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Abstract
: Precision medicine is the Holy Grail of interventions that areBackground

tailored to a patient’s individual characteristics. However, the conventional
design of randomized trials assumes that each individual benefits by the same
amount.

: We reviewed parallel trials with quantitative outcomes published inMethods
2004, 2007, 2010 and 2013. We collected baseline and final standard
deviations of the main outcome. We assessed homoscedasticity by comparing
the outcome variability between treated and control arms.

: The review provided 208 articles with enough information to conductResults
the analysis. At the end of the study, 113 (54%, 95% CI 47 to 61%) papers find
less variability in the treated arm. The adjusted point estimate of the mean ratio
(treated to control group) of the outcome variances is 0.89 (95% CI 0.81 to
0.97).

: Some variance inflation was observed in just 1 out of 6Conclusions
interventions, suggesting the need for further eligibility criteria to tailor precision
medicine. Surprisingly, the variance was more often smaller in the intervention
group, suggesting, if anything, a reduced role for precision medicine.
 Homoscedasticity is a useful tool for assessing whether or not the premise of
constant effect is reasonable.
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Introduction
The idea behind precision medicine is to develop prevention  
and treatment strategies that take into account individual  
characteristics. With this strong endorsement “The prospect of 
applying this concept broadly has been dramatically improved 
by recent developments in large-scale biologic databases (such 
as the human genome sequence), powerful methods for charac-
terizing patients (such as proteomics, metabolomics, genomics, 
diverse cellular assays, and mobile health technology), and com-
putational tools for analyzing large sets of data.”, US President  
Obama launched the Precision Medicine initiative in 2015 to  
capitalize on these developments1,2. However, we are not  
convinced that this is a sensible idea.

Variability of a clinical trial outcome measure should inter-
est researchers because it conveys important information about 
whether there is a need for precision medicine. Does variance 
come only from unpredictable and ineluctable sources of patient  
variability? Or should it also be attributed to a different treatment 
effect that requires more precise prescription rules3–5? Research-
ers assess treatment effect modifications (“interactions”) among 
subgroups based on relevant variables. The main problem with 
that methodology is that, by the usual standards of classical phase 
III trial, the stratification factors must be known in advance and 
be measurable. This in turn implies that when new variables are 
discovered and introduced into the causal path, new clinical  
trials are needed. Fortunately, one observable consequence of a 
constant effect is that the treatment will not affect variability, and  
therefore the outcome variances in both arms should be equal 
(“homoscedasticity”). If this homoscedasticity holds, there 
is no need to repeat the clinical trial once a new possible effect  
modifier becomes measurable.

Nevertheless, the fundamental problem of causal inference is 
that for each patient in a parallel group trial, we can know the  
response for only one of the interventions. That is, we observe  
their response to either the new Treatment or to the Control, but 
not both. By experimentally controlling unknown confounders  
through randomization, a clinical trial may estimate the aver-
aged causal effect. In order to translate this population estimate 
into effects for individual patients, additional assumptions are 
needed. We try to elucidate whether the comparison of observed 
variances may shed some light on the non-observable individual 
treatment effect. See examples and references that illustrate in  
their interpretation in Figure 16–15.

The assumption that the average effect equals the single unit  
effect underlies the rationale behind the usual sample size  
calculation, where only a single effect is specified. As an exam-
ple, the 10 clinical trials published in the Trials Journal in  
October 2017 (see Supplementary File 1 : Table S1) were designed 
under this scenario of a fixed, constant or unique effect in the  
sample size calculation.

Our objectives were, first, to compare the variability of the main 
outcome between different arms in clinical trials published in 
medical journals and, second, to provide a first, rough estimate of 
the proportion of studies that could potentially benefit from preci-
sion medicine. As sensitivity analysis, we explore the changes in 

the experimental arm’s variability over time (from baseline to the 
end of the study). We also fit a random effect model to the out-
come variance ratio in order to isolate studies with a variance ratio  
outside their expected random variability values (heterogeneity).

Methods
Population
Our target population was parallel randomized clinical trials  
with quantitative outcomes. Trials needed to provide enough  
information to assess two homoscedasticity assumptions in the  
primary endpoint: between arms at trial end; and baseline to  
outcome over time in the treated arm. Therefore, baseline and final 
SDs for the main outcome were necessary or, failing that, at least 
one measure that would allow us to calculate them (variances, 
standard errors or mean confidence intervals).

Data collection
Articles on parallel clinical trials from the years 2004, 2007, 2010 
and 2013 were selected from the Medline database with the fol-
lowing criteria: “AB (clinical trial* AND random*) AND AB  
(change OR evolution OR (difference AND baseline)” [The 
word “difference” was paired with “baseline” because the initial  
purpose of the data collection, subsequently modified, was to  
estimate the correlation between baseline and final measure-
ments]. The rationale behind the election of these years was to  
have a global view of the behavior of the studies over a whole  
decade. For the years 2004 and 2007, we selected all papers that 
met the inclusion criteria; while for the years 2010 and 2013, as 
we obtained a greater number of articles retrieved from the search  
(478 and 653, respectively), we chose a random sample of 300 
papers (Section II in Supplementary File 1).

Data were collected by two different researchers (NM, MkV) in 
two phases: 2004/2007 and 2010/2013. Later, two statisticians  
(JC, MtV) verified the correctness of the data and to make them 
accessible to readers through a shiny application and through the 
Figshare repository16.

Variables
Collected variables were: baseline and outcome SDs; experi-
mental and reference interventions; sample size in each group;  
medical field according to Web of Science (WOS) classifica-
tion; main outcome; patient’s disease; kind of disease (chronic or  
acute); outcome type (measured or scored); intervention type  
(pharmacological or not); and whether or not the main effect was 
significant.

For studies with more than one quantitative outcome, primary 
endpoint was determined according to the following hierarchical  
criteria: (1) objective or hypothesis; (2) sample size determina-
tion; (3) main statistical method; or (4) first quantitative variable 
reported in results.

In the same way, the choice of the “experimental” arm was  
determined depending on the role in the following sections of the 
article: (1) objective or hypothesis; (2) sample size determination; 
(3) rationale in the introduction or (4) first comparison reported in 
results (in the case of more than two arms)
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Figure 1. Scenarios representing fictional trials with 8 participants with Systolic Blood Pressure as the primary endpoint. Because 
of the random allocation to one of two treatment arms, we will only observe one of the two potential outcomes for each patient: either under 
T or under C. Fully saturated colors represent observed Systolic Blood Pressure (SBP) values, and transparent squares represent missing 
potential values. The line slope indicates the individual non-observable effect for each patient. Densities are the potential distributions of the 
outcome in each group: As both random samples come from the same target population, the average causal effect is estimable without bias. 
Panel A shows the potential outcome values that we could obtain if there were not any treatment effect; as the intervention has no effect 
at all, both groups have the same distribution (i.e., mean and variance). Panel B shows the scenario of a constant effect, meaning that the 
intervention lowers the SBP by a single value in every patient, implying the same variability in both arms. For instance, the study from Duran-
Cantolla et al.6 compared the 24-hour systolic blood pressure among 340 patients randomized to either Continuous Positive Airway Pressure 
(CPAP) or sham–CPAP, and it showed a greater decrease of 2.1 mmHg (95% CI from 0.4 to 3.7) in the intervention group compared to the 
control group. Furthermore, baseline standard deviations (SDs) were 12 and 11; and final SDs were 13 for both groups. Therefore, their 
results fully agree with the trial design’s assumption of a constant effect (scenario B) and nothing contradicts the inference that each patient 
exhibits a constant reduction of 2.1mmHg, although the uncertainty of random allocation makes the results compatible with a constant effect 
that lies anywhere between 0.4 and 3.7. Panel C represents a situation with 2 different effects in 2 subpopulations (“treatment by subgroup 
interaction”). Although the effects are identical within them, the observable distribution in the treated arm would have higher variability. Here, 
we need to find finer eligibility criteria for classifying patients in those subpopulations so that a constant effect could be assumed again. 
In Panel D, the treatment has a variable effect in each patient, resulting also in greater variability within the treated arm but without any 
subgroup sharing a common effect, and results are poorly predictive about the effects on future patients. In the study by Kojima et al.7, the 
primary outcome measure was the 3-hour postprandial area under the curve of apolipoprotein B48, with outcome SDs being 0.78 and 0.16 
in the treated and reference arms, respectively, thus showing a variance ratio of 23.77. This is compatible with different treatment effects that 
could need further refinements through precision medicine, since a greater variance in the treated arm indicates that “the interpretation of 
the main treatment effect is controversial”8. In that case, guidelines for treating new patients should be based either on additional eligibility 
criteria (“precision medicine”, panel C) or on n-of-1 trials (“individualized medicine”, panel D)9–13. This “treatment by patient interaction” was 
already highlighted by W. S. Gosset in the data of his 1908 paper proposing the Student t-distribution14. Alternatively, interactions can result 
in smaller variances in the treated arm. Panel E shows a different effect in 2 subgroups, but the variability is now reduced indicating that the 
best solution would be to identify the subpopulations in order to refine the selection criteria. In Panel F, the treatment has a stabilizing effect, 
with higher blood pressure falling more in severe patients, thus resulting in lower variability in the treatment arm. In the study from Kim et al.15, 
the primary endpoint was the PTSD Checklist–Civilian version (PCL-C). This scale is based on the sum of 17 Likert symptoms, ranging from 
17 (perfect health) to 85 (worst clinical situation). At the end of the trial, the respective outcome SDs were 16 and 3 for the control and treated 
arms, meaning that variance was reduced around 28 times. This situation can correspond to scenarios E or F and merit much more statistical 
considerations, which is beyond the scope of this paper.
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Statistical analysis
We assessed homoscedasticity between treatments and over  
time. Our main analysis compared, for the former, the outcome 
variability between Treated (T) and Control (C) arms at the trial 
end. For the latter, we compared the variability between Outcome 
(O) and its Baseline (B) value for the treated arm.

