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A B S T R A C T

A common aim of clinical research is the identification of patients at different prognosis, so

that future treatment protocols may be tailored to patients’ risk profiles. Establishing a

prognostic classification is a difficult process, especially in rare cancers: the availability

of a growing number of candidate prognostic factors may lead to competitive stratifica-

tions, whose validation may not be feasible due to small numbers and the need for a long

follow-up. Our goal is to illustrate a strategy to compare stratifications, based on the perfor-

mance in clinically relevant subgroups of patients. We investigated different statistical

measures and recommend a strategy based on the Brier Score, a measure of prediction

inaccuracy on individual survival. Results on an infant leukaemia study show that this

method is flexible and easily applied with common statistical software. The method, how-

ever, does not overcome the problem of lack of validation on external data.

� 2009 Elsevier Ltd. All rights reserved.
1. Introduction

A common aim of clinical research is the identification of pa-

tients at different prognosis, so that future treatment proto-

cols may be tailored to patients’ risk profiles. These profiles

are defined on the basis of suitable prognostic factors, i.e. pa-

tients’ features able to explain the heterogeneity in outcome.

From a practical point of view, few risk groups are desirable,

as each of them is assigned a different treatment protocol.

Moreover, it is important that the prognostic classification

provides the greatest discrimination in outcome and that it

is validated and possibly calibrated on new data, independent

of those used in its development.

Various techniques are available to assess prognostic clas-

sifications, for example, measures of discrimination or inac-
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curacy.1–3 Methodology has been intensively studied,

especially to address validation problems. In practice, a

case-by-case approach is desirable because each method

has different properties and drawbacks. We focus here on a

peculiar problem that arises in rare cancers, where typically

the small number of patients involved needs to be followed-

up for a long period before outcome can be evaluated. In this

context, the prognostic analysis is run under two major con-

straints: (1) the limited information and (2) the (possibly) large

number of candidate prognostic factors, originated by

expanding biological knowledge (e.g. when biomarkers and

gene expression profiling are added to established prognostic

factors). The joint analysis of potential factors may therefore

result in alternative stratifications with similar prognostic

discrimination ability. Since in this context a proper external
.
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validation step is unfeasible in most of the cases, we consider

the assessment of competitive stratifications by means of the

same data on which they were derived. We take into account

diverse methods. From the clinical point of view, the most

valuable assessment is based on the prediction accuracy at

the patient level, evaluated by contrasting the observed indi-

vidual survival with the predicted one. We therefore adopt

this approach and investigate the performance of prognostic

classifications by using appropriate decompositions of the

Brier Score, a well-known inaccuracy measure that has previ-

ously been applied to other settings.4

2. Patients and methods

2.1. The motivating example

We illustrate the problem with data from Interfant-99, an

international multi-centre study in infant Acute Lymphoblas-

tic Leukaemia (ALL), described elsewhere.5 Four hundred and

eighty two infants aged 0–12 months with newly diagnosed

ALL were enrolled in the study between 1999 and 2005 and

followed-up until December 2006. Median follow-up was

about 4 years, ranging between one month and 7.5 years.

The cumulative proportion of censored patients at 6 months,

1, 1.5 and 2 years is 1%, 1%, 5% and 8%, respectively. One of

the aims of this study was the joint assessment of many can-

didate prognostic factors, i.e. status of the MLL gene (rear-

ranged or not), age at diagnosis, white blood cell (WBC)

count at presentation, immunophenotype and early response

to Prednisone. The primary end-point was the event-free sur-

vival (EFS) defined as the time from diagnosis till one of the

following events: early failure (resistance or death), relapse,

death in complete remission, second malignancy. The joint

analysis of all five candidate prognostic factors was based

on 374 patients with complete data and aimed at the identifi-

cation of three risk groups. Two extreme and ideally small

groups, the Low Risk (LR) and High Risk (HR) groups with very

good and very bad prognosis, respectively, and a large,

remaining group, the Intermediate Risk (IR) group. This choice

was dictated by the clinical purpose of defining a rule for

treatment allocation of future patients. The analysis led to

two alternative stratifications: investigation on possible mod-

el refinements did not result in a clear indication as to which

classification to recommend for a new clinical protocol.

