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Abstract

Breast cancer has a long natural history. Established and emerging biologic markers address 

overall risk but not necessarily timing of recurrence. 346 adjuvant naïve breast cancer cases from 

Guy’s Hospital with 23 years minimum follow-up and archival blocks were recut and reassessed 

for hormone-receptors (HR), HER2-receptor and grade. Disease-specific survival (DSS) was 

analyzed by recursive partitioning. To validate insights from this analysis, gene-signatures 

(proliferative and HR-negative) were evaluated for their ability to predict early versus late 

metastatic risk in 683 node-negative, adjuvant naïve breast cancers annotated with expression 

microarray data. Risk partitioning showed that adjuvant naïve node-negative outcome risk was 

primarily partitioned by tumor receptor status and grade but not tumor size. HR-positive and 

HER2-negative (HRpos) risk was partitioned by tumor grade; low grade cases have very low early 

risk but a 20% fall-off in DSS 10 or more years after diagnosis. Higher grade HRpos cases have 

risk over >20 years. Triple-negative (Tneg) and HER2-positive (HER2pos) cases DSS events 

occurred primarily within the first 5 years. Among node-positive cases, only low grade conferred 

late risk, suggesting that proliferative gene signatures that identify proliferation would be 

important for predicting early but not late recurrence. Using pooled data from four publicly 

available data sets for node-negative tumors annotated with gene expression and outcome data, we 

evaluated four prognostic gene signatures: two proliferation-based and two immune function-

based. Tumor proliferative capacity predicted early but not late metastatic risk for HRpos cases. 

The immune function or HRneg specific signatures predicted only early metastatic risk in Tneg 

and HER2pos cases. Breast cancer prognostic signatures need to inform both risk and timing of 

metastatic events and may best be applied within subsets. Current signatures predict for outcome 

risk within 5 years of diagnosis. Predictors of late risk for HR positive disease are needed.
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Introduction

Breast cancer is widely recognized as a heterogeneous disease. It is now common in clinical 

practice to refer to three clinical subgroups (trigroup): HR positive and HER2 negative 

(HRpos), triple negative (Tneg), and HER2 overexpressing (HER2pos), each with different 

prognostic characteristics and therapeutic implications. Gene expression profiling has been 

used to develop new classifiers [1–3] and novel multigene signatures for breast cancer 
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recurrence that improve upon traditional clinical prognostic variables such as nodal status, 

tumor size, and histologic grade [4, 5].

Due to the overall predominance of HRpos breast cancers and the type of molecular 

differences that distinguish high from low risk HRpos breast cancers, most of the better 

known multigene predictors best estimate the recurrence likelihood of HRpos breast cancers 

[1, 3, 5]. A meta-analysis of various multigene signatures that includes the 70 gene profile 

[2], MS-14 [6], EMC-76 [7], CSR/wound-response [8], Oncotype Recurrence Score [9], p53 

[10], and the genomic grade index [11] have demonstrated that their prognostic values are 

comparable when evaluated in HRpos breast cancers, presumably due to the fact that 

proliferation genes within these signatures are a common driving force behind their overall 

prognostic performance [12, 13]. HRneg breast cancers are usually highly proliferative, and 

are invariably either classified as high risk or are not the target population of multigene 

predictors, although novel predictive signatures, not dependent on proliferation gene 

modules, have been proposed for these aggressive breast cancer subgroups [5, 12, 13].

Breast cancer risk is well known to span 20 years. However, none of the markers we use 

currently in standard clinical practice, nor the ones recently introduced are used to address 

the timing of metastatic recurrence.

When to expect a metastatic recurrence of breast cancer is a question of great concern to all 

patients, regardless of their level of education [14, 15], and information they want at 

diagnosis and at each follow-up clinic visit. The question is not easily addressed by even the 

most seasoned oncologists, and women are told the risk of breast cancer persists for many 

years. Often we project risk estimates based on presumptions about the chance of 

progression in the absence of adjuvant therapy. However, it is critical to understand the 

trajectory of breast cancer after surgical excision alone, if we truly want to evaluate 

prognostic markers, and if we want to be able to properly understand the impact of adjuvant 

therapy.

