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ABSTRACT

Artificial intelligence-based X-ray image detection can significantly aid early tuberculosis (TB) detection.
However, the varying distribution of X-ray image data across different hospitals has resulted in a decline in
the model’s performance when transitioning to a new dataset. Domain adaptation techniques can effectively
mitigate the impact of this issue. However, current domain adaptation methods align the entire image
features between the source and target domains without explicitly focusing on regions containing transferable
classification information across domains. Forced alignment of features across the entire image may lead to
negative transfer. This paper proposes a complementary domain attention model (CDAM) for TB detection
where the feature map is partitioned into domain-shared (DSH) and domain-specific (DSP) features. DSP
features are complementary to DSH features. DSH features are responsible for mitigating the impact of
domain gaps on classification. Consequently, they focus on areas containing classification information that
can be transferred across domains. In contrast, the role of the DSP feature is to maximize the domain
gap, concentrating its attention on areas rich in domain information. Given that the DSH and DSP features
are complementary, when the DSP feature occupies domain-informative areas, it simultaneously encourages
the DSH feature to focus more accurately on areas containing transferable classification information across
domains, thereby enhancing classification performance. The objective of CDAM is to fully consider the
importance of different regions within the feature map and mitigate negative transfer. The proposed method
underwent domain adaptation experiments on the Shenzhen, Montgomery, and TBX11K datasets, achieving
average accuracy, sensitivity, and specificity scores of 73.3%, 74.0%, and 72.7%, respectively. This result
surpasses existing domain adaptation methods for TB data, providing evidence for the effectiveness and
robustness of the proposed approach.

1. Introduction

scanning device, the patient’s geographical location, age, and gender),
some algorithms exhibit significant performance degradation when

Tuberculosis (TB) is a prevalent and potentially fatal infectious
disease. According to the World Health Organization (WHO) 2023
report, the number of deaths due to tuberculosis is nearly twice that
of deaths caused by AIDS [1]. The early detection and treatment of
TB are of paramount importance. With the advancement of computer
vision technology, artificial intelligence-assisted detection has proven
highly beneficial for the early identification of TB, gaining favor among
radiologists. However, due to the distinctive distribution of metadata
within medical imaging data (such as the model and settings of the

generalized to new datasets (target datasets), even if they perform well
on the source dataset. To address this issue, researchers have intro-
duced the concept of domain adaptation, which involves mitigating the
distributional differences between source and target domain data. This
process facilitates the transfer of a model trained on the source domain
to the target domain, thereby enhancing the model’s performance in
the target domain.

Domain adaptation has played a crucial role in various domains
such as cancer diagnosis [2,3], pneumonia detection [4,5], medical
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Fig. 1. The feature image can be divided into domain-shared (DSH) and domain-
specific (DSP) parts, where warmer colors indicate higher weights. The DSH and DSP
features are complementary.

image segmentation [6] and other fields. However, these studies align
overall features without considering the varying importance of features
in different regions. Aligning features forcefully may lead to negative
transfer. Fig. 1 shows the feature image with domain-shared (DSH) and
domain-specific (DSP) parts. In medical images, DSH features mainly
focus on regions containing classification information, which can be
transferred across domains. On the other hand, DSP features focus
on less transferable regions across domains. If all features are aligned
without considering the distinction between DSH and DSP features,
misalignment may occur, leading to negative transfer.

To address this issue, inspired by research [7], this study introduces
a complementary domain attention model (CDAM) for Al-based tuber-
culosis screening. The CDAM model divides the feature maps into DSH
and DSP features, and these two features are complementary. DSH fea-
tures are responsible for TB classification and alleviating the impact of
domain divergence to ensure effective classification. As a result, these
features primarily concentrate on regions containing classification in-
formation that is transferable across domains. Meanwhile, DSP features
are used to maximize the domain discrepancy, leading them to focus
on regions with richer domain information. As DSH features and DSP
features complement each other, with DSP focusing on regions with
richer domain information, it enables DSH features to target the regions
transferable across domains more accurately, thereby enhancing the
domain adaptation effect. Furthermore, this study proposes a novel
complementary feature generation method based on a self-attention
mechanism. Moreover, the CDAM model outperforms other domain
adaptation techniques on the public TB dataset.

2. Related works

Unsupervised domain adaptation (DA) is a specific area of transfer
learning that aims to transfer knowledge learned from a source domain
to an unlabeled target domain. There are numerous methods for as-
sessing the data distribution between the source domain and the target
domain, such as MMD [8], CORAL [9], H-divergence [10], cosine simi-
larity [11], and higher-order moments of matrices [12]. However, these
methods are all manually designed features. With the development
of generative adversarial networks [13], the concept of adversarial
learning has successfully integrated into domain adaptation, such as
DANN [14], ADDA [15] and these methods achieve better results
compared to manually designed features. The most similar study to this
paper is the DIFL [16], which successfully applied adversarial strategies
to develop an unsupervised domain adaptation model. It effectively
enhanced the generalization ability of TB screening and achieved favor-
able TB screening results on TB datasets from three different countries.
UESM [17] achieved satisfactory results in anatomical structure seg-
mentation by employing self-training and adversarial training schemes.
It utilized uncertainty information to enhance the segmentation perfor-
mance in highly uncertain regions. Some researchers address domain
adaptation issues using cycle generative adversarial networks (Cycle-
GAN) [18] methods. CX-DaGAN [19] employs CycleGAN to transfer the
style of target domain images to that of source domain images, thereby
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reducing domain differences. However, there is a risk that the lesion in-
formation may be altered during the conversion process. SPA-UDA [20]
added feature and label consistency loss to Cycle-GAN to preserve
lesion information as much as possible during image translation. This
approach achieved good results in domain adaptation tasks for lung
disease detection. In addition, there are other approaches that tackle
domain adaptation from multiple perspectives. Study [21] designed a
feature disentanglement model that separates features into content and
style, thus minimizing the impact of domain changes. Lu et al. [22]
proposed a low-rank correlation learning (LRCL) method that can pre-
vent noise from interfering with domain adaptation. Research [23] uses
a graph-based approach to identify meaningful foreground regions in
images from different domains, enabling a better understanding of med-
ical images across domains. The approach proposed in [24] addresses
the issue of the class center shift in the target domain during domain
adaptation, thereby improving performance. Study [25] introduces
a guided discrimination and correlation subspace learning (GDCSL)
approach that learns domain-invariant, discriminative, and correlated
features to reduce domain shift and enhance cross-domain classification
performance. The work in [6] transfers multi-label classification tasks
from the source domain to binary classification tasks in the target
domain, thereby transferring knowledge from a large source dataset to
a smaller target dataset, enhancing pneumonia detection performance.
However, the methods mentioned above in domain adaptation focus
on the entire image without addressing task-specific regions (such as
the TB information region). These approaches may forcefully align
mismatched features, resulting in negative transfer. In order to better
utilize the importance of different regions in the feature map and
reduce the occurrence of negative transfer, attention mechanisms in
domain adaptation are proposed.

