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ARTICLE INFO ABSTRACT
Keywords: Objective: To explore the potential imaging biomarkers for predicting Traditional Chinese medi-
Prostate cancer cine (TCM) deficiency and excess syndrome in prostate cancer (PCa) patients by radiomics

TCM syndrome
Magnetic resonance imaging
Radiomic

approach based on MR imaging.

Methods: A total of 121 PCa patients from 2 centers were divided into 1 training cohort with 84
PCa patients and 1 validation cohort with 37 PCa patients. The PCa patients were divided into
deficiency and excess syndrome group according to TCM syndrome differentiation. Radiomic
features were extracted from T2-weighted imaging (T2WI), diffusion-weighted imaging and
apparent diffusion coefficient images originated from diffusion-weighted imaging. A radiomic
signature was constructed after reduction of dimension in training group by the minimum
redundancy maximum relevance and the least absolute shrinkage and selection operator. The
performance of the model was evaluated by receiver operating characteristic (ROC) curve and
calibration curve.

Results: The radiomic scores of PCa with TCM excess syndrome group were statistically higher
than those of PCa with TCM deficiency syndrome group among T2WI, diffusion-weighted imaging
and apparent diffusion coefficient imaging models. The area under ROC curves for T2WI,
diffusion-weighted imaging and apparent diffusion coefficient imaging models were 0.824, 0.824,
0.847 in the training cohort and 0.759, 0.750, 0.809 in the validation cohort, respectively. The
apparent diffusion coefficient imaging model had the best discrimination in separating patients
with TCM excess syndrome and deficiency syndrome, and its accuracy was 0.788, 0.778 in the
training and validation cohort, respectively. The calibration curve demonstrated that there was a
high consistency between the prediction of radiomic scores and the actual classification of TCM’s
deficiency and excess syndrome in PCa.
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Conclusion: The radiomic signature based on MR imaging can be performed as a non-invasive,
potential approach to discriminate TCM deficiency syndrome from excess syndrome in PCa, in
which apparent diffusion coefficient imaging model has the best diagnostic efficiency.

1. Introduction

Prostate cancer (PCa) is the second most common malignancy in men worldwide [1]. The incidence of PCa in China is lower than
that in Western countries, but both the morbidity and mortality have shown a significant increase in recent years [2]. Traditional
Chinese medicine (TCM) has played an important role in the treatment of PCa , particularly for advanced patients. TCM syndrome is
the pathological generalization of pathogenesis, the degree of severity and development trend of diseases at specific stages [3,4]. Each
TCM physician classified and treated PCa based on their respective experience, so there were considerable TCM syndrome patterns [5,
6]. Si et al. analyzed 76 literatures on the diagnosis and treatment of PCa by related TCM between 1979 and 2014 and found 31 PCa
TCM syndromes and up to 254 individual TCM syndromes [5]. The standard TCM syndrome differentiation of PCa has not yet to be
established, which has hindered the development of TCM to some extent. It is necessary to absorb the advantages and methods of
modern medicine and artificial intelligence, and mix the objective quantitative indicators into TCM syndrome differentiation and
treatment in PCa [7].

Magnetic resonance imaging (MRI) has been currently recognized as the preferred imaging method for prostate-related disease due
to its high soft tissue resolution, spatial resolution, functional and morphological definition. MRI plays a dramatic role in PCa
detection, localization, targeted biopsy, staging, risk stratification management, and active surveillance [8]. T2-weighted imaging
(T2W1), diffusion-weighted imaging (DWI), and its derivative apparent diffusion coefficient (ADC) maps have a leading role in PCa
diagnosis and evaluation [9,10].

