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Abstract 

Background: Symptomatic breast cancers share aggressive clinico-pathological 

characteristics compared to screen-detected breast cancers. We assessed the association 

between the method of cancer detection and genomic and clinical risk, and its effect on 

adjuvant chemotherapy recommendations. 

Patients and Methods: Patients with early hormone receptor positive (HR+) HER2neu-

negative (HER2-) breast cancer, and known OncotypeDX Breast Recurrence Score test were 

included. A natural language processing (NLP) algorithm was used to identify the method of 

cancer detection. The clinical and genomic risks of symptomatic and   screen-detected tumors 

were compared.   

Results: The NLP algorithm identified the method of detection of 401 patients, with 216 

(54%) diagnosed by routine screening, and the remainder secondary to symptoms. The 

distribution of OncotypeDX recurrence score (RS) varied between the groups. In the 

symptomatic group there were lower proportions of low RS (13% vs 23%) and higher 

proportions of high RS (24% vs. 13%) compared to the screen-detected group. Symptomatic 

tumors were significantly more likely to have a high clinical risk (59% vs 40%). Based on 

genomic and clinical risk and current guidelines, we found that women aged 50 and under, 

with a symptomatic cancer, had an increased probability of receiving adjuvant chemotherapy  

recommendation compared to women with screen-detected cancers (60% vs. 37%). 

Conclusions: We demonstrated an association between the method of cancer detection and 

both genomic and clinical risk.  Symptomatic breast cancer, especially in young women, 

remains a poor prognostic factor that should be taken into account when evaluating patient 

prognosis and determining adjuvant treatment plans. 

 

Key words: Breast cancer, Tumor detection method, OncotypeDX, Genomic risk, Clinical 

risk, Adjuvant chemotherapy.  
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Introduction 

Breast cancer is detected by screening mammography, self-detection and, rarely, by 

clinical breast exam.  At the time of diagnosis, 90% of cases are found to be early breast 

cancer, in which the disease is confined to the breast and regional lymph nodes; these patients 

are treated with curative intent [1].   

            Following the implementation of screening mammography, most breast cancers in the 

United States are diagnosed by screening mammography, while approximately one-third are 

diagnosed as a symptomatic tumor [2–4]. Detection methods vary with age. Young women 

(<50 years) are more likely to present with palpable tumors, whereas identification of cancer 

by screening mammography increases with age [2, 3]. 

            Several studies have demonstrated that symptomatic breast cancers share more 

aggressive clinico-pathological characteristics including larger size, higher proportion of node 

positive disease, higher grade and hormone receptor negative subtypes, compared to screen-

detected breast cancers [5–12]. Accordingly, patients with screen-detected breast cancers 

have improved survival rates compared to those with symptomatic cancers, specifically 

among those diagnosed with Luminal A subtype [5, 6, 9, 11].                  

            The decision to administer adjuvant chemotherapy in addition to the standard 

preventive endocrine therapy for hormone receptor positive (HR+) HER2neu-negative 

(HER2-) breast cancer patients has evolved and currently is often guided by the combination 

of clinical parameters and genomic tests [13, 14].  The OncotypeDX Breast Recurrence Score 

test was found to be both prognostic for disease recurrence [15, 16] and predictive for 

adjuvant chemotherapy benefit in node negative patients [17–20] and in postmenopausal 

women with 1-3 positive nodes [21–24]. OncotypeDX did not demonstrate predictivity for 

chemotherapy benefit in premenopausal node positive patients [24].  

 In the current study using data on recurrence scores of consecutive women with early 

HR+ HER2- breast cancer, we assessed the association between the method of cancer 
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detection and the genomic and clinical risk.  We implemented a natural language processing 

(NLP) algorithm to extract the method of tumor detection from the electronic medical record 

(EMR) and evaluated the contribution of the cancer detection method to adjuvant 

chemotherapy recommendations, based on the most contemporary treatment guidelines.  

