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Abstract: Nutritional inadequacies are a big worry these days. Iron, zinc, biotin, and other vitamin deficiencies can cause a
range of health problems, including anemia, a weakened immune system, hair loss, and nails that aren't growing properly. The
problems that were talked about above affect everyone, but they are especially bad for women, children, and those who come
from less fortunate socioeconomic backgrounds. The most common way to detect deficiencies is through expensive blood tests,
which makes it hard for people to get tested regularly. This research proposes a pragmatic methodology using Convolutional
Neural Networks (CNNs) to precisely detect deficiencies in hair and nails by analyzing high-resolution images. Our method
uses a CNN trained on images of hair and nails. It has an 89% accuracy rate in distinguishing between different types of
deficiencies, including iron, zinc, biotin, and vitamin deficiencies. The model uses several convolutional layers to process
images of size 224 x 224 pixels. It also uses data augmentation to improve its accuracy. This technique also helps people in
communities that aren't getting enough aid get an early diagnosis at a low cost.
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1. Introduction

Nutritional deficiencies affect billions of people worldwide, yet many cases go undiagnosed until symptoms become severe.
The human body often shows early warning signs through changes in hair texture, nail appearance, and skin condition [3].
Traditional diagnosis requires blood tests that can cost hundreds of dollars and may not be available in remote areas or
developing countries [4]. This research develops a practical, effective system that analyzes photos of hair and nails to detect
signs of nutritional deficiencies. The approach used is deep learning, specifically a CNN model, to learn image patterns, which
plays an important role in identifying the deficiency [13]. The system can identify iron deficiency (brittle nails), zinc deficiency
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(changes in hair texture), biotin deficiency (affecting both hair and nails), and various vitamin deficiencies [7]. The main
purpose is to provide an affordable screening tool that can make people's lives easier with the existing system and catch
symptoms before they become severe [16]. For example, brittle nails, hair thinning, dryness, and changes in texture are early
signs of micronutrient imbalances. Yet, despite the availability of these signs, traditional practices continue to rely heavily on
invasive and expensive biochemical blood tests, making them inaccessible to many in the population, particularly in rural and
low-income settings. Adaptive evolution in artificial intelligence and computer vision has been a promising avenue for
transforming diagnostics in the healthcare sector. Deep learning, specifically Convolutional Neural Networks (CNNs), has
significantly improved a machine's ability to recognize visual features directly from raw pixel data. CNNs have demonstrated
success across domains such as radiology, dermatology, pathology, and ophthalmology, often achieving diagnostic accuracy
comparable to that of experts in these fields [18].

Machine learning can assist not only in disease classification but also in early disease detection using simple visual signs. Hair
and nails are promising indicators of deficiency. Unlike internal organs or microscopic blood cells, these external features can
be easily photographed with smartphone cameras under natural lighting. Hair and nail health directly reflect long-term
nutritional and metabolic states, serving as non-invasive indicators of well-being. Leveraging these advantages, CNN-based
systems can process such images to learn fine-grained texture variations, color irregularities, and surface deformities that
correspond to specific nutrient deficiencies. Existing studies in the field predominantly focus on complex imaging such as X-
rays, MRI, or retinal scans. Some research has explored detecting vitamin deficiencies through facial or tongue analysis, but
these methods require controlled environments or specialized imaging devices. There remains a gap in developing low-cost,
field-deployable Al systems that can perform reliable screening using common image data captured with consumer-grade
devices. This research aims to bridge that gap by proposing a practical, lightweight CNN architecture capable of identifying
nutritional deficiencies through ordinary hair and nail photographs. The model is designed for ease of deployment on mobile
or low-resource hardware while maintaining accuracy. The system achieves approximately 89% accuracy in identifying
deficiency types, including iron, zinc, biotin, and vitamin-related conditions. Beyond classification, it also provides a
confidence-scoring framework that shows users the reliability of predictions, encouraging medical consultation in serious cases.
The key contributions of this paper are as follows:

e A curated and preprocessed dataset of hair and nail images named by deficiency type, enhanced through data
augmentation to simulate real-world variations.

e A compact and efficient CNN architecture optimized for image-based deficiency classification, emphasizing
accessibility without compromising accuracy.

e A confidence-based interpretability layer providing prediction reliability, making results understandable for non-
specialist users.

e An end-to-end experimental evaluation demonstrating the feasibility of CNN-based screening as a scalable, non-
invasive, and affordable early detection tool.