Attention mechanisms have made significant progress in computer
vision, giving birth to many classical network models such as SENET
[26], CBAM [27], Self-attention [28] and DANet [29]. Self-attention
was first introduced in research [28] and quickly demonstrated excel-
lent performance in computer vision and natural language processing,
becoming one of the most widely used attention mechanisms. Com-
pared to traditional convolutional neural networks, self-attention has
a larger field of view by calculating the relevance between different
regions, enabling better selection of crucial parts from a global perspec-
tive. Due to the outstanding performance of self-attention mechanisms,
it has been successfully applied to domain adaptation. Study [30] devel-
oped a self-attention-based cross-modal segmentation method that ef-
fectively propagates attention information across domains. This method
has shown strong performance in heart, abdominal organ, and brain
tumor segmentation tasks. Research [31] incorporates self-attention
mechanisms into domain adaptation tasks and introduces deformable
large kernel attention (D-LKA Attention). This approach enhances con-
textual understanding of images while simultaneously mitigating com-
putational overhead and reducing overall complexity. Some studies
use attention mechanisms to select features that are more easily trans-
ferred between domains. For instance, the approach in [32] suggests
that not every region in an image has the same transferability, and
it leverages the entropy properties to select locally transferable fea-
tures, achieving good generalization effects. Study [33] also proposed a
novel approach to construct transferable attention maps by allocating
corresponding weights based on the transfer capabilities of different
local regions. This methodology was successfully applied to the task of
pneumonia detection in X-ray images. The method in [34] focuses on
selecting more transferable channel features by adjusting the weights
of feature channels and applying them to unsupervised cross-domain
fault diagnosis, achieving impressive results. Some studies have effec-
tively utilized features that are not easily transferable across domains,
making the domains more discriminative from each other. For ex-
ample, in the research conducted by [7], focusing on the pedestrian
re-identification challenge, the feature maps are divided into domain-
shared and domain-specific parts. The domain-shared part focuses on
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the pedestrian’s features and is applied to classification, while the
domain-specific part emphasizes background regions to avoid negative
transfer due to domain divergence. This study drew inspiration from
this approach and applied it to the diagnosis of TB.

3. Methods

Let Dy = {x},y} }:_’;1 represent the labeled source dataset and D, =
{xj}:';l denote the unlabeled target dataset. x; and x| are the source
and target dataset sample, and y! is the label in the source dataset,
which takes the value of 1 or 0, representing containing TB and normal,
respectively. n; and n, represent the number of source and target
dataset samples. In order to achieve better generalization performance
on the target dataset, this study improved upon the foundation of
DANN [14] to develop the complementary domain attention model
(CDAM).

Fig. 2 shows the proposed CDAM model, which consists of five
parts: feature extraction module, self-attention module, complementary
module, domain-shared module, and domain-specific module. Firstly,
the feature extraction module utilizes a convolutional neural network
to generate a preliminary feature map of size H * W, where H
and W denote the height and width, respectively. Subsequently, this
feature map is flattened, containing N = H = W local features.
Next, in the self-attention module, the feature map undergoes a linear
transformation to obtain three vectors: O, K, and V. The product of O
and the transpose of K yields the DSH attention map, which reflects
the correlations among the N local features. Then, multiplying the
DSH attention map with V' produces the DSH feature map. Meanwhile,
in the complementary module, the DSP attention map complements
the DSH attention map, with corresponding regions exhibiting inverse
value trends. Multiplying the DSP attention map with Va generates the
DSP feature map. Furthermore, the domain-shared module contains a
TB classifier and a domain discriminator. Minimizing classification loss
ensures accurate classification while maximizing domain discriminator
loss mitigates the impact of domain differences. Consequently, DSH
features can focus on regions containing transferable classification
information across domains. Additionally, the domain-specific module
shares the domain discriminator with the DSH module. Minimizing do-
main discriminator loss enhances domain differentiation, thus enabling
the DSP attention map to concentrate on regions rich in domain in-
formation. Through complementary mechanisms, DSH features reduce
attention on domain-rich regions, further diminishing the influence
of domain differences and thus improving classification performance.
The subsequent section will provide a detailed explanation of these
modules.

3.1. Feature extraction module

The feature extraction module is mainly responsible for extracting
the feature map. According to study [35], DenseNet121 [36] demon-
strates excellent performance in extracting TB features from the lung
region and achieving outstanding classification performance. This study
adopts DenseNet121 as the feature extraction module, extracting the
output F € RW*H*C | a5 the feature map. W, H, and C are the feature
map’s width, height, and number of channels. The layer before the
classification layer of DenseNet121 is chosen as the feature map. The
dimensions of the feature map are 7 x 7 x 1024, representing width,
height, and channel numbers, respectively.