Radiomics is a powerful approach that can be performed to extract many quantitative features from imaging data and convert the
information into mineable data [11]. Recently, studies have hinted at the possibility of diagnosing PCa using MRI-based radiomics [12,
13]. Min et al. showed that the area under the curve of multi-parametric MRI-based radiomics for the diagnosis of PCa with Gleason
score >3 + 4 was 0.872, 0.823, respectively in the training and test sets [12]. However, the performance of radiomics for predicting
PCa’s TCM syndrome remains unknown. The two principles of yin and yang, deficiency and excess in the syndrome differentiation of
the eight principles of TCM can cover almost all syndromes [14,15]. Based on the theory, it is accessible to conduct the relative
research on TCM syndromes that classify and simplify considerable TCM syndromes patterns into two syndromes: deficiency and
excess in PCa. Thus, the purpose of the study was to evaluate the value of MRI-based radiomic signatures in differentiating TCM excess
and deficiency syndromes in PCa.

2. Materials and methods
2.1. Patient population

This retrospective study was approved by each respective Local Institutional Review Board (No: 2022KY051). It was determined
that written informed consent was not needed for a retrospective study. The centers included in this study are Hangzhou TCM Hospital
Affiliated to Zhejiang Chinese Medical University (center 1) and The First Affiliated Hospital of Zhejiang Chinese Medical University
(center 2). The diagnostic criteria for syndrome differentiation were in accordance with the syndrome classification criteria (TCM
Oncology) [15]. The spleen-kidney deficiency syndrome, deficiency syndrome of both qi and yin and Deficiency of Qi and Blood were
classified as TCM deficiency syndrome group. The dampness-heat accumulation syndrome, phlegm-blood stasis syndrome and qi
stagnation and blood stasis syndrome were classified as TCM excess syndrome group. TCM syndrome differentiation was performed by
two associate chief TCM physicians to ensure their uniformity and authority.

Inclusion criteria were as follows: (1) PCa must be confirmed by pathology following radical prostatectomy or prostate biopsy; (2)
patients must have obtained MRI imaging on a 3.0 T MRI scanner with T1WI, T2WI and DWI; (3) pathological results must be collected
in less than 2 months following MRI examination. The exclusion criteria were as follows: (1) patients with other complications, such as
acute respiratory tract infection, urinary tract infection, diabetes, recent cardiovascular disease, etc., interfered with TCM syndrome
differentiation; (2) patients had a history of PCa treatment before MRI examination; (3) MRI images were of low quality or the tumor
was less than 5 mm in diameter on MRI. Initially, a total of 204 PCa patients were enrolled in the study, and then 83 PCa patients were
excluded due to the above exclusion criteria. Finally, 121 PCa patients were enrolled in this study, among which 84 PCa patients from
center 1 were performed to be the training cohort, 37 PCa patients from center 2 were selected as the validation cohort to evaluate the
model’s performance. In the training cohort, there were 45 patients with TCM excess syndrome and 39 patients with TCM deficiency
syndrome. There were 15 patients with TCM excess syndrome and 22 patients with TCM deficiency syndrome in the validation cohort.
The basic clinical information of patients was obtained from the electronic medical records, including age and prostatic specific an-
tigen (PSA). The interval between MRI and PSA must be within one month.

2.2. MRI acquisition

A 3.0 T MR scanner (GE Discovery MR750 or Siemens Magnetom Verio) was used in all patients, and a pelvic-specific phase-
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controlled vibrating coil was applied. Prior to the examination, patients had a moderately filled bladder. The scan range included the
entire prostate and seminal vesicle. MRI protocol included axial T1WI, axial and sagittal T2WI, and axial DWI sequences. The b value of
DWI was taken as 0-50 s/mm?, 800-1000 s/mm?. ADC maps derived from DWI maps were automatically generated by each MR system
according to standard mono-exponential models. The detailed scanning sequence and parameters of MR scanners in two hospitals were
displayed in Supplementary Table 1.

2.3. Pathological evaluation

The transrectal ultrasound guided 10-12 core systematic biopsy plus cognitive-targeted biopsy were performed. The urologist
attempted to specifically target lesions using cognitive registration if MRI-suspected lesions were found. Cores were individually
labelled according to their location. The histopathologic reports were assessed with reference to the International Society of Urological
Pathology (ISUP) guidelines [16]. An experienced radiologist with 22 years of experience in prostate MRI matched MRI findings and
the standard of reference findings and determined index lesion according histopathologic reports, biopsy core location record and
radical prostatectomy record.

