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Abstract: This study aimed to develop a machine learning framework for objective ductal carcinoma in situ (DCIS) 
grading and to investigate intratumoral heterogeneity as a predictive biomarker. The grading framework was devel-
oped using 267 DCIS resections and validated on two external test sets (n=116 and n=69). A single-cell grading 
model graded individual nuclei using quantitative measures of nuclear size and pleomorphism. An integrated grad-
ing model then combined single-cell with architectural features in a support vector machine classifier. Separately, 
an invasion prediction model was trained on 288 intermediate- and high-grade DCIS cases and validated on 54 
cases to predict upstaging to invasive carcinoma >1 mm. Compared to low-grade nuclei, high-grade nuclei were sig-
nificantly larger and less uniformly oriented (all P<0.001). The single-cell grading model achieved F1 scores of 0.76, 
0.62, and 0.80 for low-, intermediate-, and high-grade nuclei, respectively. In one external test set, the integrated 
grading model achieved F1 scores of 0.83, 0.71, and 0.72 for low-, intermediate-, and high-grade DCIS, respectively. 
On 54 intermediate- and high-grade DCIS biopsy cases, combining clinical variables with quantitative heterogeneity 
metrics improved the prediction of upstaging to invasive carcinoma >1 mm over the clinical-only model, increasing 
the area under the receiver operating characteristic curve from 0.704 to 0.827. These findings identify quantita-
tively measured intratumoral heterogeneity as a biologically relevant feature that may explain diagnostic ambiguity 
in borderline cases and help predict extensive invasive upstaging.
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Introduction

Breast ductal carcinoma in situ (DCIS) main-
tains a high incidence with a trend toward 
younger patients [1]. Even after lumpectomy, 
patients remain at risk of ipsilateral breast 
events, including invasive and in situ recurrenc-
es, and breast cancer-related mortality [2]. The 
mortality also increases during the first decade 
after diagnosis [3]. Effective risk stratification 

is important for optimal DCIS management. 
Current clinical prediction models, including 
Van Nuys Prognostic Index [4], Memorial Sloan 
Kettering Nomogram [5], and prognostic score 
[6], combine patient age, tumor size, nuclear 
grade, and additional clinicopathological vari-
ables. Of these factors, nuclear grade is unique 
in requiring microscopic pathological assess-
ment and is a strong prognostic indicator [7], 
with low-grade cases associated with better 
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outcomes than high-grade cases. However, 
interobserver concordance in histological grad-
ing remains low, with only 55% agreement in 
one multicenter study [8]. This variability may 
be due to discordant interpretation criteria  
and poorly defined boundaries between gra- 
des, compounded by intratumoral nuclear 
heterogeneity.

Intratumoral heterogeneity is a recognized  
feature of DCIS and reflects divergent clonal 
evolution [9]. Allred et al. found mixtures of 
cells with different nuclear grades within indi-
vidual lesions, with 9.2% DCIS cases showing 
different distribution of low-, intermediate-, and 
high-grade [10]. Because manual assessment 
is subjective, the true heterogeneity prevalence 
may be higher. Hayward et al. reported greater 
nuclear diversity in high-grade than low-grade 
DCIS using nuclear size measurements [11]. 
This approach did not incorporate other  
critical histologic features for grading, such as 
necrosis, chromatin patterns, and nucleolar 
prominence.

In this study, we developed and validated 
machine learning algorithms for objective and 
quantitative assessment of DCIS grade. The 
framework combines single-cell morphology 
with architectural features to generate a com-
prehensive case-level classification. We then 
applied the same quantitative framework to 
measure intratumoral heterogeneity and as- 
sess whether heterogeneity in biopsy speci-
mens predicts invasive carcinoma in the subse-
quent excision. This approach aims to improve 
the reproducibility of DCIS grading and provide 
a quantitative basis for risk stratification. The 
entire process of this study is shown in Figure 
1.

Materials and methods

Patient selection

This retrospective study was conducted in 
accordance with the Declaration of Helsinki 
and received approval from the Institutional 
Review Board of West China Hospital (IRS No. 
2025-1389). All patient data were fully anony-
mized before analysis, and the requirement for 
informed consent was waived. We identified 
surgical resection specimens diagnosed as 
DCIS at West China Hospital between January 
2015 and December 2021. Three experienced 
pathologists independently reviewed each 
case. A total of 267 cases with concordant 

grade assignments comprised training set A. Of 
these, 50 were used for single-cell feature 
extraction and development of single-cell grad-
ing model. The remaining 217 cases were used 
to develop and internally validate the integrat-
ed grading model.