 

Methods 

Patients and data retrieval 

All patients with known OncotypeDX recurrence score (RS), diagnosed with HR positive 

HER2 negative early breast cancer between 2004 and 2020 at the Tel Aviv Sourasky Medical 

Center (TASMC), were included. Patients with HER2 positive disease (HER2 +3 or HER2 +2 

with positive HER2 FISH) were excluded. OncotypeDX test was completed to guide  

chemotherapy recommendation for women with tumors larger than 1cm. Patients with node 

negative disease comprised the majority of the cases. Node positive patients for whom the 

institutional tumor board believed chemotherapy could potentially be omitted based on the 

test results were included as well.  The test was conducted in the majority upon surgical 

specimens (90%) and only a minority on biopsy specimens. Women with clear indications for 

neoadjuvant therapy were not referred for OncotypeDX testing. We retrospectively retrieved 

pathological characteristics including age, tumor size, grade, Ki67, progesterone receptor 

(PR) status, HER2 level and nodal status. Luminal subtype was defined with pathological 

based surrogate definitions (ESMO criteria); Luminal A-like subtype was defined if 

PR>20% and Ki67 ≤ 14%. Luminal B-like subtype was defined if PR<20% and/or Ki67>14% 

[25]. The study was approved by the local Institutional Ethics Committee, Number TLV18-

0426. 

We analyzed all free-text patient visit summaries from the breast-oncology unit and the 

breast-cancer surgery unit. We developed a rule-based NLP information-extraction algorithm 

to identify the initial method of tumor detection, analyzing free-text medical reports, written 

in Hebrew. Our algorithm was designed to search for terms indicating the method of tumor 
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detection. A symptomatic tumor was defined if prior to the diagnostic process there was a 

palpable tumor, breast pain, or changes in the morphological appearance of the breast noted 

by the patient or her physician; a screen-detected tumor was defined if the tumor was detected 

during a routine screening mammography or ultrasound exam. A full description of the 

algorithm and the validation process are provided in Appendix A.  

 

Assessment of the genomic and  clinical risk 

Genomic risk: Genomic risk was defined according to the TAILORx study [19], 

OncotypeDX RS≤10 was considered low risk, 10<RS≤25 was considered intermediate risk 

and RS≥26 was considered high risk.  

Clinical risk: The clinical risk assessment was based on the Adjuvant! Online algorithm 

(version 8) integrating tumor size, grade and nodal status [26, 27].  Since Adjuvant! is no 

longer available online, we used a binary clinical-risk categorization (low vs. high) model 

based on the algorithm, as applied in the MINDACT trial (See appendix table S13 in [28]). A 

low clinical risk was defined as greater than 92% probability of breast cancer–specific 

survival at 10 years in women with HR+ HER2- tumors who received endocrine therapy 

alone [28]. For N0/N1mic patients clinical risk was defined as low if one of the following 

conditions was present: grade I and tumor size ≤3 cm, or grade II and tumor size ≤2 cm, or 

grade III and tumor size ≤1 cm. For N1 patients clinical risk was defined as low only if it was 

Grade I and the tumor size was ≤2cm. Otherwise, the clinical risk was defined as high.  

 

Assessment of the probability for adjuvant chemotherapy recommendation 

The probability for adjuvant chemotherapy recommendation was calculated based on the 

genomic and clinical risk using the model suggested by the phase III TAILORx study [19], 

the subsequent analysis by Sparano et al. [29] and the recently published RxPonder results 

