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A B S T R A C T

Proliferation-related gene signatures have been proposed to aid breast cancer management

by providing reproducible prognostic and predictive information on a patient-by-patient

basis. It is unclear however, whether a less demanding assessment of cell division rate

(as determined in clinical setting by expression of Ki67) can function in place of gene

profiling.

We investigated agreement between literature-, distribution-based, as well as signature-

derived values for Ki67, relative to the genomic grade index (GGI), 70-gene signature, p53

signature, recurrence score (RS), and the molecular subtype models of Sorlie, Hu, and

Parker in representative sets of 253 and 159 breast cancers with a median follow-up of

13 and 14.5 years, respectively. The relevance for breast cancer specific survival was also

addressed in uni- and bivariate Cox models.

Taking both cohorts into account, our broad approach identified ROC optimized Ki67 cut-

offs in the range of 8e28%. With optimum signature-reproducing cutoffs, similarity in clas-

sification of individual tumors was higher for binary signatures (72e85%), than multi-level

signatures (67e73%). Consistent with strong agreement, no prognostic superiority was

noted for either Ki67 or the binary GGI, 70-gene and p53 signatures in the Uppsala dataset

by bivariate analyses. In contrast, Ki67-independent prognostic capacity could be demon-

strated for RS and molecular subtypes according to Sorlie, Hu and Parker in both datasets.

Our results show that the added prognostic value of binary proliferation-related gene sig-

natures is limited for Ki67-assessed breast cancers. More complex, multi-level descriptions

have a greater potential in short- and long-term prognostication for biologically relevant

breast cancer subgroups.
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1. Introduction et al., 2005). Briefly, Uppsala cohort: This cohort consists of
Prognostic indicators and therapy predictive factors provide

vital tools to assess andmanage the long-term survival of can-

cer patients. Microarray technology has provided scientists

with amethod to improve on traditional prognostic indicators

and develop RNA gene-expression signatures capable of

dividing patients into biologically relevant subtypes (Sørlie

et al., 2003). These signatures range from simpler binary tu-

mor classifiers to multi-level five-group approaches, which

provide prognostic (Hu et al., 2006; Miller et al., 2005; Paik

et al., 2004; Parker et al., 2009; Perou et al., 2000; Sørlie et al.,

2003; Sotiriou et al., 2006; Van’t Veer et al., 2002; Van de

Vijver et al., 2002) and therapy predictive (Chang et al., 2003;

Chia et al., 2012; Gianni et al., 2005) information. Despite

good inter-observer reproducibility following normalization

(Wirapati et al., 2008), widespread implementation ofmicroar-

ray analysis in a clinical setting has been hampered by the

cost of the analysis, the requirement of good quality RNA

derived from frozen tissue and concerns as to whether similar

molecular signatures classify patients into the same breast

cancer subtypes (Weigelt et al., 2010). Furthermore, as it is

accepted that proliferative genes play a central role in gene

expression classifiers (Sotiriou and Pusztai, 2009), it is unclear

whether a simpler assessment of cell division rate can func-

tion in place of gene profiling.

The Ki67 protein, as analyzed by immunohistochemical

staining, is widely used as a marker of cell proliferation.

Meta-analyses have highlighted the independent prognostic

capabilities of Ki67 in primary breast cancer with reduced

overall and disease-free survival observed in patients with

tumors displaying high expression of the protein (De

Azambuja et al., 2007; Stuart-Harris et al., 2008). Despite this

evidence, and recommendation by the St. Gallen Consensus

(Goldhirsch et al., 2009), Ki67 is still not widely employed in

the clinical setting, in part due to question marks over its

reproducibility between observers and between laboratories

(Mengel et al., 2002; Nielsen et al., 2012; Polley et al., 2013;

Varga et al., 2012).

Given the involvement of proliferative genes in gene

expression signatures and the proposed prognostic role of

Ki67, the aim of our study is to determine whether Ki67 alone

can achieve analogous classification of tumors compared to

current gene expression signatures. In order to assess this

we determined the similarity in classification and prognostic

capacity between Ki67 and binary (GGI, 70-gene, p53) or

multi-level (recurrence score, Sorlie, Hu, and Parker) signa-

tures in testing and validation breast cancer cohorts contain-

ing 253 and 159 patients respectively, by KaplaneMeier, cross-

table, and bivariate survival analyses.
2. Materials and methods

2.1. Patients and specimens*

Our study population consists of two previously published

breast cancer cohorts referred to as the Uppsala and Stock-

holm cohort, (Bergh et al., 1995; Miller et al., 2005; Pawitan
484 breast cancer patients who received primary therapy in

