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ABSTRACT
Purpose: A key clinical challenge in prostate cancer is the identification and validation of biomarkers with high specificity for 
indolent long‐term outcomes. We applied a novel statistical method to identify tumor transcriptomic biomarkers that optimally 
predicted patients with low metastatic potential.
Methods: Using tumor whole‐transcriptome data from the Health Professionals Follow‐up Study (HPFS, discovery set) and 
Physicians' Health Study (PHS, validation set), we compared patients who died of prostate cancer or developed metastases 
(“lethal,” n = 113) and patients with > 8 years of metastasis‐free survival (“indolent,” n = 291). Whole transcriptome tumor 
gene expression data were generated using an Affymetrix array. We applied a novel method for optimizing a partial area under 
the curve (pAUC) that up‐weighted indolent cases with a predefined 80%–100% specificity. This method leverages weighted 
logistic lasso regression, with weights chosen via cross‐validation to reduce overfitting.
Results: Median age at cancer diagnosis was 66 years; median follow‐up for outcomes was 14 years. We identified a 40‐gene 
transcriptome signature of indolent prostate cancer, which, compared to Gleason grade groups, improved the pAUC over the 
predefined 80%–100% specificity range by 1.72‐fold (p < 0.001) and improved overall AUC from 0.85 to 0.93 (p < 0.001). The 
signature improved positive predictive value for indolent tumors > 2‐fold with minimal decrease in negative predictive value. 
Importantly, the 40‐gene signature showed high discrimination among intermediate Gleason 7 tumors (Grade groups 2 and 3, 
AUC 0.88, 95% CI: 0.79–0.95).
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Conclusion: Incorporating pAUC into prognostic signature development improved identification of prostate tumors with low 
risk of metastatic potential. Its clinical application may help reduce overtreatment and overdiagnosis of indolent prostate 
cancers, and the pAUC may be relevant beyond prostate cancer.

1 | Introduction 

Prostate cancer is a malignancy of two extremes. On the one 
hand, it is the second leading cause of cancer mortality among 
men in the United States, leading to 35,770 estimated deaths in 
2025. On the other, there is a large pool of prostate cancers 
detected by screening with prostate‐specific antigen (PSA) 
which would likely not have presented symptomatically over a 
person's lifetime. It is estimated that 45 million American men 
have undiagnosed prostate cancer [1], and that two‐thirds or 
more of screen‐detected prostate cancers are overdiagnosed and 
overtreated [2]. If a low‐risk prostate cancer is diagnosed, active 
surveillance may be the most appropriate course of action [3]. 
However, many such patients are treated with radical prosta
tectomy or radiation [4], resulting in unnecessary side effects, 
detriments to quality of life, and increased health care costs.

Prognostic information at diagnosis has the potential to help 
guide treatment decisions for men with prostate cancer. Stan
dard clinical tools for risk stratification include PSA level, 
Gleason grade group (tumor grade), and clinical stage, which 
have appreciable sensitivity for detecting aggressive prostate 
cancers; however, their specificity for indolent disease is low 
[5]. An expanding collection of tissue biomarkers has been 
proposed [6] to supplement clinical factors in identifying 
aggressive prostate cancer.

Most prior work has focused on identification of markers for 
aggressive or lethal prostate cancer. In contrast, we sought to 
prioritize the identification of a tumor molecular signature that 
accurately predicts indolent prostate cancer, and to do so above 
and beyond the information provided by Gleason grade group.

2 | Materials and Methods 

2.1 | Participant Selection 

This study is nested within two nationwide studies, the Health 
Professionals Follow‐up Study (HPFS) and Physicians' Health 
Study (PHS). HPFS is a prospective cohort of 51,529 US male 
health professionals initiated in 1986. The PHS I and II were 
randomized trials of aspirin and supplements among 29,069 US 
male physicians in the primary prevention of cardiovascular 
disease and cancer. The methods for follow‐up, prostate cancer 
confirmation, and mortality outcomes are similar in the cohorts 
and have previously been described [7–9].

We assembled a prostate tumor biobank of archival formalin‐ 
fixed, paraffin‐embedded (FFPE) prostate tumor tissue sections 
obtained clinically from radical prostatectomy (91% in the 
present study) or transurethral resection of the prostate (9%) 
from patients with incident prostate cancer in the cohorts 
[10–11]. Thus, the majority of patients in this study underwent 
curative‐intent surgery, and the specificity of a biomarker for 
indolent tumors will tend to be underestimated (see 
Discussion).