2.4. Lesion segmentation on MRI

The ITK-SNAP 3.6.0 (www.itk-snap.org) software was performed to delineate the region of interest (ROI). All ROIs were segmented
by the radiologist (Z.P.L. with 7 years of experience in prostate MRI) with reference to the pathological results. The tumor was
manually segmented to form a three-dimensional ROI volume. For multiple lesion PCa, the index lesion was selected for delineation
based on the malignancy and biological behavior of PCa patients determined by the index lesion [17,18]. ROIs were designed to
include as much tumor tissue while avoiding surrounding normal tissue. The maximum diameters of the tumors were also measured on
T2WL. The MRI T-stage was also assessed on T2WI with reference to NCCN guidelines [19]. The criteria of MRI T-stage were displayed
in Supplementary Table 2.

2.5. Radiomic feature extraction

Three-dimensional ROIs from the segmented T2WI, DWI, and ADC images were imported into the Analysis Kit (AK, GE Healthcare,
USA) software for the extraction of radiomic features. A total of 1316 radiomic features were extracted from each image, including
histogram features, gray level run length matrix (GLRLM), shape, adjacent gray level difference matrix (NGTDM), gray level co-
occurrence matrix (GLCM), gray level region size matrix (GLSZM), gray level dependence matrix (GLDM) features and wavelet
transforms.

Although the two centers used two different models of MR scanners, the scanning sequences and parameters were different.
Therefore, before extracting the imaging features, the T2WI, DWI, and ADC maps of all patients were image resampled (1 * 1 * 1 mm>)
and gray-level normalized (0-255) to reduce the effect of different imaging parameters on the radiomic features. After feature
extraction, Z-scores were normalized ((x-j1)/0, where x is the feature value, p is the average of all patients in the set for that feature, and
o describes the corresponding standard deviation) for each feature, thereby reducing the impact of the dimension on the feature
coefficients and on the machine learning model for classification.

MRI Acquisition and segmentation Feature extraction Model building and evaluation

| T2WI Model |
'W DWI Model
757 ADC Model

Construction of different radiomics model

Differente type of radiomic features Diagnostic performance evaluation

Training cohort Validation cohort

ADC imaging " - S
Radiomics signature Clinical efficacy evaluation

Fig. 1. Workflow of the development of the radiomic model.
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2.6. Radiomic signature development

Radiomic signature were developed via two steps: (1) the minimum Redundancy Maximum Relevance (mRMR) was used to
eliminate redundant and unrelated features; (2) the least absolute shrinkage and selection operator (LASSO) algorithm was imple-
mented to reduce the coefficients of some features to zero, and key features were selected to construct the final optimized feature set.
The optimal A value was determined by 10-fold cross verification method to achieve the optimal prediction value of radiomic features
and calculate their corresponding coefficients. The rad-score was composed of summing the selected features weighted by their co-
efficients. The details of the radiomics procedure were showed in the Supplementary material II.

The receiver operating characteristic (ROC) curve were adopted to evaluate the discrimination performance in the training and
validation cohorts. The calibration curve was used to evaluate the consistency of radiomic signature prediction and the actual clas-
sification of TCM’s deficiency and excess syndrome in PCa. The fit of the analysis model was tested using the Hosmer Lemeshow test.
The Hosmer Lemeshow test is a common method to assess the fit of a logistic regression. When the P value of the test result is greater
than 0.05, it indicates that the result classified by logistic regression has a higher fit with the actual occurrence [20]. The radiomics
workflow is presented in Fig. 1.

