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Abstract 

Background: Establish a CT‑based diagnostic radiomic model for AIDS complicated with pulmonary cryptococcosis 
and evaluate the diagnostic efficacy of this model.

Methods: This retrospective study enrolled 98 AIDS patients with pulmonary cryptococcosis and 103 AIDS patients 
with other infections or neoplastic lesions, comprising a total of 699 lesions. Patients were randomly divided into a 
training group and test group at a ratio of 2.75:1. Features from all lesions, cavity lesions and solid nodule lesions were 
extracted, and two kinds of radiomic models (6 types) were established. ROC curves were drawn, and the sensitivity 
and specificity were calculated to compare the SVM model and LR model, radiologists’ empirical diagnoses and the 
combination of these empirical diagnoses with the radiomic model.

Results: The AUCs of senior radiologist for all lesions and cavity lesions were lower than those of the SVM and LR 
models. The diagnostic efficacy of primary radiologist was lower than that of both of the other model types. The 
diagnostic efficacy of the LR model was relatively stable, with the highest diagnostic efficiency of the 3 model/
radiologist groups. The AUCs of intermediate radiologist in combination with the LR radiomic model for all lesions, 
nodular lesions and cavity lesions were 0.88, 0.84, and 0.9, respectively, which were the highest among all models and 
radiologists.

Conclusions: The CT‑based radiomic LR model of AIDS‑associated pulmonary cryptococcosis exhibits good diagnos‑
tic performance, which was similar to that of senior radiologists and higher than that of the primary radiologist. With 
the help of a radiomic model, radiologists can achieve improved diagnostic accuracy compared to that when only an 
empirical diagnosis is used.
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Background
Cryptococcal pneumonia is an opportunistic infec-
tion with an incidence in the lungs second only to that 
of Aspergillus infection, and it remains the most fatal 
fungal disease among immunocompromised patients 

worldwide. It belongs to the category of invasive pul-
monary fungal infections (IPFIs) and easily invades 
HIV-infected patients at a late stage during AIDS, caus-
ing high morbidity and mortality if not diagnosed and 
treated in time. Pulmonary cryptococcosis is transmitted 
through the respiratory tract, and fungal spores deposit 
in the alveoli to form colonies that spread to surround-
ing tissues or other organs when immunity is significantly 
reduced [1]. Both the symptoms and CT imaging features 
of cryptococcal pneumonia are not specific and need to 
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be differentiated from other concomitant infectious or 
neoplastic diseases common in AIDS patients.

Radiomics, which is defined as the high-through-
put automated (or semiautomated) extraction of large 
amounts of quantifiable information from a region of 
interest (ROI) on radiographic images, has aroused 
widespread interest. Radiomics is regarded as a class of 
machine learning algorithms that combine raw inputs 
into mid-layer features and has recently shown impres-
sive results in many areas, especially in diagnostic radi-
ology [2, 3]. At present, studies on radiomics in various 
human systems have been reported, but they mainly 
focus on patients with a normal immune system [4, 
5], while there are few related studies on patients with 
immune deficiency [6], especially AIDS patients. AIDS 
patients are susceptible to opportunistic infections, and 
the incidence of some related malignant tumors is also 
higher than that of other patients. Early and accurate 
diagnosis can help improve the survival rate and progno-
sis of AIDS patients.

Therefore, the purpose of the present study was to 
establish a CT-based radiomic model for patients with 
AIDS complicated by cryptococcal pneumonia, ana-
lyze its diagnostic efficacy, and compare its diagnostic 
accuracy with that of radiologists with different levels of 
expertise to explore the application value of the model.

Methods
Patients
The study was approved by ethical committee of Bei-
jing Ditan Hospital, Capital Medical University, written 
informed consent from the patients for use of data was 
waived by ethical committee of Beijing Ditan Hospital, 
Capital Medical University due to retrospective nature 
of the study. The following medical record data was col-
lected from a single-center study carried out in Beijing 
Ditan Hospital from June 2016 to June 2021: age, sex, 
clinical features, CD4 cell count, CD8 cell count, chest 
CT scan imaging results, etc. During the study period, 
according to the HIV virus test, a total of 1490 AIDS 
patients were rechecked and confirmed, 208 patients 
without complete CT and clinical data, 366 patients 
had negative CT pulmonary imaging at the first visit, 85 
patients had no nodules, cavitation or consolidation in 
the lung, 630 cases without histopathological or cytologi-
cal diagnosis. Finally, A total of 201 HIV-infected patients 
were enrolled, among whom 98 patients were diagnosed 
with pulmonary cryptococcosis and 103 patients were 
diagnosed with noncryptococcal pneumonia, including 
22 patients infected with Aspergillus, 13 with Candida 
albicans, 15 with Penicillium marneffei, 26 with pulmo-
nary tuberculosis, 6 with NTM, 5 with Kaposi’s sarcoma, 
6 with pulmonary lymphoma and 10 with lung cancer. 

