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Background: Trophoblast cell surface antigen 2 (TROP2) is a promising target for various cancers, including breast cancer. The
development of noninvasive techniques for assessing TROP2 expression in tumors holds considerable importance. This study
aims to explore the efficacy of machine learning models based on multi-b-value diffusion-weighted imaging (DWI) using the
stretched-exponential model (SEM) for predicting TROP2 expression in breast cancer in nude mouse models.

Materials and Methods: Thirty-two nude mouse breast cancer models were subjected to 1.5T magnetic resonance imaging
(MRI). Using the freely available software package FireVoxe, we extracted the distribution diffusion coefficient (DDC) and water
molecule diffusion heterogeneity index («) values from SEM, along with histogram parameters of DDC and o maps. TROP2
expression was identified by immunohistochemical staining, with integrated optical density (IOD) quantifying the expression
levels. Mice were categorized into high and low TROP2 expression groups based on the median IOD. Key imaging parameters
were selected to establish three machine learning models: extreme gradient boosting (XGBoost) classifier, logistic regression, and
adaptive boosting (AdaBoost) classifier. We compared the models using the area under the curve (AUC) of the receiver operating
characteristic (ROC) on a validation set to determine the superior model. The dataset was split into a training set (28 cases) and
a test set (4 cases). The selected model was trained to optimize its performance. We evaluated the models’ predictive accuracy in
estimating TROP2 expression using AUC, calibration curve, and decision curve analysis (DCA).

Results: Thirty-eight imaging parameters, including DDC, « value, and 36 histogram parameters, were extracted per sample.
Using these, we identified eight key imaging parameters for constructing the machine learning models. The validation set AUC
values for the XGBoost, logistic regression, and AdaBoost models were 0.828, 0.639, and 0.728, respectively, with XGBoost demon-
strating superior prediction performance. In the training set, XGBoost achieved an AUC of 1, sensitivity of 0.911, specificity of
1, and accuracy of 0.954; each of these values was 1 in the test set. Cross-validation yielded an AUC of 0.689, sensitivity of 0.567,
specificity of 0.567, and accuracy of 0.580. The calibration curve’s Brier score was 0.044, indicating proximity to the ideal curve.
DCA indicated favorable net benefits within a risk threshold range of 20-90%.

Conclusions: Machine learning models based on SEM show promise for predicting TROP2 expression in breast cancer in nude
mouse models. Among the models, XGBoost demonstrated outstanding performance, suggesting its potential for clinical appli-
cations.
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Introduction [7], where its heightened expression correlates with poorer

outcomes.
Trophoblast cell surface antigen 2 (TROP2), initially

identified as a transmembrane glycoprotein in invasive tro-
phoblast cells [1], has been implicated in promoting cancer
cell proliferation and migration and serving as a cell ad-
hesion receptor [2]. TROP2 overexpression has been ob-
served in various cancer types, including breast, gastric, and
lung cancers, with high levels correlating with unfavorable
prognosis [3—6]. In breast cancer, TROP2 is particularly
prevalent, notably in triple-negative breast cancer (TNBC)

TNBC is one of the most aggressive forms of breast
cancer [4,60], characterized by high relapse rates and a poor
prognosis. We used MDA-MB-231 breast cancer cells,
a model of TNBC, in this study. Notably, research has
highlighted the efficacy of TROP2 antibodies in target-
ing TROP2-positive breast cancer cells [4,8], with antigen-
drug conjugates (ADCs) showing promise as potential treat-
ments for TNBC and other breast cancer subtypes [9].
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Currently, the assessment of TROP2 expression in tu-
mor tissue relies on invasive procedures such as biopsy or
postoperative sampling. However, these methods are lim-
ited in their ability to capture tumor heterogeneity and are
susceptible to sampling errors.

The stretched-exponential model (SEM) based on
multi-b value diffusion-weighted imaging (DWI) is an ad-
vanced diffusion imaging technique to calculate the dis-
tribution diffusion coefficient (DDC) and « value, reflect-
ing average diffusivity and diffusivity heterogeneity within
voxels, respectively, which is initially introduced by Ben-
nett et al. [10]. DDC can noninvasively assess the tumor
cell proliferation status [11,12]. Additionally, o values and
DDC have been found to differ significantly between ma-
lignant and benign breast lesions [13]. Compared with con-
ventional diffusion parameters, the water molecular diffu-
sion heterogeneity index provided by SEM enhances tumor
grading, particularly in gliomas [14,15]. Histogram analy-
sis, a mathematical tool widely employed in oncology re-
search, facilitates the comprehensive evaluation of tumor
biological characteristics, particularly in tumor heterogene-
ity [16].

In the medical field, machine learning models have
gained prominence for their superiority over traditional sta-
tistical modeling approaches [17]. Our study aimed to es-
tablish various machine learning models to identify the op-
timal one capable of recognizing TROP2 expression states.

