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Computed tomography-based o

radiomics improves non-invasive diagnosis
of Pneumocystis jirovecii pneumonia in non-HIV
patients: a retrospective study
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Abstract

Background Pneumocystis jirovecii pneumonia (PCP) could be fatal to patients without human immunodeficiency
virus (HIV) infection. Current diagnostic methods are either invasive or inaccurate. We aimed to establish an accurate
and non-invasive radiomics-based way to identify the risk of PCP infection in non-HIV patients with computed tomog-
raphy (CT) manifestation of pneumonia.

Methods This is a retrospective study including non-HIV patients hospitalized for suspected PCP from January 2010
to December 2022 in one hospital. The patients were randomized in a 7:3 ratio into training and validation cohorts.
Computed tomography (CT)-based radiomics features were extracted automatically and used to construct a radiom-
ics model. A diagnostic model with traditional clinical and CT features was also built. The area under the curve (AUQ)
were calculated and used to evaluate the diagnostic performance of the models. The combination of the radiomics
features and serum B-D-glucan levels was also evaluated for PCP diagnosis.

Results A total of 140 patients (PCP: N=61, non-PCP: N=79) were randomized into training (N=97) and validation
(N=43) cohorts. The radiomics model consisting of nine radiomic features performed significantly better (AUC=0.954;
95% Cl: 0.898-1.000) than the traditional model consisting of serum B-D-glucan levels (AUC=0.752; 95% Cl: 0.597-
0.908) in identifying PCP (P=0.002). The combination of radiomics features and serum 3-D-glucan levels showed

an accuracy of 95.8% for identifying PCP infection (positive predictive value: 95.7%, negative predictive value: 95.8%).

Conclusions Radiomics showed good diagnostic performance in differentiating PCP from other types of pneumonia
in non-HIV patients. A combined diagnostic method including radiomics and serum (3-D-glucan has the potential

to provide an accurate and non-invasive way to identify the risk of PCP infection in non-HIV patients with CT manifes-
tation of pneumonia.

Trial registration ClinicalTrials.gov (NCT05701631).
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Background

Prneumocystis jirovecii pneumonia (PCP) is an oppor-
tunistic lung infection caused by P Jirovecii that
usually affects immunocompromised patients with
or without human immunodeficiency virus (HIV)
infection [1, 2]. In recent years, the incidence of
PCP has been increasing in non-HIV, with a signifi-
cantly higher mortality rate (17.2-52.9%) than in HIV
patients (mortality rate: 6.7%) [3, 4]. PCP is initially
suspected on the basis of symptoms (fever, cough,
dyspnea), computed tomography (CT) findings (e.g.,
ground glass opacities) and high risk factors (an
underlying immunodeficiency) [5, 6]. The diagnosis
is confirmed by identification of cysts or trophozo-
ites from bronchoalveolar lavage (BAL) or biopsy by
direct immunofluorescence (IF) or conventional stain-
ing [7]. Real-time quantitative polymerase chain reac-
tion (qPCR) testing on specimens is another method
recommended by guidelines but should be used in
combination with IF staining to improve its specificity
[8]. Unfortunately, diagnosis is challenging, as bron-
choscopy or biopsy can lead to complications such as
fever, worsening hypoxemia or the need for tracheal
intubation and mechanical ventilation [9, 10]. Mean-
while, these diagnostic methods are time-consuming
and cannot provide early indication of PCP infec-
tion risk. Non-invasive methods, such as qPCR and/
or IF staining on induced sputum, oral washings,
nasopharyngeal aspirate are not recommended due
to unsatisfactory diagnostic accuracy [8, 11]. Serum
B-D-glucan detection is also considered as a supple-
mentary means as it requires a high pretest probabil-
ity [8, 11, 12]. Therefore, there is an urgent need to
explore new technologies that can detect the risk of
PCP infection early, accurately, and non-invasively to
guide clinical interventions.

Radiomics is a new method of image processing that
has emerged in the last decade. By transforming images
into massive amounts of data, extensive features invis-
ible to the naked eye can be extracted and analysed for
diagnosis, severity assessment and prognosis of dis-
eases [13, 14]. In recent years, the application of radi-
omics has gradually expanded from oncology research
to others [15, 16]. In particular, radiomics models
based on computed tomography (CT) have demon-
strated great performance in the diagnosis and prog-
nosis of COVID-19 pneumonia [17, 18]. However,
there are few studies focusing on the radiomic features
of PCP, especially in non-HIV patients [19]. In the pre-
sent study, we aim to investigate the radiomics features
of PCP and develop a radiomics-based model to pro-
vide an early indication of the risk of PCP infection in
non-HIV patients.
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Methods

Study population

This study was approved by the Ethics Committee of
Chinese PLA General Hospital (NO. S2023-006-01) and
was conducted in accordance with the Declaration of
Helsinki (as revised in 2013). The study was registered in
ClinialTrials.gov (27/01/2023, NCT05701631). Individ-
ual informed consent for this retrospective analysis was
waived by the Ethics Committee of Chinese PLA General
Hospital. From January 2010 to December 2022, patients
admitted to our institute with clinical suspected PCP
were screened for inclusion. The inclusion criteria were
as follows: (I) aged over eighteen years; (II) presence of
underlying immunodeficiency reported to be associated
with PCP, including autoimmune diseases, hematological
malignancies, solid cancers, transplantation, corticoster-
oid use, immunosuppressants use and chemotherapeutic
agents use [5, 20]; (III) symptoms of lower respiratory
tract infection, such as fever, cough or dyspnea; (IV)
signs of lung infection on high resolution CT at the on-
set of the disease, including ground glass opacity, con-
solidation, honeycombing, interlobular septal thickening
and pleural effusion [14]; (V) received BAL examination
within three days after CT scans; (VI) underwent qPCR
and IF staining tests on the BAL fluid sample. Patients
with HIV infection, those taking trimethoprim-sul-
famethoxazole for prophylaxis, or those undiagnosed by
qPCR and IF staining tests were excluded. In total, 322
patients were evaluated, and 140 patients were included
in this study who were then randomized at a 7:3 radio
into training (N=97) and a validation set (N=43) (Fig. 1).

Clinico-demographic data collection

The clinical, laboratory and CT image data were ret-
rospectively gathered through our institute’s medical
record system. The collected clinical features included
age, sex, smoking history, underlying diseases, medica-
tion use including corticosteroid, immunosuppressant or
chemotherapeutic agents use, clinical symptoms includ-
ing fever, cough, dyspnea; laboratory findings including
PaO,/FiO, ratio measured on arterial blood, white blood
cell, serum c-reaction protein, serum lactate dehydroge-
nase (LDH), and serum p-D-glucan.