2.7. Statistical analysis

All statistical testing was conducted using R software (version v. 3.5.1) or SPSS 25.0. Continuous variables were analyzed by the
independent sample T test or Mann-Whitney U test. Categorical variables could also be expressed as the Fishe’s exact test or chi-square
test when appropriate. The differences in the area under the ROC curve (AUC) of each assessment model were compared with the
Delong test. A two-sided P value < 0.05 was used to determine statistical significance.

Table 1
Clinical characteristics of patients in the training and validation cohorts.
Characteristics Training cohort P Validation cohort P
deficiency syndrome group  excess syndrome group deficiency syndrome group  excess syndrome group
(n =39 (n=45) (n=22) (n=15)
Age (years) 73.56 + 8.13 73.98 + 8.93 0.826 72.32 £ 6.25 73.80 +7.83 0.527
TPSA (ng/ml) 67.86 + 173.01 66.55 + 181.72 0.973 149.88 + 323.96 84.45 + 183.04 0.484
fPSA (ng/ml) 5.54 + 8.09 4.85 + 8.14 0.696 8.45 £ 13.07 7.16 £ 11.24 0.757
TCM syndrome NA NA
spleen-kidney deficiency dampness-heat spleen-kidney deficiency dampness-heat
syndrome accumulation syndrome syndrome accumulation syndrome
(n=27) (n=22) (n=13) (n=7)
deficiency syndrome of phlegm-blood stasis deficiency syndrome of phlegm-blood stasis
bothqiandyin (n=7) syndrome bothqiandyin (n=5) syndrome
(n=13) (n=5)
Deficiency of Qi and Blood qi stagnation and blood Deficiency of Qi and Blood qi stagnation and blood
(n=5) stasis syndrome (n=4) stasis syndrome
(n=10) (n=3)
Maximum diameter 20.90 + 11.28 19.05 + 10.77 0.446 24.94 +17.43 22.86 + 11.95 0.691
(mm )
MRI T-stage 0.781 0.386
T2 26 (66.7 %) 33 (73.3 %) 14 (63.64 %) 7 (46.67 %)
T3 7 (17.9 %) 7 (15.6 %) 5 (22.73 %) 5 (33.33 %)
T4 6 (15.4 %) 5(11.1 %) 3(13.64 %) 3(20.00 %)
Location 0.932 0.591
PZ 18 (46.2 %) 19 (42.2 %) 7 (31.82 %) 5 (33.33 %)
TZ 11 (28.2 %) 14 (31.1 %) 13 (59.09 %) 7 (46.67 %)
PZ and TZ 10 (25.6 %) 12 (26.7 %) 2 (9.09 %) 3(20.00 %)
Lesion number 0.031* 1.41 £+ 0.59 1.73 £ 0.88 0.539
1 29 (74.4 %) 36 (80 %) 14 (63.6 %) 7 (46.7 %)
2 9 (23.1 %) 3 (6.7 %) 7 (31.8 %) 6 (40 %)
3 1 (2.6 %) 6 (13.3 %) 1 (4.5 %) 2 (13.4 %)
Gleason score 0.535 0.127
6 13 (33.3 %) 12 (26.7 %) 4 (18.2 %) 3(20.0 %)
7 7 (17.9 %) 14 (31.1 %) 12 (54.5 %) 5(33.3 %)
8 11 (28.2 %) 14 (31.1 %) 2(9.1 %) 6 (40.0 %)
9 7 (17.9 %) 4 (8.9 %) 4(18.2 %) 1 (6.7 %)
10 1 (2.6 %) 1 (2.2 %) 0 (0.0 %) 0 (0.0 %)

fPSA: free prostate-specific antigen; n: numbers of patients; NA: not available; PZ: peripheral zone; TCM: traditional Chinese medicine; TPSA: total
prostate-specific antigen; TZ: transition zone; *P: value < 0.05.
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3. Results
3.1. Patient demographic data

A total of 121 PCa patients were eligible for this study, including 84 patients in the training cohort and 37 patients in the validation
cohort. The detailed TCM syndrome and clinical characteristics of the patients in the training and validation cohorts are listed in
Table 1. There were no significant differences in patient’s age, TPSA, free PSA, lesion number, location, maximum tumor diameter,
MRI T-stage, and Gleason score between PCa with TCM excess syndrome group and PCa with TCM deficiency syndrome group in both
training and validation cohorts (P > 0.05), except for lesion number in the training cohort.