the county of Uppsala between 1987 and 1989. Of these,

enough frozenmaterial remained, was available and provided

sufficient quality expression profiles for 253 patients. Stock-

holm cohort: This cohort consists of 524 breast cancer patients

who were identified through the Swedish regional cancer reg-

istry and received therapy at the Karolinska Hospital between

1994 and 1996. Of these, frozen material was available for 159

patients for which sufficient quality expression profiles could

be obtained. Causes of death from 1987 to 2008 (Uppsala

cohort) and 1994 to 2010 (Stockholm cohort) were obtained

from the National Board of Health and Welfare (Socialstyrel-

sen). Both microarray studies were approved by the ethics

committees at Karolinska Institutet and Karolinska university

Hospital, respectively, Stockholm, Sweden.

2.2. Immunohistochemical assessment of Ki67
expression*

Briefly, staining was performed in the Dako Autostainer Plus

automated slide processing system (Dako) with a 1:100 dilu-

tion of the monoclonal mouse anti-human Ki67 antibody,

clone MIB-1 (DAKO, Glostrup, Denmark). Staining was evalu-

ated by an experienced pathologist (JC) without prior knowl-

edge of patient outcome or tumor characteristics. Cells with

nuclear expression of Ki67 were considered positive and

counts were performed at the invasive edge of the tumor

as deemed important for prognostic evaluation of Ki67

(Dowsett et al., 2011). This manuscript was carried out and is

reported in accordance with REMARK guidelines* (McShane

et al., 2005).

2.3. KI67 cutoff selection*

Four approaches for finding relevant Ki67 cutoffs were used.

Firstly, a MEDLINE search for Ki67 AND breast cancer AND

2010 or 2011 retrieved 164 publications of which 22 were

directly relevant, of these 22, 10% (n ¼ 7) and 20% (n ¼ 8)

were the most commonly used cutoffs. Secondly, simple

medians of 11% and 12% respectively, were considered.

Thirdly, we applied a model of two normal distributions,

attempting to capture the visually apparent distribution of

low-expressing tumors versus the dispersed high-expressing

using the mixtools package (Benaglia et al., 2009) in R. With

default settings, cutoffs of 16% (Uppsala) and 17% (Stockholm)

contained 90% of the lower modeled distribution. Fourthly,

receiver operating characteristic (ROC) analysis was used to

identify optimal cutoffs for individual gene signatures, result-

ing in signature specific cutoffs ranging from 10e20%

(Uppsala) and 8e28% (Stockholm).

2.4. Expression profiling

In brief, RNA was prepared from fresh frozen, homogenized

tumors with RNeasy spin column kits (Qiagen). Evaluation of

RNA quality was performed with an Agilent 2100 Bioanalyzer.

Two to 5 mg of RNA was subjected to in vitro transcription;

products were hybridized to HGU133A and B arrays

http://dx.doi.org/10.1016/j.molonc.2014.02.007
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(Affymetrix), with washing and scanning carried out accord-

ing to the manufacturer’s instructions. For a more detailed

account, see here (Calza et al., 2006).

2.5. Prognostic gene signatures*

All tumors in both cohorts were classified according to seven

prognostic gene signatures: Genomic Grade Index (Sotiriou

et al., 2006) (GGI), 70-gene signature (Van’t Veer et al., 2002)

(Mammaprint�), p53 signature (Miller et al., 2005), the recur-

rence score (Paik et al., 2004) (Oncotype DX�), intrinsic molec-

ular subtype model (Perou et al., 2000; Sørlie et al., 2003)

-referred to as Sorlie, and the closely related Hu (Hu et al.,

2006) and Parker (Parker et al., 2009) (PAM50) classifications.

For the Uppsala p53 signature we used the previously pub-

lished tumor classifications from Miller et al. (2005), which

were available for 251 of 253 tumors. Additional information

can be found in the Supplementary Methods and code files.

2.6. Statistical analyses*

Differences in KaplaneMeier estimates were assessed with

the two-sided log-rank test in SPSS version 19.0. Univariate,

bivariate andmultivariate hazard ratios were calculated using

the coxph function of the survival package in R. Analysis of

Ki67 distribution and ROC curve plotting was performed using

the R mixtools and Daim packages, respectively. Similarity in

classification of a tumour is defined as a case where both a

gene expression signature and Ki67 provide the same prog-

nostic classification e.g. poor prognosis. In order to calculate

this for a specific gene signature/Ki67 pairing, we simply add

all cases where prognostic classification is identical by both

classifiers and divide by the total number of patients. An

example is shown in the Supplementary methods.