CT scanning protocols

Chest CT scans were carried out in a CT scanner
(SOMATOM Definition AS+, Siemens Healthcare, Forch-
heim, Germany). Scanning parameters were as follows:
tube voltage of 120 kV, automatic exposure control, tube
rotational speed of 0.5 s/rot, collimation of 0.6x64 mm,
pitch of 0.984, matrix size of 512512 mm, reconstructed
slice thickness of 1-1.25 mm and reconstructed kernel of
B70f. All the images used for analysis were unenhanced.
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Patients hospitalized with suspected PCP (n=322)

Y

182 patients excluded

31 - Age <18 years

14 - No CT scans

56 - CT scans overdue

71 - No gPCR and IF staining tests
6 - gPCR and IF staining tests undiagnosed
1 - HIV infection
3 - In TMP/SMZ prophylaxis

4

PCP =61, non-PCP =79

140 Patients met in inclusion criteria

7:3 randomization

Y

Training set (n=97)
PCP =42, non-PCP =55

Validation set (n=43)
PCP =19, non-PCP = 24

Fig. 1 Flow chart of the study. PCP, Pneumocystis jirovecii pneumonia; CT, computed tomography; gPCR, quantitative polymerase chain reaction; IF,
immunofluorescent; HIV, human immunodeficiency virus; TMP/SMZ, trimethoprim-sulfamethoxazole

Segmentation and radiomic features extraction

Image segmentation was performed by -a Food and Drug
Administration (FDA) approved imaging software of
FACT medical imaging system (Version 1.5, Dexin Medi-
cal Imaging Technology Company). Firstly, the pneumo-
nia regions of the CT data were identified and segmented
automatically by using a previously reported deep learn-
ing algorithm [21, 22]. The average density of the lung
parenchyma was used to compute a threshold (the low-
est density) to detect CT abnormalities including ground
glass opacity, consolidation, honeycombing and interlob-
ular septal thickening. The detected abnormalities of the
whole lung were masked as the region of interest (ROI) in
the automatic processing mode of “Pneumonia” (Fig. 2).
Then, an independent senior respiratory physician (WZ
with fifteen years of experience in lung CT imaging)
reviewed the segmentation results in a fixed lung win-
dow (level: -500HU; width: 1500HU) and made modifi-
cations if necessary. An expert in chest radiology (WY)
confirmed the results. Then, the region of interest was
resampled at 1 mm X 1 mm X 1 mm and 1316 radiomic
features were extracted using the “Radiomics” module
and normalized through Z-Score method. The features

included: (I) shape; (II) first order features, (III) texture
features, (IV) features extracted from filtered images,
i.e., wavelet and Laplacian of Gaussian (LoG) features. In
total, 37 ROIs of 12 patients (9%) were manually modi-
fied, including 13 unidentified and 24 inaccurate pneu-
monia regions. The modification time for one patient
was approximately 30 to 65 min. For patients whose ROIs
need no manual modification, each CT DICOM file was
processed in 6—10 min.

Radiomics model construction

First, Student’s t-test and Mann-Whitney U-test were
used to identify the significant features in the train-
ing cohort. The Least Absolute Shrinkage and Selection
Operator (LASSO) were then used and features with
non-zero coefficients were identified at the optimal regu-
larization parameter (\) by tenfold cross-validation. After
that, a radiomics model were constructed using logis-
tic regression. The area under the curve (AUC) of the
receiver operating characteristic (ROC) curves were cal-
culated and used to evaluate the diagnostic performance
of the model. In addition, the radiomic score (Radscore)
was calculated, and calibration curves and a waterfall
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Fig. 2 The segmentation of infected areas (i.e, the region of interest, ROI) on the FACT Medical Imaging System. A 59-year-old female

with anti-synthetase syndrome and a long history of corticosteroid use was admitted to hospital with fever and cough for 7 days. A Sagittal HRCT
images showed ground-glass opacity and thickening interlobular septal predominantly in both lower lungs. B Three-dimensional (3D) volume
rendering image of the lobes (purple: right upper lobe; yellow: right middle lobe; blue: right lower lobe, brown: left upper lobe; green: left lower
lobe). C and D Sagittal CT and 3D images of automatically identified infected areas. Different colors indicated that the infection was in different
lobes (blue: right upper lobe; red: right middle lobe; green: right lower lobe; cyan: left upper lobe; yellow: left lower lobe). The ROIs are integrated

as one and radiomic features were extracted from it

plot of the Radscore were plotted to show the diagnostic
accuracy of the model.

Traditional risk factors model construction

The CT images were viewed and evaluated at a fixed
lung window (level: -500 HU; width: 1500 HU) by two
independent respiratory physicians (QZ, ZL) with eight
and twenty years of experience in lung CT image read-
ing. An expert chest radiologist (WY) confirmed the
results. The CT abnormalities included ground-glass
opacity, interlobular septal thickening, cyst, consolida-
tion, honeycombing, mediastinal lymphadenopathy, and
pleural effusion. All CT signs are identified according to
the definitions in the glossary of terms published by the
Fleischner Society in 2008 [23]. Semantic CT features
and clinical characteristics significantly associated with
the diagnosis of PCP were screened by univariate analy-
sis and used for multivariate logistic regression analysis.
The independent factors identified by multivariate logis-
tic regression were then used to construct a traditional
model. The AUC was calculated in both training and vali-
dation cohorts and compared with the radiomics model
by the Delong test.

Clinical utility of the models

The clinical utility of the radiomics model and the tra-
ditional model were assessed with decision curve analy-
sis by calculating the net benefit at different threshold
probabilities.

Diagnostic performance comparison with serum
B-D-glucan and LDH

Previous-reported risk factors for PCP infection, includ-
ing serum p-D-glucan>200 pg/mL or LDH>300 IU/
mL as PCP positive, and B-D-glucan<80 pg/mL as PCP
negative, were also evaluated for diagnostic performance
among all patients [1, 12, 24, 25]. Accuracy, sensitivity,
specificity, positive predictive value (PPV) and negative
predictive value (NPV) were calculated and compared
with the radiomics model.

