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Abstract

Background: Quantitative assessment of spleen volume on computed tomography (CT) is clinically relevant but is often

approximated using linear measurements. Deep learning–based segmentation enables automated volumetry; however,

population-specific normative spleen volume models for Chinese adults remain limited.

Objectives: To develop a deep learning–based automated CT segmentation model for normal spleens and to derive a Chinese

adult standard spleen volume (SSV) prediction model based on key physiologic factors.

Patients and Methods: A 3D V-Net spleen segmentation model was trained using Dataset 1 (training, n = 3418; validation, n =

413; test, n = 443). Internal validation used Dataset 2 from our institution (n = 1996; January-April 2024), and external validation

used 2809 publicly available thin-slice CT examinations. Model performance was evaluated using the Dice similarity coefficient

(DSC), Hausdorff distance (HD), and volume similarity (VS). For normative modeling, spleen volumes from 578 healthy adults on

portal venous phase CT were analyzed, and candidate prediction variables were assessed using correlation and regression

analyses.

Results: Segmentation performance was high on the test set {DSC, 0.988 (0.984 - 0.989) [median (IQR)]; VS, 0.997 (0.994 -

0.999); HD, 0.017 (0.014 - 0.021)} and remained robust on external validation [DSC, 0.982 (0.974 - 0.987)]. Volume agreement

analyses showed a mean absolute error of 1.945 mL (test set), 3.829 mL (internal validation), and 5.806 mL (external validation).

In the cohort of 578 adults, the spleen volumes ranged from 51.09 to 644.38 cm³, with a median of 177.90 cm³. The median (IQR)

of the x-, y-, and z-axis diameters were 8.71 (7.97 - 9.53) cm, 9.20 (8.20 - 10.46( cm, and 9.10 )8.00 - 10.30( cm, respectively. Age (r =

-0.24, P < 0.0001) and gender (male = 0, female = 1; r = -0.32, P < 0.0001) were negatively correlated with splenic volume (SV),

while height (r = 0.35, P < 0.0001), weight (W; r = 0.45, P < 0.0001), Body Mass Index (BMI; r = 0.32, P < 0.0001), and body surface

area (BSA; r = 0.46, P < 0.0001) were positively correlated with SV. Based on thin-slice portal venous phase CT images, a

bidirectional stepwise selection procedure identified body surface area (BSA) and age as significant predictors. The final model

was: log (SSV) = 3.708 + 0.987 × BSA − 0.00629 × Age (R² = 0.269).

Conclusion: A 3D V-Net model enabled accurate automated spleen segmentation with consistent performance across internal

and external validation cohorts. An SSV prediction model based on BSA and age provides a population-specific reference for

quantitative spleen volumetry in Chinese adults.

Keywords: Standard Splenic Volume (SSV),  Morphometric,  Deep Learning,  Computed Tomography

1. Background

The spleen is an essential organ implicated in

immunity and hematopoiesis. Its volume is variable and

correlates with multiple disorders. Esophageal variceal

bleeding results in a death rate of 25% to 35% in patients

with decompensated liver cirrhosis. Research indicates

that splenomegaly serves as an independent predictor

of this issue (1-5). Chronic dysfunctions of the digestive,

circulatory, and immunological systems, together with

acute viral infections, arterial embolism, and connective

tissue disorders, might influence spleen volume.
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Moreover, age, height, weight, and gender significantly

influence spleen volume (6, 7). Computed tomography

(CT) imaging can identify both diffuse and localized

density irregularities in the spleen. The quantitative

assessment of spleen volume by CT closely corresponds

with actual measurements (8, 9). Radiologists typically

diagnose splenomegaly using semi-quantitative criteria,

most commonly a transverse splenic diameter

exceeding five rib units on axial CT. This technique may

neglect minor alterations in spleen volume, leading to

erroneous assessments regarding the initial

advancement of the disease and inadequate decision-

making. Establishing the normal range of spleen

volume and creating standardized volume prediction

models are essential for assessing splenomegaly and

monitoring disease progression (10, 11). Artificial

intelligence (AI) in medical imaging has led to deep

learning segmentation models for the precise

segmentation of parenchymal organs such as the

pancreas, prostate, kidney, and musculoskeletal system

(12-16). Automatic organ dimension, density, and volume

measurement is possible with this approach. This

technique provides objective, measurable clinical

diagnostic evidence that surpasses qualitative analysis.

This study is reported in accordance with the CLAIM

2024 Update for AI in medical imaging and the

TRIPOD+AI 2024 statement for prediction model studies

using regression or machine-learning methods;

completed checklists are provided in the

Supplementary Materials (17, 18).