[24].  In the TAILORx trial, node-negative patients with RS ≤25 did not benefit, while node-

negative patients with high genomic risk (RS ≥26) did benefit from adjuvant chemotherapy 
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[18–20]. However, an exploratory analysis revealed that younger women under the age of 50 

may benefit from adjuvant chemotherapy, even with lower genomic risk (RS 16-25) [19]. A 

secondary analysis of the TAILORx trial demonstrated that in node-negative younger women 

the benefit from adjuvant chemotherapy is defined by both the genomic risk and the clinical 

risk [29].  According to this model, adjuvant chemotherapy should be considered in node-

negative women of all ages with a high RS (≥26). Additionally, chemotherapy should be 

considered in younger women (Age ≤50) with a RS 16 or higher, based on their clinical risk; 

In high clinical risk tumors, chemotherapy should be considered with a RS ≥16 and in low 

clinical risk with a RS ≥21.The RxPonder trial demonstrated that postmenopausal node-

positive (N1) patients with RS ≤25 did not benefit from adjuvant chemotherapy. However, 

premenopausal node-positive patients (N1) with RS ≤25 did benefit from adjuvant 

chemotherapy regardless of OncotypeDX RS [24].  

According to those results, node-positive postmenopausal patients should be recommended 

for adjuvant chemotherapy only with a high RS (≥26). Chemotherapy should be advised to all 

node-positive premenopausal patients regardless of RS. Patients with more than 3 positive 

lymph nodes (N2-N3) were excluded from this analysis as there is no evidence that 

chemotherapy can be omitted in this population.  

  

Statistical analysis 

Demographic and clinico-pathological data of patients in the two groups (symptomatic and 

screen-detected) were compared, using the chi-square test for categorical variables and the t-

test for continuous variables. The genomic risk and the clinical risk as well as the probability 

of adjuvant chemotherapy was compared between the screen-detected and the symptomatic 

groups using the chi‐ square test. All p values were two-sided and p<.05 was considered 

significant. Statistical analysis was performed with IBM SPSS statistics for Windows, version 

25 (IBM Corp., Armonk, N.Y., USA). 
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Results 

Patient characteristics 

The cohort included 962 consecutive patients with known OncotypeDX scores and available 

EMRs, who were diagnosed between 2004 and 2020. The NLP algorithm successfully 

extracted the method of cancer detection in 401 patients. For the remainder of the cohort 

access to initial diagnostic data was not available as it was stored in a different software 

system. Most of the women (N=216; 53.9%) were detected by routine screening, and 185 

(46.1%) patients by self-examination or symptoms (Figure 1). Patient characteristics are 

summarized in Table 1. Symptomatic women were younger (mean age 53 vs. 61, p<0.001), 

had larger tumors (46% were ≥2cm compared to 18% of screen-detected tumors; p<.0001) 

and high Ki67 (24% were Ki67>14% compared to 15% of screen-detected tumors; p<.004).  

A quarter (N=104) of the cohort presented with node positive disease, with no significant 

differences in the proportions of node positive patients between the two groups. A higher 

proportion of patients for whom the biopsy specimen was used for genomic testing had 

symptomatic tumors (16% compared to 6% of screen-detected tumors; p<.001). 

Approximately half of the cohort had known Ki67 and PR status which enabled us to define 

the luminal subtype based on ESMO criteria. No significant differences were found in the 

proportions of Luminal A-like and Luminal B-like tumors (50% were Luminal B-like in the 

screen-detected group compared to 59% in the symptomatic group; p=0.2). 

 

Impact of initial method of breast cancer detection on the genomic risk of recurrence 

The distribution of OncotypeDX RS was significantly different between the two groups 

(Figure 2A, p =.003). The proportion of patients with low RS (0-10) was higher in the screen-

detected group compared to the symptomatic group (23% vs. 13%). Conversely, the 
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proportion of patients with high RS (≥26) was higher in the symptomatic group (24% vs. 13% 

in the screen-detected group). 

The association between the method of cancer detection and the RS was even more 

pronounced in women 50 years or younger (Figure 2B; p =.02). A smaller proportion of 

women with low or intermediate RS and a higher proportion of women with high RS were 

identified in the symptomatic group (11% vs. 21%, 56% vs. 72% and 33% vs. 7%, 

 -igher proportion of low RS in the screenrespectively). In women older than 50 there was a h

detected group, but the proportions of high RS were similar in both groups (Figure 2C; p 

=.28).  

