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Abstract

Background: The 21-gene recurrence score (Oncotype DX) guides 
adjuvant chemotherapy decisions in early-stage estrogen receptor 
(ER)-positive, human epidermal growth factor receptor-2 (HER2)-
negative breast cancer. However, its high cost and limited availabil-
ity motivate the development of simplified predictive models using 
routinely reported pathology parameters. The aim of this study was 
to develop and validate a practical, rule-based algorithm that predicts 
Oncotype DX recurrence score (RS) category using only histologic 
grade and progesterone receptor (PR) expression percentage.

Methods: This retrospective study included 528 patients with ER+/
HER2- early breast cancer who underwent Oncotype DX testing. Cas-
es were randomly assigned to a learning (n = 377) and validation (n 
= 151) set. Univariate analysis and receiver operating characteristics 
(ROC) curves were used to determine PR% cut-offs within each his-
tologic grade to stratify patients into low-risk (RS ≤ 25) or high-risk 
(RS > 25) categories. A stepwise algorithm was derived from these 
parameters and tested in the validation cohort.

Results: Histologic grade and PR% were significantly associated 
with RS. Grade 1 tumors were uniformly low-risk regardless of PR%. 
In grade 2, PR ≥ 60% achieved 100% sensitivity for low RS; in grade 
3, PR < 40% achieved 100% sensitivity for high risk. The algorithm 
confidently stratified ∼ 65% of cases. In the validation set, the model 
showed 87.5% sensitivity, 100% specificity, 100% positive predictive 
value (PPV), 99% negative predictive value (NPV), and 99% overall 
accuracy.

Conclusion: This simplified algorithm accurately predicts Oncotype 
DX RS category using only histologic grade and PR%. It enables 

confident risk stratification in most patients without molecular test-
ing, offering a low-cost, practical tool for clinical decision-making, 
particularly in resource-limited settings.
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Predictive algorithm; Progesterone receptor; Histologic grade

Introduction

Breast cancer is the most common tumor among women glob-
ally and is the primary cause of cancer-related mortality in 
women, according to the 2022 updated estimates from the In-
ternational Agency for Research on Cancer (IARC) [1].

Estrogen receptor (ER)-positive, human epidermal growth 
factor receptor-2 (HER2)-negative breast cancer constitutes 
approximately 70% of all breast cancer cases, with the ma-
jority of patients exhibiting a favorable response to endocrine 
therapy alone, with no benefit from adjuvant chemotherapy. 
However, a subset of patients harbor more aggressive disease 
that may benefit from the addition of chemotherapy [2].

To guide adjuvant treatment decisions in this group, the 21-
gene recurrence score, commercially known as Oncotype DX 
(ODx) multigene expression assay is widely used for patients 
with early-stage, ER-positive, HER2-negative breast cancer. 
This assay generates a recurrence score (RS) ranging from 0 to 
100. A RS of 25 or lower is classified as low risk, indicating 
limited benefit from chemotherapy, whereas a score of 26 or 
higher denotes high risk, for which adjuvant chemotherapy may 
offer clinical benefit [3]. Beyond its prognostic utility, ODx is 
the only assay currently validated as predictive of chemotherapy 
benefit and is endorsed as such by leading professional societies, 
including the American Society of Clinical Oncology (ASCO) 
[4] and the National Comprehensive Cancer Network (NCCN) 
[5]. It is also the sole multigene test incorporated into the patho-
logical prognostic staging system and has been granted a “pre-
ferred” status within the NCCN clinical guidelines [5].

