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ABSTRACT

This study presents a deep learning-based system for automated detection of vitamin deficiencies using
medical image analysis. Vitamin deficiencies are widespread nutritional disorders that can lead to severe
health complications if left undiagnosed, making timely and accurate detection crucial for preventive
healthcare. Traditional diagnostic methods rely on invasive biochemical tests, which are time-consuming,
costly, and often inaccessible in low-resource settings. To address these challenges, we developed a
convolutional neural network (CNN) model capable of classifying vitamin deficiency types directly from
medical images, such as photographs of skin, nails, eyes, or other visible clinical signs. The model was trained
and evaluated on a dataset curated from publicly available medical image repositories and clinical sources,
incorporating data augmentation techniques to improve generalization. Experimental results demonstrate that
the proposed model achieves a classification accuracy of approximately 95%, with high precision, recall, and
F1-scores across multiple deficiency classes. The system exhibits strong potential as a non-invasive, rapid,
and cost-effective tool for preliminary vitamin deficiency screening, particularly in resource-constrained
environments. Future work aims to expand the dataset size, integrate multimodal data, and deploy the solution
in mobile or telemedicine applications to enhance accessibility and real-time diagnostics.

Keywords: Deep learning, vitamin deficiency, medical imaging, convolutional neural network, image
classification, health diagnostics, preventive healthcare, artificial intelligence, clinical decision support, non-
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L. INTRODUCTION be subtle or resemble symptoms of other medical
conditions, complicating timely diagnosis and
Vitamin  deficiencies and associated clinical intervention.
manifestations represent a significant but often
underrecognized public health concern, affecting
individuals across diverse age groups and geographic
regions. Essential micronutrients including vitamins A,
B12, D, and others play crucial roles in maintaining
physiological processes, immune function,
neurological  health, and overall well-being.

Deficiencies in these vital nutrients can result in a

Recent advancements in artificial intelligence and deep
learning have opened promising avenues for
transforming the detection and diagnosis of vitamin
deficiencies and associated disorders through non-
invasive, image-based analysis. By leveraging visible
clinical signs including changes in skin, nails, eyes,
and mucosal surfaces deep learning models,

broad spectrum of clinical signs ranging from subtle
dermatological changes to overt ocular abnormalities,
potentially leading to severe health complications if left
undiagnosed and untreated. Traditionally, the diagnosis
of vitamin deficiencies and related conditions relies on
clinical examination and biochemical laboratory tests
conducted by healthcare professionals. However, such
conventional methods are often invasive, time-
consuming, costly, and not readily accessible in
resource-limited settings. Moreover, certain physical
manifestations of deficiencies can

particularly Convolutional Neural Networks (CNNs),
can automatically extract and learn discriminative
visual features indicative of specific deficiencies and
diseases. This technology offers the potential for rapid,
cost-effective, and scalable screening tools that
complement traditional diagnostic methods and
enhance early detection efforts. This project focuses on
developing an automated system for the detection of
vitamin deficiency-related conditions using deep
learning methodologies applied to medical images. The
proposed system is trained to classify various
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clinical features such as Darier’s Disease, Lindsay’s
Nails, Alopecia Areata, Beau’s Lines, Bluish Nails,
Bulging Eyes, Cataract Eyes, Clubbing, Crossed Eyes,
Eczema, Glaucoma Eyes, changes in Lips, Tongue
abnormalities, and Uveitis Eyes. These manifestations
are often associated with underlying nutritional
deficiencies or systemic health conditions, and their
early identification is crucial for timely medical
intervention.

Leveraging Python and widely used libraries including
TensorFlow, Keras, OpenCV, and NumPy, the system
employs CNN-based architectures capable of learning
complex visual patterns from medical image datasets
sourced from publicly available repositories and
clinical archives. The system architecture encompasses
several key stages, including data collection, image
preprocessing, data augmentation, model training,
evaluation, and deployment. To enhance accessibility
and usability, a web or mobile-based interface
developed using frameworks like Django, Flask, or
TensorFlow Lite allows users including healthcare
professionals, nutritionists, and patients—to upload
images and receive real-time predictions regarding
potential vitamin deficiencies or related disorders,
along with confidence scores and relevant insights. As
global health systems increasingly prioritize preventive
care and personalized medicine, the integration of
artificial intelligence into nutritional diagnostics and
clinical screening represents a transformative step
forward. The deployment of deep learning
technologies for detecting vitamin deficiency- related
conditions holds substantial promise in improving
early diagnosis, reducing healthcare costs, and
ultimately contributing to better patient outcomes and
sustainable healthcare practices worldwide.