2. Objectives

This project aims to develop a deep learning-based

automated segmentation model for normal adult

spleens, enabling precise, automated quantification of

splenic diameter, volume, and CT values. We will

establish a normative model for predicting adult splenic

volume in the Chinese population via correlation

analyses with anthropometric parameters (age, height,

and weight). This work will provide valuable clinical

tools for the quantitative evaluation of splenomegaly

and monitoring of disease progression in clinical

settings.

3. Patients and Methods

3.1. Patients’ Enrollment

This retrospective study was approved by the

institutional review board [No. 2024 (222-004)]. We

retrospectively collected abdominal CT examinations

performed at our institution between January 2023 and

April 2024, including both non-contrast CT (NCCT) and

contrast-enhanced CT (CECT), and identified cases with

clinical and imaging evidence of a “normal” spleen.

Inclusion criteria were: (1) Age ≥ 18 years; (2) CT coverage

of the entire spleen; (3) radiology reports confirming a

normal spleen; and (4) no history of splenic disease or

conditions associated with

splenomegaly/hypersplenism (e.g., hematologic

disorders such as aplastic or hemolytic anemia,

hereditary spherocytosis, leukemia, lymphoma,

macroglobulinemia, or myelofibrosis) and no prior

splenic surgery. Exclusion criteria were: (1) Incomplete

examinations, insufficient scan range, or severe

respiratory motion artifacts; (2) postsplenectomy status

or marked splenic deformity; (3) abnormalities on

image re-review (e.g., abnormal splenic structure or

attenuation, or suspected focal lesions); and (4)

incomplete clinical information. Eligible examinations

were organized into three datasets: Dataset 1 (n = 4274)

for spleen segmentation model development (training

n = 3418; validation n = 413; test n = 443), Dataset 2 (n =

1996) for internal validation. Dataset 2 and Dataset 3 (n =

2656) were used as the candidate pool for

morphometric analyses and standard spleen volume

(SSV) modeling; after applying the above criteria and

restricting analyses to portal venous phase imaging, 578

healthy adults were included for SSV model

development. In the inpatient-derived cohort, some

individuals had multiple admissions; therefore, we

deduplicated records by retaining a single examination

per patient. The overall enrollment, exclusions, dataset

usage, and institutional cohort characteristics are

summarized in Figure 1 and Supplementary Table S1.

3.2. Parameters for CT Acquisition

CT imaging was performed using eight multidetector

CT scanner models at our institution: Siemens

SOMATOM Definition Flash, Siemens SOMATOM Drive,

Siemens SOMATOM Force, GE Discovery CT750HD, GE

Optima CT680 Expert, GE Revolution CT, Philips iCT 256,

and Neusoft NeuViz Prime. Examinations included non-

contrast (NOC) and contrast-enhanced acquisitions

across multiple phases, including arterial phase (AP),

portal venous phase (PVP), and delayed phase (DP).

https://brieflands.com/journals/ijradiology/articles/168436
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Figure 1. Flowchart of patient enrollment and dataset allocation for model development and evaluation. Abbreviations: NOC, non-contrast; AP, arterial phase; PVP, portal venous
phase; DP, delayed phase; SSV, standard spleen volume.

Imaging parameters included slice thicknesses of 5

mm/3 mm (thick) and ≤ 1.25 mm (thin), a matrix size of

512 × 512, tube voltage of 80 - 140 kVp, tube current of 150

- 350 mAs, and a gantry rotation time of 0.5 - 0.8 s.

Imaging characteristics available from the public

releases (including slice thickness and contrast phase

when provided) are summarized in Supplementary

Table S2.

3.3. Training the Segmentation Model Using Dataset 1

Abdominal CT spleen images in Dataset 1 (n = 4274)

were annotated using ITK-SNAP software (version 3.6.0).

Two experienced radiologists manually contoured the

spleen slice by slice, excluding adjacent structures

(splenic vein, splenic artery, diaphragm, gastric wall,

and intestinal tract) and precisely outlining the

irregularly lobulated splenic margin. Discrepancies

were resolved by consensus review, and the final

reference mask for each case was saved only after joint

confirmation by both readers. Dataset 1 was randomly

split into training (n = 3418), validation (n = 413), and test

(n = 443) sets for model development and evaluation.