Despite its clinical value, ODx is expensive and has a turn-
around time of approximately 2 weeks which can pose chal-
lenges in resource-limited settings. As a result, several studies 
have increasingly explored simpler, faster, and more afford-
able alternatives. Many of these studies have aimed to identify 
clinicopathological features that could either predict the actual 
ODx RS or at least estimate the likelihood of a high-risk result, 
using information that is already available in routine pathology 
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reports [5-31].
Several of these alternatives use predictive equations or 

models derived by regression analysis and/or machine learn-
ing, based on routinely assessed pathological variables. These 
variables may be readily available in breast cancer pathology 
reports. However, some models require more details and/or 
processing to be usable in the calculations. For instance, the 
Magee equations incorporate the H-score for ER and proges-
terone receptor (PR) which may need to be calculated, in addi-
tion to the Nottingham score and Ki-67 proliferation index [25, 
29]. In practice, most pathology reports may not include the H-
score or the details of the Nottingham score for the grade or the 
Ki-67, which can limit the direct applicability of such models.

Other approaches, such as the nomogram developed at the 
University of Tennessee Medical Center, require very minimal 
basic information that is readily available in the pathology re-
ports. These include tumor size, histologic grade (without the 
need for the full Nottingham score), PR status (rather than per-
centage or H-score), patient age, presence or absence of lym-
phovascular invasion (LVI), and histologic tumor type [30]. 
More recently, this nomogram has been refined using machine 
learning models to predict low-risk (0 - 25) or high-risk (26 
- 100) ODx categories. The updated model uses either non-
quantitative ER/PR or quantitative ER/PR with or without Ki-
67, offering additional flexibility for clinical use [15].

The performance of these models in terms of prediction 
of a high- or low-risk ODx scores is generally good, and var-
ies in C-index from 0.81 to 0.87 [15, 30]. For instance, the 
Magee algorithm can potentially identify approximately 70% 
of patients as low-risk without ODx testing, with an accuracy 
of 95.1% [27]. On the other hand, the proportion of those pa-
tients based on the University of Chicago model, using a high-
sensitivity rule-out threshold, is up to 43% [15].

Many of the studies published so far have revealed that PR 
status or expression level, along with histologic grade, are the 
most significant predictors for ODx score, and the most impor-
tant prognostic factors for breast cancer in general [8, 22, 30].

The objective of this study was to find a simple method 
using routinely assessed parameters that are readily available 
in the patients’ pathology reports (without the need for calcula-
tions or online nomograms) to predict the ODx risk category 
(low risk or high risk) in ER-positive, HER2-negative early 
breast cancer. Specifically, we aimed to evaluate the predictive 
utility of PR expression and histologic grade, and to estimate 
the proportion of patients for whom ODx testing could be safe-
ly omitted based on these parameters.

Materials and Methods

This retrospective study was approved by the Institutional Re-
view Board (IRB) at King Hussein Cancer Center under ap-
proval number 24-KHCC-108. This study was conducted in 
compliance with the ethical standards of King Hussein Cancer 
Center for research involving human subjects and in accord-
ance with the Declaration of Helsinki.

All patients diagnosed with early-stage, ER+, HER2- 
breast cancer who underwent ODx testing were included.

Demographic data were obtained from patients’ medical 
records. Histologic grade and biomarker data, including ER, 
PR, HER2, and Ki-67 were extracted when available; how-
ever, Ki-67 was not routinely reported in pathology reports 
during the earlier part of the study period at our institution, 
leading to incomplete availability. The study cohort was ran-
domly divided into two subsets: a learning set and a validation 
set. Approximately two-thirds of the cases (n = 377; 71.4%) 
were assigned to the learning set, and the remaining one-third 
(n = 151; 28.6%) to the validation set.

Univariate analysis of the histopathologic and biomarker 
parameters in relation to the ODx score was carried out. The 
low-risk and high-risk scores were defined according to the 
TAILORx trial where a score of 0 - 25 is considered low-risk 
and 26 - 100 is considered high-risk. Descriptive statistics, 
t-test, Chi-square, receiver operating characteristics (ROC) 
curve, and univariate analysis of the histopathologic and bio-
marker parameters in relation to the ODx score were applied to 
the learning set to obtain an algorithm to predict RS category.

The sensitivity, specificity, positive predictive value, 
negative predictive value and accuracy were calculated to as-
sess the performance of the algorithm in predicting low-risk or 
high-risk cases in the validation set.