 

Impact of initial method of breast cancer detection on the clinical risk of recurrence  

The clinical risk as assessed using tumor size, grade and nodal status was higher in the 

symptomatic group; Fifty-nine percent of patients who presented with symptomatic cancer 

had high clinical risk of recurrence compared to only 40% with screen-detected tumors 

(Figure 3A, p =.0001). Similar trends were seen when assessing separately the different age 

groups (Figure 3B, Age ≤ 50; p =.04 and Figure 3C, Age > 50; p =.002). 

 

Probability of adjuvant chemotherapy recommendation based on the initial method of 

tumor detection 

When applying the model based on the TAILORx analysis [29] and the RxPonder results [24]   

to our data (Table 2), in women over 50, the probability for adjuvant chemotherapy 

recommendation is comparable in the symptomatic and screen-detected groups (15% vs. 13%, 

respectively; p=.7). In women who were 50 years or younger, the probability of adjuvant 

chemotherapy recommendation was significantly higher in women presenting with 

symptomatic tumors compared to women with screen-detected tumors (60% vs. 37%, 

respectively.  p=.03).  
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Discussion 

We examined the association between the method of cancer detection and the 

genomic and clinical risk of disease recurrence in women with early HR+ HER2- breast 

cancer. Women with symptomatic tumors had both higher clinical risk and higher genomic 

risk for disease recurrence, compared to patients whose tumors were detected by routine 

screening. These findings are consistent with previous reports which have demonstrated that 

symptomatic tumors portend more aggressive clinico-pathological characteristics than screen-

detected tumors [5–12]. Accordingly, the method of detection was found to be prognostic for 

disease survival [5, 6] and therefore was incorporated in the PREDICT online prognostication 

tool together with clinical and tumor characteristics [30, 31]. 

  In accordance with previous literature [2, 3, 8, 10, 11], our study demonstrates that 

patients with symptomatic breast cancer tend to be significantly younger (49% of women with 

symptomatic cancer were ≤ 50 years compared to 13% of screen-detected patients). This 

observation is attributed, at least in part, to the widespread adoption of screening 

mammography in women over 50. The Israeli breast screening program invites average-risk 

women aged 50-74 to undergo screening mammography every two years. The screening 

compliance in this group is 75% [32]. Younger age at diagnosis is associated with more 

aggressive tumor behavior [33] and may explain the greater prevalence of high genomic and 

clinical risk tumors in symptomatic patients. However, in a subset analysis of women under 

the age of 50, the association between the method of detection on the genomic and clinical 

risk remained significant. Therefore, the higher prevalence of genomic and clinical risk 

tumors in symptomatic patients cannot be explained by age alone.  

 There are few reports examining the association between method of detection and 

genomic risk. Esserman et al. [34] compared the 70-gene signature MammaPrint in two 

groups of women in the Netherlands. The first group included women diagnosed between 
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1984 and 1992, before the era of widespread use of screening mammography. The second 

group included women diagnosed between 2004 and 2006 when image-based screening 

reached 75-80% of the population. Similarly, Drukker et al. [35] analyzed 1,165 patients in 

the MINDACT trial and compared the 70-gene signature of cancers detected by image-based 

screening to interval cancers. In accordance with our findings, both reports suggest that 

screen-detected cancers are more likely to be of low genomic risk. Additionally, in the 

predominantly-screened group almost a third had an ultra-low genomic risk [34] leading the 

authors to suggest that these tumors may account for clinical over-diagnosis. Conversely, in 

our cohort, in the group of women presenting with symptomatic breast cancer 13% were 

found to have a low RS (≤ 10), suggesting that even ultra-low risk tumors can become 

symptomatic.  