Standard of reference

Real-time qPCR and IF staining tests were performed
on BAL fluid samples to detect P. Jirovecii. QPCR >0
pathogens/mL was considered as qPCR (+). IF stain-
ing was considered positive when P. Jirovecii cysts or
trophozoites were found. PCP diagnosis was made
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based on the results of qPCR and IF staining tests
according to the criteria developed by the European
Conference on Infection in Leukaemia (ECIL) guide-
lines 2016 [8].

Statistical analysis

The R software (version 4.2.2, The Free Software Foun-
dation, USA) and the SPSS for Windows, version 26.0
(IBM Corp., Armonk, N.Y., USA) were used for rand-
omization, model construction and statistical analy-
sis. The “glmnet’, “e1071”, and “adabag” packages were
used for model construction by LASSO regression,
support vector machine and adaboost. The “pROC’,
“ggplot2”and “rmda” packages were used to plot ROC
and decision curves. The “rms’, “Hmisc”, “Survival’,
“Lattice”, “Formula” and “waterfalls” package were used
to draw calibration curve and waterfall plots. Depend-
ing on the type and distribution of the data, Student’s
t-test, Mann-Whitney U-test or Pearson’s x2 test were
applied to test for the significance of between-group
differences in clinical characteristics and semantic CT
features. The Delong test was used to compare the dif-
ferences between AUCs of ROC curves of different
models. P-values less than 0.05 were considered statis-
tically significant.

Results

Patient characteristics

A total of 140 patients were included in this study (Fig. 1;
Table 1). Sixty-one patients were diagnosed with PCP (as
the PCP group) and 79 with other types of pneumonia
(as the non-PCP group). The other types of pneumonia
included: bacterial pneumonia (#=43), viral pneumonia
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All patients were randomized into a training cohort
(N=97) and a validation cohort (N=43) (Table 2). In
the training cohort, significant differences were found
between the PCP and non-PCP group in terms of
medication use, laboratory findings (c-reaction pro-
tein, LDH, B-D-glucan) and CT features (ground glass
opacity). Multivariate logistic regression revealed that
the serum B-D-glucan was the only independent fac-
tor associated with the diagnosis of PCP (Odds ratio:
1.010; 95% CI: 1.006-1.015; P<0.001). The AUCs
of the serum [-D-glucan (as a traditional model)
were 0.859 (95% CI: 0.774—0.944) and 0.752 (95% CI:
0.597-0.908) in the training and validation cohorts,
respectively.

Performance of the radiomics model

Univariate analysis showed that 648 of the 1316 radi-
omics features differed significantly between the PCP
and non-PCP groups of the training cohort. LASSO
regression was then performed, and the model had the
lowest error when A=0.069 and log A = -1.161 (Figure
S1 in Additional file 1), and nine non-zero features were
identified to construct the radiomics model (Table S1 in
Additional file 1). The radiomics model constructed
by the logistic regression was found to perform best in
both the training (AUC=0.950, 95% CI: 0.908-0.992)
and validation cohorts (AUC=0.954, 95% CI: 0.898-
1.000) (Figure S2 in Additional file 1). The Radscore
of the PCP group were significantly higher than those
of the non-PCP group in both the training (2.5+2.4
vs. -3.1+£2.7, P<0.001) and validation (2.0+2.8 vs.
-4.3+3.0, P<0.001) cohorts. The Radscore was calcu-
lated as follows:

Radscore = 74.172—60.024 x X1 —10.643 x X2+6.850x X3+1.613 X X4+1.378 x X5 —2.394 x X —10.677 x X7 —2.241 x Xg+1.276 x X9

(n=14), fungal pneumonia (n=5), radiation pneumo-
nia (n=2), and interstitial pneumonia associated with
connective tissue disease (#=15). In the PCP group, the
proportion of ex-smokers was higher (36.1%, P=0.038),
and more patients used corticosteroids (73.8%, P<0.001)
or immunosuppressants (54.1%, P<0.001. Meanwhile,
the PCP patients had significant lower PaO,/FiO,
ratio (P=0.004) but higher serum C-reaction protein
(P=0.004), LDH (P<0.001) and B-D-glucan (P<0.001).
For semantic CT features, there are more ground glass
opacity (100%, P=0.002) and cyst (31.1%, P=0.041) in
the PCP group. In the non-PCP group, more patients
used chemotherapeutic agents (46.8%, P=0.004), and the
proportion of patients with a CT sign of pleural effusion
was higher (27.8%, P=0.038).

The radiomics model showed a more efficient diagno-
sis performance than the traditional model with a higher
AUC in the training (0.950 vs. 0.859, P=0.049) and vali-
dation cohorts (0.954 vs. 0.752, P=0.011) (Fig. 3). The
calibration curves showed good consistency between
predictions and observations (corrected C-index: 0.948)
(Fig. 4). The waterfall plot of the Radscore also showed
that radiomics model could distinguish most PCP patients
from non-PCP ones (Figure S3 in Additional file 1).

Clinical utility of the radiomics model

The decision curve analysis indicated that the use of
radiomics model added more net benefit than tradi-
tional model in differentiating PCP from non-PCP over a
threshold probability range of 0-95% (Fig. 5).
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Table 1 Comparison of clinical characteristics and semantic CT features in Pneumocystis jirovecii pneumonia (PCP) and other types of

pneumonia (non-PCP) group

Characteristics Total PCP group non-PCP group Pvalue
(N=140) (N=61) (N=79)

Age, years, median (IQR) 51(32,58) 53(38,58) 47 (30, 58) 0.119
Sex, female, n (%) 59 (42.1%) 22 (36.1%) 37 (46.8%) 0.202
Ever-smokers, n (%) 38 (27.1%) 22 (36.1%) 16 (20.3%) 0.038*
Underlying diseases, n (%)

Autoimmune diseases 51 (36.4%) 20 (32.8%) 31 (39.2%) NA

Hematological malignancies 46 (32.9%) 10 (16.4%) 36 (45.6%) NA

Solid cancers 4 (2.9%) 3 (4.9%) 1(1.3%) NA

Transplantation 15 (10.7%) 1(18.0%) 4 (5.1%) NA

Renal diseases 4(10.0%) 2 (19.7%) 2 (2.5%) NA

Else 0(7.1%) 5 (8.2%) 5(6.3%) NA
Corticosteroid use, n (%) 71 (50.7%) 45 (73.8%) 26 (32.9%) <0.007%**
Immunosuppressants use, n (%) ( .1%) 33 (54.1%) 19 (24.1%) <0.007***
Chemotherapeutic agents use, n (%) 1 (36.4%) 4 (23.0%) 37 (46.8%) 0.004**
Initial symptoms, n (%)