Our goal was to develop better models to estimate risk of metastatic recurrence as well as 

the time dependence of that risk [16]. We hypothesized that the temporal nature of 

recurrence risk is based on underlying biology of each breast cancer subtype. Given that 

breast cancer is a mix of heterogeneous subgroups with different outcomes, it can be 

analytically considered as a mixture model. An ideal way to analyze such data is to use 

recursive partitioning to identify the most homogeneous subsets mixed within the 

population. We applied risk partitioning models to a unique dataset from Guy’s Hospital in 

London, England, with up to 30 years of follow-up, and used these insights to evaluate the 

time-dependent prognostic value of existing and emerging gene signatures on an 

independent data set of adjuvant naïve patients.

Methods

Guy’s hospital dataset

The study base for this analysis consists of 561 women from the Guy’s Hospital dataset 

treated with definitive local regional therapy but without systemic therapy from 1975 to 
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1982, and followed for a minimum of 23 years. Median follow-up was 27.75 years. Kaplan–

Meier analyses of distant recurrence-free survival were developed for patients based on 

stage (tumor size and nodal status), HR status (ER, PR), HER2 status, age at diagnosis, and 

tumor grade. For 346 women, tissue blocks were available and new sections were cut to re-

evaluate tumor histology and perform immunohistochemistry (ER, PR, HER2). All sections 

were read and interpreted by a single pathologist. ER and PR status were assessed using the 

Allred scoring method [17]. HR status was considered positive (Allred score of >2) if either 

or both ER and PR were positive. HER2 staining was performed using Dako polyclonal 

A0485. Tumors were histologically graded using the Scarff–Bloom–Richardson (SBR) 

scoring system [18].

Patient classification by recursive partitioning

The R package “rpart” [19], an open-source implementation of recursive partitioning 

algorithms (CART) [20], was used to find cut-points and predictor variables that separate 

individuals into sub-groups by survival patterns. Additional details about Rpart can be found 

in supplemental methods. The endpoint of interest for this analysis is disease-specific 

survival (DSS) where death from breast cancer is the event of interest. Variables available 

for the CART analysis included tumor size, number of lymph nodes involved, SBR grade 

scores (3–9), HR and HER2 receptor status, age, tri-group status (HR pos vs. triple negative 

vs. HER2 positive).

Independent assessment of gene signatures and time-dependent metastatic outcome 

using public breast cancer microarray datasets

An additional independent analysis was performed using data compiled from four pooled 

publically available data sets, 683 adjuvant-naive, node-negative breast cancer cases (447 

ER positive and 236 ER negative), annotated for distant metastasis-free survival (DMFS), 

were identified [2, 7, 21, 22] (Supplemental Table 1S). Four gene-based signatures, the 

Celera HRpos metastasis score (MS-14 [6]), the proliferation signature [23], the Immune 

Response signature (IR [24]), and a newer chemokine-based HRneg/Tneg signature [25] 

were analyzed for their prognostic value by significant association with either overall DMFS 

(from time of diagnosis) or delayed DMFS for the subgroup surviving 5 years beyond 

diagnosis without early metastatic events. Gene signature mapping is described in the 

supplemental Table 2. Cases were dichotomized into high versus low index groups by the 

median value. Kaplan–Meier analyses were performed and significance assessed by the log-

rank statistic. Kaplan–Meier estimates of distant metastasis free survival may be based on 

competing events (i.e., death causes other than breast cancer). Unfortunately, deaths from 

other causes were not available for the public datasets we used so that we were unable to 

perform a competing risk analysis.

We therefore used Cox regression analysis on the event of interest, distant metastasis, using 

different gene signatures as predictors.
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Results

Table 1 shows the characteristics of the patients in the Guy’s Hospital dataset. The dataset 

was rich in HRpos patients (76%), with a smaller proportion of Tneg and HER2pos patients 

(24%). Of the 346 patients that had tumor blocks available, the majority were node-negative 

(N0), 214 (62%) and T2, 193 (56%) and intermediate grade (SBR 6–7)153 (44%). Of node-

negative patients, 33 (15%) were low grade. These features reflect a population of women 

diagnosed prior to the routine use of screening mammography.

Kaplan–Meier plots of DSS for the entire Guy’s Hospital dataset, divided by trigroup 

(HRpos, Tneg, and HER2pos) is shown in Fig. 1a with 95% confidence intervals. Figure 1b, 

c shows the node-negative and positive populations, respectively. The risk of death from 

HER2pos and Tneg tumors was largely confined to the first 5 years after diagnosis, whereas 

the risk for women with HRpos tumors continued for 20 years. Kaplan–Meier curves for the 

HRpos subtype crossed those of HER2pos and Tneg curves at 15 years for the entire 

population, with fewer than 60% of HRpos cases remaining alive by 20 years (Fig. 1a). The 

node-negative patients, regardless of subtype, had similar trajectory in the first 5 years. After 

5 years, the outcome is significantly better for the Tneg and HER2pos subsets (85%) than 

for the HRpos subtype, whose risk persists for 20 years with 50% survival. In node-positive 

women, the HER2pos and Tneg subtypes have worse outcomes early, but over time, HRpos 

patients fare just as badly.