*Indicates extended in the Supplementary methods.
3. Results

3.1. Ki67 and gene expression signatures provide long-
term prognostic information in breast cancer

Patient characteristics for our previously described Uppsala

cohort (Bergh et al., 1995;Miller et al., 2005) in relation to estro-

gen receptor (ER) status and Ki67 expression are shown in

Supplementary Tables S1 and S2, respectively. In total, tu-

mours from 253 patients were available for Ki67 staining and

expression array profiling, exclusion criteria are displayed in

Supplementary Figure S1. A general, literature based Ki67 cut-

off of 10% divided the patients of the Uppsala cohort into two

groups of low and high expression.We also applied binary and

multi-level gene expression signatures to microarray data

from the same patients and used KaplaneMeier analysis to

determine the relationship between Ki67 or signature status

and breast cancer specific survival (BCSS). Ki67 ( p < 0.001,

log-rank test) and the GGI ( p ¼ 0.003), 70-gene ( p ¼ 0.005)

and p53 ( p ¼ 0.017) binary signatures successfully separated

patients into two groups of longer and shorter survival

(Figure 1AeD). The recurrence score ( p ¼ 0.004) separated pa-

tients into three groups- “low”, “intermediate” and “high”,
where most notably, survival in the “intermediate” group

( p ¼ 0.018 vs. low) was similar to that of the “high” group

( p ¼ 0.001 vs. low) after twenty-one years follow-up

(Figure 1E and Supplementary Table S3). The Sorlie

( p ¼ 0.024), Hu ( p ¼ 0.002) and Parker ( p < 0.001) signatures

separated patients into five subtypes with varying patient sur-

vival (Figure 1FeH). In long-term follow up the normal-like,

luminal A and basal subtypes retained similar survival infor-

mation across the five-group signatures and patients with

luminal B and HER2-like subtype tumors had the worst breast

cancer specific survival. One exception to this was the Sorlie

HER2-like group ( p ¼ 0.363 vs. normal-like), which did not

display significantly different survival to patients with

normal-like tumors. All log-rank p-values for multi-group sig-

natures are shown in Supplementary Table S3. These results

demonstrate the ability of Ki67 and gene expression signa-

tures to divide patients into subtypes with prognostic signifi-

cance. Notably the basal subtype of Sorlie, Hu and Parker

classifications, which contain triple-negative tumors, did not

show poorer outcome in long-term survival analysis. This

highlights the importance of relating gene signatures to

long-term survival data where the outcomes can be dramati-

cally different to those with only five or ten years’ follow-up.

3.2. High similarity of classification between Ki67 and
binary but not multi-level gene expression signatures

Due to the considerable range of cutoffs used in the literature

(Dowsett et al., 2011) (1%e28.6%), we used a broad approach to

identify all reasonable levels above or equal to which staining

was considered positive. This and our experimental work-

flow for the Uppsala cohort is depicted in Figure 2. In recent

literature, 10% and 20% were most frequently used, and

were therefore included (described in more detail in

Supplementary methods). As the relevance of a certain cutoff

may to some extent be laboratory-specific, median and

distribution-based cutoffs of 11% and 16% were identified as

potentially more relevant for the present data. Given our

objective of determining whether Ki67 can achieve similar

classifications compared to widely used gene expression sig-

natures, cutoffs most relevant (producing the most similar

separation of tumors) for the GGI (15%), 70-gene (11%), and

p53 (16%), were identified with receiver operating characteris-

tics (ROC); Table 1. For the multi-level signatures, binary col-

lapses were used to avoid a signature disadvantage (for the

recurrence score, low vs. intermediate or high; for Sorlie,

Parker and Hu, normal-like, luminal A, or basal vs. HER2-like

or luminal B), best reflecting the separation of survival esti-

mates. The ROC cutoffs, and resulting classification similarity

compared to gene signatures is displayed in Table 1.

With Ki67, the separation of tumors in low- versus high-

proliferating groups demonstrated considerable similarity

with the binary signatures (GGI 81%, 70-gene signature 78%,

p53 82%), whereas the similarity was lower for the multi-

level signatures (67e70%; Table 1). Similarly, using kappa sta-

tistics as a measurement of agreement, we noted higher

kappa values for binary signatures compared to Ki67

(0.55e0.60) than those for multi-level signatures (0.26e0.36,

Supplementary Table S4). All signature and Ki67 classifica-

tions on a per patient basis are shown in Supplementary

http://dx.doi.org/10.1016/j.molonc.2014.02.007
http://dx.doi.org/10.1016/j.molonc.2014.02.007
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Figure 1 e KaplaneMeier analysis of Ki67 and gene expression signatures in the Uppsala dataset Tumors in the Uppsala cohort were classified

according to Ki67 expression below or above/equal to 10% and gene expression signatures. This classification and patient data were subsequently

used to produce the following KaplaneMeier curves (A) Ki67, 10% cutoff (B) GGI (C) 70-gene (D) p53 (E) Recurrence score (F) Sorlie (G) Hu

