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 A B S T R A C T

Artificial intelligence is revolutionizing health care, particularly in precision medicine and noninvasive 
diagnostics. Anemia, which is a widespread condition that affects billions of people worldwide, compromises 
oxygen transport due to low hemoglobin levels, which leads to severe complications if left undetected. Early 
and frequent monitoring is essential, yet traditional blood tests can be invasive, costly, and impractical 
for continuous assessment. This study presents the first patient-specific system for noninvasive hemoglobin 
estimation from palpebral conjunctiva images. Unlike previous approaches, our model integrates the vision 
transformer (ViT) architecture with dual fine-tuning, which enables personalized adaptation to each patient’s 
unique physiological characteristics. The dataset consists of conjunctival images captured over multiple days 
from the same patients, which allows for an individualized calibration process that enhances predictive 
accuracy. Our model achieved an R2 of 0.94, an accuracy of 98%, and a mean absolute error (MAE) of 
0.25 g/dL, thus demonstrating a performance comparable to that of laboratory tests. Additionally, the model’s 
100% sensitivity ensured that all anemic cases were detected, thereby minimizing the risk of false-negatives. 
By providing highly precise, rapid, and accessible anemia screening, this approach has the potential to redefine 
long-term hematological monitoring, thereby reducing reliance on frequent blood tests and improving clinical 
decision-making in resource-limited settings.
1. Introduction

Anemia is a widespread health issue that affects individuals in 
both developed and developing countries. It results in a decrease in 
blood hemoglobin(Hb) levels and has significant implications for hu-
man health. According to the World Health Organization(WHO), ane-
mia affects more than a billion people globally, with varying degrees 
of severity [1–5]. Clinically, anemia is defined as a condition where 
there is a lower than normal number of red blood cells or Hb concen-
tration within them. If a patient has a deficiency of red blood cells 
or Hb, or if their red blood cells are abnormal, their ability to carry 
oxygen to the body’s tissues is reduced. This can result in symptoms 
such as fatigue, weakness, dizziness, and shortness of breath. Anemia 
caused by deficiencies in iron, vitamin B12, folate, or Hb can lead to 
abnormal or altered production of erythrocytes [6]. When Hb levels are 
above 9–10 g/dL, symptoms may not be apparent because the body 
tries to compensate for the loss. For example, the heart rate may in-
crease in response to hypoxia. However, when this compensation is no 
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longer sufficient to provide adequate oxygen levels, the aforementioned 
symptoms may appear.

According to the WHO [1], accurately detecting anemia and de-
termining its overall impact worldwide are challenging, even in more 
economically developed regions. All countries must bear the costs 
of managing this disease, including the cost of prevention (or lack 
thereof), traditional analysis equipment, administration, and accommo-
dation. Additionally, it is difficult to estimate the financial and social 
costs for patients with anemia. Some patients may require frequent 
laboratory testing, which can be uncomfortable because of repeated 
blood draws and may incur additional costs for transportation and/or 
assistance. Mass screening is also not feasible in developing coun-
tries, particularly in areas with limited economic resources, due to the 
lack of noninvasive and cost-effective diagnostic methods. To obtain 
a definitive diagnosis, a careful study of the patient’s medical history 
and physical and instrumental examinations are needed. During the 
physical examination, the heart and respiratory rates are recorded, and 
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the pallor of exposed tissues is evaluated. Blood sample analysis is then 
used to provide a definitive diagnosis of anemia. Many studies have 
been conducted to establish whether direct examination of the exposed 
tissue by the physician is sufficiently reliable for identifying anemia. 
The results are rather controversial, but many authors agree that direct 
examination is reliable only for cases of severe anemia and that its 
reliability depends on the doctor’s experience and the use or nonuse 
of aids as color-tint selectors.

In recent years, interest among researchers in developing noninva-
sive and cost-effective methods and tools for monitoring hemoglobin 
levels for both laboratory and home use has increased. Several recent 
studies have focused on the development of desktop and multi-platform 
applications that allow clinicians to remotely monitor patients’ hema-
tological parameters, thereby facilitating continuous follow-up and 
reducing the need for in-person visits [7,8]. Doctors can suspect anemia 
on the basis of examinations of the palms of the hands, fingertips, nail 
beds, tongue, and eye conjunctiva, but the diagnosis is not certain. As 
a result, devices and methods that can diagnose anemia by capturing 
images of these body areas in a noninvasive, cost-effective, and easily 
accessible manner are needed. Research into the automatic diagnosis 
of anemia via noninvasive techniques is relatively new, and there are 
no shared datasets available for comparing different approaches. Each 
research group has worked with their own data, sometimes on small 
datasets or without specifying the experimental setup, and nontrivial 
issues such as the influence of ambient light during image capture 
have not been addressed. Additionally, some studies have used complex 
and expensive equipment that is not suitable for large-scale industrial 
development. In [9], the authors identified several open problems, 
including (a) which part of the conjunctiva provides the best results for 
estimating anemia; (b) how many digital images of one or both eyes are 
needed for a reliable evaluation; (c) the lack of a shared dataset; and 
(d) the lack of low-cost devices suitable for widespread use.