3.4. Anthropometric Parameters

The Body Mass Index (BMI) is calculated using the

formula BMI = W/H², where W is weight in kilograms

and H is height in meters. Body surface area (BSA) is

computed using the Stevenson formula, adjusted for

Chinese body types: BSA (m²) = 0.0061height (cm) +

0.0124weight (kg)-0.0099 (19). According to Chinese BMI

assessment guidelines for adults 18 and older, the classes

are as follows: A healthy range is 18.5 kg/m² ≤ BMI < 24.0

kg/m², with underweight being BMI < 18.5 kg/m²,

overweight being 24.0 ≤ BMI < 28.0 kg/m², and obesity

being BMI ≥ 28.0 kg/m².

3.5. Model Training

A 3D V-Net architecture with an Nvidia Tesla P100 16G

GPU (Nvidia Corporation, Santa Clara, CA) and PyTorch

v1.7.1 + cu110 (https://pytorch.org/) served as the

foundation for this investigation. The model takes CT

https://brieflands.com/journals/ijradiology/articles/168436
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Figure 2. 3D V-Net–based automatic spleen segmentation workflow and representative satisfactory/unsatisfactory examples.

scans as input and returns three-dimensional

diameters, average CT values, and spleen volume. Image

preprocessing included downsizing to 128 px × 192 px ×

256 px, adjusting the window (center 30 HU, width 300

HU), and enhancing the image with techniques such as

noise injection, denoising, rotation, and shearing. Batch

size 6, learning rate 0.0001, and epoch 400 were the

training settings.

3.6. Evaluation of the Segmentation Model

The spleen segmentation model was evaluated using

both objective and subjective metrics. Objective

performance for the training and test sets was

quantified using Hausdorff distance (HD), volume

similarity (VS), and Dice similarity coefficient (DSC),

standard metrics for assessing segmentation accuracy.

For subjective evaluation, two experienced radiologists

reviewed segmentation outputs from the external

validation cohort, focusing on complete inclusion of the

entire splenic parenchyma (ensuring that no functional

splenic tissue was missed), accurate exclusion of

adjacent non-splenic structures (diaphragm, gastric

wall, intestines, splenic artery, and splenic vein), and

boundary fidelity: Segmentation was classified as under-

segmented if the missed splenic volume exceeded 5% of

the total splenic volume and over-segmented if

extraneous labeling outside the splenic margin

exceeded 5% of the total splenic volume. Suboptimally

segmented images (either under- or over-segmented)

were manually corrected to generate final segmentation

masks. Figure 2 displays the visual results of satisfactory

and unsatisfactory segmentation, respectively. External

validation was performed using 2809 public CT

examinations from AbdomenCT-1K, FLARE23, AMOS, and

RSNA. Dataset-stratified performance is reported in

Supplementary Table S3.

3.7. Quantitative Measurement of the Spleen in Dataset 2
and Dataset 3

The CT series in Dataset 2 (n = 1996) and Dataset 3 (n =

2656) underwent automated spleen segmentation using

the trained model to obtain spleen masks and

volumetric measurements. Dataset 2 was used for

internal validation of segmentation and volume

estimation. Dataset 3 served as the institutional

candidate pool for morphometric analyses and SSV

modeling; after applying the predefined eligibility

criteria and restricting to portal venous phase imaging,

578 healthy adults were included for normative

modeling.

3.8. Statistical Analysis

All statistical analyses were performed using R

(version 4.4.2; R Foundation for Statistical Computing,

Vienna, Austria). A significance level was set at α = 0.05

(P < 0.05 indicating significant differences).

Measurement data with a normal distribution were

reported as mean ± standard deviation, while skewed

data were presented as median [interquartile range]. An

independent-samples t-test was conducted for

comparisons of two independent samples, contingent

upon the fulfillment of normality assumptions; if these

https://brieflands.com/journals/ijradiology/articles/168436
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assumptions were not met, the Mann-Whitney U rank

test was employed. For multiple-group comparisons,

one-way analysis of variance (ANOVA) was applied if

data were normally distributed and passed

homogeneity of variance tests; otherwise, the Kruskal-

Wallis H test was utilized. Pearson correlation was used

to examine relationships between normally distributed

variables and spleen volume. Agreement between AI-

derived and reference volumes was evaluated using

Bland-Altman analysis (mean bias and 95% limits of

agreement), along with the mean absolute error (MAE)

and plots of absolute error versus true volume. Spleen

volume distribution was assessed using descriptive

statistics and graphical methods. Linear regression was

used to model spleen volume as a function of candidate

anthropometric and demographic predictors (age,

height, weight, BMI, and BSA). Candidate variable

selection for prediction was performed using

bidirectional stepwise regression with Akaike

Information Criterion optimization, and

multicollinearity was evaluated using variance inflation

factors. Model assumptions were assessed using

residual diagnostics, including graphical evaluation of

normality and homoscedasticity and formal testing

where appropriate. Because residual diagnostics

indicated violations of normality and constant variance,

the response variable was log-transformed, and the final

model was fitted on the log scale. Model performance

was summarized using R², adjusted R², and root mean

square error. Internal validation was performed using

1,000 bootstrap resamples to estimate optimism-

corrected performance metrics and model shrinkage.