(H) Parker. P-value is based on log-ranked test, E/N [ Number of events/number of patients.
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Table S5. Next, as the strongest prognostic capacity of the GGI,

70-gene, and recurrence score signatures may lie in the ER-

positive subgroup of patients, we performed a subgroup anal-

ysis. Analyzing only ER-positive patients the signature specific
Ki67 cutoffs remained the same and the similarity in classifi-

cation remained high between Ki67 and GGI (81%), and Ki67

and the 70-gene signature (76%) and remained lower for recur-

rence score (65%, Supplementary Table 6).

http://dx.doi.org/10.1016/j.molonc.2014.02.007
http://dx.doi.org/10.1016/j.molonc.2014.02.007
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Figure 2 e Analysis work-flow diagram, Uppsala cohort.
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Of note, better agreement could be achieved for the multi-

level classifications in all patients: similarity for the recur-

rence score increases to 73% when considering low and inter-

mediate vs. high (rather than low vs. intermediate and high);

for Sorlie, Parker and Hu similarity could be increased to

81%, 77% and 80%, when grouping basal tumors with luminal

B and HER2-like rather than with the normal-like and luminal

A tumors, illustrating that proliferation is a significant under-

lying driver in these signatures as well. These alternative

groupings would however be a poorer reflection of the long-

term prognostic information in these signatures: the RS seems

to identify a group of tumors (intermediate) that despite

frequently low Ki67 expression are associated with poorer

long-term outcome; the Sorlie, Hu, Parker on the other hand
appear to capture an outcome heterogeneity among highly

proliferating tumors not captured by a simple proliferation-

based dichotomization with Ki67 or binary gene expression

signatures.

3.3. Binary, but not multi-level gene expression
signatures, give similar prognostic information to Ki67

As previously, we used the Ki67 ROC cutoffs and related signa-

ture groupings, examining each in a univariate Cox analysis

(Table 2) with BCSS as endpoint. For comparison, uni- and

multivariate hazard ratios for standard clinicopathological

characteristics are shown in Supplementary Tables S7 and

S8. All Ki67 and gene expression signature groups provided

http://dx.doi.org/10.1016/j.molonc.2014.02.007
http://dx.doi.org/10.1016/j.molonc.2014.02.007
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Table 1 e Similarity in classification between Ki67 and prognostic gene signatures, Uppsala
cohort.
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statistically significant prognostic information with hazard

ratios (HR) ranging from 1.79 (95%CI 1.10e2.92) for the p53

signature to 2.75 (95%CI 1.72e4.42) for the Parker classifier

(Table 2, “Separate models” column). Next, we compared

Ki67 cutoffs head to head with gene signatures in bivariate

analysis. Importantly, we found that neither Ki67 nor binary

gene expression signatures (GGI, 70-gene and p53) provided

significant prognostic information when both where included

in a bivariate model (see Table 2, “Combined model” column).

In the case of multi-level signatures, the recurrence score (HR

2.07, 95%CI 1.12e3.85), Sorlie (HR 2.02, 95%CI 1.15e3.55), Hu

(HR 2.17, 95%CI 1.31e3.60) and Parker (HR 2.22, 95%CI

1.35e3.67) provided superior prognostic information to that

given by Ki67 (Table 2).

We then extended our head to head bivariate analysis to

include Ki67 cutoffs identified by all methods, and compare

them to all gene expression signature groupings, again with
BCSS as endpoint (Supplementary Table S9). In general, Ki67

cutoffs performed consistently well against binary but not

multi-level gene expression signatures. The exception to this

was the Ki20 cutoff, which was out-performed by all signa-

tures (Supplementary Table S9, far right column).

Taken together, these results show that the tested binary

gene expression signatures classify breast cancer patients

into similar good/poor prognosis groups as Ki67 alone. Howev-

er, the recurrence score, Sorlie, Hu and Parker signatures

appear to provide prognostic information that is different to

that given by Ki67 alone.

3.4. High similarity of classification between Ki67 and
gene expression signatures in a validation cohort

Next, we sought to validate our findings in a second clinical

cohort of 159 breast cancer patients (referred to as the

http://dx.doi.org/10.1016/j.molonc.2014.02.007
http://dx.doi.org/10.1016/j.molonc.2014.02.007
http://dx.doi.org/10.1016/j.molonc.2014.02.007


Table 2 e Cox uni- and bivariate analyses, BCSS endpoint, hazard
ratio (HR) and 95% conf. interval (CI), Uppsala.