For this gene expression profiling study, we undertook a case‐ 
control design with cumulative incidence sampling among eli
gible participants with available tumor tissue [12, 13]. Lethal 
cases were prostate cancer patients who were diagnosed with or 
developed distant metastases from prostate cancer or died of 
their cancer at any time during follow‐up through 2012. Indo
lent controls were men who survived at least 8 years after their 
cancer diagnosis and did not have evidence of metastases dur
ing follow‐up. Given the long natural history of prostate cancer 
and to avoid misclassification of the outcome, we selected a 
minimum of 8 years to give adequate follow‐up for a metastatic 
event to occur. Lethal cases and controls were not matched on 
any clinical or demographic factors to avoid overmatching. 
Ultimately, 404 prostate cancer patients were sampled for the 
transcriptomic analysis. The case‐control study within HPFS, 
our training set, included 254 men who were diagnosed with 
prostate cancer between 1986 and 2004, 83 of whom experi
enced a lethal event over a median follow‐up of 13.7 years (IQR 
10.1–16.1, Table 1). The case‐control study within PHS, our 
validation dataset, included 150 men with prostate cancer oc
curring between 1982 and 2005, among whom 30 had a meta
static event or died from prostate cancer over a median follow‐ 
up of 14.4 years (IQR 11.5–18.0). Study pathologists completed a 
standardized re‐review of histopathology, including Gleason 
grade groups.

2.2 | RNA Expression Profiling and Data  
Pre‐Processing 

Gene expression profiling of RNA extracted from tumor speci
mens paired whole transcriptome amplification with micro
array technologies that performed well on FFPE tissue [14]. Our 
previous publication [12] provides details on RNA extraction 
with the Agencourt FormaPure FFPE kit (Beckman Coulter, 
Brea, CA), amplification using the WT‐Ovation FFPE System 
V2 (NuGEN, San Carlos, CA), and microarray hybridization 
using a GeneChip Human Gene 1.0 ST microarray (Affymetrix, 
Santa Clara, CA), using the RMA method [15, 16]. Gene symbol 
mapping was done using Bioconductor annotation package 
pd.hugene.1.0.st.v1 [17]. Gene expression data are available 
through Gene Expression Omnibus (accession number 
GSE79021). For model building, feature filtering criteria were 
chosen through stratified 10‐fold cross‐validation in the training 
data. This strategy retained markers expressed at a level of 4.37 
or higher in at least 80% of the training samples, reducing 
33,297 measured features to 4377 non‐control features for 
analysis.

2.3 | Statistical Analysis 

Because of its larger sample size, the case‐control set within 
HPFS was used as training dataset for signature discovery and 
prognostic model building. Our principal aim was to identify 
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patients, with reasonable confidence, who could be managed 
with active surveillance because of a high probability of indolent 
disease. As such, our goal in marker selection was to discover a 
set of markers that, when combined with Gleason grade groups, 
would prioritize a high specificity of at least 80% while main
taining high sensitivity for lethal disease. By prioritizing accurate 
classification of indolent prostate cancers, this approach stands in 
contrast to more common strategies that aim to optimize the 
overall area under the curve (AUC), a measure that can be high 
even when many indolent cancers are misclassified [18]. We 
therefore maximized a partial area under the curve (pAUC) 
[18, 19] using a novel statistical method which is based on 
weighted lasso logistic regression [20]. We chose the pAUC using 
a specificity for indolent disease of 80%; this value was pre
specified to meet the important clinical needs to reduce the 
number of false negatives of missing a lethal prostate cancer 
while maintaining sensitivity. Briefly, our method selects and 
combines markers to optimize pAUC by up‐weighting patients 
with indolent disease in the training data, with the number of 
markers and weights chosen through cross‐validation.

In the primary validation analysis, regression coefficients esti
mated from the HPFS were applied to the PHS marker data to 
obtain predicted risks of lethal disease. Two regression models 
were of interest: the first was a logistic regression that included 
Gleason grade groups alone (categorical, 6 (grade group 1), 
3 + 4 (grade group 2), 4 + 3 (grade group 3), 8–10 (grade groups 
4 and 5)), while the second was the logistic lasso that included 
both Gleason grade groups and 40 selected markers. Confidence 
intervals for the pAUC of each model and their pAUC differ
ence were calculated with 5000 bootstrap resamples. The same 

approach was used to test for statistical significance of the dif
ference. As a secondary analysis, the full AUC was tested for 
improvement and confidence intervals were calculated [21].