3.2. Self attention module

After obtaining the feature map F, the role of the self-attention
module is to generate a DSH feature FPSH that can focus more on
regions containing classification information and can be transferred
across domains. In order to enrich this feature with abundant contex-
tual information for improved classification accuracy, this paper draws
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inspiration from the study [7]. The shape of the feature map F is
transformed from W x H = C to N = C, where N = W x H. W and
H represent width and height respectively, and N represents N local
features in the feature map F. Then, F undergoes linear transforma-
tions (multiplied by three different trainable weight matrices) to obtain
three vectors Q,K,V € RN*C. O, K,V are obtained through linear
transformations of F, thus containing the information of the feature
map F. Next, we calculate the product of Q and the transpose of K and
apply this product to the softmax to obtain the AMPSH, It represents
the correlation matrix of N local features, where AMPSH € RN*N | the
equation of AM,.?SH is given by Eq. (1) [28].

exp (Q,. . K/T)

Zf;l exp (Q[ . KIT)

AM P.SH represents the magnitude of the correlation between the
ith local feature and the jth local feature. Therefore, the ith row of
AMPSH € R*N describes the correlation between the ith local feature
and all N local features in that row. The final step is to multiply A MPSH
by V to obtain FPSH, where AMPSH € RV*N | as shown in Eq. (2).

DSH _
AMPSH =

(€8]

FDSH — AMDSH «V. (2)

Fig. 3 describes the process for generating FPSH, The width and
height of the feature map F are both 7, resulting in a total of 49 local
features. Subsequently, these local features are flattened and undergo
linear transformation to obtain the Q, K, and V vectors. The matrix
obtained by multiplying Q with the transpose of K, denoted as A MPSH,
can reflect the similarity relationships between local features. The
first row of AMPSH is denoted as AMPSH, representing the similarity
coefficients between the first local feature F, and other local features
F|, F,, F;, ..., Fy. These coefficients are learnable. Then, after multiply-
ing AMPS! with V, the first new local feature FPS" can be obtained,
which is derived from the weighted sum of 49 local features. This
allows F]DSH to integrate information from the global context, providing
a broader perspective. The remaining new local features FPSH, FPSH,
..., F3H can be obtained through similar operations.

3.3. Complementary module

The role of the complementary module is to generate a feature FPSP
complementary to FPSH, FDSP focuses on regions rich in domain infor-
mation. AMPSP also has a complementary relationship with AMPSH, In
areas where AMPSH has high weights, AMPSP weights should be low,
and in areas where A MPSH has low weights, A MPS? weights should be
high. Moreover, the sum of the weight for each row in AMPSP should be
1. The value of AMI.'ID.SH is between 0 and 1. By leveraging the properties
of the logarithmic function, larger values of AMiD.SH can be transformed
into smaller values of — log(AMi'J).SH), and smaller values of AMl.lj).SH can
be transformed into larger values of — log(AM}J).SH). Subsequently, use
softmax to ensure that the sum of the weight for each row of AMPSP
equals 1. Therefore, AM’.I/).SP can be obtained from Eq. (3).

exp(~log (AMDPSH))

: ®3)
XL, exp(—log (AMDSH)

DSP _
AM; ;=
where i and j represent the indices of rows and columns in the matrices
AMPSH and AMPSP, FDPSP is obtained through Eq. (4).

FPSP = AMPSP 5 v/ @

3.4. Domain-shared module

The DSH module aims to minimize the difference between features
from the source and target domains while ensuring classification perfor-
mance, so DSH features can focus on regions that contain classification
information and can be transferred across domains. As shown in Fig. 2,
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Fig. 3. An example of using the self-attention mechanism to generate a domain-shared
features.

the DSH module takes FPSH as input, and consists of a classifier G, and
a domain discriminator G,, with parameters 6, and ,, respectively.
G, is responsible for classifying images as TB or normal, while G,
identifies which domain the image belongs to. Both G, and G, are
binary classifiers, hence their network structures are identical. The
inputs for G, and G, are first processed by a linear layer to reduce
the dimensionality from 1024 to 256, followed by ReLU activation and
dropout regularization. Subsequently, another linear layer is employed
to further reduce the dimensionality to 2, thereby fulfilling the binary
classification task. The loss functions for the classifier and domain
discriminator are denoted as L, and L,, both of which are cross-
entropy loss functions. To correctly classify images, it is necessary to
minimize the TB classifier G,’s loss. In order to make the domain
discriminator G, incapable of discerning whether the data comes from
the source domain or the target domain, it is necessary to maximize
the discriminator’s loss. Hence, the training process should be executed
following the outlined steps, which need to be repeated for a certain
number of epochs.

1. Train the domain discriminator G, first, and minimize the
domain discriminator loss to enable it to distinguish which
domain the data comes from.:

Input FPSH and the domain labels d; into G,, minimizing the
loss of G, while fixing §, and updating 6,,.

