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Abstract. The Oncotype DX Recurrence Score (RS) guides adjuvant
chemotherapy decisions in ER+/HER2− early-stage breast cancer, but
genomic testing is not universally available. Ki67 reflects tumor prolif-
eration and is biologically associated with RS, yet routine assessment
is limited by interobserver variability. We investigated whether indepen-
dently trained and analytically validated AI-based Ki67 quantification
tools provide incremental information beyond routinely available clin-
icopathological variables for estimating the genomic recurrence score.
We examined 167 patients who underwent clinical Oncotype DX testing.
Archival tumor tissue was assembled into tissue microarrays, stained for
Ki67, and digitized. Three independently developed AI models were an-
alytically validated against reference assessments before RS modeling.
Associations with continuous RS were evaluated using linear regression,
and logistic regression with cross-validation was used to identify patients
unlikely to have RS>25. AI-based Ki67 indices were associated with RS
and independently explained one-third of RS variance. When combined
with routine clinicopathological variables (age, histological grade, ER,
and PR), over half of RS variance was explained, and a 0.90 AUROC
was achieved for identifying RS>25. At a threshold of ≥95% sensitivity,
the combined variables ruled out 44% of patients, with an NPV of 0.97,
compared with 10% and 0.88, respectively, using routine clinicopatholog-
ical variables alone. Rather than replacing genomic testing, the combined
use of AI-based Ki67 quantification and routine clinicopathological vari-
ables may serve as an accessible, scalable triage tool to identify patients
unlikely to have a high genomic recurrence score. Prospective external
validation in whole-slide or biopsy cohorts is required before clinical im-
plementation.
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1 Introduction

Breast cancer is the most common malignancy among women worldwide and
remains a leading cause of cancer-related mortality [12]. Within the spectrum
of invasive ductal carcinomas, the subset of hormone receptor-positive/HER2-
negative (HR+/HER2−) breast cancer represents the largest molecular subtype
that is generally associated with a favorable prognosis [1]. Nevertheless, clinical
outcomes within this group vary, with a subset of patients experiencing disease
recurrence despite standard therapy [15]. Accurate identification of patients at
increased risk of recurrence is therefore central to optimizing treatment selection,
balancing the benefits of adjuvant chemotherapy against its associated toxicity,
cost, and impact on quality of life [18].

To refine recurrence risk estimation in patients with estrogen receptor-positive
(ER+)/HER2− breast cancer, multigene expression assays such as the Oncotype
DX Breast Recurrence Score (RS), a validated 21-gene expression assay [14], have
become integral components of contemporary clinical decision-making by identi-
fying patients most likely to benefit from adjuvant chemotherapy while avoiding
overtreatment in those with low-risk disease. However, Oncotype DX testing is
centralized and expensive, and its adoption remains limited across health sys-
tems. Because cellular proliferation is a major determinant of recurrence risk and
constitutes one of the principal biological processes captured by the Oncotype
DX assay, the immunohistochemical (IHC) marker Ki67 has consistently demon-
strated prognostic value and a significant association with the Oncotype DX RS.
Multiple studies have shown that Ki67 is among the strongest pathological cor-
relates of recurrence score, although it is not the sole determinant [17]. However,
concerns have also been raised regarding the clinical implementation of Ki67,
particularly its interobserver and interlaboratory variability, lack of universally
accepted scoring methodologies, and uncertainty surrounding optimal cutoffs,
all of which limit its use as a standalone biomarker [6,13]. More recently, stud-
ies have highlighted the limitations of relying on Ki67 alone for estimating the
Oncotype DX RS [4]. To our knowledge, however, the incremental value of AI-
based Ki67 quantification beyond routinely available clinicopathological features
for estimating the Oncotype DX RS in an ER+/HER2− patient population has
not been comprehensively explored as a triage tool.

Here, we developed and evaluated a set of computational workflows that
integrate Ki67 with established clinicopathological variables to estimate the On-
cotype DX RS and identify patients unlikely to have a high RS in ER+/HER2−
breast cancer. We assessed the relative contribution of individual features and
compared model performance across multiple computational approaches. We es-
tablished a straightforward multivariable and interpretable approach for triaging
genomic testing. We highlight the potential of AI-based Ki67 quantification and
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routine diagnostic data to serve as an inexpensive, scalable triage tool to identify
patients unlikely to have high genomic recurrence scores.