Two independent cohorts were included for 
external validation. External test set A com-
prised 116 DCIS biopsy cases diagnosed at 
West China Hospital between January 2015 
and December 2022 for which the patholo- 
gists agreed on the grade. External test set B 
consisted of 69 concordantly graded DCIS 
biopsy cases from Sichuan Provincial People’s 
Hospital collected between December 2022 
and December 2024.

To develop a model for predicting upstaging to 
invasive carcinoma, we assembled training set 
B, which consisted of 288 intermediate- and 
high-grade DCIS biopsy cases from West China 
Hospital between January 2015 and December 
2022 and for which complete surgical excision 
data were available. External test set C com-
prised 54 intermediate- and high-grade DCIS 
biopsy cases diagnosed at West China Hospital 
between January 2023 and December 2023 
each with corresponding excision data.

For all enrolled cases, one representative 
hematoxylin and eosin (H&E)-stained slide was 
digitized as a whole-slide image (WSI) for com-
putational analysis. Slides were scanned using 
a KFBio scanner (KF-PRO-400-HI, Konfoong 
Bioinformation Tech Co. Ltd., Zhejiang, China). 
The case-selection process is shown in 
Supplementary Figure 1.

Image analysis

Overview: The computational pathology pipe-
line comprised three stages: nuclear segmen-
tation, single-cell feature extraction, and archi-
tectural feature extraction. To account for dif-
ferences in magnification among slides and 
scanners, image measurements were calibrat-
ed using the diameter of annotated erythro-
cytes as an internal reference.

Nuclei were segmented only within manually 
annotated neoplastic ductal structures. Hover-
Net model [12] was used to identify cells in the 
annotated DCIS ducts, and only cells classified 
as neoplastic were retained for subsequent 
model development. The segmentation model 
had been pretrained and validated using the 
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publicly available PanNuke dataset (https://
jgamper.github.io/PanNukeDataset/).

Single-cell feature extraction: According to 
College of American Pathologists (CAP) recom-
mendations for DCIS grading, we extracted a 
comprehensive set of quantitative features cor-
responding to nuclear grade is evaluated by 
pleomorphism, size, chromatin, nucleoli, mito-
ses, and orientation. Candidate single-cell fea-
tures for pleomorphism, size, chromatin, nucle-
oli and mitotic activity were calculated as fol-
lows. Segmentation accuracy was assessed 
using the ellipse-overlap ratio (intersection 
over union [IoU]) between the nuclear contour 
and a fitted ellipse. Nuclear pleomorphism was 

represented by two measures of shape regular-
ity: inscribed circle diameter (D_in), defined as 
the diameter of the largest circle contained 
within the nuclear contour; and the circum-
scribed-circle diameter (D_out), defined as the 
diameter of the smallest circle enclosing the 
contour (Supplementary Figure 2). Nuclear size 
is described by circumference (C), calculated  
as the sum of Euclidean distances between 
adjacent contour points; surface area (S), cal-
culated from the contour coordinates using 
Green’s theorem; and the area-to-squared-cir-
cumference ratio (R). Chromatin feature was 
quantified as nuclear roughness, defined as 
the standard deviation of pixel intensities  
within each nucleus: 1

N x1i
N

i
2

= -v nR = ^ h  (Supple- 

Figure 1. The entire process of this study.
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mentary Figure 3). Nucleoli were detected with-
in segmented nuclei using the Hough trans-
form. The nucleoli feature of each case was 
calculated by the ratio of cells with detected 
nucleoli to total number of segmented nuclei 
(Supplementary Figure 4). Mitotic figures were 
detected in each region using Tencent MiYing 
(version 1.0; https://tencentmiying.com/offi-
cial/product/pathology) (Supplementary Figure 
5), and the total count was converted to mito-
ses per 10 high-power fields.

Architectural features extraction: In addition  
to single-cell features, we quantified necrosis 
and cell orientation within each annotated 
DCIS duct. The CAP recommendations discuss 
necrosis in relation to mammographic calcifica-
tions, although necrosis is not itself a nuclear-
grade criterion. Necrosis of each case was 
labeled by pathologists on the WSI. Cell orien-
tation was determined by using principal  
component analysis to identify the principal 
axis of each cell contour and then calculating 
orientation entropy from the spatial relation-
ships among cells, as implemented in the Cell 
Orientation Entropy (COrE) method [13].