This work presents a novel, noninvasive, and patient-specific ap-
proach for automated hemoglobin estimation by deep learning. Unlike 
previous methods, our method personalizes predictions for each indi-
vidual by leveraging the vision transformer (ViT) architecture with dual 
fine-tuning. By utilizing conjunctival images, our model provides an 
accurate, accessible, and cost-effective alternative to traditional blood 
tests.

Our approach involves a multistep pipeline to ensure optimal model 
performance. First, we collected a comprehensive dataset of conjuncti-
val images, which were preprocessed and segmented using a U-Net net-
work. The segmented images were resized via bilinear interpolation to 
match the input dimensions of Google’s pretrained ViT-Base-Patch16-
224 model. The training was conducted in two sequential fine-tuning 
phases:

1. For general fine-tuning, the pretrained ViT model was adapted 
to predict hemoglobin levels from conjunctival images.

2. For patient-specific fine-tuning, the model was further refined 
by using images from a single patient to improve personalized 
predictions.

To ensure robust model evaluation, we implemented a leave-one-out 
validation strategy at both fine-tuning stages. Initially, the generalized 
model was trained while one patient per cycle was excluded. In the 
second phase, the excluded patient’s images were used for individual 
fine-tuning, with one image left out for final testing. This iterative pro-
cess optimized both generalization and personalization, which enabled 
the model to deliver highly accurate and individualized predictions.

By incorporating soft calibration at the patient level, this study 
advances the field of noninvasive hemoglobin estimation by offering 
a scalable and clinically viable tool for continuous anemia monitoring.

The remainder of this paper is structured as follows: Section 2 
provides a review of the literature on anemia diagnosis through the 
analysis of conjunctival images and the use of cost-effective, noninva-
sive devices in previous research. Section 3 describes the device and 
datasets used in this study. In Section 4, we present the experiment 
conducted. Finally, Section 5 presents the results and discussion.
2 
2. Related work

Noninvasive devices are medical instruments that perform their 
functions without penetrating the skin or any body openings. These 
devices can be used for a variety of purposes, including diagnosis, 
monitoring, treatment, and prevention of various health conditions.

Young et al. [10] reported that noninvasive devices have poorer 
performance than invasive devices do but noninvasive devices are 
considered highly acceptable and easy to use. They claim that nonin-
vasive technologies have the potential to transform anemia screening 
in low-resource settings.

A comprehensive review of noninvasive anemia detection tech-
niques [9] identified key challenges in existing projects. The authors 
provide a structured roadmap for researchers in the field and emphasize 
the importance of dataset quality and image acquisition as critical 
factors for success. Similarly, a 2023 review by Appiahene et al. [11] 
confirmed that dataset quality and size remain major obstacles in 
noninvasive anemia detection research.

2.1. Palpebral conjunctiva

Among the various noninvasive methods explored, conjunctiva
imaging has gained significant attention because of its strong corre-
lation with hemoglobin levels, as discussed in the following section. 
Previous studies have shown that conjunctival images provide more 
reliable results than other anatomical images do, such as images of 
fingertips or nail beds [12–14]. External factors such as skin thickness 
variations from manual labor and color changes in nails due to nu-
tritional deficiencies can affect measurements. Thus, the conjunctiva 
is a more stable and accurate region for analysis. Recent research 
has demonstrated the potential of conjunctiva-based imaging beyond 
anemia detection. For example, Babenko et al. [15] developed a deep 
learning model capable of predicting multiple vital signs from a simple 
image of the external eye, which highlights the high diagnostic value 
of ocular imaging.

Park et al. [16] presented software that uses imaging of the palpe-
bral conjunctiva to reconstruct high-resolution spectra of blood Hb. 
They implemented a fixed-design linear regression, namely, a least-
squares method, to convert RGB data to spectral data. On the validation 
set, they obtained an 𝑅2 of 0.912 and a LOA of [-2.20, 2.29 g/dL].

Suner et al. [17] developed an algorithm for predicting hemoglobin 
concentration via smartphone-captured images of the conjunctiva. They 
worked with ROW and PNG files to obtain images with high resolution. 
Twenty-six features were extracted from the images, and a generalized 
linear model was trained. Finally, they obtained an accuracy of 82.9%, 
a sensitivity of 90.7% and a specificity of 73.3%.

Anggraeni and Fatoni [18] introduced a noninvasive anemia de-
tection system based on a digital image of the palpebral conjunctiva 
captured by a smartphone camera. All the subjects were pregnant 
women. They tried to identify features that can be correlated with the 
level of hemoglobin. Among the three color (red, green, blue) intensity 
levels, the red color intensity was highly correlated with clinically 
measured Hb levels, with 𝑅2 = 0.8139.

Ghosal et al. [19] implemented sHEMO, which is an app that 
can measure conjunctival pallor from captured eye images and can 
subsequently predict blood Hb levels with an 𝑅2 of 0.8774.

