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Abstract: Background: Prostate cancer poses a significant risk to men’s health. In this study, a model for differ-
entiating benign and malignant nodules in the central region of the prostate was constructed by combining multi-
parametric MRI and hematological lab values. Methods: This retrospective study analyzed the data acquired from 
Lianyungang First People’s Hospital and The Second Affiliated Hospital of Hainan Medical College from January 
2018 to December 2021. We included 310 MRI-confirmed prostatic nodule patients. The data were split into a train-
ing set (260 cases) and an external validation set (50 cases), with the latter exclusively from The Second Affiliated 
Hospital of Hainan Medical College to test the model’s generalizability. Univariate and multivariate logistic regres-
sion identified critical measurements for differentiating prostate cancer (PCa) from benign prostatic hyperplasia 
(BPH), which were then integrated into a nomogram model. Results: The key indicators determined by multivariate 
logistic regression analysis included apparent diffusion coefficient (ADC), standard deviation (StDev), neutrophil to 
lymphocyte ratio (NLR), and prostate specific antigen (PSA). The nomogram’s performance, as indicated by the area 
under the curve (AUC), was 0.844 (95% CI: 0.811-0.938) in the training set and 0.818 (95% CI: 0.644-0.980) in the 
external validation set. Calibration and decision curves demonstrated that the nomogram was well-calibrated and 
could serve as an effective tool in clinical practice. Conclusion: The nomogram model based on ADC, StDev, NLR 
and PSA may be helpful to identify PCa and BPH.
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Introduction

Prostate cancer (PCa) is the second most prev-
alent malignant tumor in men worldwide, fol-
lowing lung cancer [1]. PCa is an age-related 
disease, typically diagnosed in patients around 
the age of 66 years [2]. In clinical practice, 30% 
of PCa cases manifest in the central gland (CG) 
[3], a region prone to benign prostatic hyperpla-
sia (BPH). Because it presents similarly to BPH 
in magnetic resonance imaging (MRI) signal 
characteristics, it can be easily overlooked [4]. 
Transrectal random transrectal ultrasound is 
considered the gold standard for diagnosing 

PCa [5]. However, it is an invasive procedure 
that frequently leads to complications, includ-
ing rectal bleeding and hematuria [6]. Prostate-
specific antigen (PSA) has traditionally served 
as a screening tool for PCa, yet its specificity is 
notably limited. Studies indicate that the speci-
ficity of PSA for PCa can be as low as 25% [7], 
leading to the issue of overdiagnosis. This un- 
derscores the urgent need for developing alter-
native diagnostic methods. Alongside PSA test-
ing, imaging examinations play a crucial role in 
the diagnosis of PCa, notably MRI with excellent 
soft component resolution and multi-parameter 
imaging capabilities. As MRI technology advanc-
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es, multi-sequence imaging techniques such 
as T2-weighted imaging (T2WI), diffusion-wei- 
ghted imaging (DWI), and dynamic contrast 
enhancement (DCE) have emerged. The adop-
tion of multi-parametric MRI (Mp-MRI) has seen 
rapid progress and use in the field of PCa diag-
nosis [8].

Yana et al. [9] highlighted that combining PSA 
with Mp-MRI could enhance diagnostic accura-
cy. Furthermore, the significance of inflamma-
tory markers in cancer diagnosis and prognosis 
assessment has garnered increasing attention 
in recent years. Jethwani et al. [10] proved the 
predictive value of the neutrophil-to-lympho-
cyte ratio (NLR) in PCa, while Xu et al. [11] eval-
uated the effect of monocyte-to-lymphocyte 
ratio (MLR) in the diagnosis of PCa and found 
that it may be another good predictor of PCa. 

In response to these findings, we developed a 
nomogram model that integrates Mp-MRI with 
haematological markers of inflammation to dif-
ferentiate between PCa and benign prostatic 
hyperplasia (BPH). This model leverages the 
precision of MRI and enhances it with inflam-
matory hematological laboratory values, pro-

260) and an external verification set (n = 50). 
The training set was used for the construction 
and internal verification of the nomograph 
model, and the verification set was used for the 
external verification of the model. The external 
validation set was exclusively sourced from The 
Second Affiliated Hospital of Hainan Medical 
College. 