Results

A total of 528 cases were included, with 377 patients assigned to 
the learning set and 151 to the validation set. Table 1 summariz-
es the pathological and clinical characteristics of the entire co-
hort. As shown in Table 2, there were no statistically significant 
differences between the learning and validation sets in terms of 
patient age, pathological features, or RS distribution, indicating 
that the two groups were comparable. In the learning cohort, 
154 of 377 patients (40.8%) were under 50 years of age, and in 
the validation cohort, 60 of 151 patients (39.7%) were under 50. 
This is consistent with the reported proportion of breast cancer 
in women under 50 in Jordan as being 44% [32].

In the learning set, the RS risk category (low vs. high) was 
significantly associated with both histologic grade and the level 
of PR expression (Table 3). Grade 1 tumors were predominantly 
associated with low RS, whereas grade 3 tumors were more fre-
quently associated with high RS. Similarly, higher levels of PR 
expression correlated with low RS, while lower PR expression 
levels were significantly associated with high RS.

When we examined histologic grade in combination with 
PR percentage, we found a clear relationship with the RS (Ta-
ble 3). All grade 1 had low RS regardless of the PR%, making 
them consistently low-risk.

For grade 2 and grade 3, the optimal PR% thresholds for 
predicting low-risk RS were determined using ROC curve 
analysis (Table 4). These cut-offs provided reasonable sensi-
tivity and specificity, though not perfect.

To prioritize safety in clinical decision-making—specifi-
cally, to ensure that no high-risk cases are misclassified as low-
risk—we adjusted the PR% thresholds to achieve 100% sensi-
tivity. For grade 2 tumors, this threshold was determined to be 
≥ 60% PR: among all grade 2 cases with PR ≥ 60%, none had 
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Table 1.  Pathological Features for All Patients

Feature N (%)

ER (%)
    Positive 528 (100%)
PR (%)
    Negative 30 (5.7%)
    Positive 498 (94.3%)
HER2
    Equivocal (FISH-negative) 59 (11.2%)
    Negative 469 (88.8%)
HER2 score
    0 263 (49.8%)
    1+ 206 (39.0%)
    2+ (FISH negative) 59 (11.2%)
ER (ODx value)
    Negative 11 (2.1%)
    Positive 517 (97.9%)
PR (ODx value)
    Negative 72 (13.6%)
    Positive 456 (86.4%)
HER2 (ODx value)
    Equivocal 3 (0.6%)
    Negative 523 (99.0%)
    Positive 2 (0.4%)
Histological type
    Invasive ductal carcinoma 438 (82.9%)
    Invasive lobular carcinoma 68 (12.9%)
    Invasive mucinous carcinoma 10 (1.9%)
    Invasive tubular carcinoma 7 (1.3%)
    Invasive cribriform carcinoma 1 (0.2%)
    Invasive solid papillary carcinoma 3 (0.6%)
    Invasive breast carcinoma with apocrine features 1 (0.2%)
Group
    Learning set 377 (71.3%)
    Validation set 151 (28.7%)
Grade
    1 99 (18.8%)
    2 323 (61.2%)
    3 106 (20.1%)
RS
    High 96 (18.2%)
    Low 432 (81.8%)

ER: estrogen receptor; FISH: fluorescence in situ hybridization; HER2: human epidermal growth factor receptor-2; ODx: Oncotype DX; PR: proges-
terone receptor; RS: recurrence score.
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a high-risk RS. However, at this threshold, the specificity was 
69.1%, indicating that PR < 60% could not confidently rule 
out high risk, and these were therefore labeled undetermined.

For grade 3 tumors, a lower PR threshold of ≥ 40% achieved 
the same goal of 100% sensitivity. At this threshold, the specific-
ity was 65%, and cases with PR < 40% were considered high 
risk, while those ≥ 40% were classified as undetermined due 
to limited predictive power. This approach emphasizes caution 
while maximizing the number of patients who can be confident-
ly triaged. Notably, in grade 3 tumors, the model does not assign 
any patients directly to the low-risk category.