II. LITERATURE SURVEY

Vitamin deficiency detection has become an active
research area, driven by the global need to diagnose
nutritional disorders early and reduce health
complications  through  timely  interventions.
Techniques for identifying vitamin deficiencies and
related clinical signs can be broadly categorized into
traditional clinical examination and laboratory testing,
machine learning-based approaches, and modern deep
learning architectures [1][2][14].

2.1 Traditional Clinical and Laboratory Methods
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Historically, the diagnosis of vitamin deficiencies has
relied heavily on clinical examination and biochemical
testing. Healthcare professionals assess physical
signs—such as changes in skin texture, mucosal
appearance, and nail morphology—to identify possible
deficiencies [3][4]. Conditions like Darier’s Disease,
Lindsay’s Nails, and Beau’s Lines are recognized
clinical manifestations linked to specific nutritional
deficits or systemic illnesses [5].

For example, clinical observations of Alopecia Areata
can indicate deficiencies in vitamins D or B12, while
bluish nails may reflect hypoxia or iron deficiency
anemia [6]. Laboratory methods, including serum
assays and blood tests, remain the gold standard for
confirming vitamin status, measuring concentrations of
vitamins like B12, D, and E [3]. However, these
traditional approaches are often invasive, costly, and
may be inaccessible in low-resource settings.
Moreover, subtle physical signs can be overlooked or
misinterpreted due to subjective variability among
clinicians.

2.2 Machine Learning Approaches

With advances in computational methods, researchers
began exploring machine learning (ML) algorithms for
automated detection of nutritional deficiencies based
on clinical data and images [7][9]. ML models such as
Support Vector Machines (SVM), Random Forests,
Decision Trees, and Logistic Regression have been
applied to structured health records, biochemical test
results, and image-derived features [8].

For instance, Kumar et al. [7] developed a Random
Forest classifier using dermoscopic image features to
predict skin-related manifestations of vitamin
deficiency, achieving significant accuracy
improvements over purely manual assessments.
Similarly, Zhang et al. [9] applied SVM models to
classify nail disorders like Lindsay’s Nails and Beau’s
Lines, correlating these visual cues with potential
nutritional causes. While these models provided
promising results, they often relied on hand-crafted
features extracted from images or clinical records,
requiring domain expertise and potentially limiting
scalability across different populations or imaging
conditions.

2.3 Deep Learning-Based Techniques
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In recent years, deep learning has emerged as a
transformative approach in medical image analysis,
enabling end-to-end detection of subtle visual patterns
linked to vitamin deficiencies without extensive
manual feature engineering [10][12][13].
Convolutional Neural Networks (CNNs) have been
widely adopted to classify various dermatological and
ocular conditions associated with nutritional disorders.
For example, Li et al. [10] trained a CNN to recognize
mucosal changes and skin lesions indicative of vitamin
B12 deficiency from high- resolution clinical images,
achieving accuracy rates exceeding 90%. Similarly,
Patel et al. [11] employed deep CNN architectures to
detect bulging eyes, uveitis, and other ocular signs
potentially  linked to  vitamin  deficiencies,
demonstrating significant performance gains over
traditional ML methods. Emerging research also
explores transfer learning, where pre-trained models
like ResNet, VGG16, or MobileNet are fine-tuned on
smaller datasets of clinical images, reducing training
time and enhancing accuracy [12].

Beyond isolated images, recent studies have begun
integrating multimodal data—such as patient
demographics, biochemical markers, and imaging
data—to improve vitamin deficiency diagnosis [13].
These approaches promise more comprehensive
assessment but introduce additional complexity in data
collection and model design.

2.4 Challenges and Future Directions

Despite substantial progress, several challenges remain
in deploying deep learning-based systems for vitamin
deficiency detection in real-world settings:

e Limited Public Datasets: There is a scarcity
of large, publicly available image datasets
annotated for vitamin deficiencies or related
conditions like Darier’s Disease, Clubbing, or
Eczema, limiting model generalization and
robust evaluation [2][14].

e Class Imbalance: Rare conditions such as
Uveitis Eyes or Crossed Eyes related to
nutritional issues are underrepresented in
datasets, leading to class imbalance and
potential bias in predictions [6][13].
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o Interpretability: Deep learning models often
function as “black boxes,” making it
challenging to explain predictions to
clinicians—a crucial factor for building trust in
medical Al applications [8][12].

e Variability in Image Quality: Real-world
images captured under varying lighting
conditions, camera devices, and backgrounds
can reduce model accuracy if not adequately
accounted for during training [11].