 Adjuvant treatment recommendations have evolved tremendously over the 

past two decades. Presently the decision to add adjuvant chemotherapy to HR+ early breast 

cancer patients is determined by clinical factors in addition to genomic features derived from 

molecular tests.  We examined the contribution of the method of cancer detection to adjuvant 

chemotherapy recommendation based on the model suggested by the TAILORx results [19], 

the subsequent analysis by Sparano et al. [29] and the related results of the RxPonder [24]. 

When applying this model to our results, we observed that in women age 50 and under, 

symptomatic cancer significantly increases the likelihood of adjuvant chemotherapy 

recommendation compared to screen-detected tumors (60% vs. 37%, respectively). These 

results demonstrate the relevance of the tumor detection-method, underlining the fact that 

symptomatic tumor at presentation is prognostic, especially in young women. 

 The TAILORx trial demonstrated the benefit of adjuvant chemotherapy in 

young women with a RS>16. However only a minority (13%)  of the premenopausal women 

who participated in the study received ovarian suppression in addition to endocrine therapy 

[19].  In light of the clear benefit observed with ovarian suppression in addition to endocrine 

therapy in the SOFT and TEXT studies [36], it is unclear if the benefit of chemotherapy in 
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preventing disease recurrence among premenopausal women, can be attributed at least in part 

to chemotherapy induced ovarian failure. Our work does not address this question and it is 

plausible that some patients who were recommended for chemotherapy, would have similarly 

benefited  from ovarian suppression alone. 

  Approximalty 25% of the women in the study had involved lymph 

nodes, the majority with 1-3 positive nodes (N1). Women with lymph node involvement were 

evenly distributed between the two study groups. A number of studies have suggested that 

OncotypeDX is prognostic also in women with positive lymph nodes [21–23]. The recently 

published results of the prospective RxPonder trial demonstrated that chemotherapy can be 

spared in postmenopausal women with 1-3 involved nodes and a RS≤25 [24].  Most 

contemporary clinical guidelines have integrated OncotypeDX in the treatment algorithm of 

node positive (N1) ER+ HER2- early breast cancer patients [37]. Accordingly, we included 

node-positive (N1) patients in our analysis and assessed the probability of chemotherapy 

recommendation among these patients based on RS and menopausal status, in line with the  

RxPONDER results.  

 In this work we used NLP algorithms to extract the method of tumor detection from 

free-text visit summaries. There is a growing body of literature in which computational 

approaches are applied for processing unstructured records to retrieve information and 

improve diagnosis performance [38, 39], support treatment decisions [40], and improve 

cancer research by providing a better interface to existing knowledge platforms [41]. We 

believe that in our work, we have demonstrated the potential of integrating a computational 

approach for extracting information from oncological EMRs that outline the disease course of 

a patient, formatted in a completely unstructured way.  

Our work has several limitations. The main limitation is the selection of women for 

genomic studies. Over time the recommendations for genomic tests have changed. Moreover, 

one can assume that in the screen-detected group many low-risk women were not selected for 

a genomic test, whereas in the symptomatic group many high risk women were recommended 
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for neoadjuvant or adjuvant chemotherapy without undergoing a genomic test. However, such 

a differential selection bias would be expected to weaken the association we found between 

method of detection and RS. Additionally, the method of breast cancer detection was defined 

partially by self-reported data which can be influenced by recall bias and lead to 

misclassification. The accuracy of the NLP algorithm was 91%, allowing for misclassification 

of several cases as well. The relatively small final sample size limited our ability to perform 

multivariable analysis and examine the independent contribution of the method of detection to 

the recurrence score.  Finally, our study does not include long term follow-up which limits 

our ability to examine the independent contribution of the method of diagnosis to long-term 

survival.  

 

Conclusion 

We demonstrated a strong association between the method of cancer detection and the 

genomic and clinical risk of recurrence in HR+ early breast cancer patients. Based on our data 

and current guidelines, most young women presenting with symptomatic breast cancer will be 

recommended for adjuvant chemotherapy.   