Digital images of the lower palpebral conjunctiva were also ob-
tained by Kasiviswanathan et al. [20]. Their model was trained to 
perform well under any lighting conditions and without the use of ex-
ternal hardware. They trained a ridge regression algorithm to estimate 
the hemoglobin level and achieved an mean absolute error (MAE) of 
1.34 g/dL and an root mean squered error (RMSE) of 1.72 g/dL.

INAP, which was created by Ghosal et al. [21], is a system that 
combines a photograph of the conjunctiva and a photograph of a 
fingernail. The ROIs in both photographs are extracted automatically, 
and the Hb level is computed after the estimation of the dominant color 
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of each ROI. The model predicts blood hemoglobin with an accuracy of 
0.33 g/dL, a bias of 0.2 g/dL and a sensitivity of 90%.

Dimauro et al. [22] collected for the first time a dataset of pho-
tographs of eyes from patients of two different ethnicities: Italian and 
Indian. RUSBoost was applied to 14 features to predict anemia. It was 
shown that datasets that contain images of people of different ethnic-
ities can result in different performance values, so it is important to 
have photographs of people of different ethnicities. The final accuracy, 
sensitivity and specificity on the joint dataset were 83%, 69% and 87%, 
respectively.

The study by Appiahene et al. [23] provided a dataset called Cp-
AnemiC, which contains photos of 710 individuals, both anemic and 
nonanemic. This study aimed to classify anemia and perform regression 
on the amount of Hb in the blood using deep neural networks such as 
ResNet50 and DenseNet121. The results revealed a maximum accuracy 
of 84.79% for classification and a MAE of 1.50 for regression.

In [24], the authors proposed a method for extracting the most 
prominent vessels in the sclera from eye images. The segmentation 
process yielded very satisfying results. Afterward, they extracted 10 
color features to perform classification on hemoglobin concentration 
levels. The best results, with an accuracy of 86.4%, were obtained with 
SVM with color features from the whole sclera.

Kato et al. [25] developed machine learning and deep learning mod-
els for predicting hemoglobin levels from 150 palpebral conjunctiva 
images captured with a smartphone. A convolutional neural network 
(CNN)-based model achieved a correlation of 44% between actual and 
predicted hemoglobin values, with a sensitivity of 20% and a specificity 
of 99% for anemia detection. The model’s accuracy improved slightly 
after the aspect ratio and exposure time of the images were corrected. 
The activation maps indicated that the lower conjunctiva plays a crucial 
role in hemoglobin level estimation.

Among the existing approaches, the study by Das et al. [26] repre-
sents the first application of the ViT model for hemoglobin prediction. 
This study demonstrated its potential for noninvasive anemia screen-
ing. This research introduced NiADA, which is a smartphone-based 
AI application that estimates hemoglobin levels from images of the 
lower palpebral conjunctiva. The model, which was trained on over 
30,000 images, was validated against both laboratory hemoglobin mea-
surements and the HemoCue Hb 301, which is a commonly used 
point-of-care testing (POCT) device. The study involved 556 partici-
pants, including adult males, females, pregnant women, and pediatric 
patients. The results revealed that the NiADA hemoglobin predictions 
aligned closely with the laboratory values, with a mean difference that 
ranged from −0.89 g/dL to 0.61 g/dL depending on the group. The 
highest specificity (90%) was observed in pregnant women, whereas 
the highest sensitivity (75.8%) was observed in adult females.

Two interesting projects that focused on the segmentation of the 
conjunctiva are described as follows: In [27], fine-tuning was per-
formed on the U-Net neural network, and an intersection over union 
of 85.7% was achieved, whereas in [28], graph partitioning was used 
for segmentation, which resulted in an accuracy of 93.79%. Both 
techniques can be used as a first step in creating a model for detecting 
anemia.

In addition to deep learning approaches, traditional methods like 
random walk and cantilever beam models [29–31] have been used 
for contour extraction in medical imaging. Their ability to delineate 
contiguous regions efficiently may complement DL-based methods in 
hybrid systems.

3. Materials

To conduct this study, both a dedicated image acquisition device 
and a well-structured dataset were needed. The following sections 
describe the design of the device and the characteristics of the dataset 
used for our experiments.
3 
Fig. 1. Close-up view of the spacer on our device, with the LED turned on.

Fig. 2. Device used in this research, with its specific components labeled, 
including a phone case for attachment, a macro lens for capturing palpebral 
conjunctiva images, an LED for illumination, and a spacer for proper position-
ing on the patient’s eye.

3.1. Device

A custom-built image acquisition device was developed at the Com-
puter Science Department of the University of Bari. The goal was to 
design a system that would enable high-quality, standardized imaging 
of the palpebral conjunctiva using a smartphone. The system consists 
of an external phone case with a spacerwhich was specifically designed 
for the smartphone used for all image acquisitions. The case and spacer 
were 3D-printed, and multiple tests were conducted to determine the 
optimal configuration for our study.

Within the spacer, two key components ensure uniform image qual-
ity:

1. A Selvim 25X 4K HD macro lens enables high-resolution close-up 
capture of the conjunctiva.

2. A set of 5 mm white LED lights provides consistent illumination 
and eliminates the need for the phone’s built-in flash by ensuring 
uniform lighting conditions across all images.