2. Train the TB classifier G, while maximizing the loss of do-

main discriminator G, to make it cannot distinguish which
domain the data comes from:
Input FPSH and category labels y; into G,,minimizing the TB
classification loss; Input FPSH and domain labels d; into G,
maximizing the loss of domain discriminator G,. Fix 6, and
update 0r, 0, based on Eq. (5) [14].

| Maxim izing d omain discriminator loss to

| | mitigate the impact of domain differences
____________ o |

|
|
I
|
|
|
|
|
[
|

Dom ain
discriminator

|
|
|
|
I
|

E(0,.05M.6) = - ¥ L,(G,(FP%).y)
s F[_DSHeDA
4 DSH ®
- Ly (G (FM) . di),
FPSHep up,

n = ng + n,, where ng and n, represent the number of source and
target dataset samples, and n represents the sum of the two quantities.
y; and d; are the class label and domain label corresponding to x;. 4;
is a hyperparameter used to adjust and balance the components. The
integration of the feature extraction module and the self-attention mod-
ule can be considered as a novel feature extractor, with its parameters

denoted as 6.
3.5. Domain-specific module

The DSP module, with FPSP as input, aims to discriminate between
data from the source and target domains effectively, so DSP features
can focus on regions rich in domain information. With the aid of com-
plementary mechanisms, DSH features are able to reduce their focus on
domain-rich regions, thereby enhancing classification performance. The
DSP module and the DSH module share the same domain discriminator
G, with common parameters 6,. G, takes FPS? and the domain labels
d; as inputs, minimizing the loss of G;, and simultaneously updating
0;. The overall loss function requires the joint consideration of the
classification loss, domain discriminator loss (in DSH module), and
domain discriminator loss (in DSP module), as shown in Eq. (6).

L

E(ef’azlijSH’ey) 7 L, (Gy (FiDSH)’yi)
§ FPSHep,
A

DSH
p Ly (G (F) . dy) )
FPSHep uD,

i

+ 22

n
FPSPep up,
4, is a hyperparameter used to adjust and balance the components.

Ly (Gy (FP).dy),

4. Experiment

There are three datasets for tuberculosis binary classification: Shen-
zhen [37], Montgomery [37], and TBX11K datasets [38]. The Shenzhen
dataset was collected and labeled at Shenzhen No. 3 People’s Hospital,
Guangdong Medical College, Shenzhen, China, comprising 662 chest
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Table 1
The distribution of common diseases in the CheXpert and Chest X-ray14 datasets.

Disease CheXpert ChestX-ray14
Atelectasis 33,456 11,559
Consolidation 14,716 4,667
Pneumothorax 19,456 5,302

Edema 52,291 2303
Pneumonia 6047 1431
Cardiomegaly 27,068 2776

Total 116,719 24,199

X-rays (CXR), with 336 containing TB and the remaining 326 being
normal CXRs. The Montgomery dataset, collected and annotated by the
U.S. Department of Health and Human Services in Montgomery County,
consists of 138 X-ray images, with 80 normal cases and the remaining
58 TB cases. The TBX11K dataset consists of 11,200 CXRs, divided
into training, validation, and test sets. The test set does not include
annotations, so only the training and test sets are used in this study. A
total of 630 CXRs with active TB and 630 healthy CXRs were selected
for this research. This paper split the three datasets into training and
test sets in an 80% to 20% ratio.

To validate the performance of CDAM in handling multi-
classification tasks, this study selected two large-scale chest X-ray
datasets, namely CheXpert' [39] and Chest X-ray14 2[40]. Since the dis-
ease categories in these two datasets are not entirely consistent, only six
common diseases were selected, which are atelectasis, consolidation,
pneumothorax, edema, pneumonia, and cardiomegaly. The distribution
of each disease in this dataset is shown in Table 1. Since each X-ray
may contain multiple diseases, the sum of samples for each disease may
exceed the total number of images in the dataset. The performance is
evaluated using five-fold cross-validation.

The experiments in this paper were conducted on a computer
equipped with an Intel(R) Core(TM) i7-7700K CPU, 16 GB RAM, and an
NVIDIA GeForce RTX 3060 12 GB GPU. The operating system used is
Ubuntu 20.04.3 LTS, with PyTorch version 1.12.1 and Python version
3.9. Both G, and G, are composed of fully connected networks. The
training was stopped at the 25th epoch as there was no significant
decrease in the loss value. The learning rate for 0, is set to 5e—6, while
the learning rates for 0, and 6, are set to 2e-5, with a halving of the
learning rates every five epochs. After extensive experimentation, the
optimal values for 4, and 4, were set to 0.5 and 0.2, respectively.

5. Results and analysis

For the binary classification experiment on TB, this paper repro-
duces several mainstream domain adaptation methods on the Shen-
zhen, Montgomery, and TBX11K datasets, including MMD [8], DANN
[14], DIFL [16], CX-DaGAN [19], SPA-UDA [20], and AGPDA [33]. The
results of CDAM and these methods are shown in Table 2. Here, ‘S’
stands for the Shenzhen dataset, ‘M’ denotes the Montgomery dataset,
and ‘T’ signifies the TBX11K dataset. The symbol “—” denotes the trans-
fer of knowledge acquired from a source domain to an unlabeled target
domain. For example, S—=M denotes transferring knowledge learned
from the Shenzhen dataset to the unlabeled Montgomery dataset. The
metrics used to evaluate domain adaptation effectiveness include ac-
curacy (Acc), sensitivity (Sen), and specificity (Spe), with all numbers
in the table representing percentages. CI stands for a 95% Confidence
Interval, which is a range used in statistics to estimate a population
parameter. It means that if repeated samples were taken, 95% of the
confidence intervals would contain the true value of the population pa-
rameter. It reflects the reliability of our estimate. To better demonstrate
the performance improvement of each domain adaptation method, the

1 https://www.kaggle.com/datasets/ashery/chexpert.
2 https://www.kaggle.com/datasets/nih-chest-xrays/data.
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“No DA” and “Up” groups in Table 2 represent the lower and upper
bounds of domain adaptation, respectively. “No DA” represents training
on the source dataset and testing on the target dataset. And “Up” repre-
sents training on and testing on the target dataset. The performance of
“No DA” group is the lowest among all methods, indicating a significant
performance drop due to domain divergence. In contrast, the results of
the “Up” group are the highest across all methods, as its training and
testing datasets are consistent, representing the upper limit of model
performance.