Based on these thresholds, approximately two-thirds of 
cases in the learning set could be confidently assigned to low- 
or high-risk categories, while 132 cases (35%) remained inde-

terminate (Fig. 1).
An algorithm was developed (Fig. 2) using histologic 

grade and the proposed PR% cut-off values to predict RRS 
categories. This enables classification of approximately two-
thirds of patients into a definitive risk group—low or high—
based on grade and PR%, while identifying the remaining one-
third as undetermined and likely to benefit from ODx testing. 
The algorithm was subsequently applied to the validation set. 
Figure 3 presents the results.

Based on the algorithm, cases were stratified into two 
groups: certain (those with confidently predicted RS category) 
and undetermined. In the validation cohort, the algorithm cor-
rectly classified all cases in the “certain” group into their ap-
propriate RS categories, except for a single case in a grade 2 

Table 3.  Relationship Between RS and Grade and RS and PR% in the Learning Set

Variable Total
Actual RS

P-value
High, N (%) Low, N (%)

Grade
    Grade 1 68 (18.7%) 0 68 (22.9%) 0.00
    Grade 2 231 (62.3%) 25 (10.8%) 206 (89.2%)
    Grade 3 78 (19.0%) 47 (61.8%) 31 (9.5%)
PR%, mean (SD) 33.7 (35.2) 73.7 (29.5) < 0.0001

PR: progesterone receptor; RS: recurrence score; SD: standard deviation.

Table 2.  Comparison of Various Variables Between the Learning Set and the Validation Set Showing No Significant Differences

Feature Total, N (%)
Groups

P-value
Learning set Validation set

Grade 0.88
    1 99 (19.2%) 68 (18.0%) 31 (20.5%)
    2 323 (61.7%) 231 (61.2%) 92 (60.9%)
    3 106 (19.0%) 78 (20.7%) 28 (18.5%)
Actual RS 0.54
    High 96 (18.2%) 72 (19.1%) 24 (15.9%)
    Low 432 (82.5%) 305 (81.9%) 127 (84.1%)
Age (years) 0.46
    Mean (95% CI) 52.8 (51.9, 53.7) 53.6 (52.1, 55.2)
    Median (Min, Max) 52.0 (21.0, 76.0) 53.0 (24.0, 79.0)
    SD 10.3 11.4
ER (%) 0.34
    Mean (95% CI) 89.8 (88.7 ,91.0) 88.5 (86.5, 90.5)
    Median (Min, Max) 95.0 (1.0, 100) 90.0 (5.0, 100)
    SD 13.7 15.0
PR (%) 0.87
    Mean (95% CI) 66.4 (63.5, 69.3) 67.6 (63.0, 72.2)
    Median (Min, Max) 85.0 (0.0, 100) 90.0 (0.0, 100)
    SD 34.2 34.1

CI: confidence interval; ER: estrogen receptor; PR: progesterone receptor; RS: recurrence score; SD: standard deviation.
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tumor with PR ≥ 60%. The undetermined group included 45 
out of 151 cases (29.8%).

The algorithm demonstrated strong performance in pre-
dicting RS risk categories, with a sensitivity of 87.5%, speci-
ficity of 100%, positive predictive value (PPV) of 100%, nega-
tive predictive value (NPV) of 99%, and overall accuracy of 
99%. The single misclassified case had RS of 26 which is just 
above the limit of the low score.

Discussion

Our study  presents a feasible and robust model to predict the 
ODx RS risk category in ER+, HER2- early-stage breast cancer 

based on only two commonly reported parameters: histologic 
grade and percentage of PR positivity. Our data show that in 
this easy-to-use model, low-risk patients who are unlikely to 
derive benefit from chemotherapy might be identified safely, 
sparing the majority of patients from molecular testing.

