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Background: Children with primary immunodeficiency diseases (PIDs) are particularly vulnerable
to infection of Mycobacterium tuberculosis (Mtb). Chest computed tomography (CT) is an important
examination diagnosing pulmonary tuberculosis (PTB), and there are some differences between primary
immunocompromised and immunocompetent cases with PTB. Therefore, this study aimed to use the
radiomics analysis based on un-enhanced CT for identifying immunodeficiency status in children with PTB.

Methods: This retrospective study enrolled a total of 173 patients with diagnosis of PTB and available
immunodeficiency status. Based on their immunodeficiency status, the patients were divided into PIDs (n=72)
and no-PIDs (n=101). The samplings were randomly divided into training and testing groups according to
a ratio of 3:1. Regions of interest were obtained by segmenting lung lesions on un-enhanced CT images to
extract radiomics features. The optimal radiomics features were identified after dimensionality reduction in
the training group, and a logistic regression algorithm was used to establish radiomics model. The model was
validated in the training and testing groups. Diagnostic efficiency of the model was evaluated using the area
under the receiver operating characteristic curve (AUC), sensitivity, specificity, precision, accuracy, F1 score,
calibration curve, and decision curve.

Results: The radiomics model was constructed using nine optimal features. In the training set, the model
achieved an AUC of 0.837, sensitivity of 0.783, specificity of 0.780, and F1 score of 0.749. The cross-
validation of the model in the training set showed an AUC of 0.774, sensitivity of 0.834, specificity of 0.720,
and F1 score of 0.749. In the test set, the model achieved an AUC of 0.746, sensitivity of 0.722, specificity of
0.692, and F1 score of 0.823. Calibration curves indicated a strong predictive performance by the model, and
decision curve analysis demonstrated its clinical utility.

Conclusions: The CT-based radiomics model demonstrates good discriminative efficacy in identifying the
presence of PIDs in children with PTB, and shows promise in accurately identifying the immunodeficiency

status in this population.
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Introduction

In 2021, the World Health Organization reported that
approximately two billion people were infected with
Mycobacterium tuberculosis (Mtb) and more than 10 million
had onset with tuberculosis (TB), resulting in 1.6 million
deaths. Children accounted for 11% of TB incidence and
16% of TB mortality worldwide and China ranked third
amongst 30 high-burden countries for TB (1). Primary
immunodeficiency diseases (PIDs), also known as inborn
errors of immunity (IEI), are a group of diseases closely
associated with genetic abnormalities. The etiology of PIDs
is not fully understood, but more than 400 pathogenic
genes have been identified (2,3). Children with PIDs are
particularly vulnerable to Mtb infection due to congenital
immune cell deficiency or dysfunction (4,5). Analogously,
newborns and infants with PIDs are at a high risk of
BCGosis when receive routine Bacillus Calmette-Guerin
(BCG) vaccination in areas where TB is endemic (6,7).
However, diagnosis of PIDs requires genetic test, which
is expensive, time-consuming and not comprehensive
enough. In developing countries, especially in poor
regions, genetic test is usually not possible due to some
technological or funding reasons. Therefore, PIDs are
often underestimated in children. There were no accurate
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* Radiomics maybe become a new application to identify the
immunodeficiency status in children with pulmonary tuberculosis
(PTB).

What is known and what is new?

¢ Children with primary immunodeficiency disease are at a
high risk of Mycobacterium tuberculosis infection. And there are
differences in PTB between primary immunocompromised and
immunocompetent patients in pulmonary imaging.

® This study identifying immunodeficiency status in children with
PTB with radiomics using a classification model established by
logistic regression.

What is the implication, and what should change now?

¢ Radiomics would help clinicians to screen the patients of primary
immunodeficiency in children with PTB, which will benefit
children in high-burden tuberculosis endemic areas. We can apply
radiomics to analyze the imaging of children with PTB and screen
children at high risk of primary immunodeficiency improving the

treatment planning.
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statistical data of the incidence about PIDs in pulmonary
tuberculosis (PTB) at present.