Recursive partitioning analysis of the 346 Guy’s cases at time of diagnosis shows that, using 

DSS as the outcome, the first and most significant split is node status (Fig. 2a). For the 

node-negative subgroup, the most important discriminator was HRpos versus Tneg and 

HER2pos. For the node-negative, HRpos subgroup, SBR ≤ 5 versus not was the 

discriminating cut point (Fig. 2a). The risk partitioning software itself determined the 

optimal cut point based on SBR-score, which aligns with the accepted cut-point for low 

grade. Note that in the node-negative, HRpos, low grade subgroup, almost all of the deaths 

occurred after 10 years. Tumor size did not serve as a discriminator in determining the risk 

of recurrence for either node negative or node positive cases.

Applying risk partitioning to patients still alive without a cancer event 5 years after 

diagnosis (Fig. 2b), the dominant factor that separates patients is the trigroup status. HER2-

pos or Tneg patients have only a small residual risk, whereas those who are HRpos are split 

based on having less than 2 positive nodes or not, but for both groups the risk of death 

continues for an additional 10–15 years.

The Guys data are remarkable for having recurrence dates prior to death for 142 of 144 pts 

that died of breast cancer. Only 2 pts had recurrence noted at time of death. Trigroup status 

also predicts survival following recurrence. Median survival following a recurrence is 2.9 

years (95%CI 2.3–3.7) for HRpos versus 1.2 years (95% CI 0.6–2.0) for Tneg and HER2pos 

cases (Fig. 3).

The hazard function for breast cancer specific death for the Guy’s patients is shown by HR 

status (Fig. 4a) and trigroup status (Fig. 4b). Timing of death from breast cancer was 

dominated by receptor status. The hazard rates drop substantially after 5 years for HR 
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negative (Fig. 4a) and for Tneg and HER2pos (Fig. 4b) whereas for the HR positive (Fig. 

4b) or HRpos (Fig. 4b), the hazards increase at 5 years and remain higher until 20 years.

The risk partitioning data strongly suggest that the HRpos subtypes with low grade disease 

or low proliferation are at risk for late recurrence. We therefore wanted to test the ability of 

expression signatures that predict poor prognosis either on the basis of proliferation, or in 

the case of the HR negative subtype, immune response (IR), to determine if their prognostic 

ability was confined to early (within 5 years) or late (after 5 years) death. In order to test this 

hypothesis, we assembled an independent set of 683 adjuvant naïve, node-negative cases 

from 4 public databases as described in methods and in Supplemental Table 1. Hazard rates 

are shown in supplemental Fig. 1.

Four prognostic signatures, relating to two biological processes (proliferation and immune 

function [26]), were assessed for their prognostic prediction of early or late metastatic 

events. Cox analysis on the cause-specific hazard, distant metastasis, was used as we were 

trying to determine whether or not a covariate reflects a “pure” effect regardless of other 

types of events [27].

Table 2 shows that the proliferative and MS-14 signatures were highly significant in 

predicting DMFS in the early period (first 5 years) in HRpos/HER2neg tumors, whereas the 

HRneg/Tneg signature was predictive in the early period for HRneg tumors irrespective of 

HER2 status. In contrast, the IR signature appears to be significant for predicting events in 

the first 5 years only in the HRneg/HER2pos cases. Only DMFS was available but is highly 

predictive of death from breast cancer (Fig. 3). Interestingly, the HRneg/Tneg signature 

appears to have some predictive ability in HRpos/HER2neg cases; and in particular, a unit 

increase in HRneg/Tneg signature score is associated with a 2.35-fold higher hazard for late 

relapses (after 5 years). None of the other signatures evaluated shows significant prognostic 

value in the late period.

Discussion

The breast cancer database from Guy’s Hospital in London is unique in enabling the long 

term assessment of natural history of breast cancer after surgical treatment only. The 

availability of tissue blocks enabled the uniform reassessment of variables that are 

considered critical to management today, including grade, and receptor status. 

