Zhu et al. BMC Medical Imaging (2024) 24:210
https://doi.org/10.1186/512880-024-01392-4

BMC Medical Imaging

L ®
Development and validation of a model ey

predicting adrenal lipid-poor adenoma
based on the minimum attenuation
value from non-contrast CT: a dual-center
retrospective study

Hanlin Zhu'3", Mengwei Wu?*', Bo Feng', Haifeng Zhang', Chunfeng Hu?, Tong Zhang® and Zhijiang Han*'

Abstract

Objective The early differentiation of adrenal lipid-poor adenomas from non-adenomas is a crucial step in reduc-
ing excessive examinations and treatments. This study seeks to construct an eXtreme Gradient Boosting (XGBoost)
predictive model utilizing the minimum attenuation values (minAVs) from non-contrast CT (NCCT) scans to identify
lipid-poor adenomas.

Materials and methods Retrospective analysis encompassed clinical data, minAVs, CT histogram (CTh), mean
attenuation values (meanAVs), and lesion diameter from patients with pathologically or clinically confirmed adrenal
lipid-poor adenomas across two medical institutions, juxtaposed with non-adenomas. Variable selection transpired

in Institution A (training set), with XGBoost models established based on minAVs and CTh separately. Institution B
(validation set) corroborated the diagnostic efficacy of the two models. Receiver operator characteristic (ROC) curve
analysis, calibration curves, and Brier scores assessed the diagnostic performance and calibration of the models,

with the Delong test gauging differences in the area under the curve (AUC) between models. SHapley Additive exPla-
nations (SHAP) values elucidated and visualized the models.

Results The training set comprised 136 adrenal lipid-poor adenomas and 126 non-adenomas, while the valida-

tion set included 46 and 40 instances, respectively. In the training set, there were substantial inter-group differences
in minAVs, CTh, meanAVs, diameter, and body mass index (BMI) (p < 0.05 for all). The AUC for the minAV and CTh
models were 0.912 (95% confidence interval [Cl]: 0.866-0.957) and 0.916 (95% Cl: 0.873-0.958), respectively. Both
models exhibited good calibration, with Brier scores of 0.141 and 0.136. In the validation set, the AUCs were 0.871
(95% CI: 0.792-0.951) and 0.878 (95% Cl: 0.794-0.962), with Brier scores of 0.156 and 0.165, respectively. The Delong
test revealed no statistically significant differences in AUC between the models (p>0.05 for both). SHAP value analysis
for the minAV model suggested that minAVs had the highest absolute weight (AW) and negative contribution.
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Conclusion The XGBoost predictive model based on minAVs demonstrates effective discrimination between adrenal
lipid-poor adenomas and non-adenomas. The minAV variable is easily obtainable, and its diagnostic performance
is comparable to that of the CTh model. This provides a basis for patient diagnosis and treatment plan selection.

Keywords Adrenal incidentaloma, Lipid-poor adenoma, Computed tomography, Minimum attenuation value, SHAP

Introduction

Adrenal incidentaloma refers to adrenal nodules with a
diameter greater than 10.0 mm discovered incidentally
during the assessment of non-adrenal diseases [1]. In
adults, the prevalence of adrenal incidentalomas ranges
from approximately 1.0% to 6.0% [2], with the highest
incidence observed in the 50 to 60 age group, reaching
around 7.0% [3]. Among adrenal incidentalomas, 75.0%
are non-functional adenomas, 14.0% are functional ade-
nomas, and non-adenomas, including metastatic tumors
and pheochromocytomas, account for 11.0% [4]. The
differentiation between functional and non-functional
adrenal adenomas is primarily accomplished through
specialized endocrine laboratory tests. At the same
time, imaging examinations are mainly employed to dis-
tinguish between adenomas and non-adenomas and to
monitor changes in tumor size [5].