Under the masking of the active PTB manifestations,
mycobacterial infection could be the first clinical
manifestation with or without PIDs (8). Compared to
no-PIDs, the symptoms and signs are not specific in the
patients with PIDs, such as the presence of fever, cough and
sputum production. Besides, PTB with PIDs are more likely
to have other severe complications and sequelae, which can
lead to poor healing and even significantly higher mortality
(9,10). Immune function evaluation and immune-associated
therapy is necessary except for anti-TB therapy for patients
of PTB with PIDs. Therefore, identification of the presence
or absence of PIDs in children with PTB is crucial for their
clinical treatment strategies (8).

Chest computed tomography (CT) plays an irreplaceable
role in lung disease, and the pulmonary manifestations
can be used to evaluate the patient’s condition for PIDs
and PTB (11). Some studies have shown that there are
differences in PTB between immunocompromised and
immunocompetent patients, such as the distribution and
pattern of lesions (12-14).

Radiomics is a high-throughput method for extracting a
large number of imaging features, transforming traditional
radiological images into high-dimensional data that can
be objectively and quantitatively analyzed. This approach
provides more objective information beyond visual
evaluations and can establish predictive models through
artificial intelligence methods to assist clinical decision-
making (15,16). Radiomics is an emerging technology that
has been widely used in oncology research (17,18). In recent
years, researchers have applied radiomics to non-tumor
fields, such as the differential diagnosis and prediction
of pulmonary diseases like COVID-19 and childhood
infectious pneumonia (19-21). However, the potential value
of radiomics in identifying immunodeficiency status in
children with PTB remains unclear.

This study aimed to use radiomics analysis based on un-
enhanced chest CT to identify immunodeficiency status
in children with PTB, in order to detect immune function
status early and provide support for clinical decision-
making. The results of this study will help to personalize
treatment for children with PTB. We present this article in
accordance with the TRIPOD reporting checklist (available
at https://tp.amegroups.com/article/view/10.21037/tp-23-
309/rc).
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Inclusion criteria:

413 patients were collected from Jan 2015 to Dec 2022

* Sputum smear or culture for Mycobacterium tuberculosis was positive or
pathological biopsy of lung tissue or pleura showed caseous necrosis

¢ Patients without any treatment before the first CT examination

* Patients were performed genetic test at least once

Exclusion criteria (n=240):
¢ Patients infected mixed (n=204)

y

¢ Insufficient image quality of CT (n=25)
* Manifestation of lung was negative (n=11)

173 patients were enrolled in our study

v

v

Primary immunodeficiency diseases:
n=72

No primary immunodeficiency diseases:
n=101

Figure 1 The flowchart of the inclusion and exclusion of study subjects. CT, computed tomography.

Methods
Patients

This study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). This
retrospective study was approved by the Institutional
Review Board of Children’s Hospital of Chongqing
Medical University for using the data (Approval number:
20230171), and the individual written informed consent for
this retrospective analysis was waived. We retrospectively
enrolled the children with the tested immunity status
for PTB who visited our hospital from January 2015 to
December 2022, and the chest CT data before treatment
of all the children were collected. The patient recruitment
procedure is shown as Figure 1.

Experiment grouping

We randomly divided the included patients into the training
set (129 cases, no-PIDs: PIDs =75:54) and the test set (44
cases, no-PIDs: PIDs =26:18) at a ratio of 3:1. Due to the
limited sample size, we conducted model training with
5-fold cross-validation in the training set and internal
validation. Ultimately, the optimal model was selected and
tested independently in the test sets of 44 cases.

CT examination

All patients had an un-enhanced chest CT scan before

treatment. The CT scan was performed using a 64-detector
CT scanner (GE Lightspeed VCT 64, Philips Medical
Systems, Amsterdam, the Netherlands) or a 128-detector
CT scanner (Brilliance ICT, Philips Medical Systems). The
CT acquisition parameters were as follows: tube voltage
of 100 Kv, the tube current being automatically regulated,
pitch of 0.984:1, slice thickness of 5.0 mm, and slice interval
of 5.0 mm. The scans ranged from the apex to the bottom
of the lung.