Understanding the baseline in the absence of systemic treatment can help to clarify the 

benefits of adjuvant therapy, and generate hypotheses for timing and appropriate application 

and refinement of prognostic tools, especially for the low risk subsets.

From the Kaplan–Meier analyses, we observed that, absent systemic therapy, risk for HRpos 

patients continues for 20 years, whereas the risk for both Tneg and HER2pos patients 

approaches an asymptote closer to 5 years. This is consistent with other studies that show 

that HER2pos and Tneg breast cancers recur earlier. Cheang et al. recently compared 

outcomes of basal tumors and Tneg tumors [28], and show that risk of recurrence rapidly 

falls off after 5 years and plateaus by 7 years [29]. Survival curves from adjuvant studies in 

HER2pos patients plateau after 5 years [30] as do those with Tneg tumors [31]. The lack of 
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late risk appears not to be a result of adjuvant treatment, but instead of underlying biology. 

This information about the time that a woman remains at risk for breast cancer recurrence is 

critical to patients and can be communicated to women at the time of diagnosis.

The Kaplan–Meier plots show an asymptote well above zero, suggesting a mixed population 

where many patients are likely to be cured by surgery alone. Recursive partitioning allowed 

us to look at the conditionally dependent nature of biologic variables and their impact on the 

shape of the survival curves. Traditional multivariate models assume independence of 

variables, which may not be a true reflection of breast cancer biology. Risk partitioning 

enables evaluation of the order with which standard variables impact DSS. The dominant 

characteristic predicting for DSS is nodal status, followed by classical IHC subtype. For the 

HRpos tumors only, the dominant characteristic was low grade (SBR score ≤ 5). For the 

women who have intermediate or high grade, N0, HRpos tumors, risk extends up to 20 

years. In the absence of hormonal therapy, the risk of death from breast cancer approaches 

50%, a risk much higher than that of the node-negative, HRneg and HER2pos patients. 

Interestingly, tumor size did not emerge as a predictive factor.

For node-positive cases, grade is more deterministic than molecular subtype, likely 

reflecting that low grade cancers are almost exclusively HRpos. Again, the risk partitioning 

model did not select tumor size as a predictor variable for recurrence risk. This is consistent 

with the Oncotype DX [9] and Mammaprint [2] diagnostic molecular tests, both of which 

are predictive independent of tumor size. The risk partitioned subsets reflect not only the 

degree of risk, but also the timing of when that risk occurs. For example, low grade subsets 

(node-negative or positive), have little or no risk in the first 10 years. Of course, these data 

do not inform us about whether such late recurrences are controlled by hormonal therapy 

given at the time of diagnosis.

After 5 years, risk of recurrence is largely confined to the HRpos patients, which is 

consistent with previous long-term studies [32]. This group faced significant risk of 

recurrence and death in the absence of systemic therapy. Importantly, the percent that recur 

in the first 5 years is less than the percent that recur after 5 years. It has been shown that 

women treated with Tamoxifen continue to recur late, and in randomized trials much of the 

benefit of adjuvant hormonal therapy is gone after 15 years [33]. However, it is clear from 

the Guy’s data set, that for some women the risk of recurrence may span the entire 20 year 

period and for some the risk may be only confined to the later periods, from 10 years after 

diagnosis to perhaps 20 years. Extended hormone therapy has been shown to reduce the risk 

of late recurrence [34, 35], but the decision support tools we use today make the assumption 

that the same relative benefit applies equally to all women with HRpos breast cancer [36]. 

The RPM analysis suggests this may not be the case. One of the groups at risk may be a 

subset of patients with small low grade cancers, which is perhaps not the subset where we 

would expect benefit. It is also possible that some patients might be better served by 

treatment starting after 5 years, if we could identify those at risk for late recurrence only.

In addition to influencing clinical practice, recursive partitioning models (RPM) applied to 

datasets with long term follow-up can also provide clinically relevant guidance on how to 

tailor and develop molecular signatures for prediction and prognosis. To illustrate the 
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potential impact on how to apply signatures to specific breast cancer subsets, we evaluated 

gene signatures on microarray datasets from a large pooled cohort of node-negative adjuvant 

naive patients. We show that the proliferative molecular signatures do not predict risk of 

recurrence 5 or more years after diagnosis. The prognostic value of the immune function-

related signatures was also restricted to the first 5 years in HRneg cases. What appears to be 

needed is the development of signatures capable of predicting metastatic recurrence beyond 

5 years, especially for women with HRpos disease. Surprisingly, there may be some late 

predictive ability of the immune function-related HRneg signatures in HRpos women, but 

this will need to be validated.