Non-contrast CT (NCCT) is a commonly employed
method for diagnosing adrenal adenomas. In the diag-
nosis of adrenal adenomas, a threshold of 10 Hounsfield
units (HU) is widely accepted to classify adenomas into
lipid-rich adenomas (<10 HU) and lipid-poor adenomas
(>10 HU), based on the abundant lipid content in the
cytoplasm of lipid-rich adenomas. This standard is based
on the widely accepted CT value classification method
in the field. The lipid-rich adenomas are diagnostically
more straightforward due to the abundance of lipid con-
tent in their cytoplasm. However, approximately 30.0%
of adrenal adenomas are lipid-poor, posing challenges in
their differentiation from non-adenomas using NCCT
alone [6]. Additionally, for solid tumor components, a
threshold of>20 HU increase in attenuation value on
post-contrast CT is defined as significant enhancement,
commonly used to distinguish enhancing lesions, such
as metastatic tumors, from non-enhancing ones. Con-
sequently, the early and accurate diagnosis of lipid-poor
adenomas has emerged as a pivotal research focus. Bae
et al. [7] pioneered the use of CT histogram (CTh) tech-
nology for diagnosing adrenal adenomas, achieving a sen-
sitivity of 82.0% and a specificity of 100.0%, respectively.
Nevertheless, the sensitivity of CTh in differentiating
lipid-poor adenomas significantly decreases, highlight-
ing the need for further research in this area. In the
lipid-poor adenoma subgroup, CTh specificity remained
constant, but sensitivity dramatically decreased, reported
in the literature as only 46.0% to 53.0% [8, 9]. Moreover,

CTh calculation necessitates specific software for assess-
ment, adding complexity to clinical applications [10]. In
2016, our research team [11] discovered that the NCCT
minimum attenuation value (minAV) can predict adrenal
adenomas. In 2022, dual-institution data were incorpo-
rated to validate the value of minAVs in diagnosing lipid-
poor adenomas, achieving sensitivity ranging from 58.6%
to 69.1% at specificities of 95.8% to 98.6% [12]. While
minAVs can enhance sensitivity in diagnosing lipid-poor
adenomas, the diagnosis of adrenal lesions in clinical
practice is typically intricate, with a single variable insuf-
ficient to capture comprehensive lesion information.
Therefore, this study intends to construct a multivariate
eXtreme Gradient Boosting (XGBoost) predictive model
based on minAVs, contrasting it with the CTh model.
The objective is to elucidate the efficacy of the minAV
model in discriminating lipid-poor adenomas from non-
adenomas and to harness SHapley Additive exPlanations
(SHAP) [13] values for the interpretation and visualiza-
tion of the XGBoost model.

Materials and methods

This study was approved by the Ethics Committee of the
First People’s Hospital affiliated with Westlake Univer-
sity and Affiliated Quzhou Hospital of Wenzhou Medical
University (Quzhou People’s Hospital) (Approval num-
bers: 1IT-20220811-0128-01, QZPYH-ER-2023-007),
and patient informed consent was waived. Furthermore,
it adhered to the ethical standards set forth by the World
Medical Association’s Declaration of Helsinki.

Study population

The study retrospectively analyzed patients with adrenal
incidentalomas who underwent NCCT examinations
and possessed surgical and puncture-related pathologi-
cal outcomes or met reference standards through clini-
cal confirmation from January 2017 to December 2023 at
Medical Institution A (Hangzhou First People’s Hospital
affiliated with Westlake University Medical School) and B
(Zhejiang Quzhou People’s Hospital).