Both stratifications were identified as a three-variable rule,

comprising MLL gene status, age at diagnosis and either WBC

count at diagnosis or early response to Prednisone (see Table

1). Both these latter two variables actually convey information

on the disease burden. WBC measures it at diagnosis, while

the early response to Prednisone represents the residual dis-

ease after 1 week of treatment with Prednisone, a consoli-

dated pre-chemotherapy course in most treatment protocols

in childhood leukaemia. In detail, while the LR stratum was

common to both stratifications, HR and IR patients had con-

flicting definitions. Nonetheless, the distributions of subjects

and events among strata were very similar and as a conse-

quence, only in the HR group the Kaplan–Meier EFS estimates

showed some marked difference (Fig. 1). However, by cross-

tabulating the stratifications we could clearly identify two

subsets of patients which were classified at a different risk
depending on the stratification (see Table 1). If, for instance,

we focus on the subgroup of 30 patients at HR for Stratifica-

tion 1 and at IR for Stratification 2, the predicted EFS assigned

at the individual level is represented by the HR solid line and

by the IR dashed line, respectively (Fig. 1). As HR patients

qualify for a more intensive (and possibly more toxic) treat-

ment than IR patients do, this makes quite a difference in

practice and deserves deep investigation into the stratifica-

tions’ performance within subgroups.

2.2. Statistical methods

A number of measures of predictive accuracy are available in

the literature, including the Harrell’s C-index,1 indexes of

prognostic separation, such as SEP, and, more recently, the

D-index3 and measures of inaccuracy at the individual level,

for instance, the Brier Score.2 In what follows, we focus on

the application of the C-index and of the Brier Score which,

as discussed later, seems more appropriate to our aim.

We assume that the following data have been recorded for

each subject: (1) the time-to-event or survival time (if no event

is observed, patient is censored at last follow-up) and (2) the

risk stratum according to a given classification rule. For exam-

ple, if the rule is based on the Cox regression model, the risk

strata are derived from the linear combination of the prognos-

tic factors (the linear predictor), while in other contexts, such

as the classification and regression tree (CART) analysis, stra-

ta are simply defined by indicator functions based on the se-

lected covariates.

We consider a scenario in which the classification rule can

only be evaluated by using the same dataset that was used to

construct it. The resulting over-optimism that affects the esti-

mates of the C-index and the Brier Score can be corrected by

applying bootstrap methods. Bootstrap is also used here for

the computation of the confidence intervals for the Brier

Score.1,2

2.2.1. The Harrell’s C-index
The idea behind this measure is the comparison between

ranks of predicted and observed survival times. Given a pair

of subjects (i, l), such that i fails while l is still event-free and

assuming separation between predicted survival curves

(‘one-to-one correspondence’ between predicted times and

predicted survival functions, see6), the C-index may be de-

fined as the conditional probability that i, who failed before

l, is assigned a lower predicted survival than l is, for any

time-point. The estimation of this quantity is commonly

computed as the ratio of the number of pairs in which the

rank of predicted survival functions equals that of survival

times, over the number of pairs for which the underlying sur-

vival times can be ranked, i.e. for which the shortest time is

an event time. Couples of subjects who are assigned the same

predicted survival (tied pairs) cannot be ordered and are

therefore assigned a conventional 0.5 weight.

2.2.2. The Brier Score
The Brier Score evaluates the prediction error at the individ-

ual level. For any subject i, i = 1, . . . ,n assigned to risk stratum

j, the observed survival status at a given time-point t (say 0 if

failure, 1 if survivor) is compared to the predicted survival at t.



