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Abstract

This study investigates the effectiveness of truncating the EfficientNet-B0 architecture for the computer-
aided diagnosis of tuberculosis (TB) on chest radiograph (CXR) images. A series of truncated
EfficientNet-BO models are proposed, systematically removing blocks to reduce model complex-
ity while maintaining diagnostic accuracy. The BO(-3) model, which eliminates three blocks, emerges
as a highly efficient configuration, achieving 100% internal test accuracy on the Kaggle dataset and
demonstrating robust generalization to an external Mendeley dataset. Bootstrap analysis reveals
that the BO(-3) model achieves a mean accuracy of 97.38% (95% CI: 96.94%-97.84%) on the external
dataset, with performance statistically overlapping that of the complete BO(-0) model (97.24%, 95% CIL:
96.78%-97.69%). Despite this overlap, the BO(-3) model uses 13 times fewer parameters, making it a
more efficient alternative without sacrificing accuracy. These results highlight the potential of model
truncation to improve efficiency while maintaining performance, positioning BO(-3) as a promising
candidate for real-world TB detection.

Keywords: convolutional neural networks; computer aided diagnosis (CAD); tuberculosis

1. Introduction

In 2023, tuberculosis (TB) claimed 1.25 million lives, marking its return as the world’s leading
cause of death from a single infectious agent after being surpassed by COVID-19 for three years [1].
TB remains a major global health challenge, particularly in low- and middle-income countries, where
98% of the disease burden is concentrated [2,3]. Despite the availability of effective treatments since
the development of the first antibiotic for tuberculosis in 1944, the disease persists due to systemic
issues such as global health inequities, resource shortages, and the rise of drug-resistant strains [4,5].

TB is caused by the bacterium Mycobacterium tuberculosis, which mainly affects the lungs. Ap-
proximately one-third of the world’s population has latent tuberculosis, posing a significant risk of
reactivation and transmission [6]. Although effective treatments exist, their accessibility is hindered by
financial and logistical barriers. In 2023, global investments in TB prevention and care totaled $5.7
billion, falling far short of the $22 billion required to meet the 2027 target for TB elimination [3]. This
funding gap disproportionately affects vulnerable populations in regions marked by poverty, conflict,
and displacement, such as India, Indonesia, China, the Philippines, Pakistan, Nigeria, Bangladesh, and
the Democratic Republic of the Congo [5,7].

While addressing these systemic inequities is critical, this paper focuses on a complementary
approach to combating TB: improving diagnostic tools. Early and accurate detection is essential for
effective TB control, and chest X-rays (CXRs) have emerged as a key component of TB triage due to their
high sensitivity [8]. However, the shortage of trained radiologists in many high-burden regions creates
a bottleneck in CXR-based diagnosis. This challenge has spurred the development of computer-aided
diagnosis (CAD) systems, which can assist in interpreting CXRs and improve diagnostic efficiency in
resource-constrained settings.
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The World Health Organization (WHO) sets stringent performance standards for TB diagnostic
tools, requiring a minimum sensitivity of 90% and specificity of 70%, with ideal targets being 5%
higher for both metrics [9]. Among existing CAD systems, CAD4TB is one of the most widely used.
The latest version, CAD4TBv7, achieves a sensitivity of 89.8% (95% CI: 83.4%-94.3%) and a specificity
of 68.2% (95% CI: 65.4%-71.0%), with the WHO’s minimum requirements being within the confidence
intervals but clearly leaves room for improvement [10]. This study explores the potential of truncated
EfficientNet-B0O models to advance research on improving efficiency and accuracy in CAD systems for
TB detection in CXRs, while acknowledging the limitations of the dataset, which focuses on binary
classification (TB vs. normal) and does not fully represent the complexities of real-world diagnostic
scenarios.

It is important to emphasize that CAD systems are not a panacea for the TB crisis. Although
they can alleviate some diagnostic challenges, they cannot address the increased risk of tuberculosis
transmission and activation from factors such as poverty, inequitable resource allocation, and inad-
equate healthcare infrastructure. However, by improving diagnostic accuracy and efficiency, CAD
systems can play a vital role in reducing the global burden of tuberculosis, particularly in regions
where radiologists are in short supply. This study seeks to contribute to this effort by proposing a
truncated EfficientNet-B0 model that balances performance and efficiency, offering a practical tool for
TB diagnosis in resource-constrained settings.

As will be seen in the following subsection (Section 1.1), there is a significant gap between
the high-performance reported in deep learning (DL) research for TB detection and the real-world
generalizability of these models. Many studies achieved impressive results on controlled datasets but
failed to address critical issues such as dataset bias, overfitting, and the Clever Hans effect, where
models learn spurious correlations rather than clinically relevant features. These challenges will be
explored in detail in Section 1.2.