The specific criteria for clinical confirmation are as
follows:

D A clinical diagnosis of adrenal metastatic tumors is
established when patients have a history of extra-adrenal
malignant tumors, and new adrenal lesions are identi-
fied on imaging or there is an increase in the volume of
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pre-existing lesions (diameter growth rate>5 mm/year)
[14]. For solid tumor components, while an increase in
attenuation value of >20 HU on post-contrast CT is com-
monly used to define significant enhancement, in this
study, we adopted a threshold of>10 HU difference in
attenuation values before and after CT enhancement, as
per the methodology of Nagayama et al. [15]. This lower
threshold helps in more sensitively identifying potential
solid components, thereby facilitating a more accurate
assessment of adrenal incidentalomas. @ All other non-
metastatic lesions require pathological confirmation. Q)
The distinction between lipid-rich and lipid-poor adeno-
mas is made based on the pre-contrast CT attenuation
value, with a threshold of 10 HU used to classify adeno-
mas into lipid-rich (<10 HU) and lipid-poor (>10 HU)
categories.

The inclusion criteria for patients with adrenal inciden-
talomas are as follows: (D Age> 18 years; @ All patients
with adrenal incidentalomas who have undergone NCCT
examinations of the abdomen or chest, with comprehen-
sive imaging that includes adrenal lesions; @ In cases
where patients have bilateral adrenal lesions, only the
largest one in diameter is selected for inclusion to miti-
gate clustering effects. The exclusion criteria encompass:
(D Average NCCT value of adrenal lesions<10 HU; @
Maximum diameter of the tumor < 10.0 mm; Q) Adrenal
cysts or tumors with a solid component <50.0%; @ CT
scan slice thickness greater than 5.0 mm; &) Unqualified
CT image quality, presence of foreign bodies, or motion
artifacts, among others.

Retrospective analysis of unenhanced CT imaging
data of 876 patients with adrenal lesions from two
medical institutions between 2017 and 2023
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According to the inclusion and exclusion criteria, a
total of 348 lesions were enrolled across the two medi-
cal institutions (Fig. 1), comprising 185 cases in females
and 163 cases in males, with ages ranging from 18 to
90 years and a mean age of 53.4 +14.8 years. Among the
incorporated adrenal incidentalomas, there were 182
lipid-poor adenomas, 96 metastatic tumors (65 clini-
cally confirmed), 41 pheochromocytomas, 11 lympho-
mas, 9 ganglioneuromas, 5 cortical carcinomas, and 4
schwannomas.

Image techniques

All CT images at Medical Institution A were acquired
using the Light-Speed 16-slice Spiral CT system (Gen-
eral Electric Healthcare, Wisconsin, USA), Revolution
64-slice Spiral CT system, and SOMATOM Definition
Flash 128-slice Spiral CT system (Siemens, Munich,
Germany). The imaging parameters for NCCT were as
follows: 120 kV, automatic mAs modulation, and image
reconstruction with slice thicknesses of 5.00 mm and
3.75 mm.

Medical Institution B utilized the Optima 16-slice Spi-
ral CT system (General Electric Healthcare, Wisconsin,
USA) and uCT510 32-slice Spiral CT system (United
Imaging, Shanghai, China) for obtaining all NCCT
images. The imaging parameters for NCCT were consist-
ent, featuring 120 kV, automatic mAs modulation, and
image reconstruction with slice thicknesses of 5.00 mm
and 3.75 mm.

Y

[ 348 Adrenal lesions( > 10HU) ]

I
v ¥
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(n=86)
\} \4

Excluded (n = 528)

+Adrenal lesions attention <10.0HU (n=418)
-Lesion diameter < 10.0mm(»=23)

-Cysts or lesions without a solid component(n=24)
+CT slice thickness > 5.0 mm(»n=37)

-CT image artifact (n=26)

[ Quantitative analysis and diagnostic performance ]

Fig. 1 Flow diagram of patients investigated in this study
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Image analysis

CT quantitative data were acquired by radiologists A
(with 9 years of experience) and B (with 7 years of expe-
rience) using the PACS system (RadinfoSystems, Zheji-
ang, China) workstation and uAI software (version V1.4,
United Imaging, Shanghai, China), under the premise of
being unaware of pathological results. Simultaneously,
clinical baseline information such as gender, age, and
BMI was recorded. Four weeks later, radiologist B ran-
domly selected 100 lesions to measure again, assessing
the repeatability of the quantitative data.