To distinguish between random variability and heterogene-
ity, we fitted a random mixed effects model using the logarithm 
of the variance ratio at the end of the trial as response with the 
study as random effect and the logarithm of the variance ratio at 
baseline as fixed effect17. An analogous model was employed to 
assess the homoscedasticity over time, as such a model allows the  
separation of random allocation variability from additional  
heterogeneity. To obtain a reference in the absence of treatment 
effect, we first modeled the baseline variance ratio as a response 
that is expected to have heterogeneity equal to 0 due to randomiza-
tion – so long as no methodological impurities are present.(e.g.,  
consider the outcomes obtained 1 month after the start of  
treatment as the baseline values). This reference model allows us 
to know the proportion of studies in the previous models that could 
have additional heterogeneity which cannot be explained by the 
variability among studies (sections III, V and VI in Supplementary 
File 1).

Funnel plots, centered at zero, of the measurement of interest as a 
function of its standard errors are reported in order to investigate 
asymmetries.

As sensitivity analyses, we assessed homoscedasticity in each 
single study: (a) between outcomes on both arms with F-test for 
independent samples; and (b) between baseline and outcome  
in the treated arm with a specific test for paired samples18 when 
the variance of the paired difference was available. All tests were  
two-sided (α=5%).

Several subgroup analyses were carried out according to the  
statistical significance of the main effect of the study and to the  
different types of outcomes and interventions.

All analyses were performed with the R statistical package  
version 3.2.5. (The R code for the main analysis is available from 
https://doi.org/10.5281/zenodo.113360919)

Results
Population
A total of 1214 articles were retrieved from the search. Of  
those papers, 542 belong to the target population and 208 (38.4%) 
contained enough information to conduct the analysis (Figure 2).

Figure 2. Flow-chart of the articles in the study. Percentages represent the quantity of papers in the target population. The number of 
articles for each year (2004/2007/2010/2013) is specified in the second line of each box (separated by slashes). $300 papers were randomly 
selected for years 2010 and 2013. *Four papers were excluded because the variance of the change over time was inconsistent with both the 
baseline and final variances, which would lead to impossible absolute correlation estimates greater than 1.
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Mainly, the selected studies were non-pharmacological (122, 
58.6%), referred to chronic conditions (101, 57.4%), had an out-
come measure with units (132, 63.8%) instead of a constructed 
scale, and this outcome were measured rather than assessed (125, 
60.1%). Regarding the primary objective of each trial, the authors 
found statistically significant differences between the arms in 83 
(39.9%) studies. Following the WOS criteria, 203 articles (97.6%) 
belonged to at least one medical field. The main areas of study 
were: General & Internal Medicine (n=31, 14.9%), Nutrition &  
Dietetics (21, 10.1%), Endocrinology & Metabolism (19, 9.1%), 
and Cardiovascular System & Cardiology (16, 7.7%).

Homoscedasticity
There is a high average concordance between variances in the  
treatment and control arm, but with evidence of a smaller vari-
ability in the treated arm. At the end of the study, 113/208 (54%,  
95% CI, 47 to 61%) papers showed less variability in the treated 
arm (Supplementary File 1 : Figure S1). Among the treated arms, 
111/208 (53%, 95% CI, 46 to 60%) had less or equal variabil-
ity at the end of follow-up than at the beginning (Supplementary  
File 1 : Figure S2).

We found statistically significant differences (at 5%) between  
outcome variances in 41 out of 208 (19.7%) studies: 7.2% were 
in favor of greater variance in the treated arm, and 12.5% in the  
opposite direction. A greater proportion was obtained from the 
comparisons over time of 95 treated arms: 16.8% had signifi-
cantly greater variability at the end of the study and 23.2% at the  
beginning (Table 1).

Regarding the comparison between arms, the adjusted point  
estimate of the ratio (Treated to Control group) of the outcome  
variances is 0.89 (95% CI 0.81 to 0.97), indicating that  
treatments tend to reduce the variability of the patient’s response 
by about 11% on average. The comparison over time provides a  
similar result: the average variability at the end of the study is 14% 
lower than that at the beginning (Supplementary File 1 : Table S4).

According to the random model, the baseline heterogeneity 
was 0.31; this is a very high value which can only be explained 
by methodological flaws similar to those presented by Carlisle20.  
Fortunately, the exclusion of the four most extreme papers  
reduced it to 0.07; one of them was the study by Hsieh et al.21 

whose “baseline” values were obtained 1 month after the treat-
ment started. When we modeled the outcome instead of the base-
line variances as the response, heterogeneity was approximately  
doubled. We found 30 studies that compromised homoscedastic-
ity (11 with higher variance in the treated arm and 19 with lower,  
Table 1). Figure 3 shows the funnel plots for both between-arm  
and over-time comparisons.

Subgroup analyses suggest that only significant interventions  
had an effect on reducing variability (Supplementary File 1 :  
Figures S3–S5), which has already been observed in other  
studies22,23 and in the line of other works that had found a posi-
tive correlation between the effect size and its heterogeneity24,25: 
in fact, it is difficult to find heterogeneity when there is no overall  
treatment effect. The remaining subgroups analyses did not  
raise concerns (section V in Supplementary File 1).

Table 1. Variance comparison. Alternative possible methods to estimate the number and 
percentage of studies with different variances on comparisons between arms and over-
time. Limits for declaring different variances come from different statistical methods; either 
masked specified statistical tests (F for independent outcomes or Sachs’ test18 for related 
samples); or sensitivity analysis about the number of studies that have to be deleted from 
the random mixed model in order to achieve a negligible heterogeneity (see Methods for 
details). ¥ Only performed in studies reporting enough information to obtain the variability 
of the change from baseline to outcome, for example because they provide the correlation.

Comparing variances N Method

After treatment, variability is…

Increased 
n (%)

Decreased 
n (%)

Not changed 
n (%)

Outcome between 
treatment arms 208

F test 15 (7.2%) 26 (12.5%) 167 (80.3%)

Random model 11 (5.3%) 19 (9.1%) 178 (85.6%)

Outcome versus 
baseline in treated arm 95¥

Paired test 16 (16.8%) 22 (23.2%) 57 (60.0%)

Random model 13 (13.7%) 19 (20.0%) 63 (66.3%)
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Discussion
Our main objective was to show that comparing variances can 
provide some evidence about how much precision medicine is 
needed. The variability seems to decrease for treatments that per-
form significantly better than the reference; otherwise, it remains 
similar. Therefore, contrary to popular belief, variability tends 
to be reduced on average after treatment, thus making precision  
medicine dispensable in most cases. This could be due to several 
reasons: some measurements may have “ceiling” or “floor”  
effects (e.g., in the extreme case, if a treatment makes a person  
well, no further improvement is possible); or the treatment may  
act proportionally rather than linearly, in which case the logarithm 
of the outcome would serve as a better scale.

When both arms have equal variances, then an obvious default 
explanation is that the treatment is equally effective for all, 
thus rendering the search for predictors of differential response  
futile. This means that treatment effects obtained by compar-
ing the means between groups can be used to estimate both the  
averaged treatment effect and the non-observable patient treatment 
effect.

Furthermore, our second objective was to provide a rough estimate 
of the proportion of interventions that require a greater degree of 
precision medicine, and our answer is “not many”: considering  
the most extreme result from Table 1, we found that 1/6 interven-
tions (16.8%) showed some variance inflation.

There are three reasons why these findings do not invalidate  
precision medicine in all settings. First, some additional hetero-
geneity is present in the outcome variances ratio, which indicates 
that the variability had increased between arms as well as over 
time. Second, the outcomes of some type of interventions such as  
surgeries, for example, are greatly influenced by the skills 
and training of those administering the intervention, and these  
situations could have some effect on increasing variability. And 
third, we focus on quantitative outcomes, which are neither  
time-to-event nor binary, meaning that the effect could take a  
different form, such as all-or-nothing.

