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Tuberculosis (TB) remains a leading cause of death from infectious diseases
worldwide, with Indonesia ranking second. Conventional TB diagnosis,
which relies on the manual interpretation of chest X-rays, faces challenges
due to a shortage of radiologists, particularly in resource-limited healthcare
settings. This study aimed to develop a TB image classification model using
Google Teachable Machine a no-code machine learning platform to create
an easily deployable screening tool that requires no programming expertise.
The model was developed using a transfer learning approach based on the
Mobile Net architecture, trained on a dataset of chest X-rays labeled as
either TB-positive or normal, and evaluated for accuracy across multiple
training epochs. The results showed that both training and testing accuracies
converged toward 1.0 after the 10th epoch; the curves moved in parallel
without significant performance discrepancies, indicating good model
generalization capabilities. Optimal results were achieved with an epoch
count of 60, a batch size of 64, and a learning rate of 0.003. These findings
demonstrate that the ease of implementation offered by no-code platforms
does not necessarily compromise classification performance, making this a
potentially practical solution to support early TB detection. Further research
is recommended to conduct external validation and assess sensitivity and
specificity to confirm the model's suitability as a clinical pre-screening
instrument.
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1 INTRODUCTION
Tuberculosis (TB) remains one o

f the most serious global public health threats [1]. The WHO Global

Tuberculosis Report 2025 notes that the number of incident TB cases globally declined in 2024 for the first

time since 2020, falling from 10.8 mi

llion cases in 2023 to 10.7 million cases in 2024 [2]. However, this

decline has not been uniformed across the globe. TB remains the leading cause of death from infectious
disease worldwide surpassing even Covid-19 with an estimated two deaths occurring every minute [3].
Indonesia ranks second globally in terms of TB burden, after India, accounting for approximately 10% of the
total global case load; this underscores the fact that the issue is both highly localized and a matter of urgent

national health concern [4].

TB screening generally relies on chest X-ray imaging interpreted manually by trained medical

professionals, such as radiologists or

pulmonologists [5]. This process has significant limitations because

interpretation is subjective, requires specialized expertise, and is prone to error due to the variability of TB
radiographic patterns, which often resemble other lung diseases such as pneumonia [6]. In some regions,
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particularly those with limited healthcare resources, the availability of radiologists is extremely scarce,
resulting in slow and uneven TB screening processes [7].

Advancements in artificial intelligence specifically deep learning based on Convolutional Neural
Networks (CNN) have demonstrated significant potential for automating medical image classification with
high accuracy [8]. However, implementing conventional deep learning models typically requires
programming skills, adequate computing infrastructure, and deep technical expertise posing a genuine
challenge for healthcare facilities with limited human resources and IT infrastructure. It is in this context that
no-code or low-code machine learning platforms, such as Google Teachable Machine, warrant exploration, as
they enable the development of image classification models without the need for complex programming [9].

The urgency of this research is grounded in several crucial facts: the cumulative global incidence of
TB has declined by only 8.3% since 2015 far short of the 50% reduction target set for 2025 while the TB
mortality rate has decreased by only 23% against a target of 75%. [10]. This indicates that TB elimination
strategies still face significant obstacles, particularly regarding early detection and diagnostic coverage [11].
Furthermore, millions of TB cases remain undiagnosed globally each year a gap likely exacerbated by limited
access to radiologists in primary healthcare facilities, especially in rural areas or regions with constrained
health resources. Furthermore, the economic burden imposed by TB remains substantial, with nearly half of
affected households incurring catastrophic costs due to the disease a situation exacerbated by delayed
diagnosis [12]. In this context, there is an urgent need to develop and scientifically validate image-based
screening tools that are affordable, accessible, and do not require advanced programming expertise,
particularly to serve as pre-screening solutions in resource-limited healthcare facilities prior to referral for
definitive diagnostic testing.