Grading model development and validation: All 
candidate features were put into statistical 
confusion matrices by machine learning mo- 
del. XGBoost feature importance was ranked by 
the number of times each feature was used to 
split samples across the trees. Nuclear size, 
nuclear shape regularity, necrosis, and cell ori-
entation were the four most informative fea-
tures. Necrosis and cell orientation were there-
fore retained as the principal architectural 
features.

The selected features fell into two categories: 
single-cell morphological features (nuclear size 
and nuclear shape regularity) and architectural 
features (necrosis and cell orientation). We 
used them to build two classifiers. The single-
cell grading model relied exclusively on mor-
phological features to grade individual cells, 
whereas the integrated grading model com-
bined aggregated single-cell features with 
architectural features to classify the lesion as  
a whole.

The single-cell grading model used a stacked 
ensemble in which XGBoost and random forest 
classifiers served as base learners and logistic 
regression as the meta-learner. XGBoost was 

trained with a multiclass softmax objective. 
The random forest used the Gini impurity  
criterion and balanced class weights, with indi-
vidual trees constructed from bootstrap sam-
ples and randomly selected feature subsets. 
Predicted class probabilities from the two base 
learners were supplied as meta-features to the 
logistic regression model. Hyperparameters 
were selected by grid search with threefold 
cross-validation.

The integrated grading model used a support 
vector machine (SVM) classifier with a radial 
basis function kernel to accommodate nonlin-
ear class boundaries. The classifier identified 
the hyperplane that maximized the margin 
between classes. Grid search with fivefold 
cross-validation was used to optimize the regu-
larization parameter (C), kernel coefficient (γ), 
and class weights. Figure 2 shows the com-
plete nuclear modeling pipeline.

Development of the Invasion prediction model: 
We next examined whether nuclear features 
from the DCIS core-needle biopsy specimens 
could predict extensive invasive carcinoma 
measuring >1 mm in the subsequent excision. 
A separate prediction model was developed 
from biopsy cohorts (training set B and external 
test set C). For each biopsy, we collected clini-
cal features, including age, tumor size, ER sta-
tus, HER2 IHC score, and tumor grade, and 
quantitative pathological features from the 
image-analysis pipeline. The latter included the 
proportions of cells classified by the single-cell 
model as low, intermediate, or high grade, 
together with necrosis and cell orientation. 
Using Training Set B, we compared a clinical-
only model with a fused model combining both 
clinical and quantitative pathological features. 
Logistic regression and XGBoost were evaluat-
ed for each feature set, with fivefold cross-vali-
dation used for training and optimization. The 
best-performing models were then indepen-
dently assessed in the external test set C. The 
primary endpoint was extensive invasive carci-
noma in the excision.

Statistical analysis

Grading performance was assessed using 
accuracy [(TP+TN)/(TP+TN+FP+FN)], precision 
[TP/(TP+FP)], recall [TP/(TP+FN)], and F1-score 
[2TP/(2TP+FP+FN)], where TP, TN, FP, and FN 
represent true positives, true negatives, false 
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positives, and false negatives respectively.  
For continuous variables compared across  
multiple groups, analysis of variance (ANOVA) 
was used to test for differences in group 
means, followed by the least significant differ-
ence (LSD) procedure for pairwise post hoc 
comparisons. ANOVA and LSD analyses were 
performed in SPSS, version 16.0 (SPSS Inc., 
Chicago, IL, USA). Receiver operating charac-
teristic curves for the prediction models were 
generated and compared using a paired 
DeLong test in the pROC package. To assess 
the quality of the probabilistic predictions of 
binary events, Brier score was calculated by 
DescTools package. All packages were run in 
RStudio, version 1.4.1103 (RStudio, Inc., 
Boston, MA, USA).

Results

Quantitative single-cell signatures in DCIS 
cases

A total of 19,800 neoplastic nuclei were seg-
mented and analyzed from the 50 surgical 
resection cases in the single-cell training set, 
with 6600 nuclei from each of low-, intermedi-
ate-, and high-grade categories. Two groups of 
features (nuclear size and shape regularity) 
were modeled as described above. Low-grade 

nuclei had significantly smaller circumference 
and surface areas than both intermediate-  
and high-grade nuclei (Figure 3A, 3B; both 
P<0.001). Conversely, the compactness ratio 
(area/perimeter2) was significantly lower in 
high-grade than in low-grade nuclei (Figure 3C, 
3D; P<0.001). The combination of inscribed- 
and circumscribed-circle diameters also distin-
guished low- from high-grade cells (Figure 3F).