The results rely on published articles, which raises some rel-
evant issues. First, some of our analyses are based on Normality  
assumptions for the outcomes that are unverifiable without access 
to raw data. Second, a high number of manuscripts (61.6%,  
Figure 2) act contrary to CONSORT26 advice in that they do not 
report variability. Thus, the results may be biased in either direc-
tion. Third, trials are usually powered to test constant effects 
and thus the presence of greater variability would lead to under-
powered trials, non-significant results and unpublished papers. 
Fourth, the random effect model reveals additional heterogeneity 
in the outcome variances ratio, which may be the result of meth-
odological inaccuracies20 arising from typographical errors in data  
translation, inadequate follow-up, insufficient reporting, or even 
data fabrication. On the other hand, this heterogeneity could 
also be the result of relevant undetected factors interacting with 
the treatment, which would indeed justify the need for precision  
medicine. A fifth limitation is that many clinical trials are not 
completely randomized. For example, multicenter trials are often 

blocked by center through the permuted blocks method. This  
means that if variances are calculated as if the trial were completely 
randomized (which is standard practice), the standard simple  
theory covering the random variation of variances from arm to arm 
is at best approximately true22

The main limitation of our study arises from the fact that, although 
constant effect always implies homoscedasticity on the chosen 
scale, the reverse is not true; i.e., homoscedasticity does not neces-
sarily imply a constant effect. Nevertheless, a constant effect is the 
simplest explanation for homoscedasticity. For example, the non-
parsimonious situation reflected in Figure 4 indicates homoscedas-
ticity but without a constant effect.

Heteroscedasticity may suggest the need for further refinements of 
the eligibility criteria or for finding an additive scale22,27. Because 
interaction analyses cannot include unknown variables, all tri-
als would potentially need to be repeated once any new potential  
interaction variable emerges (e.g., a new biomarker) as a candi-
date for a new subgroup analysis. Nevertheless, we have shown 
how homoscedasticity can be assessed when reporting trials  
with numerical outcomes, regardless of whether every potential 
effect modifier is known.

Figure 4. Scenario representing a fictional trial with 8 participants 
with homoscedasticity but non constant effect. SBP potential 
values of each patient in both groups (C: Control; T: Treated) under 
a highly hypothetical scenario: the treatment effect has no value if 
systematically applied to the whole population; but if n-of-1 trials 
could be performed in this situation, the best treatment strategy 
would be chosen for each patient and the overall health of the 
population would be improved.
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For most trials, subjects vary little in their response to treatment, 
which suggests that precision medicine’s scope may be less 
than what is commonly assumed. In the past century, Evidence-
Based Medicine operated under the paradigm of a constant effect 
assumption, by which we learned from previous patients in order 
to develop practical clinical guides for treating future ones. Here, 
we have provided empirical insights for the rationale behind  
Evidence-Based Medicine. However, even where one common 
effect applies to all patients fulfilling the eligibility criteria, this 
does not imply the same decision is optimal for all patients, spe-
cifically because different patients and stakeholders may vary in  
their weighting not only of efficacy outcomes, but also of the  
harm and cost of the interventions – thus bridging the gap between 
common evidence and personalized decisions.

Nevertheless, in 16 trials of our sample, there was some  
evidence of variation arising from the treatment effect, suggest-
ing a possible role for more tailored treatments: either with finer  
selection criteria (common effect within specific subgroups), 
or with n-of-1 trials (no subgroups of patients with a common  
effect). By identifying indications where the scope for precision 
medicine is limited, studies such as ours may free up resources  
for cases with a greater scope.

Our results uphold the assertion by Horwitz et al. that there is a 
“need to measure a greater range of features to determine [...] the 
response to treatment”28. One of these features is an old friend of 

statisticians: the variance. Looking only at averages can cause us to 
miss out on important information.

Data availability
Data is available through two sources:
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F1000_precision_medicine/

The Figshare repository: https://doi.org/10.6084/
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Review report. Does evidence support the high expectations placed in precision medicine? A
bibliographic review. By J Cortés et al,

Summary: a review of randomised trials with continuous outcomes, measured at baseline and at follow up
has been conducted. The aim was to compare the variance of the outcome measure at baseline and
follow-up and to compare the variances at follow-up between the treated and the control group. The
authors argue that a difference in variances may indicate a heterogeneous treatment effect.
General impression. The paper is well written and the results are of interest. The interpretation of the
results is somewhat speculative but the authors discuss adequately the limitations.
Remarks

Abstract, Background : “However, the conventional design of randomized trials assumes that each
individual benefits by the same amount.” This is not a correct statement. In a randomised trial, the
average treatment effect in the population is estimated, and no assumptions about homogeneity of
treatment effects are made here. The authors probably mean that many researchers implicitly
assume a homogeneous treatment effect when conducting a randomised trial, interpreting the
 average treatment effect in the population as treatment effect at an individual level.
 
Introduction. I liked Figure 1 with the different explanations.
 
Methods and flow chart. The target population was parallel randomized clinical trials with
quantitative/numerical outcomes. This is not true: trials with a survival time as outcome are also
trials with a numerical (sometimes censored) outcome, but are not into the scope of your paper. So
please mention that you are interested in trials with a numerical response variable which are
measured both at baseline and at followup. In the Flow-chart, please check whether there were
indeed 150 trials with a qualitative outcome, or whether there were 150 trials which did not satisfy
the requirement of both having a baseline and a followup numerical measurement.
 
Statistical analysis. Here I got lost, the random mixed effects models should distinguish between
random variability and heterogeneity, but how was unclear to me. Is adding the variance ratio at
baseline needed to correct for the random variability? More details of the models and explanation
of the different estimates of the model is needed, and should not only be given in the

supplementary material.
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supplementary material.
 
Did you compare the Var(change) between the treated and control group? Power to detect
differences here would be larger.
 
It may be of interest to perform a subgroup analysis in the studies where control is placebo
 
Supplementary material, section 4. The model has two random effects: s_i,   the heterogeneity
between-study effect and e_i  the within sample error with variance nu^2 . I guess this should be
nu_i, as each study has its own within sample error variance, estimated form the sample sizes in
the two groups (as described in the material)?
 
The supplementary material did not clearly described which parameter(s) from the models
reflected the heterogeneity. From the main text I derived that you used the mean effect mu to
indicate the amount of heterogeneity. But then how to interpret the parameter tau?
 
Supplementary Table S4. Why not put this Table in Section 4, and make one overview of all the
models fitted? And I guess that e_ij should be e_i here.
 
Results: I did not find Figure S1 and Figure S2 very informative. Why not just give a histogram of
log(var_OT/var_CT) etc.
 
Table 1: How were the results from the random model obtained (the 11 increased, 19 decreased
etc)?
 
Figure 3. Please explain what V_OT, V_OC etc is, as Figures should be self-explained.
 
I did not understand the second paragraph of the discussion. I guess that you want to say that the
average treatment effect can be interpreted as an individual treatment effect, but I was confused at
first by the words “non-observable patient treatment effect”.
 
Shocking to see that so many studies do not report measures of variability.
 
The fourth limitation: “the random effect model reveals additional heterogeneity”. To which result
are you referring here, comparisons at baseline, followup or over time? The estimate of tau? Why
should this be the result of methodological accuracies?
 
Figure G is of interest because this is a situation where precision medicine is of interest: for some
patients treatment T would be a better choice, for others treatment C and by performing precision
medicine the subgroups with different responses could be detected and tailored prescriptions
could be given. This indicates that observed homoscedasticity in a study should be interpreted with
care and background knowledge of a study is needed to assess whether a situation as in Figure 4
is plausible.
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Are all the source data underlying the results available to ensure full reproducibility?
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2.  

Are all the source data underlying the results available to ensure full reproducibility?
Yes

Are all the source data underlying the results available to ensure full reproducibility?
Yes

Are the conclusions drawn adequately supported by the results?
Partly

Are the conclusions drawn adequately supported by the results?
Partly

Are the conclusions drawn adequately supported by the results?
Partly

Are the conclusions drawn adequately supported by the results?
Partly

 No competing interests were disclosed.Competing Interests:

Reviewer Expertise: Medical Statistics; Epidemiology; Methods for Observational studies

I have read this submission. I believe that I have an appropriate level of expertise to confirm that
it is of an acceptable scientific standard, however I have significant reservations, as outlined
above.

Author Response 03 Jun 2018
, Universitat Politècnica de Catalunya, SpainJordi Cortés

JOINT ANSWER to Ian White and Saskia le Cessie

This is a general response to Ian White and Saskia Le Cessie on why we stated that the
standard clinical trial design and analysis assume a constant effect.
In the following, (1) we update the standard sample size rationale; and (2) we explain why
inflated variances may require precision medicine in just two general cases: (a)
interaction, as represented in Fig. 1, panel C; and (b) random treatment effect, Fig. 1,
panel D.

Under the Neyman-Pearson framework to determine sample size, a single effect
size value Δ is specified under the alternative hypothesis H1, assuming in that way
a constant effect, as in Fig. 1, panels A (H0) and B (H1).
We devise two situations that, because they result in higher variance, they would
need personalized medicine:

Interaction between treatment and a baseline variable such us, for example,
gender (Fig. 1, panel C). In this scenario there are two subpopulations (e.g.,
men and women) with different treatment effects that require the effect to be
made further “precise”.
Random treatment effect on each patient (Fig. 1, panel D). In this scenario,
the effect size does not depend on a known patient baseline characteristic

and the only way to estimate the individual patient effect is by means of
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2.  

and the only way to estimate the individual patient effect is by means of
individualized trials (“n of 1” trials).