Fever 87 (62.1%) 43 (70.5%) 44 (55.7%) 0.075

Cough 63 (45.0%) 28 (45.9%) 35 (44.3%) 0.851

Dyspnea 69 (49.3%) 39 (63.9%) 30 (38.0%) 0.002**
Initial laboratory findings, median (IQR)

PaO,/FiO, ratio 279 (259, 298) 249 (219,279) 305 (281, 330) 0.004**

WBC, 1019/L 6.74 (4.75,9.44) 7.04 (5.06, 8.98) 6.47 (4.22,10.38) 0.530

CRP, mg/L 1.52(0.29,5.67) 2.28(0.77,7.02) 1.21(0.17,3.08) 0.004**

serum LDH, IU/L 313 (226,429) 367 (269, 527) 262 (181, 354) <0.001***

serum (-D-glucan, pg/mL 50.1(13.3,290.3) 2734(102.6,512.3) 20.6(10.0,50.2) <0.007%**
Semantic CT features, n (%)

Ground glass opacity 129 (92.1%) 61 (100.0%) 68 (86.1%) 0.002%*

Interlobular septal thickening 58 (41 49%) 28 (45.9%) 30 (38.0%) 0347

Cyst 2 (22.9%) 19 (31.1%) 13 (16.5%) 0.041*

Consolidation 67 (47.9%) 25 (41.0%) 42 (53.2%) 0.154

Honeycombing 16 (11.4%) (14.8%) 7 (8.9%) 0.279

Lymphadenopathy 28 (20.0%) 1(18.0%) 17 (21.5%) 0610

Pleural effusion 30 (21.4%) 8 (13.W%) 22 (27.8%) 0.036*

Abbreviations: IQR Interquartile range, PaO, Partial pressure of oxygen, FiO, Fraction of Inspired oxygen, WBC White blood cell, CRP C-reaction protein, LDH Lactate

dehydrogenase
*P<0.05; **P<0.01; ***P<0.001

Performance comparison with serum B-D-glucan and LDH
In all patients, the diagnostic performance of the radiom-
ics model and serum B-D-glucan/LDH previously used
for diagnosis were calculated (Table 3), the radiomics
model had the highest diagnostic accuracy (90.0%).

Combining strategy for PCP diagnosis

Table 4. showed the diagnostic performance of the radi-
omics model in patients with different serum B-D-glucan
levels. In patients with serum B-D-glucan>200 pg/mL, the
PPV of the radiomics model was 91.9% and in patients with
serum [B-D-glucan <80 pg/mL, the NPV was 96.6%. In addi-
tion, among patients with serum p-D-glucan of 80-200 pg/

mL, the PPV and NPV of the radiomics model were 100.0%
and 90.9%, respectively. Therefore, we developed a new
diagnostic strategy for PCP by combining radiomics model
and serum B-D-glucan levels (Fig. 6). In our study, 118 of
140 patients (84.3%) could be diagnosed by this method,
with a diagnostic accuracy of 95.8% for PCP (sensitivity:
93.8%, specialty: 97.1%, PPV: 95.7%, NPV: 95.8%).

Discussion

In this study, we constructed a CT-based radiomics
model to identify the risk of PCP infection in non-HIV
patients with CT manifestations of pneumonia. The
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Table 2 Comparison of clinical characteristics and semantic CT features in patients in the training and validation set
Characteristics Training set (n=97) P value Validation set (n=43) P value
PCP non-PCP PCP non-PCP
(N=42) (N=55) (N=19) (N=24)
Age, years, median (IQR) 53 (45,59) 48 (32,57) 0.092 51(30,58) 43 (24, 59) 0.741
Sex, female, n (%) 7 (40.5%) 23 (41.8%) 0.895 5(26.3%) 14 (58.3%) 0.038*
Ever-smokers, n (%) 16 (38.1%) 13 (23.6%) 0.125 6 (31.6%) 3(12.5%) 0.131
Underlying diseases, n (%)
Autoimmune diseases 15 (35.7%) 22 (40.0%) NA 5(26.3%) 9 (37.5%) NA
Hematological malignancies 6 (14.3%) 26 (47.3%) NA 4(21.1%) 10 (41.7%) NA
Solid cancers 2 (4.8%) 1(1.8%) NA 1(5.3%) 0 (0%) NA
Transplantation 5(11.9%) 3 (5.5%) NA 6 (31.6%) 1 (4.2%) NA
Renal diseases 9 (21.4%) 1(1.8%) NA 3(15.8%) 1 (4.2%) NA
Else 5(11.9%) 2 (3.6%) NA 0 (0%) 3(12.5%) NA
Corticosteroid use, n (%) 33 (78.6%) 17 (30.9%) <0.001*** 12 (63.2%) 9 (37.5%) 0.099
Immunosuppressants use, n (%) 25 (59.5%) 14 (25.5%) <0.001***  8(42.1%) 5(20.8%) 0.136
Chemotherapeutic agents use, n (%) 8 (19.0%) 27 (49.1%) 0.002%* 6 (31.6%) 10 (41.7%) 0.502
Initial symptoms, n (%)
Fever 30 (71.4%) 32 (58.2%) 0.181 13 (68.4%) 12 (50.0%) 0.229
Cough 19 (45.2%) 23 (41.8%) 0.738 9 (47 .4%) 12 (50.0%) 0.865
Dyspnea 27 (64.3%) 21 (38.2%) 0.011* 12 (63.2%) 9 (37.5%) 0.099
Initial laboratory findings, median (IQR)
PaO,/FiO, ratio 258 (219, 297) 305 (275, 335) 0.052 227(183,271) 305 (260, 351) 0.014*
WBC, 1019/L 7.08 (5.36,9.43) 6.62 (3.94,10.51) 0.583 641 (4.76,8.75) 5.19 (4.35,9.74) 0.604
CRP, mg/L 2.16(0.53,7.65) 1.19(0.20, 5.30) 0.033* 2.64(0.78,6.10) 1.33(0.15,2.64) 0117
serum LDH, IU/L 373 (302, 557) 257 (181, 357) <0.001*** 354 (255, 468) 285 (188, 345) 0.060
serum (3-D-glucan, pg/mL 284.7 (122.2,523.3) 194 (10.0,40.7) <0.001*** 2004 (100.7,469.7)  46.6(11.4,131.0) 0.005**
Semantic CT features, n (%)
Ground glass opacity 2 (100.0%) 47 (85.5%) 0.010* 19 (100.0%) 21 (87.5%) 0.114
Interlobular septal thickening 2 (52.4%) 21 (38.2%) 0.165 6 (31.6%) 9 (37.5%) 0.689
Cyst 2 (28.6%) 0(18.2%) 0.228 7 (36.8%) 3(12.5%) 0.064
Consolidation 6 (38.1%) 26 (47.3%) 0.369 9 (47.4%) 16 (66.7%) 0.208
Honeycombing 5(11.9%) (7.3%) 0438 4(21.1%) 3(12.5%) 0456
Lymphadenopathy 10 (23.8%) 10 (18.2%) 0.499 1 (5.3%) 7(29.2%) 0.048*
Pleural effusion 7 (16.7%) 15 (27.3%) 0219 1(5.3%) 7(29.2%) 0.048*