To maintain imaging consistency, the camera was set to PRO mode to 
enable manual control of the shutter speed, aperture, and ISO settings, 
which remained constant throughout the study.

The white color of the device helps diffuse the LED light evenly. Fig. 
1 shows the device in operation, with the LED turned on. The shape of 
the spacer allows for correct positioning of the patient’s eye without 
causing discomfort. The image capture time is very short, namely, 
approximately 1 s. A detailed image of the final device is presented 
in Fig.  2.
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Fig. 3. Frequency distribution of hemoglobin values in the dataset, which 
highlights the main concentration between 8 and 11 g/dL.

3.2. Dataset

Our dataset was created in collaboration with the ‘‘Istituto Tumori 
Bari Giovanni Paolo II’’ hospital in Bari. The photos were taken from 
May to November 2023 and from May to August 2024. We selected 
patients from the hematology ward as our study population since they 
had various conditions that affect hemoglobin levels, such as leukemia 
and coagulopathies. The data collection was conducted following the 
approval of the study protocol by the Ethics Committee of the Giovanni 
Paolo II Institute (Prot. n. 691/CE dated 22/12/2022). With the pa-
tients’ informed consent, we photographed their palpebral conjunctiva 
— the inner lining of the eyelid — immediately before or after their 
routine blood draw, all conducted during the same clinical session in 
the morning. This strict temporal alignment ensured that each image 
could be reliably associated with the corresponding hemoglobin value 
measured from the venous blood sample, allowing for a consistent and 
accurate analysis of the visual-to-physiological correlation.

The patients were aged between 20 and 70 years, with a sex 
distribution of 56% male and 43% female. The shape and size of 
the conjunctiva varied from patient to patient, with some having a 
more spacious and evident conjunctiva, whereas others had smaller 
conjunctiva with more pronounced scleral blood vessels. This made our 
dataset generalizable and capable of capturing all types of palpebral 
conjunctiva.

With respect to hemoglobin levels, the dataset was skewed to-
ward low hemoglobin values, which is expected for a population with 
a high prevalence of anemia or hematological disorders. As shown 
in Fig.  3, the hemoglobin values were primarily between 8 and 11 
g/dL. Moreover, 324 individuals had hemoglobin levels below 12 g/dL, 
which confirmed an overall trend toward low hemoglobin levels in the 
dataset.

In terms of measurement frequency, each patient had an average 
of 5.69 measurements, as shown in Fig.  4. The maximum number of 
recorded measurements for a single patient was 21, whereas some 
patients had only one measurement. The distribution of the number of 
measurements suggests that certain patients underwent more frequent 
clinical monitoring than others did.

All the data acquired are protected by privacy laws, and we could 
use only information about the pathology, sex, and age of each patient.

In total, we collected images from 109 patients, with a total of 436 
photos. Examples of images from this dataset can be found in Fig.  5. 
This dataset provides diverse and representative samples for training 
and evaluating our hemoglobin prediction model. The combination of 
controlled image acquisition and patient variability ensures robustness 
in real-world applications.
4 
Fig. 4. Distribution of the number of hemoglobin measurements per patient 
in the dataset, which illustrates the variability in the measurement frequency.

4. Methods

In this section, we provide a detailed description of the methodology 
and steps applied to achieve the objectives of this study. All operations 
were performed using Python 3.11.9 with Visual Studio Code as the 
integrated development environment (IDE). The key libraries included 
NumPy [32], Pandas [33], Torchvision [34], and Transformers [35].

4.1. Preprocessing

The role of preprocessing in medical image-based diagnostics is 
crucial. As discussed in [36] and [37], proper image standardization 
and segmentation significantly affect model robustness. The objectives 
of this step were to improve the quality of the data and to convert 
them into the appropriate format for the model. Initially, all captured 
images were manually reviewed, and few samples affected by blur, 
suboptimal eye opening, or incorrect positioning were excluded to 
ensure data quality and consistency. The cleaned dataset was then used 
for further processing. The second step involved isolation of the lower 
part of the conjunctiva, which was the area of diagnostic interest for 
hemoglobin level prediction. This was an essential step for ensuring 
accurate prediction. To achieve this, it was necessary to manually 
intervene for a subset of the images by cropping them to create a 
dataset suitable for training the U-Net network. This process provided 
the model with clear and well-defined examples of the region to be 
segmented, which enhanced its accuracy and generalizability. The U-
Net network was chosen for segmentation on the basis of the work 
presented in [27]. Fig.  6 shows the final result of this algorithm for 
an image from our dataset.