 
Those 2 hypothetical scenarios, lead to an increased variance. Conversely, scenarios E
and F represent two similar situations (interaction and random effect) but result in
reduced variance –without relevant changes on the average. Although we agree that in
those two last scenarios leading to reduced variability the specific patient treatment effect
may still be unknown because the outcome has reduced variability with a similar central
overall position, we argue that patients in those situations were subject to “further
control” (having more stable values within the boundaries of “normality”). 
So, the usual sample size rationale specified by statisticians in trials assumes a constant,
unique effect that agrees with the clinical and legal interpretation that the effect is the
same – or at least similar enough to be considered homogeneous – for all the patients
fulfilling the eligibility criteria.

To illustrate this secondary “argument”, we reviewed the sample size rationale for the last
(at that time) 10 protocols published in Trials, and we found that all of them defined a
single effect size (100%, two-sided 95% confidence interval from 69% to 100%). In
addition, we have included a new column in Table S1 with the main analysis showing that
the SAP in all those cases (10 out of 10, 95%CI from 69 to 100%) was also designed to
estimate a single, constant effect.

We have modified Fig. 1 (panels E and F) to show decreasing variance treatment effects,
but now without affecting the average. We have also improved the 2 following sentences:

Before [Abstract]: However, the conventional design of randomized trials assumes that
each individual benefits by the same amount.

After [Abstract]: However, conventional clinical trials are designed to find differences with
the implicit assumption that the effect is the same in all patients within the eligibility
criteria.

Before [Introduction]: The assumption that the average effect equals the single unit effect
underlies the rationale behind the usual sample size calculation, where only a single
effect is specified. As an example, the 10 clinical trials published in the Trials Journal in
October 2017 (see Supplementary material: Table S1) were designed under this scenario
of a fixed, constant or unique effect in the sample size calculation.

After [Introduction]: The assumption of homoscedasticity in the usual calculations of
sample size is better interpreted under the constant effect model (Figure 1, panels A, H ;
and B, H ). As an example, the 10 clinical trials published in the Trials Journal in October
2017 (Table S1 of Supplementary material) were designed with only a constant for the
effect size. Furthermore, all their analyses were designed to test (and estimate) a single
constant for the effect size. In other words, there was mention of neither any possible
interaction with baseline variables (Figure 1, scenarios C and E), nor of any random
variability for the treatment effect (Figure 1, scenarios D and F); and thus, all those trials
were designed to test a constant effect.

We have also updated the legend of Figure 1 to highlight that now panels C to F show only

0

1
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We have also updated the legend of Figure 1 to highlight that now panels C to F show only
possible individual treatment effects on variances but not on means.

We are deeply grateful to Ian White and Saskia le Cessie for highlighting the need to
clarify this crucial issue.

Saskia le Cessie

From here, we’ll answer specific issues 

Summary: a review of randomised trials with continuous outcomes, measured at baseline and at
follow up has been conducted. The aim was to compare the variance of the outcome measure at
baseline and follow-up and to compare the variances at follow-up between the treated and the
control group. The authors argue that a difference in variances may indicate a heterogeneous
treatment effect.
General impression. The paper is well written and the results are of interest. The interpretation of
the results is somewhat speculative but the authors discuss adequately the limitations.
Remarks
 
We are grateful to Prof. Saskia le Cessie for her suggestions, which definitively help us to
improve our manuscript. 
 
1. Abstract, Background : “However, the conventional design of randomized trials assumes that
each individual benefits by the same amount.” This is not a correct statement. In a randomised trial,
the average treatment effect in the population is estimated, and no assumptions about
homogeneity of treatment effects are made here. The authors probably mean that many
researchers implicitly assume a homogeneous treatment effect when conducting a randomised
trial, interpreting the average treatment effect in the population as treatment effect at an individual
level.

Yes, our impression is that at least some trialists are not aware of these assumptions. But
the fact that we wanted to highlight is that trials are usually designed to provide evidence
for just one parameter (in our context the “effect size” collected by the difference of
means) without further specification, neither in the sample size rationale nor in the
analysis of the further parameters required by precision medicine. We have addressed
this point in the joint answer above.

2. Introduction. I liked Figure 1 with the different explanations.

Thank you. Please note that we have now updated panels C to F to isolate changes just in
variance.

3. Methods and flow chart. The target population was parallel randomized clinical trials with
quantitative/numerical outcomes. This is not true: trials with a survival time as outcome are also
trials with a numerical (sometimes censored) outcome, but are not into the scope of your paper. So
please mention that you are interested in trials with a numerical response variable which are
measured both at baseline and at follow-up. In the Flow-chart, please check whether there were

indeed 150 trials with a qualitative outcome, or whether there were 150 trials which did not satisfy
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indeed 150 trials with a qualitative outcome, or whether there were 150 trials which did not satisfy
the requirement of both having a baseline and a follow-up numerical measurement.

Thanks. We fully agree that discussion was introduced too late, and we have further
clarified it in the Methods section and in the flow chart. The modifications are described
below.

Before [Methods]: Our target population was parallel randomized clinical trials with
quantitative outcomes

After [Methods]: Our target population was parallel randomized clinical trials with
quantitative outcomes (not including time-to-event studies)

Before [Flow chart]: Qualitative outcome

After [Flow chart]: Categorical or time-to-event outcome
 

4. Statistical analysis. Here I got lost, the random mixed effects models should distinguish between
random variability and heterogeneity, but how was unclear to me. Is adding the variance ratio at
baseline needed to correct for the random variability? More details of the models and explanation
of the different estimates of the model is needed, and should not only be given in the
supplementary material.

Thanks. The model includes the (logarithm of the) baseline variances ratio because some
imbalances in the initial variability between groups (after randomization) can occur simply
by chance. It is foreseeable that these baseline differences in variability may influence the
final differences in variability. This baseline log-ratio was highly significant (p < 0.0001) in
the model. 

All your suggestions related to the statistical analysis (4, 7, 8, 9 and 11) and the random
effects model have been addressed through a clearer and longer explanation of the model
in the statistical analysis section (detailed here and in the manuscript)

Nevertheless, we provide the following rule of thumb for interpreting the parameters μ
(heteroscedasticity) and I  (heterogeneity) of the random-effects model.

mu < 0 -->     On average, studies have lower variability in the experimental arm.
mu > 0 -->     On average, studies have greater variability in the experimental arm.
 
I^2 < 25% --> As the point estimate of heterogeneity is not high enough, mu is constant
throughout all the studies.
I^2 < 25% --> As the point estimate of heterogeneity is high, mu does not apply to every
single study.
 
mu < 0 & I^2 < 25% -->  Not one study requires precision medicine.
mu < 0 & I^2 > 25% -->  Some studies require precision medicine.
mu > 0 & I^2 < 25% -->  All studies require precision medicine.

mu > 0 & I^2 > 25% -->  Most studies require precision medicine.

2
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1.  

mu > 0 & I^2 > 25% -->  Most studies require precision medicine.

[The threshold of 25% for I^2 is based on PRISMA Statement [1] that considers values
under this cutpoint as low.]

The estimates of these parameters in our data were mu = -0.12 and I^2 = 80.8%, which
 implies that some studies require precision medicine.

Liberati A, Altman DG, Tetzlaff J, Mulrow C, Gøtzsche P, et al. (2009) The PRISMA
statement for reporting systematic reviews and meta-analyses of studies that
evaluate health care interventions: Explanation and elaboration. PLoS Med 6:
e1000100.

5. Did you compare the Var(change) between the treated and control group? Power to detect
differences here would be larger.

Strongly agree. For high correlations between baseline and outcome, it follows that V (log
(V /V )) < V (log (V )), as can be seen in Appendix VII of the supplementary material.
However, just 95 out of 208 studies provide the Var(change) or the baseline-final
correlation that would allow this analysis. 

6. It may be of interest to perform a subgroup analysis in the studies where control is placebo

In fact, we performed this subgroup analysis beforehand without obtaining relevant
results. We decided not to include or mention it because the distinction between a
treatment called "placebo" and an "active" treatment is not clear. “Placebo” is defined as
a simulator of the experimental treatment that tries to emulate its characteristics; but in
some studies “control” may equal “best medical treatment”, which is also provided to
“treated” patients, such that “Placebo” is complemented by the standard intervention.
Because of this ambiguity in the classification, we decided to omit this information. As
illustrative examples, we mention the following included studies: 

- Ghaleiha A, Mohammadi E, Mohammadi M, et al. Riluzole as an adjunctive therapy to
risperidone for the treatment of irritability in children with autistic disorder: a

Thedouble-blind, placebo-controlled, randomized trial. Paediatr Drugs 2013 15:505–514. 
patients in the reference group took placebo in addition to risperidone (titrated up to 2 or
3 mg/day based on bodyweight) for 10 weeks.

- Carroll MW, Jeon D, Mountz JM, et al. Efficacy and safety of metronidazole for pulmonary
. Themultidrug-resistant tuberculosis. Antimicrob Agents Chemother 2013; 57:3903-9

patients in the reference group took placebo for 8 weeks in addition to an individualized
background regimen.