Covariate Separate
models HRs (CI)

Combined
model HRs (CI)

Genomic grade index 2.03 (1.27e3.25) 1.57 (0.84e2.90)

Ki 67 � 15 1.93 (1.21e3.09) 1.46 (0.79e2.70)

70-gene signature 1.96 (1.21e3.17) 1.50 (0.84e2.68)

Ki 67 � 11 2.04 (1.24e3.34) 1.61 (0.89e2.94)

P53 signature 1.79 (1.10e2.92) 1.21 (0.64e2.28)

Ki 67 � 16 1.84 (1.15e2.95) 1.66 (0.90e3.08)

Recurrence scorea 2.57 (1.43e4.62) 2.07 (1.12e3.85)

Ki 67 � 12 2.09 (1.28e3.41) 1.66 (0.99e2.79)

Molecular subtype (Sorlie)b 2.38 (1.39e4.08) 2.02 (1.15e3.55)

Ki 67 � 16 1.84 (1.15e2.95) 1.46 (0.89e2.40)

Molecular subtype (Hu)c 2.52 (1.57e4.06) 2.17 (1.31e3.60)

Ki 67 � 13 2.09 (1.29e3.38) 1.66 (1.00e2.76)

Molecular subtype (Parker)c 2.75 (1.72e4.42) 2.22 (1.35e3.67)

Ki 67 � 13 2.09 (1.29e3.38) 1.61 (0.97e2.68)

a Hazard ratio for high or intermediate recurrence score; low as

reference.

b Hazard ratio for luminal B subtype; others as reference.

c Hazard ratio for luminal B or HER2 subtype; others as reference.
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Stockholm cohort (Pawitan et al., 2005)). Patient characteris-

tics for this cohort in relation to ER and Ki67 ¼ 8% are shown

in Supplementary Tables 10 and 11 respectively.

Firstly, performing an identical analysis to that of the

Uppsala cohort, we noted the ability of both Ki67 and gene

expression signatures to separate breast cancer patients into

prognostically significant subgroups using KaplaneMeier

analysis (Supplementary Figure S2 and Supplementary Table

S12).

Secondly and similarly to the Uppsala cohort, tumors sepa-

rated into low- versus high-proliferating groups by Ki67

demonstrated an overlap with binary signatures that was

higher than that for the multi-level signatures (72e85% vs.

68e73% respectively, Table 3). Additionally, agreement be-

tween binary signatures and Ki67 was generally higher

(kappa ¼ 0.44 � 0.58) than for multi-level signatures

(kappa ¼ 0.31 � 0.49). All signature and Ki67 classifications

on a per patient basis for the Stockholm cohort are shown in

Supplementary Table S13. The percentage similarity between

Ki67 and gene signatures were slightly lower when consid-

ering ER-positive patients only, 64% for GGI, 69% for 70-gene

and 64% for the recurrence score (Supplementary Table 14).

Thirdly, employing as before Ki67 ROC cutoffs and related

signature groupings, we determined the prognostic capabil-

ities of Ki67 and signatures in both uni- and bivariate analysis.

For comparison, uni- and multivariate hazard ratios for

standard clinicopathological characteristics are shown in

Supplementary Tables S7 and S8. Whilst Ki67 was generally

significant in univariate analysis (Table 4, see “Separate

models HRs” column), it tended to be out-performed by gene

signatures in bivariate analysis (Table 4, “Combined model

HRs” column). Of note the hazard ratios for multi-level signa-

tures increased when Ki67 was included in a bivariate model

relative to their univariate values (Table 4, compare “Separate

models HRs” column to “Combined model HRs” column).

Fourthly, we compared all Ki67 cutoffs to all gene expres-

sion signatures in a head to head bivariate analysis. The most
competitive Ki67 cutoff in the Stockholm cohortwas 8, howev-

er in general, gene signatures performed consistently better

than Ki67 with the exception of the p53 (Supplementary

Table S15). Moreover, the highest hazard ratios were seen

amongst the multi-level gene expression signatures and

lowest among the binary signatures.