¢ Integration into Clinical Practice: Deploying
Al systems in healthcare requires seamless
integration with existing workflows, adherence
to medical regulations, and user acceptance
among healthcare professionals [14][15].

Future research directions include developing larger
and more diverse annotated datasets, exploring
advanced explainability techniques to enhance model
transparency, integrating multispectral or hyperspectral
imaging to capture non-visible clinical features, and
deploying lightweight models suitable for mobile
devices to enable field-level diagnostics. Addressing
these challenges will be essential for realizing the full
potential of deep learning in vitamin deficiency
detection and improving global nutritional health
outcomes.

III. METHODOLOGY

The system for predicting mental health-related
conditions from visual features is built upon an
automated deep learning pipeline that processes image
data of physical signs associated with various health
disorders. The pipeline consists of several key stages:
image acquisition, preprocessing, data augmentation,
model architecture selection, training, evaluation, and
deployment for real-time inference. This methodology
ensures robustness against variability in image capture
conditions, such as lighting, angle, and background
clutter, enabling practical application in clinical or
field settings.

1. Image Acquisition
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High-quality =~ images  relevant to  physical
manifestations of mental health-related conditions
were collected from publicly available datasets and
research repositories. The dataset includes photographs
capturing visible signs linked to specific health
disorders (e.g., nail changes, eye changes, skin
lesions), classified into multiple categories such as:
Dariers disease, Lindsay’s nails, Alopecia areata,
Beau’s lines, Bluish nail, Bulging eyes, Cataracts
(eyes), Clubbing, Crossed eyes, Eczema, Glaucoma
(eyes), Lip abnormalities, Tongue abnormalities,
Uveitis (eyes)

Each image is labeled according to the respective
condition. The dataset diversity ensures the model
learns discriminative visual features for accurate
classification.

2. Image Preprocessing

To ensure consistent input across various model
architectures, all images undergo standardized
preprocessing steps:

e Resizing: Images are resized to dimensions
compatible with deep learning models, e.g.,
224x224 pixels:

Iresized = Resize(loriginal, 224,224)

e Color normalization: Pixel values are scaled

to the range [0,1][0,1][0,1]:
Inorm = 255/1

e Data type conversion: Images are converted
to floating-point representation for numerical
stability during model training.

3. Data Augmentation

Given the limited size of medical image datasets, data
augmentation is critical for improving generalization
and avoiding overfitting. Random transformations are
applied during training, including:

o Horizontal and vertical flips

e Random rotations:

Irotated = RO - |
where RO is a 2D rotation matrix:
RO = [cosOsinf — sinfcosH]

e Brightness and contrast adjustments

e Zooming in and out
These transformations simulate diverse real-world
conditions and help the models learn robust feature
representations.
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4. Model Architectures
Multiple state-of-the-art deep learning models were
implemented and evaluated:
4.1 Convolutional Neural Network (CNN)
A custom CNN was built with sequential
convolutional and pooling layers:
Conv(x) =x*W +b
where:
e X isthe input feature map
e W is the convolution filter
¢ bis the bias term
Followed by ReL U activations:
f(x) = max(0,x)
and fully connected layers for classification.
e CNN Results:
o Accuracy: 88.57%
o Loss: 0.7059

4.2 VGGI16
VGGI16 uses 13 convolutional layers with small 3x3
times filters and 3 fully connected layers:
f(x) = max(0,W xx + b)
It requires significant memory due to its deep
architecture.
¢  VGGI16 Results:
o Accuracy: 83.29%
o Loss: 0.6582
4.3 ResNet50
ResNet50 introduces skip connections:
y=F(x,{Wi}) +x
allowing gradients to propagate through deeper
networks without vanishing, where F(x) is the residual
mapping.
¢ ResNet50 Results:
o Accuracy: 15.93%
o Loss:2.3076

4.4 MobileNetV2
MobileNetV?2 uses depthwise separable convolutions:
DWConv(x) - PWConv(x)
e Depthwise convolution filters each input
channel separately.
e Pointwise
outputs.
e MobileNetV2 Results:
o Accuracy: 93.79%

convolution combines the
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o Loss:0.2113

4.5 EfficientNetB0
EfficientNet scales depth, width, and resolution
uniformly using compound scaling:
d=apw=ppr =y
subject to:
a-f2-y2=2
where:

e d=network depth

e w=width

e r=resolution

¢ ¢ =compound coefficient

o [EfficientNetB( Results:

o Accuracy: 7.14%
o Loss: 2.6391
5. Model Training
Models were trained using categorical cross-
entropy loss:
L =—i=1)Cyilog(y™i)
where:

e y' = true label (one-hot encoded)

o yM =predicted probability for class iii
Optimization was  performed  using  Adam
optimizer:

0t+1=0t—n- -vrt+em"t
where:

e m”" = bias-corrected first moment

e V" = bias-corrected second moment

e 1 = learning rate
Early stopping was implemented based on
validation loss.