The next step was to check the dataset; one of the main challenges 
encountered was the imbalanced nature of the dataset. Since certain 
ranges of hemoglobin values were overrepresented, the model could 
have learned to favor those values, which would have compromised the 
generalization of the predictions. To mitigate this issue, sampling was 
performed by removing some images with the more represented values. 
This allowed for a more homogeneous distribution, which improved 
the model’s ability to learn real correlations between the appearance 
of the conjunctiva and hemoglobin levels. In the end, only 125 pho-
tographs were used for training. The number of observations for a single 
hemoglobin value was reduced from over 25 to a maximum of 12, as 
shown in Fig.  7, in line with the various observed value ranges. In the 
final step, to ensure compatibility with the pretrained model, all the 
images were resized to 224 × 224 pixels using bilinear interpolation.
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Fig. 5. Four images of the palpebral conjunctiva of four different patients from the hematology ward of the ‘‘Istituto Tumori Bari Giovanni Paolo II’’ hospital in 
Bari.
Fig. 6. An example of the segmentation process applied to an image from the dataset, showing the original image and the segmented palpebral conjunctiva.
Fig. 7. Comparison of hemoglobin value distributions before and after sampling. The original distribution (top) shows an overrepresentation of certain hemoglobin 
values. The adjusted distribution (bottom) demonstrates a more uniform representation of hemoglobin values, which enhanced the model’s ability to learn 
meaningful correlations between conjunctival appearance and hemoglobin levels.
4.2. Training and testing

For the training phase, we used the ViT-based patch16-224, which 
is a vision transformer model pretrained on ImageNet by Google. 
This model segments an image into small 16 × 16 pixel patches and 
processes them similarly to a sequence of textual tokens. This approach 
enables the model to capture spatial relationships between different im-
age regions and learn complex visual patterns. The use of a pretrained 
model enabled us to leverage features already learned from a large 
and diverse image dataset, thus improving training efficiency given 
the limited size of our dataset. Fine-tuning of this pretrained model by 
adjusting its learned weights on the basis of new examples enabled it 
to adapt specifically to our dataset. This process refined the model’s 
5 
ability to recognize patterns relevant to our specific application while 
maintaining the advantages of its prior general training.

Vision Transformers differ fundamentally from convolutional neu-
ral networks in their architectural design, lacking inherent spatial 
inductive biases such as locality and translation invariance. While this 
absence provides greater modeling flexibility and allows the network to 
learn spatial relationships directly from data, it can present challenges 
when working with limited datasets or noisy medical images where 
these spatial priors would typically be beneficial. To address these 
architectural characteristics and the inherent constraints of medical 
imaging datasets, where patients typically have limited conjunctival 
images available, we developed a strategic methodology designed to 
minimize both overfitting and underfitting through sequential model 
adaptation. We implemented a dual fine-tuning approach using the 
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Fig. 8. Overview of the two-step fine-tuning process. The ViT-base-patch16-224 model was first fine-tuned using all images in the dataset except those from one 
patient, thereby producing the Hb-specialized model. This step, which was repeated m times (once per patient), ensured that the model learned a generalizable 
representation for hemoglobin prediction. In the second step, the Hb-specialized model was further fine-tuned on all but one image of the previously excluded 
patient, thus generating the Hb-personalized model. This step was repeated n times (once per image of the patient), which enabled the model to adapt to individual 
variability and improved the prediction accuracy.
leave-one-out (LOO) technique, which is a widely used validation 
method in machine learning where one data point is excluded from 
training and used solely for testing.

The model training process consisted of two distinct phases:

• General fine-tuning (Hb-specialized model): The ViT-based-
patch16-224 model was fine-tuned on all the images in the 
dataset except those of a single patient. This technique ensured 
that the model did not rely on data from the excluded individ-
ual. This phase generated a specialized model for hemoglobin 
prediction, which is referred to as the Hb-specialized model.

• Patient-specific fine-tuning (Hb-personalized model): The Hb-
specialized model was then further adapted for individual pa-
tients. This was achieved by performing a second fine-tuning step 
using all the images of the previously excluded patient except 
for one image. In this phase, the leave-one-out technique was 
applied at the image level, with one image excluded at a time. 
This process was repeated 𝑛 times, where 𝑛 n is the number of 
images available for that patient. The resulting model, which 
was fine-tuned for an individual patient, is referred to as the 
Hb-personalized model.

Both fine-tuning stages were repeated m times, where m is the 
number of patients in the dataset with more than four measurements. 
The final performance metrics were computed as averages across all 
iterations. Only patients with at least four images in the dataset were 
considered for the personalization phase to ensure a more generalized 
fine-tuning process. The total number of such patients was 25. Fig. 
8 provides a graphical representation of the proposed methodology, 
which shows the transition from general fine-tuning to patient-specific 
adaptation. This approach was also intended to limit overfitting by 
ensuring that the model is never trained or evaluated on the same 
image, and by enforcing generalization across subjects. Additionally, 
only patients with sufficient image diversity were used for personalized 
training to enhance robustness.

Fig.  9 provides a visual representation of the variability in hemog-
lobin levels across patient images. For most patients included in the 
fine-tuning of the Hb-personalized model, hemoglobin levels fluctuated 
6 
significantly across different images. This ensures that the model does 
not predict hemoglobin values correctly merely by memorizing a pa-
tient’s trend but rather by extracting specific visual features from each 
photograph. Additionally, the performance metrics were calculated by 
excluding one image at a time during the second fine-tuning phase. This 
approach enabled us to evaluate the model’s predictive performance 
across all the images rather than relying on a single random selection.

This approach aims to first develop a generalized hemoglobin pre-
diction model and subsequently personalize it for individual patients, 
thereby enhancing overall predictive performance.