Materials and Methods

Establishment of Animal Models

Planting human breast cancer cells into mice to es-
tablish xenogeneic breast cancer models is a commonly
used method in scientific research [18,19]. Four-week-
old female BALB/c nude mice (weighing 15-20 g) were
sourced from Jiangxi Zhonghong Boyuan Biotechnology
Co., Ltd. (animal license number: SCXK (Su) 2023-0009).
Following a period of adaptive feeding, 0.1 mL of MDA-
MB-231 human breast cell suspension (CL-0150B; Prono-
sei) containing 1 x 107 cells was subcutaneously injected
into the axilla of nude mice. Cell identification was con-
firmed through short tandem repeats (STR) testing, and my-
coplasma testing returned negative results. Tumor growth
was monitored, and upon reaching a volume of 0.2 cm?,
mice were euthanized under anesthesia with an isoflurane
overdose of 5%. Tumor tissue was dissected and divided
into 2 x 2 mm blocks for transplantation. For transplan-
tation, mice were anesthetized with 3% isoflurane inhala-
tion, and the skin of the fourth pair of mammary glands on
the right was disinfected and prepared by creating a small
incision measuring 0.3 cm. The mammary gland was ex-
posed and separated with tweezers, and the tumor block
was inserted. The incision was sutured, disinfected, and
the mouse was kept warm until recovery. Tumor formation
occurred between 18 and 37 days after xenografting, with
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tumors reaching a maximum diameter of 5-12 mm. Mice
were housed under controlled conditions, with temperature
maintained at 20-26 °C, humidity at 40%—70%, and pro-
vided ad libitum access to food and water. A total of 32
breast cancer mouse models were generated.

Magnetic Resonance Imaging (MRI) Acquisition

Breast MR scans of nude mice were conducted using
a 1.5T MR scanner (Signa Explorer 1.5T, General Electric
Healthcare, Chicago, IL, USA) equipped with a dedicated
8-channel small animal coil. The mice were anesthetized
via isoflurane inhalation. Initially, deep anesthesia was in-
duced with 3.5% isoflurane and maintained at 2.5% isoflu-
rane throughout the procedure. Imaging was performed
with the mice in the supine position within the coil. Ax-
ial multi-b value DWI parameters were applied, including
single-shot fast spin-echo, echo-planar imaging, with a field
of view (FOV) of 8 x 8 cm, a matrix of 128 x 128, slice
thickness/gap of 2 mm/0 mm, repetition time (TR) of 6374
ms, time to echo (TE) of 133.2 ms, and diffusion sensitivity
with b-values 0, 25, 50, 100, 150, 200, 400, 600, and 800
s/mm?. Additionally, axial T2-weighted (T2WI) and T1-
weighted (T1WI) imaging sequences were included in the
scan.

Image Post-Processing

All images were in Digital Imaging and Communi-
cations in Medicine (DICOM) format and processed us-
ing FireVoxel software (Build 431A, Artem Mikheev and
Henry Rusinek Center for Biomedical Imaging, New York
University, NY, USA), available at https://firevoxel.org/.
The tumor volume was manually delineated layer by layer
on the B =0 DWI image, with reference to the T2ZWI image,
to generate a three-dimensional region of interest encom-
passing the entire tumor. FireVoxel software was utilized
to calculate DDC and « values and, generate DDC and «
maps.

The stretched-exponential diffusion equation (S = Sy
x exp ((-b x DDC)?)) was employed, where « repre-
sents the intravoxel water molecular diffusion heterogene-
ity (ranging from 0 to 1), and DDC denotes the mean in-
travoxel diffusion rate. Three-dimensional histogram pa-
rameters of tumor DDC and o« maps were analyzed using
FireVoxel.

Immunohistochemical Staining

Following imaging completion, the mice were euth-
anized with an isoflurane overdose of 5%. Tumors were
excised, and tissue sections underwent immunohistochem-
ical staining using a TROP2 antibody (DF3080, Affinity,
diluted to 1/100). TROP2 expression, observed in the cell
membranes and cytoplasm, was evaluated. Diaminoben-
zidine (DBA)-positive cells were stained brownish-yellow,
with nuclei counterstained blue. Whole TROP2 immunos-
tained sections were initially examined under a low-power
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Fig. 1. The image post-processing. (A) T2-weighted imaging. (B) Diffusion-weighted imaging (DWI) with B =0, where the highlighted

pink area indicates the lesion in this slice image. (C) Distribution diffusion coefficient (DDC) map of the tumor. (D) a map of the tumor.