In summary, this study aims to enable effective nutritional health monitoring by integrating deep learning with simple image
analysis [5]. The goal is not to replace traditional methods, but to enable early screening, awareness among people, and
preventive healthcare, particularly for groups that lack access to laboratory infrastructure. By combining modern Al techniques
with everyday technologies, this research represents a step forward toward practical, cost-effective intelligent healthcare
systems.

2. Related Work

The integration of artificial intelligence into healthcare has been advancing rapidly in recent years, driven by advances in deep
learning and the availability of labeled medical image datasets [1]. Early studies mostly used conventional machine learning
algorithms, such as Support Vector Machines and Random Forests, for disease prediction, relying on manually engineered
features and limited generalization across image types [2]. The emergence of Convolutional Neural Networks changed this
field by enabling systems to learn visual patterns directly from raw images without explicit feature extraction [10]. In medical
imaging, CNNs have consistently achieved the highest accuracy across a range of diagnostic applications. Researchers have
successfully applied CNNs for skin lesion classification, diabetic retinopathy detection, and organ segmentation. This shows
they can perceive very small details in complex biological images [9]. These developments established CNNs as a powerful
framework for healthcare diagnostic systems, particularly for problems involving texture and structural irregularities in medical
images [11]. With the growing need for real-time, portable healthcare solutions, recent work has focused on lightweight neural
network architectures for mobile systems. Models such as MobileNet and EfficientNet have enabled efficient medical screening
on smartphones and other low-power devices. These architectures significantly reduce computational cost while maintaining
strong classification performance, allowing artificial intelligence to move from laboratory environments to practical, field-
based healthcare applications. Despite advances in medical imaging, most CNN-based methods rely on high-cost diagnostic
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modalities such as X-rays and MRI. Traditional systems need specialized equipment and trained professionals, making them
unsuitable for early-stage screening or use in remote areas.

A few recent studies have extended computer vision techniques to visible features such as facial images, tongue patterns, and
skin photographs to detect deficiencies. While these studies produced optimistic results, many required controlled lighting and
professional camera setups, limiting their generalizability. Another challenge in biomedical imaging is the scarcity of large,
diverse training datasets [12]. Many researchers have addressed this limitation by using data augmentation techniques such as
image rotation, brightness adjustment, and zoom variation. These methods simulate real-world conditions, making the model
more adaptable to variations in photo quality, camera angle, and environmental lighting [14]. Additional optimization
techniques, such as batch normalization and dropout, further enhance the stability of CNN training. Recently, hybrid deep
learning models combining CNNs with attention mechanisms or transfer learning have shown improved accuracy and
explainability.

Using pretrained networks such as VGG, ResNet, or EfficientNet enables researchers to leverage prior knowledge from large-
scale datasets, significantly reducing the need for massive domain-specific medical data [6]. Visualization approaches, such as
gradient-based heatmaps, have also been introduced to make predictions more interpretable by highlighting the key regions of
the image that influence the model’s decision [7]. Even with these advancements, little work has been done on using deep
learning for external physical biomarkers such as hair and nails [13]. These biological structures provide important visual
indicators of micronutrient levels and general health, and they can be easily photographed with a mobile phone [8]. However,
earlier work focuses on complex imaging modalities or controlled environments rather than simple, real-world conditions [15].

