin regions of the 60% width and height of initial crop were selected, as it
is shown in Fig. 5b by dashed rectangles. For the selected inner regions the values of the 5-, 15-, 25-, 50-, 75-, 85-
and 95- percentile levels of the intensity distribution for the R,G and B channels were calculated (42 features in
total). For simplicity, we only used information from the middle finger for all volunteers. Obviously, additional
verification of the model and increase in accuracy can achieved by using the information from several fingers
by averaging the prediction results or using other aggregation methods. The obtained intensity values were then
normalized to the median of RGB intensities of the white background region. The resulting 42 descriptors for all
250 patients were used as input features for training machine learning algorithms to predict the Hb level.

Since for classical machine learning algorithms it is highly desirable that the high and low target values are
almost uniformly presented in the training dataset, the data were additionally balanced. To balance the sample

SCIENTIFICDATA|  (2024) 11:1070 | https://doi.org/10.1038/s41597-024-03895-9 5


https://doi.org/10.1038/s41597-024-03895-9

www.nature.com/scientificdata/

R mean intensity = 208 + 7 G mean intensity = 227 + 8

301

20

104

Number of images in dataset
Number of images in dataset

’ 200 210 220 230 240

190 200 210 220
Intensity in R channel Intensity in G channel

B mean intensity = 229 + 8 Color temperature = 7366 + 172 K

301

20

104

Number of images in dataset

Number of images in dataset

0_
6800 7000 7200 7400 7600 7800
Intensity in B channel Color temperature of white reference, K

-200 210 220 230 240

Fig. 4 Intensity distributions of mean R, G, and B channels and correlated color temperature of the white
reference standard in images of the dataset.

we implemented custom under-sampling strategy. To perform subsampling the empirical probability density
function p of the Hb level was fitted using the kernel density estimation method with Gaussian kernel with
bandwidth of 0.5 g/L (Fig. 5¢), and then 100 observations were sampled without replacement from the dataset
with a probability for each point proportional to ~1/p, (i.e. one patient could be presented in the subsampled
dataset only once). Thus, less presented Hb level values would be sampled with higher probability (Fig. 5d). The
balancing procedure led to the fact that nearly 44% of observations in the balanced dataset fell into the Hb level
region of <120 g/L instead of 28% values in the initial dataset (Fig. 5e).

As the next step the quality metrics and model validation procedure were chosen. The root mean squared error
(RMSE) was used to evaluate the model accuracy, while the model validation was performed in a two-step way:
the selection of model hyperparameters was carried out using 7-fold cross-validation on a selected balanced subset
of 100 patients, and the final model testing was performed on patients not included in the balanced train dataset.

For demonstration, linear regression was used to predict the Hb level from the extracted features. Since some
features were correlated with each other, to eliminate the “redundant description”, we used a modification of
linear regression with L, and L, regularization (the so-called Elastic Net model*®), where the ratio between L,
and L, regularization (I, — ratio) and the contribution of the regularization term to the loss function («) were
optimized using exhaustive search over the grid of the hyperparameters. We varied the/, — ratio on the grid of
five values (I, — ratio = {0.01, 0.1, 0.5, 0.9, 0.99}), while the & parameter varied on the logarithmic grid from
10~ to 10* with 50 steps. The best hyperparameters for the Elastic Net model implemented in the Scikit-Learn
library®* were found to be equal to/; — ratio = 0.9anda =~ 0.2.

The results of the best model predictions on the validation and test sets are presented in Fig. 5f-h. It can be
seen that the model built on the validation set generalizes well to the test data, but slightly overestimates the
values in the range of low Hb levels (Fig. 5f,g). The overall model error in terms of RMSE was equal to 24 g/L on
the validation data set and 20 g/L on the test data set. The lower error on the test dataset can be explained by the
fact that the true values of the Hb level in the test dataset are mainly localized in the normal Hb level range. As
indicated earlier, the train/validation dataset was constructed to be balanced in terms of reference Hb levels to
include both low and high reference values of Hb: the average Hb level in the balanced subset was 119 g/L with a
standard deviation of 35 g/L. The additional test set included all other patients not included in the balanced sub-
set. Thus, in this test set, most of the observations were concentrated in the range of normal hemoglobin levels,
with a mean Hb level of 135¢/L and a standard deviation of 17 g/L. Therefore, the higher error in the validation
set can be explained by both a large spread of reference Hb levels and a shift of reference values to a lower range.

We also evaluated RMSE of Hb level prediction broken down by different skin tonalities. Since in our dataset
the number of patients with Fitzpatrick skin types I and II was dominant, while tanned skin types (FPIII - FPV)
were less represented (Table 4), we decided to compare the Hb level prediction error for the following groups:
FP I (90 individuals), FP II (89 individuals), and a combined group “FP III-V”, which included patients with skin
types from FP III to FP V (71 individuals). We retained the splits into validation and test sets used to assess the
quality of models previously. We observed that RMSE values of Hb prediction did not vary significantly by skin
type — only in the case of the Very Light skin tone (FP I) group in the validation dataset, the error of Hb level
prediction was 26 g/L, while for groups FP II and FP III-V it was 22 g/L and 21.5 g/L, respectively. On the test
sample, the Hb level errors were 19, 21.3, and 20.8 g/L for the FP I, FP II, and FP III-V groups, respectively. These
results corroborate the hypothesis that the use of melanin-free nail plate data helps to avoid bias in predictions of
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Fig. 5 Summary of the model-building pipeline for the non-invasive blood Hb level prediction from RGB
images. (a) An exemplary image of patient’s hand with marked nails regions (red bounding boxes), skin (blue
bounding boxes), and the region used to obtain reference values (green box). (b) An example of segmented
images of nails and skin. The dotted line shows the subregions of segmented nails and skin images used to
calculate the optical descriptors. (c) The histogram of the distribution of Hb levels in the original dataset and
its kernel density estimation with Gaussian kernel used for dataset balancing. (d) Probability distribution

for point of the original dataset to be sampled into a balanced subset. (e) Comparison of histograms of Hb
distribution in the original dataset and balanced subsample. (f) Scatter plot for the Hb level predicted by the
model from optical descriptors on the Hb level determined using a hematological analyzer for validation and
test sets. Dashed line corresponds to the line with identity slope and zero intercept. (g) Bland-Altman’s plot of
the dependence of the difference between the predicted and true Hb level on its half-sum. (h) The value of the
root-mean-square prediction error of the model on the validation and test data sets.

Hb level for people with different skin tonalities. However, we should note that people with very dark skin color
(FP VI) are not represented in our dataset, and such evaluation still needs to be performed.

The obtained values of Hb level prediction errors generally correlate with the levels of accuracy demonstrated
by other models (Table 1), yet, we believe that the use of more complex approaches that accurately take into
account the color characteristics of the skin and nails can yield higher performance.

Code availability
All code for processing and building the model described in the Usage Notes section is available at https://github.com/
biophotonics-msu/photo-haemoglobin.
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