Abbreviations: IQR Interquartile range, PaO, Partial pressure of oxygen, FiO, Fraction of Inspired oxygen, WBC White blood cell, CRP C-reaction protein, LDH Lactate

dehydrogenase
*P<0.05; **P<0.01; ***P<0.001

established radiomics model demonstrated better diag-
nostic efficiency than traditional risk factors in clini-
cal characteristics and CT findings. We also developed
a diagnostic strategy based on the radiomics model and
serum [B-D-glucan levels, which may identify the risk
of PCP infection in non-HIV patients accurately and
non-invasively.

The CT manifestations of PCP are commonly con-
sidered to be non-specific [5, 14]. Nevertheless, some
investigators believed that CT features might be of some
value in diagnostic decision-making. A nested case-con-
trol study involving 72 PCP patients and 288 non-PCP

patients showed that ‘increased interstitial markings’
and ‘ground glass opacity’ were independently associated
with the diagnosis of PCP, whereas ‘pleural effusion’ and
‘nodular findings’ were independently negatively asso-
ciated [14]. They developed a nomogram to predict the
post-CT probability of PCP and to assist clinical practice
(i.e., non-invasive testing in low risk patients and more
invasive testing in high risk patients). In our study, the
PCP group had more ground glass opacity, more cysts
and fewer pleural effusion, but none of these were inde-
pendent risk factors for diagnosis by multivariate logistic
regression analysis.
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Fig. 3 The receiver operating characteristic (ROC) curves of the radiomics model and traditional clinical-imaging model in (A) training and (B)
validation cohorts. The radiomics model exhibited better performance than the traditional clinical-imaging model in both training (P=0.049)
and validation cohort (P=0.011). The 95% confidence interval of AUC was shown as the data in the parentheses
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In this study, serum B-D-glucan was the only independ-
ent traditional risk factor for the diagnosis of PCP. Morjaria
et al. suggested that 3-D-glucan >200 pg/mL had 100% sen-
sitivity and 100% PPV for PCP diagnosis in cancer patients
[24]. A meta-analysis by Del Corpo et al. showed a pooled
sensitivity of 86% for p-D-glucan in the non-HIV patients,
and an NPV of 95% for f-D-glucan at <80 pg/mL even at
a prevalence rate of 50% [12]. The diagnostic accuracy of

B-D-glucan seemed to be not enough for diagnosis. In our
study, the serum B-D-glucan also exhibited unsatisfied sta-
bility and moderate performance in the validation cohort
(AUC=0.752). Therefore, clinical characteristics and CT
semantic features may be not enough for PCP diagnosis
due to insufficient diagnostic efficacy.

Radiomic analysis has been wildly used in cancer
research [15, 26—-28] and in the diagnosis of COVID-19
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Fig. 5 Decision curve analysis of the radiomic model and the traditional clinical-imaging model. The curve showed that using the radiomics
model added more net benefit than the traditional model in differentiating Pneumocystis jirovecii pneumonia from other types of pneumonia

over a threshold probability range of 0-95%

Table 3 Diagnostic performance of the radiomics model compared with -D-glucan and LDH for the diagnosis of Pneumocystis jirovecii

pneumonia

Variables Accuracy Sensitivity Specificity Positive predictive value Negative predictive value
Radiomics model 90.0% 90.2% 89.9% 87.3% 92.2%

B-D-glucan> 200 pg/ml 77.9% 60.7% 91.1% 84.1% 75.0%

B-D-glucan <80 pg/ml 79.3% 80.3% 78.5% 74.2% 83.8%

LDH>300 IU/ml 65.7% 72.1% 60.8% 58.7% 73.8%

Abbreviation: LDH Lactate dehydrogenase

Table 4 Diagnostic performance of the radiomics model in different serum -D-glucan levels for the diagnosis of Pneumocystis jirovecii

pneumonia
Variables Accuracy Sensitivity Specificity Positive predictive value Negative predictive value
Radiomics model

In 3-D-glucan > 200 pg/ml 78.6% 55.7% 96.2% 91.9% 73.8%

In B-D-glucan <80 pg/ml 82.9% 96.7% 72.2% 72.8% 96.6%

In 3-D-glucan of 80-200 pg/ml 95.5% 91.7% 100.0% 100.0% 90.9%

Abbreviation: BDG B-D-glucan

pneumonia [29-31]. For the diagnosis of PCP, we identi-
fied only one study conducted by Kloth et al. that was rel-
evant to the radiomic features of PCP [19]. They explored
CT-textures of one or two local regions with typical dis-
ease manifestations in 21 patients with PCP (including
non-HIV patients). Eleven first- and second-order tex-
ture features were analyzed but no specific features were
found for diagnostic purposes. Differently, the radiomics
model constructed in our study performed well. There

are three possible reasons for the difference in results
between Kloth’s study and ours. First, the different sam-
ple sizes of the studies (21 versus 140) affected the accu-
racy of the diagnoses. Second, the ROIs in Kloth’s study
were obtained from localized squares drawn by a senior
reader in the “diseased area” In our study, we obtained
the whole pneumonia regions in the lungs. Third, we
analyzed more radiomics features, including wavelet fea-
tures and LOG features, which were interestingly all the
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Fig. 6 A diagnostic strategy combining radiomics model and serum BDG for the diagnosis of Pneumocystis jirovecii pneumonia. HIV, human
immunodeficiency virus; PCP, Pneumocystis jirovecii pneumonia; BDG, 3-D-glucan; BAL, bronchoalveolar lavage; gPCR, quantitative polymerase chain

reaction; IF: immunofluorescent

features selected and incorporated into our radiomic
model. These features were obtained by filtering the orig-
inal image to enhance some special features such as edge
regions [32]. The decision curve analysis showed a good
clinical value of the radiomics model, meaning that radi-
omics could be used as a tool to assist clinicians in the
diagnosis of PCP.