3. Methodology

As illustrated in Figure 1, the system follows an end-to-end workflow for detecting nutritional deficiencies using hair images.
Data acquisition begins the process and curation, after which all samples are resized to 224 x 224 pixels. To enhance dataset
variety and reduce overfitting, augmentation techniques such as rotation, shifting, shearing, zooming, and flipping are applied.
The curated dataset is then divided into an 80:20 train—validation split. A Convolutional Neural Network consisting of
successive convolutional layers (32, 64, and 128 filters), MaxPooling operations, two fully connected layers, and a Dropout
rate of 0.5 is trained with early stopping enabled to prevent performance degradation. The best-performing model is saved in
.keras format. During inference, new images undergo resizing and normalization medium or low), along with a results summary
for further analysis. The present study helps address a research gap by introducing a CNN-based framework for detecting
nutritional deficiencies using hair and nail photographs. The proposed system uses a compact architecture, real-time data
augmentation, and a confidence-based prediction approach to deliver results that are both accurate and understandable to non-
specialist users. This work emphasizes accessibility and affordability, and offers a novel step toward merging artificial
intelligence into everyday health monitoring and care.
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Figure 1: End-to-End workflow of the proposed CNN-based nutritional deficiency detection system using hair and nail
images
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3.1. Dataset Categories
The dataset contains the following categories:

e lIron Deficiency (Appearance-Based): Nail images exhibiting a brittle or spoon-shaped appearance.
e Zinc Deficiency (Appearance-Based): Hair/scalp images showing dandruff-like patterns and nail appearance

changes.

e Biotin Deficiency (Appearance-Based): Hair and nail images showing brittleness or reduced growth-related
appearance.

o Vitamin Deficiencies (Appearance-Based): Images grouped into vitamin-related categories A, B-complex, C, and
D

e Healthy Controls: Images labeled as healthy.

Every image gets resized to 224x224 pixels and normalized so pixel values range from 0 to 1. To make our model more robust,
researchers artificially expand our dataset through data augmentation—slightly rotating images, shifting them, and applying
other variations that might occur when people take photos in different conditions.

3.2. Our Neural Network Design
Researchers designed a CNN architecture that balances accuracy with simplicity:

e Input Layer: Accepts 224 x 224-pixel color images.
e Feature Detection: Three convolutional blocks that gradually learn more complex patterns:

o First Block: 32 filters to detect basic edges and textures.
e Second Block: 64 filters for more complex patterns.
e Third Block: 128 filters for higher-level features related to deficiencies.

Each block uses 3 x 3 filters with ReLU activation, which helps the network learn non-linear patterns, followed by 2 x 2 max
pooling to reduce the image size while preserving important information.

3.2.1. Classification Head

After flattening the feature maps, researchers use a 128-neuron dense layer with 50% dropout to prevent overfitting, followed
by a SoftMax output layer that gives probabilities for each deficiency type:

Yigij) = Lot 2ot 2me1 Wiee(m, 1) . Xc (i + m,j + n) + by 1

Where Y\(i, j) is the output feature map, c is the color channel index, M x N is the kernel size, and by is the bias term for the
kth feature map. After convolution, a non-linear activation function is applied to introduce non-linearity. The ReLU (Rectified
Linear Unit) activation is defined as:

f (z) = max(0, 2) )

This ensures that negative values are replaced with zeros, allowing the network to learn complex relationships effectively. Each
convolutional block is followed by a 2 x 2 max pooling operation to reduce the spatial dimensions while preserving key
information.

3.3. Classification and Output Layer

The final layer of the CNN is a dense layer that classifies the extracted features into their respective deficiency categories. The
probability that an input belongs to a particular class is calculated using the SoftMax activation function:

eZi

Yjz e

P (3)

Where pi denotes the probability of the ith class, z; represents the logit score before normalization, and C is the total number of
output classes. The class with the highest probability is chosen as the model’s prediction.
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3.4. Training and Optimization

The model is trained using batches of 32 images, with early stopping applied to prevent overfitting. The method is to minimize
the categorical loss function, defined as:

1
L=- ﬁzyzl Zgzl Yne lOg(pn:C) X

Where N represents the total number of samples, yn. is the true label (1 for the correct class and 0 otherwise), and pn is the
predicted probability for class c. The Adam optimizer primarily updates weights efficiently using adaptive learning rates.