According to the radiological characteristics of the AIDS 
patients with pulmonary cryptococcosis [7–10], the lung 
lesions were mainly classified into three patterns based 
on the lesion morphology: solid nodules, cavitation, and 
consolidation. The inclusion criteria of the noncrypto-
coccal pneumonia group were determined according to 
the above three morphological characteristics.

CT image acquisition and data processing
Philips Discovery CT750HD and GE Light Speed VCT 
scanners were used to scan from the tip to the bottom of 
the lung. The scanning parameters were as follows: tube 
voltage, 120 kVp; automatic tube current, mAs; scan-
ning thickness, 5  mm; image matrix, 512 × 512; recon-
struction section thickness, 1.25  mm; reconstruction 
interval, 1.25 mm; and gantry rotation speed, 8 s. Coro-
nal multiplanar reconstruction was also performed. For 
enhanced scanning, 80–100 ml of the nonionic contrast 
agent iodihydramol (300 mg/mL, 1.5 mL/kg) was injected 
through the elbow vein by the intravenous mass infusion 
method at a rate of 3  ml/s. Arterial and venous images 
were collected at 30  s and 60  s, respectively. Standard 
lung window imaging (width: 1600, window position: 
− 600) was selected, and images were saved in DICOM 
format. Through DcmAnonyRel-1 medical image anony-
mous software, personal information such as the patient’s 
name, test ID and test time was removed before upload-
ing to the “Darwin Platform” launched by Beijing Yiz-
hun AI Technology Co., Ltd. (http:// 211. 145. 67. 46: 
9160/ static/ login_ ct. html), which was used to extract 
and select radiomic features to build machine learning 
models.

Lesion segmentation and radiomic feature extraction
Two radiologists in the diagnosis of pulmonary infec-
tious diseases were selected to perform lesion segmenta-
tion according to the following rules: (1) Semiautomatic 
segmentation was used (machine with recognition of 
lesion location and rough delineation, manual adjust-
ment of lesion boundary). (2) A nonenhanced image was 
used to delineate the standard lung window, excluding 
bronchus and pulmonary arteries/veins within the seg-
mentation. (3) The dividing line of the region of inter-
est (ROI) was approximately 1–2  mm from the edge of 
the lesion. (4) Lesion was segmented continuously layer 
by layer. (5) For single and multiple lesions (number < 5), 
each lesion was segmented, and diffuse lesions were seg-
mented into at most 5 regions, as shown in Figs. 1 and 2. 
Radiologists-1(Senior radiologist: 18 years of experience 
in infectious disease diagnosis) review and revised the 
delineated lesion, radiologist-2(The Primary radiologist: 
6 years of experience in infectious disease diagnosis) was 
responsible for the initial lesion contour segmentation. 

http://211.145.67.46:9160/static/login_ct.html
http://211.145.67.46:9160/static/login_ct.html
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After segmentation, 3 categories of CT-based radiomic 
features were extracted: shape features, first-order fea-
tures and texture features. Shape features and first-order 
features were derived from wavelet filter. Among the tex-
ture features that capture the spatial interdependence 
of voxels in images, 5 kinds of features were included: 
gray-level dependence matrix (GLDM), gray-level size 
zone matrix (GLSZM), gray-level cooccurrence matrices 
(GLCM), gray-level run-length matrices (GLRLM) and 

neighboring gray-tone difference matrix (NGTDM). Ulti-
mately, the original image provided 136 quantitative fea-
tures, and 1781 filter-based features were extracted from 
chest CT radiomics images. The extraction parameter 
details and recursive feature elimination (RFE) data are 
described in Additional file 1:  1.

