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Aim: Several recently developed frameworks aim to assess the value of cancer treatments, 
but the most appropriate metrics remain uncertain. Methods: We use data from the 
Patient Access to Cancer care Excellence Continuous Innovation Indicators to examine the 
relationship between hazard ratios (HRs) from clinical trials and dynamic therapeutic value 
accumulating over time. Results: Our analysis shows that HRs from initial clinical trials poorly 
predict the eventual therapeutic value of cancer treatments. Conclusion: Relying strongly 
on HRs from registration trials to predict the long-term success of treatments leaves a lot 
of the variance unexplained. The Continuous Innovation Indicators offer a complementing, 
dynamic method to track the therapeutic value of cancer treatments and continuously 
update value assessments as additional evidence accumulates.
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Concerns about increased healthcare costs and the ability to pay for meaningful health improve-
ments have fueled discussions about value in healthcare. Various organizations have responded 
by developing value frameworks to assess the relative benefits of therapeutic interventions. These 
frameworks typically assess new treatments at the time of launch based on data from initial reg-
istration trials and other available information. Some of these frameworks rely mainly on hazard 
ratios (HRs) of primary end points from registration trials, because these measures often provide 
the only available estimate of efficacy. However, the extent to which HRs from initial trials predict 
future value of new therapies is unclear. Moreover, while current value frameworks provide a good 
initial basis for conceptualizing value, they are not designed to consider value across the lifecycle 
of a treatment, and they inadequately account for patient preferences.

Several examples of published case studies attempt to quantify value dynamically. Among these 
is the application of Garrison and Veenstra’s dynamic lifecycle model to trastuzumab to calculate 
annual incremental cost–effectiveness ratios (ICERs) for two indications: metastatic breast cancer 
and adjuvant treatment for early breast cancer [1]. That model demonstrated a decrease over time 
in ICERs for the combined indications. Similarly, Lu et al. conducted an analysis of the dynamic 
cost–effectiveness of docetaxel and paclitaxel as new indications arose and patents expired [2]. They 
concluded, “One direction for future research might be to create a predictive tool that estimates the 
predicted long-term dynamic ICER for a specific drug at product launch. … All these sources of 
information can be used together to predict the probability of different events over a drug’s life cycle.”
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We herein offer one tool to support such 
dynamic assessments: the PACE Continuous 
Innovation Indicators (CII), a publicly acces-
sible policy tool to track and quantify evidence 
for increased survival achieved by treatments for 
12 solid cancer types. To date, we have screened 
more than 12,000 publications and analyzed 
and curated pieces of evidence from approxi-
mately 3000 abstracts and full text articles. The 
CII allows for dynamic adjustments of thera-
peutic value – defined as published evidence 
for improved overall survival (OS) – based on 
specific indications. Based on scientific evidence 
rather than clinical guidelines, the CII is not 
meant to directly inform individual treatment 
decisions or be used by patients to guide their 
own care. It is intended to support multiple 
stakeholders – including physicians, patient 
advocates, health services researchers, health 
economists, payer representatives and others – 
who seek to determine the value of oncology 
treatments, track progress, identify unmet needs, 
assess new health technologies and shape health-
care policies and systems. The CII also does not 
include any information on cost, although it can 
be combined with data from other sources to 
derive estimates of ‘value for money’.

We present several examples of progress to 
date against cancer. We then show that measures 
proposed to serve as indicators of clinical value – 
that is, HRs for OS reported from clinical trials 
– are poor predictors of long-term gains. Finally, 
we offer several examples of how CII data can 
support dynamic assessments of the value of new 
and continuing interventions in oncology.

Methods
The detailed methodology underlying the PACE 
CII data capture and visualization process has 
been published previously [3]. The tool is freely 
available online [4].

The PACE Dynamic Value Matrix (Figure 1) is 
a visual framework that enables users to assign 
weights to different treatment goals and to 
obtain a quantitative measure of progress. Each 
circle represents a unique treatment, and all 
treatments are classified by the disease state and 
treatment goal to which they are applied.

We include all treatments that have shown 
evidence for increased OS in at least one pub-
lished study (Figure 2A). We also include infor-
mation about regulatory approval dates in our 
database, which allows us to track new evidence 
in relation to market access. As such, treatments 

that are approved based on surrogate end points 
and later show evidence of survival are repre-
sented in the database. If a treatment shows evi-
dence for increased survival in different disease 
states or for different treatment goals over time, 
it occurs in multiple rows of the database and is 
plotted multiple times on the matrix.