Timing of death is impacted by receptor status, and if HRpos, by grade or proliferative 

status. For patients that recur, trigroup status also determines the timing of progression to 

death. The lesson for clinicians and molecular profilers is that there are 2 critical aspects to 

risk—the magnitude and the timing of risk. Clinicians and drug developers have always 

focused on what mitigates risk rather than when treatments should be given. We have 

traditionally thought that treatments must start within 3 months of initial surgical resection 

to be successful. If clinicians could better predict the timing of metastatic recurrence, such 

predictions would alter treatment scheduling, duration and post-treatment follow-up. This 

analysis suggests that, for low grade HRpos patients, there may be a better way to optimize 

outcomes by using risk profiling to additionally dictate the timing of treatment. Our findings 

open the door to more creative ways to think about timing, duration, and schedule for HRpos 

patients, in particular.

An important unmet need in breast cancer management is the prediction of late metastatic 

risk in HRpos patients. Understanding the time-dependence of risk will allow better ways to 

develop and validate biomarkers and signatures as well as the tailoring of adjuvant therapy 

options. For HRneg and HER2pos disease, signatures may be validated with populations 

that have 5 years of follow-up, since the risk of recurrence drops off sharply by 5 years after 

diagnosis. For HRpos disease, though, there appears to be two distinct types of signatures 

needed to offer insight about the benefit of extended adjuvant hormonal therapy: one for 

early metastatic relapse, and one for late metastatic relapse. The need for an early metastatic 

relapse signature in HRpos disease is already met by the development of the NKI 70-gene 

test (Mammaprint, Agendia), 21-gene Recurrence Score (Oncotype DX, Genomic Health), 

the Celera 14-gene Metastasis Score, the Genomic Grade Index and other proliferation-

based signatures. All of these are correlated with the proliferative signature shown in Table 

2, which predicts for early but not late recurrence [5]. The 70-gene prognosis signature, for 

example, has been shown to be highly predictive of recurrence in the first 5 years, but less so 

after 5 years [37].

The mechanisms for late metastatic relapse in HRpos tumors are not well understood, and it 

is not clear whether these are intrinsic to the biology of malignant cells in the tumor, host-

driven, or a combination of both. Gene signatures that predict early and late recurrence 

should be able to provide clues to understanding the biology of and to prevent these events.

Limitations to this analysis include the lack of ethnically diverse and relatively small 

fraction of Tneg and HER2pos breast cancers and small fraction (18%) of HRpos node-
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negative low grade cases. HER2 status was designated by IHC staining only. There was not 

sufficient tissue for FISH interrogation of the IHC 2+ cases [38], though few cases (<4) 

would likely be reclassified. Despite these limitations, our results are in agreement with 

previous observations concerning proliferative molecular signatures; additionally, they 

provide the provocative implication that late recurrences in HRpos breast cancers may be 

linked to altered immune function.

Conclusion

Breast cancer patients demonstrate variability for both risk and timing for developing 

metastatic disease. To some extent, time dependence can be predicted based on routinely 

assessed biologic features. These findings should fuel our appetite for evaluating and 

developing molecular signatures tailored to specific subtypes, and for the timing of 

metastatic recurrence. Predicting late recurrence in HRpos patients is an unmet need. 

Improving our ability to identify these groups at the time of diagnosis will improve our 

ability to plan the short and long-term treatment plans and better evaluate the impact of 

therapeutic interventions.

Biologic features assessed standardly at diagnosis inform not only risk for but timing of 

metastatic events. Current prognostic signatures largely predict only early and to improve 

should focus on evaluation within subsets. In particular predictors of late risk for HR 

positive disease are needed.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. 
Kaplan–Meier plots for Guy’s Hospital dataset. Kaplan–Meier analyses of recurrence-free 

survival were developed for 346 Guy’s Hospital patients based on stage (tumor size and 

nodal status), ER, PR, and HER2 status, age, and grade. Plots for the entire dataset (a), 

node-negative patients only (b), and node-positive patients only (c) are shown. In each 

figure, curves are plotted for a trichotomy of classic tumor subtypes: Tneg, HER2pos, and 

HRpos/HER2neg. For all molecular subsets, Kaplan–Meier plots show an asymptote, 

suggesting a mixed population of patients with many cured by surgery alone. There were 
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only 20 IHC 2+ cases, and using DAKO A0485, the likelihood of FISH positivity with 2+ 