1.1. TB Deep Learning Literature

Deep learning for active tuberculosis (TB) classification is a well-studied topic, with many studies
reporting high accuracy. This can involve binary classification (e.g., TB vs. healthy lungs) or multiclass
differentiation (e.g., TB vs. pneumonia vs. COVID-19). This section reviews the literature, highlighting
the state-of-the-art performance of ImageNet-pretrained models, the efficiency of EfficientNet, and
the understudied potential of truncating pre-trained models for TB detection. These themes reveal a
critical gap in the literature: the need to explore how much-pretrained models like EfficientNet-B0 can
be truncated without sacrificing performance, particularly for binary TB classification.

ImageNet-pretrained models consistently outperform custom architectures in TB classification,
demonstrating higher accuracy and better generalizability. Rahman et al. [11], who compiled the
Kaggle dataset used in this study, proposed a two-step approach using U-Net for lung segmentation
followed by DenseNet-201, continuing approximately 20M parameters [12] for classification. Their
method achieved 98.6% accuracy, with pre-trained models consistently outperforming non-pre-trained
ones. Similarly, Alshmrani et al. [13] deployed a hybrid model combining VGG19, another ImageNet-
pretrained model, with a custom convolutional neural network (CNN) feature extractor. While their
overall accuracy was 97.56%, their TB-specific accuracy was significantly lower at 67.3%. These results
underscore the importance of leveraging pretrained models, which benefit from transfer learning and
robust feature extraction capabilities.

Other studies have explored diverse approaches to TB classification, demonstrating the versatility
of deep learning for this task. Ahmed et al. [14] addressed multi-class classification, including TB,
pneumonia, COVID-19, and normal cases, achieving 98.72% accuracy for TB classification. Venkatara-
mana et al. [15] developed a multilevel classification system, first distinguishing TB from pneumonia
and then further classifying pneumonia subtypes. Their approach achieved 97.4% accuracy for TB
classification. Goswami et al. [16] used a subset of the Kaggle dataset, achieving 94% accuracy with an
unspecified CNN. While these studies highlight the potential of deep learning for TB detection, they
also illustrate the challenges of multi-class systems, such as increased computational demands.
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Among ImageNet-pretrained models, EfficientNets stand out for their balance of accuracy and
computational efficiency. Kaur et al. [17] employed the EfficientNet-B3, a larger variant of the BO
model used in this study, on a subset of the Kaggle dataset [18]. Despite using an imbalanced dataset,
their experiments achieved an impressive 99% accuracy. The EfficientNet-B3 contains approximately
12 million parameters [19], making it relatively efficient compared to other high-performing models.
Similarly, Bhosale et al. [20] evaluated the EfficientNet-B7 on the Shenzhen and Montgomery datasets,
achieving 98.5% accuracy. However, the B7 model contains 66 million parameters [19], making it
the least efficient variant of the EfficientNet family. These studies demonstrate that EfficientNets can
achieve state-of-the-art performance while maintaining reasonable efficiency, though the trade-offs
between model size and accuracy warrant further investigation.

Recent research suggests that even greater efficiency can be achieved through truncation—removing
layers from pretrained models without sacrificing performance. Montalbo [21] explored truncation in
several ImageNet-pretrained models, including InceptionResNetV2, ResNet50V2, and EfficientNet-BO0.
Their truncated InceptionResNetV2 achieved 97.41% accuracy with just 441K parameters, compared to
98.67% accuracy for the full model with 55 million parameters. They also experimented with truncating
EfficientNet-B0, modifying the classification layer by increasing the dropout probability from 0.2 to
0.5 and adding a softmax activation layer. This reduced the model to 24, 345 parameters, making it
208 times smaller than the base BO. However, the truncated EfficientNet-BO achieved only 86.03%
accuracy, suggesting that such a dramatic reduction may have compromised performance. This result
underscores the need for further investigation into the optimal truncation level for EfficientNet-B0.

Ke et al. [22] further investigated truncation in ImageNet-pretrained models using the CheXpert
dataset, a large dataset consisting of 224,316 images across 15 classes. Unfortunately, TB is not one of
these classes, limiting the direct applicability of their findings to TB detection. They evaluated a wide
range of models, including DenseNet121, DenseNet169, DenseNet201, EfficientNetB0, EfficientNetB1,
EfficientNetB2, EfficientNetB3, InceptionV3, InceptionV4, MNASNet, MobileNetV2, MobileNetV3,
ResNet101, ResNet18, ResNet34, and ResNet50. Their results confirmed that pretrained weights
significantly outperformed non-pretrained models, reinforcing the value of transfer learning for CXR
analysis.