Calibration was evaluated descriptively using observed-

versus-predicted plots on the log scale, with calibration

intercept and slope interpreted cautiously due to in-

sample assessment. Regression coefficients from the

log-linear model were exponentiated to provide

multiplicative interpretations on the original volume

scale. Sensitivity analyses compared reduced models,

and interaction terms were tested to assess effect

modification by sex.

4. Result

4.1. Evaluation of the Spleen Segmentation Model

Table 1 Objective evaluation results of the spleen

segmentation model. Table 1 summarizes the objective

evaluation of the segmentation model across the test,

internal validation, and external validation cohorts. In

the external validation set (n = 2809), the model

maintained strong and consistent performance, with a

DSC of 0.982 [0.974, 0.987] [median (IQR)], a HD of 0.018

[0.012, 0.027] mm [median (IQR)], and a VS of 0.995

[0.989, 0.998] [median (IQR)]. Patient-level

segmentation results are further detailed in Table 2, and

agreement of AI-derived spleen volumes with the

manual reference standard, reported as mean absolute

error (MAE) and relative error (%), is presented in Table 3;

volume agreement and error characteristics are

additionally illustrated in Figure 3A-F. Overall,

segmentation performance differed significantly across

datasets (P < 0.001).

4.2. Analysis of Spleen Morphometric Parameters

Table 4 Baseline characteristics of participants

included in SSV model development (n = 578) Table 4

summarizes the baseline characteristics of the 578

participants included for SSV model development. Out

of 578 eligible individuals, 283 were female (48.96%) and

295 were male (51.04%). Significant differences were

observed in height, weight, BMI, and BSA between the

two groups (P < 0.05), although age differences were not

significant (P > 0.05). This study calculated spleen

volume, CT values (density), and three-dimensional

dimensions using the automated spleen segmentation

model. Thin-slice and thick-slice spleen volumes

correlated significantly throughout the portal venous

phase (PVP) using linear regression. A significant linear

correlation was observed between spleen volumes with

varying thick slices (r = 0.9946, P < 0.0001). The

correlation equation is expressed as y = 1.013x + 1.519,

with y representing the thin-slice volume and x

denoting the thick-slice volume. The distribution of

thin-slice PVP spleen volume (SV), CT values, and three-

dimensional dimensions across BMI groups (Table 5)

showed significant differences (P < 0.05). Table 6 and

Figure 4 provide intergroup comparisons of SV and

three-dimensional dimensions (x, y, and z axes) in thin-

slice imaging non-contrast (NOC), arterial phase (AP),

portal venous phase (PVP), and delayed phase (DP)

sequences.

4.3. Standard Adult Spleen Volume Prediction Model

Thin-slice CT portal venous phase images were used

to assess relevant factors affecting spleen volume in

healthy patients using simple linear regression analysis

https://brieflands.com/journals/ijradiology/articles/168436
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Table 1. Objective Evaluation Results of the Spleen Segmentation Model a

Variables External validation set; (N =
2809)

Internal validation set (N =
1996)

Test set; (N = 443) Training set (N =
3418)

Validate set (N =
413)

Statistic P-
value

DSC 0.982 [0.974, 0.987] 0.979 [0.974, 0.983]
0.988 [0.984,

0.989]
0.988 [0.986, 0.990] 0.988 [0.985, 0.989] 2684.469 < 0.001

VS 0.995 [0.989, 0.998] 0.990 [0.986, 0.994]
0.997 [0.994,

0.999]
0.998 [0.996, 0.999] 0.997 [0.995, 0.999] 2381.773 < 0.001

HD 0.018 [0.012, 0.027] 0.019 [0.015, 0.026] 0.017 [0.014, 0.021] 0.015 [0.013, 0.018] 0.016 [0.014, 0.020] 388.389 < 0.001

Abbreviations: DSC, dice similarity coefficient; VS, volume similarity; HD, Hausdorff distance; Q1, quartile 1; Q3, quartile 3.

a Values are expressed as median [Q1, Q3].