For minAV measurement, a 4-point method was
employed, involving the measurement of the maximum
transverse and longitudinal diameters on the plane of the
lesion’s largest axis to obtain the intersection. The mid-
point between the intersection and the tumor edge was
designated as the measurement point, with a region of
interest (ROI) range of 19.0~24.0 mm? The measure-
ment method for CTh and meanAVs involved select-
ing an ROI on the plane of the lesion’s largest axis that
encompassed at least 2/3 of the lesion, and uAl software
was utilized to extract CTh data from the ROI. Care was
taken to avoid areas of necrosis, bleeding, and calcifica-
tion when selecting each ROIL

Model construction and statistical analysis

In the data from Institution A (training set), univari-
ate analysis was adopted to screen variables, retaining
those with p values<0.05. Subsequently, two XGBoost
diagnostic models were built based on minAVs and CTh,
respectively. The diagnostic performance of both models
was compared in Institution B (validation set). SHAP val-
ues were harnessed to interpret and visualize the minAV
model.

The Shapiro-Wilk test evaluated the normality of
continuous variables. Normally distributed data were
presented using mean *standard deviation, with inter-
group differences assessed using the Student’s ¢-test.
Non-normally distributed data were represented using
medians and quartiles, and inter-group differences were
evaluated using the Wilcoxon rank-sum test. Categorical
variables were expressed as proportions (percentages),
with between-group comparisons conducted using the
chi-square test. The inter-rater correlation coefficient
(ICC) assayed the repeatability of minAVs and CTh. The
diagnostic performance of the minAV and CTh models
was confirmed by calculating the area under the receiver
operating characteristic curve (AUROC), sensitivity,
specificity, and accuracy. Calibration curves were intro-
duced to examine model calibration, whereas the Brier
score quantified calibration degree, with scores below
0.1 reflecting excellent calibration, 0.1 to 0.2 considered
good, 0.2 to 0.3 regarded as fair, and scores above 0.3
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denoting poor calibration. Comparison between the two
ROC curves employed the Delong test. A p value<0.05
was considered statistically significant. All analyses were
carried out with the assistance of Python software (ver-
sion 3.7.1, Python Software Foundation, Delaware, USA)
and R software (version 4.0.1; R Foundation for Statistical
Computing, Vienna, Austria).

Results

General characteristics of lipid-adenoma

and non-adenoma

The training set encompassed 262 adrenal lesions
(Table 1), comprising 136 lipid-poor adenomas (51.9%)
and 126 non-adenomas (48.1%). Gender distribution
was equal, with males and females each accounting for
50.0%, and the median age was 55 years. The validation
set encompassed 86 adrenal lesions, with 46 lipid-poor
adenomas (53.5%) and 40 non-adenomas (46.5%). In this
set, there were 32 males (37.2%) and 54 females (62.8%),
with a median age of 50 years.

Univariate analysis of lipid-poor adenoma

and non-adenoma

In the training set, adrenal lipid-poor adenomas exhib-
ited lower meanAVs, minAVs, and diameters compared
to non-adenomas (medians: 26.8 HU vs 34.1 HU, -1.6
HU vs 10.6 HU, 22.8 mm vs 31.1 mm, p values all <0.001).
Additionally, the negative pixel percentage and BMI were
higher in the lipid-poor adenoma group vis-a-vis the
non-adenoma group (medians: 3.3% vs 0.0%, 23.8 kg/m>
vs 21.6 kg/m? p values all<0.001). Nevertheless, there
existed no statistically significant disparities in terms of
age, gender, or lesion location (Table 1).

Repeatability analysis of quantitative CT metrics

The ICC for minAVs demonstrated a slightly superior
level compared to that of CTh. Precisely, the recorded
values were 0.90 (95% CI: 0.83, 0.94) and 0.86 (95% CI:
0.75, 0.91), respectively (p <0.05 for both).