Ethics statement

This study was approved by the Medical Ethics 
Committee of Lianyungang first people’s Hos- 
pital and The Second Affiliated Hospital of 
Hainan Medical College. Due to its retrospec-
tive nature, written informed consent was ex- 
empted since we anonymized all information 
related to patient privacy. 

Inclusion and exclusion criteria

Inclusion Criteria: (i) MRI scans including axial 
T2WI, DWI and DCE showing a nodular signal in 
the central area of the prostate; (ii) Diagnosis of 
BPH or PCa by transrectal ultrasound biopsy 
within 1-2 weeks following the MRI examination 
[14]. 

Figure 1. Inclusion and exclusion of patients. MRI, magnetic resonance im-
aging; Pca, Prostate cancer; BPH, Benign prostatic hyperplasia.

viding a more holistic app- 
roach compared to previous 
models that may have relied 
excessively on a single diag-
nostic marker [12, 13]. By 
combining Mp-MRI and blood 
biomarkers, our model aims 
to significantly improve diag-
nostic accuracy, which is vital 
for correctly distinguishing be- 
tween PCa and BPH.

Materials and methods

Data sources

The data were acquired from 
the electronic case system of 
Lianyungang First People’s 
Hospital and the Second Affi- 
liated Hospital of Hainan Me- 
dical College from January 
2018 to December 2021. A 
total of 310 patients who 
underwent MRI examination 
and were confirmed to have 
prostate nodules were includ-
ed in the study. They were 
divided into a training set (n = 
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Table 1. Variance inflation factor values of all 
independent variables
Variable VIF
Age (years) 1.101
Ktrans (min-1) 1.095
Kep (min-1) 1.094
Ve 1.087
FA 1.062
ADC (10-3 mm2/s) 1.082
Entroy 1.098
Meam 1.044
StDev 1.142
Inhomogenity 1.124
Skewness 1.103
Kurtosis 1.068
NLR 1.077
PLR 1.141
MLR 1.081
MPV 1.079
RDW 1.102
PSA (ng/mL) 1.214
fPSA/tPSA 1.087
Ktrans, transport constant; Kep, rate constant; Ve, 
extravascular extracellular space volume fraction; FA, 
fractional anisotropy; ADC, apparent diffusion coefficient; 
StDev, standard deviation; NLR, neutrophil to lymphocyte 
ratio; PLR, platelet to lymphocyte ratio; MLR, monocyte 
to lymphocyte ratio; MPV, mean platelet volume; RDW, 
red blood cell distribution; PSA, prostate specific antigen; 
tPSA, total prostate specific antigen; fPSA, free prostate 
specific antigen.

Exclusion Criteria: (i) History of treatment for 
the prostate disease (such as endocrine thera-
py, radiation therapy, and chemotherapy) and 
prior prostate biopsy before the MRI examina-
tion; (ii) Presence of other malignancies; (iii) 
Poor quality of MRI images and incomplete he- 
matological data; (iv) Transrectal ultrasound 
biopsy diagnosis of PCa concurrent with BPH.

The flow chart details the specific selection pro-
cess (Figure 1).

Data collection

Chunling Xu and Yupeng Zhang collected 
patient-related data from the hospital’s elec-
tronic case management system and MIR 
image storage system, encompassing demo-
graphic information such as age, prostate spe-
cific antigen (PSA), total prostate specific anti-
gen (tPSA), free prostate specific antigen (fPSA), 

fPSA/tPSA (f/t), neutrophil to lymphocyte ratio 
(NLR), platelet to lymphocyte ratio (PLR), mono-
cyte to lymphocyte ratio (MLR), mean platelet 
volume (MPV), and red blood cell distribution 
(RDW). Additionally, they collected DCE-MRI 
imaging parameters, including the volume 
transport constant (Ktrans), rate constant 
(Kep), and extravascular extracellular space 
volume fraction (Ve), as well as DWI-MRI imag-
ing parameters such as fractional anisotropy 
(FA) and apparent diffusion coefficient (ADC). 
T2WI-MRI imaging parameters were also 
included, with texture results characterized  
by entropy, mean, standard deviation (StDev), 
inhomogeneity, skewness, and kurtosis. All 
Mp-MRI texture results were derived from the 
regions of interest (ROI) delineated using the 
FireVoxel software (Visual Studio 2019).