In addition, we calculated the diagnostic performance
of serum B-D-glucan and LDH mentioned in previous
studies for the diagnosis of PCP [1, 12, 24]. Compared
to these previously used clinical indicators, the radiom-
ics model performed best. Furthermore, we assessed the
diagnostic efficacy of radiomics at different f-D-glucan
levels. Based on the results, we established a strategy for
non-invasive diagnosis of PCP, which could identify the
risk of PCP infection in non-HIV patients with a diagnos-
tic accuracy of 95.8%.

Nowadays, qPCR and IF staining tests of BAL fluid
samples are the primary tests recommended by the
guidelines to confirm the diagnosis of PCP in non-HIV
patients, with serum p-D-glucan testing as an adjunc-
tive laboratory diagnostic tool [8]. Although well-toler-
ated, it is not uncommon for patients to develop fever
and worsening hypoxemia after the bronchoscopy [33].

The implementation of BAL techniques also requires
specialist technicians, specialized equipment and
rooms, and is difficult to carry out in resource-limited
areas and medical centers. Other non-invasive meth-
ods, such as qPCR and IF staining of upper respiratory
specimens (i.e., induced sputum [34, 35], oral washings
[36, 37], nasopharyngeal aspirate [38, 39]) and/or blood
samples [38, 40] are not diagnostically satisfactory,
with the diagnostic specificity ranged from 54 to 100%,
and the diagnostic sensitivity from 50 to 77%. The new
strategy in our study, if its general validity is confirmed
in future studies, has the potential to provide an accu-
rate and non-invasive way to identify the risk of PCP
infection in non-HIV patients.

This study had several limitations. First, the sample
size of the population included in this study was not
large. Second, this single-center retrospective study
did not include external validation, which may have led
to bias in model performance. Third, six patients with
qPCR (-) and IF (+) were excluded to ensure confirma-
tion of pathological results (as the results were tech-
nically inconsistent), which could have led to a small
selection bias. Fourth, PPV and NPV were calculated
in the existing population (PCP prevalence of 43.6%)
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and may be altered due to changes in PCP prevalence.
Therefore, a large multicenter study is needed to vali-
date these findings.

Conclusions

Radiomics showed good diagnostic performance in
differentiating PCP from other types of pneumonia
in non-HIV patients. A combined diagnostic method
including radiomics and serum [B-D-glucan has the
potential to provide an accurate and non-invasive
way to identify the risk of PCP infection in non-HIV
patients with CT manifestation of pneumonia.

Abbreviations

AUC Area under the curve

BAL Bronchoalveolar lavage
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HIV Non-human immunodeficiency virus
IF Immunofluorescent

LASSO Least Absolute Shrinkage and Selection Operator
LDH Lactate dehydrogenase

LoG Laplacian of Gaussian

NPV Negative predictive value

pCP Pneumocystis jirovecii pneumonia
PPV Positive predictive value

gPCR Polymerase chain reaction

Radscore  Radiomic score
ROC Receiver operating characteristic curve

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512890-023-02827-4.

Additional file 1: Table S1. Selected radiomics features by logistic regres-
sion in the training cohort. Figure S1. Radiomic features screening using
the Least Absolute Shrinkage and Selection Operator (LASSO). (A) Tenfold
cross-validation analysis showed that the model error was minimized
when A =0.069 and log A =-1.161 (the first vertical dashed line), and nine
non-zero features were screened out. (B) The coefficient profiles of the
1316 features. Figure S2. Receiver operating characteristic (ROC) curves of
radiomics models constructed by logistic regression (LR), support vector
machine (SVM), adaboost (AB) and decision tree (DT) in the training (A)
and validation (B) cohorts. LR exhibited the best performance (area under
the curve (AUC) = 0.954) in the validation cohort. The 95% confidence
interval of AUC was shown as the data in the parentheses. Figure S3.
Waterfall plot of the Radscore for the radiomics model. The horizontal

axis represented all patients (n = 140) and the vertical axis represented
the Radscore calculated by logistic regression. patients with Pneumocystis
Jirovecii pneumonia (PCP) were marked in red and patients with other
types of pneumonia (non-PCP) were marked in blue. It can be seen that
most PCP patients had higher scores and most non-PCP patients had
lower scores. PCP, Pneumocystis jirovecii pneumonia.

Acknowledgements
Not applicable.

Authors’ contributions

Guarantor: Liang-an Chen is accountable for all aspects of the manuscript

in ensuring that questions related to the accuracy or integrity of any part of
the work are appropriately investigated and resolved.Author contributions:(l)
Conception and design: L Chen, H Yu, Z Yang.(ll) Administrative support: L
Chen.(lll) Provision of study materials or patients: Q Zhu, Z Liang, W Zhao.
(IV) Collection and assembly of data: H Yu, Z Yang, L Liu, Y Wang, M Wang.(V)

Page 11 of 12

Data analysis and interpretation: H Yu, Y Wei, W Shi, M Zhu, Q Zhu, Z Liang,
W Zhao.(VI) Manuscript writing: H Yu and Z Yang wrote the main manuscript
text. All authors revised and reviewed the manuscript.(VIl) Final approval of
manuscript: All authors.

Funding
None.

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

Declarations

Ethics approval and consent to participate

This study was approved by the Ethics Committee of Chinese PLA General
Hospital (NO. $2023-006-01) and was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). The study was registered in Clini-
alTrials.gov (27/01/2023, NCT05701631). Individual informed consent for this
retrospective analysis was waived by the Ethics Committee of Chinese PLA
General Hospital.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

'Department of Respiratory and Critical Care Medicine, Medical School

of Chinese People’s Liberation Army, Beijing, China. “Department of Respira-
tory and Critical Care Medicine, the Eighth Medical Center, Chinese People’s
Liberation Army General Hospital, Beijing, China. *Department of Pulmonary
and Critical Care Medicine, Zhongnan Hospital of Wuhan University, Wuhan,
Hubei, China. “Department of Nutrition, the First Medical Center, Chinese
People’s Liberation Army General Hospital, Beijing, China.