IHC staining is 20% [39], thus very few cases (<4) would likely be reclassified
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Fig. 2. 
a Results from rpart analysis of Guy’s Hospital dataset for DMFS at diagnosis. Recursive 

partitioning of patients into subgroups by the R program rpart is shown. The rectangular 

labels show the factors that drive the splitting of the population in the order of impact. The 

first split is on node status. For node-negative cases the next split is based on molecular 

subtype: HER2pos or Tneg versus HRpos/HER2neg. The HRpos/HER2neg are then split by 

SBR grade ≤5 or >5. For node-positive cases, the first split is for the number of positive 

nodes (≤18 vs. >18) and for those with ≤18 positive nodes, they are split by SBR Grade ≤5 
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or >5. The hazard ratio gives the relative risk of dying from breast cancer for that arm of the 

tree compared to the whole population. For example, the left-uppermost number is 0.31. 

This means that patients who are node-negative who are HER pos or Tneg are dying from 

breast cancer at a rate that is 0.31 that of patients in the whole population. The bottom sets 

of numbers are the number of patients who died from breast cancer within each subgroup 

and the total number in that subgroup. For the HER2pos or Tneg subgroup, for example, 7 

out of 51 died from breast cancer. The DSS curves shown below the final subgroups reflect 

the timing of the deaths. b Survival time among 5 year survivors. Recursive partitioning of 

patients who survived 5 years without death by breast cancer by the R program rpart is 

shown. Trigroup is now the biggest predictor of DSS. In the HRpos group, number of 

positive nodes (≤1 or >1) determined the splitting pattern. The corresponding Kaplan–Meier 

curves and hazard ratios are shown below. Note that time = 0 years on the DSS curves is 5 

years post-diagnosis
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Fig. 3. 
DSS following recurrence. 142 of the 144 patients who died of breast cancer in the Guy’s 

dataset have dates of recurrence. The survival following the date of recurrence is shown. For 

HRpos/HER2neg median survival following a recurrence is 2.9 years (95% CI 2.3–3.7) 

while for Tneg or HER2pos it is 1.2 years (95% CI 0.6–2.0), P = 0.003. Nearly everyone 

who recurred eventually died of their disease. The last disease-specific death for HER2 pos, 

Tneg and HR pos is at 5.9 years, 3 years, and 18.5 years, respectively

Esserman et al. Page 16

Breast Cancer Res Treat. Author manuscript; available in PMC 2015 February 11.

N
IH

-P
A

 A
u
th

o
r M

a
n
u
s
c
rip

t
N

IH
-P

A
 A

u
th

o
r M

a
n
u
s
c
rip

t
N

IH
-P

A
 A

u
th

o
r M

a
n
u
s
c
rip

t



Fig. 4. 
Hazard plots for disease-specific survival by receptor status classification from Guy’s 

Hospital. a Hazard functions based on HR positivity in the Guy’s dataset are shown. b 
Hazard functions for HER2pos, HRpos/HER2neg, and Tneg (“trigroup”) patients in the 

Guy’s dataset are shown. Hazard for the HRpos/HER2neg subgroup declines after peaking 

at approximately 6 years after diagnosis in contrast to Tneg and HER2pos patients, where 

hazard declines in the first 5–7 years after diagnosis
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Table 1

Characteristics of Guy’s Hospital dataset

Number of patients Percent

Age

  <40 26 7.5

  40–49 84 24.3

  50–59 108 31.2

  60–69 76 22.0

  ≥70 52 15.0

Nodal status

  0 nodes 214 61.8

  1–3 nodes 85 24.6

  3+ nodes 47 13.6

Tumor size

  T1 (<2 cm) 127 36.7

  T2 (2–5 cm) 193 55.8

  T3 (>5 cm) 26 7.5

Grade

  SBR 3–5 (grade 1) 43 12.4

  SBR 6–7 (grade 2) 153 44.2

  SBR 8–9 (grade 3) 150 43.3

Receptor status

  HER2pos 47 13.6

  HRpos/HER2neg 264 76.3

  Tneg 35 10.1

Key demographic and pathological characteristics, including nodal status, tumor size, ER, PR, and HER2 status, age, and grade, are provided for 

the population of 346 adjuvant-untreated patients from Guy’s Hospital for whom tissue blocks were available. All patients were treated with 

mastectomy and had long-term follow-up data collected until death as part of institutional policy
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