For truncated models, Ke et al. performed a rigorous evaluation using 1,000 bootstrap iterations
to construct confidence intervals [22]. They studied truncated versions of DenseNet121 [12], MNASNet
[23], ResNet18 [24], and EfficientNetB0 [19]. For EfficientNetB0, they removed up to two blocks, while
for the other models, they removed up to four blocks. They found no significant drop in performance
when truncating the final block of EfficientNetB0. However, when truncating the second block, only
EfficientNetB0 and ResNet18 maintained performance without significant degradation. In contrast,
MNASNet, DenseNet121, and ResNet18 all experienced significant performance drops after removing
more than two blocks. Notably, Ke et al. did not explore truncating EfficientNetBO beyond two
blocks, leaving a critical gap in the literature. This gap is particularly relevant for this study, as each
block in EfficientNetBO0 has a unique structure, and removing different blocks may affect performance
differently. Therefore, further exploration of truncation in EfficientNetB0 is warranted.

Ke et al. concluded that ImageNet architectures may be unnecessarily large for CXR analysis
and that models can be made 3.25 times more parameter-efficient on average without a statistically
significant drop in performance [22]. This finding underscores the potential of truncation to improve
efficiency while maintaining accuracy, a key focus of this study.

The literature demonstrates that ImageNet-pretrained models consistently achieve state-of-the-art
accuracy in TB classification. EfficientNets are emerging as top performers due to their balance of
efficiency and predictive power. However, there is a critical gap in the research: too little attention
has been paid to how large these pretrained models need to be. Promising studies on truncation,
such as those by Montalbo [21] and Ke et al. [22], suggest that significant reductions in model size
are possible without sacrificing performance. This study addresses this gap by thoroughly exploring
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the truncation of EfficientNet-B0 for binary TB classification, aiming to achieve maximum efficiency
without compromising accuracy.

1.2. Clever Hans Effect

The Clever Hans effect refers to the phenomenon where models learn spurious correlations or
"shortcuts" in the data rather than clinically relevant features for classification. The term originates
from a German horse in the early 20th century that appeared to perform arithmetic but was actually
responding to subtle cues from its trainer. In computer vision, this effect is particularly problematic in
radiological deep learning, where models may rely on non-clinically relevant features, such as text
labels, hospital markings, or imaging artifacts, to make predictions.

Vasquez-Venegas et al. highlight that the Clever Hans effect is endemic to the field of radiological
deep learning, with a majority of studies failing to address or even acknowledge the potential for
such shortcuts [25]. Degrave et al. further emphasize this issue, demonstrating that many models
fail to generalize to datasets collected from external sources, underscoring the importance of robust
validation practices [26].

Though they remain underutilized, several techniques have been proposed to mitigate the Clever
Hans effect. These include:

*  Feature Decoupling and Regularization: Techniques like L2 regularization can help reduce
overfitting to spurious features.

*  Shortcut Removal with Attention and Heatmaps: Visualizing model attention can reveal reliance
on non-clinically relevant features, such as text labels or imaging artifacts.

*  Lung Masking: Extracting lung regions from CXR ensures that the models focus on clinically
relevant features. For example, Rahman et al. used lung segmentation to improve model
performance on the Kaggle dataset [11].

e  Text and Artifact Removal: Automated frameworks, such as YOLOv3 developed by Pedrosa et
al., can obscure written labels, markers, and equipment identifiers in CXR images, reducing the
risk of shortcut learning [27].

For this study, implementing advanced techniques like lung masking or text scrubbing was not
feasible due to practical constraints. Rahman et al. did not publish the ground truth lung masks
for the Kaggle dataset, making lung segmentation not possible [11]. Similarly, the computational
resources required for text scrubbing using YOLOv3 were prohibitive [27]. As a minimum check
for generalization, the study evaluated models on both the Kaggle dataset, which contains minimal
written markings, and an external dataset from Pakistan compiled by Mendeley [28], as detailed in
Section 2. While these steps do not entirely eliminate the risk of the Clever Hans effect, they provide a
baseline level of robustness to spurious, dataset-centric correlations.

2. Methodology

This section outlines the methodology used to evaluate the performance of truncated EfficientNet-
B0 models for tuberculosis (TB) detection in chest X-ray (CXR) images. The study leverages the
EfficientNet-BO architecture, a state-of-the-art convolutional neural network (CNN) known for its
efficiency and accuracy. We propose a series of truncated variants of EfficientNet-BO0, systematically
removing blocks to reduce model complexity while maintaining performance. The methodology
is divided into three key components: (1) an in-depth analysis of the EfficientNet-B0 architecture,
including its mobile inverted bottleneck (MBConv) layers and compound scaling mechanism; (2) the
design and implementation of truncated models, focusing on the trade-offs between efficiency and
accuracy; and (3) a rigorous experimental framework for training, validation, and testing using both
internal (Kaggle) and external (Mendeley) datasets. This experiment aims to identify the optimal
balance between model efficiency and diagnostic accuracy for TB detection in CXR images.
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2.1. Model Architecture

EfficientNet is a family of pretrained convolutional neural networks (ConvNets) that has achieved
state-of-the-art accuracy on the ImageNet dataset. Notably, the largest model in the family, EfficientNet-
B7, achieves top-1% accuracy while being 8.4 times smaller and 6.1 times faster to train than previous
ConvNets such as ResNet, AlexNet, and MobileNet [19].