The stacked ensemble model was optimized 
using grid search with threefold cross-valida-
tion and then evaluated in an independent  
test set of 471 nuclei annotated by patholo-
gists. Against these reference annotations, the 
model achieved F1 scores of 0.76, 0.62, and 
0.80 for low-, intermediate-, and high-grade 
cells, respectively.

Integrated grading model

For case-level grading, we combined aggregat-
ed single-cell measurements with necrosis and 
cell orientation entropy in 217 resection speci-
mens. These cases were divided into an inter-
nal training set (n=80), validation set (n=21), 
and test set (n=116) (Supplementary Table 1). 
High-grade lesions showed a loss of cell orien-
tation (Supplementary Figure 6; P<0.001). An 
SVM classifier was trained on the combined 

Figure 2. Illustration of model building. Abbreviations: C, circumference; S, surface area; R, ratio of the area to the 
square of the circumference; IoU, merging ratio; D_in, inscribed circle diameter; D_out, outscribed circle diameter; 
COrE, Cell Orientation Entropy; SVM, Support vector machine; RBF, radial basis function; PCA, Principal Component 
Analysis.
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single-cell and whole-duct features (Supple- 
mentary Table 2). In the internal test set, F1 
scores were 0.79, 0.82 and 0.76 for low-, inter-
mediate-, and high-grade DCIS, respectively. 
The corresponding scores were 0.63, 0.74, and 
0.82 in external test set A and 0.83, 0.71, and 
0.72 in external test set B.

For discrimination of high-grade from low-/
intermediate-grade DCIS, the area under the 
curve (AUCs) were 0.874 in internal test set, 
0.836 in external test set A, and 0.811 in exter-
nal test set B (Supplementary Figure 7). For dis-
crimination of low-grade from intermediate-/
high-grade DCIS, the corresponding AUCs were 
0.874 in internal test set, 0.786 in external test 
set A, and 0.901 in external test set B, respec-
tively (Supplementary Figure 7).

Quantitative analysis of intratumoral heteroge-
neity

Using the validated single-cell grading model, 
we quantified the proportions of low-, interme-
diate-, and high-grade cells in each case and 

compared them with the grades assigned by 
pathologists and by the model (Figures 4 and 
5). All three cell grades occurred in varying pro-
portions across lesions of each case-level 
grade (Figure 5). Among cases with discordant 
pathologist- and model-assigned grades, low-
grade cases contained a high proportion of  
low-grade cells (mean ± SD: 66.8%±11.9%; 
range: 48.2%-86.4%), whereas high-grade 
cases were enriched for high-grade cells  
(mean ± SD: 56.6%±10.7%; range 25.2%-
79.8%). Intermediate-grade cases contained 
44.8%±10.0% low-grade cells, significantly 
fewer than in low-grade cases (P<0.001), and 
35.8%±11.5% high-grade cells, significantly 
fewer than in high-grade cases (P<0.001).

Analysis of cases with discordant pathologist 
assessments

We then investigated whether the models could 
provide an objective classification when pathol-
ogists disagreed. The three pathologists failed 
to reach a consensus grade in 36 resection 
cases. All disagreements involved adjacent cat-

Figure 3. Single-cell features of low-, intermediate-, and high-grade cells. A. Circumference; B. Surface area; C. Ratio 
of the surface area to the square of the circumference; D. Scatter plot with circumference on the X-axis and surface 
area on the Y-axis; E. Merging ratio; F. Scatter plot with inscribed circle diameter (D_in) on the X-axis and outscribed 
circle diameter (D_out) on the Y-axis. Abbreviations: L, low-grade cells; I, intermediate-grade cells; H, high-grade 
cells; IoU, merging ratio; D_in, inscribed circle diameter; D_out, outscribed circle diameter. *P<0.050; **P<0.010; 
***P<0.001. Only comparisons with statistically significant P values are labeled in the figure.
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egories: low versus intermediate grade (n=17) 
or intermediate versus high grade (n=19). The 
integrated case-level model classified 3 of 
these cases as low grade, 16 as intermediate 
grade, and 17 as high grade (Figure 6B). To 
examine the cellular basis of these classifica-
tions, we analyzed the single-cell composition 
of each lesion (Figure 6A). In the 17 cases dis-
puted between low and intermediate grade,  
the mean proportion of low-grade nuclei laid 
between the corresponding means for consen-
sus low- and consensus intermediate-grade 
cases in the external validation cohorts  
(Figure 6D). Similarly, in the 19 cases disputed 
between intermediate and high grade, the 
mean proportion of high-grade nuclei laid 
between the means for consensus intermedi-
ate- and consensus high-grade cases (Figure 
6F).