From the results of the domain adaptation experiment, it can be
observed that: (1) All domain adaptation methods have shown im-
provements in accuracy, sensitivity, and specificity compared to the ‘No
DA’ group, indicating that these methods can effectively utilize infor-
mation from the source domain data, making it easier for the model
to adapt to target domain data and enhancing data transferability.
(2) Adversarial-based domain adaptation methods (DANN and DIFL)
demonstrate more significant performance improvements than Cycle-
GAN-based methods (CX-DaGAN and SPA-UDA) and MMD. AGPDA,
which incorporates an attention mechanism into the original MMD,
also shows substantial performance improvement over the original
MMD approach. The CDAM method achieves the best performance
among all methods, indicating that it is the most suitable for TB X-
ray image detection tasks. (3) In TB screening, high accuracy means
the model can accurately identify individuals with the disease and
correctly exclude those without it, demonstrating the effectiveness and
reliability of the screening. As shown in Table 2, CDAM surpasses
all other methods in terms of accuracy, with the average accuracy
increasing from 59.9% to 73.3% compared to methods without do-
main adaptation. High sensitivity means the model can better identify
samples with the disease, reducing the chance of missed diagnoses. In
disease screening and diagnosis, high sensitivity is crucial as it ensures
that most actual cases are identified. CDAM achieves the best sensitivity
among all methods, with the average sensitivity increasing from 59.9%
to 74.0% compared to methods without domain adaptation, indicating
that the CDAM method can effectively learn from the source domain
and identify disease features in the target domain. High specificity
means the model can better distinguish normal samples, reducing the
chance of misdiagnosis. CDAM performs well in specificity, although it
did not achieve the best results in some datasets such as S—T, T-S,
M-T, but the differences are insignificant. Although some methods
have higher specificity than CDAM in these datasets, this is at the
expense of sensitivity. Overall, the CDAM method’s performance in TB’s
domain adaptation task is impressive, especially in maintaining high
accuracy, high sensitivity, and relatively high specificity. CDAM is a
powerful candidate for addressing domain shift issues in medical image
analysis.

5.1. Ablation study

To investigate the effectiveness of each module in the proposed
CDAM model, this paper will conduct an ablation study focusing on the
components of self-attention (SA), DSH and DSP. The results are shown
in Table 3. MOD1 represents the model with only the DSH module,
MOD?2 includes both the DSH and SA modules, and MOD3 contains
the DSH, SA, and DSP modules. When the model only contains the
DSH module, the feature map bypasses the SA module and directly
computes the classification loss and domain discriminator’s loss (in
the DSH module). Thus, its function is equivalent to methods like
DANN. When DSH incorporates the SA module, the average accu-
racy, sensitivity, and specificity increased by 1.7%, 1.4%, and 1.6%,
respectively, indicating that the SA module can better extract global
features and semantic information of lesions. When DSH incorporates
the SA and DSP modules, the average accuracy, sensitivity, and speci-
ficity improves by 2.5%,4.0% and 1.4%, demonstrating a significant
performance enhancement and affirming the effectiveness of the DSP
modules.