A review of the literature indicates that deep learning-based tuberculosis (TB) image classification
research has advanced rapidly; however, the majority of studies focus on complex CNN architectures
requiring advanced programming expertise such as Res Net, Dense Net, MobileNetV2, and the hybrid Ghost
Net-Mobile ViT model which, despite achieving high accuracy (>95%), are difficult for non-technical
healthcare workers in primary care facilities to replicate [13]. Several studies have explored Google
Teachable Machine for TB detection, one study evaluated the ability of Teachable Machine as a deep neural
network-based tool to predict TB probability from chest X-ray images, using 348 TB images and 3806
normal images, and achieved an Area Under the Curve (AUC) of 0.951-0.975 in external validation,
comparable to pulmonologist interpretation [14]. Another study within the Indonesian context has also
utilized Teachable Machine to develop an Android-based application for classifying TB X-ray images;
however, it focused on the application development aspect without thoroughly evaluating the model's
suitability for real-world implementation in resource-limited healthcare facilities [15].

Based on the review above, three key gaps have been identified: (a) limited research specifically
positioning and evaluating Teachable Machine as a practical screening tool for primary healthcare settings in
regions with shortages of radiologists and computing infrastructure; (b) a scarcity of studies testing
Teachable Machine model performance on TB image datasets within the epidemiological context of high-
TB-burden countries like Indonesia; and (c) a lack of comprehensive discussion regarding the trade-off
between ease of implementation (no-code) and model accuracy, sensitivity, and specificity—factors that are
crucial considerations before recommending this tool for use as a pre-screening instrument in the field.

This study has several objectives: (1) To implement a tuberculosis image classification model using
the Google Teachable Machine platform based on chest X-ray images. (2) To evaluate the performance of the
resulting model using metrics such as accuracy, sensitivity, specificity, and area under the curve (AUC) to
assess its suitability as a screening tool. (3) To analyze the potential and limitations of applying Teachable
Machine as an image-based TB screening aid in resource-limited healthcare settings. (4) To provide practical
recommendations regarding the feasibility of implementing this no-code/low-code Al model to support early
TB detection efforts, particularly in areas with limited access to radiologists.

2 METHOD

2.1  Research Design

This study employs a quantitative experimental approach with an applied research design, aiming to
develop and evaluate a tuberculosis (TB) image classification model based on the Google Teachable Machine
platform. The research process follows standard Machine Learning model development stages data
collection, preprocessing, model training, testing, and performance evaluation, and subsequently analyzes the
model's feasibility as a pre-screening tool. The research design is illustrated in Figure 1.
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Figure 1. Research design

2.2 Data sources

The chest X-ray dataset used in this study is sourced from a medically validated public repository [16].
The dataset from the www.kaggle.com platform, which is widely used in similar studies. It comprises two
main classes: TB-positive images and normal (non-TB) images [17]. The dataset contains a total of 1200
records, split equally into 600 TB-positive records and 600 normal records. Sample data are shown in Figure
2.

(a) Normal (b) TB-Positive

Figure 2. Sample dataset: (a) Normal (non-TB), and (b) TB-Positive

2.3  Split Data

Data splitting is the process of dividing a single dataset into two parts for the purpose of training and
testing machine learning models [18]. The training data accounts for 75% of the data, while the testing data
accounts for 15%. The dataset split is illustrated in Figure 3.
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Figure 3. Number of data training, and data testing
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2.4  Google Teachable Machine

Google Teachable Machine is a web-based, no-code machine learning platform that utilizes transfer
learning from the Mobile Net architecture [19]. The model development stages include:
1. Upload the TB and normal image datasets to the Teachable Machine interface, grouped according to
class labels.
2. Configure training parameters, including the number of epochs, batch size, and learning rate.
3. Train the model directly in the browser using TensorFlow.js, without the need for library
installations or writing code.

2.5 Model Evaluation

An evaluation was conducted to determine the model performance associated with the optimal
combination of parameters for this technique. This evaluation compared scenarios involving different
numbers of epochs, batch sizes, and learning rates. Subsequently, the model underwent training, and its
performance was assessed based on accuracy and epoch loss.