3.2. Radiomic signature development

The 1316 radiomic features were dimensionally reduced by using the mRMR algorithm and the LASSO algorithm to construct the
radiomic models of T2WI, DWI and ADC, separately presented in Supplementary Figs. 1-3. The 14 selected features extracted from the
ADC imaging were developed the ADC model (Fig. 2). The 17 selected features extracted from T2WI and DWI were consequently
conducted into the T2WI and DWI models, respectively (Fig. 2). The rad-scores of PCa with TCM excess syndrome were higher than
those of deficiency syndrome PCa in the training and validation cohorts (p < 0.05, Fig. 3).

3.3. Performance and comparison

The radiomic signature of the T2WI, DWI and ADC models demonstrated good performance for the classification of TCM deficiency
and excess syndrome in the training and validation cohorts (Fig. 4). The ADC model had the best discrimination in separating patients
with TCM excess syndrome and deficiency syndrome, and its accuracy, sensitivity, specificity and AUC were 78.8 %, 70.8 %; 90.7 %,
72.2 %; 66.7 %, 83.3 %; 0.847, 0.809 in the training and validation cohorts, respectively (Table 2). DeLong’s comparison displayed
there were no significant differences among the model of T2WI, DWI and ADC (P > 0.05) both in the training and validation cohorts.

The calibration curve demonstrated that there was good agreement between the prediction based on the ADC, DWI and T2WI
model and the actual diagnosis in the training and validation cohorts (Fig. 5). The Hosmer Lemeshow test showed there were no
significant differences (P > 0.05) in the training and validation cohorts presented in Supplementary Table s3 and Figs. s4-7.

4. Discussion

In this study, we have developed and validated MRI-based radiomic models to differentiate PCa patients with TCM excess syndrome
from PCa patients with deficiency syndrome. The radiomic signature of the T2WI, DWI and ADC models demonstrated good perfor-
mance for the classification of TCM deficiency and excess syndrome in both cohorts. The radiomic approach can be more objective and
accurate TCM syndrome differentiation on the basis of traditional clinical symptoms, tongue coating and pulse. Therefore, the results
shown herein indicate that MRI radiomics can be used as a potential, non-invasive quantitative tool for TCM deficiency and deficiency
syndrome differentiation in PCa.

Currently, there are no standard criteria for TCM syndrome differentiation, which limits its widely clinical application. It is
necessary to absorb the advantages and means of modern medicine diagnosis and treatment so as to differentiate TCM syndrome
objectively [7]. A study [21] has reported that colorectal cancer patients with different TCM syndromes, such as excess syndrome,
deficiency syndrome and deficiency-excess syndrome had significant differences in the distribution of cell subsets using a single cell
RNA sequencing analysis. Wang et al. [22] showed that there were significant differences in the laboratory indicators in the colorectal
cancer patients with different TCM syndrome. They believed that total bilirubin, hemoglobin, uric acid, and hematocrit may be served
as reliable indicators for TCM differentiation of colorectal cancer patients. As far as we know, there was seldom study on the prediction
of TCM syndrome types using radiomics approach in PCa. We found that the radiomic signature of the T2WI, DWI and ADC models

wavelet-HLH_firstorder_Kurtosis - [ Il wavelet-LHH_firstorder_Mean | NN wavelet-HLL_glem_ClusterShade | N M
wavelet-LHL_gl |
log-sigma-2-0-mm-3D_firstorder_Kurtosis1 [l Ibp-3D-k_firstorder_Skewness{ [l MR [ oontiee e —
| wavelet-HLH_firstorder_Skewness | - wavelet-HHL_firstorder_Kurtosis. | |
wavelet-HHL_firstorder_TotalEnergy [ | Iop-3Dk.glemdme _—
wavelet-HHH_glszm_GrayLevelNonUniformityNormalized { | | op- glem_Ime