To evaluate the regression, we used the following performance 
metrics:

• Mean squared error (MSE): This metric measures the average 
squared difference between the predicted and actual values and 
penalizes large errors more than smaller errors.

• Root mean squared error (RMSE): This metric provides a more 
interpretable error measure by returning the error in the same 
unit as the predicted variable.

• Mean absolute error (MAE): This metric computes the average 
absolute difference between the predicted and true values and, 
thus, is less sensitive to outliers.

• Coefficient of determination (R2): This metric evaluates how well 
the model explains the variance in the data, with values closer to 
1 indicating a better fit.

To compare our work effectively with the state-of-the-art methods, 
we needed to compute additional classification metrics. Since our 
model performs regression, we applied a classification approach in 
which the predicted hemoglobin values were divided into two distinct 
categories: anemic and nonanemic.

Following standard clinical guidelines, we labeled individuals as 
anemic if their hemoglobin levels were below 12 g/dL for women and 
below 13 g/dL for men [38]. On the basis of this classification, we 
calculated key performance metrics to evaluate the model’s diagnostic 
performance:
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Fig. 9. Analysis of hemoglobin level variability in the images used to fine-tune the Hb-personalized model to ensure that the model does not merely memorize 
trends but extracts meaningful visual features.
Table 1
Comparison of prediction errors before and after patient-specific 
fine-tuning.
 Error threshold Hb-specialized Hb-personalized 
 Errors > 0.5 g/dL 102 18  
 Errors > 1.0 g/dL 77 4  

• Sensitivity (true positive rate): This metric measures the model’s 
ability to correctly identify anemic individuals. A higher sensitiv-
ity indicates that the model effectively detects anemia cases, thus 
reducing the risk of false-negatives.

• Specificity (true negative rate): This reflects how well the model 
correctly identifies nonanemic individuals. High specificity en-
sures that healthy individuals are not mistakenly classified as 
anemic, thus minimizing false positives.

• Positive predictive value (PPV): Also known as precision, the PPV 
indicates the probability that a patient classified as anemic by the 
model is actually anemic. This metric is crucial for assessing the 
reliability of positive anemia predictions.

• Negative predictive value (NPV): This metric represents the likeli-
hood that a patient classified as nonanemic is truly nonanemic. A 
high NPV suggests that the model is effective at ruling out anemia 
when it predicts a normal hemoglobin level.

• Accuracy: This metric measures the overall correctness of the 
model’s predictions by evaluating the proportion of correctly 
classified cases (both anemic and nonanemic) out of all test 
samples.

By computing these metrics, we provide a clinically relevant evalu-
ation of our model’s ability to diagnose anemia, thereby facilitating 
direct comparison with existing classification-based approaches in the 
literature.

5. Results and discussion

Now, we evaluate the accuracy of the predictions, analyze how 
the model performs under different conditions, and assess variations 
in weight distributions across multiple iterations using the leave-one-
out approach. After the model was trained and used to predict blood 
hemoglobin levels from previously unseen conjunctiva images, the 
results were analyzed to assess its effectiveness.

The Hb-specialized model, which was fine-tuned from the ViT-based 
patch16-224, did not achieve satisfactory results. A significant number 
of errors were observed, as reported in Table  1.
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Table 2
Performance metrics of the final Hb-personalized 
model. The regression metrics evaluate the 
model’s ability to estimate hemoglobin values, 
whereas the classification metrics assess its abil-
ity to detect anemia. Error values are expressed 
in g/dL.
 Regression metrics
 Mean squared error (MSE) 0.20 
 Root mean squared error (RMSE) 0.44 
 Mean absolute error (MAE) 0.25 
 Coefficient of determination (R2) 0.94 
 Classification metrics
 Sensitivity 1.0  
 Specificity 0.72 
 Positive predictive value (PPV) 0.96 
 Negative predictive value (NPV) 1.0  
 Accuracy 0.98 

As shown in the table, the application of a subsequent fine-tuning 
step individually to each patient’s image set led to a substantial re-
duction in the prediction error. This highlights the effectiveness of 
the Hb-personalized model in achieving more accurate hemoglobin 
estimations.

The metrics of the final Hb-personalized model are reported in Table 
2.

The MSE of 0.20 and RMSE of 0.44 indicate that the model main-
tained a low prediction error when estimating hemoglobin levels from 
the conjunctival images. The MAE of 0.25 g/dL further confirms that, 
on average, the model’s predictions deviated only slightly from ac-
tual laboratory values. These values suggest a high level of precision, 
especially considering that small variations in hemoglobin levels are 
clinically relevant.

Furthermore, the 𝑅2 of 0.94 demonstrates that the model explained 
94% of the variance in actual hemoglobin values, which indicates its 
reliability in predicting hemoglobin levels from noninvasive imaging 
data. This result significantly surpasses those of previous models in the 
literature, where lower 𝑅2 values indicate weaker correlations between 
predicted and actual hemoglobin levels.