Table 1 – Number of patients (number of events) by two competitive prognostic stratifications and corresponding risk
groups.

Stratification 1 Stratification 2

LR IR HR Total

MLL negative Otherwise MLL positive and
Age < 6 months and
Poor PDN response

LR MLL negative 78 (18) 0 0 78 (18)

IR otherwise 0 200 (105) 24 (21) 224 (126)

HR MLL positive and age < 6 months

and WBC P 300,000

0 30 (23) 42 (33) 72 (56)

Total 78 (18) 230 (128) 66 (54) 374 (200)

Abbreviations: LR = Low Risk, IR = Intermediate Risk, HR = High Risk, WBC = White Blood Cell count (cells per ll), and PDN = Prednisone. MLL

negative means MLL gene not rearranged, whereas positive means rearranged. Poor Prednisone response is defined as a blast count of 1000

cells per ll or more, after 7 days of therapy.

Fig. 1 – Stratum-specific Kaplan–Meier EFS predictions

under Stratification 1 (solid-line curves) and Stratification 2

(dashed-line curves). Prediction in LR is represented by one

curve only, because LR is the same for both stratifications.

Abbreviations: LR = Low Risk, IR = Intermediate Risk, and

HR = High Risk.
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In practice, the Brier Score is estimated by computing the

quadratic difference between observed and predicted survival

(the individual error, ERi) and taking the average over all

patients

BSðtÞ ¼ 1
n

Xn

i¼1

ERi: ð1Þ

Computation of ERi for patients censored before t is not pos-

sible, because their survival status at t is unknown by defini-

tion. To account for censoring in (1), the ERi components are

therefore weighted by a multiplicative factor corresponding

to the inverse probability of censoring. Consider, for instance,

ERi for patients who failed before t. The weighting is such

that, the lower the probability of being under observation at
least up to t, the bigger the weight assigned to ERi, so that this

also accounts for patients who could have been observed to

fail within t, if they had not been censored before.

As the Brier Score is estimated with the sample mean

error (1), the prediction inaccuracy due to subgroups can be

easily isolated by writing the score as a weighted mean of

mean errors in subgroups. For example, if g risk strata are

defined, and the Brier Score for patients assigned to each

stratum j is denoted by BSjðtÞ, j = 1, . . . ,g, we can write

BSðtÞ ¼ 1
n

Pg
j¼1njBSjðtÞ, with n ¼

Pg
j¼1nj. The decomposition iso-

lating groups of patients classified in different risk strata

depending on the stratification adopted can be used to com-

pare the performance of different prognostic models on the

same data.

The Brier Score results can be further illustrated by means

of a measure of explained residual variation, which contrasts

the Brier Score obtained when the indistinct prediction BS0ðtÞ
is assumed for all strata (e.g. the overall estimated Kaplan–

Meier survival), with the Brier Score resulting from the model

R2ðtÞ ¼ BS0ðtÞ � BSðtÞ
BS0ðtÞ

: ð2Þ

This can be interpreted as the gain in accuracy which is

achieved when the indistinct prediction is replaced by the

stratum-specific, covariate-driven predicted survival.

3. Results

Findings illustrated in this section are obtained applying the

sbrier and rcoor.cens functions available in R (ipred and

Hmisc package, respectively) and some ad-hoc written rou-

tines to the competitive stratifications described in Section

2.1.7

3.1. The Harrell’s C-index

For both candidate prognostic models in infant ALL, we calcu-

lated the Harrell’s C-index and its 95% bootstrap confidence

interval by taking B = 1000 samples from the original dataset.

C was equal to 0.679 (95% CI 0.624–0.735) for Stratification 1

and equal to 0.676 (95% CI 0.618–0.734) for Stratification 2.
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Results were almost overlapping, indicating that the two clas-

sification schemes are nearly indistinguishable in their prog-

nostic discrimination ability when this is measured by the C-

index.