2 Materials and Methods

2.1 Study Cohort

The cohort comprised 167 patients with ER+/HER2− early-stage breast cancer
who underwent Oncotype DX testing as part of routine care at Princess Margaret
Cancer Centre, Toronto, Canada, between 2008 and 2017 [16]. For each patient,
the clinical record supplied the Oncotype DX RS, age, histological grade, and
ER and PR expression interpreted according to the American Society of Clinical
Oncology and the College of American Pathologists guidelines [11]. Ki67 was
not available from the original clinical reports and was measured experimen-
tally. Archival formalin-fixed paraffin-embedded tumor blocks corresponding to
the Oncotype-tested cancers were retrieved from Princess Margaret Cancer Cen-
tre, and for each patient two representative tissue-microarray tumor cores were
constructed, stained for Ki67 and digitized at 20× magnification (0.5 µm/pixel)
using an Aperio AT2 scanner. Cores with insufficient tissue were excluded, leav-
ing 268 tumor cores available for analysis.

2.2 Deep Learning Ki67 Quantification and Analytical Validation

Three published AI models for Ki67 quantification were evaluated: piNET [9],
UV-Net [7], and DeepLIIF [10]. Each model was previously trained on datasets
independent of this study. UV-Net and piNET are multiclass cell-detection mod-
els for Ki67 tumor cell detection in breast cancer. They use convolutional encoder–
decoders to detect invasive tumor nuclei and classify each nucleus as Ki67 pos-
itive or negative. Both models have been evaluated across external breast can-
cer datasets [8], and piNET was validated as a fully automated Ki67 scoring
pipeline [3], whereas UV-Net was used in AI-assisted Ki67 scoring studies [7].
DeepLIIF was included as an IHC quantification comparator; it was not devel-
oped specifically for Ki67 or breast cancer. DeepLIIF is a conditional generative
adversarial network that segments all nuclei and classifies IHC nuclear staining
status and was externally evaluated in breast cancer Ki67 scoring.

For each patient, the Ki67 index was computed across cores and reported
as the percentage of Ki67-positive nuclei among the nuclei detected by each
model. We analytically validated each model to confirm that its Ki67 index
reflected reference assessment. From the cohort, 20 randomly selected cores, one
per patient, were reviewed by a board-certified pathologist for invasive tumor-cell
count and Ki67 index. Model estimates were compared with this reference using
linear regression, separately for tumor-cell count and Ki67 index. Agreement
was summarized by the coefficient of determination (R2) and Lin’s concordance
correlation coefficient (CCC). Analytical validity was prespecified as R2 ≥ 0.70
and CCC ≥ 0.70; models not meeting these criteria were excluded from analysis.
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2.3 Statistical Analysis

To examine relationships between variables and recurrence score, univariable
associations with recurrence score were examined for AI-based Ki67 index and
clinicopathological variables. Continuous associations with recurrence score were
assessed using Spearman rank correlation. Differences between risk groups, de-
fined as RS ≤ 25 (low risk) and RS > 25 (high risk) following the Oncotype DX
TAILORx trial [19], were evaluated using the Mann-Whitney U test.

Linear regression was used to test whether the AI-based Ki67 index added in-
dependent information for continuous recurrence score estimation. Three models
were compared: a Ki67-only model, a clinical-only model (age, histological grade,
ER, PR), and a combined (age, histological grade, ER, PR, and Ki67) model.
Model fit was summarized using adjusted R2, which penalizes additional predic-
tors, and each variable’s independent contribution was quantified by partial R2,
with significance assessed by partial F-tests.

Logistic regression was used to classify RS > 25 from Ki67-only, clinical-only,
and combined variables. Patient-level probabilities were generated by leave-one-
out cross-validation. The area under the receiver operating characteristic curve
(AUROC) was calculated from these cross-validated scores, with a 95% confi-
dence interval (CI) by bootstrap resampling (1,000 replicates), and AUROCs
were compared by DeLong tests under Holm correction.

A triage analysis evaluated whether each model could identify patients un-
likely to have RS > 25. For each model, the threshold was set to retain at
least 95% sensitivity because the costly error in this setting is a missed high-
risk patient. Patients below this threshold were classified as rule-out eligible,
meaning genomic testing could be deferred. Performance was summarized by
the ruled-out fraction and the negative predictive value (NPV), each with a 95%
CI by out-of-bag bootstrap resampling. Rule-out-eligible and retained patients
were compared across recurrence score and continuous clinical features by the
Mann–Whitney U test, and across histological grade by the χ2 test, with Holm
correction. All tests were two-sided at α = 0.05.