3  RESULTS AND DISCUSSION

The model used in this machine learning application is Mobile Net. The initial test employed a
combination of 50 epochs, a batch size of 16, and a learning rate of 0.001. The confusion matrices for the
model's performance evaluation are presented in Figure 4, and Figure 5.
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Figure 4. Confusion matrix for the first scenario
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Figure 5. Performance for each class is based on the first scenario.
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Figure 5 illustrates varying performance results across the different classes. The model demonstrates better
predictive performance for the positive class compared to the negative class. The model's accuracy for this
combination is 0.84, or 84%. We further compare the performance and loss per epoch, as presented in Figure
6.
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Figure 6. Accuracy per epoch in the first scenario

Figure 6 shows that training accuracy consistently increased from approximately 80% to nearly 100% by the
final epoch. Testing accuracy also improved rising from around 70%-75% to approximately 84% despite
some fluctuations during the training process. The widening gap between training and testing accuracy in the
final epochs indicates potential overfitting. Consequently, increasing the number of epochs beyond the 30—40
range did not yield significant improvements in testing performance; therefore, implementing early stopping
or regularization methods could be considered to enhance the model's generalization. The loss per epoch is
shown in Figure 7.
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Figure 7. Loss per epoch in the first scenario

Based on the loss-versus-epoch graph (Figure 7), the training loss decreased consistently from approximately
0.55 at the start of training to around 0.04 by the 50th epoch. This indicates that the model was becoming
increasingly adept at fitting the training data. Conversely, the testing loss tended to fluctuate within the 0.5—
0.7 range, rising again to approximately 0.64 by the final epoch. The widening gap between training and
testing loss suggests overfitting, as the model improved on the training data without a corresponding
improvement in performance on the testing data. For subsequent testing, we utilized a configuration of 55
epochs, a batch size of 32, and a learning rate of 0.002. The confusion matrices illustrating the model's
performance are presented in Figure 8 and Figure 9.
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Figure 8. Confusion matrix for the second scenario
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Figure 9. Performance for each class is based on the second scenario.
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Figure 10. Accuracy per epoch in the second scenario

Figure 10 shows that training accuracy increased gradually from approximately 65% to nearly 98% by the
end of training. Meanwhile, testing accuracy rose to around 83-85% but tended to fluctuate after several
epochs. The widening gap between training and testing accuracy indicates overfitting, where the model
excels at learning the training data but shows relatively limited performance improvement on the testing data.
The loss per epoch for the second scenario is shown in Figure 11.

Vira Meldimira: Evaluation of Google Teachable...



290
ISSN: 2715-6427

0.8- — loss
0.7 — test

06-
0_5—§
| N\
£04- |-t
-
0.3-
0.2-

0.1

0.0 ; ‘ T ; T
0 10 20 30 40 50

Epochs
Figure 11. Loss per epoch in the second scenario

Figure 10 illustrates the progression of training loss and test loss values over 55 epochs. The training loss
consistently decreased from approximately 0.65 at the start of training to less than 0.10 by the final epoch,
indicating that the model was increasingly capable of learning patterns within the training data. However, a
different pattern was observed for the test loss; after decreasing to around 0.40 during the initial epochs, it
subsequently showed an increase and significant fluctuations, eventually reaching a value of approximately
0.74.

The diverging trends between training loss and test loss indicate overfitting a condition where the model
improves at learning the training data but its ability to generalize to unseen data declines. Therefore, model
selection should not be based on the lowest training loss, but rather on the epoch that yields the minimum
validation or test loss. Techniques such as early stopping, regularization, dropout, and learning rate
adjustment can be considered to enhance the model's generalization capability. Subsequently, we conducted
testing (Scenario 3) using 60 epochs, a batch size of 64, and a learning rate of 0.003. The model's
performance results are presented in the confusion matrix in Figure 12 and the performance metrics in Figure
13.
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l Journal of Electrical Engineering and Computer (JEECOM), Vol. 8, No. 1, April 2026



291
Journal of Electrical Engineering and Computer (JEECOM)

0.892
0.89

0.89

0.888

0.886

0.884

0.882

Accuracy

0.88
0.88

0.878
0.876

0.874
Positive Negative
Class

Figure 13. Performance for each class is based on the third scenario.
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Figure 14. Accuracy per epoch in the third scenario