Radiomic feature selection and radiomic model 
establishment
The flowchart for model establishment is shown in Fig. 3. 
All patients were divided randomly into a training cohort 
and test cohort at a ratio of 2.75:1 by using stratified sam-
pling. In order to avoid introducing bias, feature selection 
was applied only to the training group. All lesions, nodu-
lar lesions and cavity lesions were calculated separately. 
Before feature selection, the ‘standard scaler’ was selected 
as the preprocessing component to normalize the origi-
nal data, making the algorithm converge rapidly and 
reasonably. To eliminate many redundant features in the 
original data, feature selection components were utilized. 
‘Select K percentile’—‘recursive feature elimination’—
‘select from model’ were carried out sequentially. In the 
processor component, ‘support vector machine’ (SVM) 
and ‘logistic regression’ (LR) were selected to build two 
different models for comparing the diagnostic perfor-
mance. For the visualization component, a ‘heatmap’ was 
used to display the differences in feature distribution in 
different categories.

Performance evaluation and statistical analysis
For the SVM and LR models, classification and calcula-
tion were performed according to the morphology of 
lesions, all lesions, nodular lesions and cavity lesions 
were trained and tested to obtain the diagnostic efficacy 
of each model, which was illustrated by receiver operat-
ing characteristic (ROC) curves. The area under the ROC 
curve (AUC) and the corresponding 95% confidence 
interval (95% CI) were calculated per lesion, as well as 
the sensitivity and specificity of each model. Additionally, 
radiologist-1, radiologist-2, radiologists-3(Intermediate 
radiologist:10  years of experience in infectious disease 
diagnosis) blinded to the pathological findings marked 
the location, border, density, and morphology of lung 
lesions as well as pleural effusion and mediastinal lymph 
nodes and made a diagnosis. According to the presence 
or absence of CT imaging signs and whether cryptococ-
cal infection or not, the labels were marked, “1” for posi-
tive while “0” for negative status. After saving the data 
from the radiologists-3 as CSV format, the variables 
with a p < 0.1 on multivariate backward stepwise logistic 
regression with minimum akaike information criterion 
(AIC) was performed through the input channel of the 
“Darwin platform” to obtain features with differential 

Fig. 1 A 25‑year‑old male with AIDS complicated by Cryptococcus 
pneumonia presented to the hospital with fever for 2 weeks. A CT 
scan showed a thin‑walled cavity in the lower lobe of the left lung. 
The automatic machine delineated the lesion approximately 1–2 mm 
from its outer edge

Fig. 2 A 42‑year‑old man with AIDS and invasive aspergillosis 
presented with a 3‑week history of expectoration. CT showed a 
thin‑walled cavity lesion in the lower lobe of the left lung. The 
ground‑glass opacity component was observed in the right outer 
edge of the lesion, and the radiologist manually adjusted the lesion 
edge after automatic machine delineation to include the GGO
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diagnosis value. On the basis of multifactor logistic 
regression analysis, combined with the radiomics score of 
each patient, finally, the features of CT imaging as well 
as the established LR model were comprehensively cal-
culated on the platform to obtain a final diagnosis. The 
performance was compared among the two models, radi-
ologist-1 and radiologist-2’s empirical diagnoses and the 
combination of radiologists-3’s empirical diagnoses with 
the radiomic models.

All data were analyzed with SPSS 22.0 (IBM Corp.). 
The clinical indicators were expressed as the median 
value and interquartile range (IQR) as well as the 
mean ± standard deviation. Independent chi-squared 
tests and T tests were used for normally distributed data, 
and Kruskal–Wallis H tests were used for skewed data. 
The interobserver agreement regarding the 2 radiologists 
was calculated using the intraclass correlation coefficient 
(ICC). A p value < 0.05 was considered the standard for a 
statistically significant difference, and an ICC > 0.8 indi-
cated good agreement.

Results
Basic clinical characteristics and radiological features
The clinical characteristics and CT characteristics are 
shown in Table  1. Among all enrolled HIV-infected 
patients, the proportion of male patients was significantly 
higher than that of female patients. Cell counts were sig-
nificantly below the normal range, indicating impaired 
immunity, which was not different among groups. Fever 
was the main presentation of patients at the time of 

visit, accounting for the highest proportion of patients 
in each group, but there was no statistically significant 
difference between various clinical symptoms. Among 
basic CT characteristics, the number and location of 
lesions, lymph nodes, pleural effusion and other influ-
encing manifestations were recorded for analysis. There 
were more enlarged lymph nodes in the noncryptococcal 
pneumonia group than in the pulmonary cryptococcosis 
group (p = 0.001). The probability of pleural effusion in 
the testing group was significantly lower than that in the 
training group (p = 0.008).