3 Results and Discussion

3.1 Analytical Validity of Deep Learning Ki67 Quantification

UV-Net and piNET met the prespecified analytical validity criteria against
pathologist reference, whereas DeepLIIF did not. The three models produced
qualitatively different cell-detection patterns in the study cohort (Fig. 1). UV-
Net and piNET showed strong concordance with reference tumor-cell counts
(CCC = 0.96 and 0.95, respectively) and reference Ki67 index (CCC = 0.84 for
both). In contrast, DeepLIIF showed weak correlation with reference tumor-cell
counts (R2 = 0.30) and no concordance (CCC = 0.05). DeepLIIF detected a
median of ∼2,000 nuclei per core indicating substantial over-detection. UV-Net
and piNET were carried forward for recurrence score estimation analysis. We
note these models ranked patients similarly (Spearman ρ = 0.92), but piNET
produced higher estimates, with a mean bias of 5.1 points.
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Fig. 1. AI-based Ki67 model outputs on a representative tissue-microarray core.

3.2 Cohort Characteristics and Univariable Associations

Our experimental cohort was enriched for high recurrence score prevalence and
showed the expected clinicopathological profile. Of 167 patients, 56 (33.5%) had
tumors with RS > 25, compared with 18% in the TAILORx trial [19]. In univari-
able analyses, RS > 25 tumors were more often grade 3, had lower ER expression,
approximately fivefold lower PR expression, and a two- to threefold higher Ki67
index than low recurrence score tumors, regardless of whether Ki67 was measured
by UV-Net or piNET (all p < 0.05; Table 1). PR expression and AI-based Ki67
showed the strongest associations with continuous recurrence score (absolute
Spearman ρ > 0.5; Fig. 2). These findings support that AI-based Ki67 captures
the proliferation-linked component of recurrence score. However, because Ki67
correlates with clinicopathological features, univariable association alone could
not establish independent information. We therefore used multivariable model-
ing to test whether AI-based Ki67 added recurrence score-related information
beyond routine clinical variables.

Table 1. Cohort characteristics by genomic recurrence score groups. Values are median
(Q1–Q3), except grade (counts). RS group difference between RS ≤ 25 and RS > 25
by χ2 (grade) or Mann–Whitney U (otherwise); continuous association by Spearman
ρ, grade treated as ordinal.

Variable RS ≤ 25 RS > 25 RS group Continuous
n = 111 n = 56 difference association

Age, years 56 (49–62) 57 (52–61) 0.81 −0.05
ER, % 99 (95–100) 98 (80–99) <0.05 −0.28
PR, % 80 (50–90) 15 (0–42) <0.001 −0.52
Grade, 1/2/3, n 2 / 71 / 38 1 / 24 / 31 <0.05 0.28
Ki67, UV-Net, % 8 (4–12) 23 (12–31) <0.001 0.52
Ki67, piNET, % 13 (6–16) 29 (18–37) <0.001 0.54
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Fig. 2. Strongest univariable correlates of the Oncotype DX recurrence score. PR ex-
pression and AI-based Ki67 indices had the largest absolute Spearman correlations (ρ)
with recurrence score among candidate variables. Points represent 167 patients; solid
lines show linear trends; dashed line marks a recurrence score of 25.

3.3 Multivariable Continuous Recurrence Score Modeling

The AI-based Ki67 index improved continuous recurrence score estimation be-
yond routine clinicopathological variables and emerged as a main independent
contributor (Fig. 3). Ki67 alone explained approximately one-third of recurrence
score variance, with adjusted R2 values of 0.35 for UV-Net and 0.32 for piNET,
indicating that Ki67 captured substantial recurrence score information on its
own. The clinical-only model explained approximately half of recurrence score
variance (adjusted R2 = 0.47), with PR expression, ER expression, and histolog-
ical grade contributing independently. Adding AI-based Ki67 index to routine
clinical variables increased adjusted R2 to 0.57 for UV-Net and 0.56 for piNET.
In both combined models, Ki67 was the second-largest independent contributor
after PR. Its inclusion also changed the contribution of histological grade. Grade
contributed independently in the clinical-only model but no longer contributed
after Ki67 was added, suggesting that AI-based Ki67 captured the proliferation
component that histological grade reflects more coarsely through mitotic activity.
Together, these findings identify AI-based Ki67 as an interpretable and indepen-
dent source of recurrence score information beyond routine clinicopathological
variables.

3.4 Recurrence Score Discrimination and Triage Analysis

For the clinically relevant task of identifying high genomic recurrence score, the
independent information captured by AI-based Ki67 indices translated into im-
proved discrimination (Fig. 4). The combined models achieved the highest AU-
ROCs, with values of 0.90 for UV-Net and 0.88 for piNET when combined with
routine clinicopathological variables. By comparison, the clinical-only model and
Ki67 alone each achieved an AUROC of 0.81. Both combined models improved
discrimination compared with the clinical-only model (UV-Net: p < 0.01; piNET:
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Fig. 3. Ki67 contributes independently to continuous recurrence score estimation. Fea-
ture contributions are shown as partial R2, indicating the independent variance ex-
plained by each predictor.

p < 0.05), whereas Ki67-only and clinical-only models did not differ (p = 1.00).
These results show that AI-based Ki67 index matched the routine clinicopatho-
logical variables as a standalone discriminator but added independent discrimi-
natory information when combined with them.