7. Supplementary material, section 4. The model has two random effects: s_i,   the heterogeneity
between-study effect and e_i  the within sample error with variance nu^2 . I guess this should be
nu_i, as each study has its own within sample error variance, estimated form the sample sizes in
the two groups (as described in the material)?

Thank you. We have corrected the typo including the subscript both in the Methods

Ox Bx Ox
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Thank you. We have corrected the typo including the subscript both in the Methods
section and in the supplementary material: “nu_i”

8. The supplementary material did not clearly describe which parameter(s) from the models
reflected the heterogeneity. From the main text I derived that you used the mean effect mu to
indicate the amount of heterogeneity. But then how to interpret the parameter tau?

Thanks. Tau reflects the heterogeneity in the assessment of the heteroscedasticity
throughout the studies. Following this suggestion and similar comment of Professor Ian
White, we have tried to clarify that mu is a measure of heteroscedasticity and tau is a
measure of the heterogeneity of the former throughout all the studies. See also the
answer to question 4 for more clarification.

9. Supplementary Table S4. Why not put this Table in Section 4, and make one overview of all the
models fitted? And I guess that e_ij should be e_i here.

Thank you, we have corrected the subscript typo: “e_i”

And yes, your suggestion facilitates readability. We have interspersed all the tables and
figures of the supplementary material in their respective sections.

10. Results: I did not find Figure S1 and Figure S2 very informative. Why not just give a histogram
of log(var_OT/var_CT) etc.

We have kept Figures S1 and S2 because we believe that they provide additional
information about whether or not the increase (or decrease) in the variability in the
outcome of the experimental arm depends on the outcome variability of the control arm
(or on the baseline variability of the experimental group). However, we have also added
the histograms you mention in order to summarize the essential information. The
histograms can be seen here or in the Supplementary material.

11. Table 1: How were the results from the random model obtained (the 11 increased, 19
decreased etc)?

We have obtained them as the studies that had to be removed in order to obtain
heterogeneity (i.e., tau) similar to the baseline (which we expect to be null by
randomization). We have tried to clarify this point in the legend of the table:

“…or (2) number of studies that have to be deleted from the random-effects model in
order to achieve a negligible heterogeneity (studies with more extreme outcome were
removed one by one until achieving an estimated value of τ similar to the one obtained
from the reference model. See Methods section for more details…)”

12. Figure 3. Please explain what V_OT, V_OC etc is, as Figures should be self-explained.
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Thanks. We have included a legend in this figure explaining these abbreviations:
V_OT: Variance of the Outcome in the Treated arm
V_OC: Variance of the Outcome in the Control arm
V_BT: Variance of the Outcome at baseline in the Treated arm
 

13. I did not understand the second paragraph of the discussion. I guess that you want to say that
the average treatment effect can be interpreted as an individual treatment effect, but I was
confused at first by the words “non-observable patient treatment effect”.

You are right. We say “non-observable” for the fundamental problem of causal inference
(both potential responses are not observable in the same patient), which avoids seeing
the treatment effect at the individual level. We have clarified this point:

Before: This means that treatment effects obtained by comparing the means between
groups can be used to estimate both the averaged treatment effect and the
non-observable patient treatment effect.

After: This means that the average treatment effect can be interpreted as an individual
treatment effect (not directly observable).

14. Shocking to see that so many studies do not report measures of variability.

Yes. It is really surprising that 61.6% of studies do not report the variability either at
baseline or at the end of the study. Although CONSORT advises it, this guideline does not
provide the historical data on this practice with which it can be compared.

15. The fourth limitation: “the random effect model reveals additional heterogeneity”. To which
result are you referring here, comparisons at baseline, followup or over time? The estimate of tau?
Why should this be the result of methodological accuracies?

We are referring to the main analysis: comparison between arms. Nevertheless, this
sentence could be applied to all analyses. Heterogeneity among studies is measured by
tau (see response to question 4). 

We stated that methodological inaccuracies can be derived in the presence of
heterogeneity. In an ideal scenario of constant treatment effect in all the studies, the only
thing that could lead to heterogeneity in the model would be methodological inaccuracies
such as those mentioned in the manuscript or in the referenced paper of Carlisle:
transcription errors, insufficient follow-up time for being able to observe this constant
effect, or the manipulation of the results in order to achieve greater impact. 
 

16. Figure G is of interest because this is a situation where precision medicine is of interest: for
some patients treatment T would be a better choice, for others treatment C and by performing
precision medicine the subgroups with different responses could be detected and tailored

prescriptions could be given. This indicates that observed homoscedasticity in a study should be

Page 20 of 36

F1000Research 2018, 7:30 Last updated: 14 MAY 2019



 

prescriptions could be given. This indicates that observed homoscedasticity in a study should be
interpreted with care and background knowledge of a study is needed to assess whether a
situation as in Figure 4 is plausible.

Fully agree, although this is a highly sophisticated scenario that we hope will not be
viewed as a frequent scenario.

Of course, we think that personalized medicine has already been demonstrated to be
effective in some areas. Our point is that unless those demonstrations exist, most

 interventions should be routinely administrated to all patients fulfilling eligibility criteria.

 No competing interests were disclosed.Competing Interests:

 23 March 2018Referee Report

https://doi.org/10.5256/f1000research.14648.r31694

   Erica E.M. Moodie
Department of Epidemiology, Biostatistics and Occupational Health, McGill University, Montreal, QC,
Canada

The authors have performed a review of a sample of clinical trials conducted every three years from
2004-2013 to examine whether there exists post-treatment heterogeneity in participants responses with
premise that lack of heterogeneity suggests that precision medicine is not warranted.
 
While the question is one that should be asked. However, the study carried out is not suited to answering
the question as it has been conducted in randomized trials where there is typically little heterogeneity.
That is, the authors have performed a perfectly reasonable analysis that   answer the pertinentcannot
question. It is well known that randomized trials tend to be populated by homogenous population (more
white, more male, etc.) – see, for example Oh et al. (2015) Diversity in Clinical and Biomedical Research:
A Promise Yet to Be Fulfilled. PLoS Med 12(12): e1001918, Caplan & Friesen P (2017) Health disparities
and clinical trial recruitment: Is there a duty to tweet? PLoS Biol 15(3): e2002040 and the references
therein – or indeed many other papers on this topic. This may be in part a function of recruitment
strategies and also by design, as trialists (particularly those testing new therapies) often determine
inclusion criteria to target the (potentially homogeneous) segment of the population who might show the
greatest response to the treatment. Thus, the authors have chosen to study a population that is likely to
be homogeneous and not reflective of real-world clinical care. There are numerous examples
covariate-tailored treatment algorithms, from the choice of hormonal therapies for women diagnosed with
estrogen-receptor-positive, HER2-negative breast cancer to the choice of ACE inhibitors vs. calcium
channel blockers for hypertension, that the authors choose to overlook as cases where we have learned
about previous patients   to learn about future similar patients.with particular characteristics

Is the work clearly and accurately presented and does it cite the current literature?
Partly

Is the work clearly and accurately presented and does it cite the current literature?
Partly

Is the work clearly and accurately presented and does it cite the current literature?
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Is the work clearly and accurately presented and does it cite the current literature?
Partly

Is the work clearly and accurately presented and does it cite the current literature?
Partly

Is the study design appropriate and is the work technically sound?
Partly

Is the study design appropriate and is the work technically sound?
Partly

Is the study design appropriate and is the work technically sound?
Partly

Is the study design appropriate and is the work technically sound?
Partly

Are sufficient details of methods and analysis provided to allow replication by others?
Yes

Are sufficient details of methods and analysis provided to allow replication by others?
Yes

Are sufficient details of methods and analysis provided to allow replication by others?
Yes

Are sufficient details of methods and analysis provided to allow replication by others?
Yes

If applicable, is the statistical analysis and its interpretation appropriate?
Partly

If applicable, is the statistical analysis and its interpretation appropriate?
Partly

If applicable, is the statistical analysis and its interpretation appropriate?
Partly

If applicable, is the statistical analysis and its interpretation appropriate?
Partly

Are all the source data underlying the results available to ensure full reproducibility?
Yes

Are all the source data underlying the results available to ensure full reproducibility?
Yes

Are all the source data underlying the results available to ensure full reproducibility?
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Are all the source data underlying the results available to ensure full reproducibility?
Yes

Are all the source data underlying the results available to ensure full reproducibility?
Yes

Are the conclusions drawn adequately supported by the results?
No

Are the conclusions drawn adequately supported by the results?
No

Are the conclusions drawn adequately supported by the results?
No

Are the conclusions drawn adequately supported by the results?
No

 No competing interests were disclosed.Competing Interests:

Reviewer Expertise: Longitudinal data analysis, adaptive treatment strategies

I have read this submission. I believe that I have an appropriate level of expertise to state that I
do not consider it to be of an acceptable scientific standard, for reasons outlined above.

Author Response 03 Jun 2018
, Universitat Politècnica de Catalunya, SpainJordi Cortés

The referee’s objections can be summarized in two points:

(1) “There are numerous examples of covariate-tailored treatment algorithms.”
(2) “Randomized trials tend to be populated by homogenous populations”, which in turn does not
reflect a real population’s existing variability.