(E) Histogram analysis of stretch index model parameters. (F) Measured DDC and « values.

microscope to identify the three areas with the densest stain-
ing, followed by high-power microscopy imaging. Image-
Pro Plus 6 software (Media Cybernetics, Rockville, MD,
USA) was utilized to measure the integrated optical density
(IOD) across the entire image range per sample, with an av-
erage of three IODs recorded as the sample’s IOD. Higher
10D values correspond to increased protein expression lev-
els.

Machine Learning Model Exploration and
Evaluation

Based on the median 10D of TROP2, the mice were
categorized into high (n = 16) and low (n = 16) expression
groups. Data cleansing and Z-score normalization were
performed on the variable data within each group.

Extreme gradient boosting (XGBoost), logistic regres-
sion, and adaptive boosting (AdaBoost) classifiers were
employed to identify the important parameters. Fifteen pa-
rameters were selected from each model, and those appear-
ing in all three models were further explored. A multi-
model comparison was conducted, and the model with the
highest validation set area under the curve (AUC) of the re-
ceiver operating characteristic (ROC) was selected.

Subsequently, the selected model was refined, and a
final model was developed. The dataset was divided into a
training set of 28 cases and a test set of 4 cases and subjected
to 10-fold cross-validation. Model performance was eval-
uated using receiver operating characteristic (ROC) analy-
sis, with calibration curves employed to assess model cali-
bration. Smaller Brier scores and calibration curves closer
to the diagonal indicate better model consistency. Clinical
utility was assessed using decision curve analysis (DCA).

Statistical Analysis

All statistical analyses were conducted using R
(version 4.2.3, University of Auckland, Oakland, New
Zealand), Python (version 3.11.4, Python Software Foun-
dation, Amsterdam, Netherlands), and MedCalc (version
15.8, MedCalc Software Ltd, Ostend, Belgium) software.

Results

All 32 breast cancer models of the MDA-MB-231
nude mice underwent successful MRI, resulting in satisfac-
tory image quality. The image post-processing is depicted
in Fig. 1.

Each sample was analyzed for 38 parameters derived
from the multi-b value DWI stretch index model, including
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Fig. 2. Pathological images. (A) Trophoblast cell surface antigen 2 (TROP2) immunohistochemistry at magnification 400, with an
integrated optical density (IOD) of 10,148.51. (B) TROP2 immunohistochemistry at magnification 400X, with an IOD of 73,351.75.
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Fig. 3. Key parameters from the three methods are organized based on their respective weights. (A) Extreme gradient boosting

(XGBoost) method, (B) adaptive boosting (AdaBoost) method, and (C) logistic regression.

DDC, «, min, max, mean, standard deviation (StDev), vari-
ance, coefficient of variation (CoefOfVar), skewness, kur-
tosis, entropy, and percentiles 1%, 5%, 10%, 25%, 50%,
75%, 90%, 95%, and 99%.

Two examples of pathological images are shown in
Fig. 2.

In the low TROP2 expression group, the integrated
optical density (I0D) was 30,439.27 (95% CI: 10,957.04—
43,706.62), while in the high TROP2 expression group, it
was 83,903.24 (95% CI: 65,668.57-116,394.09). A Mann-
Whitney U test showed a statistically significant difference
(p < 0.0001).

Immunohistochemical staining of the tumor speci-
mens revealed a median 10D value of 5.881 x 10* for
TROP2. Based on the median expression levels, the
nude mice were categorized into high- and low-expression
groups. The fifteen most significant parameters selected by
each method are depicted in Fig. 3.

Seven parameters (alpha, alpha 1, alpha 25, al-
pha Min, DDC, DDC 25, and DDC_Min) were identified
as important across all three methods and used to construct

the final model. Table 1 and Fig. 4 illustrate the valida-
tion set performance of the various models, with XGBoost
emerging as the optimal choice for this dataset.

The final model, detailed in Table 2 and Fig. 5, demon-
strates good calibration. In the training set, the XGBoost
model exhibited excellent performance, with an AUC of 1,
sensitivity of 0.911, specificity of 1, and accuracy of 0.954.
Similarly, in the test set, the XGBoost model demonstrated
an AUC of 1, sensitivity of 1, specificity of 1, and accuracy
of 1. Cross-validation revealed an AUC of 0.689, sensi-
tivity of 0.567, specificity of 0.567, and accuracy of 0.580.
The DCA curves for the model surpassed the extreme as-
sumption lines, indicating net benefits. The Brier score of
the XGBoost model’s calibration curve was 0.044.