Our findings match a growing number of studies that high-
light the importance of histologic grade and PR status. A pre-
vious large-scale research by Orucevic et al has shown that 
these two factors are among the strongest predictors of RS, 
even more so than many complex clinicopathologic features 
in multivariable models [19]. Similarly, data from Canadian 
and Korean groups have reinforced the importance of grade 
and PR expression in estimating recurrence risk [18, 23]. More 
recently, Nozaki et al demonstrated that a model incorporating 

Table 4.  PR% Cut-Offs Combined With Grade as Determined by ROC Curves and Those Yielding a 100% Sensitivity

Variable PR cut-off 
(%) Total

RS
P-value

High Low
Learning set - all grade (PR cut-off ROC 50) < 50 99 (26.4%) 43 (63.2%) 56 (18.2%) 0.000

≥ 50 276 (73.6%) 25 (36.8%) 251 (81.8%)
Learning set - grade 2 (PR cut-off ROC 30) < 30 58 (24.9%) 22 (84.6%) 36 (17.4%) 0.000

≥ 30 175 (75.1%) 4 (15.4%) 171 (82.6%)
Learning set - grade 3 (PR cut-off ROC 70) < 70 28 (39.4%) 24 (57.1%) 4 (13.8%) 0.000

≥ 70 43 (60.6%) 18 (42.9%) 25 (86.2%)
Learning set - grade 2 (PR at 60)
The sensitivity for this cut-off 60 = 100%
The specificity for this cut-off 60 = 69.1%

< 60 76 (35.6%) 25 (100%) 51 (27.5%) 0.000

≥ 60 155 (64.4%) 0 155 (72.5%)
Learning set - grade 3 (PR at 40)
The sensitivity for this cut-off 40 = 100%
The specificity for this cut-off 40 = 65%

< 40 22 (23.9%) 22 (40.5%) 0 0.000

≥ 40 56 (76.1%) 25 (59.5%) 31 (100%)

PR: progesterone receptor; ROC: receiver operating characteristics; RS: recurrence score.

Figure 1. Proposed PR% and grade in relation to RS. PR: progesterone receptor; RS: recurrence score.



Articles © The authors   |   Journal compilation © World J Oncol and Elmer Press Inc™   |   https://wjon.elmerpub.com560

Predicting the 21-Gene Recurrence Score World J Oncol. 2025;16(6):555-564

PR and Ki-67 effectively predicted recurrence risk as a sur-
rogate for ODx [33]. However, in our cohort, Ki-67 was not 
routinely reported during the earlier part of the study period, 
leading to incomplete data availability. Moreover, Ki-67 is 
not universally assessed and is not recommended by current 
ASCO/CAP guidelines for treatment decisions, due to its poor 
reproducibility, lack of standardized thresholds, and consider-
able interobserver variability. These limitations reduce its reli-
ability in daily practice and support the use of more consist-
ently reported markers like histologic grade and PR%.

Several studies have also demonstrated a strong correla-
tion between Ki-67 and tumor grade. Madani et al found that 
elevated Ki-67 levels were significantly associated with higher 
nuclear/histologic grades, HER2 positivity, and p53 expres-
sion [34]. Abubakr et al quantified this association, reporting 
a Spearman correlation coefficient of 0.68 (P < 0.001) and 
progressively increasing Ki-67 levels from grade 1 to grade 3 

tumors [35]. Leksono et al further linked Ki-67 overexpression 
with higher tumor grade, larger tumor size, and poorer survival 
outcomes [36]. Together, these results suggest that histologic 
grade serves as a practical surrogate for tumor proliferative ac-
tivity, capturing a significant portion of the prognostic insight 
offered by Ki-67.

While existing models often include these variables, they 
usually do so within multivariable equations or nomograms 
that need more data points, like Ki-67, tumor size, and LVI, 
along with external computation [25, 27, 29, 30]. This makes 
them less practical in real-world situations.

In comparison to these models, our algorithm eliminates 
such barriers. It uses only information that is universally avail-
able in breast cancer pathology reports and avoids any need 
for calculations or interpretation beyond what is immediately 
apparent. This approach proved highly effective.