Intratumoral heterogeneity in biopsy speci-
mens predicts extensive invasion in the subse-
quent excision

We assessed whether quantitative features 
derived from biopsy specimens could predict 
invasive carcinoma measuring >1 mm in the 
subsequent excision. The clinical information of 
enrolled DCIS biopsy cases is presented in 
Supplementary Table 3. In training set B, 90 of 
288 cases (31.3%) were upstaged to extensive 

invasive carcinoma in the excision speci- 
men. In external test set C, 18 of 54 cases 
(33.3%) were upstaged. Logistic regression 
and XGBoost were used to develop a clinical-
only model and a fused model that combined 
clinical variables with single-cell features.

In the training set, the clinical-only model 
showed modest discrimination, with an AUC of 
0.657, sensitivity of 0.571, and specificity of 
0.689. The fused model performed better on 
the same data, with an AUC of 0.976 (Figure 
7A), significantly higher than that of clinical-only 
model (P<0.001). Its sensitivity and specificity 
were 1.000 and 0.911, respectively. The Brier 
score was 0.234 for the clinical-only model and 
0.093 for the fused model.

Performance was then assessed in the inde-
pendent external test set C. The clinical-only 
model yielded an AUC of 0.704, a sensitivity of 
0.556, and a specificity of 0.722. The fused 
model achieved an AUC of 0.827, a sensitivity 
of 0.861, and a specificity of 0.833 (Figure 7B). 
Although the difference in AUC between the 
two models was not significant (P=0.133), the 
fused model showed numerically higher sensi-
tivity and specificity (Figure 7B). The Brier score 
was 0.228 for the clinical-only model and 0.168 
for the fused model.

Figure 4. Single-cell grading annotation in each labeled case. (A) low-grade DCIS; (B) intermediate-grade DCIS; 
(C) high-grade DCIS. (D) single-cell grading annotation in low-grade DCIS (A); (E) single-cell grading annotation in 
intermediate-grade DCIS (B); (F) single-cell grading annotation in high-grade DCIS (C). (A-F): The scale bar in the 
figure represents 125 μm. (D-F): Blues dots refer to low-grade cells, green dots refer to intermediate-grade cells, red 
dots refer to high-grade cells.
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Figure 5. Distribution of low-, intermediate-, and high-grade cells in different sets. (A-D) internal test set; (E-H) external test set A; (I-L) external test set B. (A, E and 
I) 3D scatter plot shows distribution of low-, intermediate-, and high-grade cells in cases graded by pathologists; (B, F and J) heatmap shows distribution of low-, 
intermediate-, and high-grade cells in cases graded by pathologists; (C, G and K) 3D scatter plot shows distribution of low-, intermediate-, and high-grade cells in 
cases graded by the integrated grading model; (D, H and L) heatmap shows distribution of low-, intermediate -, and high-grade cells in cases graded by the integrated 
grading model. (A, C, E, G, I and K): x-axis refers to percentage of low-grade cells in each case, y-axis refers to percentage of intermediate-grade cells in each case, 
and z-axis refers to percentage of high-grade cells in each case; green spot refers to low-grade cases, yellow spot refers to intermediate-grade cases, red spot refers 
to high-grade cases. Abbreviations: L, low-grade cells; I, intermediate-grade cells; H, high-grade cells.
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Figure 6. Intratumoral heterogeneity analyses in discordant cases. A. 3D scatter plot showing the distribution of 
low-, intermediate-, and high-grade cells in cases with discordant pathologist grades, categorized into low versus 
intermediate (green spots) or intermediate versus high (yellow spots) grades. B. A Sankey diagram shows the dis-
crepancies in case grading by the integrated grading model. The left side shows the pathologist-assigned grades, 
while the right side shows the model-assigned grades. C. Orientation score comparison between discordant and 
concordant cases. D. Percentage of low-grade cells in discordant versus concordant cases. E. Percentage of inter-
mediate-grade cells in discordant versus concordant cases. F. Percentage of high-grade cells in discordant versus 
concordant cases. L, I and H refers to low, intermediate, and high-grade cases in consistent cases, respectively; L-I 
and H-I refers to discordant results between low and intermediate and between high and intermediate, respectively. 
*P<0.050; **P<0.010; ***P<0.001. Only comparisons with statistically significant P values are labeled in the figure.