We also created a simplified signature score using a sign‐ 
averaging method [22]. This technique considers only signs, not 
coefficients per marker, which allows comparing signatures 
when coefficients are unavailable or may not transport to a 
different study population. This method adds or subtracts 
standardized marker values in the validation data based on 
whether their marginal association with lethal prostate cancer 
in the training data is positive or negative, respectively. Thus, 
large values of the score imply many poor prognostic features.

Marker values were averaged when gene symbols mapped to 
more than one feature. Logistic regression models that included 
Gleason grade groups and the signature score were fit in the 
HPFS for each signature, including our own, and external 
performance was assessed in the PHS. All analyses were con
ducted using R version 3.1.1. Partial AUC statistics were cal
culated using the pROC package [23] and lasso logistic 
regressions were estimated using the glmnet [24] package for R.

The research was approved by institutional review boards at 
Harvard T.H. Chan School of Public Health and Brigham and 
Women's Hospital, and those of participating registries as 
required. Participants provided written informed consent.

3 | Results 

There were 254 prostate cancer patients in the HPFS training 
set and 150 in the PHS validation set (Table 1). Median age was 

TABLE 1 | Characteristics of prostate cancer patients with tumor gene expression profiling data in the training set from the Health Professionals 
Follow‐up Study (HPFS, 1986–2004) and in the validation set from the Physicians' Health Study (PHS, 1982–2005).

HPFS PHS

N 254 150
Years of cancer diagnosis 1986–2004 1982–2005
Age at diagnosis – median (Q1–Q3), years 66.0 (62.0–70.0) 65.9 (61.7–69.5)
Lethal events – n (%) 83 (33) 30 (20)
Years of follow‐up – median (Q1–Q3) 13.7 (10.1–16.1) 14.4 (11.5–18.0)
Gleason grade groups – n (%)

Grade group 1 (6) 24 (9) 33 (22)
Grade group 2 (3 + 4) 91 (36) 48 (32)
Grade group 3 (4 + 3) 74 (29) 28 (19)
Grade groups 4, 5 (8–10) 65 (26) 41 (27)

Clinical TNM stage – n (%)
T1/T2 N0/Nx M0/Mx 214 (84) 136 (91)
T3 N0/Nx M0/Mx 21 (8) 6 (4)
T4/N1/M1 14 (6) 6 (4)

Prostate‐specific antigen, ng/mL – n (%)
0–4 24 (9) 17 (11)
4–10 117 (46) 79 (53)
10–20 43 (17) 20 (13)
> 20 28 (11) 13 (9)

Tissue from prostatectomy – n (%) 236 (93) 133 (89)
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66 years at diagnosis. Although there was a slightly higher 
proportion of low grade, low stage tumors in the PHS case‐ 
control set, the two samples were generally similar across 
clinical characteristics.

Optimization of pAUC with weighted lasso logistic regression in 
the HPFS training set selected 40 genes (Table 2). When the 
coefficients estimated from the training set were applied to the 
validation data of the PHS set, pAUC was significantly im
proved by 1.72‐fold, from 0.082 (95% CI: 0.053–0.118) with 
Gleason grade groups alone to 0.141 (95% CI: 0.109–0.171; 
p < 0.001 for difference) when Gleason grade group was com
bined with the 40‐gene set (Figure 1). The signature showed 
accuracy with high specificity over the highlighted pAUC range. 
The largest possible value for the chosen pAUC would be 0.20 
given our specificity threshold of 80% (0%–20% false negative).

The full AUC was improved from 0.847 (95% CI: 0.786–0.908) 
with Gleason alone to 0.932 (95% CI: 0.891–0.973) with the 
addition of the signature (p < 0.001 for difference; Figure 1). 
Sensitivity remained at 80% with a specificity of 91%, and 
dropped to 70% with a specificity of 94%. When considering the 
signature using more transportable signs (Table 2) instead of 
coefficients, the gene set score was able to discriminate indolent 
from lethal cancer with an AUC of 0.835 (95% CI: 0.754–0.916) 
and, when combined with Gleason, produced a pAUC of 0.116 
(95% CI: 0.081–0.150) in the validation set.

The sign‐averaged 40‐gene signature score discriminated 
between indolent and lethal prostate cancer across patients with 
different Gleason grade groups (Figure 2). When the PHS set 
was restricted to men with the intermediate‐risk Gleason score 

7 (grade groups 3 and 4), our signature had substantial dis
criminatory value with an AUC of 0.879 (95% CI: 0.786–0.954).