Table 2. Patient-Level Segmentation Metrics a

DataSet No. of Patients DSC VS HD

Test set 166 0.9876 (0.9864, 0.9879) 0.9971 (0.9965, 0.9975) 0.0170 (0.0160, 0.0179)

Internal validation 319 0.9791 (0.9788, 0.9796) 0.9911 (0.9906, 0.9917) 0.0192 (0.0184, 0.0198)

External validation 2809 0.9817 (0.9813, 0.9822) 0.9946 (0.9944, 0.9948) 0.0181 (0.0177, 0.0184)

Abbreviations: DSC, Dice similarity coefficient; VS, volume similarity; HD, Hausdorff distance; CI, confidence interval.

a Values are expressed as median (95% CI of the median; bootstrap).

Table 3. MAE and Relative Error (%) for Volume Estimates a

DataSet MAE Relative-error-percentage

Test set 1.945 0.900

Internal validation 3.829 2.122

External validation 5.806 2.924

Abbreviation: MAE, mean absolute error.

a Mean absolute error (MAE) and relative error (%) for volume estimates. MAE is reported in milliliters (cm³). Relative error is |AI − reference| / reference × 100%.

(Figure 5). A total of 578 healthy individuals were

included. Spleen volume demonstrated substantial

right skewness, prompting log transformation for

modeling. Bidirectional stepwise selection identified

BSA and age as the strongest predictors of spleen

volume. The final log-linear model was: log (SSV) = 3.708

+ 0.987 × BSA - 0.00629 × Age, and its back-transformed

multiplicative form for clinical application: SSV = 40.79

× (2.682) BSA × (0.994) Age, where spleen volume is

measured in milliliters (cm³), BSA in m², and age in

years. In this model, each 1-m² increase in BSA multiplied

expected spleen volume by 2.682 (168.2% increase), while

each additional year of age was associated with a 0.6%

decrease. The model explained 26.9% of the variance on

the log scale (R² = 0.269) and demonstrated stable

performance after bootstrap internal validation

(optimism-corrected R² = 0.261). Residual diagnostics

indicated approximate normality and homoscedasticity

after transformation. Descriptive calibration analysis

showed close agreement between observed and

predicted values without evidence of systematic bias. No

significant interactions with sex were observed, and

sensitivity analyses confirmed the superiority of the BSA

plus age model over reduced alternatives. Detailed

model diagnostics, validation procedures, and

additional analyses are provided in Supplementary

Tables S4-S10 and Supplementary Figures S1-S12.

5. Discussion

This study developed and validated a 3D V-Net

framework based on deep learning for the automated

segmentation of the spleen from routine CT scans. The

model consistently performed well across three

different validation cohorts: An internal test set, an

independent institutional validation set, and a large

https://brieflands.com/journals/ijradiology/articles/168436
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Figure 3. Volume agreement and error characteristics of AI-derived spleen volumetry versus the manual reference. A-C, Show Bland-Altman plots comparing AI-derived spleen
volumes (computed from the predicted segmentation masks) with volumes from radiologist-confirmed reference masks in the test set (n = 443; A), internal validation cohort (n
= 1996; B), and external validation cohort (n = 2809; C). Each point represents one CT examination. The central solid line indicates the mean bias (AI-reference), and the upper and
lower dashed lines indicate the 95% limits of agreement (mean bias ± 1.96 SD), allowing assessment of systematic bias and dispersion across the volume range. D-F, Plot absolute
volume error versus the manual reference volume for the test set (n = 443; D), internal validation cohort (n = 1996; E), and external validation cohort (n = 2809; F). These panels
illustrate whether volume error varies with spleen size (e.g., heteroscedasticity or increased error at larger volumes) and complement the Bland–Altman analyses. Quantitative
volume agreement statistics (MAE and relative error) for all cohorts are reported in Table 3.

external validation set from public datasets. In addition

to assessing overlap and surface metrics, we evaluated

the agreement between the segmented volumes and

radiologist-confirmed reference masks (Figure 3A-F;

Table 3), which further supports the use of automated

segmentation for accurate spleen volumetry. Building

on this, we established a population-specific SSV

prediction model for healthy Chinese adults using key

physiological factors such as BSA and age, providing an

individualized reference for spleen volume assessment.

Given the distinct baseline anthropometrics of Chinese

individuals compared with other populations, our SSV

calculation provides a particularly relevant reference for

Chinese adults. Spleen volume measurement is of

considerable importance in clinical practice, as

alterations in spleen volume can be utilized to monitor

treatment responses and predict prognoses in patients

receiving maintenance chemotherapy for malignant

tumors, immunotherapy for metastatic tumors, and

post-transcatheter arterial chemoembolization (TACE)

for hepatocellular carcinoma. In patients with uremia

undergoing peritoneal dialysis, those exhibiting severe

liver fibrosis, and individuals experiencing esophageal

variceal bleeding, the measurement of spleen volume

contributes to the stratification of disease risk (20-25).