Taken together these results provide a similar picture to

that of the Uppsala cohort. Both KaplaneMeier and similarity

of classification analysis show that Ki67 and gene signatures

can classify patients into comparable good/poor prognosis

groups. In this instance however, the ability of Ki67 to

compete with binary signatures in a bivariate analysis was

lessened, potentially due to reduced patient numbers in com-

parison to the Uppsala cohort. Most notably, it was again

readily apparent that Ki67 cannot provide similar prognostic

information to that given by multi-level gene expression

signatures.
4. Discussion

In this study we have assessed whether Ki67 alone can

achieve similar classifications of tumors compared to gene

expression signatures, and whether Ki67-based classification

can compete with regards to prognostic capacity in cohorts

of 253 and 159 tumors with a median follow-up of 13 and

14.5 years, respectively. Our initial analysis in both cohorts

showed similarity in tumor classification by Ki67 and binary

gene expression signatures (GGI, 70-gene and p53). Moreover,

in the Uppsala cohort it was also not possible to demonstrate

that these signatures or Ki67 had superior prognostic capacity,

which is to be expected for highly correlated descriptions

(Vittinghoff and Stephen Shiboski Eric, 2009). Less similarity

in classificationwas observed betweenKi67 and themolecular

subtype signatures (Sorlie, Hu and Parker) in both cohorts, and

these signatures provided independent prognostic informa-

tion indicating their ability to delineate tumor groups with

good/poor prognosis better than Ki67 can alone.

It has been suggested that widespread adoption of Ki67 as a

prognostic indicator may have been hampered in part by poor

inter-observer or inter-laboratory reproducibility (Mengel

et al., 2002; Nielsen et al., 2012; Polley et al., 2013; Varga

et al., 2012) and linked to that, the large range of reported cut-

offs for assessing positivity of the protein (Dowsett et al., 2011)

(1%e28.6%).We addressed this by employing a broad approach

for determining relevant cutoffs, including literature- and

distribution-based as well as signature-reproducing threshold

values. Importantly, we did not include a Ki67 cutoff that

maximized prognostic capacity, thereby precluding a poten-

tial over-fit to the present data. Rather, and in consistency

with the aim of investigating if Ki67 can function in place of in-

dividual gene expression signatures, we tested each signature

against a Ki67 cutoff producing the most similar classification

of tumors, thereby avoiding a potential advantage over gene

signatures that have not been optimized for prognostic capac-

ity in the present data. For the multi-level signatures, cutoffs

most accurately reflecting signature prognostic capacity

were used: e.g. Uppsala cohort: Ki67 values were chosen to

best reflect low vs. high and intermediate designations for

the recurrence score; luminal B vs. all other for Sorlie; and

http://dx.doi.org/10.1016/j.molonc.2014.02.007
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Table 3 e Similarity in classification between Ki67 and prognostic gene signatures, Stockholm
cohort.
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luminal B or HER2-like vs. all other for Hu and Parker. These

groupings of levels were the ones that performed best in

both univariate and bivariate analyses.

Whilst others have employed alternative fixed Ki67 cutoffs

including 14% or 20% (Goldhirsch et al., 2009; Naoi et al., 2011a;

Toyoda et al., 2011), scrutinizing the particular choice of cutoff

in our data seems less important: for the range of tested cut-

offs in the Uppsala cohort (10%e20%), findings were largely

consistent. GGI and the 70-gene signature had significant HR

estimates in only one of these tests (when run against

Ki67� 20%), whereas the p53 signature HRs were never signif-

icantly different from Ki67 (Supplementary Table S9). In

contrast, the recurrence score (low vs. high and intermediate)

was associatedwith significantHRs regardless of cutoff,which

was also the case for Sorlie (Luminal B vs. other), Hu andParker

(both Luminal B or HER2 vs. other; Supplementary Table S9).”

Regarding future cutoff selection by researchers undertak-

ing Ki67 analysis (and in the interest of being explicit), it is

worth detailing performance of the values obtained in the

Uppsala dataset based on fitting a data distribution (16%),

choosing a median value (11%) and by literature review (10%,
20%). In general, no binary gene expression signatures were

significantly different to the 10, 11 and 16% cutoffs in a multi-

variate analysis. We therefore believe that in order to benefit

from the implementation of Ki67 in a clinical setting, individ-

ual labsmust conduct a study of how the protein is distributed

in their samples, and choose a reasonable median value.

Failing this, if the current lack of standardization in staining

procedures (Colozza et al., 2010) can be improved upon, a

cutoff of 10% would likely provide prognostically significant

results. In our study, we found the much-published cutoff of

20% (Naoi et al., 2011a, 2011b; Toyoda et al., 2011) to be a

poor indicator of prognosis, and as such would recommend

against its use unless it represented a median value of stain-

ing in a given laboratory.