The CII incorporates abstracted data from 
published literature, including Phase I and III 
clinical trials, observational studies, system-
atic reviews and meta-analyses. Each reference 
is parsed into one or more ‘pieces of evidence’ 
that reflects a single comparison of OS outcomes 
between two treatment arms. Thus, a three-arm 
clinical trial would produce at least two pieces 
of evidence. Each piece of evidence contains 
the experimental treatment name, OS statis-
tics, treatment context (defined by the PACE 
Dynamic Value Matrix), subgroup requirements 
and other relevant information.

Figure 2B shows how the PACE CII calculates 
the Evidence Score (E-Score), a quantitative 
measure of progress over time that is a func-
tion of treatment goal (indication) achieved 
for a given disease state; “pieces of evidence” 
(i.e., findings for a particular health outcome) 
in support of each treatment goal achieved; and 
strength of each piece of evidence (based on trial 
or other study design). That is, an E-Score is the 
sum of the number of pieces of evidence support-
ing a treatment times the weight assigned to each 
type of study (e.g., randomized controlled trial, 
meta-analysis) that generated each piece of evi-
dence times the weight assigned to each indica-
tion achieved by that treatment (matrix squares). 
On the interactive website, users can assign their 
own value weights to the different squares on 
the PACE Dynamic Value Matrix. Although the 
CII systematically records information about 
effect size, these measures are not factored into 
the E-Score algorithm, because they are not 
always comparable across the different designs 
of studies within the database.

The database also captures negative study 
results, although they generally have no effect 
on E-Scores. This is because negative results do 
not represent negative progress – in fact, negative 
results often provide important scientific lessons 
that advance future research. Nonetheless, it is 
important that false-positive data do not inflate 
E-Scores. Thus, if a study is refuted by later evi-
dence, such as a pivotal Phase III trial or meta-
analysis, the CII excludes the earlier evidence in 
all analyses from E-Score calculations without 
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Figure 1. The Patient Access to Cancer care Excellence Dynamic Value Matrix. Each circle 
represents a unique treatment. Treatments are classified by the disease state (right axis) and 
treatment goal (left axis) to which they are applied. Color indicates the treatment modality. Color 
intensity indicates the strength of the evidence supporting the treatment, where darker circles 
represent treatments supported by a greater number of pieces of evidence. Combination treatments 
are shown as clusters of circles. The size of circles denotes whether the treatment is currently offered 
to only a few patients (small), to most patients (medium) or to essentially all patients (large) with a 
given indication.
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deleting the initial record from the database. 
The earlier evidence can be revisited later in the 
context of new evidence. This mechanism allows 
for systematic tracking of evidence as it emerges 
while ensuring that false-positive results do not 
inflate E-Scores.

Statistical analyses were performed using R 
(version 3.3.1) by fitting linear models to dates, 
E-Scores and HRs downloaded from the public 
PACE CII database after eliminating one out-
lier (defined as lying more than four standard 
deviations above the mean). To study the effect 
of HRs on E-Scores while accounting for the 
effect of the publication year, we first fitted a 

linear model to capture the effect of time on 
the E-Scores and then fitted a second linear 
model to the residuals of the time∼E-Score 
linear model, that is, the unexplained part of 
the variance. We performed these analyses both 
for the first HRs reported for each treatment 
and for the best HRs, as detailed in the results 
below.

All data used in this study have been down-
loaded from the PACE CII public database, a 
resource sponsored by Lilly Oncology. Charts 
used in the dynamic value figures have been 
generated on the PACE CII ‘Approval Date 
Analysis’ tab.
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Figure 2. Schematic of Evidence Score Calculation. (A) Depicts the CII process for selecting 
evidence for inclusion on the PACE Dynamic Value Matrix and in E-Score calculations. Green check 
marks indicate studies with statistically significant evidence for overall survival in a preplanned 
analysis. (B) Provides the E-Score calculation algorithm and an illustrative example. 
CII: Continuous Innovation Indicator; E-Score: Evidence Score; PACE: Patient Access to Cancer care 
Excellence.
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Results
●● Most evidence for increased OS is 

obtained after approval
Most treatments that are current standards of 
care in cancer have been substantiated with 
evidence that accumulated after their initial 
regulatory approval. A review of evidence of all 
systemic treatments across the database shows 
that most of the bodies of evidence for increased 
OS were obtained after the treatments were 
introduced into clinical practice (Figure 3).