4 | Discussion 

Using a novel analytic strategy and a unique prostate cancer 
population with long‐term and complete follow‐up, we identified a 
40‐gene signature that improved the specificity of Gleason scoring 
to distinguish indolent from lethal prostate cancers. Of note, the 
signature performed well among Gleason grade groups 3 and 4 
(Gleason score 7) cancers, for which risk prediction is particularly 
challenging. Because most diagnosed prostate cancers in current 
practice are slow growing or indolent, even slight improvements in 
prognostic test specificity can lead to substantial gains in positive 
predictive value (PPV) and enhance clinical utility.

Developing candidate signatures that improve prognostication 
beyond what is known from clinicopathological factors has 
been challenging [6, 25–27]. Inadequate long‐term follow‐up 
may drive subpar model robustness or necessitate the use of 
surrogate outcomes such as biochemical recurrence. We aimed 
to overcome these barriers by directly considering the 
sensitivity‐specificity balance in our training approach and by 
testing and validating the signature with respect to lethal dis
ease. The transcriptomic data were assayed in HPFS and PHS 
together, reducing differences in biomarker measurement error 
between the test and validation sets. To enhance the potential 
that this signature would perform well in other transcriptomics 
datasets, we also tested the signature using more transportable 
signs showing good prognostic measures.

TABLE 2 | The top 40 genes identified in the training set from the Health Professionals Follow‐up Study (HPFS), ranked by order of coefficient 
magnitude. Sign indicates the direction of association between gene expression and lethal prostate cancer.

Rank Gene Location Sign Rank Gene Location Sign

1 MT3 16q13 — 21 ENSG00000207091 15q14 —
2 POLR2E 19p13 — 22 FAM156A Xp11 +
3 KRTAP5‐7 11q13 + 23 ASB16 17q21 —
4 CHD3 17p13 — 24 MTDH 8q22 +
5 VAMP2 17p13 — 25 GAB1 4q31 —
6 RNY4P8 17q21 — 26 ENSG00000244469 22q13 —
7 SMARCE1 17q21 + 27 PTMS 12p13 —
8 NUDT16L1 16p13 — 28 AZGP1 7q22 —
9 ENSG00000201868 1p34 — 29 DDX19B 16q22 —
10 WAC 10p12 — 30 ENSG00000240384 1q21 —
11 LSM14B 20q13 + 31 UBAP2L 1q21 +
12 TPT1 13q14 — 32 RELA 11q13 +
13 IGFBP6 12q13 + 33 SLC44A2 19p13 —
14 CYB5D1 17p13 — 34 GATAD2B 1q21 +
15 WTAP 6q25–q27 — 35 HMOX2 16p13 —
16 FOXK2 17q25 + 36 ZNF154 19q13 +
17 FOS 14q24 — 37 FAM36A 1q44 +
18 SNX5 20p11 + 38 LASP1 17q11–q21 +
19 SFRP1 8p11 — 39 SRSF11 1p31 —
20 LOC388428 17q25 + 40 SPECC1L 22q11 —
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Interestingly, although changes in full AUC were not our pri
mary analytic focus, our signature was also able to improve the 
overall discriminatory performance of Gleason grade group in 
both the training and validation sets. This observation suggests 
that discovery efforts focusing on the relatively stable bio
markers in the indolent subtype compared to potentially mul
tiple aggressive subtypes [28] may enjoy broader discriminatory 
power. Another consideration with our approach is the inter
pretation of the pAUC results as a function of setting the 

specificity of the models. For example, there would be an 
increase in specificity from the signature if one fixed the spec
ificity to be that of Gleason grade groups 4 and 5 (score > 7), 
and likewise the impact on the signature if one fixed the sen
sitivity to be the same as Gleason> 7.

As an illustrative example of the signature's impact, suppose we 
chose to stratify patients with Gleason score 7 or higher (grade 
groups 2–5) as likely lethal, and those with 6 (grade group 1) as 

FIGURE 1 | Receiver operating curves (ROC) for models with Gleason grade groups alone (A) vs. the model that combines Gleason grade groups 
and the 40 selected genes (B), in the Physicians' Health Study (PHS) validation data. Partial area under the curve (AUC) over specificity range [0.80, 
1.00] is highlighted. [Color figure can be viewed at wileyonlinelibrary.com] 