Beyond numerical estimation, the model’s performance in classify-
ing anemia was equally impressive. The sensitivity of 1.0 demonstrates 
that the model correctly identified all anemic individuals, thus ensuring 
that there were no false-negatives. This is a crucial feature for any 
diagnostic tool, as missing an anemia case could lead to delayed 
treatment and potential health complications. Although the specificity 
was slightly lower at 0.72, which indicates that 72% of nonanemic 
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Fig. 10. Scatter plot that compares the actual and predicted hemoglobin 
values. The alignment along the diagonal indicates that the model accurately 
follows the expected trend, with minimal deviations suggesting that there are 
no systematic errors or bias in predictions.

individuals were correctly classified, this trade-off is often acceptable 
in medical applications where the priority is to avoid missing true cases 
of anemia rather than minimizing false alarms.

The model also achieved a PPV of 0.96, which indicates that when 
it identified a patient as anemic, there was a 96% probability that 
the diagnosis was correct. This high precision reduces the likelihood 
of unnecessary medical interventions due to false-positive results. Ad-
ditionally, the NPV of 1.0 indicates that all nonanemic individuals 
were accurately identified, thus ensuring that no healthy patient was 
misclassified as anemic. The overall accuracy of 98% further supports 
the model’s reliability by showing that the vast majority of predictions 
matched the actual clinical condition of the patients, as confirmed by 
laboratory blood test results.

The visual representations (Figs.  10 and 11 further support these 
findings. A comparison between the predicted and actual values reveals 
that the model effectively followed the correct trend in hemoglobin 
levels. The errors are limited in distribution and do not exhibit sys-
tematic patterns, which indicates that there was no inherent bias in the 
model. The confusion matrix suggests that significant misclassifications 
were rare. Additionally, the low frequency of severe errors indicates 
that the model did not suffer from overfitting and maintained good 
generalizability to the test data.

An analysis of the results from various studies reveals that our 
model outperformed previous approaches across almost all key met-
rics. Table  3 presents a comparison between our study and other 
experiments discussed in Section 2, which highlights the improvements 
introduced by the Hb-personalized model.

Our model achieves an 𝑅2 of 0.94, thus outperforming other regre-
ssion-based approaches such as those of Park et al. (2020) [16] (0.912), 
Ghosal et al. (2020) [19] (0.8774), and Anggraeni et al. (2017) [18] 
(0.8139). This finding indicates that our model better explains the 
variance in Hb levels, thereby resulting in more reliable predictions.

From a classification standpoint, our model attained an accuracy 
of 98%, which was significantly higher than those of other studies, 
such as Suneret al. (2021) [17] (82.9%), Dimauro et al. (2023) [22] 
(87%), and Appiahene et al. (2023) [23] (84.79%). Moreover, the 
sensitivity of 100% exceeds those of several previous studies, such as 
Suner et al. (2021) [17] (90.7%), Dimauro et al. (2023) (64%), and 
Das et al. (2024) (75.8%). However, although our specificity (72%) 
was slightly lower than those of other studies (Kato et al. (2024) [25] 
(99%), Dimauro et al. (2023) [22] (93%)), our method achieved a bal-
anced trade-off between correctly identifying anemic and nonanemic 
individuals.
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Fig. 11. Confusion matrix that categorizes hemoglobin predictions into pre-
defined ranges. The strong concentration along the diagonal highlights the 
model’s ability to classify hemoglobin levels correctly, with only a few misclas-
sifications. The low frequency of severe errors suggests robustness and good 
generalization ability on test data.

With respect to the error metrics, our model yielded a significantly 
lower MAE of 0.25 g/dL and RMSE of 0.44 g/dL, thus outperforming 
Kasiviswanathan et al. (2020) [20] (1.34 g/dL, 1.72 g/dL) and Appi-
ahene et al. (2023) [23] (1.50 g/dL, -). These improvements indicate 
that our model provides more precise Hb estimations, thus reducing 
deviations from actual values.

Overall, these findings suggest that the Hb-personalized model 
achieves superior performance in both regression and classification 
tasks, which makes it a highly reliable and clinically viable tool for non-
invasive Hb estimation. The combination of high accuracy, exceptional 
sensitivity, and minimal prediction errors has improved upon previous 
state-of-the-art approaches.

This project has led to the development of an advanced model 
for hemoglobin-level prediction that achieves superior accuracy and 
performance compared with those of previous studies. The integration 
of ViT techniques and the personalization of the model for individual 
patients yielded highly promising results, with an 𝑅2 of 0.94 and an 
accuracy of 98%. These values indicate that the model provides precise 
predictions with minimal errors, which makes it particularly suitable 
for applications that require reliable and continuous hemoglobin level 
assessments.

A key strength of this work lies in the model’s ability to offer a 
noninvasive measurement method, which reduces the need for frequent 
blood draws. This is particularly advantageous for patients who require 
continuous hemoglobin monitoring, such as individuals with chronic 
anemia, kidney disease, and hematological disorders, pregnant women, 
and oncology patients. Additionally, its high sensitivity (100%) ensures 
that anemic individuals are correctly identified, which minimizes the 
risk of missed diagnoses. Importantly, even laboratory hemoglobin 
measurements have a natural variance of 2%–5%, which indicates that 
some level of imprecision is inherent in standard clinical methods.