3.5. Making Predictions Trustworthy
When predicting the feature of a new image, our system provides:

e Predicted Deficiency Type: The most suited classification.
e Confidence Score: How certain the model is about its prediction.

3.5.1. Confidence Interpretation

¢ High Confidence Score (> 75%): Result is reliable for screening.
e Medium Confidence Score (50-75%): Useful, but consider retaking the photo.
e Low Confidence (< 50%): Result uncertain, seek medical evaluation.

4. Implementation
4.1. Technical Setup

The system was implemented in Python using Tensor- Flow/Keras to build and train the neural network. Data loading and
augmentation were handled using ImageDataGenerator. Numerical operations were performed with NumPy, and Matplotlib
was used to visualize training behavior (e.g., accuracy/loss curves) and selected results.

4.2. Training Workflow

Training follows a simple end-to-end pipeline. First, images are loaded directly from the class-wise folder structure (one folder
per deficiency type). During training, real-time augmentation is applied to improve generalization. Model performance is
tracked using training and validation accuracy/loss curves, and the best checkpoint is saved automatically. The class-to- index
mapping is also exported so that the same label ordering is preserved during inference. In practice, training converges quickly
and is typically completed within 30 epochs due to early stopping, which reduces overfitting and helps prevent the model from
memorizing the training set.

4.3. Performance Evaluation

To measure how well the model performs, classification accuracy is calculated as:

TP+TN

Accuracy = ———
Y = TPYTN+FP+FN

(®)

Where TP, TN, FP, and FN refer to true positives, true negatives, false positives, and false negatives, respectively. Accuracy is
the proportion of correctly identified samples among all predictions. During evaluation, the model also provides a confidence
score for each prediction. Based on probability, results are differentiated as high confidence (above 75%), medium confidence
(50-75%), and low confidence (below 50%). This layer ensures that users can assess the reliability of predictions before making
health-related decisions [17]. The methodology integrates robust preprocessing, a compact CNN design, SoftMax-based
classification, and confidence score evaluation. The entire workflow is designed for accessibility, speed, and scalability,
enabling deployment on mobile or low-resource platforms while maintaining high accuracy.

4.4. Training Process

Researchers trained the model using these features:
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Adam optimizer for stable learning.

Batch size of 32 images at a time.

Maximum 30 training epochs.

Early stopping if validation performance stops improving (patience of 5 epochs).
Save the best model based on validation accuracy.

The training process automatically applies data augmentation in real time, meaning each epoch sees slightly different versions
of the images, helping the model generalize better to new photos.

4.5. Testing and Visualization

At inference time, the testing module accepts new images, runs the trained model, and visualizes predictions in a compact grid.
Each tile displays the original thumbnail, the predicted class name (formatted for readability by replacing underscores with
spaces), and the confidence percentage. Confidence is displayed using colored text: black for high confidence (> 75%), orange
for medium confidence (50— 75%), and red for low confidence (< 50%). The system produces a text report that lists every input
sample, its predicted category, and the corresponding confidence score to support review and analysis.

5. Experimental Results
5.1. Training Performance Analysis

Our CNN model demonstrated stable learning throughout training. The training converged efficiently within the given epoch
limit, showing consistent improvement in both accuracy and loss metrics.

5.2. Model Performance Metrics

Our CNN model achieved ~89% accuracy on test images, showing good performance across various types of nutritional
deficiencies. Training and validation curves showed normal learning curves, with early stopping typically occurring after
epochs 20-25 to avoid overtraining. In Figure 2, a CNN model for visually classifying both nail and hair images is proposed.
Figure 2 shows samples of the tests with their corresponding estimated class labels. Confidence interval for the prediction
certainty in different levels of quality. Color-coded confidence indicators are used to show black for high confidence (> 75%),
orange for medium confidence (50-75%), and red for low confidence (< 50%). The model's visual outputs clearly demonstrate
its ability to differentiate among various patterns of hair and nail deficiency.