EfficientNet introduces a novel approach to model scaling, termed Compound scaling, which
uniformly scales three key dimensions of a neural network: width (number of channels), depth
(number of layers), and resolution (input image size). Unlike traditional methods that arbitrarily scale
one dimension at a time, compound scaling balances all three dimensions using a fixed set of scaling
coefficients («, B, v). These coefficients are determined through a grid search on the baseline model
(EfficientNet-B0) to optimize accuracy and efficiency. The B-series of EfficientNet models (B0-B7) are
constructed by progressively applying compound scaling, with higher-numbered models achieving
greater accuracy at the cost of increased computational resources [19].

For this study, we focus on EfficientNet-B0, the baseline model of the EfficientNet family. While
compound scaling enables the creation of larger models (e.g., B1-B7), BO is sufficient for our purposes
due to the uniformity of chest X-ray (CXR) images compared to the diverse 1000 classes of the ImageNet
dataset. Unlike ImageNet, which contains highly varied images (e.g., baseballs, frogs, landscapes),
CXR images exhibit consistent structural patterns, reducing the need for larger, more complex models.
Instead, our primary objective is to further reduce the parameter count of EfficientNet-B0O without
significantly compromising performance or generalization.

The core building block of EfficientNet-B0 is the mobile inverted bottleneck (MBConv) layer,
first introduced in MobileNetV2 [29]. MBConv layers leverage depthwise separable convolutions to
achieve significant computational efficiency. Unlike standard convolutions, which simultaneously
process spatial and cross-channel relationships, depthwise separable convolutions decouple these
operations into two steps:

1. Depthwise Convolution: A single filter is applied independently to each input channel, ex-
tracting spatial features without mixing channels. This step drastically reduces the number of
multiplications compared to standard convolutions.

2. Pointwise Convolution: A 1 x 1 convolution is used to mix information across channels, synthe-
sizing higher-dimensional features. This step is computationally lightweight compared to spatial
convolutions.

For example, a standard 5 x 5 convolution with 256 filters requires ~1.2 million multiplications,
whereas the equivalent depthwise separable convolution requires only ~54,000 multiplications, a 23
times reduction. This factorization of spatial and channel operations minimizes redundant computa-
tions while preserving representational power [19,29].

Additionally, MBConv layers incorporate an inverted residual bottleneck structure, enhancing
efficiency. This structure first expands the input channels using a 1 x 1 convolution, applies depthwise
convolution to the expanded feature space, and then compresses the channels back to the original
dimension. This design ensures that spatial operations are performed in a high-dimensional space,
improving feature extraction while maintaining computational efficiency [23,29].

The EfficientNet-B0 architecture employs two primary variants of the MBConv layer: MBConv1
and MBConvé. Both variants share a similar structure but differ in the inclusion of an expansion step.

e  The MBConv1 consists of the following layers:

1. Ak x k depthwise separable convolution layer, where spatial filtering is applied indepen-
dently to each input channel, is used.

2. Abatch normalization layer followed by a Swish activation function.

3.  An optional squeeze-and-excitation (SE) layer reweights channels to enhance feature repre-
sentation.
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4. A1 x 1 pointwise convolution layer to project features back to the original channel dimen-
sion.
5. A dropout layer mitigates the overfitting problem.

¢ MBConvé is structurally similar to MBConv1 but includes an additional expansion step:

1. A1l x 1 pointwise convolution layer expands the input channels by a factor of 6 (e.g., 32
channels — 192 channels).

A k x k depthwise separable convolution layer is applied to the expanded feature space.

A batch normalization layer followed by a Swish activation function is used.

An optional squeeze-and-excitation (SE) layer is introduced.

A1 x 1 pointwise convolution layer projects features back to the original channel dimension.

SRS BN

A dropout layer mitigates the overfitting problem.

The key difference between MBConv1 and MBConvé lies in the expansion step. MBConv®é first
expands the input channels, allowing the depthwise convolution to operate in a higher-dimensional
space, which enhances feature representation. In contrast, MBConv1 skips this step, making it more
computationally efficient but less expressive. The MBConv 1 and 6 are visualized in Figure 1.

Input
Input '
Depthwise Conv ‘
kxk, s1/s2 BN, Swish
Depthwise Conv
kxk, s1/s2
BN, Swish

SE

MBConvl
MBConv6

Conv 1X1,s1

Conv 1x1,s1

Dropout

v
Output

Output
Figure 1. MBConvl1 (Left) and MBConv6 (Right) layer architectures [30].