We understand the reviewer’s comments, but we disagree with the reviewer’s conclusions:

(1) Our work does not intend to completely invalidate precision medicine. We are not stating that
there are not “examples of covariate-tailored treatments”; rather that (Abstract): “We found that the
outcome variance was more often smaller in the intervention group, suggesting that treated
patients may end up pertaining more often to reference or normality values and thus would not
require further precision medicine”. This was already stated in the discussion: “these findings do
not invalidate precision medicine in all settings.” Thus in the quite wide settings of our trials, we
found little evidence that precision medicine would be of any use.

(2) The referee argues that trials have “too many” selection criteria to reflect “a real population”.
This is a standard criticism of explanatory clinical trials, suggesting that the selection criteria are
usually “too many”. And we agree, because our point is that most trials have “enough” selection
criteria to provide a homogeneous effect. Furthermore, we also agree that we can only talk about
“published trials with eligibility criteria”. As for whether those selection criteria should be used to
define the target population in clinical guidelines, there is no further need to tailor precision
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1.  

2.  

“published trials with eligibility criteria”. As for whether those selection criteria should be used to
define the target population in clinical guidelines, there is no further need to tailor precision
medicine.
Dr. Moodie argues that our results do not answer the question that is posed. We also disagree.
The issue of heterogeneity is obviously one that bedevils the generalizability of clinical trials.
However, these are randomized comparisons; so, in the absence of a treatment effect we would
expect the two arms to be comparable, no matter how heterogeneous the underlying population.
The fact that even in the presence of a treatment effect there was little evidence of heterogeneity
suggests there will be little scope for precision medicine in these populations. One might argue that
with a more heterogeneous population, there is more scope to detect the few non-responders who
would not form part of a general trial population. This does not invalidate our results; rather it
argues for much larger trials with a more heterogeneous population. The point is that in the
absence of these the evidence base for precision medicine is weak. 

 No competing interests were disclosed.Competing Interests:

 02 March 2018Referee Report
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   Ian R. White
Medical Research Council Clinical Trials Unit, Institute of Clinical Trials and Methodology, University
College London, London, UK

This paper considers randomised trials (RCTs) of treatment versus control with a quantitative outcome. It
observes that   treatment effects are homogeneous (the same for all trial participants)   the outcomeif then
variance will be the same in both trial arms. It therefore reviews the extent to which the outcome variance
is the same across trial arms in 208 published RCTs. It finds 41 RCTs with significant differences in
outcome variance, and that it is more common for the outcome variance to be smaller in the treatment
arm rather than larger.

My overall comment is that the analysis results are useful, but they need to be made clearer, and the
interpretation should be much more cautious. Points marked * must be addressed to make the article
scientifically sound (with ** the top priority).

Background
*Abstract, background: “The conventional design of randomized trials assumes that each
individual benefits by the same amount.” This is also asserted elsewhere in the paper, but it is not
true. From a causal inference perspective, a RCT estimates the average causal effect, which is
well defined in the presence of treatment effect heterogeneity. This is why the trials community
worries so much about external generalisability: for example, if a trial treated 60% women and 40%
men and showed a benefit of treatment, then a clinician treating women and men in the same ratio
can be confident of giving a benefit overall, but a clinician treating women and men in a different
ratio cannot be so confident. This point (repeated elsewhere) is not essential to the paper’s
argument, so should be removed.
*Similarly, the argument “The assumption that the average effect equals the single unit effect
underlies the rationale behind the usual sample size calculation, where only a single effect is
specified” (Introduction) is false. Sample size calculations relate only to comparisons of group
averages.
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1.  

2.  

3.  

4.  

5.  

6.  

1.  

2.  

Methods
The methods used appear entirely appropriate. However they are not well described.

*Terminology must be improved. For example, the key outcome in this study is the ratio of
variances between treatment and control arms, and this (or its opposite) is variously called
“homoscedasticity”, “heterogeneity”, even “concordance”. The authors should choose a term and
stick with it. Similarly for the “random mixed effects model” which later becomes the “random
model”. (I’m going to use “homoscedasticity” and “random-effects model”.)
The authors are doing a meta-analysis, even though they don’t call it that, so the term
“heterogeneity” should be reserved for “variation between studies”, i.e. tau^2 in the random effects
models.
*It’s not clear to me what the “random model” results in Table 1 are. Since this is a model across
studies, how can it count individual studies? If empirical Bayes estimates of study-specific effects
are being tested, this must be explained.
Trials that are “significant” are combined - “Subgroup analyses suggest that only significant
interventions had an effect on reducing variability” - but interventions that increase the mean
should be separated from those that decrease the mean. The later conclusion that “The variability
seems to decrease for treatments that perform significantly better than the reference” suggests a
different distinction (better/worse is not the same as larger/smaller because outcomes may be
positive or negative) and is not supported by the results presented.
Abstract, Results: “The adjusted point estimate of the mean ratio (treated to control group) of the
outcome variances” is not clear without reading the whole text. Again, defining a term (“outcome
variance ratio”?) will help.
*Table 1, “variability is… increased”: from the text, this means “significantly increased”, which
should be clarified.

Interpretation
The results may be interpreted in many ways, which are sensibly discussed by the authors.
Most importantly, treatment effect homogeneity implies homoscedasticity, but the converse
(“homoscedasticity implies treatment effect homogeneity”) is not true: this is demonstrated very nicely in
Figure 4.
Homoscedasticity is scale-dependent: for example, it may be removed (or created) by a log
transformation (mentioned in the Discussion).

*The authors omit one alternative explanation of homoscedasticity over time: clinical trial
populations have eligibility criteria at baseline which may limit baseline variance. For example, a
hypertension trial might recruit patients with baseline SBP between 140 and 159 mm Hg. In this
case, variance is very likely to naturally increase over time.
**The authors’ conclusions ignore the alternative interpretations noted above. Here are some
examples which are illogical:

Abstract, Conclusions: “the variance was more often smaller in the intervention group,
suggesting, if anything, a reduced role for precision medicine”, and Discussion: “variability
tends to be reduced on average after treatment, thus making precision medicine
dispensable in most cases”. This is actually false. If a study finds smaller variance in the
treated group then we DO have evidence of treatment effect heterogeneity, and indeed the
treatment may be doing exactly what medicine should do - making the sickest better while
not harming the less sick.
Introduction: “If this homoscedasticity holds, there is no need to repeat the clinical trial once
a new possible effect modifier becomes measurable” - again, this wrongly assumes the
converse stated above.

Discussion: “When both arms have equal variances, then an obvious default explanation is
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2.  

3.  

4.  

1.  

Discussion: “When both arms have equal variances, then an obvious default explanation is
that the treatment is equally effective for all, thus rendering the search for predictors of
differential response futile”: this is illogical.
Discussion: “For most trials, subjects vary little in their response to treatment, which
suggests that precision medicine’s scope may be less than what is commonly assumed.” :
this is also illogical.

*In the light of the above arguments, I find the statement (Abstract, Conclusions) that
“Homoscedasticity is a useful tool for assessing whether or not the premise of constant effect is
reasonable” to be highly debatable. Logic suggests it gives a lower bound on the extent of
usefulness of precision medicine, and the results of this study do not add any more to this.
*The objectives in the Discussion should be the same as those stated in the Introduction.

Source data
I had trouble opening the source data both in Excel (since the csv file is in fact
semi-colon-delimited) and in Stata (which was thrown by line 80). Could it be provided in a more
convenient format or with some notes?

Is the work clearly and accurately presented and does it cite the current literature?
Yes

Is the work clearly and accurately presented and does it cite the current literature?
Yes

Is the work clearly and accurately presented and does it cite the current literature?
Yes

Is the work clearly and accurately presented and does it cite the current literature?
Yes

Is the study design appropriate and is the work technically sound?
Yes

Is the study design appropriate and is the work technically sound?
Yes

Is the study design appropriate and is the work technically sound?
Yes

Is the study design appropriate and is the work technically sound?
Yes

Are sufficient details of methods and analysis provided to allow replication by others?
Yes

Are sufficient details of methods and analysis provided to allow replication by others?
Yes

Are sufficient details of methods and analysis provided to allow replication by others?
Yes
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Yes

Are sufficient details of methods and analysis provided to allow replication by others?
Yes

If applicable, is the statistical analysis and its interpretation appropriate?
No

If applicable, is the statistical analysis and its interpretation appropriate?
No

If applicable, is the statistical analysis and its interpretation appropriate?
No

If applicable, is the statistical analysis and its interpretation appropriate?
No

Are all the source data underlying the results available to ensure full reproducibility?
Yes

Are all the source data underlying the results available to ensure full reproducibility?
Yes

Are all the source data underlying the results available to ensure full reproducibility?
Yes

Are all the source data underlying the results available to ensure full reproducibility?
Yes

Are the conclusions drawn adequately supported by the results?
No

Are the conclusions drawn adequately supported by the results?
No

Are the conclusions drawn adequately supported by the results?
No

Are the conclusions drawn adequately supported by the results?
No

 No competing interests were disclosed.Competing Interests:

I have read this submission. I believe that I have an appropriate level of expertise to confirm that
it is of an acceptable scientific standard, however I have significant reservations, as outlined
above.