Immage segmentation

For CT image segmentation, we utilized Digital Imaging
and Communications in Medicine (DICOM) images
obtained from the picture archiving and communication
system (PACS). The region of interest (ROI) for pulmonary
lesions was manually delineated using ITK-SNAP software
version 3.4.0, by a pediatric radiologist with 5 years of
experience. The ROI for each slice, encompassing the
entire lesion, was meticulously marked along the edge of the
lesion in an axial lung window of un-enhanced CT image.
Subsequently, the segmentation was validated by a senior
radiologist with 12 years of experience (Figure 2). As the
ROI was manually delineated, there were certain subjective
differences in the interpretation of the lesion. Therefore, to
ensure the availability of radiomics features, we randomly
selected 51 patients (no-PIDs: PIDs =31:20) to re-
delineate the ROI, and calculated the intraclass correlation
coefficients (ICCs) of all radiomics features extracted from
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Figure 2 A sample of manually delineated ROI of focus in lung. (A) An original image showing focus. (B) The contour of a manual

segmenting ROI in the image. (C) The delineated ROI of focus in the lung image. ROI, region of interest.

the twice-delineated ROl in the 51 patients (22).

Radiomics feature extraction and selection

Radiomics feature extraction was achieved through
the uAl research platform (uRP) (United Imaging,
China). Filters provided by the uRP platforms included
log, mean, normalize, binomialblurimage, boxmean,
boxsigmaimage, curvatureflow, laplaciansharpening,
discretegaussian, recursivegaussian, shotnoise, specklenoise,
additivegaussiannoise and wavelet.

For all radiomics features extracted, Z-score
normalization method was performed to eliminate the
dimensional influence between the different features
(23-25). For the selection of features, the variance threshold
method was first used to eliminate the features with variance
below 0.80. Then, the SelectkBest method was used to
calculate the P-value and score of each feature. The top
100 selected features were imported into the Least absolute
shrinkage and selection operator (Lasso) algorithm to
select the most important features for identify the immune
function of patients with TB. The hyperparameters
including the alpha value, were determined automatically by
5-fold cross-validation, sought and determine the optimal
alpha value was automatically.

Radiomics model construction

Using the Logistic regression algorithm, we constructed
the radiomics model to identify the immune function status
of patients with TB by analyzing the linear combination
relationship of the selected features and the weighting
coefficient. These features were then used to reflect the

© Translational Pediatrics. All rights reserved.

immune function status of the patients. The diagnostic
performance of the radiomics model was quantified
by calculating the area under the receiver operating
characteristic curve (AUC) in both the training and test sets.

Radiomics model evaluation and validation

The discriminative efficacy of the model was assessed
using the receiver operating characteristic (ROC) curves
and calibration curves in the training and test sets. The
clinical application value of the model was evaluated
through decision curve analysis (DCA) in the training
and test sets. DCA was used to assess the patient benefit
impact of radiomics models, thereby assisting clinicians in
making treatment decisions. The calibration curve was used
to evaluate the predictive performance of the radiomics
model. The calibration curve reflected how well the model
distinguished primary immune deficiency consistent with
the actual occurrence. The calibration curve that was closer
to the diagonal indicated that the model’s ability to identify
PID with PTB was closer to the true values and with a
higher accuracy.

Statistical analysis

All statistical analyses were performed in software R
(version 4.1.1). A P value less than 0.05 indicated statistical
significance. In machine learning, the sensitivity and
specificity of the radiomics features were calculated, and
the ROC curve was analyzed and the AUC was calculated,
which proved the discriminatory ability of the radiomics
model. The performance of the classifier was evaluated
using the following indicators in this study, including

Transl Pediatr 2023;12(12):2191-2202 | https://dx.doi.org/10.21037/tp-23-309
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sensitivity, specificity, accuracy, precision, and F1 score.