6. Model Evaluation
Performance was measured on a hold-out test set using
metrics:

e Accuracy:
Accuracy=Correct predictions/Total samples

e Loss (Cross-Entropy)

e Precision, Recall, F1-Score

e Confusion Matrix
MobileNetV2 achieved the highest accuracy of
93.79%, suggesting it offers the best balance between
accuracy and computational efficiency for this
application.

7. Deployment
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The best-performing model was saved in HDFS5 format
(e.g., .h5) for deployment:

e Web application: Built using Django/Flask,
allowing users to upload images and receive
predictions.

e Mobile application: Model converted to
TensorFlow Lite for on-device inference.

The prediction pipeline processes new images as
follows:

1. Preprocessing

2. Feeding into the trained model

3. Returning class probabilities and confidence
scores

This facilitates rapid, accessible mental health

screening via visual cues, providing valuable support

for clinical assessments and public health monitoring.
IV.  RESULTS

The performance of the developed deep learning
system for vitamin deficiency and related health
condition detection was evaluated using a labeled
image dataset consisting of various classes
representing visible manifestations of possible vitamin
or systemic deficiencies. The system was tested across
multiple deep learning architectures to identify the
optimal model for accurate classification.

1. Overall Model Comparison
Table 1 summarizes the key performance metrics
Accuracy and Loss for all evaluated models:

Model Accuracy (%) Loss

CNN 88.57 0.7059
VGG16 83.29 0.6582
ResNet50 15.93 2.3076
MobileNetV2  93.79 0.2113
EfficientNetBO 7.14 2.6391

The performance evaluation of the developed deep
learning system for detecting vitamin deficiencies and
related health conditions was carried out using a
labeled image dataset containing various classes that
reflect visible signs of potential vitamin or systemic
disorders. Several deep learning architectures were
trained and tested to determine the most effective
model for accurate classification. Among the tested
models, MobileNetV2 demonstrated the highest
overall performance, achieving an accuracy of
93.79% with a notably
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low loss of 0.2113. This model effectively captured
subtle visual differences across conditions such as
cataracts, glaucoma, eczema, and uveitis, while
maintaining fast computation times suitable for
deployment in real-world applications, including
mobile devices. The custom-designed CNN also
performed strongly, reaching an accuracy of 88.57%
with a loss of 0.7059, showing its capability to learn
patterns associated with conditions like Dariers
disease, Lindsay’s nails, and alopecia areata. Although
not the top performer, the CNN demonstrated stable
training behavior and relatively efficient processing
compared to larger architectures.

VGG16 achieved an accuracy of 83.29% and a loss of
0.6582. While it effectively captured fine- grained
textural features critical for distinguishing subtle
symptoms like bluish nails, clubbing, and crossed eyes,
its large parameter count resulted in higher
computational demands and longer training times.

In contrast, ResNet50 and EfficientNetBO yielded
significantly lower performance, with ResNet50
achieving an accuracy of just 15.93% and a high loss
of 2.3076, while EfficientNetBO recorded the lowest
accuracy of 7.14% with a loss of 2.6391. Both models
struggled to converge effectively on the dataset,
possibly due to overfitting, insufficient data volume for
deep architectures, or hyperparameter sensitivities.
Detailed examination of confusion matrices revealed
that MobileNetV2 consistently achieved high true
positive rates across most classes, though occasional
misclassifications occurred, particularly between
visually similar nail disorders like Beau’s lines and
Lindsay’s nails. This underlines the inherent challenge
of distinguishing subtle inter- class differences in
dermatological and ocular signs associated with
vitamin deficiencies.

b VitaDetect  Home

5 vitamin
Deficiency Detection

Bae

Why Choose VitaDetect?