CT‑based radiomic models and performance evaluation
Among the enrolled patients, 52 patients with a single 
lesion and 149 patients with multiple lesions, including 
them, 73 patients were collected with 5 lesions and 76 
patients were collected with 2–4 lesions. The total num-
ber of consolidation lesions in the entire dataset was 79, 
which was difficult to obtain a reliable result when cal-
culated consolidation lesions independently. Therefore, 
all lesions (699 lesions), nodular lesions (335 lesions) and 
cavity lesions (285 lesions) were included in the preproc-
essing and feature screening components, resulting in the 
identification of 8 important features (all lesions group), 
as shown in Fig. 4. The eliminated features are shown in 
Additional file 1: 3. Figure 5 shows the ‘heatmap’ of the 
selected radiomics features, and remarkable differences 
in clustering were found between the two-class labels. 
Subsequently, the features were processed with SVM and 
LR components to obtain 6 radiomic models for the 3 

Fig. 3 Flowchart for model establishment
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groups of lesions. The ROC curves are shown in Figs. 6 
and 7 (all lesions) and Additional file 1:  4 and 5 (nodu-
lar lesions and cavity lesions), and the calibration plot of 
the LR model in the training and test groups is shown in 
Additional file 1:  6.

Radiologist-1 and radiologist-2 determined the diagno-
sis of all lesions, nodular lesions and cavity lesions. The 
diagnostic efficacy was analyzed and compared with that 

of the established radiomic models, and the results are 
shown in Table 2. The AUCs of radiologist-1 for all lesions 
and cavity lesions alone were 0.77 and 0.74, respectively, 
which were lower than those of the SVM model (0.79, 
0.77) and LR model (0.78, 0.78). The diagnostic efficacy 
for nodular lesions was between that of the two models 
(radiologist-1: 0.76, SVM: 0.74, LR: 0.78). The diagnos-
tic efficacy of radiologist-2 was lower than that of the 

Table 1 Clinical and radiological characteristics

Bold was considered a statistically significant difference

Characteristics N(%) Cryptococcosis Non‑cryptococcosis p value Training group Testing group p 
value

Sex Male 89 (90.82) 90 (85.71) 0.502 132 (89.19) 47 (88.68) 0.549

Female 9 (9.18) 13 (12.38) 16 (10.81) 6 (11.32)

Age (years) Mean ± SD 37.1 ± 11.2 42.0 ± 14.5 0.09 39.6 ± 13.5 39.8 ± 12.6 0.928

Range 19–77 20–92 19–92 22–77

Cell count 
(cells/μl) 
(p50,IQR)

CD4 31.5 (14, 73.5) 44 (14, 104) 0.232 39 (14, 97.5) 34 (14, 75.5) 0.369

CD8 461.5 (240.5, 872) 378 (222, 694) 0.109 439 (226.3, 845.7) 341 (229, 638) 0.230

CD4/8 ratio 0.65 (0.375, 0.143) 0.13 (0.06,0.21) 0.01 0.08(0.43, 0.18) 0.09 (0.05, 0.20) 0.703

Symptom Fever 63 (37.06) 70 (38.89) 0.402 93 (37.05) 39 (22.29) 0.985

Respiratory symptoms 46 (27.06) 57 (31.67) 76 (30.28) 32 (18.29)

Other symptoms 61 (35.88) 53 (29.44) 82 (32.67) 104 (59.43)

Lesions count Single 42 (42.86) 48 (45.71) 0.671 67 (45.27) 23 (43.40) 0.873

Multiple 56 (57.14) 55 (52.38) 81 (54.73) 30 (56.60)

Location Right Lung 31 (31.63) 24 (22.86) 0.153 39 (26.35) 16 (30.19) 0.459

Left lung 38 (38.78) 37 (35.24) 54 (36.49) 21 (39.62)

Bilateral Lung 29 (29.59) 44 (41.90) 58 (39.19) 15 (28.30)

Other features Enlarged lymph node 24 (24.49) 49 (46.67) 0.001 55 (37.16) 18 (33.96) 0.621

Pleural effusion 34 (34.69) 31 (29.52) 0.430 56 (37.83) 9 (16.98) 0.008

Fig. 4 The 8 most valuable features were screened out during preprocessing and feature screening
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two models (all lesions: 0.63, cavity lesions: 0.67, nodu-
lar lesions: 0.65). The diagnostic efficacy of the LR model 
was relatively stable across the 3 groups (0.78, 0.78, 0.78) 
and higher in the cavity lesion group and nodular lesion 
group than in the SVM model group (0.77, 0.74).