The full EfficientNet-B0 architecture, as shown in Table 1, consists of 10 blocks [19]. The first block
is a 3 x 3 convolutional layer with batch normalization and Swish activation, followed by block 2,
which is an MBConv1 layer with a 3 x 3 kernel and a single layer. The remaining blocks primarily
consist of MBConvé6 layers with either 3 x 3 or 5 x 5 kernels, each containing varying numbers of
layers. Block 9 serves as a pointwise expansion layer, increasing the channel dimension to 320. Finally,
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block 10 includes a 1 x 1 convolution, global average pooling, and a fully connected classification layer,
along with a dropout layer with a probability of 0.2 to prevent overfitting.

Table 1. Full sized EfficientNet-BO with non-pretrained fully connected layer [19].

Block Operator Resolution #Channels #Layers Pretrained Weights
1 Conv3x3 224 x 224 32 1 True
2 MBConvl, k3x3 112 x 112 16 1 True
3 MBConvé6, k3x3 112 x 112 24 2 True
4 MBConv6, k5x5 56 x 56 40 2 True
5 MBConv6, k3x3 28 x 28 80 3 True
6 MBConv6, k5x5 14 x 14 112 3 True
7 MBConv6, k5x5 14 x 14 192 4 True
8 MBConvé6, k3x3 7x7 320 1 True
9 Convlxl 7x7 1280 1 True
10 Pooling & FC 7x7 1280 1 False

2.1.1. Proposed Truncated EfficientNet-BO

The proposed model, EfficientNet-B0(-3), is a truncated variant of EfficientNet-B0 in which blocks
6,7, and 8 are removed. To replace the functionality of the missing layers, a new untrained Conv1l x 1
pointwise block with 112 output channels is introduced at the end of block 6. This serves as a substitute
for the original pointwise expansion layer, which had 1280 output channels. The reduction in output
channels from 1280 to 112 aligns with the expected dimensionality of the removed layers, ensuring a
more gradual transition in feature extraction.

Because EfficientNet-B0’s architecture does not allow direct reconnection to the final classification
layers after truncation, the original Convl x 1 layer cannot simply be retained. Instead, it is redefined
from scratch to serve the same role while maintaining the adjusted output dimensionality. While the
base model’s Conv1 x 1 block incorporates batch normalization and a Swish activation function, the
redefined version adopts the same structure but with fewer output channels to match the preceding
truncated layers.

Table 2 shows that the truncated architecture consists of only six blocks. Despite the reduction in
depth, the model achieves performance within the same range as the full EfficientNet-B0, with the
truncated model even achieving a slightly higher mean accuracy. This is supported by overlapping
bootstrap confidence intervals 95%, as demonstrated in the results section. In particular, the truncated
model has 13 times fewer parameters (319,286) compared to the original BO (4,171, 774), making it
significantly more efficient with no reduction in accuracy.

Table 2. Proposed EfficientNet-BO(-3) architecture.

Block Operator Resolution #Channels #Layers Pretrained

weights

1 Conv3x3 224 x 224 32 1 True

2 MBConvl, k3x3 112 x 112 16 1 True

3 MBConvé6, k3x3 112 x 112 24 2 True

4 MBConv6, k5x5 56 x 56 40 2 True

5 MBConv6, k3x3 28 x 28 80 3 True

6 Convixl 7x7 112 1 False

7 Pooling & FC 7 X7 112 1 False
2.2. Data

The experimental design utilizes two distinct datasets. The primary dataset, sourced from Kaggle
and compiled by Rahman et al. [18], is used for traditional training, validation, and testing. This
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dataset comprises 3, 500 TB-positive and 3, 500 healthy lung chest X-ray (CXR) images. It is aggregated
from four sources:

*  The National Institute of Allergy and Infectious Diseases (NAID), providing TB-positive CXR
images [31].

*  The Ministry of Health of Belarus, collected by NIAD, also containing TB-positive CXR images
[32].

*  The RSNA Pneumonia Detection Challenge dataset on Kaggle, contributing healthy lung CXRs
[33].

* A dataset from Jaeger et al., providing additional healthy CXR images [34].
To further evaluate model generalization, an external test set was constructed using two Mendeley

datasets:

* A dataset from Kiran & Jabeen [28], containing 2494 TB-positive and 514 healthy CXR images
from Pakistan.

* A dataset from Kumar [35], contributing 1802 healthy CXR images to balance the external evalua-
tion set.

The Kaggle dataset [18] was chosen for training due to its cleaner images, which exhibit minimal
written markings. In contrast, the Pakistani Mendeley dataset [28] includes numerous TB-positive
images with Urdu text annotations, as shown in Figure 2. This association between TB-positive images
and Urdu text poses a significant risk of the model learning Clever Hans shortcuts—relying on non-
clinically relevant features (e.g., the presence of Urdu text) rather than actual pathological indicators
for classification. Training on a dataset free of such artifacts makes the model more likely to learn
clinically relevant features for TB classification. Using the Mendeley dataset for external validation
provides a realistic test of the model’s ability to generalize to data encountered in clinical settings,
while highlighting potential pitfalls of shortcut learning in real-world applications.