https://www.kaggle.com/datasets/ashery/chexpert
https://www.kaggle.com/datasets/nih-chest-xrays/data
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Table 2
Experimental results of different domain adaptation methods on different source-target domain pairs.
Method S-M S-T T-S T-M M-S M-T Avg
No DA Acc[CI] 65.8[57.9,73.7] 71.2[68.7,73.7] 53.0[49.2,56.8] 46.2[37.9,54.5] 60.2[56.5,63.9] 62.7[60.0,65.4] 59.9
Sen[CI] 60.3[47.7,72.9] 67.1[63.4,70.8] 59.5[54.3,64.7] 47.3[34.5,60.1] 63.9[58.8,69.0] 61.5[57.7,65.3] 59.9
Spe[CI] 69.8[59.7,79.9] 75.3[71.9,78.7] 46.3[40.9,51.7] 45.4[34.5,56.3] 56.4[51.0,61.8] 63.9[60.1,67.7] 59.5
up Acc[CI] 83.1[76.8,89.4] 99.1[98.6,99.6] 88.7[86.3,91.1] 83.1[76.8,89.4] 88.7[86.3,91.1] 99.1[98.6,99.6] 90.3
Sen[CI] 81.3[71.3,91.3] 99.2[98.5,99.9] 83.9[80.0,87.8] 81.3[71.3,91.3] 83.9[80.0,87.8] 99.2[98.5,99.9] 88.1
Spe[CI] 84.4[76.4,92.4] 99.1[98.4,99.8] 93.6[90.9,96.3] 84.4[76.4,92.4] 93.6[90.9,96.3] 99.1[98.4,99.8] 92.4
MMD Acc[CI] 66.1[58.2,74.0] 73.7[71.3,76.1] 62.8[59.1,66.5] 57.4[49.1,65.7] 66.8[63.2,70.4] 65.7[63.1,68.3] 65.4
Sen[CI] 64.8[52.5,77.1] 70.9[67.4,74.4] 70.5[65.6,75.4] 58.2[45.5,70.9] 67.5[62.5,72.5] 64.9[61.2,68.6] 66.1
Spe[CI] 67.0[56.7,77.3] 76.5[73.2,79.8] 54.9[49.5,60.3] 56.8[45.9,67.7] 66.1[61.0,71.2] 66.5[62.8,70.2] 64.6
DANN Acc[CI] 69.7[62.0,77.4] 77.5[75.2,79.8] 67.1[63.5,70.7] 60.2[52.0,68.4] 71.8[68.4,75.2] 68.5[65.9,71.1] 69.1
Sen[CI] 68.2[56.2,80.2] 74.7(71.3,78.1] 68.2[63.2,73.2] 61.3[48.8,73.8] 71.2[66.4,76.0] 67.9[64.3,71.5] 68.6
Spe[CI] 70.8[60.8,80.8] 80.3[77.2,83.4] 66.0[60.9,71.1] 59.4[48.6,70.2] 72.4[67.5,77.3] 69.1[65.5,72.7] 69.7
DIFL Acc[CI] 71.0[63.4,78.6] 78.2[75.9,80.5] 67.3[63.7,70.9] 59.2[51.0,67.4] 80.0[77.0,83.0] 67.4[64.8,70.0] 70.5
Sen[CI] 70.3[58.5,82.1] 76.7[73.4,80.0] 64.9[59.8,70.0] 69.3[57.4,81.2] 77.8[73.4,82.2] 64.3[60.6,68.0] 70.6
Spe[CI] 70.8[60.8,80.8] 79.7(76.6,82.8] 69.8[64.8,74.8] 51.9[41.0,62.8] 82.3[78.2,86.4] 70.5[66.9,74.1] 70.8
CXDaGAN Acc[CI] 67.2[59.4,75.0] 76.9[74.6,79.2] 66.8[63.2,70.4] 58.7[50.5,66.9] 70.4[66.9,73.9] 67.5[64.9,70.1] 67.9
Sen[CI] 65.6[53.4,77.8] 75.4[72.0,78.8] 68.4[63.4,73.4] 60.5[47.9,73.1] 69.1[64.2,74.0] 69.2[65.6,72.8] 68.0
Spe[CI] 68.4[58.2,78.6] 78.4[75.2,81.6] 65.2[60.0,70.3] 57.4[46.6,68.2] 71.7[66.9,76.6] 65.8[62.1,69.5] 67.8
SPA-UDA Acc[CI] 68.3[60.5,76.1] 77.6[75.3,79.9] 67.0[63.4,70.6] 58.7[50.5,66.9] 72.3[68.9,75.7] 67.6[65.0,70.2] 68.6
Sen[CI] 66.7[54.6,78.8] 78.4[75.2,81.6] 65.5[60.4,70.6] 60.2[47.6,72.8] 70.3[65.4,75.2] 68.9[65.3,72.5] 68.3
Spe[CI] 69.5[59.4,79.6] 76.8[73.5,80.1] 68.5[63.5,73.6] 57.6[46.8,68.4] 74.4[69.6,79.1] 66.3[62.6,70.0] 68.8
AGPDA Acc[CI] 71.1[63.5,78.7] 78.9[76.6,81.2] 68.1[64.5,71.7] 60.5[52.3,68.7] 73.5[70.1,76.9] 68.9[66.3,71.5] 70.2
Sen[CI] 70.0[58.2,81.8] 77.3[74.0,80.6] 70.5[65.6,75.4] 58.5[45.8,71.2] 70.3[65.4,75.2] 66.4[62.7,70.1] 68.8
Spe[CI] 71.9[62.0,81.7] 80.5[77.4,83.6] 65.6[60.5,70.8] 62.0[51.3,72.6] 76.8[72.2,81.4] 71.4[67.9,74.9] 71.4
CDAM Acc[CI] 71.4[63.9,78.9] 79.5[77.3,81.7] 69.3[65.8,72.8] 67.9[60.1,75.7] 80.2[77.2,83.2] 71.5[69.0,74.0] 73.3
Sen[CI] 70.4[58.7,82.1] 80.2[77.1,83.3] 70.2[65.3,75.1] 70.3[58.5,82.1] 78.3[73.9,82.7] 74.7 [71.3,78.1] 74.0
Spe[CI] 72.1[62.3,81.9] 78.8[75.6,82.0] 68.4[63.4,73.4] 66.2[55.8,76.6] 82.2[78.0,86.4] 68.3[64.7,71.9] 72.7
Table 3
Ablation study on DSH, SA and DSP modules. MOD1 (DSH), MOD2 (DSH+SA), MOD3 (DSH+SA+DSP).
Method S—-M S-T T-S T-M M-S M-T Avg
No DA Acc[CI] 65.8[57.9,73.7] 71.2[68.7,73.7] 53.0[49.2,56.8] 46.2[37.9,54.5] 60.2[56.5,63.9] 62.7[60.0,65.4] 59.9
Sen[CI] 60.3[47.7,72.9] 67.1[63.4,70.8] 59.5[54.3,64.7] 47.3[34.5,60.1] 63.9[58.8,69.0] 61.5[57.7,65.3] 59.9
Spe[CI] 69.8[59.7,79.9] 75.3[71.9,78.7] 46.3[40.9,51.7] 45.4[34.5,56.3] 56.4[51.0,61.8] 63.9[60.1,67.7] 59.5
MOD1 Acc[CI] 69.7[62.0,77.4] 77.5[75.2,79.8] 67.1[63.5,70.7] 60.2[52.0,68.4] 71.8[68.4,75.2] 68.5[65.9,71.1] 69.1
Sen[CI] 68.2[56.2,80.2] 74.7[71.3,78.1] 68.2[63.2,73.2] 61.3[48.8,73.8] 71.2[66.4,76.0] 67.9[64.3,71.5] 68.6
Spe[CI] 70.8[60.8,80.8] 80.3[77.2,83.4] 66.0[60.9,71.1] 59.4[48.6,70.2] 72.4[67.5,77.3] 69.1[65.5,72.7] 69.7
MOD2 Acc[CI] 70.3[62.7,77.9] 78.2[75.9,80.5] 67.9[64.3,71.5] 63.2[55.2,71.2] 75.6[72.3,78.9] 69.4[66.9,71.9] 70.8
Sen[CI] 69.6[57.8,81.4] 77.8[74.6,81.0] 66.8[61.8,71.8] 62.3[49.8,74.8] 74.9[70.3,79.5] 68.5[64.9,72.1] 70.0
Spe[CI] 70.9[60.9,80.9] 78.6[75.4,81.8] 69.0[64.0,74.0] 62.7[52.1,73.3] 76.4[71.8,81.0] 70.2[66.6,73.8] 71.3
MOD3 Acc[CI] 71.4[63.9,78.9] 79.5[77.3,81.7] 69.3[65.8,72.8] 67.9[60.1,75.7] 80.2[77.2,83.2] 71.5[69.0,74.0] 73.3
Sen[CI] 70.4[58.7,82.1] 80.2[77.1,83.3] 70.2[65.3,75.1] 70.3[58.5,82.1] 78.3[73.9,82.7] 74.7 [71.3,78.1] 74.0
Spe[CI] 72.1[62.3,81.9] 78.8[75.6,82.0] 68.4[63.4,73.4] 66.2[55.8,76.6] 82.2[78.0,86.4] 68.3[64.7,71.9] 72.7