Figure 7. ROC curves of extensive invasion prediction models. A. ROC curves of Clinical model and fused model in 
training set B. B. ROC curves of Clinical model and fused model in external test set C. ROC, receiver operating char-
acteristic; AUC, area under the ROC curve.
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Discussion

We developed and validated a multilevel 
machine learning framework to address the 
persistent problem of interobserver variability 
in DCIS grading. Quantitative single-cell mor-
phometry distinguished low- from high-grade 
nuclei and provided an objective cellular basis 
for grading. Combining these measurements 
with architectural features enabled accurate, 
reproducible classification of DCIS as low, inter-
mediate, or high grade across internal and 
external cohorts. The single-cell model also 
quantified intratumoral heterogeneity, helping 
to explain why pathologists disagree on border-
line lesions. Finally, heterogeneity measured in 
biopsy specimens was informative for predict-
ing upstaging to invasive carcinoma in the sub-
sequent excision.

Several institutions have proposed systems for 
grading DCIS, including recommendations from 
the CAP [14], Van Nuys [15], and Holland [16]. 
Nuclear size and pleomorphism are central to 
all of these systems. Nuclear size is the only 
grading feature that is readily measured objec-
tively, yet current guidelines do not specify 
quantitative thresholds for low-, intermediate-, 
or high-grade nuclei [17]. The remaining criteria 
are also interpreted subjectively, limiting con-
sistency among pathologists and institutions.

The machine learning approach was designed 
to operationalize the grading process describ- 
ed in the CAP recommendations [14]. To estab-
lish a reliable reference standard, the training 
cohorts included only cases for which three 
pathologists independently assigned the same 
grade. Segmentation and analysis at the level 
of individual nuclei enabled a granular descrip-
tion of DCIS, while erythrocytes provided an 
internal scale for reproducible size measure-
ments. Nuclear size differed significantly ac- 
ross grade categories, consistent with findings 
reported by Hayward et al. [11], and increased 
progressively from low- to high-grade disease. 
Pleomorphism also distinguished the grades: 
low-grade cells had regular nuclear contours, 
whereas high-grade cells had larger, more irreg-
ular nuclei (Figure 3F). Although IoU values var-
ied among low-grade cells, the mean IoU values 
exceeded 0.8 across all three nuclear-grade 
groups (Figure 3E), indicating that the nuclear 
contours were generally similar to their fitted 
ellipses. These observations agree with the 

established role of pleomorphism in grading 
[18, 19] and with descriptions of large, irregular 
nuclei in high-grade DCIS [20]. The model trans-
lates these qualitative descriptors into quanti-
tative features.

Guidelines also consider chromatin pattern, 
nucleolar prominence, and mitotic activity 
when grading DCIS. In our preliminary feature-
importance analysis, however, these variables 
contributed substantially less to grade discrimi-
nation than nuclear size and pleomorphism. 
One likely explanation is their sensitivity to pre-
analytical variation, including tissue process-
ing, fixation time, and staining inconsistency 
[21]. This can lead to less reliable feature 
extraction in a computational setting. We there-
fore excluded them from the final single-cell 
grading model to improve robustness and gen-
eralizability. In a rigorously annotated nuclear 
test set, the model achieved F1 scores of 0.76 
for low-grade and 0.80 for high-grade cells. 
Performance was lower for intermediate-grade 
cells (F1=0.62), possibly because this category 
lacks clear biological and morphological bound-
aries. This finding underscores the value of 
quantitative approaches for difficult, intermedi-
ate cases.

The integrated model extended the single-cell 
analysis by incorporating necrosis [16, 18, 19] 
and cell orientation [14, 18, 19, 22]. Cellular 
orientation, also termed polarity, describes 
how cells are arranged relative to the ductal 
lumen. Several grading recommendations [14, 
18, 19, 22] describe preserved polarity as a 
feature of low-grade DCIS and loss of polarity 
as a feature of high-grade disease, but the 
thresholds separating categories remain sub-
jective. Li et al. [23] employed the COrE method 
to quantify cell orientation and found an asso-
ciation with DCIS Oncotype DX scores. Our 
COrE analysis likewise identified cell orienta-
tion as an informative grading feature: low-
grade lesions had higher COrE values and were 
clearly separated from intermediate- and high-
grade cases (Supplementary Figure 6). The 
integrated model performed consistently in 
internal and external test sets. By combining 
cellular and architectural information, it more 
closely approximates the lesion-level assess-
ment made by a pathologist.