Received: 2 February 2023 Accepted: 21 December 2023
Published online: 02 January 2024

References

1. Apostolopoulou A, Fishman JA. The Pathogenesis and diagnosis of
Pneumocystis Jiroveci Pneumonia. J Fungi (Basel). 2022;8(11):1167.
https://pubmed.ncbi.nlm.nih.gov/36354934/.

2. Liu CJ, Lee TF, Ruan SY, Yu CJ, Chien JY, Hsueh PR. Clinical charac-
teristics, treatment outcomes, and prognostic factors of Pneumo-
cystis Pneumonia in non-HIV-infected patients. Infect Drug Resist.
2019;12:1457-67.

3. Gold JAW, Jackson BR, Benedict K. Possible diagnostic delays and missed
Prevention opportunities in Pneumocystis Pneumonia patients without
HIV: analysis of Commercial Insurance Claims Data-United States,
2011-2015. Open Forum Infect Dis. 2020;7(7):0faa255.

4. Schmidt JJ, Lueck C, Ziesing S, Stoll M, Haller H, Gottlieb J, et al. Clinical
course, treatment and outcome of Pneumocystis Pneumonia in immu-
nocompromised adults: a retrospective analysis over 17 years. Crit Care.
2018;22(1):307.

5. Azoulay E, Russell L, Van de Louw A, Metaxa V, Bauer P, Povoa P, et al. Diag-
nosis of severe Respiratory Infections in immunocompromised patients.
Intensive Care Med. 2020;46(2):298-314.

6. Kumagai S, Arita M, Koyama T, Kumazawa T, Inoue D, Nakagawa A, et al.

Prognostic significance of crazy paving ground grass opacities in non-HIV

pneumocystis jirovecii Pneumonia: an observational cohort study. BMC

Pulm Med. 2019;19(1):47.

Donnelly JP, Chen SC, Kauffman CA, Steinbach WJ, Baddley JW, Verweij PE,

et al. Revision and update of the Consensus definitions of Invasive Fungal

Disease from the European Organization for Research and Treatment of

Cancer and the Mycoses Study Group Education and Research Consor-

tium. Clin Infect Dis. 2020;71(6):1367-76.

~


https://doi.org/10.1186/s12890-023-02827-4
https://doi.org/10.1186/s12890-023-02827-4
https://pubmed.ncbi.nlm.nih.gov/36354934/

Yu et al. BMC Pulmonary Medicine (2024) 24:11

20.

21.

22.

23.

24.

25.

26.

27.

Alanio A, Hauser PM, Lagrou K, Melchers WJ, Helweg-Larsen J, Matos O,
et al. ECIL guidelines for the diagnosis of Pneumocystis Jirovecii
Pneumonia in patients with haematological malignancies and stem cell
transplant recipients. J Antimicrob Chemother. 2016;71(9):2386-96.
Maschmeyer G, Helweg-Larsen J, Pagano L, Robin C, Cordonnier C,
Schellongowski P, et al. ECIL guidelines for treatment of Pneumocystis
Jirovecii Pneumonia in non-HIV-infected haematology patients.

J Antimicrob Chemother. 2016;71(9):2405-13.

. White PL, Price JS, Backx M. Therapy and management of Pneumocystis

jirovecii Infection. J Fungi (Basel). 2018;4(4):127. https://pubmed.ncbi.nim.
nih.gov/30469526/.

. Senecal J, Smyth E, Del Corpo O, Hsu JM, Amar-Zifkin A, Bergeron A, et al.

Non-invasive diagnosis of Pneumocystis Jirovecii Pneumonia: a system-
atic review and meta-analysis. Clin Microbiol Infect. 2022;28(1):23-30.

. Del Corpo O, Butler-Laporte G, Sheppard DC, Cheng MP, McDonald EG,

Lee TC. Diagnostic accuracy of serum (1-3)-beta-D-glucan for Pneumo-
cystis Jirovecii Pneumonia: a systematic review and meta-analysis. Clin
Microbiol Infect. 2020;26(9):1137-43.

. Lambin P, Rios-Velazquez E, Leijenaar R, Carvalho S, van Stiphout RG,

Granton P, et al. Radiomics: extracting more information from medical
images using advanced feature analysis. Eur J Cancer. 2012,48(4):441-6.

. Hsu JM, Hass A, Gingras MA, Chong J, Costiniuk C, Ezer N, et al. Radio-

graphic features in investigated for Pneumocystis Jirovecii Pneumonia: a
nested case-control study. BMC Infect Dis. 2020;20(1):492.

. SheY, Zhang L, Zhu H, Dai C, Xie D, Xie H, et al. The predictive value

of CT-based radiomics in differentiating indolent from invasive lung
adenocarcinoma in patients with pulmonary nodules. Eur Radiol.
2018;28(12):5121-8.

. Vliegenthart R, Fouras A, Jacobs C, Papanikolaou N. Innovations in

thoracic imaging: CT, radiomics, Al and x-ray velocimetry. Respirology.
2022;27(10):818-33.

. Kotanidis CP, Xie C, Alexander D, Rodrigues JCL, Burnham K, Mentzer

A, et al. Constructing custom-made radiotranscriptomic signatures
of vascular inflammation from routine CT angiograms: a prospec-
tive outcomes validation study in COVID-19. Lancet Digit Health.
2022;4(10):e705-e16.

. Shiri |, Salimi Y, Pakbin M, Hajianfar G, Avval AH, Sanaat A, et al. COVID-19

prognostic modeling using CT radiomic features and machine learning
algorithms: analysis of a multi-institutional dataset of 14,339 patients.
Comput Biol Med. 2022;145:105467.

. Kloth C, Thaiss WM, Beck R, Haap M, Fritz J, Beer M, et al. Potential role of

CT-textural features for differentiation between viral interstitial pneumo-
nias, pneumocystis jirovecii Pneumonia and diffuse alveolar Hemor-
rhage in early stages of Disease: a proof of principle. BMC Med Imaging.
2019;19(1):39.

Ghembaza A, Vautier M, Cacoub P, Pourcher V, Saadoun D. Risk factors
and Prevention of Pneumocystis Jirovecii Pneumonia in patients with
Autoimmune and Inflammatory Diseases. Chest. 2020;158(6):2323-32.
Pu J, Leader J, Bandos A, Shi J, Du P, Yu J, et al. Any unique image biomark-
ers associated with COVID-19? Eur Radiol. 2020;30(11):6221-7.