 

Appendix A: Automatic extraction of the method of tumor detection using a rule-based 

NLP algorithm 

The computational process was executed in three steps:  

1. Visit summary chronology: the algorithm organized visit summaries in chronological order 

for each patient. 

2. Expression detection: We compiled a list of terms and phrases capturing events of tumor-

detection methods. The list included variations of each expression in an attempt to reflect and 

include different writing styles, synonyms, paraphrases, common misspellings and inflections. 

Overall, we applied 35 expressions indicating the symptomatic method, and 19 

expressions designating the screen-detection method. Hebrew equivalent expressions of 

Jo
urn

al 
Pre-

pro
of



 

11 

“palpable tumor” and “felt pain in the (right/left) breast” are examples of the phrases 

identifying the symptomatic method, while Hebrew terms stating “routine mammography” 

and “screening mammography” are examples of phrases identifying screen-detection method.  

The search for these expressions was applied to the earliest visit summaries for each 

patient, in a chronological order. Once the appropriate expression was identified and 

validated (see Validation section), the algorithm returned the relevant detection 

method. If none of the expressions were identified in any of the patient’s visit 

summaries, the algorithm halted and returned ‘unknown’, reflecting its inability to 

identify the method of tumor detection of the patient. The summaries were written in 

Hebrew, a highly inflected language; Hebrew words are derived from a root and a 

pattern, combined with prefixes and suffixes, which may interfere with the traditional 

way of searching text. Therefore, for each expression we considered all the relevant 

inflections possible in the text. 

3. Validation: To eliminate false positives, some of the expressions required extra validation 

steps. For example, some symptomatic expressions needed validation to confirm that they 

were not mentioned in negation (e.g., ״did not palpate a tumor״). Therefore, we created a few 

simple negation detection rules. Additional confirmation involved validation that mention of a 

routine screening mammography did in fact result in detection of a tumor.  

 In addition, our algorithm was validated by a breast medical oncologist. Collectively, our 

human evaluation set contains 101 cases (10.4% of total cases):  29 cases of the screen-

detection method, 21 cases of the symptomatic method, and 51 cases of unknown detection 

method. The overall accuracy was 91%. The sensitivity and specificity for screen-detection 

were 96.5% and 95.8%, respectively, and the sensitivity and specificity for symptomatic 

cancers were 85.7% and 95%, respectively. 
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Tables 

 
Table 1. Patient and tumor characteristics by method of detection  
  
Table 2. Probability of adjuvant chemotherapy recommendation by the initial method of 

cancer detection. 

Colored boxes represent patients who are candidates for adjuvant chemotherapy. Variables 

are shown as n (%). Patients with more than 3 positive lymph nodes (N2-N3) were excluded 

from this analysis. The p values are based on chi‐ squared tests.  Abbreviations: RS, 

OncotypeDX Recurrence Score. 
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Figure captions 
 

Fig 1. Study flow diagram and implantation of NLP algorithm.  

Abbreviations: NLP, Natural language processing; EMR, Electronic medical records 

 

Fig 2. Genomic risk distribution by the initial method of cancer detection. 

(A) Among all women (N=401; p=.003) (B) Age ≤ 50 (N=120; p=.02) (C) Age > 50 

(N=281; p=.28). Variables are shown as n (%). The p values are based on chi‐ squared 

tests.  

 

Fig 3. Clinical risk distribution by the initial method of cancer detection. 