Ibp-3D-m1_firstorder_Maximum [ ] iR T taan = wavelet-HHL_firstorder_Skewness { [ |
Ibp-3D-k_glem_MCC{ | | wavelet-LHL_glszm_SmallAreal.owGrayLevelEmphasis [} wavelet-HHH_glszm_SmallAreaEmphasis | )
wavelet-LLH_firstorder_Median 4 | | wavelet-HHH_glszm_SmallAreaLowGrayLevelEmphasis { | wavelet-LLH_firstorder_Mean |
Y - - it atan i S Sty st | ° log-sigma-2-0-mm-3D_firstorder_Skewness |
E wavelet-LLL_gldm_LargeDependenceLowGrayLevelEmphasis 1 ] i o e 2 orlginal_glem_Correlation ]

2 H wavelet-HLH_glszm_SizeZoneNonUniformityNormalized { 1 ] o
& wavelet-HHL_gldm_LargeDependencelLowGrayLevelEmphasis 1 | 3 " wavelet-HL_glszm_LargeArealowGrayLevelEmphasis |

wavelet-LLL_firstorder_Kurtosis | T
wavelet-LLH_firstorder_RobustMeanAbsoluteDeviation | | waveletLFIL. fifetordar. Skewneesy - Wauslet-HLE] glcm ldimn 1
= i let-HHL_gls SmallArealowGrayLevelEmph: 1
wavelet-HLL_glszm_LargeAreaLowGrayLevelEmphasis | | | Ibp-3D-m1_firstorder_Minimum || e s =
i locion ean = wavelet-LHH_ngtdm_Contrast | |
wavelet-HLL_gldm_LargeDependenceLowGrayLevelEmphasis | ] \»LHHO’\@M& S 9\/7 wavelet-HHL_glszm_GrayLevelNonUniformity m
I 3D_gldm_LargeDs owGrayl [ | Ryl e, ”se" ""’“‘”IZ"” - log-sigma-3-0-mm-3D_ngtdm_Busyness |
original_glem_ldmn
log-sig D_ gidm_LargeD o . ginal_glem_| 1 Ibp-3D-m1_firstorder_Range- ]
wavelet-LHL_glcm_ClusterProminence ] original_shape_Elongation | I
wavelet-HHH_firstorder_Kurtosis 1 || wavelet-LHL_glem_ClusterShade { ] T - T
15100500 05 10 ] o T z Coefficients
Coefficients Coefficients

Fig. 2. The selected features to build radiomic models of ADC, DWI and T2WI. Abbreviations: ADC, apparent diffusion coefficient; DWI, diffusion-
weighted imaging; T2WI, T2 weighted imaging.
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Fig. 4. Receiver operating characteristic (ROC) curve of ADC model for differentiating TCM excess syndrome PCa patients from TCM deficiency
syndrome PCa patients in the training and the validation cohorts. Abbreviations: AUC, the area under receiver operating characteristic curve.

have the ability to differentiate PCa with TCM excess syndrome from deficiency syndrome in both cohorts. The radiomic signature
directly obtain information from MR imaging and can quantitatively and computationally assess TCM syndromes in PCa patients.