Comparison of the diagnostic performance of the two
models

In the training set, the AUC values for minAV and CTh
models were comparable (0.912 vs. 0.916). The Delong
test unveiled no remarkable difference between groups
(Z=-0.372, p=0.712). Sensitivity for minAV and CTh
models was 83.1% and 81.6%, respectively, while speci-
ficity was 84.1% and 86.5%, and accuracy was 83.6%
and 84.0% (Table 2 and Fig. 2A). Both the minAV and
CTh models exhibited good calibration, with Brier
scores of 0.141 and 0.136, respectively (Fig. 2B). In the
external validation set, the AUC values for the minAV
and CTh models were similarly comparable (0.871
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Table 1 Baseline clinical imaging characteristics of patients
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Training set Validation set
Variables Lipid-poor adenoma Non-adenoma p Lipid-poor adenoma Non-adenoma p
(n=136) (n=126) (n=46) (n=40)
Agelyear), Med (Q1,03) ° 53.0 (44.0,62.0) 56.0 (46.0,67.0) 0.190 515(43.2,61.0) 47.5(36.5,59.5) 0.268
Gender, n (%)° 0.536 0.106
Female 71(52.2) 60 (47.6) 33(71.7) 21(52.5)
Male 65 (47.8) 66 (52.4) 13(283) 19 (47.5)
Location, n (%)° 0.726 0.022
Right 49 (36.0) 49 (38.9) 13(283) 22 (55.0)
Left 87 (64.0) 77 (61.1) 33(71.7) 18 (45.0)
B!\/H(kg/mz), Med (Q1,Q3)° 23.8(22.1,26.2) 21.6(21.5,24.8) <0.001 23.8(21.8,24.5) 21.6(21.2,25.1) 0.135
Diameter(mm), Med (Q1,Q3)>  22.8(16.7, 28.0) 31.1(22.3,40.0) <0.001 24.8(19.4,29.0) 35.5(25.7,435) <0.001
MeanAV (HU), Med (Q1,Q3)° 26.8(20.2,33.7) 34.1 (294,379 <0.001 24.6(21.6,31.6) 33.1(30.0,37.5) <0.001
CTh (%), Med (Q1,Q3)° 33(05,100) 0.0(0.0,05) <0.001 1.2(05,34) 0.0(0.0,03) <0.001
MinAV (HU), Mean + SD? -03+£138 100£11.9 <0.001 0.0+123 99+102 <0.001
Spacing (mm), n (%)° 1.000 0427
3.75 72(529) 67(53.2) 18 (39.1) 20 (50.0)
5.00 64 (47.1) 59 (46.8) 28 (60.9) 20 (50.0)

Med Median, QT First Quartile, Q3 Third Quartile SD, standard deviation, MeanAV Mean attenuation value, MinAV Minimum attenuation value, CTh (%), Percentage
negative pixels, BMI Body Mass Index, HU Hounsfield unit

@ Student’s t test
b Wilcoxon rank-sum test
¢ chi-square test

Table 2 Comparison of the diagnostic performance of the models

AUC Sensitivity Specificity Accuracy PPV NPV
Training set
MinAV model 0912 83.1% 88.1% 85.1% 87.9% 82.7%
(0.866-0.957) (73.5%-93.4%) (75.4%-95.2%) (80.9%-88.9%) (79.5%-94.6%) (75.8%-92.3%)
CTh model 0916 83.8% 88.1% 85.9% 88.2% 83.6%

Validation set

(0.873-0.958)

(75.0%-92.6%)

(77.8%-95.2%)

(81.7%-89.7%)

(81.0%-94.4%)

(77.2%-90.7%)

MinAV model 0.871 84.8% 85.0% 83.7% 86.4% 82.2%
(0.792-0.951) (69.6%-95.7%) (70.0%-95.0%) (76.7%-91.9%) (77.1%-95.3%) (71.7%-93.8%)