At a high-sensitivity operating point, adding the AI-based Ki67 index ex-
panded the population ruled out for high genomic recurrence score triage (Fig. 4).
When thresholds were set to maintain at least 95% sensitivity for RS > 25, the
combined models ruled out 44% of patients (95% CI, 18–67%) with an NPV
of 0.97 (95% CI, 0.85–1.00). By comparison, the clinical-only model ruled out
10% of patients (95% CI, 7–45%) with an NPV of 0.88 (95% CI, 0.75–1.00).
Among patients that would require genomic testing, the proportion with RS >
25 was also higher for the combined models than for the clinical-only model,
corresponding to a positive predictive value (PPV) of 0.60 (95% CI, 0.40–0.78)
versus 0.40 (95% CI, 0.28–0.53). The combined model therefore sent fewer pa-
tients for genomic testing, a greater share of whom truly had a high recurrence
score, and it missed no additional high recurrence score patients.

Fig. 4. Ki67 improves high recurrence score discrimination and rule-out triage per-
formance at the ≥95% sensitivity threshold. Receiver operating characteristic (ROC)
curves show discrimination of RS > 25. The red dashed line indicates the 95% sensi-
tivity operating point for triage analysis. Bar plots show mean and 95% CI. *p < 0.05;
**p < 0.01.
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The reported negative predictive value is likely conservative, because this
cohort was enriched for high genomic recurrence score at 33.5% against roughly
18% in screening populations [19]. Sensitivity was calculated among high recur-
rence score patients, so the prespecified ≥95% sensitivity target was not deter-
mined by this enrichment. The negative predictive value, in contrast, depends
on prevalence and would be expected to rise in a lower-prevalence intended-use
population if sensitivity and specificity were preserved. The ruled-out fraction
may also increase in such a population, but this estimate should be confirmed
in an external intended-use cohort.

The population cleared by the threshold was biologically plausible, show-
ing higher PR expression and lower AI-based Ki67 than the retained patients
(Fig. 5). PR expression in the combined models was 90% versus 20% and the
clinical-only model 95% versus 50%. The Ki67 index was 6% versus 17% in the
combined UV-Net model and 9% versus 24% in the combined piNET model.
The pattern is biologically coherent, because a high Ki67 index reflects both
high proliferation and recurrence risk [17], and low PR expression has been as-
sociated with high recurrence score [20] and adverse outcomes in ER-positive
disease [2]. This pattern may hold beyond this cohort, although the internally
derived threshold would require recalibration in a new population.

Fig. 5. Distributions of rule-out-eligible versus requiring-testing patients at the ≥95%
sensitivity threshold. Boxplots show median and interquartile range; points show
patients. The dotted line marks RS = 26. All group differences were significant
(p < 0.001).

Several limitations constrain these results. The study was retrospective, drawn
from a single institution, and built on tissue-microarray cores, which standard-
ize staining and analysis but may undersample the intratumoral heterogeneity
that larger tumor sections would capture. Long-term recurrence outcomes were
not available, so the recurrence score served as the prediction target in place of
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disease recurrence itself, and the models therefore estimate genomic recurrence
score rather than clinical outcome. The rule-out threshold was derived and eval-
uated within one cohort and rested on a small number of high recurrence score
patients, which makes its operating characteristics exploratory and the confi-
dence intervals wide. The analysis also depended on one to two representative
tissue microarray (TMA) cores per patient rather than the whole-slide section or
core-needle biopsy that a diagnostic workflow would use. Prospective validation
in whole-slide or biopsy cohorts that assess real-world utility, reproducibility,
and impact is required before routine adoption [5].

4 Conclusion

Analytically validated AI-based Ki67 quantification provided incremental infor-
mation beyond routine clinicopathological variables for estimating Oncotype DX
RS in ER+/HER2− early-stage breast cancer. When combined with age, histo-
logical grade, ER, and PR, AI-based Ki67 improved continuous recurrence score
estimation, discrimination of RS > 25, and high-sensitivity rule-out triage com-
pared with clinicopathological variables alone. These findings support AI-based
Ki67 quantification as a potential pre-genomic testing triage tool to identify pa-
tients unlikely to have high genomic recurrence scores. Prospective and external
validation in intended-use whole-slide or biopsy cohorts is required before clinical
implementation.
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