This paper highlights the role of DSP by comparing the atten-
tion maps and heat maps of DSH+SA and DSH+SA+DSP more intu-
itively. Fig. 4 shows the attention maps and heat maps of two TB
images and two normal images in the S—T task using the DSH+SA
and DSH+SA+DSP methods. In the top title of each column of images,
AM psy represents DSH attention map, H M gy represents DSH heat
map, AMqp represents DSP attention map, and H M gp represents
DSP heat map. The weights in the attention map are obtained from the
row vectors of AMPSH and AMPSP, They represent the importance
of various local features learned by the model and are reshaped into a
7 x 7 shape. In heat maps, regions with a deeper red color indicate
a higher probability of containing richer classification information,
while in attention maps, brighter regions signify richer classification
information. The blue boxes in Fig. 4(b), (d), (j) and (n) denote the
true locations of TB lesions.

DSH+SA part: From Fig. 4(b), there is a part of the red area inside
the blue box and a part of the red area at the bottom of the image.
The red area at the bottom incorrectly predicted the location of the
TB lesion. In Fig. 4(d), the red area only appears inside the left blue
box, and it does not appear in the right blue box, which also has
errors. Fig. 4(f) and (h) are heat maps for normal CXRs, where the red
areas indicate that the features in these areas contribute more to the
classification result as normal.

DSH+SA+DSP part: This part adds the DSP attention map and DSP
heat map. Fig. 4(j) shows that the red area falls perfectly within the

blue box area. The red area in Fig. 4(n) is also within the two blue box
areas. Compared to Fig. 4(b) and (d), these two figures have greatly
improved, with the red areas being able to indicate the location of the
TB lesion more accurately. The red areas in Fig. 4(1) and (p) are outside
the lung area, where there is a lot of domain information. When the
DSP features try to occupy the areas rich in domain information, with
the help of the complementary mechanism, they can enhance Fig. 4(k)
and (o) to prioritize areas containing TB and can be transferred across
different domains. In Fig. 4(r) and (v), the red areas are outside the
lung area. They also contain categorization information and contribute
greatly to the recognition results being normal, and are easy to transfer
across domains. Fig. 4(t) and (x) contain rich domain information, and
the complementary mechanism also prompts Fig. 4(r) and (v) to focus
more precisely on the regions transferable across domains.

5.2. Determination of optimal values for hyperparameters A, and 4,

This study conducted experiments to determine the optimal values
of the hyperparameters 4, and 4,. From Table 3, it can be observed that
with the introduction of the DSH module, there were improvements of
9.9%, 8.7%, and 10.2% in average accuracy, average sensitivity, and
average specificity, respectively. Similarly, introducing the DSP module
led to performance enhancements of 2.5%, 4%, and 1.4%, respectively.
Therefore, the DSH module was predominant in the domain adaptation
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Fig. 4. The visualization comparison before and after adding the domain-specific module.

task, while the DSP module served as an auxiliary function. Conse-
quently, this research initially focused on evaluating the impact of 1,’s
value on domain adaptation performance. As illustrated in Fig. 5(a),
the value of 1, was varied from O to 1, with increments of 0.1. Its
average accuracy, average sensitivity, and average specificity reached
their highest values of 70.8%, 70%, and 71.3%, respectively, when 4,
was 0.5. Subsequently, with 4, fixed at 0.5, 4,’s value was varied from
0 to 0.5, with increments of 0.1. As depicted in Fig. 5(b), the peak
values for average accuracy (73.3%), average sensitivity (74.0%), and
average specificity (72.7%) were observed at 4, = 0.2. Furthermore,
A, values beyond 0.5 exhibited a declining trend. Consequently, the
optimal hyperparameter values were 4; = 0.5 and 4, = 0.2.

5.3. Domain adaptation visualization

To more intuitively demonstrate the performance of adaptation
methods in various domains, this paper visualizes the feature distri-
butions of source and target data in domain adaptation tasks using
t-SNE in Fig. 6. Red points indicating normal samples from the source
dataset (source_Normal), and green points indicating TB samples from
the source dataset (source_TB). Orange points represent normal samples
from the target domain (target Normal), and blue points represent
TB samples from the target domain (target TB). In Fig. 6(a) and (d),
it can be observed that there is a noticeable discrepancy between
the distributions of the blue points and green points, as well as a
considerable difference between the distributions of the red points and
yellow points. This indicates a lack of good alignment between the
source and target domains when employing the MMD and CX-DaGAN
method, which in turn contributes to its poorer performance, as shown
in Table 2. Apart from the MMD and CX-DaGAN method, it is evident

that the distributions of sample points between the source and target
domains are roughly consistent for the remaining methods. Among
them, the proposed CDAM exhibits the best performance, showing the
most robust consistency in the distribution between the source and
target domains, with clear boundaries. These results demonstrate the
effectiveness of the method proposed in this paper.