Figure 14 shows that training accuracy consistently increased from approximately 0.67 to nearly 1.00 by the
end of the epochs. Meanwhile, test accuracy rose during the initial phase to around 0.85-0.88 but
subsequently tended to stabilize and fluctuate within that range. The widening gap between training accuracy
and test accuracy in the final epochs indicates potential overfitting, where the model performs exceptionally
well on training data but shows relatively limited performance gains on test data. Overall, the model achieved
reasonably stable test accuracy; however, regularization or early stopping could be considered to improve
generalization capabilities. The loss per epoch for the third scenario is shown in Figure 15.
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Figure 15. Loss per epoch in the third scenario
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Figure 15 shows that the model learns effectively, but tends to overfit starting around epoch 20; thus,
increasing the number of epochs does not always yield better results. In this case, the model at approximately
epoch 18-20 is likely a more optimal candidate than the model at epoch 60. Subsequently, we conducted
tests using 50 epochs, a batch size of 32, and a learning rate of 0.002. The model's performance results for
this scenario are presented in the confusion matrix in Figure 16, and the performance metrics are shown in
Figure 17.
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Figure 18. Accuracy per epoch in the fourth scenario

Figure 18 shows that, over the course of 50 epochs, training accuracy (acc) exhibits a consistent upward
trend, rising from approximately 0.75 at the start of training to nearly 0.98-1.00 by the final epoch.
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Meanwhile, validation/testing accuracy (test acc) tends to hover between 0.80 and 0.89, showing fluctuations
throughout the process. The widening gap between training and testing accuracy in the final epochs indicates
overfitting; the model improves at recognizing training data, yet its performance gains on unseen data remain
relatively limited. Consequently, the model's performance on test data warrants attention, and techniques
such as early stopping, dropout, or regularization could be considered to enhance the model's generalization.
Loss per epoch show in Figure 19.
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Figure 19. Loss per epoch in the fourth scenario

Figure 19 illustrates the training and test losses over 50 epochs; the training loss generally declined from
approximately 0.53 to 0.05, indicating the model's increasing ability to fit the training data. Meanwhile, the
test loss initially decreased to around 0.36 between epochs 25 and 30 but subsequently rose and fluctuated
significantly, reaching approximately 0.78. The widening gap between training and test losses in the final
epochs indicates overfitting, where the model performs increasingly well on training data while its
performance on unseen data tends to deteriorate. Consequently, the model likely exhibited better
generalization performance around epochs 25-30, prior to the rise in test loss. A comparison of the test
scenarios is presented in Table 1.

Tabel 1. Performance comparison using several test scenarios

Epoch Batch Size Learning Rate Accuracy (%)
50 16 0.001 84
55 32 0.002 84.5
60 64 0.003 88.5
50 32 0.002 88

The table shows that in this case, the best combination is Epoch = 60, Batch Size = 64, and Learning Rate =
0.003. This is consistent with previous research [20] that this combination can be an option when testing the
model

4 CONCLUSION

This study aims to evaluate a tuberculosis (TB) image classification model using the no-code
machine learning platform Google Teachable Machine, as an effort to provide a chest X-ray-based TB
screening tool that is easily implementable in resource-limited healthcare facilities

Based on the model training and testing results, the following conclusions can be drawn: (a) A
Teachable Machine-based TB classification model was successfully developed, demonstrating accuracy
curves that converged near 1.0 for both training and test data after the 10th epoch; the curves moved in
parallel without a significant performance gap up to the 50th epoch, indicating that the model did not overfit
and possessed good generalization capabilities on the dataset used. (b) The Teachable Machine platform
proved technically viable for developing TB image classification models without requiring programming
expertise, aligning with the research objective of providing an accessible Al solution for non-technical
healthcare workers in primary care facilities, particularly in regions with a shortage of radiologists. (c) The
ease of implementation (no-code approach) did not compromise model performance (d) These findings
support the argument that democratizing Al via no-code platforms offers a potential practical solution for
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narrowing the TB diagnostic gap especially in high-burden countries like Indonesia by serving as an initial
pre-screening tool prior to referral for definitive diagnostic testing.

Overall, this study provides preliminary evidence that Google Teachable Machine could be a viable
alternative for supporting image-based early TB detection in resource-limited healthcare settings, while also
paving the way for more comprehensive future research. Further evaluation using sensitivity, specificity, and
confusion matrix metrics is required to ensure the model is not biased toward the majority class, given the
significant clinical consequences of false-negative results in TB diagnosis.
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