3.2. The Brier Score

Brier Score estimates, calculated according to (1) at clinically

relevant time-points t, are shown in Fig. 2 for the two prog-

nostic models in infant ALL and for the overall Kaplan–Meier

EFS. Bootstrap confidence intervals are again obtained by tak-

ing B = 1000 samples from the original dataset. Each model

actually shows a more accurate prediction than the overall

EFS, but Stratification 2 seems to perform consistently better

than Stratification 1 across all time-points. Moreover, predic-

tion is more accurate at early time-points, even when the

indistinct prediction is used. As a result, the explained varia-

tion R2ðtÞ increases with time and is consistently higher under

Stratification 2 as compared to Stratification 1. R2ðtÞ varies

from 4.5% (95% CI 0.2–9.1) at t = 0.5 years to 15.5% (95% CI

9.2–21.7) at t = 2 under Stratification 1, and from 5.7% (95%

CI 0.6–10.8) at t = 0.5 to 16.1% (95% CI 9.4–22.8) at t = 2 under

Stratification 2.

These findings provide only a partial answer to the initial

questions, as they give no insight into the performance of

the competitive stratifications in the two subsets in which

they conflict (see Table 1). In order to clarify this aspect, we

calculate a decomposition of the overall Brier Score. We con-

sider three major components: BSCON ðtÞ, the error contributed

by 320 patients who are classified in the same strata irrespec-

tive of the prognostic model; BS30DISðtÞ, the error due to the 30

patients who are classified at HR under Stratification 1 but at

IR under Stratification 2 and finally BS24DISðtÞ, the error due to

the remaining 24 patients discordantly classified at IR under

Stratification 1 and at HR under Stratification 2. The Brier
Fig. 2 – 95% Bootstrap confidence interval estimates BSðtÞ at

time-points t = 0.5, 1, 1.5 and 2 years from diagnosis, for

Stratification 1 (circles), Stratification 2 (triangles) and for the

indistinct prediction with the overall Kaplan–Meier EFS

estimate (BS0ðtÞ, represented by squares).
Score on the overall 374 patients may then be written as

follows:

BSðtÞ ¼ 1
374
½320BSCONðtÞ þ 30BS30DISðtÞ þ 24BS24DISðtÞ�:

For instance, at t = 1 year, BS30DISðtÞ was equal to 0.261 and

0.276 under Stratification 1 and 2, respectively, showing a

slightly better performance under Stratification 1 that classi-

fies these 30 patients at HR. On the contrary, BS24DISðtÞ was

0.328 and 0.208 under Stratification 1 and 2, respectively, indi-

cating that Stratification 2 achieves in this case a more accu-

rate prediction. Notice, however, that Stratification 2 allocates

the 24 patients to the HR stratum. In conclusion, for both sub-

sets in which the models give conflicting classifications, the

better prediction seems to be ensured by assignment to HR.

We calculated this partition at other clinically relevant t,

obtaining similar results over time.

Pushing this reasoning further, one may therefore end up

with a new stratification proposal in which the HR stratum

is defined as a combination of the two alternative HR strata:

MLL gene rearrangement and age <6 months and (poor Predni-

sone response and/or WBC P300,000 cells per ll). LR stratum

would remain unchanged, while IR would again be defined

as the complementary stratum. If this New Stratification is

adopted, the EFS predictions and their accuracy by Brier Score

compare to the corresponding quantity for the initial models

as shown in Fig. 3 (see grey solid line curve in left-hand graph

and grey squares in right-hand graph, respectively). Predic-

tions based on the New Stratification seem to be at least as

accurate as those originally available and superior at late

time-points.