(A) Among all women (N=393; p=.0001) (B) Age ≤ 50 (N=117; p=.04) (C) Age > 50 

(N=276; p=.002). Variables are shown as n (%). The p values are based on chi‐ squared 

tests.  
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Detection method impact on genomic & clinical risk  

 

Tables  
 
Table 1. Patient and tumor characteristics by method of detection  
 

Characteristics Screen-detected 

(n=216) 

symptomatic 

(n=185) 

p value 

 n (%)  

Age (mean) 61 53 < .00001 

≤ 50 29 (13.4) 91(49.1) < .00001 

> 50 187 (86.5) 94 (50.8) 

Tumor size    

≤ 2cm 178 (82.4) 99 (53.5) < .00001 

> 2cm 38 (17.5) 86 (46.4) 

Histologic grade    

G1: Well differentiated 7 (3.2) 9 (4.8) .14 

 G2: Moderately differentiated 163 (75.4) 122 (65.9) 

G3:Poorly 

differentiated/Undiff 43 (19.9) 49 (26.4) 

Missing data 3 (1.4) 5 (2.7) 

Lymph Node Status      

N0  161 (74.6) 136 (73.5) .78 

N1mic  11 (5.1)  14 (7.6) 

N1  30 (13.9) 24 (13)  

N2-N3  14 (6.5) 11 (6)  

Ki67    

Ki67 ≤ 14% 79 (36.6) 42 (22.7) < .004 

Ki67 > 14% 33 (15.3) 45 (24.3) 

Missing data 104 (48.1) 98 (53) 
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Progesterone Receptor (PR)       

Positive 151 (70) 144 (77.9) .1 

Negative 62 (28.7) 39 (21.1) 

Missing data 3 (1.4) 2 (1.1) 

Tissue for Genomic testing    

Surgical specimen 203 (94) 156 (84.3) < .001 

Biopsy 13 (6) 29 (15.7) 
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Detection method impact on genomic & clinical risk  

 

Table 2. Probability of adjuvant chemotherapy recommendation by the initial method of 

cancer detection.  

Colored boxes represent patients who are candidates for adjuvant chemotherapy. Variables 

are shown as n (%). Patients with more than 3 positive nodes (N2-N3) were excluded from 

this analysis. The p values are based on chi‐squared tests.  Abbreviations: RS, OncotypeDX 

Recurrence Score. 

Age ≤ 50  
(n=113) 

 Symptomatic 
(n=86) 

Screen-detected 
(n=27) 

p value 

 Low Clinical 
Risk 

High Clinical 
Risk 

Low Clinical 
Risk 

High Clinical  
Risk 

 

 RS<16 (N0) 13 (15.1) 15 (17.4) 12 (44.4) 2 (7.4) 

 

RS<16 (N1) 0  (0) 4 (4.6) 0  (0) 1 (3.7) 

16<= RS<=20 6 (7) 8 (9.3) 3 (11.1) 3 (11.1) 

20<RS<=25 8 (9.3) 6 (7) 2 (7.4) 2 (7.4) 

RS>25 9 (10.4) 17 (19.7) 1 (3.7) 1 (3.7) 

Chemotherapy 
Recommendation 

52 (60) 10 (37) p=.03 

Age > 50  
(n=255) 

 Symptomatic 
(n=83) 

Screen-detected 
(n=172) 

p value 

 Low Clinical 
Risk 

High Clinical 
Risk 

Low Clinical 
Risk 

High Clinical  
Risk 

 

RS<=25 34 (41) 37 (44.5) 102 (59.3) 48 (27.9) 

RS>25 3 (3.6) 9 (14.4) 8 (4.6) 14 (8.1) 

Chemotherapy 
Recommendation 

12 (15) 22 (13) p=.7 
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Highlights 
 

x Symptomatic women at diagnosis are often younger, have larger tumors and higher Ki67.  
x Women with symptomatic tumors have both higher genomic risk and higher clinical risk for 

disease recurrence. 
x Symptomatic presentation significantly increases the likelihood of adjuvant chemotherapy 

recommendation, especially among younger women. 
x The use of a computational approach (NLP) for extracting information from electronic 

medical records was demonstrated to be efficient and valid.  
 

Jo
urn

al 
Pre-

pro
of