Outcome measures

The primary outcome measure was the discrim-
inative ability of the nomogram model for dif-
ferentiating PCa from BPH, quantified by the 
receiver operating characteristic (ROC) curve 
and the area under the curve (AUC). Secondary 
outcome measures included the model’s cali-
bration as assessed by the calibration curve, 
and its clinical applicability as demonstrated by 
DCA.

Statistical methods

Texture analysis of T2WI-MRI lesions was con-
ducted using Fire Voxel, while preliminary data 
screening was performed using SPSS 23.0. 
Model discrimination was evaluated by the 
C-index, and internal validation was conducted 
using 1000 Bootstrap resamples. The DeLong 
test was used to statistically compare the AUC 
between groups to ensure the assessment of 
our model’s predictive accuracy. Decision curve 
analysis (DCA) was used to evaluate the clinical 
benefit range of the model. A p-value <0.05 
was considered significant.

Results

Patient characteristics

Among the 310 subjects included, there were 
55 patients with PCa and 255 patients with 
BPH. They were divided into a training set (PCa 
group [n = 43]; BPH group [n = 217]) and a vali-
dation set (PCa group [n = 12]); BPH group [n = 
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Table 2. Differences between PCa group and BPH group

Variable PCa group  
(n = 43)

BPH group  
(n = 217) t value P value

Age (years) 65.51±5.89 64.03±8.33 1.114 0.266
Ktrans (min-1) 0.89±0.20 0.81±0.15 2.887 0.004
Kep (min-1) 1.10±0.08 1.09±0.04 1.254 0.211
Ve 0.76±0.14 0.75±0.16 0.273 0.785
FA 0.25±0.01 0.25±0.01 1.666 0.097
ADC (10-3 mm2/s) 1.49±0.11 1.56±0.10 4.001 <0.001
Entroy 3.97±0.29 4.01±0.18 1.171 0.243
Meam 105.48±25.45 110.69±30.06 1.064 0.289
StDev 12.59±3.97 17.94±5.21 6.374 0.001
Inhomogenity 0.15±0.03 0.15±0.01 0.921 0.358
Skewness 0.47±0.12 0.50±0.11 1.858 0.064
Kurtosis 1.42±0.35 1.42±0.60 0.079 0.937
NLR 1.73±0.34 1.45±0.24 6.357 <0.001
PLR 157.92±45.56 128.95±35.10 4.690 <0.001
MLR 0.26±0.07 0.25±0.05 1.314 0.190
MPV 11.01±0.89 11.03±0.79 0.161 0.873
RDW 12.79±0.68 12.82±0.58 0.300 0.764
PSA (ng/mL) 8.76±3.94 5.14±1.98 9.000 <0.001
fPSA/tPSA 0.37±0.06 0.39±0.05 1.898 0.059
Ktrans, volume transport constant; Kep, rate constant; Ve, extravascular extra-
cellular space volume fraction; FA, fractional anisotropy; ADC, apparent diffusion 
coefficient; StDev, standard deviation; NLR, neutrophil to lymphocyte ratio; PLR, 
platelet to lymphocyte ratio; MLR, monocyte to lymphocyte ratio; MPV, mean 
platelet volume; RDW, red blood cell distribution; PSA, prostate specific antigen; 
tPSA, total prostate specific antigen; fPSA, free prostate specific antigen.

38]). After collinearity diagnosis (Table 1), the 
variance inflation factor (VIF) of all variables in 
this study was less than 10, indicating no sig-
nificant multicollinearity among the indepen-
dent variables. There were significant differ-
ences in Ktrans, ADC, StDev, NLR, PLR and PSA 
between the PCa group and BPH group in the 
training set (Table 2). To enhance the clarity for 
the interpretation of subsequent indicators, we 
employed the median values from the BPH 
patients as the threshold for categorizing 
Ktrans, ADC, StDev, NLR, PLR, and PSA in the 
multivariate regression analysis, where ADC, 
StDev, NLR, and PSA were identified as key vari-
ables for distinguishing between PCa and BPH 
(Table 3).