Therefore, accurate measurement of spleen volume is

https://brieflands.com/journals/ijradiology/articles/168436
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Table 4. Baseline Characteristics of Participants Included in SSV Model Development (n = 578) a

Variables Total (n = 578) F (n = 283) M (n = 295) Statistic P-value

Age (y) 56.00 [44.00, 64.00] 56.00 [46.00, 64.00] 56.00 [41.00, 64.50] -0.34 0.734

Height (cm) 167.00 [160.00, 172.00] 160.00 [158.00, 164.00] 172.00 [170.00, 176.00] -18.32 < 0.001

Weight (kg) 66.00 [60.00, 75.00] 60.00 [55.00, 66.00] 74.00 [66.00, 80.00] -13.26 < 0.001

BSA (m²) 1.83 [1.71, 1.96] 1.72 [1.65, 1.81] 1.95 [1.86, 2.06] -15.71 < 0.001

BMI (kg/m²) 24.22 [22.03, 26.47] 23.44 [21.48, 25.94] 24.86 [22.58, 26.86] 12.16 0.007

BMI < 18.5 kg/m² 15 (2.60) 10 (3.53) 5 (1.69) - -

18.5 kg/m² ≤ BMI < 24.0 kg/m² 258 (44.64) 144 (50.88) 114 (38.64) - -

24.0 kg/m² ≤ BMI < 28.0 kg/m² 229 (39.62) 97 (34.28) 132 (44.75) - -

BMI ≥ 28.0 kg/m² 76 (13.15) 32 (11.31) 44 (14.92) - -

Abbreviations: BMI, Body Mass Index; BSA, body surface area; SD, standard deviation; SSV, standard spleen volume; Q1, quartile 1; Q3, quartile 3.

a Values are expressed as mean ± SD or median [Q1, Q3].

Table 5. Distribution of Spleen Volume, CT Values, and Three-Dimensional Diameters Among Different Body Mass Index Groups a

Variables Total; (n = 578) BMI < 18.5 kg/m²; (n =
15)

18.5 ≤ BMI < 24.0 kg/m²; (n =
258)

24.0 ≤ BMI < 28.0 kg/m²; (n =
229)

BMI ≥ 28.0 kg/m² (n =
76)

Statistic P-
value

Volume
(cm³) 195.82 ± 85.04 175.46 ± 75.01 168.76 ± 69.03 212.82 ± 85.31 240.50 ± 103.12 21.01 < 0.001

CT Value
(HU) 101.72 ± 14.00 110.40 ± 13.51 105.77 ± 13.98 98.75 ± 12.91 95.22 ± 12.55 19.74 < 0.001

x (cm) 8.71 [7.97, 9.53] 8.35 [7.52, 8.92] 8.30 [7.50, 8.90] 9.10 [8.33, 9.69] 9.93 [8.72, 10.43] 107.08 < 0.001

y (cm)
9.20 [8.20,

10.46] 8.55 [7.59, 9.09] 8.91 [7.88, 9.92] 9.50 [8.48, 10.83] 9.88 [8.66, 11.06] 33.03 < 0.001

z (cm)
9.10 [8.00,

10.30] 9.17 [8.39, 10.35] 8.80 [7.62, 9.80] 9.30 [8.20, 10.60] 9.50 [8.30, 10.63] 20.94 < 0.001

Abbreviations: BMI, Body Mass Index; HU, Hounsfield unit; Q1, quartile 1; Q3, quartile 3; SD, standard deviation.

a Values are expressed as mean ± SD or median [Q1, Q3].

Table 6. Distribution of Spleen Volume, CT values, and Three-Dimensional Diameters in Different Phases a

Variables

Total (n=2354) NOC AP PVP DP

Male;
(n=1245)

Female;
(n=1109)

Statistic
(P-value)

Male;
(n=308)

Female;
(n=266)

Statistic
(P-value)

Male
(n=276)

Female;
(n=284)

Statistic
(P-value)

Male
(n=295)

Female;
(n=283)

Statistic
(P-value)

Male;
(=366)

Female;
(n=276)

Statistic
(P-value)

CT value
(HU)

80.76
[54.92,
97.19]

89.32
[55.03,
110.5]

570894 (<
0.001)

46.59
[43.07,
50.2]

45.34 ± 4.5 46159
(0.01)

102.34
[93.78,
110.93]

114.99
[104.59,
126.08]

20722 (<
0.001)