In our cohort, grade 1 tumors were uniformly associated 
with low RS. Notably, this finding aligns with large-scale data 
indicating that high RS in grade 1 tumors is exceedingly rare. 
Multiple studies, including SEER-based analyses and valida-
tion of the AAMC model, have shown that fewer than 5%—
and in some cases as few as 2.4%—of grade 1, ER+/HER2- tu-
mors demonstrate a high RS [17, 20, 37-40]. These cases are 
so infrequent that their clinical significance is questionable, 
particularly as discordant cases (grade 1 with high RS) do not 
appear to derive substantial benefit from chemotherapy. There-
fore, excluding a high-risk category for grade 1 tumors in our 
algorithm reflects both statistical rarity and limited therapeutic 
consequence [37].

For grade 2 and grade 3 tumors, PR thresholds of ≥ 60% 
and ≥ 40%, respectively, were sufficient to identify low-risk 
cases with high accuracy. Applying this algorithm, we were 
able to stratify approximately two-thirds of patients without 

Figure 2. Proposed algorithm to predict Oncotype DX risk category 
using histologic grade and PR percentage. PR: progesterone receptor.

Figure 3. Results of applying the algorithm to the validation set.
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requiring ODx testing, achieving 99% accuracy and 100% 
specificity in the validation cohort. Importantly, patients who 
could not be definitively classified were clearly flagged as 
“undetermined,” allowing clinicians to proceed with testing 
where appropriate.

At first glance, the PR thresholds used in our algorithm 
may seem unexpected—specifically, the use of a higher PR 
cut-off for grade 2 tumors (≥ 60%) compared to grade 3 tu-
mors (≥ 40%). However, this distinction reflects differences 
in the intended purpose of the thresholds. For grade 2 tumors, 
the aim was to confidently identify patients with low-risk RSs; 
thus, a more stringent PR threshold (≥ 60%) was required to 
achieve 100% sensitivity and ensure that no high-risk cases 
were misclassified. Conversely, in grade 3 tumors, our model 
does not attempt to classify any patients as definitively low-
risk. Instead, the threshold of 40% separates high-risk cases 
(PR < 40%) from an “undetermined” group (PR ≥ 40%), where 
the RS could still be low or high and ODx testing remains 
necessary. This cautious approach ensures that no potentially 
high-risk grade 3 tumors are misclassified while still reducing 
unnecessary testing in clearly high-risk cases. The absence of 
a low-risk arm for grade 3 tumors reflects the consistently el-
evated recurrence potential within this group, even when hor-
mone receptor expression is preserved.

Our proposed approach demonstrates good diagnostic 
performance when compared with existing validated models, 
such as the Magee equations and Magee decision algorithm. 
The Magee equations which include ER/PR H-scores, Ki-67, 
mitotic score, and HER2 status as inputs have achieved sensi-
tivity ranging from 89% to 94% and specificity ranging from 
82% to 89% and with reports of up to 98% concordance be-
tween Magee-predicted and actual low-risk RS ODx in select-
ed subgroups [10, 25]. The Magee decision algorithm, a com-
bination of Magee equation scores and mitotic index, has been 
reported to achieve an overall accuracy of approximately 95% 
that safely identifies approximately 70% of women without 
the necessity of molecular confirmatory testing. However, this 
approach still requires quantitative ER/PR scoring and mitotic 
detail [27]. Similarly, the University of Tennessee nomogram, 
developed by Orucevic et al, uses multiple clinical and patho-
logical variables—including grade, PR status (not percentage), 
tumor size, age, histologic type, and LVI—to predict RS cat-
egory. While validated in over 84,000 patients and achieving a 
C-index of 0.81, its application typically depends on an online 
calculator or embedded software [19, 30]. Our model was able 
to confidently classify approximately two-thirds of patients us-
ing only histologic grade and PR percentage, without requiring 
any calculations, equations, or clinical inputs. This proportion 
is on par with the Magee algorithm and notably higher than 
other simpler models, such as the University of Chicago high-
sensitivity rule-out approach, which safely classified only 
43% of cases [22, 23]. Additionally, our model demonstrated 
a specificity of 100%, sensitivity of 87.5%, and an overall ac-
curacy of 99% when tested on the validation cohort. While the 
sensitivity is slightly lower than that of certain Magee-based 
models, our approach offers a distinct advantage in specificity. 
This means no high-risk cases were mistakenly classified as 
low-risk, a critical factor in ensuring that patients receive ap-
propriate treatment.