Construction of nomogram model

To differentiate between benign and malignant 
nodules in the central region of the prostate, 
we constructed a nomogram using ADC, StDev, 
NLR, and PSA (Figure 2). In this model, the total 
score for each patient is the sum of the scores 

of each factor. For example, a 
patient with ADC = 1.5 * 10-3 
mm2/s, StDev = 5, NLR = 1.6, 
PSA = 8 would have scores of 
32, 67, 41, 47, respectively for 
each factor, with a total score  
of 187 points, and the corre-
sponding probability of PCa 
would be 0.67 (Figure 3). 

Additionally, we conducted a 
comparative analysis to evalu-
ate the predictive efficacy of 
integrating PSA with MRI-deriv- 
ed imaging metrics and blood 
laboratory values. This analysis 
compared the performance of 
PSA combined with multi-para-
metric MRI (Mp-MRI) indicators, 
such as ADC and StDev, against 
PSA integrated with inflamma-
tory biomarkers like NLR. The 
comparative findings indicated 
that a nomogram model, which 
incorporated ADC, StDev, NLR, 
and PSA, demonstrated a su- 
perior AUC within the training 
cohort, as detailed in Table 4.

Verification of the nomogram 
model

The internal validation of the nomogram 
showed an AUC of 0.844 (95% CI: 0.811-
0.938), sensitivity of 0.884, and specificity of 
0.742, demonstrating robust performance. The 
C-index was 0.843 (Figure 4A), Hosmer-Leme- 
show chi-square was 8.343 (P = 0.401), and 
the calibration curve (Figure 5A) showed a 
good agreement between the predicted and 
observed values of the nomogram. Decision 
curve analysis (DCA) showed that the model 
provided clinical benefits in differentiating 
benign from malignant nodules across a deci-
sion threshold range of 10% to 100% (Figure 
6A). 

There was no significant difference in general 
data between the training group and the valida-
tion group (All P>0.05, Table 5). External valida-
tion of the nomogram yielded an AUC of 0.818 
(95% CI: 0.644-0.980), sensitivity of 0.750, 
specificity of 0.941, and C-index of 0.819 
(Figure 4B). The DeLong test showed that there 
was no significant difference in AUC between 
the internal validation and external validation 
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Table 3. Results of multivariate logistic regression
Variable β SE Wald χ2 P OR (95% CI)
Ktrans (min-1)
    ≤0.80 1
    >0.80 0.804 0.410 3.848 0.050 2.234 (1.001-4.988)
ADC (10-3 mm2/s)
    ≤1.57 1
    >1.57 -0.993 0.444 4.991 0.025 0.371 (0.155-0.885)
StDev
    ≤17.78 1
    >17.78 1.824 0.498 13.420 <0.001 1.161 (0.061-0.428)
NLR
    ≤1.45 1
    >1.45 1.449 0.432 11.250 <0.001 4.260 (1.826-9.936)
PLR
    ≤127.42 1
    >127.42 0.602 0.412 2.135 0.144 1.826 (0.814-4.097)
PSA (ng/mL)
    <5.13 1
    >5.13 1.361 0.449 9.190 0.002 3.900 (1.618-9.400)
Ktrans, volume transport constant; StDev, standard deviation; ADC, apparent diffusion coefficient; NLR, neutrophil to lympho-
cyte ratio; PLR, platelet to lymphocyte ratio; PSA, prostate specific antigen.

Figure 2. Nomogram model to predict PCa. ADC, apparent diffusion coef-
ficient; StDev, standard deviation; NLR, neutrophil to lymphocyte ratio; PSA, 
prostate specific antigen; Pca, Prostate cancer.

(Z = 1.322, P = 0.186). The calibration curve 
(Figure 5B) showed good agreement between 

the predicted and observed 
values of the nomogram. DCA 
(Figure 6B) was plotted us- 
ing validation set data and 
showed that when the thresh-
old probability was 17%-90%, 
model screening could benefit 
patients in clinical practice, 
highlighting the model’s prac-
tical value in clinical settings. 

Discussion

Prostate cancer typically aris-
es from the acinar or ductal 
epithelium of the prostate 
gland and often coexists with 
benign prostatic hyperplasia 
[15]. Malignancy can develop 
from benign prostatic nod-
ules. While prostate cancer 
predominantly originates in 
the peripheral zone, which is 
distinct from BPH, a small per-
centage of cases develop in 
the central gland where BPH 
is commonly located [16]. The 

early clinical symptoms of both PCa and benign 
BPH often lack specific distinguishing features. 
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Figure 3. Nomogram model to predict PCa. ADC, apparent diffusion coef-
ficient; StDev, standard deviation; NLR, neutrophil to lymphocyte ratio; PSA, 
prostate specific antigen; Pca, Prostate cancer.