96.08
[88.96,
103.48]

105.6
[96.26,
114.75]

25640 (<
0.001)

73.83
[67.89,
80.14]

80.09 [73.19,
85.09]

35210 (<
0.001)

Volume
(cm³)

202.74
[160.43,
260.52]

149.92
[119.64,
192.66]

979201 (<
0.001)

200.40
[154.66,
252.56]

143.98
[115.89,
191.18]

57546 (<
0.001)

203.08
[158.06,
256.03]

148.37
[118.93,
185.02]

55890 (<
0.001)

203.80
[161.65,
261.21]

158.33
[122.88,
199.80]

58463 (<
0.001)

205.13
[166.90,
267.31]

149.97 [120.84,
194.99]

72441 (<
0.001)

x (cm) 9.17 [8.41,
9.87]

8.32 [7.59,
9.08]

961649.5
(< 0.001) 9.09 ± 1.21 8.25 ± 1.12

8.61 (<
0.001) 9.08 ± 1.10

8.28 [7.53,
8.98]

54463 (<
0.001) 9.14 ± 1.12

8.31 [7.53,
9.15]

57770 (<
0.001) 9.26 ± 1.06 8.46 ± 1.05

9.52 (<
0.001)

y (cm) 9.62 [8.47,
10.90]

8.90 [7.72,
9.93]

867135.5 (<
0.001)

9.59 [8.50,
10.80]

8.86 [7.66,
10.01]

51623.5 (<
0.001)

9.71 ± 1.90 8.87 [7.72,
9.85]

49464 (<
0.001)

9.62 [8.50,
10.89]

8.96 [7.84,
9.89]

52142 (<
0.001)

9.74 ± 1.92 8.97[7.67,10.05] 63098.5 (<
0.001)

z (cm) 9.43 ± 1.85 8.50 [7.52,
9.52]

881738.5 (<
0.001)

9.31 ± 1.81 8.45 [7.50,
9.50]

51987 (<
0.001)

9.44 ± 1.82 8.45 [7.50,
9.50]

51171 (<
0.001)

9.54 ± 1.90 8.70 [7.69,
9.70]

52175 (<
0.001)

9.43 ± 1.86 8.40 [7.50, 9.52] 65141.5 (<
0.001)

Abbreviations: HU, hounsfield unit; Q1, quartile 1; Q3, quartile 3; SD, standard deviation; NOC, non-contrast; AP, arterial phase; PVP, portal venous phase; DP, delayed phase.

a Values are expressed as mean±SD or median [Q1, Q3].

essential for personalized diagnostic and therapeutic

decision-making. This study's model exhibits superior

segmentation performance on the training dataset,

establishing a basis for its application in complex

clinical scenarios. This study developed a spleen

segmentation model for thin-slice CT images using a 3D

V-Net architecture, enabling automated spleen

segmentation across a large sample cohort. It employed

thin-slice PVP CT images for spleen volume analysis

because of their superior organ contrast, extensive

https://brieflands.com/journals/ijradiology/articles/168436
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Figure 4. Average CT values (HU) on contrast-enhanced CT across different phases in males and females. Across all contrast-enhanced spleen CT phases, males exhibited
significantly lower mean splenic attenuation than females (P < 0.05). Abbreviations: HU, Hounsfield unit; NOC, non-contrast; AP, arterial phase; PVP, portal venous phase; DP,
delayed phase.

scanning coverage, and distinct thin-slice

reconstruction capabilities. Subsequent analysis

revealed a significant correlation between spleen

volumes derived from thin-slice and thick-slice CT

images — meaning that in the absence of thin-slice data,

conventional spleen volume prediction models can still

assess volume normality by leveraging this correlation

with thick-slice-derived volumes. Across all phases of

contrast-enhanced spleen CT, males exhibited a

significantly lower average CT value than females (P <

0.05), consistent with findings from a previous study

(26). Most prior deep learning-based spleen

segmentation studies focused on populations in which

spleen volume might be affected, such as patients with

liver fibrosis or those undergoing peritoneal dialysis

(24, 25) — and rarely included systematic analyses of

spleen morphological traits or their association with

physiological parameters. In contrast, this study marks

the first application of such an approach to a healthy

cohort, examining how these physiological variables

correlate with spleen volume. Consistent with prior

research, linear regression analysis showed significant

correlations between adult spleen volume and age,

gender, weight, height, BSA, and BMI (all P < 0.05) (27-

30). The study conducted a BMI-stratified analysis to

investigate factors affecting spleen volume, revealing

statistically significant differences in volume among

BMI categories (P < 0.05). Adult males had a significantly

larger median spleen volume (203.80 cm³) than females

(158.33 cm³, P = 0.005), a result consistent with the

findings reported by other authors (28, 29).