Results
Patient characteristics

A total of 72 patients with PIDs and 101 patients with no-
PIDs satisfied the inclusion criteria and were included in the
study. There were 29 male patients and 43 female patients
in the PIDs groups, the mean age was 2.85+3.09 years, and
an age range of 3 months to 14 years. The no-PIDs groups
included 46 male patients and 55 female patients with a
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Figure 3 The ICCs distribution of the radiomics features

extracted. ICC, intraclass correlation coefficient.

Table 1 The radiomics features selected from the extracted
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mean age of 3.96+4.85 years and an age range of 4 months
to 13 years.

Feature extraction and selection

For each ROI, 2,264 radiomics features were extracted,
including 104 original radiomics features and 2,160
filtered radiomics features, which could be divided into
three categories: first order [18], shape [14], and texture
[72] features. Texture features included 21 gray level
co-occurrence matrix feature (GLCM), 14 gray level
dependence matrix feature (GLDM), 16 gray level run
length matrix feature (GLRLM), 16 gray level size zone
matrix features (GLSZM) and 5 neighborhood gray tone
difference matrix feature NGTDM).

After ICC analysis, 188 features with ICC values below
0.85 were discarded, accounting for 8.30% of the total
features, and 2,076 features were remaining. The ICCs
distribution of the 2,264 features is shown in Figure 3.
Features with an ICCs greater than 0.85 were selected and
entered into the subsequent analysis.

For identifying the immune function status of children
with PTB, we finally selected three first-order features, four
GLCM features, one GLSZM feature, and one GLRLM
feature. These features are shown in Table 1.

Model building and evaluating

A logical regression model was used to classify the immune
function status of children with PTB, and the classification
threshold of the model was set to 0.5. After dimensional

Filter Type Radiomics features Coefficients
Laplaciansharpening glem Differencevariance 0.644
Recursivegaussian firstorder Range 0.322
Laplaciansharpening glem Clustertendency 0.220
Shotnoise glrim Shortrunlowgraylevelemphasis 0.201
Discretegaussian firstorder Range -0.240
Discretegaussian glem Differencevariance -0.267
Laplaciansharpening glszm Graylevelvariance -0.278
Laplaciansharpening glem Contrast -0.296
Boxsigmaimage firstorder Totalenergy -0.408

© Translational Pediatrics. All rights reserved.
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PIDs, primary immunodeficiency diseases; PTB, pulmonary tuberculosis; AUC, area under the ROC curve; ROC, the receiver operating characteristic.

Ding et al. Radiomics identifying immunodeficiency in children with PTB

reduction, nine optimal features, including three original
first-order feature and four GLCM and one GLRLM, were
identified and selected to construct the radiomics models.
In the training set the AUC of the constructed prediction
model was 0.837, sensitivity was 0.783, specificity was 0.780,
and accuracy was 0.719. In the validation set the AUC
was 0.847, sensitivity was 0.834, specificity was 0.720, and
accuracy was 0.680. And in the test set the AUC was 0.746,
sensitivity was 0.722, specificity was 0.692, and accuracy was
0.813. The results are shown in detail in Tizble 2. Besides,
the ROC curves and the nomogram of the models are
shown as Figure 4 and Figure 5, respectively.

The results of the logistic regression are shown in
Table 3, and the column of Coefficients represents the
weight coefficients of each feature. The P value of the
Hosmer-Lemeshow test (HL test) for the logistic regression
model was 0.1247, which prove that there is no significant
difference between the predicted value and the true value,
and further indicating that the degree of fitting model is
well. Only two features, the discretegaussian_firstorder_
range and discretegaussian_glem_difference variance, had P
values greater than 0.05 and were not used as independent
predictors. The various characteristics were significantly
correlated with the immune function status of the child with
PTB (P<0.05) (Tuble 4).

Clinical value analysis

The calibration curves indicated a good consistency of
the model compared with the true value. There was
no significant difference between probabilities from
the predicted model and the actual scenario. DCA
demonstrated that the model can generate net benefit at
different risk thresholds, indicating there is clinical value
and would benefit the patients (Figure 6).