CTh model 0.878 84.8% 85.0% 84.9% 86.7% 83.7%
(0.794-0.962) (73.9%-95.7%) (72.5%-95.0%) (76.7%-91.9%) (77.8%-95.1%) (73.9%-94.4%)

AUC area under the curve, Cl confidence interval, MinAV minimum attenuation value, CTh CT histogram, PPV Positive Predictive Value, NPV Negative Predictive Value,

The parentheses indicate the 95% confidence interval

vs. 0.878) (Fig. 2C). The Delong test showed no nota-
ble difference between the two models (Z=-0.243,
p=0.813). Sensitivity, specificity, and accuracy for the
minAV model were 82.6%, 71.7%, and 82.5%, respec-
tively, and for the CTh model, they were 87.5%, 82.6%,
and 79.1%. Both models demonstrated good calibra-
tion, with Brier scores of 0.156 and 0.165, respectively
(Fig. 2D).

Subgroup analysis

Based on the First Quartile and Third Quartile of mea-
nAVs in adrenal lesions, three subgroups were created
(Table 3). The AUC values for the minAV model ranged
from 0.718 to 0.863 across the subgroups, while the
AUC values for the CTh model ranged from 0.700 to
0.838. In the meanAV 10-25 HU subgroup and the > 35
HU subgroup, the minAV model outperformed the CTh
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Receiver operating characteristic Calibration Curve
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Fig. 2 ROC analysis and calibration curves of minAV and CTh XGBoost models Figures A and B represent the training set, while Figures Cand D
correspond to the validation set. Note: AUC stands for the area under the curve, and BS represents the Brier score

model in terms of AUC (0.863 vs. 0.784 and 0.718 vs.
0.700, respectively). Within the subgroup with mean-
AVs greater than 25 HU to 35 HU, the former exhibited
a slightly lower AUC compared to the latter (0.808 vs.
0.838).

SHAP value analysis of the minAV model
The analysis of SHAP values for the minAV model
unraveled that the variables, listed in descending order

as per their weights, were lesion minAVs, diameter,
BMI, and meanAVs. The absolute average SHAP val-
ues for these variables stood at 0.241, 0.154, 0.148, and
0.04, respectively. MinAV, diameter, and meanAV were
considered negative contributions, whereas BMI was
regarded as a positive contribution (Fig. 3). Two cases
were selected from the external validation set for indi-
vidualized predictions using SHAP values (Fig. 4).
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Table 3 Subgroup analysis of diagnostic performance for the minAV model and CTh model
MinAV model CTh model
AUC Sensitivity Specificity AUC Sensitivity Specificity
ST 0.863 97.5% 75.0% 0.784 90.1% 66.7%
(0.725-0.988) (93.6%-100%) (50.0%-100.0%) (0.635-0.906) (83.19%-96.3%) (37.59%-90.9%)
S2 0.808 79.1% 82.5% 0.838 82.1% 85.6%
(0.744-0.866) (68.9%-87.8%) (74.49%-89.8%) (0.776-0.893) (72.1%-90.4%) (77.8%-92.0%)
S3 0.718 55.9% 87.7% 0.700 47.1% 93.0%
(0.618-0.809) (39.3%-72.7%) (79.29%-95.7%) (0.607-0.792) (30.3%-64.3%) (85.296-98.4%)

S Subgroup, S1>10HU, <25HU (81 adenomas, 12 non-adenomas), S2 > 25HU, <35HU (67 adenomas, 97 non-adenomas), S3, > 35HU (34 adenomas, 57 non-
adenomas); AUC, area under the curve; the parentheses indicate the 95% confidence interval

Discussion

This research conducted a comparative analysis involv-
ing 182 adrenal lipid-poor adenomas and 166 non-ade-
nomas from two medical institutions. Two multivariate
XGBoost models were developed based on minAVs and
CTh. Our study results indicate that there was no sub-
stantial difference in the predictive performance of the
two models for lipid-poor adenomas. In the SHAP value
analysis, minAVs exhibited the highest weight in the
model, and its simplicity of acquisition makes it a crucial
indicator for diagnosing lipid-poor adenomas. Thus, this
study highly recommends the use of the minAV model in
clinical practice.