Author Response 03 Jun 2018
, Universitat Politècnica de Catalunya, SpainJordi Cortés
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1.  

2.  

JOINT ANSWER to Ian White and Saskia le Cessie

This is a general response to Ian White and Saskia Le Cessie on why we stated that the
standard clinical trial design and analysis assume a constant effect.

In the following, (1) we update the standard sample size rationale; and (2) we explain why
inflated variances may require precision medicine in just two general cases: (a)
interaction, as represented in Fig. 1, panel C; and (b) random treatment effect, Fig. 1,
panel D.

Under the Neyman-Pearson framework to determine sample size, a single effect
size value Δ is specified under the alternative hypothesis H1, assuming in that way
a constant effect, as in Fig. 1, panels A (H0) and B (H1).
We devise two situations that, because they result in higher variance, they would
need personalized medicine:

Interaction between treatment and a baseline variable such us, for example,
gender (Fig. 1, panel C). In this scenario there are two subpopulations (e.g.,
men and women) with different treatment effects that require the effect to be
made further “precise”.
Random treatment effect on each patient (Fig. 1, panel D). In this scenario,
the effect size does not depend on a known patient baseline characteristic
and the only way to estimate the individual patient effect is by means of
individualized trials (“n of 1” trials).

 
Those 2 hypothetical scenarios, lead to an increased variance. Conversely, scenarios E
and F represent two similar situations (interaction and random effect) but result in
reduced variance –without relevant changes on the average. Although we agree that in
those two last scenarios leading to reduced variability the specific patient treatment effect
may still be unknown because the outcome has reduced variability with a similar central
overall position, we argue that patients in those situations were subject to “further
control” (having more stable values within the boundaries of “normality”). 

So, the usual sample size rationale specified by statisticians in trials assumes a constant,
unique effect that agrees with the clinical and legal interpretation that the effect is the
same – or at least similar enough to be considered homogeneous – for all the patients
fulfilling the eligibility criteria. 

To illustrate this secondary “argument”, we reviewed the sample size rationale for the last
(at that time) 10 protocols published in Trials, and we found that all of them defined a
single effect size (100%, two-sided 95% confidence interval from 69% to 100%). In
addition, we have included a new column in Table S1 with the main analysis showing that
the SAP in all those cases (10 out of 10, 95%CI from 69 to 100%) was also designed to
estimate a single, constant effect.

We have modified Fig. 1 (panels E and F) to show decreasing variance treatment effects,
but now without affecting the average. We have also improved the 2 following sentences:

Before [Abstract]: However, the conventional design of randomized trials assumes that
each individual benefits by the same amount.

After [Abstract]: However, conventional clinical trials are designed to find differences with
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After [Abstract]: However, conventional clinical trials are designed to find differences with
the implicit assumption that the effect is the same in all patients within the eligibility
criteria.

Before [Introduction]: The assumption that the average effect equals the single unit effect
underlies the rationale behind the usual sample size calculation, where only a single
effect is specified. As an example, the 10 clinical trials published in the Trials Journal in
October 2017 (see Supplementary material: Table S1) were designed under this scenario
of a fixed, constant or unique effect in the sample size calculation.

After [Introduction]: The assumption of homoscedasticity in the usual calculations of
sample size is better interpreted under the constant effect model (Figure 1, panels A, H ;
and B, H ). As an example, the 10 clinical trials published in the Trials Journal in October
2017 (Table S1 of Supplementary material) were designed with only a constant for the
effect size. Furthermore, all their analyses were designed to test (and estimate) a single
constant for the effect size. In other words, there was mention of neither any possible
interaction with baseline variables (Figure 1, scenarios C and E), nor of any random
variability for the treatment effect (Figure 1, scenarios D and F); and thus, all those trials
were designed to test a constant effect.

We have also updated the legend of Figure 1 to highlight that now panels C to F show only
possible individual treatment effects on variances but not on means.

We are deeply grateful to Ian White and Saskia le Cessie for highlighting the need to
clarify this crucial issue.
 
 
Ian White

From here, we’ll answer specific issues 

This paper considers randomised trials (RCTs) of treatment versus control with a quantitative
outcome. It observes that   treatment effects are homogeneous (the same for all trial participants) if

 the outcome variance will be the same in both trial arms. It therefore reviews the extent tothen
which the outcome variance is the same across trial arms in 208 published RCTs. It finds 41 RCTs
with significant differences in outcome variance, and that it is more common for the outcome
variance to be smaller in the treatment arm rather than larger.

My overall comment is that the analysis results are useful, but they need to be made clearer, and
the interpretation should be much more cautious. Points marked * must be addressed to make the
article scientifically sound (with ** the top priority).
 
We are grateful to Prof. Ian White for his suggestions, which will definitively help us to
improve our manuscript.
 
Background

1.*Abstract, background: “The conventional design of randomized trials assumes that each
individual benefits by the same amount.” This is also asserted elsewhere in the paper, but it is not

0

1
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individual benefits by the same amount.” This is also asserted elsewhere in the paper, but it is not
true. From a causal inference perspective, a RCT estimates the average causal effect, which is
well defined in the presence of treatment effect heterogeneity. This is why the trials community
worries so much about external generalisability: for example, if a trial treated 60% women and 40%
men and showed a benefit of treatment, then a clinician treating women and men in the same ratio
can be confident of giving a benefit overall, but a clinician treating women and men in a different
ratio cannot be so confident. This point (repeated elsewhere) is not essential to the paper’s
argument, so should be removed.

2. *Similarly, the argument “The assumption that the average effect equals the single unit effect
underlies the rationale behind the usual sample size calculation, where only a single effect is
specified” (Introduction) is false. Sample size calculations relate only to comparisons of group
averages.

Thanks again for highlighting this hugely important issue. We have addressed these two
comments in the previous common answer.
 
Methods

The methods used appear entirely appropriate. However they are not well described.

1. *Terminology must be improved. For example, the key outcome in this study is the ratio of
variances between treatment and control arms, and this (or its opposite) is variously called
“homoscedasticity”, “heterogeneity”, even “concordance”. The authors should choose a term and
stick with it. Similarly for the “random mixed effects model” which later becomes the “random
model”. (I’m going to use “homoscedasticity” and “random-effects model”.)

Thanks. To simplify the notation, we have deleted the term “concordance”. We also
reserved the term heterogeneity for the tau^2 statistic resulting from the mixed-effects
model (see next answer). Furthermore, we have homogenized the terms for referring to
the “random-effects model” throughout the text. 

2. The authors are doing a meta-analysis, even though they don’t call it that, so the term
“heterogeneity” should be reserved for “variation between studies”, i.e. tau^2 in the random effects
models.

We appreciate this insightful observation. In the random-effects model, we measured
heteroscedasticity with the mu parameter, and heterogeneity between studies, through
tau^2. In order to clarify this as much as possible, we have specified in the Methods
section that tau^2 is used for measuring heterogeneity; and this has also been included
between brackets in the Results section:

“The estimated value of tau^2 provides a measure of heterogeneity, that is, to what extent
the value of mu is applicable to all studies. The larger tau^2 is, the less the homogeneity”

3. *It’s not clear to me what the “random model” results in Table 1 are. Since this is a model across
studies, how can it count individual studies? If empirical Bayes estimates of study-specific effects

are being tested, this must be explained.
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are being tested, this must be explained.

We used the Delta method to estimate the within study variability (specifically, the
variance of the logarithm of the outcome variance ratio). We have included this
explanation in the Methods section: “As there is only one available measure for each
study, both sources of variability cannot be empirically differentiated: (i) within study or
random or that one related to sample size; and (ii) heterogeneity. In order to isolate the
second, the first was theoretically estimated using the Delta method –as explained in
Sections V and VI of Supplementary material“

4. Trials that are “significant” are combined - “Subgroup analyses suggest that only significant
interventions had an effect on reducing variability” - but interventions that increase the mean
should be separated from those that decrease the mean. The later conclusion that “The variability
seems to decrease for treatments that perform significantly better than the reference” suggests a
different distinction (better/worse is not the same as larger/smaller because outcomes may be
positive or negative) and is not supported by the results presented.

Thanks for this great contribution. Following your suggestion, we have sought in each
primary endpoint for whether improvements in the response correspond to higher (e.g.,
mobility) or lower (e.g., pain) values. This new factor has been included in the subgroup
analysis (see new figures S5-S7 clicking here or in the Supplementary Material), thus
providing an argument for the existence of a "floor" effect in those studies where a lower
value corresponds to a better condition. We have added an interpretation of this finding in
the Discussion:

“This reduced variability could also be due to methodological reasons. One is that some
measurements may have a “ceiling” or “floor” effect (e.g., in the extreme case, if a
treatment heals someone, no further improvement is possible). In fact, according to the
subgroup analysis of the studies with outcomes that indicate the degree of disease (high
values imply greater severity; e.g., pain), a greater variance (25%) is obtained in the
experimental arm (see Figure S5). However, in the studies with outcomes that measure
the degree of healthiness (high values imply better condition; e.g., mobility), the average
variances match between arms and do not suggest a ceiling effect.”
In addition, we have included this new factor (direction of the improvement) in the Shiny
app.