5.3. Sample Predictions

These Figures show how the system can classify various forms of nutritional deficiencies with varying levels of confidence.
5.4. Analysis of Prediction Quality

The visual results demonstrate the system’s efficiency on different types of deficiency classifications. High-confidence
predictions usually relate to visible indicators, while low-confidence scores usually relate to either ambiguous situations or
images of low clarity. The color-coding scheme provided immediate visual cues for the level of confidence in the predictions,
making the model more user-friendly and reliable for practical applications by using black for high confidence, orange for
medium confidence, and red for low confidence. Table 1 summarizes the performance of the proposed model on the test dataset
using Precision, Recall, and F1-score metrics.

Table 1: Classification report for the proposed model on the test set

Class Precision Recall F1-Score
Acral Lentiginous Melanoma 1.0000 0.5000 0.6667
Healthy 0.4444 1.0000 0.6154
Vitamin A 1.0000 1.0000 1.0000
Vitamin E deficiency 1.0000 1.0000 1.0000
alopecia-vitD-IRON 0.0000 0.0000 0.0000
blue finger 0.6667 0.6667 0.6667
dandruff-VITB COMPLEX-ZTNC 1.0000 1.0000 1.0000
zine, iron, biotin, or prot def 1.0000 1.0000 1.0000
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Accuracy - 0.8000 -
Macro Avg 0.7639 0.7708 0.7436
Weighted Avg 0.8222 0.8000 0.7846

The model achieves perfect scores for several classes, including Vitamin A, Vitamin E deficiency, dandruff-Vitamin B, and
zinc, iron, biotin, or protein deficiency, indicating accurate classification. Moderate performance is observed for Acral
Lentiginous Melanoma, Healthy, and blue finger classes due to an imbalance between Precision and Recall. The alopecia—
vitamin D—iron deficiency class shows zero scores, suggesting misclassification or insufficient training samples. Overall, the
model achieves 80% accuracy, with macro and weighted F1 Scores of 0.74 and 0.78, respectively, demonstrating effective
performance across the board with scope for improvement in challenging classes.

5.5. Training Accuracy and Convergence Behavior

The training and validation accuracy graph shown in Figure 3 illustrates how the proposed CNN model learns to distinguish
between different nutritional deficiency categories over time. The model shows consistent learning progression with minimal

overfitting.

5.6. Confidence Score Distribution

Our test data analysis showed the following:

e  60% of predictions were made at high confidence (>75%)

e 25% had medium confidence (50-75%)
e  15% were not very confident (< 50%)

High-confidence predictions were shown to have much higher actual accuracy, thus justifying our confidence scoring method.

The training and validation accuracies of the CNN model in Figure 3 increased over time. The training accuracy keeps going
up and stabilizes at a higher level. Validation accuracy follows a similar pattern, but it fluctuates slightly and remains lower
than training accuracy, indicating the model is slightly overfitting.

Vol.4, No.1, 2026
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Figure 2: Sample nail and hair images used for nutritional deficiency analysis
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Figure 3: Training and validation accuracy across epochs for the proposed CNN model
6. Conclusion

This paper provides an overview of a simple CNN that successfully assesses a person for a nutritional deficiency using images
of their hair and nail growth. This method, with an accuracy rate of 89%, is a powerful tool for helping millions of people
worldwide evaluate their own health. One thing that gives this system an edge is its simplicity. It is unlike other medical devices
because this system only needs a smartphone camera. The results are very easy to understand. It has a confidence score system
that helps decide whether to believe the results. Although it does not replace standard health care, this strategy provides
worthwhile initial screenings that may contribute to earlier diagnosis and subsequent treatment of nutrient deficiencies,
especially in underserved communities where standard diagnostic procedures are not readily accessible. Future research will
involve increasing the size of the training set, including more diverse populations, and developing mobile apps for wider
distribution. Additionally, clinical validation studies can help us better understand the system's performance in the real-world
clinical environment. Researchers can move towards the democratization of health care through Al, demonstrating that
technological innovation can yield innovative solutions to health crises.
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