While MRI combined with chemical shift (CS)
sequences has been widely recognized as an effective
method for characterizing adrenal lesions (AL), its diag-
nostic accuracy is inherently dependent on the abun-
dance of intracellular lipids within adenoma cells [16]. As
emphasized by Stanzione et al. [16], when adrenal tumors
contain insufficient cytoplasmic lipids, signal loss or het-
erogeneous signal loss on CS out-of-phase images may

not be observed, encompassing lesions such as lipid-poor
adenomas and non-adenomas. Consequently, differenti-
ating between lipid-poor adenomas and non-adenomas
remains a formidable challenge even with MRI. Our pro-
posed XGBoost model based on minimum attenuation
values (minAVs) from non-contrast CT provides an effi-
cacious solution to this clinical conundrum, serving as
a complementary approach to MRI in the evaluation of
indeterminate adrenal lesions.

Despite the lower lipid content in adrenal lipid-poor
adenomas, it remains higher than non-adenomas, mak-
ing accurate detection a key aspect of distinguishing
between the two [11]. In 2019, Zbynék et al. [9] utilized
CTh for the diagnosis of adrenal lipid-poor adenomas.
CTh tallies the CT values of all pixels within the tumor
RO], displaying the distribution of pixel values in a his-
togram. It distinguishes adenomas from non-adenomas
by calculating the percentage of negative pixels. Not-
withstanding, lipid-poor adenomas have a lower per-
centage of negative pixels, and when using the widely
accepted standard of a negative pixel percentage of 10.0%

MinAVs

Diameter
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MeanAVs|

0.00 0.05 0.10 0.15 0.20 0.25
mean(|SHAP value|) (average impact on model output magnitude)

A
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MinAVs |ulq| .]"..H. oo
Diameter 'I-il—lr wigef l’-l‘ II 3
H
:
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T - T v r . Low
03 —0.2 0.1 0.0 0.1 02 0.3 04 0.5
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Fig. 3 SHAP value analysis of the minAV XGBoost model (A) Bar graph of absolute SHAP values, where the x-axis is arranged in descending order
of variable weights, and the y-axis represents absolute SHAP values. B Scatter diagram of SHAP values, with each point representing a patient;
the color indicates the magnitude of the variable value, with blue points on the right reflecting negative contributions and red points on the right

indicating positive contributions
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Fig. 4 Visualization of true positive and true negative cases using SHAP (A) Left adrenal lipid-poor adenoma in a patient, with various CT
quantitative parameters obtained through the 4-point measurement method; (B) SHAP value waterfall plot, the minAV model predicted adrenal
lipid-poor adenoma with f(x) =0.633, and probability converted through the sigmoid function was 65.3%; (C) Right adrenal pheochromocytoma
in a patient; (D) The minAY model predicted lipid-poor adenoma with f(x) =-0.253, probability converted through the sigmoid function was 44.4%

for diagnosing adenomas, the sensitivity is only 53.0%,
with a specificity of 100.0%.In a retrospective single-
institution study conducted by Wu et al. in 2020 [12],
which incorporated 58 adrenal lipid-poor adenomas
and 36 non-adenomas,NCCT data were analyzed using
a Gaussian index reflecting the distribution of negative
pixels in CTh after noise correction to forecast lipid-poor
adenomas.The Gaussian index demonstrated an AUC of
0.77, with sensitivity and specificity of 89.7% and 55.6%,
respectively. Although the Gaussian index can augment

the sensitivity of diagnosing adrenal lipid-poor adeno-
mas, specificity conspicuously decreases. Additionally,
the Gaussian index requires complex calculations and
equipment parameter calibration, limiting its clinical
application. In our work, the minAV model predicted the
sensitivity and specificity of adrenal lipid-poor adeno-
mas in data from two medical institutions, both exceed-
ing 80.0%. Within the subgroup with values greater than
35HU, the minAV model outperformed the CTh model in
terms of AUC and sensitivity, suggesting that minAVs can
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accurately detect the lipid components within the cyto-
plasm of lipid-poor adenomas [12]. Furthermore, this
research harnessed SHAP values for the visualization of
XGBoost models. SHAP values, as a post hoc explanation
method, quantify the contribution of each variable to the
model’s output, addressing the “black box” problem in
machine learning and enhancing the model’s interpret-
ability [13].