Moreover, age showed a negative association with

spleen volume, a trend likely due to age-related organ

atrophy, as supported by extensive prior research (12, 14,

29, 31, 32). Existing evidence indicates that spleen

volume varies with population characteristics and

anthropometric factors, and differences across

countries and ethnic groups have been reported (33-35).

Therefore, using fixed linear cutoffs (e.g., a single spleen-

length threshold) as universal criteria for splenomegaly

may not adequately account for inter-individual

differences in body size and may lead to

misclassification (27, 36). CT-based volumetric studies

further show that although single linear measurements

can be convenient for rapid screening, they are sensitive

to splenic morphology and spatial orientation. Because

enlargement may occur in a multidirectional and

irregular manner, linear surrogates can deviate from

true volume in a systematic way (37). These observations

support threshold strategies that incorporate covariates

https://brieflands.com/journals/ijradiology/articles/168436
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Figure 5. A correlation study was performed on the determinants affecting spleen volume in healthy persons, listed in the following sequence: Age, height, body weight, Body
Mass Index (BMI), and body surface area (BSA).

such as age, sex, and BMI rather than relying on a single

“one-size-fits-all” length cutoff (34). In addition,

automated volumetry offers a practical route to clinical

implementation. Prior work has demonstrated

automated spleen volume analysis for splenomegaly

detection and grading (10), and later large-scale

opportunistic screening studies using deep learning–

based segmentation established workflows that link

automated volumetry to weight-adjusted volumetric

thresholds for initial screening (27). Related studies also

suggest that volumetric metrics may provide

incremental value over two-dimensional measurements

for risk assessment and longitudinal monitoring in

chronic liver disease settings (38, 39). Against this

background, the present study focuses on population

calibration by developing an SSV prediction model for

healthy Chinese adults, acknowledging potential

baseline anthropometric differences from previously

reported Western cohorts (34). Consistent with a

physiology-driven framework, BMI-stratified analyses in

our cohort showed statistically significant differences in

spleen volume across BMI categories (P < 0.05). With

respect to future implementation, the proposed

“automated segmentation + SSV prediction” approach

can be used in opportunistic screening by quantifying

the deviation of observed spleen volume from the

individualized SSV (e.g., as a percent deviation on the

original scale), thereby enabling an interpretable

assessment of whether spleen volume exceeds the

expected range without reliance on a single linear

cutoff. Future work in disease-enriched cohorts (e.g.,

cirrhosis/portal hypertension and hematologic

disorders) should evaluate these SSV-referenced

deviation metrics against established weight-based

volumetric thresholds and commonly used linear

indices to define clinically useful screening cutoffs and

operating points (37). This research has several

limitations: The single-center design risks introducing

selection bias, and the uneven age distribution may

compromise the generalizability of the results —

https://brieflands.com/journals/ijradiology/articles/168436
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subsequent multicenter, multi-population, large-sample

studies will be essential to enhance the universality of

the conclusions. The study included only adults aged 18 -

89 years, so the SSV formula may not apply to children or

adolescents. Model efficacy also requires validation

through prospective studies to confirm its diagnostic

utility for early splenomegaly. Additionally, the model

was developed for individuals with morphologically

normal spleens and has limited adaptability to

anatomical variants (e.g., splenohepatic wrapping

associated with beaver tail liver) or pathological

conditions; incorporating more complex clinical

scenarios will be key to improving the algorithm’s

robustness. Given these limitations, the clinical

application of the study’s conclusions should be

approached cautiously. Moreover, these findings point

to future research directions: Expanding sample

diversity, integrating multi-source data, and

strengthening algorithm validation in complex clinical

settings.

In conclusion, the deep learning-based 3D V-Net

spleen segmentation model functions as an effective

tool for accurately quantifying spleen characteristics,

including volume, CT values, and three-dimensional

diameters. The SSV formula presented [log (SSV) = 3.708

+ 0.987 × BSA − 0.00629 × Age (R² = 0.269)] and the

reference range for normal spleen size offer quantitative

benchmarks tailored to the Chinese population, which

can aid in identifying splenomegaly. By incorporating

variables such as age, gender, and body weight, the

model enables personalized prediction of spleen

volume, providing a foundation for clinical decision-

making. Future research should focus on improving the

model’s efficacy in complex scenarios (e.g., anatomical

variants or pathological conditions) and advancing the

clinical application of quantitative imaging for

evaluating splenic diseases.
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