Finally, radiologist-3 determined the diagnosis of all 
lesions, nodular lesions and cavity lesions. After the data 

were incorporated into the input level of the LR model 
for comprehensive calculation on the platform, the diag-
nostic accuracy was determined. The AUCs were 0.88, 
0.84, and 0.9 for all lesions, nodular lesions and cavity 
lesions, respectively, which were higher than those of 3 
radiologists’ empirical diagnosis only as shown in Table 3 
and Fig. 8 (all lesions).

Fig. 5 The ‘heatmap’ of the selected radiomics features
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Fig. 6 ROC curves for all lesions in the training group with the LR radiomics model

Fig. 7 Testing group with the LR radiomics model
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Table 2 Discriminative performance of the Radiomic model

Training Cohort Testing Cohort

Sensitivity Specificity AUC (95%CI) Sensitivity Specificity AUC (95%CI)

All Lesions LR 0.792 0.728 0.84 (0.81, 0.87) 0.765 0.667 0.78 (0.70, 0.86)

SVM 0.842 0.760 0.88 (0.86, 0.91) 0.763 0.719 0.79 (0.71, 0.87)

Cavitation LR 0.712 0.893 0.87 (0.82, 0.91) 0.681 0.825 0.78 (0.68, 0.89)

SVM 0.804 0.805 0.88 (0.84, 0.92) 0.722 0.771 0.77 (0.66, 0.88)

Nodule LR 0.836 0.887 0.93 (0.89, 0.96) 0.815 0.667 0.78 (0.67, 0.88)

SVM 0.831 0.821 0.91 (0.87, 0.95) 0.850 0.615 0.74 (0.63, 0.85)

Table 3 Performance of radiologists’ empirical diagnostic and combination with radiomic model

Radiologists’ diagnosis Combine with LR model

Radiologist‑1 Radiologist‑2 Radiologist‑3

Sensitivity Specificity AUC (95%CI) Sensitivity Specificity AUC (95%CI) Sensitivity Specificity AUC (95%CI)

All Lesions 0.750 0.789 0.77 (0.61, 0.93) 0.687 0.579 0.63 (0.55, 0.71) 0.818 0.788 0.88 (0.85, 0.90)

Cavitation 0.732 0.652 0.74 (0.65, 0.82) 0.656 0.660 0.67 (0.58, 0.76) 0.731 0.879 0.84 (0.79, 0.89)

Nodule 0.736 0.661 0.76 (0.66, 0.81) 0.624 0.668 0.65 (0.56, 0.76) 0.755 0.876 0.9 (0.86, 0.94)

Fig. 8 ROC curves for the combination of radiologists and the radiomic model for the diagnosis of all lesions
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Discussion
At present, studies are being conducted to explore the 
imaging manifestations of pulmonary Cryptococcus 
infection in immunodeficient patients, immunocompro-
mised patients and immunonormal patients [7, 11]. For 
AIDS patients, consolidation and diffuse lesions were 
generally considered to be the most common imaging 
findings in earlier studies [9]. Recent studies have sug-
gested that nodules with or without cavitation are the 
primary manifestation [10]. In our study, we subdivided 
cryptococcus based on the presence of three charac-
teristics: solid nodules, cavitation and consolidation. 
The number of patients presenting with cavity lesions 
(40.78%, 285/699) and solid nodules (47.92%, 335/699) 
was higher than the number of patients presenting with 
consolidation (11.30%, 79/699). This may be because, 
after cryptococcal infection in the lung, macrophages 
phagocytose spores, resulting in the aggregation of tis-
sue cells, fibroblasts and lymphocytes, which induces 
delayed hypersensitivity reactions and the formation of 
granulomatous nodules. CT was performed and revealed 
the presence of solid nodules and masses. When there 
is a small amount of focal necrosis in the interior of the 
lesion and the necrotic material is cleared through the 
bronchus, various forms of cavity lesions appear. Patho-
logically, consolidation lesions are mainly composed of 
a mixture of mycelium and mucinous connective tissue. 
This pathological change is also the cause or partly the 
cause of other invasive fungal infections [12–15].