The single-cell model also enabled direct mea-
surement of intratumoral heterogeneity, which 
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may reflect the distinct molecular routes 
through which DCIS develops. Low-grade DCIS 
arising from normal ductal epithelium is associ-
ated with chromosomal alterations such as 1q 
gain and 16q loss and with hormone receptor-
positive disease [24]. High-grade DCIS, by con-
trast, is associated with changes such as 1p 
loss and 8q gain and with hormone receptor-
negative disease [24]. The coexistence of dif-
ferent nuclear grades within one lesion may 
therefore reflect distinct cells of origin or diver-
gent evolutionary way toward invasion [25]. Our 
model captures this variation as grade-specific 
cell proportions at the duct level. How such het-
erogeneity should influence diagnosis and 
whether grading should follow the highest-
grade focus or the predominant population 
remains unsettled. Allred et al. [10] reported 
approximately half of DCIS cases exhibit vary-
ing degrees of grade heterogeneity, but manual 
quantification is challenging. The present meth-
od offers a digital-pathology approach to study-
ing this feature and complements techniques 
such as multiplex immunofluorescence [26].

In our study, the cell-grade distributions by sin-
gle-cell grading model supported the case-level 
classifications made by pathologists: low-grade 
lesions were enriched for low-grade nuclei, 
whereas high-grade lesions were enriched for 
high-grade nuclei. Intermediate-grade lesions 
had a more mixed composition, with substan-
tial low- and high-grade populations but no 
component as dominant as in the correspond-
ing low- or high-grade lesions. This method 
offers a quantitative explanation for the poor 
interobserver agreement in intermediate-grade 
DCIS. The analysis of disputed cases reached  
a similar conclusion. Cases debated as low  
versus intermediate grade had cell distribu-
tions between those of consensus low- and 
intermediate-grade lesions (Figure 6D-F). Simi- 
larly, cases debated as intermediate versus 
high grade showed an intermediate degree of 
orientation loss between those of consensus 
intermediate and high-grade lesions (Figure 
6C). Therefore, diagnostic disagreement may 
reflect genuine biological and morphological 
continuity rather than observer subjectivity 
alone. The machine learning framework pro-
vides an objective way to locate individual 
lesions along that continuous spectrum.

Underestimation of invasion in DCIS diagnosed 
by core-needle biopsy remains a clinical chal-

lenge. Approximately 10% to 50% biopsy-diag-
nosed DCIS cases are upstaged to invasive car-
cinoma after excision [27-29], with higher rates 
reported for high-grade disease [30]. Although 
the clinical implications of microinvasion (≤1 
mm) versus pure DCIS remain debated due to 
minimal prognostic differences [31, 32]. The 
presence of extensive invasive carcinoma is 
associated with poorer outcomes [33] and 
requires a different therapeutic strategy. We 
therefore focused on predicting invasive carci-
noma >1 mm in biopsy specimens classified as 
intermediate- or high-grade DCIS. In the exter-
nal test set, the clinical-only model had modest 
predictive power (AUC, 0.704). Adding the pro-
portions of low-, intermediate-, and high-grade 
cells in the model increased the AUC to 0.827. 
This finding suggests that the quantitative het-
erogeneity in the initial biopsy tissue contains 
information about invasive disease in the sub-
sequent excision. This application of the grad-
ing model could refine preoperative risk stratifi-
cation and inform surgical planning for patients 
with DCIS.

Conclusions

We developed and validated a machine learn-
ing framework for objective and reproducible 
grading of DCIS. The framework translates 
qualitative histopathological criteria into quan-
titative measurements and achieved robust 
performance across independent cohorts. The 
model is based on a simplified version of CAP 
criteria and gives an objective quantification 
method for grading. It also identifies intratu-
moral heterogeneity as a biologically relevant 
feature that helps explain diagnostic uncertain-
ty in borderline lesions and may predict upstag-
ing to extensive invasive carcinoma (>1 mm). 
Given the risk of progression to invasive dis-
ease [34] and the increasing emphasis on pre-
cise management of low-risk DCIS [35], this 
approach may improve risk stratification and 
support clinical decision-making.
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Supplementary Figure 1. Case selection in this study.