While many studies have recognized grade and PR status 
as key predictors of recurrence risk, our study is the first to 
propose a decision-based algorithm using specific PR percent-
age cut-offs rather than categorical status alone. For example, 
the models proposed by Gagnet et al and Thibodeau et al relied 
on binary classification of PR (positive vs. negative) without 
applying numeric thresholds limiting risk stratification [18, 
22]. Our approach introduces clinically relevant cut-offs—
PR ≥ 60% for grade 2 and ≥ 40% for grade 3—that enhance 
risk discrimination without adding complexity. Moreover, the 
structure of our model as a stepwise decision algorithm, rather 
than a formula or regression model, allows for immediate ap-
plication in routine pathology practice.

While our findings highlight the usefulness of histologic 
grade and PR percentage in predicting RS, it is important to 
recognize that several studies have questioned whether clin-
icopathologic features can fully replace multigene assays. For 
example, research by Nitz et al [41], Stemmer et al [42], Spara-
no et al [3], and Bello et al [43] showed that traditional factors 
alone may not capture the full genomic complexity of breast 
cancer. This underscores the ongoing importance of multigene 
assays like ODx in guiding adjuvant therapy decisions. Still, 
in situations where genomic testing is not accessible or is cost-
prohibitive, simplified models like ours can offer a practical 
way to triage patients—helping identify those who are very 
likely to have low-risk disease and may safely defer molecu-
lar testing. A robust, easy-to-use tool that accurately identi-
fies low-risk patients using existing pathology data can sup-
port timely decision-making and reduce unnecessary delays. 
Even in high-resource settings, reducing unnecessary testing 
conserves healthcare resources and minimizes patient anxiety 
associated with waiting for genomic results.

This study is not without limitations. It was conducted 
retrospectively and in a single institution, which may affect 
generalizability. Our dataset reflects patients who elected to 
go for or could afford to undergo for ODx testing, which may 
introduce selection bias and limit generalizability, particularly 
for histologic subtypes that are less commonly tested. Ad-
ditionally, PR assessment via immunohistochemistry can be 
subject to interobserver variability, particularly at percentage 
thresholds. Nonetheless, the consistency of our findings with 
prior studies, coupled with high performance in the validation 
cohort, supports the potential for broad applicability.

Additionally, approximately 40% of patients in both the 
learning and validation cohorts were under 50 years of age. 
This likely reflects real-world testing patterns, as clinicians are 
more likely to order genomic assays for younger patients due 
to concerns about undertreatment. We acknowledge that pa-
tient age influences treatment decisions for intermediate RS 
categories, particularly in women under 50 years old, as high-
lighted by the TAILORx trial [3]. However, our algorithm is 
designed to predict RS category, not to guide chemotherapy 
decisions directly. We maintained the conventional RS cut-off 
of < 25 for low risk to align with most clinical studies and 
assay standards. While chemotherapy may be considered for 
younger patients with RS 16 - 25 and high clinical risk, the 
RS itself remains a valid stratification metric. Importantly, 
the performance of our algorithm remained consistent across 
age groups, correctly predicting RS category in the majority 
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of cases, thereby supporting its utility as a pre-test triage tool 
irrespective of age. Further stratification by age could be ex-
plored in future models aimed at tailoring treatment decisions 
rather than predicting RS category alone.

In conclusion, we propose a simple, practical algorithm 
that uses just two routinely reported pathology features—his-
tologic grade and PR percentage—to guide treatment deci-
sions in ER-positive, HER2-negative early breast cancer. By 
accurately identifying patients who are unlikely to benefit 
from chemotherapy, this model could help avoid unnecessary 
molecular testing in a large proportion of cases. While further 
validation in larger, multi-center studies will be important, 
our findings point to a valuable tool that can make clinical 
decision-making more efficient, especially in settings where 
resources are limited.
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