The peri-approval period in Figure 3 spans 
from 2 years prior to the approval year until 
2 years after the approval year to account for 
possible delays in publishing evidence in con-
junction with the approval process. Pre-approval 
and postapproval evidence is gathered before and 
after that period. The chart on the left shows that 
many treatments gain evidence for increased OS 
after the approval. The chart on the right shows 
that this effect is most prominent for breast, 
colorectal and non-small-cell lung cancers.



2257

Fi
gu

re
 3

. C
on

tr
ib

ut
io

n 
of

 e
vi

de
nc

e 
fo

r i
nc

re
as

ed
 o

ve
ra

ll 
su

rv
iv

al
 b

y 
pe

ri
od

 re
la

ti
ve

 to
 th

e 
ap

pr
ov

al
 d

at
e.

 
N

SC
LC

: N
on

-s
m

al
l-c

el
l l

un
g 

ca
nc

er
.

12
0

10
0 80 60

E-score

40 20 0

P
re

-a
pp

ro
va

l
P

er
i-a

pp
ro

va
l

E
-s

co
re

s 
b

y 
tr

ea
tm

en
t

E
-s

co
re

s 
b

y 
ca

n
ce

r 
ty

p
e

P
os

t-
ap

pr
ov

al
P

re
-a

pp
ro

va
l

P
er

i-a
pp

ro
va

l
P

os
t-

ap
pr

ov
al

12
0

10
0

P
ro

st
at

e

M
el

an
om

a

B
re

as
t

P
an

cr
ea

s

N
S

C
LC

G
as

tr
ic

T
es

tic
ul

ar

C
ol

or
ec

ta
l

R
en

al
80 60 40 20 0

Dynamic value assessments in oncology supported by the PACE CIIs  Research Article

future science group www.futuremedicine.com



Future Oncol. (2017) 13(25)2258

Figure 4. Value path examples. Treatment (A) gains substantial additional value after approval. 
Treatment (B) accumulates evidence more slowly. Treatment (C) remains at a static level. Initial 
evidence for treatment (D) is later refuted.
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The columns on the left show a substantial 
variability between different treatments: some 
treatments (e.g.,  yellow blocks) show little 
additional evidence over time, whereas others 
(e.g.,  brown blocks) continue to accumulate 
substantial amounts of evidence. To assess value 
dynamically, we would want to be able to predict 
which treatments continue to be successful and 
increase in value, and which do not.

Figure 4 illustrates this challenge schemati-
cally. At the time of approval (first black mile-
stone), we would like to know how the treatment 
will fare over time. Will it continue to grow in 
value rapidly (Figure 4A), more slowly and with 
greater intervals between new pieces of evidence 
(Figure 4B) or not at all (Figure 4C), or will existing 
evidence later be refuted (Figure 4D)? Current, 
static value frameworks essentially treat all new 
treatments as if they followed path (Figure 4C): 
the assessment is solely based on the first evi-
dence at approval without accounting for future 
potential increases in value.

●● HRs from clinical trials poorly predict the 
dynamic evolution of therapeutic value
How well do HRs predict a treatment’s total clin-
ical value over time? Results from linear model 
fitting analyses are shown in Figure 5. Figure 5A 
shows that there is no correlation between the 
first HRs retrieved from the database and the 
ultimate E-Scores as measures of dynamic, 
cumulative therapeutic value. There is a trend 
toward a weak correlation in Figure 5B, when we 
select the best HR for each treatment (instead 

of the first one). As one would expect, there is a 
highly significant correlation between the time 
of the first reported HR in the database and 
the total E-Score, simply because longer-known 
treatments had more chances to increase their 
score (Figure 5C). We can adjust for this effect 
and re-test the hypotheses from Figures 5A & 5B 
after accounting for time. Results from the 
analysis of the first HR reached significance 
(p  <  0.01; R2 =  0.09), and results from the 
best-ever HR analysis also reached significance 
(p < 0.01; Figure 5C), albeit with an R2 of 0.07, 
indicating only a weak correlation. It is, there-
fore, not possible to know from the HR of OS 
in the first trial alone which of the treatments 
will eventually be supported by a robust body 
of published evidence.

●● What other measures can assist to predict 
future value?
Value assessment should be dynamic, based on 
the recognition that ongoing drug development 
and evidence generation reduce uncertainty. 
The CII can help to develop such dynamic value 
estimates.