Figure 2. TB-positive lung CXR with Urdu writing annotations. The presence of Urdu text in TB-positive images
may lead to Clever Hans shortcuts, where the model learns to associate text markings with TB rather than
pathological features [28].

2.3. Data Augmentation

No data augmentation techniques, such as Gaussian Blur, random flips, rotations, or jittering of
brightness and contrast, were used. The model generalized well against both the internal test data
from Kaggle and the external test set from Mendeley, but future generalization tests against different
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datasets may require data augmentation, so the publicly available code base for this paper is set up to
experiment with different augmentation techniques.

2.4. Experimental Design

A total of 5 models are trained and evaluated, including the full EfficientNet-BO and four truncated
variants, each with an increasing number of blocks removed (from 1 to 4). The experiment is divided
into three main stages:

2.4.1. Stage 1: Internal Training and Validation

The Kaggle dataset is split into training, validation, and test sets using an 80:10:10 ratio. Each
model is trained for 40 epochs on the training set, with validation performance evaluated at the end
of each epoch. After training, the models are evaluated on the Kaggle test set, which is held out and
not used during training. Throughout model training, a learning rate scheduler reduces by a factor
of 0.1 on plateaus with a patience of 5. The initial learning rate is 0.001. The model also uses the
Adam optimizer. The following metrics are computed: cross-entropy loss, accuracy, sensitivity, and
specificity.

2.4.2. Stage 2: Generalization to External Data

The models are tested on an external dataset composed of the combined Mendeley datasets
to evaluate generalization. This dataset contains less tidy images, including those with Urdu text
annotations, simulating real-world clinical data. While this is not a substitute for clinical testing, it is a
more rigorous evaluation of the model’s generalization ability. Performance in this external dataset
is considered the primary indicator of model robustness, surpassing the Kaggle test set results in
importance.

2.4.3. Stage 3: Bootstrapping for Robust Evaluation

To ensure a rigorous comparison, 1,000 bootstrap iterations are performed on the external Mende-
ley test set. Bootstrapping involves randomly resampling the dataset with replacement and evaluating
the model on each resampled set. This process constructs 95% confidence intervals for the perfor-
mance metrics, providing a robust estimate of model performance and variability. Bootstrapping is
particularly relevant here because it accounts for the inherent variability in the dataset and provides a
more reliable measure of model performance than a single test set evaluation. Due to computational
constraints, bootstrapping is applied only to the top-performing models identified in Stage 2.

3. Results

This section presents the experimental results of evaluating the truncated EfficientNet-BO models,
focusing on their performance on internal (Kaggle) and external (Mendeley) datasets. The internal
test results demonstrate perfect accuracy for most models, with several achieving 100% accuracy on
the Kaggle dataset. However, external testing on the Mendeley dataset reveals significant variability
in model performance, highlighting the importance of evaluating generalization to real-world, het-
erogeneous data. Bootstrap analysis further refines the comparison, showing that the BO(-3) model
achieves the highest mean accuracy while being 13 times more efficient than the full BO(-0) model. Ad-
ditionally, training and validation curves confirm the stability and convergence of the top-performing
model. Together, these results underscore the trade-offs between model complexity, efficiency, and
generalization, with the BO(-4) emerging as the optimal choice.

3.1. Internal Test Results

The internal test results for the Kaggle dataset, shown in Table 3, demonstrate impressive accuracy
across all truncated models. All models achieved 100% accuracy on the unseen internal test set,
outperforming the previous top performance on the Kaggle dataset of 98.6% achieved by Rahman et al.
[11]. These results suggest that up to four blocks can be removed from the EfficientNet-BO architecture
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without compromising performance, at least on the internal test set. However, caution is advised, as
high performance on the Kaggle dataset does not guarantee robust generalization to external datasets,
as demonstrated in the following section.

Table 3. Internal Test Model Metrics.

Truncated Blocks Test Accuracy  Test Loss  Sensitivity (%) Specificity (%)

0 100.00 5.053 x 1074 100.00 100.00
1 100.00 2.600 x 105 100.00 100.00
2 100.00 5.106 x 10~4 100.00 100.00
3 100.00 7.710 x 1073 100.00 100.00
4 100.00 1.263 x 10~* 100.00 100.00

3.2. External Test Results

The external test results, shown in Table 4 and visualized in Figure 3, present a less optimistic
picture for the BO(-1) and B0O(-4) models. When evaluated on the Mendeley dataset, the top-performing
models are the BO(-0), BO(-2), and BO(-3). The BO(-1) model shows a dramatic decline in performance,
with a 22.18% reduction in accuracy and a specificity of 54.92%, falling outside the range accepted by
the World Health Organization’s guidelines of 70%.