5.4. Multi-class classification tasks

To evaluate the performance of different models in multi-class clas-
sification tasks, this study conducted domain adaptation experiments
on the CheXpert and Chest X-rayl4 datasets. The experiments applied
several methods that have shown strong performance in binary clas-
sification, including DIFL, AGPDA, and CDAM. The results, presented
in Table 4, indicate that all domain adaptation methods outperformed
the ‘No DA’ group, demonstrating their effectiveness in transferring
knowledge from the source domain to the target domain. Among these
methods, CDAM achieved the highest performance, with an average
accuracy of 70.3%, an average precision of 71.8%, and an average
specificity of 69.6% on the CheXpert and Chest X-ray1l4 datasets. This
result confirms its ability to maintain strong performance in multi-class
classification tasks, similar to its success in TB binary classification.
These findings highlight the potential of CDAM for broader applications
in multi-disease classification.

6. Discussion
The experimental results show that the CDAM method performs

the best, followed by the adversarial-based domain adaptation methods
(DANN and DIFL) and AGPDA in the second tier. The Cycle-GAN-based
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Table 4
Multi-class domain adaptation experimental results. A represents CheXpert, and B
represents Chest X-rayl4.

Method Metric A->B B—> A Avg
No DA Acc(u + o) 59.8 + 0.7 60.3 + 1.1 60.1
Sen(u + o) 59.5 + 0.9 589 + 1.4 59.2
Spe(u + o) 60.0 + 1.3 61.2 + 0.8 60.6
DIFL Acc(u + o) 68.3 + 0.3 65.4 + 0.8 66.9
Sen(u + o) 69.4 + 1.1 64.3 + 1.1 66.9
Spe(u + o) 66.9 + 0.7 66.7 + 0.4 66.8
AGPDA Acc(y + o) 70.7 + 1.2 66.7 + 0.9 68.7
Sen(u + o) 71.1 + 0.7 67.3 + 0.8 69.2
Spe(u + o) 68.7 + 1.0 649 + 1.1 66.8
CDAM Acc(u + o) 72.3 + 0.4 68.3 + 1.1 70.3
Sen(y + o) 73.8 + 0.6 69.8 + 1.0 71.8
Spe(u + o) 71.4 + 0.9 67.7 + 1.2 69.6

methods (CX-DaGAN and SPA-UDA) come next, while the MMD method
performs the worst. The fundamental limitation of MMD lies in its
reliance on handcrafted features, rendering it incapable of adaptively
learning the optimal feature representation, thereby limiting its per-
formance potential. In contrast, adversarial training paradigms possess
the ability to automatically acquire the optimal feature representation,
effectively ensuring consistency between the feature distributions of
the source and target domains, circumventing the need for manual
feature engineering. Cycle-GAN-based methods aim to reduce domain
discrepancy by transforming the style of target domain images to
match that of source domain images. However, during this trans-
formation, there may be changes in lesion information. Despite the
use of feature and label consistency mechanisms, new errors can still
be introduced, limiting the improvement in domain adaptation per-
formance. AGPDA builds upon MMD by incorporating an attention
mechanism, which allows the model to focus better on areas more
likely to propagate across domains, thereby enhancing performance.
After incorporating the complementary domain attention mechanism,
the CDAM methodology demonstrates a clear advantage by specifically
targeting task-relevant regions. This targeted approach allows CDAM
to address the distributional differences between the source and target
domains more effectively, thereby minimizing negative transfer. As a
result, CDAM achieves better transfer performance than other methods.

While CDAM has demonstrated promising results, its computational
resource requirements are relatively high. The computational complex-
ity of the CDAM model is primarily determined by the self-attention
module, which involves large-scale matrix multiplications. The com-
plexity is given by O(N x C x (H x W)?), where N is the batch size,
C is the number of channels, and H,W are the dimensions of the
feature map. Under the experimental settings (H = W =7, C = 1024,
batch size = 16), the total computation amounts to approximately
79.2G FLOPs. In terms of memory usage, CDAM consumes 4.78 GB
of memory during training. It is recommended to use a GPU with at
least 6 GB of memory to ensure stable training. However, the high
computational demand and memory requirements pose challenges for
regions with limited computational resources. To reduce the demand
for computational resources, future work will explore methods such
as low-rank approximation to mitigate the computational load of at-
tention matrix calculations. Alternatively, incorporating mechanisms
such as local attention or hierarchical structures could be considered
to limit the scope of computations, thereby reducing the need for
global attention across the entire feature map and decreasing the
overall computational complexity. These approaches are expected to
enhance the model’s computational efficiency, making it more suitable
for larger-scale datasets and resource-constrained environments.

Despite these limitations, CDAM presents a powerful approach to
mitigating domain shifts in medical image analysis, offering a promis-
ing solution for improving the generalization of Al-based tuberculosis
screening systems across diverse datasets.
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7. Conclusion

The CDAM model partitions the feature map into DSH and DSP
features. DSH features focus on regions containing transferable TB
classification information across domains, alleviating the impact of
domain divergence. Conversely, DSP features target areas rich in do-
main information, maximizing domain discrepancy. Crucially, their
complementary nature prompts DSH to accurately localize transferable
regions as DSP occupies domain-rich areas, reducing negative trans-
fer and enhancing cross-domain generalization capability for Al-based
TB screening. The proposed method underwent domain adaptation
experiments on the Shenzhen, Montgomery, TBX11K, CheXpert and
ChestX-ray 14 datasets, demonstrating superior performance compared
to existing domain adaptation methods.

Overall, the CDAM model presents a powerful and robust approach
to mitigating domain shifts in medical image analysis, offering a
promising solution for improving the generalization capabilities of Al-
based tuberculosis screening systems across diverse datasets. Future
research directions include extending the model to other medical imag-
ing tasks and evaluating its performance on a broader range of datasets
to further validate its robustness and generalization capabilities.
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