Discussion

As far as we know, no previous studies have utilized
radiomics to analyze the immune status of children with
TB with either PIDs or no-PIDs. Our study, however, has
revealed that a radiomics model can effectively Identify the
primary immune function in these children. Notably, this
model creatively employs CT images to assess immune
function, and is based on routine CT scans that are easily
applicable in clinical practice. Therefore, this radiomics
model has promising potential as a tool to distinguish
between the presence or absence of PIDs in children

Transl Pediatr 2023;12(12):2191-2202 | https://dx.doi.org/10.21037/tp-23-309
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Figure 5 The developed nomogram of the radiomics models.

diagnosed with PTB.

Following Mtb infection, the human body produces an
anti-TB immune response that is mainly characterized by
cellular immunity and tissue necrosis caused by allergic
injury. This often leads to the onset of TB and lung
involvement (26). The body’s anti-TB response relies

© Translational Pediatrics. All rights reserved.

heavily on the complete IL-12/23-IFN-y pathway, which
requires the participation of phagocytes, T lymphocytes,
NK cells, and other immune cells, as well as various
cytokines (4,27). The immune status of patients, both
congenital and acquired, is closely linked to this process
(12,27,28). Considered that children with PIDs are
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Table 3 The results of the logistic regression of the radiomics features

Ding et al. Radiomics identifying immunodeficiency in children with PTB

Features Coefficients Stand error Z value P value
Intercept —20.345 8.711 -2.340 0.020
Boxsigmaimage_firstorder_totalenergy -2.282 0.805 -2.830 0.005
Laplaciansharpening_glcm_clustertendency 2.702 1.023 2.640 0.008
Laplaciansharpening_glcm_contrast -7.092 2.208 -3.210 0.001
Laplaciansharpening_glcm_differencevariance 6.541 2.207 2.960 0.003
Laplaciansharpening_glszm_graylevelvariance -3.493 1.258 -2.780 0.006
Discretegaussian_firstorder_range —4.806 3.060 -1.570 0.116
Discretegaussian_glcm_difference variance -0.088 0.112 -0.780 0.436
Recursivegaussian_firstorder_range 0.020 0.010 2.020 0.043
Shotnoise_glrim_shortrunlowgraylevelemphasis 11.146 4.086 2.730 0.006
Table 4 The correlation of the radiomics features

Features r P value
Boxsigmaimage_firstorder_total energy -0.351 <0.001
Discretegaussian_firstorder_range -0.329 <0.001
Recursivegaussian_firstorder_range -0.302 0.001
Laplaciansharpening_glcm_cluster tendency -0.342 <0.001
Laplaciansharpening_glcm_contrast -0.312 <0.001
Laplaciansharpening_glcm_difference variance -0.315 <0.001
Discretegaussian_glcm_difference variance -0.345 <0.001
Laplaciansharpening_glszm_gray level variance -0.388 <0.001
Shotnoise_glrim_short run low gray level emphasis 0.316 <0.001

particularly susceptible to multiple pathogens, including
Mtb, and that pulmonary complications significantly impact
prognosis, it is important to raise awareness of PIDs in
these patients (29-31).

Thoracic imaging, particularly CT, is critical for both
clinical diagnosis and treatment evaluation in children
infected with Mtb (11,32). Typical pulmonary imaging
findings associated with TB include consolidation,
necrotic cavities, centrilobular nodules, calcifications, and
caseous necrosis (11,32). However, due to the imbalanced
residual immune levels in children with PIDs, the immune
response to Mtb can vary, resulting in differences in the
location, nature, morphology, and distribution range of
the corresponding lesions (13,32,33). Moreover, these
lesions can overlap or even mask one another, leading
to complex pulmonary imaging findings (34). Since

© Translational Pediatrics. All rights reserved.

radiologists are influenced by individual factors, the non-
specific morphological parameters in chest CT images
of Mtb-infected children are often difficult to identify by
conventional imaging features, making it a challenge to
effectively assess the immune function status of children
with PTB.