Test Accuracy vs. Log Params

BOT-I]
100 Dataset o B01-4) o B013) oBO-2) o g'pp( 0y
® Intermnal Test 5o
® External Test o B0G3) o BOL-0)
SB0(-2)
95 A
=
@
b -
3 a0 2 B0-4)
(W)
x
]
[T]
@
85 1
80
» BO(-1)
T T T T T T T T
i 8 9 10 11 12 13 14 15 16

Log Parameters

Figure 3. Test Accuracy is plotted here against log parameters. You can see the divergence in the BO(-1) and the
BO(-4) in internal and external test accuracy. The BO(-3) stands out along with the BO(-0) as having the smallest gap
between internal and external accuracy, but with BO(-3) having far fewer parameters.
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Table 4. External Test Model Metrics.

Truncated External Test External Test  External External
Layers Accuracy Loss Sensitivity =~ Specificity
0 97.26 0.0906 98.72 95.68
1 77.82 0.7556 99.07 54.92
2 96.02 0.1025 96.07 95.98
3 97.38 0.0721 98.96 95.68
4 89.42 0.4626 93.95 84.54

The underperformance of the BO(-1) model may be attributed to the output channel size of the
final Convl1x1 layer, which was set to 112. In the base model, the Conv1x1 layer maps to a much higher
feature space with 1,280 output channels, which is used in conjunction with batch normalization. For
the truncated models, the output channels were reduced to avoid a sudden jump from 192 channels to
1280 for the BO(-2) or from 80 to 1280 for the BO(-4). While a better choice of output channels for the
Convix1 layer might improve the generalization of the BO(-1), this was not the primary focus of this
study, which prioritizes optimizing performance for more heavily truncated models.

Among the top three models—B0(-0), BO(-2), and BO(-3)—the B0(-3) stands out with the highest
accuracy (97.38%) and sensitivity (98.96%). High sensitivity is particularly important per the WHO
guidelines, as there is a greater risk of missing positive TB diagnoses. The B0O(-2) was not explored
in the bootstrap results section for two reasons: (1) its lower performance, although it may not be
statistically significantly worse, and (2) the study’s focus on reducing parameters without sacrificing
accuracy. The BO(-3) appears to be more accurate and efficient, making it a more compelling candidate.
The B0(-0) and BO(-3) were examined in the bootstrap section to determine if there is a statistically
significant difference between the two models.

3.3. External Bootstrap Results

To rigorously compare the best-performing models, 1,000 bootstrap samples were generated, and
the 95% confidence intervals (CI) were calculated for the external Mendeley dataset. As shown in Table
5, the BO(-3) model achieves the highest mean accuracy, with the BO(-0) close behind with overlapping
confidence intervals. Given these results, the BO(-3) is the best-performing model overall. While its
performance statistically overlaps with the full BO(-0), it is chosen as the superior model due to its 13
times fewer parameters, representing a significant leap in efficiency without sacrificing accuracy.

Table 5. Bootstrap Accuracies.

Metric Truncated Blocks =0 Truncated Blocks =3
Accuracy (%) 97.24 CI(96.78,97.69)  97.39 CI(96.94, 97.84)
Sensitivity (%) 98.71 CI(98.23,99.16)  98.97 CI(98.53, 99.32)
Specificity (%)  95.67 CI(94.82,96.46)  95.70 CI(94.87, 96.48)

3.4. Epoch Training and Validation

To demonstrate model convergence for the top-performing model, BO(-3), the training and valida-
tion loss and accuracy are plotted over 40 epochs. As shown in Figure 4, the training loss decreases
rapidly in the early epochs and stabilizes around epoch 10, indicating that the model has effectively
learned the underlying patterns in the training data. Similarly, the validation loss follows a comparable
trend, suggesting that the model generalizes well to unseen data during training.
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Figure 4. Training and validation loss for the BO(-3) model showing good model saturation after 10 epochs.

Figure 5 shows the training and validation accuracy over the same 40 epochs. Both curves

exhibit a steady increase, with the training accuracy approaching 100% and the validation accuracy

stabilizing at a high level. This behavior confirms that the BO(-3) model achieves strong performance

without overfitting, as evidenced by the close alignment between training and validation accuracy.

The convergence of both loss and accuracy metrics around epoch 10 supports the choice of 40 epochs

as a sufficient training duration for this task.

EfficientNet BO (-3)
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Figure 5. Training and validation accuracy for the BO(-3) model showing good model saturation after 10 epochs.