It should be stressed that whilst we are comparing whether

Ki67 can provide similar prognostic information to gene

expression signatures, other routinely used prognostic

markers could also be taken in account. The ability of

existing biomarkers to identify the same subtypes of tumors

as gene signatures is a much-debated topic (Tang et al.,

2009). Numerous studies have successfully recapitulated

http://dx.doi.org/10.1016/j.molonc.2014.02.007
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Table 4 e Cox uni- and bivariate analyses, BCSS endpoint, hazard
ratio (HR) and 95% conf. interval (CI), Stockholm.

Covariate Separate models
HRs (CI)

Combined model
HRs (CI)

Genomic grade index 4.05 (2.06e8.00) 3.43 (1.43e8.30)

Ki 67 � 18 1.97 (0.92e4.18) 1.17 (0.52e2.67)

70-gene signature 4.61 (2.12e10.03) 3.70 (1.36e10.05)

Ki 67 � 8 3.20 (1.21e8.46) 1.75 (0.60e5.07)

P53 signature 1.88 (1.00e3.55) 0.92 (0.33e2.58)

Ki 67 � 28 2.45 (1.12e5.37) 2.57 (0.97e6.81)

Recurrence scorea 2.87 (1.43e5.75) 4.62 (1.67e12.74)

Ki 67 � 8 3.20 (1.21e8.46) 1.92 (0.70e5.30)

Molecular subtype (Sorlie)b 3.19 (1.65e6.14) 3.80 (1.57e9.21)

Ki 67 � 20 2.31 (1.08e4.92) 1.16 (0.49e2.74)

Molecular subtype (Hu)b 4.27 (2.12e8.58) 4.58 (1.81e11.58)

Ki 67 � 27 2.44 (1.13e5.27) 1.11 (0.47e2.60)

Molecular subtype (Parker)b 5.51 (2.43e12.49) 6.78 (2.38e19.33)

Ki 67 � 10 1.88 (0.84e4.19) 0.87 (0.37e2.05)

a Hazard ratio for high recurrence score; others as reference.

b Hazard ratio for luminal B/HER2 or basal subtypes; others as

reference.
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classification schemes that closely mimic gene expression

subtyping using markers such as the estrogen and progester-

one receptors, Her2, cytokeratins 5/6 and 18, and the epidermal

growth factor (Abd El-Rehim et al., 2005; Livasy et al., 2006;

Nielsen et al., 2010). The addition of Ki67 to standard markers

has previously enabled researchers to make the clinically

important discrimination between the luminal A and B sub-

types of breast cancer (Nielsen et al., 2010), and Ki67 is used

in some clinical settings to identify high-risk ERþ positive pa-

tients. However, we are only addressing the straight forward

question of which prognosticator is better in a head to head

comparison and as such have drawn our conclusions based

on Ki67 and gene expression alone. It could be argued that in-

clusion of additional biomarkers would strengthen the perfor-

mance of Ki67 as a prognostic tool against multi-level gene

signatures, but this was not our aim. Notably, when Chang

et al. performed such an analysis against one gene signature,

they found clinical factors and immunohistochemical stain-

ings (including Ki67) gave less prognostic information than

Parker (Cheang et al., 2009). Similarly, Dowsett et al. have

recently found the PAM50 risk of recurrence score (ROR) to pro-

vide more prognostic information than IHC4 (a recurrence risk

signature that utilizes ER/PR/HER2 and Ki67 protein expres-

sion) within a breast cancer subgroup of HER2-negative/node

negative patients (Dowsett et al., 2013).

Whilst we have focused on seven specific gene expression

signatures here, other signatures with relevance to routine

clinical practice could have been taken into account. Of partic-

ular note is the EndoPredict assay which is used to predict the

risk of late metastasis in breast cancer patients with ERþ,

HER2- disease (Dubsky et al., 2012). With regard to the poten-

tial of Ki67 to competewell against this assay, Varga et al. have

performed a direct comparison of the concordance between

Ki67 as a continuous variable and the EndoPredict (EP) score

in 34 hormone receptor positive invasive breast cancer pa-

tients (Varga et al., 2013). The author’s noted a moderate sta-

tistically significant correlation between Ki67 and the EP

score (Person correlation 0.55, p < 0.0001), but no correlation
between Ki67 and the EP clin score (defined as the EP score

combined with tumour size and nodal status) was found (Per-

son correlation 0.24, p < 0.16). Using the St. Gallen Ki67 cutoff

of 14% Dubsky et al. divided over 1000 patients into Luminal A

and B subtypes and noted that the EP clin score can readily

divide the patients of these subtypes into 2 additional groups

of patients with better and worse prognosis (Dubsky et al.,

2012). Similarly, Filipits et al. demonstrated the EP score pro-

vides independent prognostic information in a multivariate

analysis with standard clinicopathological variables including

Ki67 with a cutoff of 11% (Filipits et al., 2011). Taken together

these data suggest the EP clin score will likely perform better

than Ki67 alone for the prognosis of breast cancer patients,

but the performance of the EP score vs. Ki67 is less clear.