As is evident from Figure 6 portraying cumula-
tive E-Scores of five treatment classes over time, 
a static value assessment derived from the first 
trial of any of these treatment classes (red ellipse) 
showing evidence for efficacy in OS would far 
under-represent the impact of the treatment as 
demonstrated in subsequent trials. Green triangles 
indicate dynamic value assessments that account 
for the accumulation of evidence over time.
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Figure 6. Dynamic value assessments with the Patient Access to Cancer care Excellence 
Continuous Innovation Indicators.
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A review of the evidence accumulation since 
the time of approval shows that different classes 
of treatment experience different patterns of evi-
dence accumulation. Monoclonal antibodies, 
which are a relatively recent addition to cancer 
care, are usually first tested in the palliative setting 
in patients with prognoses for short survival. As a 
group, monoclonal antibodies have accumulated 
evidence faster than any other treatment class 
in the database. Thus, when new, similar, treat-
ments enter clinical practice, we can anticipate 
that their E-Scores – and potential value to clini-
cians, patients and others – could change in clini-
cally meaningful ways over time, and that their 
evidence milestones might evolve accordingly.

Taxanes, another important class of thera-
pies for many solid tumors, have accumulated 
substantial evidence for OS. However, in 
part because these treatments were initially 
approved based on surrogate outcomes and 
are often used in the adjuvant context, it has 
taken many years since their approval to accu-
mulate the evidence (blue arrow in Figure 6) 
used today to inform clinical decisions and 
policies. When determining the value of simi-
lar treatments (e.g., adjuvant agents for early-
stage breast cancer), we might expect similar 

delays in the accumulation of evidence and 
should consider setting our expectations and 
milestones accordingly.

Although platinum compounds are a long-
standing class of therapies in oncology, they 
continue to accumulate clinically relevant evi-
dence. This includes an expanding set of cancer 
care indications. Decision makers should con-
sider how value can change along similarly long 
timelines of evidence development for poten-
tially multiple indications. Such benefits can 
extend beyond, or arise after, market exclusivity 
periods.

Pyrimidine analogs have shown recent evi-
dence for improvement in survival, more than 
three decades after their initial approval. A 
newer class, aromatase inhibitors, has had less 
time to accumulate evidence for increased OS.

The green triangles can be projected and 
adjusted based on the above considerations 
for new treatments entering the market. The 
slopes of the hypotenuses can inform Bayesian 
models that require a prior estimate of future 
value developments. The timing and spacing of 
historic evidence can be used to set milestones 
after which the dynamic assessment of value is 
updated and revised.
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Discussion
Several currently prominent value frameworks 
rely partly or entirely on HRs from early trials, 
often the registration trial for the drug [5–9]. As 
described above, this approach poorly predicts 
findings of subsequent evidence accumulation. 
The focus on HRs from clinical trials is further 
complicated by the ‘efficacy–effectiveness gap’, 
the commonly observed discrepancy between 
clinical trial results and the performance of a 
treatment in real-world practice  [10]. For well-
documented reasons – including healthcare sys-
tem characteristics, clinical trial measurement 
methods and complex interactions between 
a drug’s biological effect and contextual fac-
tors – clinical trials do not always predict real-
world outcomes [11]. Results obtained in formal 
trials can over- or underestimate real-world 
effectiveness.

Of course, HRs are attractive because they are 
readily available for statistical modeling. Here 
we show how alternative sources of data can be 
added to develop experience-based value mod-
els. The extensive expansion over the past three 
decades in the evidence base for cancer thera-
peutics enables a systematic approach to apply 
this evidence to inform future value estimates.

●● Dynamic value assessments based on the 
CII
The Institute for Clinical and Economic Review 
acknowledged the importance of contextual 
considerations and ‘[other] benefits or disadvan-
tages’ of treatments when assessing their value. 
Recently, Institute for Clinical and Economic 
Review proposed use of a voting procedure to 
score a specified set of benefits or disadvan-
tages and consideration of context to adjust a 
threshold ICER for a single value-based price 
benchmark  [12]. The CII also provides relevant 
quantitative measures, enabling insights that may 
not be captured by a cost–effectiveness analysis 
conducted at a given point in time. The CII can 
be used in various ways to anticipate or project 
potential value improvements and to dynamically 
assess value of new treatments. For example:

●● Inspect the PACE Dynamic Value Matrix 
entry square for a new treatment. What other 
treatments are there? How long did it take for 
those treatments to produce OS evidence? 
Calculate a median year to expect OS data.

●● Assess the unmet needs. Are treatments avail-
able in the ‘A’ square of the respective matrix? 

Are other needs unmet (e.g., adjuvant [square 
‘J’ on the matrix])? Adjust projected value 
estimates based on unmet needs.

●● Calculate the likelihood (based on prior data 
of treatments with similar characteristics; the 
slope of the E-Score can be adapted for this 
purpose) that the new treatment, alone or in 
combination with other treatments, will show 
value in additional squares. How might the 
new treatment fit into treatment goal paths 
that connect several elements across the 
matrix? Adjust the estimate based on the like-
lihood of these events based on historical 
comparisons as shown in Figure 6.