Table 4. Comparison of the effect of different index modeling on 
the identification of PCa and BPH in the training set
Model AUC Z P
ADC+StDev+NLR+PSA 0.884 (0.811-1.938)
ADC+StDev+PSA 0.842 (0.780-0.903) 1.972a 0.049
NLR+PSA 0.821 (0.762-0.890) 2.353a 0.019
a, Comparison of AUC with the modeling group based on indicators of ADC, StDev, 
NLR, and PSA.

By the time noticeable symptoms appear, pa- 
tients may already be in the intermediate to 
advanced stages of cancer, missing the opti-
mal window for treatment [17]. Early detection 
and regular screenings are therefore crucial for 
timely intervention. The nomogram model pro-
posed in this research could assist health- 
care providers in early detection of benign and 
malignant prostate lesions, enabling effective 
disease management. Through the analysis of 
ROC curves, calibration curves, and DCA, it was 
observed that the nomogram model demon-
strated favorable clinical discrimination, accu-
racy, and clinical utility. By utilizing this nomo-
gram model, medical professionals can predict 
the likelihood of malignant prostate nodules by 
calculating the total score based on various 
factors indicated in the nomogram, facilitating 

early identification and inter- 
vention.

Our study shows that MRI 
parameters ADC and StDev 
were influencing factors for 
malignancy of prostatic nod-
ules. DWI is a non-invasive 
functional imaging technique 
that observes the motion of 
water molecules within living 
tissues [18]. In the context  
of prostatic imaging, DWI 
holds significant utility and 
can effectively detect early le- 
sions, contributing to the early 
diagnosis and management of 
prostate conditions [19]. ADC 
value serves as a quantitative 
measure indicative of the dif-
fusion capacity of water mo- 
lecules in DWI [15]. In PCa 
patients, the densely packed 
and proliferating cancer cells 
lead to restricted intercellular 
spaces, impeding the diffu-
sion of water molecules and 
consequently resulting in de- 
creased ADC values [21]. In 
contrast, although BPH also 
involves cell proliferation, it 
primarily affects the growth of 
interstitial components such 
as fibroblasts, with minimal 
changes in prostate cell vol-
ume, contributing to a relative-

ly stable ADC value alteration [22]. Research 
indicates that the combination of DWI with ADC 
can achieve high specificity and sensitivity for 
diagnosing PCa [23]. While T2WI offers superi-
or resolution for depicting the anatomic struc-
ture of the prostate compared to DWI [24], both 
PCa and BPH exhibit low signal intensities on 
T2WI images, leading to challenges in differen-
tial identification [25]. By utilizing histogram 
analysis, texture features from T2WI images 
can be extracted, aiding in the differentiation of 
PCa from other prostate conditions [26]. In this 
study, the software Fire Voxel was employed to 
extract five texture quantitative parameters 
from the images, with only StDev showing sta-
tistical differences between the groups. StDev 
denotes the variation in signal intensity within 
the tissue [27]. When tumor tissue hyperplasia 
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Figure 4. ROC curve of the model in internal validation and external validation. A. Internal validation; B. External 
validation.

Figure 5. Calibration curves of the model in internal validation and external validation. A. Internal validation; B. 
External validation.

replaces the original structures like glands, 
stroma, and blood vessels, forming irregular or 
patchy tumor parenchyma, it diminishes the 
morphologic diversity of tissue structure, there-
by resulting in a smaller StDev value than that 
of proliferative tissue.

Many studies have confirmed the role of inflam-
mation in tumors, including NSCLC [28], colon 
cancer [29], and breast cancer [30]. Adhyatma 
et al. showed that NLR and PLR may be predic-

tors of PCa [31]. Espinoza et al. found that PCa 
patients had higher NLR and PLR than BPH 
patients [32]. We also found that NLR and PLR 
were significantly different between the two 
groups. Through multivariate logistic regres-
sion, we found that NLR, rather than PLR, was 
an influencing factor for PCa, which may be 
related to the difference in patient data we 
included. PSA, a tissue-specific single-chain 
polypeptide secreted by prostate acinar and 
ductal epithelial cells [33], was approved by the 
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Figure 6. DCA of the model in internal validation and external validation. A. Internal validation; B. External validation.