An innovative aspect of this project is the personalized approach, 
which has not been previously explored in the literature for hemoglobin 
estimation. Unlike those of existing studies, this model requires fine-
tuning for each patient to adapt to their individual physiological char-
acteristics. While this limits large-scale applicability, as it necessitates 
patient-specific training, the exceptionally high accuracy achieved sug-
gests its potential clinical utility, especially for patients who require 
frequent and precise monitoring. Furthermore, the fine-tuning process 
is remarkably fast and requires only four images per patient and 
minimal computational resources.
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Table 3
Comparison of the Hb-personalized model with models from previous studies in terms of regression and classification performance. 
The table includes 𝑅2 values for the regression-based models and accuracy, sensitivity, specificity, MAE, and RMSE values for the 
classification-based approaches. Our model demonstrates superior predictive accuracy by achieving the highest 𝑅2 and accuracy, 
along with significantly lower MAEs and RMSEs, which indicate improved precision in Hb estimation and anemia classification.
 Study 𝑅2 Accuracy

(%)
Sensitivity
(%)

Specificity
(%)

MAE
(g/dL)

RMSE
(g/dL)

 Hb-personalized (Our model) 0.94 98.0 100.0 72.0 0.25 0.44  
 Park et al. (2020) [16] 0.912 – – – – –  
 Suner et al. (2021) [17] – 82.9 90.7 73.3 – –  
 Anggraeni et al. (2017) [18] 0.8139 – – – – –  
 Ghosal et al. (2020) [19] 0.8774 – – – – –  
 Kasiviswanathan et al. (2020) [20] – – – – 1.34 1.72  
 Ghosal et al. (2021) [21] – – 90.0 – – –  
 Dimauro et al. (2023) [22] – 87.0 64.0 93.0 – –  
 Appiahene et al. (2023) [23] – 84.79 83.5 – 1.50 –  
 Camporeale et al. (2022) [24] – 69.0 69.0 87.0 – –  
 Kato et al. (2024) [25] 0.44 – 20.0 99.0 – –  
 Das et al. (2024) [26] – – 75.8 90.0 – –  
From a practical perspective, the model could be integrated into a 
medical device or a mobile application capable of real-time analysis 
of ocular images. This would enable rapid and cost-effective screening, 
improve accessibility to anemia diagnosis and reduce health care costs. 
Such technology could facilitate home-based monitoring, which would 
benefit both patients and the health care system by enabling early 
detection and timely interventions.

Notwithstanding the excellent results reported in this study, it is 
important to acknowledge potential limitations that may affect the 
robustness and generalizability of the proposed model.

The estimation of hemoglobin levels from palpebral conjunctiva 
images relies on indirect visual cues, such as pallor or redness, which 
reflect physiological manifestations of anemia but do not measure 
hemoglobin concentration directly. While the hemoglobin labels were 
obtained from laboratory tests conducted during the same clinical ses-
sion as image acquisition, minor fluctuations in clinical measurements 
are still possible, partly due to the tolerance range of the laboratory 
measuring instruments and may introduce noise into the regression 
targets. Despite this, numerous studies in recent years have consistently 
confirmed that the palpebral conjunctiva, to the best of our knowledge, 
is the only external human tissue that allows a reasonable estimate 
of anemia status. The main reason is that the palpebral conjunctiva 
mucosa is rich in directly visible blood vessels, is not affected by skin 
color, and is not significantly influenced by factors such as fever, age, 
or ethnicity. The only interfering factor is related to ocular pathologies.

Another critical aspect is the inherently non-linear relationship be-
tween visual signs and hemoglobin concentration. In borderline anemia 
cases or individuals with chronic physiological adaptation, visual cues 
may be subtle, inconsistent, or clinically ambiguous, potentially leading 
to less accurate predictions near clinical thresholds.

The dataset used in this study is relatively small and exhibits a slight 
imbalance toward lower hemoglobin values. Although the dual fine-
tuning approach and leave-one-out cross-validation were implemented 
to reduce overfitting and enhance personalization, the limited size and 
diversity of the dataset may constrain the model’s ability to generalize 
to broader populations. Future studies should validate the proposed 
method on larger and more heterogeneous cohorts. It is important to 
note that many patients (e.g., those with oncological diseases) can have 
fast (2–3 weeks) and significant changes in hemoglobin concentration 
(1–3 g/dL; it can also drop below 8 g/dL) due to chemotherapy and, 
since our study is patient-specific, we are moderately optimistic that 
our system could serve as a valuable decision-support tool.

Moreover, although our training strategy was designed to miti-
gate architectural limitations of Vision Transformers, the absence of 
convolutional inductive priors, such as locality and translation invari-
ance, could still affect model stability in particularly noisy or atypical 
scenarios.
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In conclusion, the model developed in this project has potential as 
a clinical support tool for noninvasive hemoglobin monitoring. With 
further large-scale validation and the development of dedicated appli-
cations, it could become a viable alternative to traditional blood tests 
and could facilitate continuous hemoglobin monitoring for patients 
who require frequent assessments.
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