Discussion

This study represents the first attempt, to our best
knowledge, to predict TROP2 expression status in breast
cancer using MRI. Utilizing advanced SEM techniques, we
obtained DDC and « values, as well as histogram param-
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Fig. 4. Evaluation of the performance of the three models. (A) Receiver operating characteristic (ROC) curves of the models. (B)

Calibration curves are used to assess model calibration. The calibration curve (blue line) of the XGBoost model closely aligns with the

perfectly calibrated line. (C) Decision curve analysis (DCA) curves of the models. Compared with the DCA curves of the logistic and
AdaBoost models, the DCA curve of XGBoost is further from the two extreme lines.
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Fig. 5. Calibration curve and decision curve analysis of the model, as well as parameter ranking. (A) The calibration curve of the
extreme gradient boosting (XGBoost) model, with a Brier score of 0.044. (B) Decision curve analysis (DCA) of the models. (C) The

order of importance of the parameters in the model.

Table 1. Validation set performance of different models.

Models AUC (SD) Cutoff (SD) Acc (SD) Sensitivity (SD)  Specificity (SD)
XGBoost  0.828 (0.158)  0.658 (0.048)  0.690 (0.214) 0.600 (0.389) 0.817 (0.153)
Logistic 0.639 (0.119)  0.499 (0.014)  0.605 (0.180) 0.633 (0.371) 0.567 (0.133)
AdaBoost  0.728 (0.225)  0.668 (0.115)  0.624 (0.131) 0.433 (0.249) 0.833 (0.211)

AUC, area under the curve; Acc, Accuracy; CI, confidence interval.

Table 2. Prediction performance of the XGBoost model.

Data set AUC (SD) Cutoff (SD) Acc (SD) Sensitivity (SD)  Specificity (SD)
Training set 1.000 (0.000) 0.614 (0.065)  0.954 (0.001) 0.911 (0.003) 1.000 (0.000)
Cross-validation set ~ 0.689 (0.178)  0.614 (0.065)  0.580 (0.223) 0.567 (0.249) 0.567 (0.327)
Test set 1.000 (0.000)  0.640 (0.000)  1.000 (0.000) 1.000 (0.000) 1.000 (0.000)

eters derived from DDC and « maps through histogram
analysis. By employing various machine learning mod-
eling methods, we achieved satisfactory predictive model
outcomes.

In both the training and test sets, the XGBoost model
exhibited excellent performance. Particularly noteworthy
was the Brier score of the XGBoost model’s calibration
curve, which at 0.044, indicated excellent calibration per-
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formance. According to previous literature, a useful fore-
casting tool’s Brier score should not exceed 0.25 [20]. DCA
showcased favorable net benefits within risk thresholds
ranging from 20% to 90%.

Our findings align with those of previous studies,
which also highlight the superior performance of XGBoost
compared with other machine learning models [21,22].
The parameter importance ranking in the XGBoost model,
based on average Shapley Additive Explanations (SHAP)
values, emphasized the significant contribution of o and its
histogram parameters to the model, surpassing DDC and
DDC map histogram parameters.

TROP-2 promotes tumor growth, with its expression
levels being directly proportional to tumor aggressiveness
[2]. A study revealed a significant correlation between
heightened TROP2 expression in cervical cancer tissues
and the presence of Ki67-positive proliferating cells [23].
Notably, an association was observed between TROP2’s ef-
fects on tumor cells and the movement of water molecules.
DDC and « values represent the mean intravoxel diffusion
rate and intravoxel water molecular diffusion heterogene-
ity, respectively. These values are typically calculated by
averaging the DDC and « values of ROI voxels. Addition-
ally, histogram analysis enhances these values by capturing
the heterogeneity of these parameters within voxels more
effectively.

Previous studies have showcased the effectiveness of
SEM histogram analysis utilizing the entire tumor volume
in predicting microvascular invasion in hepatocellular car-
cinoma [24] and assessing clinically significant prostate
cancer [25]. Similarly, SEM histogram analysis has demon-
strated promising diagnostic utility in the differential diag-
nosis of benign and malignant breast lesions, outperforming
ADC parameters derived from a monoexponential model
[26].

Our study represents an initial exploratory effort to
predict TROP2 expression in breast cancer using multipa-
rameter machine learning-based MRI. Our preliminary re-
sults are promising, and we believe this study will serve as a
catalyst for more researchers to engage in this area in the fu-
ture. The ultimate aim is to furnish valuable information for
clinical decision-making and to alleviate the pain and costs
associated with obtaining such information for patients.

However, this study is subject to several limitations.
Firstly, it is a single-center study and necessitates external
validation in future research. Secondly, being a preliminary
animal experimental study with a small sample size, further
investigation is warranted to assess its clinical applicability
through larger, multicenter studies.

Conclusions

In conclusion, we have developed a machine-learning
model for the noninvasive assessment of TROP2 expres-
sion in breast cancer. Our findings underscore the applica-

501

tion value of SEM-based machine learning models in pre-
dicting TROP2 expression status in breast cancer in nude
mice, with the XGBoost model demonstrating superior per-
formance among all the machine learning models evaluated
in this study.
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