Despite some limitations, particularly in classes with
highly similar visual features or subtle early- stage
symptoms, the results confirm that MobileNetV2
offers the best Dbalance between accuracy,
computational efficiency, and robustness against
variations in lighting, image orientation, and
background complexity. Data augmentation
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techniques such as rotation, flipping, and brightness
adjustments contributed significantly to the model’s

B VitaDetect Home Dasthosrd  Deteet  History

@ Dashboard

D iew

Predietion Gonfidence Status

Overall, the study demonstrates the potential of deep
learning, particularly lightweight architectures like
MobileNetV2, as effective tools for automated, image-
based detection of health conditions related to vitamin
deficiencies. Such systems hold promise for facilitating
rapid, non- invasive screening and supporting timely
medical intervention, ultimately contributing to
improved public health outcomes.

l~ Analysis Results |

The tindings of this study highlight the substantial
potential of deep learning-based systems in the
automated detection of vitamin deficiencies and related
health conditions through image analysis. The
consistently high performance of MobileNetV2
underscores the advantages of using lightweight
architectures capable of learning intricate visual
patterns while maintaining computational efficiency.
Its accuracy of 93.79% and low loss suggest that even
subtle differences in color, texture, and morphological
features on the skin, nails, eyes, lips, or tongue can be
effectively captured and distinguished by well-
designed convolutional models. This is particularly
significant for practical applications, where rapid and
reliable screening tools could empower early diagnosis
and timely intervention in clinical or community health
settings. Despite these successes, the study also
revealed important limitations that warrant discussion.
While MobileNetV2 and the custom CNN
achieved
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strong results, deeper architectures like ResNet50 and
EfficientNetB0 significantly underperformed,
suggesting that very deep networks may be prone to
overfitting or may require substantially larger datasets
to leverage their capacity fully. This emphasizes a
critical challenge in medical imaging projects:
obtaining sufficiently large and diverse labeled
datasets to train complex models effectively. Limited
sample sizes for rare conditions, such as Dariers
disease or certain nail anomalies, may have contributed
to lower sensitivity for these classes, as evidenced by
occasional misclassifications observed in the confusion
matrices.

Moreover, certain conditions in the dataset, such as
Beau’s lines and Lindsay’s nails, exhibit subtle visual
similarities, making them difficult to differentiate even
for human experts. These overlapping features present
a significant challenge for any model relying solely on
visible characteristics. Future research could explore
integrating additional modalities, such as patient
history, laboratory values, or symptom questionnaires,
to enhance classification accuracy for such borderline
cases. Another important consideration is the
variability in real-world conditions under which
images might be captured. While data augmentation
during training helped improve robustness to variations
in lighting, orientation, and image quality, field
deployments could still encounter scenarios with
extreme lighting, motion blur, or obstructed views.
Developing more  sophisticated  preprocessing
techniques, or leveraging advanced architectures like
attention mechanisms, may further improve resilience
in challenging environments.

Interpretability remains a critical concern in the
deployment of Al systems in healthcare. Clinicians and
users must understand how a model arrives at its
predictions to build trust and ensure safe clinical
decision-making. Techniques such as Grad-CAM or
saliency maps could be integrated into future versions
of this system to provide visual explanations
highlighting the regions of images that contribute most
strongly to the model’s decisions.

Finally, while the Flask-based web interface offers an
accessible platform for deployment, scaling the
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system for widespread use will require considerations
around data privacy, security, and regulatory
compliance. Particularly in medical applications,
ensuring user confidentiality and adherence to
standards like HIPAA or GDPR is essential for ethical
deployment. Overall, the study demonstrates that deep
learning offers a highly promising approach for non-
invasive detection of health conditions related to
vitamin deficiencies. However, translating these
models into real-world clinical practice will depend on
addressing challenges related to data availability,
model explainability, deployment logistics, and
integration with broader healthcare workflows. Future
work will focus on expanding the dataset, refining
model architectures, and exploring multimodal
approaches to enhance predictive accuracy and
practical usability.

VI CONCLUSION

This study successfully demonstrates the application of
deep learning architectures for the automated detection
of vitamin deficiencies and related health conditions
using image data. Among the tested models,
MobileNetV2 emerged as the most effective, achieving
high classification accuracy while maintaining
computational efficiency suitable for practical
deployment. The results underscore the capacity of
modern deep learning systems to extract and interpret
subtle visual patterns that indicate physiological
imbalances, offering a valuable tool for early screening
and preventive healthcare.

While the system shows great promise, several
challenges remain, including the need for larger and
more diverse datasets, enhanced model interpretability,
and robust performance under varying real-world
imaging conditions. Furthermore, ethical
considerations such as patient privacy, data security,
and regulatory compliance are critical factors for future
deployment in clinical and community health contexts.
Despite these limitations, this work represents a
significant step toward integrating artificial
intelligence into healthcare, providing scalable, cost-
effective solutions for early detection of conditions that
often go unnoticed until advanced stages. Future
research will focus on expanding datasets, refining
model architectures, and exploring multimodal data
integration to further improve diagnostic accuracy
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and clinical utility. By bridging the gap between
advanced machine learning and practical healthcare
needs, this research contributes to the broader goal of
enhancing public health outcomes through innovative,
technology-driven approaches.
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