Table 5. Comparison of data between training group and valida-
tion group

Variable Training sets 
(n = 260)

External Validation  
set (n = 50) t value P 

value
Age (years) 64.27±7.98 65.26±7.44 0.809 0.419
Ktrans (min-1) 0.82±0.16 0.81±015 0.569 0.570
Kep (min-1) 1.09±0.05 1.09±0.05 0.177 0.859
Ve 0.75±0.16 0.75±0.14 0.077 0.939
FA 0.25±0.01 0.25±0.01 1.747 0.082
ADC (10-3 mm2/s) 1.55±0.10 1.55±0.11 0.056 0.956
Entroy 4.01±0.20 4.00±0.20 1.551 0.122
Meam 109.83±29.37 107.72±32.40 0.457 0.648
StDev 17.05±5.40 16.51±4.88 0.658 0.511
Inhomogenity 0.15±0.02 0.15±0.02 1.134 0.258
Skewness 0.49±0.11 0.52±0.10 1.487 0.138
Kurtosis 1.42±0.57 1.50±0.66 0.133 0.894
NLR 1.50±0.28 1.57±0.29 1.644 0.101
PLR 133.74±38.48 131.62±31.99 0.365 0.715
MLR 0.25±0.05 0.26±0.06 0.835 0.404
MPV 11.02±0.81 11.10±0.82 0.573 0.567
RDW 12.81±0.60 12.89±0.56 0.896 0.371
PSA (ng/mL) 5.74±2.76 5.38±2.32 0.875 0.382
fPSA/tPSA 0.39±0.05 0.39±0.05 0.062 0.951
Ktrans, volume transport constant; Kep, rate constant; Ve, extravascular extracel-
lular space volume fraction; FA, fractional anisotropy; ADC, apparent diffusion 
coefficient; StDev, standard deviation; NLR, neutrophil to lymphocyte ratio; PLR, 
platelet to lymphocyte ratio; MLR, monocyte to lymphocyte ratio; MPV, mean 
platelet volume; RDW, red blood cell distribution; PSA, prostate specific antigen; 
tPSA, total prostate specific antigen; fPSA, free prostate specific antigen.

US Food and Drug Administration (FDA) for the 
detection of PCa in 1986, with PSA<4 ng/mL 
considered normal [34]. However, later studies 

have revealed that the specific-
ity of PSA screening based on 
this threshold is very low, le- 
ading to a high false-positive 
rate and potential misdiagnos-
es. Therefore, PSA in the range 
of 4-10 ng/mL is now consid-
ered to be a gray area, neces-
sitating additional markers for 
accurate identification. Our stu- 
dy developed a nomogram that 
combines PSA with other indi-
cators including ADC, StDev, 
and NLR to distinguish PCa 
from BPH, and achieved good 
discrimination. The verification 
results of the model showed 
that the AUC was 0.844, the 
sensitivity and specificity were 
0.844, and 0.724, respectively. 
Compared to the internal vali-
dation, the AUC (0.818) and 
sensitivity (0.750) of the mo- 
del in the external validation 
decreased slightly, and the 
specificity (0.941) increased 
slightly, but the overall differ-
ence was not significant, af- 
firming the model’s robustness 
and reliability across different 
patient populations.

However, this study has limitations. As a retro-
spective analysis, there is an inherent risk of 
selection bias. Additionally, the external valida-
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tion set, despite being from a different hospital, 
had a smaller sample size, which may contrib-
ute to a wider confidence interval observed for 
the AUC value. The disparity in sample sizes 
between the PCa and BPH groups could also 
affect the model’s robustness. To address 
these issues, future research needs to employ 
a prospective design with larger and more di- 
verse cohorts to enhance the model’s external 
validity and confirm our findings.

Conclusions

The nomogram model based on ADC, StDev, 
NLR and PSA demonstrates utility in distin-
guishing PCa from BPH. This tool offers a prom-
ising approach for improving diagnostic ac- 
curacy and could significantly aid in the early 
identification and appropriate management of 
these conditions.
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