Patients with nonfungal infections or neoplastic lesions 
were also included in this study, including those with TB, 
NTM, lymphoma, Kaposi’s sarcoma and lung cancer. 
Tuberculosis is an important cause of high mortality in 
HIV-positive patients, and 45% are diagnosed through 
imaging. AIDS patients with TB are prone to both typi-
cal imaging manifestations (cavitation, nodules, and 
lung consolidation) and atypical manifestations such as 
reversed halo sign (RHS), emphysema or honeycomb 
changes of interstitial pneumonia [16, 17]. With regard 
to NTM infection, cavitary and bronchodilated forms 
are considered to be the dominant imaging manifesta-
tions in patients with good immune function, but diffuse 
lesions and solid nodules are significantly increased in 
HIV-infected patients [18]. To the best of our knowledge, 
patients with HIV infection are at a higher risk of devel-
oping malignancies associated with these factors, such 
as immunosuppression, viral coinfection and high-risk 
lifestyle choices [19]. A subset of HIV-related malignan-
cies are considered to be AIDS-defining, as their pres-
ence can be used to confirm the diagnosis of AIDS in an 
HIV-infected patient, including Kaposi sarcoma, non-
Hodgkin lymphoma, and invasive cervical carcinoma. In 
addition, non-AIDS-defining malignancies such as HL 

and lung cancer occur at a higher rate in AIDS patients 
than in non-HIV-infected patients [20, 21]. Although the 
CT findings of these nonfungal diseases have their own 
characteristics, there is some overlap in the morphology 
of nodules, cavitation and consolidation, making identi-
fication difficult.

In the present study, the data preprocessing component 
was used to stretch, standardize or normalize the origi-
nal feature vectors. A ‘standard scaler’ was selected as the 
preprocessing component, which projects all data onto a 
unit ball for normalization. To eliminate the many redun-
dant features found in the original data, feature selection 
components were utilized. ‘Select K percentile’– ‘recur-
sive feature elimination’—‘select from model’ were car-
ried out sequentially. Three calculation criteria were set 
up in the ‘select K percentile’ component, namely, chi2, 
f_classif and mutual_info_classif, and after screening, 
the number of features was reduced from 1671 to 267. 
Regarding ‘recursive feature elimination’, by removing the 
features with the lowest importance from each round of 
training, the classifier was trained repeatedly until the 
classification performance began to decline or reached 
the minimum number of features. After this step, the 
number of features decreased to 107. With regard to the 
established model, the ‘select from model’ component 
is used to calculate the importance score of the input 
features and to filter out the features below the thresh-
old. Finally, 8 features with the highest diagnostic value 
were obtained. In the processor component, SVM and 
LR were selected to build two different models to com-
pare the diagnostic performance. SVM is a dichotomous 
model that seeks decision surfaces by maximizing classi-
fication intervals in feature spaces. It is very efficient in 
high-dimensional space and is suitable for small-sample 
learning tasks. It uses a subset of the training set in the 
decision function, so it is also very efficient in the use of 
storage. For visualization, a ‘heatmap’ was used to display 
the difference in feature distribution in different catego-
ries so that the values of each one-dimensional feature of 
the sample can be reflected in the thermogram in color.

In the study, consistency tests of radiologist-1 and radi-
ologist-2 for border recognition, density, and morphology 
of lung lesions showed that the interclass correlation coef-
ficient value was 0.819–0.862, reflecting the reproduc-
ibility and applicability of image processing in the present 
research. After radiologist-1 and radiologist-2 made the 
final diagnosis of all lesions based on CT characteristics, 
the diagnostic performance was calculated and analyzed. 
The diagnostic efficacy of the LR model was higher than 
that of the SVM in the group of cavity lesions and nodu-
lar lesions. The diagnostic efficacy of both the SVM model 
and LR model for AIDS complicated by pulmonary cryp-
tococcus infection was similar to that of Senior radiologist 
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for pulmonary infectious diseases and higher than that of 
the primary radiologist. Finally, the data of radiologist-3 
were incorporated into the input level of the LR model for 
comprehensive calculation on the platform. The AUCs for 
all lesions, nodular lesions and cavity lesions were higher 
than those of both radiologists’ empirical diagnosis and 
the radiomic model only.