4. Discussion

In this paper, we illustrated commonly used measures for

comparison of prognostic models. Our motivating example

on infant ALL introduced a non-standard problem. Existing

data led to two competitive, apparently equivalent prognostic

classification schemes that could not be validated on new

data, but were rather the only evidence which future treat-

ments could be based on. Such situations may frequently

arise in clinical research in small populations or in rare dis-

eases. From the statistical point of view, when a prognostic

model is fitted and the measure of discrimination or inaccu-

racy is calculated on the same data, it is expected that this

gives an overoptimistic evaluation of the model’s perfor-

mance. To account for this, it is possible to apply a bootstrap

resampling technique that results in corrected measures. We

recognise, however, that definitive results may only be

achieved by external validation.

We first explored the use of measures of separation, in par-

ticular the Harrell’s C-index that in our application gave

inconclusive results. This is not completely unexpected, as

both candidate models offer a prognostic classification that

is based on few (three) strata and thus induces a high occur-

rence of ties. In practice, ties between predictions within pairs

prevent the required ranking, which can only be approxi-

mated with a conventional weight in the formula. Of course,

the more frequent the ties, the less meaningful the value at-

tained by the index. Impracticability of these within pair com-



Fig. 3 – Left-hand graph: stratum-specific Kaplan–Meier EFS predictions under Stratification 1 (black solid line), Stratification 2

(black dashed line) and Stratification New (grey solid line). Right-hand graph: 95% bootstrap confidence interval estimates

BSðtÞ at time-points t = 0.5, 1, 1.5 and 2 years from diagnosis, for Stratification 1 (circles), Stratification 2 (triangles) and

Stratification New (grey squares). Abbreviations: LR, Low Risk; IR, Intermediate Risk; HR, High Risk.
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parisons is the crucial weakness of the method in these type

of applications, because it does not allow the analysis of the

model’s performance within subsets of patients with conflict-

ing stratifications. In addition, censored survival times give

only a partial contribution to the C-index, that is when cen-

soring does not prevent the times ranking within the couple.

However, no formal adjustment for censoring is available in

the literature; this deserves further methodological work.

Other measures of discrimination, namely SEP and D-in-

dex, were applied but proved unable to detect any difference

in the performance of the two stratifications. In our opinion,

these unsatisfactory results (not reported) reflect the drawback

already found for the Harrell’s C-index applied in the context of

few risk strata and assessment of individual predictions.

For these reasons, we turned our attention to a measure of

inaccuracy of predictions at the individual level, the Brier

Score. This is estimated with an overall mean prediction error;

therefore, it can be decomposed to gain additional insight into

contributions due to individuals or relevant subgroups. Inves-

tigation into the model’s performance can in fact be custom-

ised to the appropriate detail. In our case, this allowed

adjustment of the original classification strategy, leading to a

final proposal. An important advantage of this methodology

is that computations are promptly performed with routines

available in widely used statistical packages. As for other mea-

sures of inaccuracy, it is difficult to interpret the calculated

absolute values of the Brier Score and, as a consequence, of

the explained variation R2, since the ‘maximum attainable’ le-

vel is not easily obtained. However, relative comparisons

among stratifications are feasible and, in our data, both R2

and the Brier Score showed the same tendency, at any time-

point. A complete picture over time could be gained by calcu-

lating the integrated Brier Score,2 although in practice interest

is frequently confined to clinically relevant time-points.

It could be argued that the problem of selection between

candidate models could also have been solved within the

model development framework. For example, the analysis

with a Cox model, possibly refined with interaction terms,
could have clarified the impact of candidate factors on prog-

nosis, eventually leading to a ‘final’ model. Apart from consid-

ering that in applied clinical research the aim is at defining

interpretable and applicable classification rules, it is well-

known that even very strong prognostic factors may provide

a limited predictive ability.8 In addition, the need to define a

parsimonious prognostic classification often produces alter-

natives that have very similar performance. Model develop-

ment and evaluation of predictive performance seem

therefore to respond to different questions. In our opinion,

as establishing a prognostic classification is a complicated

multi-step process, both of them should be rigorously investi-

gated, especially when the crucial stage of validation is pre-

vented by the peculiarities of the clinical context.
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