It is worth noteworthy that the radiomic signature of ADC model demonstrates higher discrimination performance than that of the
T2WI and DWI models for the classification of TCM deficiency and excess syndrome in PCa. This outcome may be attributed to the
fundamental nature of DWI and ADC, which have the capacity to reflect the pathological status of prostate cancer [23]. DWI tech-
nology is based on the microscopic movement of water molecules, which can non-invasive evaluate the diffusion degree of water
molecules inside human tissues, reflecting the density of tissue cells. DWI have been regarded as the dominant weight sequence for
evaluating peripheral zone [9,10]. The ADC value is considered as a reproducible quantitative marker for evaluating the invasiveness
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Table 2

Predictive performance of the radiomic model in the training and validation cohorts.
Model AUC (95 % CI) Sensitivity Specificity Accuracy PPV NPV
Training cohort
T2WI model 0.824 (0.730-0.914) 0.721 0.833 0.776 0.816 0.745
DWI model 0.824 (0.732-0.915) 0.884 0.690 0.788 0.745 0.853
ADC model 0.847 (0.765-0.928) 0.907 0.667 0.788 0.736 0.875
Validation cohort
T2WI model 0.759 (0.603-0.916) 0.444 0.944 0.694 0.889 0.630
DWI model 0.750 (0.578-0.922) 0.944 0.611 0.778 0.708 0.917
ADC model 0.809 (0.656-0.961) 0.722 0.833 0.778 0.813 0.750

AUC: area under the receiver operating characteristic curve; 95 % CI: 95 % confidence interval; NPV: negative predictive value; PPV: positive
predictive value.
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Fig. 5. The calibration curve of ADC model predicting PCa patients with TCM excess syndrome in the training and the validation cohorts. The
calibration curve evaluates the consistency between the ADC model prediction and the actual diagnosis of PCa with TCM excess syndrome. Ab-
breviations: Pr, probability.

in PCa [24]. Furthermore, it is essential to emphasize the interconnection between TCM syndrome and the pathology of prostate
cancer. The distribution of TCM syndromes in PCa patients is mainly based on excess symptoms such as qi stagnation and blood stasis
in the early stage, and mainly on deficiency symptoms such as spleen and kidney deficiency in the later stage [25].

Note that most of the selected radiomic features constructed in the T2WI, DWI, and ADC models were wavelet features. It is likely
explained that there is an underlying relationship between wavelet features and TCM syndromes in PCa. The wavelet transform is a
multiscale image analysis method that segments three-dimensional image data into different frequency components along three axes
[26]. This observation was consistent with former studies which adopted wavelet-based features in the radiomics models. A radiomics
study employed support vector machine to preoperatively evaluate lymph node status in patients with intrahepatic chol-
angiocarcinoma [27]. The prediction model was built using five radiomic features, all of which were wavelet features. These studies
demonstrated that wavelet features were notable imaging biomarkers for predicting the grade and aggressiveness of tumors because
they were dramatically associated with the pathological change.

In this study, manual tumor delineation is indeed time-consuming. A single experienced radiologist delineated all lesions to
maintain accuracy and consistency across all ROIs. In addition, when sketching on MRI, pathological results were taken as the
standard. Currently, there are certain difficulties in an automated tumor segmentation method for prostate cancer. A study conducted
by Young et al. demonstrated that the performance of a deep learning-based algorithm (DLA) reached the level of inexperienced
radiologists in detecting and PI-RADS classification of focal lesions in prostate MRI [28]. Therefore, manual tumor delineation per-
formed by experienced radiologist have high accuracy and consistency in the study.

This study still has several limitations. Firstly, the study was a retrospective study and the sample size is relatively small. The
predictive value of radiomics based MR imaging for TCM syndrome types requires prospective study, which means that the results need
to be verified or confirmed by using larger sample sizes with various TCM syndrome patterns of PCa patients. Secondly, patients with
lesions less than 5 mm in diameter on MR imaging were excluded because we could not delineate PCa region segmentation in MR
imaging. This may lead to patient selection bias. While the study has several limitations, we believe that this study methodology
strategy provides adequate validation of the main findings.
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5. Conclusions

The radiomic signature based on MR imaging can be performed as a non-invasive approach to provide some objective basis for
discrimination TCM deficiency syndrome from excess syndrome in PCa, in which ADC model has the best diagnostic efficiency. Further
prospective studies with large size of samples are necessary to confirm our preliminary results. With further research, the radiomic
model may be objectively applied to TCM syndromes classification in PCa.
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