Supplementary Figure 2. Pleomorphism. (A) Original image; (B) A patch from the original image; (C1-C3) A nucleus 
extracted from b; (D1-D3) Outlines of nuclei in (C1-C3); (E1-E3) Fit the minimum bounding rectangle based on the 
instance segmentation results of the nuclei (the blank regions E1-E3). The bounding rectangle is indicated by the 
red lines within (E1-E3). Next, the inscribed ellipse within this bounding rectangle (shown in green in E1-E3) is used 
as a reference. The scale bar in the (A) represents 200 μm; in (B) represents 50 μm.
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Supplementary Figure 3. Chromatin features. A. The tumor cell nuclei in the original image. B. The nuclear contours 
segmented by the model. C. The corresponding mask is generated based on the contours. D. The tumor cell nuclei 
extracted using the mask. The variance of chromatin uniformity within the nuclei can be calculated by applying the 
relevant formula to the extracted nuclei.

Supplementary Figure 4. Nucleoli detection. (A) Original image. (B) Amplification of a. (C) The red contour lines in c 
indicate cells in which nucleoli were detected, while the green contour lines represent cells in which nucleoli were 
not detected. (D1-D3) The nuclei from the original image based on the results of nuclear instance segmentation. 
(E1-E3) Red ellipses highlight the nucleoli within the nuclei, which were detected via the Hough Transform algorithm. 
The scale bar in the (A) represents 100 μm.

Supplementary Figure 5. Mitoses. A-C. The green circles indicate the mitotic figures. The scale bars represent 25 
μm.
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Supplementary Table 1. The numbers of low-, intermediate- and high-grade DCIS cases in each data-
set

Dataset N
Low grade Intermediate grade High grade

N % N % N %
Internal Training Set 80 16 20.0 42 52.5 22 27.5
Internal Validation Set 21 6 28.6 8 38.1 7 33.3
Internal Test Set 116 19 16.4 67 57.8 30 25.9
External Test Set A 116 10 8.6 56 48.3 50 43.1
External Test Set B 69 14 20.3 34 49.3 21 30.4

Supplementary Figure 6. Cell orientation in low-, intermediate-, and high-grade DCIS. Abbreviations: L, low-grade 
cells; I, intermediate-grade cells; H, high-grade cells. **P<0.010. Only comparisons with statistically significant P 
values are labeled in the figure.

Supplementary Table 2. Integrated grading model evaluation in different sets
Dataset Grade Precision Recall F1 score
Internal test set Low 0.79 0.79 0.79

Intermediate 0.81 0.84 0.82
High 0.80 0.73 0.76

External test A Low 0.67 0.60 0.63
Intermediate 0.81 0.68 0.74
High 0.75 0.90 0.82

External test B Low 0.80 0.86 0.83
Intermediate 0.79 0.65 0.71
High 0.65 0.81 0.72
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Supplementary Figure 7. ROC curves for integrated grading model in different sets. A. ROC curves for evaluation of 
low-, intermediate-, and high-grade DCIS in test set. B. ROC curves for evaluation of low-, intermediate-, and high-
grade DCIS in external test set A. C. ROC curves for evaluation of low-, intermediate-, and high-grade DCIS in external 
test set B. Abbreviations: L, low-grade cells; I, intermediate-grade cells; H, high-grade cells; ROC, receiver operator 
characteristic; AUC, areas under the ROC curve.

Supplementary Table 3. Clinical features of DCIS biopsy cases in training set B and external test set C
Features Training set B (N, %) External test set C (N, %)
Age (years)
    < 40 39 (13.5) 11 (20.4)
    40-60 219 (76.0) 38 (70.4)
    > 60 30 (10.4) 5 (9.3)
ER status*

    Positive 144 (50.0) 25 (46.3)
    Negative 144 (50.0) 29 (53.7)
HER2 IHC score
    0 40 (13.9) 2 (3.7)
    1+ 47 (16.3) 4 (7.4)
    2+ 43 (14.9) 16 (29.6)
    3+ 158 (54.9) 32 (59.3)
Grade
    Intermediate 85 (29.5) 18 (33.3)
    High 203 (70.5) 36 (66.7)
Tumor size (cm)
    < 1.6 41 (14.2) 5 (9.3)
    1.6-4.0 191 (66.3) 32 (59.3)
    > 4.0 56 (19.4) 17 (31.5)
Extensive invasion#

    No 198 (68.8) 36 (66.7)
    Yes 90 (31.3) 18 (33.3)
*ER status: Positive status means ≥ 1% positive nuclei staining. #Extensive invasion: Invasive carcinoma measuring > 1 mm in 
the final excision specimen.