Despite the promising results, several limitations should 
be discussed. Firstly, this was a single-center retrospective 
study that included 203 cases with 699 lesions totally, even 
though we’ve included more patients than most studies of 
AIDS with pulmonary cryptococcosis, multi-institutional 
data was still needed to be incorporated into the model 
to evaluate the generalisation of the results. Secondly, 
the radiomics features in this study were derived from 
‘Darwin Platform’ from an AI technology incorporating 
PyRadiomics library to extract abundant radiomics fea-
tures, the discrepancy between this software and other 
open-source libraries, like Imaging Biomarker Explorer 
(IBEX), for radiomics feature extraction was still needed 
to be compared to ensure the reproducibility of study. 
Finally, the performance of the model was only compared 
and evaluated with three radiologists of different seniority 
to interpret the lesions of AIDS complicated with pulmo-
nary cryptococcosis using a limited dataset, which may 
not reflect actual radiologist ability.

Conclusions
The CT-based radiomic LR model of AIDS-associated 
pulmonary cryptococcosis exhibits good diagnostic per-
formance, which was similar to that of senior radiologists 
and higher than that of the primary radiologist. With 
the help of a radiomic model, radiologists can achieve 
improved diagnostic accuracy compared to that when 
only an empirical diagnosis is used.

Abbreviations
AIDS: Acquired immune deficiency syndrome; ROC: Receiver operator charac‑
teristic curve; SVM: Support vector machine; LR: Logistic regression; AUC : Area 
under the curve; IPFI: Invasive pulmonary fungal infections; HIV: Human immu‑
nodeficiency virus; ROI: Region of interest; CD4: Cluster of differentiation 4; 
CD8: Cluster of differentiation 8; NTM: Non‑tuberculous mycobacteria; DICOM: 
Digital imaging and communications in medicine; GLDM: Gray‑level depend‑
ence matrix; GLSZM: Gray‑level size zone matrix; GLCM: Gray‑level cooccur‑
rence matrices; GLRLM: Gray‑level run‑length matrices; NGTDM: Neighboring 
gray‑tone difference matrix; CI: Confidence interval; IQR: Interquartile range; 
ICC: Intraclass correlation coefficient; TB: Tuberculous mycobacteria; AIC: 
Akaike information criterion.

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s12880‑ 022‑ 00910‑6.

Additional file 1: Extract parameter details and the results of each step of 
feature extraction.

Acknowledgements
We gratefully acknowledge the support of Yizhun Medical AI technology 
limited company with the provision of DARWIN software and some technical 
support. I would like to extend my sincere gratitude to American Journal 
Experts (AJE) for the English language modification.

Author contributions
Designed: ZXZ, BDC; Data curation: XYM; Formal analysis: XYM, CSG; Meth‑
odology: ZXZ, JY; Software: JY; Writing‑original draft: ZXZ; Writing‑review & 
editing: RMX, BDC. All authors read and approved the final manuscript.

Funding
This work was supported by ‘Yv Miao’ Research Fund from Beijing Ditan Hospi‑
tal, Capital Medical University (DTYM‑202120).

Availability of data and materials
The datasets generated or analyzed during the current study are available 
from the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate
Our study complied with the Declaration of Helsinki. The study was approved 
by ethical committee of Beijing Ditan Hospital, Capital Medical University, 
written informed consent from the patients for use of data was waived by 
ethical committee of Beijing Ditan Hospital, Capital Medical University due to 
retrospective nature of the study.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1 Department of Radiology, Beijing Ditan Hospital, Capital Medical University, 
Beijing, China. 2 Capital Medical University Electric Teaching Hospital, Beijing, 
China. 3 Beijing Yizhun Medical AI Technology Limited Company, Beijing, China. 

Received: 28 June 2022   Accepted: 29 September 2022

References
 1. Campuzano A, Wormley FL. Wormley, innate immunity against Cryptococ-

cus, from recognition to elimination. J Fungi (Basel). 2018;4:33.
 2. Ching T, Himmelstein DS, Beaulieu‑Jones BK, et al. Opportunities and 

obstacles for deep learning in biology and medicine. J R Soc Interface. 
2018;15:20170387.

 3. Alzubaidi L, Zhang J, Humaidi AJ, et al. Review of deep learning: con‑
cepts, CNN architectures, challenges, applications, future directions. J Big 
Data. 2021;8:53.