FIGURE 2 | Distribution of the sign‐averaged signature score in lethal and indolent cancers in the validation set from the Physician' Health 
Study (PHS), stratified by Gleason grade groups. No lethal events were observed among Gleason grade group 1 (Gleason 6) tumors. [Color figure can 
be viewed at wileyonlinelibrary.com] 
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likely indolent. In the PHS validation data, this approach would 
have a sensitivity of 1.00 (as all lethal events occurred in the 
Gleason grade groups 2 or higher group) and a specificity of 0.28 
(as there were many false positives). Thus, this binarization of 
Gleason can be viewed as a highly sensitive marker. By contrast, 
the addition of our signature maintained a specificity of 0.80 
with a sensitivity of 0.90. Now, we can apply our results and 
examine the potential impact, assuming two estimates for the 
cumulative incidence of lethal cancer between 10 and 15 years 
of follow‐up from randomized trials of radical prostatectomy vs. 
watchful waiting [3, 29]. In a prostatectomy arm, the risk of 
lethal cancer may be as low as 5.8%, while in a watchful waiting 
cohort, it may reach 20.7%. With these values, Gleason grade 
group alone would have PPVs of 7.9% (prostatectomy) and 26.6% 
(watchful waiting) and NPVs of 100% (both settings). Our sig
nature classifier would have PPVs of 21.7% (prostatectomy) and 
54.0% (watchful waiting) and NPVs of 99.2% (prostatectomy) and 
96.8% (watchful waiting). The increase in correct classifications 
with the gene signature is substantial, although the tradeoff with 
regards to the added false negatives for lethal tumors compared 
to Gleason grade group alone is apparent. Further studies that 
elucidate clinically appropriate scoring cutoffs to best balance 
sensitivity and specificity, ideally incorporating patient prefer
ences, would be necessary prior to widespread clinical adoption.

The duration and completeness of clinical follow‐up from the 
two independent cohorts in this study provide a considerable 
strength. The long‐term study period permits the use of lethal 
disease as an endpoint, rather than a surrogate such as bio
chemical recurrence. However, as a result, the included patients 
may have a somewhat higher‐risk disease than that diagnosed 
today, especially among those in our underlying cohorts diag
nosed prior to the introduction of PSA screening. This limita
tion is less of a concern in that our signature is designed to 
target accuracy for non‐lethal patients, which represents the 
majority of diagnosed prostate cancer patients in the United 
States. Further strengths of our study include the use of a val
idated mRNA expression profiling platform for FFPE tissues 
[14] and a standardized histopathological re‐review of all tumor 
samples. The central re‐review helped set a high benchmark 
with Gleason scores that outperformed locally assigned scores 
[30]. Put differently, the sensitivity of routine Gleason scores 
may be lower than in our data. For example, we did not observe 
lethal events among Gleason score 6 cancers, and this case 
distribution would likely differ with biopsy specimens prior to 
pathologic upgrading [31].

One potential limitation of the study is the use of data derived 
from prostatectomy tumor specimens to derive the indolent 
signature. Some men in this study who were treated with rad
ical prostatectomy were cured from lethal tumors that would 
have metastasized if left untreated: “category B” patients as per 
our “ABC model” for prostate cancer biomarkers [32] or the 
“exposure preventive” response type of causal effects in in
dividuals [33]. The result is a likely decrease in the measurable 
specificity of our classifier and an underestimate of the prog
nostic value of our signature. Ideally, the signature would be 
validated on prostate biopsy specimens in cohorts with decades 
long follow‐up. While the prevalence of such individuals in our 
study population is unknowable [32, 33], trials of radical pros
tatectomy vs. watchful waiting/active surveillance indicate that 
on the absolute scale, the proportion of men who benefit from 

treatment is small for intermediate and low‐risk disease [3, 29]. 
Our gene expression analyses were conducted in a research 
setting, although we undertook best laboratory practices, and 
found high reproducibility of transcriptomics in technical rep
licates [14]. Whether the validity of the signature holds in the 
context of platforms outside of the Affymetrix arrays will need 
to be examined. Moreover, to facilitate clinical translation, 
biomarker panels conducted in CLIA certified settings will be 
needed to ensure accurate test results to patients.

Collectively, we show the application of methodology that cre
ates a prognostic model with high specificity for indolent dis
ease. Applied in a post‐prostatectomy setting, as in ours, such a 
model may be useful in helping address fears of cancer recur
rence despite therapy. Further work is needed to validate the 
specific markers identified here, and other models developed in 
recent years, across additional prospective trials. In particular, if 
evaluated in prostate biopsy cohorts of men undergoing active 
surveillance with long‐term follow‐up for lethal disease, such 
models may help identify men who can avoid immediate 
treatment and safely and confidently be managed with a low 
intensity active surveillance program, such as MRI alone, with a 
very low risk of progression to needing treatment. More gen
erally, our work showcases the potential value of an explicit 
focus on indolent disease during development of prognostic 
biomarkers in prostate cancer and perhaps in other cancer 
entities. Our methodology, or other developments focusing on 
pAUC optimization [34], may be useful in that regard.
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