In the SHAP value analysis of XGBoost models,
minAVs displayed the highest weight, with a value of
0.241, surpassing that of the lesion diameter (0.154), as
well as the combined effect of BMI and meanAVs (0.188).
MinAVs contributed negatively to the model, indicating
that smaller minAVs increased the probability of diagnos-
ing adrenal lipid-poor adenomas. However, when draw-
ing a ROI that encompasses at least half to two-thirds of
the lesion, operators find it challenging to avoid minor
necrosis and cystic alterations [17], leading to a reduction
in the diagnostic specificity of minAVs. In comparison,
the 4-point measurement approach reflects the hetero-
geneity of different regions within the lesion while avoid-
ing necrosis and cystic changes, thereby attenuating the
false-positive rate of minAVs. The absolute SHAP value
of adrenal lesion diameter in the model ranked second
only to minAVs. Currently, most scholars support using
4.0 cm as a threshold to differentiate between benign and
malignant adrenal lesions, but its specificity is only 34.0%
to 61.0% [18]. Existing clinical guidelines do not recom-
mend relying solely on the 4.0 cm cutoff value to decide
whether to perform surgery but suggest determining
the appropriate treatment based on comprehensive fac-
tors such as the CT AVs and growth rate of the lesion.
Therefore, the multivariate predictive model developed
in this research aligns with current clinical needs. BMI
is the only clinical variable in the model, and some stud-
ies have corroborated a positive correlation between BMI
and the AV of adrenal adenomas, although the underly-
ing pathophysiology remains unclear [19]. The variation
in BMI in our dataset may be attributed to the fact that
some patients with metastatic tumors in the non-ade-
noma group were in the late stages of malignancy. Mea-
nAVs and minAVs both reflect the CT attenuation of the
lesion, and there is an association between the two. Thus,
this study employed XGBoost models capable of han-
dling correlated variables to mitigate the risk of overfit-
ting. Additionally, the significantly higher SHAP value
of minAVs compared to meanAVs further demonstrated
the former’s superiority in diagnosing adrenal lipid-poor
adenomas.

Limitations of this study include: D The retrospective
design inevitably introduces selection bias and statistical
bias; @ The investigation only explored the diagnostic
performance of the models on 3.75 mm and 5 mm slice

Page 9 of 10

thickness,and whether they apply to other thicknesses
requires further investigation.Despite the effectiveness
of the models, only CT scans with slice thicknesses of
3.75 mm and 5 mm were analyzed in this study. Simi-
lar to radiomics studies, resampling the voxel size as an
image preprocessing step may enhance the reproducibil-
ity of attenuation values across different slice thicknesses.
Future studies could investigate the impact of such pre-
processing on the diagnostic performance of the models,
potentially improving their generalizability and accu-
racy. @ The study did not examine imaging signs such
as cystic changes, necrosis, and calcification, which may
provide additional information for differentiating adrenal
lipid-poor adenomas from non-adenomas.

Conclusion

The XGBoost model built based on minAVs, lesion
diameter, BMI, and meanAVs efficaciously distinguishes
between adrenal lipid-poor adenomas and non-adeno-
mas. Its diagnostic performance is comparable to that
of the CTh model. Moreover, the simplicity of variable
acquisition in the minAV model makes it more practical
for clinical application, providing a basis for personalized
diagnosis and treatment planning for patients and avoid-
ing unnecessary examinations.
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