 4. Huang ZS, Xiao X, Li XD, et al. Machine learning‑based multiparametric 
magnetic resonance imaging radiomic model for discrimination of 
pathological subtypes of craniopharyngioma. J Magn Reson Imaging. 
2021;54:1541–50.

 5. Cai J, Liu H, Yuan H, et al. A radiomics study to predict invasive pulmonary 
adenocarcinoma appearing as pure ground‑glass nodules. Clin Radiol. 
2021;76:143–51.

 6. Kim D, Elgeti T, Penzkofer T, et al. Enhancing the differentiation of pulmo‑
nary lymphoma and fungal pneumonia in hematological patients using 
texture analysis in 3‑T MRI. Eur Radiol. 2021;31:695–705.

 7. Xie LX, Chen YS, Liu SY, et al. Pulmonary cryptococcosis: comparison of 
CT findings in immunocompetent and immunocompromised patients. 
Acta Radiol. 2015;56:447–53.

 8. Hu Z, Chen J, Wang J, et al. Radiological characteristics of pulmonary 
cryptococcosis in HIV‑infected patients. PLoS ONE. 2017;12: e0173858.

 9. Zinck SE, Leung AN, Frost M, et al. Pulmonary cryptococcosis: CT and 
pathologic findings. J Comput Assist Tomogr. 2002;26:330–4.

https://doi.org/10.1186/s12880-022-00910-6
https://doi.org/10.1186/s12880-022-00910-6


Page 11 of 11Zhang et al. BMC Medical Imaging          (2022) 22:185  

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 10. Hu Z, Xu C, Wei H, et al. Solitary cavitary pulmonary nodule may be a 
common CT finding in AIDS‑associated pulmonary cryptococcosis. 
Scand J Infect Dis. 2013;45:378–89.

 11. Huang L, Crothers K. HIV‑associated opportunistic pneumonias. Respirol‑
ogy. 2009;14:474–85.

 12. Schmiedel Y, Zimmerli S. Common invasive fungal diseases: an overview 
of invasive candidiasis, aspergillosis, cryptococcosis, and pneumocystis 
pneumonia. Swiss Med Wkly. 2016;146: w14281.

 13. Ahuja J, Kanne JP. Thoracic infections in immunocompromised patients. 
Radiol Clin North Am. 2014;52:121–36.

 14. Althoff Souza C, Muller NL, Marchiori E, et al. Pulmonary invasive 
aspergillosis and candidiasis in immunocompromised patients: a 
comparative study of the high‑resolution CT findings. J Thorac Imaging. 
2006;21:184–9.

 15. Shi X, Yan Q, Zhan Y, et al. Effect of combination antiretroviral therapy 
on the clinical manifestations, radiological characteristics, and disease 
severity of HIV‑associated Talaromyces marneffei infection. Int J STD AIDS. 
2020;31:747–52.

 16. Zeng Y, Zhai XL, Wang YXJ, et al. Illustration of a number of atypical 
computed tomography manifestations of active pulmonary tuberculosis. 
Quant Imaging Med Surg. 2021;11:1651–67.

 17. Mathur M, Badhan RK, Kumari S, et al. Radiological manifestations of 
pulmonary tuberculosis‑a comparative study between immunocompro‑
mised and immunocompetent patients. J Clin Diagn Res. 2017;11:06–9.

 18. Martinez S, McAdams HP, Batchu CS. The many faces of pulmonary 
nontuberculous mycobacterial infection. AJR Am J Roentgenol. 
2007;189:177–86.

 19. Javadi S, Menias CO, Karbasian N, et al. HIV‑related malignancies 
and mimics: imaging findings and management. Radiographics. 
2018;38:2051–68.

 20. Sigel K, Makinson A, Thaler J. Lung cancer in persons with HIV. Curr Opin 
HIV AIDS. 2017;12:31–8.

 21. Shiels MS, Engels EA. Engels, evolving epidemiology of HIV‑associated 
malignancies. Curr Opin HIV AIDS. 2017;12:6–11.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.


	Establishment and evaluation of a CT-based radiomic model for AIDS-associated pulmonary cryptococcosis
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Patients
	CT image acquisition and data processing
	Lesion segmentation and radiomic feature extraction
	Radiomic feature selection and radiomic model establishment
	Performance evaluation and statistical analysis

	Results
	Basic clinical characteristics and radiological features
	CT-based radiomic models and performance evaluation

	Discussion
	Conclusions
	Acknowledgements
	References