The field of radioimmunology has demonstrated the
potential ability using machine Learning methods to capture
useful information and to improve the accuracy of clinical
differential diagnosis (20). In this study, we constructed a
predicted model and screened the characteristic values of
2,264 radiomics features by Lasso dimensionality reduction
method, and finally screened out nine features, including
three first-order features, four GLCM feature, a GLSZM
feature and a GLRLM feature. These features, which
were significantly different between PIDs and no-PIDs

Transl Pediatr 2023;12(12):2191-2202 | https://dx.doi.org/10.21037/tp-23-309
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Figure 6 DCA and calibration curve of the models. DCA of the training set (A), validation set (B), and test set (C). The cross axis and
vertical axis represent the threshold probability value and the net benefit, respectively. Calibration curve for the training (D), validation (E),

and test set (F). The calibration curve was used to assess the accuracy of the model. The calibration curve is closer to the diagonal indicated

the model is closer to the actual value. DCA, decision curve analysis.

in children with TB, are important radiomics features
in the two kinds of immune states, but the exact clinical
interpretation remains uncertain. The first-order features
related to the gray-level frequency within the ROI were
obtained from the voxel intensity histogram, reflecting the
overall information of the intensity histogram. Cluster
tendency, contrast and difference variance belong to the
GLCM group, and these features usually capture texture
variation to quantify the spatial relationship of image voxels
according to previous researches (35).

In previous researches of cancer, the texture features
were proven to reflect the image heterogeneity of the tumor
(13,36), and thus indicated the genetic heterogeneity and
invasiveness of the tumor. In our study, although the extent,
shape, or grayscale of infectious lesions may be consistent,
there may be differences in microstructure of lesion due to
differences in immune responses. Therefore, we speculate

© Translational Pediatrics. All rights reserved.

that CT image heterogeneity of intrapulmonary lesions
varies between PIDs and no-PIDs in children with PTB.

In this study, the radiomics model constructed has a
balanced sensitivity (0.783) and specificity (0.780). The
performance of the current model was moderate in the
test set which the sensitivity was 0.722 and the specificity
was 0.692. Besides, the value of Fl-score in the test set was
expected which indicated a high accuracy of the model.
Considering that the sample size of the current applied is
small, and the sample size will be expanded to continue
the research later. Although the diagnostic accuracy of
this radiomics model is not high enough, the model can
effectively identify the immune function status of children
with PTB though conventional CT images, which is not
easily possible by radiologists. At the same time, in order
to increase the reproducibility of the study, ICCs was used
to evaluate the consistency of radiomics features, which
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effectively improved the consistency of features within
and between groups, and reduced the impact of subjective
differences due to the delineator discriminated the CT
image (22).

Moreover, this study not only used the ROC curve, but
also used the calibration curve to evaluate the discriminant
performance of model. This study also used a DCA that
can estimate whether patients benefit or not to evaluate the
clinical application value of the model, which increases the
credibility of the model.

However, there are some limitations with this study.
This is a retrospective study with an inevitable selective
bias. It is a small sample size and a single center study. In
order to improve the effectiveness of the model and the
credibility of the study, a large sample and multicenter
study will be followed. Moreover, this study did not include
the clinical indicators, such as the clinical test indicator for
assessing immune function status. Subsequently, the clinical
indicators will be combined to further improve the efficacy
of the radiomics model.

Conclusions

Radiomics is a cutting-edge, non-invasive tool for
identifying immune function status. By combining
radiomics features to construct models, it has demonstrated
a strong ability to identify pulmonary lesions caused by
Mtb infection in children with the presence or absence of
PIDs, and has shown promise in evaluating the immune
function status of children with PTB. These findings have
the potential to enhance clinical applications and drive the
advancement of precision medicine. As radiomics continues
to evolve, it is expected to become a valuable diagnostic
supportive tool for PIDs, particularly in high-burden TB-

endemic regions where genetic testing for PIDs is limited.
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