On the other hand, all the significant studies were in favor of the experimental group;
therefore, in our context, "statistically significant" is equivalent to "better response in the
experimental group". We have specified this statement in the manuscript and we have
kept the sentence: "the authors found statistically significant differences between the
arms (all of them in favor of the experimental group) in 83 (39.9%) studies"

5. Abstract, Results: “The adjusted point estimate of the mean ratio (treated to control group) of the
outcome variances” is not clear without reading the whole text. Again, defining a term (“outcome
variance ratio”?) will help.

Thanks. Corrected both in the Abstract and the main text:
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Before [Abstract]: We assessed homoscedasticity by comparing the outcome variability
between treated and control arms
After [Abstract]: We assessed homoscedasticity by comparing the variance of the primary
endpoint between arms through the outcome variance ratio (treated to control group).

Before [Abstract]: The adjusted point estimate of the mean ratio (treated to control group)
After [Abstract]: The adjusted point estimate of the mean outcome variance ratio (treated
to control group) …

Before [Methods]: … we fitted a random-mixed effects model using the logarithm of the
variance ratio at the end of the trial…
After [Methods]: … we fitted a random-effects model using the logarithm of the outcome
variance ratio at the end of the trial …

6. *Table 1, “variability is… increased”: from the text, this means “significantly increased”, which
should be clarified.

Thanks. We have corrected it:
Before [Table 1]: increased/decreased
After [Table 1]: significantly increased / significantly decreased

Interpretation

The results may be interpreted in many ways, which are sensibly discussed by the authors.
Most importantly, treatment effect homogeneity implies homoscedasticity, but the converse
(“homoscedasticity implies treatment effect homogeneity”) is not true: this is demonstrated very
nicely in Figure 4. Homoscedasticity is scale-dependent: for example, it may be removed (or
created) by a log transformation (mentioned in the Discussion).

1. *The authors omit one alternative explanation of homoscedasticity over time: clinical trial
populations have eligibility criteria at baseline which may limit baseline variance. For example, a
hypertension trial might recruit patients with baseline SBP between 140 and 159 mm Hg. In this
case, variance is very likely to naturally increase over time.

Thanks again. We have dealt with this in the Discussion:

“…it has been observed that the variability in the experimental arm also decreases from
baseline to the end of the study, although this comparison is not protected by
randomization; for example, the existence of eligibility criteria at baseline may have
limited the initial variance (a hypertension trial might recruit patients with baseline SBP

”between 140 and 159 mm Hg), leading to the variance naturally increasing over time

2. **The authors’ conclusions ignore the alternative interpretations noted above. Here are some

examples which are illogical:
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examples which are illogical:
Abstract, Conclusions: “the variance was more often smaller in the intervention group,
suggesting, if anything, a reduced role for precision medicine”, and Discussion: “variability
tends to be reduced on average after treatment, thus making precision medicine
dispensable in most cases”. This is actually false. If a study finds smaller variance in the
treated group then we DO have evidence of treatment effect heterogeneity, and indeed the
treatment may be doing exactly what medicine should do - making the sickest better while
not harming the less sick.

Thanks. We agree. We have addressed this point in the general response above. We
provide here further specific comments.

There is heteroscedasticity of effect leading to reduced outcome variability, such as the
one shown in examples E and F of Figure 1. Those cases with reduced variability show
situations in which the outcome is “under additional control” at the end. The only
mathematical model that we can imagine here is the one with an effect correlated with
baseline values: higher effects for higher (worse) baseline values. We can imagine this
situation for the “ideal” training program: worse participants at the beginning, which
further increases or reduces variability. So, although we agree that this is a theoretical
heterogeneity, we do not think that it has any practical implication for “individualizing” the
treatment: all patients benefit (although to a different degree) from the intervention; and at
the end, all patients are “under additional control”.

We have performed some changes in the manuscript in order to clarify this point:

Before [Abstract]: the variance was more often smaller in the intervention group,
suggesting, if anything, a reduced role for precision medicine

After [Abstract]: We found that the outcome variance was more often smaller in the
intervention group, suggesting that treated patients may end up pertaining more often to
reference or “normality” values and thus would not require further precision medicine.
However, this result may also be compatible with a reduced effect in some patients, which
would require studying whether the effect merits enduring the side effects as well as the
economic costs. 

Before [Discussion]: variability tends to be reduced on average after treatment, thus
making precision medicine dispensable in most cases

After [Discussion]: We found that variability seems to decrease for treatments that
perform significantly better than the reference; otherwise, it remains similar. Therefore,
the treatment seems to be doing what medicine should do –having larger effects in the
most ill patients. Two considerations may be highlighted here: (1) as the outcome range
becomes reduced, we may interpret that, following the intervention, this population is
under additional control; but also, (2) as subjects are responding differently to treatment,
this opens the way for not treating some (e.g. those subjects who are not very ill, and so
have no scope to respond very much), with obvious savings in side effects and costs

Introduction: “If this homoscedasticity holds, there is no need to repeat the clinical trial once
a new possible effect modifier becomes measurable” - again, this wrongly assumes the
converse stated above.

In this case, we have softened the sentence by changing the term "need" to "evidence".
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In this case, we have softened the sentence by changing the term "need" to "evidence".

Before [Introduction]: If this homoscedasticity holds, there is no need to repeat the clinical
trial once a new possible effect modifier becomes measurable

After [Introduction]: If this homoscedasticity holds, there is no evidence that the clinical
trial should be repeated once a new possible effect modifier becomes measurable

Discussion: “When both arms have equal variances, then an obvious default explanation is
that the treatment is equally effective for all, thus rendering the search for predictors of
differential response futile”: this is illogical.

We are not sure that we understood why this is illogical. Anyway, we have softened the
sentence by changing "an obvious default explanation" to "the simplest explanation".

Before [Discussion]: When both arms have equal variances, then an obvious default
explanation is that the treatment is equally effective for all, thus rendering the search for
predictors of differential response futile

After [Discussion]: When both arms have equal variances, then the simplest explanation is
that the treatment is equally effective for all, thus rendering the search for predictors of
differential response futile.

Discussion: “For most trials, subjects vary little in their response to treatment, which
suggests that precision medicine’s scope may be less than what is commonly assumed”:
this is also illogical.

Again, we are not sure that we understood why this is illogical. Nevertheless, we have
referred to the limitations derived from Figure 4.

Before [Discussion]: For most trials, subjects vary little in their response to treatment,
which suggests that precision medicine’s scope may be less than what is commonly
assumed

After [Discussion]: For most trials, variability of the response to treatment changes
scarcely or even decreases, which suggests that precision medicine’s scope may be less
than what is commonly assumed – while always taking into account the limitation
previously explained in Figure 4.

3. *In the light of the above arguments, I find the statement (Abstract, Conclusions) that
“Homoscedasticity is a useful tool for assessing whether or not the premise of constant effect is
reasonable” to be highly debatable. Logic suggests it gives a lower bound on the extent of
usefulness of precision medicine, and the results of this study do not add any more to this.

We have reduced the ostentatious nature of this phrase, warning the reader that there are
limitations to this methodology:

“We have shown that the comparison of variances is a useful but not definitive tool to
asses if the design assumption of a constant effect holds.”

4. *The objectives in the Discussion should be the same as those stated in the Introduction.
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Thanks. We have simplified the objectives in the introduction:

Before: Our objectives were, first, to compare the variability of the main outcome between
different arms in clinical trials published in medical journals and, second, to provide a
first, rough estimate of the proportion of studies that could potentially benefit from
precision medicine. As sensitivity analysis, we explore the changes in the experimental
arm’s variability over time (from baseline to the end of the study). We also fit a random-
effects model to the outcome variance ratio in order to isolate studies with a variance
ratio outside their expected random variability values (heterogeneity).

After: Our objectives were, first, to compare the variability of the main outcome between
different arms in clinical trials published in medical journals using a random-effects
model; and, second, to provide a rough estimate of the proportion of studies that could
potentially benefit from precision medicine. Finally, we explore the changes in the
experimental arm’s variability over time (from baseline to the end of the study).
 
Also, we have reordered the whole Discussion section according to these objectives: 

1) Variability comparison between arms and explanation
 
2) Rough estimate of the studies that potentially benefit from precision medicine (greater
variability in experimental arms)
 
3) Variability comparison between arms and explanation provided in your first suggestion
of this section.
 

Source data

1. I had trouble opening the source data both in Excel (since the csv file is in fact
semi-colon-delimited) and in Stata (which was thrown by line 80). Could it be provided in a more
convenient format or with some notes?

We have changed the format (now, columns are comma-delimited) both in the Shiny app
and in the Figshare repository. We also solved the problem with line 80, which included

 some unnecessary quotation marks (“) in the  field.Title

 No competing interests were disclosed.Competing Interests:

Author Response 06 Nov 2018
, Universitat Politècnica de Catalunya, SpainJordi Cortés

Following your suggestions together with those of the other reviewers, we have updated the
manuscript with a new version that aims to emphasize the fact that researchers’ assumption of a
constant effect is not clear as long as they do not mention it explicitly. Admittedly, in those studies
whose sample size calculation considers some variability in the treatment effect, there is no doubt
that this premise has not been considered. 
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