Based on the results above, determine an 
initial value estimate and set milestones, after 
which this assessment can be updated with new 
evidence. Patent and market exclusivity periods 
would also need to be considered during this 
process, because the introduction of generic 
competition can change the course of evidence 
generation and often results in lower prices, 
which may affect assessments of overall value.

●● Limitations of our method
In this analysis, we use E-Scores from the PACE 
CII as proxies for cumulative therapeutic value. 
These scores are based in part on numeric 
weights assigned to the PACE Dynamic Value 
Matrix squares by an expert panel. Others may 
assign different values, and therefore, our online 
tool allows users to explore the possible effects of 
differing weighting schemes.

Our model further assumes that users are 
willing to accept trade-offs between the value 
of treatments responding to urgent unmet needs 
and the strength of supporting evidence. For 
example, a treatment on a ‘lower’ matrix position 
must provide stronger evidence to obtain the 
same E-score as a treatment placed in a higher 
square. Whether such trade-offs are adequate or 
necessary is a matter of debate in the field [13]. 
These considerations are very complex, and often 
there may not be a ‘correct’ answer but different 
answers based on cultural, personal and other 
contextual differences. We do not try to elimi-
nate these differences but provide a platform for 
users to assess the effects of such differences on 
value assessments.

Our tool does not include calculations of cost 
but is meant to assist users to better define the 
numerator in the frequently cited equation of 
Value = Outcomes/Cost by better understanding 
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SUMMARY POINTS
Value frameworks have emerged as prominent tools to evaluate cancer treatments, but their metrics remain 
unvalidated

●● 	The value of a cancer treatment is dynamic and multidimensional. It is difficult to quantify in a single summary 
measure applicable to all patients.

●● 	Although different frameworks adopt various approaches to assess value, they mainly rely on hazard ratios (HRs) from 
initial clinical trials to determine value.

●● 	The most appropriate value assessment methods remain uncertain.

Study objectives

●● 	We sought to test the validity of value assessments based on HRs of overall survival from initial clinical trials.

●● 	The Patient Access to Cancer care Excellence Continuous Innovation Indicators (CII) is a unique data resource for 
systematic analyses of overall survival data for hundreds of treatments across modalities and allows for tracking of 
progress over time.

●● 	The CII is freely available through an interactive online interface.

●● 	We analyzed data from the Patient Access to Cancer care Excellence CII, using evidence scores as proxies of 
accumulated treatment value over time, to test for correlation between HRs from clinical trial and overall treatment 
value.

Results

●● 	We found that HRs of overall survival from the initial clinical trials only explain a small share of the variance in long-
term value of cancer treatments.

●● 	There was a weak correlation between HRs and future value, indicating that the most valuable treatments tend to 
show extraordinary effect sizes at some point during their lifetime.

Conclusion

●● 	Our finding that HRs from clinical trials poorly predict the long-term, dynamic therapeutic value of cancer treatments 
challenges current efforts to summarize value using static, standardized rubrics.

●● 	The CII provides a supplementary, evidence-based, dynamic approach to assess the value of new and existing 
treatments, project their potential future value, and continuously update value estimates as additional evidence 
accumulates.

●● 	We encourage researchers to use the CII database to support their own analyses, including cost–effectiveness models 
and economic analyses of cancer care.

the dynamic development of therapeutic use of 
new treatments. We do not intend to replace, but 
complement existing frameworks with our data.

Another important limitation of our tool is 
that it includes only evidence of improvements 
in OS. Other factors, such as quality of life, are 
clearly important in defining therapeutic value. 
The CII may include such measures in the future, 
and value assessments should draw on additional 
sources of information in order to comprehen-
sively assess the clinical value of treatments.

●● Patient voice is critical
Any value assessment tool must consider foremost 
the outcomes that matter to patients. The current 
CII tool is based on scientific evidence only and is 
not intended to guide or inform clinical decisions. 

However, this Value Matrix does offer certain 
dynamic advantages that could be used to com-
plement other frameworks. The PACE Dynamic 
Value Matrix could, therefore, be adapted for 
patient–provider use and could become useful in 
discussing treatment options with patients, for 
example to answer the following:

●● When the patient begins a treatment regimen, 
where is it located on the matrix?

●● What treatments are available? What is the 
goal of each treatment?

●● How confident are we that the treatment 
works?

●● How does each treatment compare with other 
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