Other groups have also examined the relationship between

Ki67 and gene expression signatures, albeit in smaller cohorts,

and found similar findings to ours. Niikurra et al.demonstrated

a strong correlation between Ki67 expression as measured by

immunohistochemistry (IHC) and the GGI and recurrence

score signatures in 39 tumours, without adjusting for ER status

(Niikura et al., 2012). Using Ki67 IHC as a continuous variable,

Reyal et al. found a positive correlation between the protein

and GGI (Reyal et al., 2012). In the same study 69/78 genomic

grade 1 (GG1) tumours were classified as Ki67 low (cut-off

�20%) whilst 45/50 GG3 tumours were classified as Ki67 high

(<20%). In contrast, others have shown the ability of GGI to

outcompete Ki67 IHC (as a continuous variable) in a multivar-

iate analysis including 204 patients with a disease-free sur-

vival endpoint (Bertucci et al., 2012). Our study differs from

those aforementioned not only in the aspect that we employ

larger cohorts for our analysis, but also in that we implement

relevant Ki67 cut-offs and present a much broader analysis

including comparisons to 7 gene expression signatures.

Our analysis has also highlighted a subset of patients

where the same tumour sample is assigned to opposing prog-

nostic subgroups by gene expression signatures and Ki67. This

is most clearly demonstrated by the data in Supplementary

Tables 5 and 13 for the Uppsala and Stockholm cohorts

respectively. One plausible explanation for opposing classifi-

cations of the same sample, is that as only a small fraction

of a tumour sample is sectioned for immunohistochemistry

(as little as 4e5 mm for formalin fixed, paraffin-embedded ma-

terial), high numbers of Ki67 positive cells present only at the

invasive tumour edge could easily be missed. Similarly, sam-

pleswith high levels of Ki67 expression at the invasive tumour

front but lower levels in bulk of the tumour body could be clas-

sified as good prognosis by gene expression signatures as the

proliferative signal is drowned-out by shear number of low/

slowly proliferating cells.

One potential limitation of this study is that all of the sig-

natures were applied to gene expression data from a single

platform (Affymetrix). Whilst this makes the different signa-

ture classifications highly comparable within our datasets,

they are not routinely run on this platform in a clinical setting.

Take for example the recurrence score, commercially known

as Oncotype DX� (Geomic Health, Redwood City, CA). This

test is based on a 21 gene (qRT)-PCR assay where five genes

are used for normalization and another sixteen cancer-

related genes are used for tumour classification. Despite the

strong correlation between microarray and qRT-PCR data

http://dx.doi.org/10.1016/j.molonc.2014.02.007
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(Morey et al., 2006), it is plausible that had all tumour samples

been run on the commercial Oncotype DX� assay, 100% agree-

ment with classifications derived from the microarray data

may not have been achieved. In general though, we are confi-

dent that the trends seen in the RS, GGI, 70-gene and PAM50

classifications within our cohorts are highly reproducible

and are on the whole representative of their commercial

counterparts.

The future of individual patient prognostication may

encompass a combination of established (ER, PR, HER2/neu

and Ki67) and new biomarkers, or mRNA derived signatures

describing similar tumor subtypes. Quantification possibil-

ities, reproducibility, and user-independence probably favors

the latter, whereas pathologists and clinicians may prefer

established markers until very substantial data demon-

strating at least non-inferiority for gene expression profiles

are presented. The drawback to current pathological ap-

proaches is their reliance on techniques requiring ocular

interpretation, thereby introducing problems with inter-

observer stability. Whilst the current trend towards digital pa-

thology and automated image analysis systems (Klimowicz

et al., 2012; Tobin et al., 2012) may alleviate these issues,

gene expression markers appear to be more technically reli-

able and reproducible, particularly after normalization proto-

cols. Regardless of technology, the biological heterogeneity of

breast cancer seems to warrant a degree of complexity in

these descriptions. Simple binary classifications designating

tumors as either good or bad appear overly simplistic and offer

limited improvement over a simple proliferation-based

marker such as Ki67.

In conclusion, we have found minimal added prognostic

value of binary proliferation-related gene signatures for

Ki67-assessed breast cancers. In contrast, multi-level descrip-

tions display a greater ability to pinpoint the short- and long

term outcome heterogeneity in breast cancer, adding further

credibility to their use as a routine clinical diagnostic tool.
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