Pu J, Leader JK, Bandos A, Ke S, Wang J, Shi J, et al. Automated quantifica-
tion of COVID-19 severity and progression using chest CT images. Eur
Radiol. 2021;31(1):436-46.

Hansell DM, Bankier AA, MacMahon H, McLoud TC, Muller NL, Remy J.
Fleischner Society: glossary of terms for thoracic imaging. Radiology.
2008;246(3):697-722.

Morjaria S, Frame J, Franco-Garcia A, Geyer A, Kamboj M, Babady NE. Clini-
cal performance of (1,3) Beta-D glucan for the diagnosis of Pneumocystis
Pneumonia (PCP) in Cancer patients tested with PCP polymerase chain
reaction. Clin Infect Dis. 2019;69(8):1303-9.

Vogel M, Weissgerber P, Goeppert B, Hetzel J, Vatlach M, Claussen C, et al.
Accuracy of serum LDH elevation for the diagnosis of Pneumocystis
Jiroveci Pneumonia. Swiss Med WKkly. 2011;141:w13184.

Feng Z, Li H, Liu Q, Duan J, Zhou W, Yu X, et al. CT Radiomics to predict
macrotrabecular-massive subtype and Immune Status in Hepatocellular
Carcinoma. Radiology. 2023;307(1):e221291.

Fu N, Fu W, Chen H, Chai W, Qian X, Wang W, et al. A deep-learning
radiomics-based lymph node Metastasis predictive model for Pancreatic
cancer: a diagnostic study. Int J Surg. 2023;109(8):2196-203.

Page 12 of 12

28. Ramtohul T, Djerroudi L, Lissavalid E, Nhy C, Redon L, Ikni L, et al. Mul-
tiparametric MRI and Radiomics for the prediction of HER2-Zero, -Low,
and -positive breast cancers. Radiology. 2023;308(2):e222646.

29. Huang EP, O'Connor JPB, McShane LM, Giger ML, Lambin P, Kinahan PE
et al. Criteria for the translation of radiomics into clinically useful tests.
Nat Rev Clin Oncol. 2023;20(2):69-82. https://pubmed.ncbi.nlm.nih.gov/
36443594/.

30. MoradiKhaniabadi P, Bouchareb Y, Al-Dhuhli H, Shiri I, Al-Kindi F, Moradi
Khaniabadi B, et al. Two-step machine learning to diagnose and predict
involvement of lungs in COVID-19 and Pneumonia using CT radiomics.
Comput Biol Med. 2022;150:106165.

31. KaoYS, Lin KT. A meta-analysis of the diagnostic test accuracy of CT-
based radiomics for the prediction of COVID-19 severity. Radiol Med.
2022;127(7):754-62.

32. LindebergT. Spatio-temporal scale selection in Video Data. J Math Imag-
ing Vis. 2018;60:525-62.

33, Carmona EM, Limper AH. Update on the diagnosis and treatment of
Pneumocystis Pneumonia. Ther Adv Respir Dis. 2011;5(1):41-59.

34. LuY, Ling G, Qiang C, Ming Q Wu C, Wang K, et al. PCR diagnosis of
Pneumocystis Pneumonia: a bivariate meta-analysis. J Clin Microbiol.
2011,49(12):4361-3.

35. Pinlaor S, Mootsikapun P, Pinlaor P, Phunmanee A, Pipitgool V, Sith-
ithaworn P, et al. PCR diagnosis of Pneumocystis carinii on sputum and
bronchoalveolar lavage samples in immuno-compromised patients.
Parasitol Res. 2004;94(3):213-8.

36. Goterris L, Mancebo Fernandez MA, Aguilar-Company J, Falco V, Ruiz-
Camps |, Martin-Gomez MT. Molecular diagnosis of Pneumocystis
Jirovecii Pneumonia by Use of oral Wash samples in immunocompro-
mised patients: usefulness and importance of the DNA target. J Clin
Microbiol. 2019;57(12):e01287-19. https://pubmed.ncbi.nim.nih.gov/
31578265/.

37. Nyamande K, Lalloo UG, York D, Naidoo M, Irusen EM, Chetty R. Low sen-
sitivity of a nested polymerase chain reaction in oropharyngeal washings
for the diagnosis of pneumocystis Pneumonia in HIV-infected patients.
Chest. 2005;128(1):167-71.

38. Desoubeaux G, Chesnay A, Mercier V, Bras-Cachinho J, Moshiri P, Eymieux
S, et al. Combination of beta-(1, 3)-D-glucan testing in serum and gPCR
in nasopharyngeal aspirate for facilitated diagnosis of Pneumocystis
Jirovecii Pneumonia. Mycoses. 2019,62(11):1015-22.

39. To KK, Wong SC, Xu T, Poon RW, Mok KY, Chan JF, et al. Use of nasopharyn-
geal aspirate for diagnosis of pneumocystis Pneumonia. J Clin Microbiol.
2013;51(5):1570-4.

40. Wang D, HuY, Li T, Rong HM, Tong ZH. Diagnosis of Pneumocystis
Jirovecii Pneumonia with serum cell-free DNA in non-HIV-infected immu-
nocompromised patients. Oncotarget. 2017;8(42):71946-53.

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

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

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 . BMC



https://pubmed.ncbi.nlm.nih.gov/30469526/
https://pubmed.ncbi.nlm.nih.gov/30469526/
https://pubmed.ncbi.nlm.nih.gov/36443594/
https://pubmed.ncbi.nlm.nih.gov/36443594/
https://pubmed.ncbi.nlm.nih.gov/31578265/
https://pubmed.ncbi.nlm.nih.gov/31578265/

	Computed tomography-based radiomics improves non-invasive diagnosis of Pneumocystis jirovecii pneumonia in non-HIV patients: a retrospective study
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 
	Trial registration 

	Background
	Methods
	Study population
	Clinico-demographic data collection
	CT scanning protocols
	Segmentation and radiomic features extraction
	Radiomics model construction
	Traditional risk factors model construction
	Clinical utility of the models
	Diagnostic performance comparison with serum β-D-glucan and LDH
	Standard of reference
	Statistical analysis

	Results
	Patient characteristics
	Performance of the radiomics model
	Clinical utility of the radiomics model
	Performance comparison with serum β-D-glucan and LDH
	Combining strategy for PCP diagnosis

	Discussion
	Conclusions
	Anchor 28
	Acknowledgements
	References