Figures 6-12 show the epoch loss and accuracy for the remaining models, with most exhibiting
similar trends. Notably, the BO(-1) model shows a large spike in validation loss at epoch 24, as seen in
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Figure 8. This anomaly may indicate underlying issues with the model’s training dynamics, potentially
explaining its poor generalization to the external test data. Similarly, the BO(-2) model exhibits a slightly
different trend, with the validation loss stalling around 0.01, as shown in Figure 10. This results in a
sustained gap between the training and validation loss, a pattern not observed in the other models.
These deviations highlight the importance of monitoring training dynamics to identify potential model
convergence and generalization issues.

EfficientNet BO (-0)
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epoch

Figure 6. Training and validation loss over 40 epochs for the BO(-0) model. The loss stabilizes around epoch 15
after some early training volatility, indicating effective learning.
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Figure 7. Training and validation accuracy over 40 epochs for the BO(-0) model.
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Figure 8. Training and validation loss for the BO(-1) model. The large spike at epoch 24 may indicate a larger
problem with the model that may explain the model’s poor performance on the external test set.
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Figure 9. Training and validation accuracy for the BO(-1) model.
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Figure 10. Training and validation loss and accuracy for the BO(-2) model. Loss stabilization suggests effective
convergence, but with a noticeable gap with training loss not seen in the other models.
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Figure 11. Training and validation accuracy for the BO(-2) model.
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Figure 12. Training and validation loss for the BO(-4) model.
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Figure 13. Training and validation accuracy for the BO(-4) model.

4. Discussion

The performance of the truncated EfficientNet-B0(-3) is highly promising, achieving state-of-the-
art accuracy while being 13 times more efficient than the base BO model and approximately 63 times
more efficient than the top-performing model on the same dataset in the literature, the DenseNet-201
[11]. However, it is important to note that Rahman et al. employed a U-Net lung segmentation step
before classification, which may improve generalization [11]. Since their model was not tested on
external data, a direct comparison of generalization performance is not possible. However, B0 (-3)
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shows that significant reductions in model size can be achieved without sacrificing accuracy, at least
on the datasets used in this study.

The external sensitivity and specificity of the BO(-3) model—98.71% (95% CI: 98.23%-99.16%) and
98.97% (95% CI: 98.53%—-99.32%), respectively—far exceed the World Health Organization’s guidelines
of 90% sensitivity and 70% specificity. While these results are encouraging, they must be interpreted
with caution due to several limitations of this study.

4.1. Limitations and Future Directions

The most significant limitation of this study is that TB classification is only compared to healthy
lungs. While the near-perfect internal and external sensitivities and specificities are impressive,
they would likely decrease significantly in a more realistic setting with additional classes, such as
pneumonia, COVID-19, or the 15 classes in the CheXpert dataset. A logical next step would be to
create a composite dataset that includes a broader range of pathologies, better reflecting the challenges
faced by CAD systems in real-world applications.

Another limitation is the lack of explicit mitigation techniques for the Clever Hans effect, where
models may rely on spurious correlations rather than clinically relevant features. While external
validation on the Mendeley dataset provides a baseline check for generalization, it does not fully
rule out the possibility of shortcut learning. Future work could incorporate techniques such as lung
segmentation using U-Net, as demonstrated by Rahman et al. [11], or text scrubbing using YOLOV3
[27] to reduce the risk of spurious correlations.

Despite these limitations, the results of this study are highly encouraging. The BO(-3) demonstrates
that state-of-the-art performance can be achieved with dramatic reductions in model size, further
supporting the hypothesis that ImageNet-pretrained models, while effective, may be unnecessarily
large for CXR analysis. This finding aligns with recent work by Ke et al., who showed that ImageNet
architectures can be made significantly more parameter-efficient without a statistically significant drop
in performance [22]. The BO(-3) success suggests that smaller, more efficient models are viable and
may be preferable for CAD applications, particularly in resource-constrained settings.

4.2. Conclusion

In summary, this study demonstrates that truncating EfficientNet-BO can achieve state-of-the-art
performance for TB detection while significantly reducing model size. However, the study’s limitations,
particularly the lack of class diversity and Clever Hans mitigation techniques, highlight the need for
further research. Future work should focus on evaluating truncated models on more diverse datasets
and incorporating techniques to reduce the risk of shortcut learning. These steps will be critical for
developing accurate and robust CAD systems in real-world clinical settings.
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Data Availability Statement: The datasets analyzed in this study are publicly available from previously published
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chest X-ray dataset compiled by Rahman et al. [18], which aggregates data from the NIAID TB Portals Program [31],
the Belarus Tuberculosis Portal [32], the RSNA Pneumonia Detection Challenge dataset [33], and the dataset
published by Jaeger et al. [34]. The external evaluation dataset was constructed using publicly available Mendeley
Data repositories from Kiran and Jabeen [28] and Kumar [35]. All datasets used in this study are publicly accessible
through the URLs and DOIs provided in the References section. The code used for data preprocessing, model
training, evaluation, and figure generation is publicly available at: https://github.com/noahba65/cxr_thesis.
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