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Abstract

The estimation of treatment response heterogeneity (TRH) is increasingly important as medicine moves toward personalized
approaches. Although various statistical methods have been proposed to quantify TRH in parallel-group trials, the standard devi-
ation of individual responses (SDIR) has gained prominence within physiological research. This method is intended to quantify
individual response variation by comparing standard deviations of change scores between intervention and control groups. We
acknowledge that SDIR represents an improvement over many other flawed approaches that often involve responder counting.
However, SDIR has critical limitations: 1) it cannot overcome the fundamental problem of causal inference because the correlation
between potential outcomes remains unidentifiable, 2) it is incorrectly predicated on the assumption that TRH is present only
when treatment group variance exceeds control group variance, and 3) it is statistically inefficient. We present an alternative
framework, which involves assessing heteroskedasticity and estimating the bounds for the standard deviation of treatment
effects (SDD). The presence of heteroskedasticity between treatment groups is a sufficient but not necessary condition for the
presence of TRH. Furthermore, SDD makes fewer assumptions than SDIR and, therefore, paints a more complete picture of
potential TRH. Using data from a published exercise physiology study, we demonstrate how SDD can better characterize uncer-
tainty in TRH estimation. We recommend that researchers probe TRH by assessing heteroskedasticity, providing bounds for
SDD, and estimating outcome distributions and probabilities while carefully crafting the theoretical rationale for the presence of
TRH.

individual differences; individual response variation; personalized medicine; potential outcomes; responders

INTRODUCTION

Treatment response heterogeneity (TRH) has become
increasingly important with the rise of personalized medi-
cine. Although various statistical approaches have been
proposed to quantify this heterogeneity in parallel-group
trials, one method has gained prominence in exercise
physiology research: the standard deviation of individual
responses (SDIR). This method, popularized by Atkinson
and Batterham (1) and Hopkins (2), is intended to quantify
“true” individual response variation by comparing the
standard deviations of change scores between interven-
tion and control groups.

The SDIR approach has been used mainly in exercise
physiology research, where it has been used to identify so-
called “responders” and “nonresponders” to interventions

and estimate the proportion of individuals who might ben-
efit from treatment (3, 4). Those using SDIR in situations
where there is a negative control (such as a no-treatment
or placebo group) implicitly assume that such groups
exhibit zero true interindividual outcome variance, and
any observed variance can be attributed solely to mea-
surement error and within-subject variability (e.g., biolog-
ical variation). However, despite its popularity, the SDIR

method rests on several other crucial assumptions that
can limit its validity and utility.

In this paper, we critically evaluate the statistical and con-
ceptual foundations of the SDIR method. Specifically, we
show that: 1) SDIR has strict assumptions about TRH, 2) this
may lead researchers to dismiss the potential of TRHwhen it
is present, and 3) the method is inefficient compared with
other heteroskedasticity tests (i.e., statistical methods that
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assess how residual variance depends on an independent
variable, such as groupmembership).

We then present alternative approaches that address
these limitations and allow researchers to estimate TRH
without such strict assumptions. Based on bounds for the
true standard deviation of treatment effects, these methods
provide a more complete picture of potential response vari-
ation while making fewer assumptions about its underlying
nature.

Our goal is to encourage the investigation of TRH using
approaches that rest on sound statistical foundations and
have transparent and justifiable assumptions. By acknowl-
edging the limitations of current methods and exploring
approaches that explicitly account for uncertainty, research-
ers can enhance their contributions to the investigation of
personalized treatment approaches.

DEFINING TREATMENT RESPONSE
HETEROGENEITY

In parallel-group trials, understanding TRH requires a
precise distinction between true treatment effects (i.e.,
treatment response) and observed changes. Consider a
pre-post parallel-group design comparing treatment (T)
and control (C). By the end of the study, an individual has
two potential outcomes: Y(T) if assigned to treatment and
Y(C) if assigned to control. The true individual treatment
effect is the difference between these potential outcomes:
D ¼ Y(T) � Y(C). TRH represents how D varies across indi-
viduals. Importantly, the true individual D cannot be
directly observed in parallel-group trials because each par-
ticipant receives only one condition. This is true even in a
standard two-condition two-period crossover trial because
each participant receives only one condition in one period
of time. Within each study participant, only one outcome
can be observed in any period of time; the other (potential)
outcome is the counterfactual (i.e., what would have hap-
pened had the participant been randomized to the other
group).

A common misconception is attributing observed within-
group changes to the treatment (1). Researchers often con-
sider the pre-post change in the treatment group [Y(T)Post �
Y(T)Pre] as representingD and the change in the control group
[Y(C)Post � Y(C)Pre] as the “placebo effect.” These interpreta-
tions erroneously assume that had an individual not received
the treatment or placebo, the measured outcome would not
have changed over the duration of the study. Without a
control group, one cannot separate treatment effects from
natural variation, regression to the mean, or other tempo-
ral changes of the dependent variable. Even with gold-
standard measurement tools, at least some random within-
subject variation is inevitable over time. This variation can
create the appearance of response heterogeneity when
none exists or mask true treatment response differences.
As Atkinson and Batterham (1) described, this often repre-
sents “random error masquerading as response differen-
ces.” Although individual effects remain unobservable, an
unbiased estimate of the average causal treatment effect
can be obtained by comparing observed outcomes between
groups (5).

Quantifying TRH involves estimating the standard devia-
tion of individual treatment effects, denoted rD for a popula-
tion and SDD in a sample. However, the standard deviation
of individual treatment effects, SDD, cannot be directly com-
puted from observed data in parallel-group trials because it
requires knowing each participant’s response to both condi-
tions. The observed variation in outcomes or changes within
treatment groups includes both true response heterogeneity
and other sources of variation, particularly within-subject
random variability betweenmeasurement timepoints. Using
baseline or preintervention scores to calculate change scores
does not eliminate this issue.

BACKGROUND ON THE STANDARD
DEVIATION OF INDIVIDUAL RESPONSES

Given these points, we would like to address a recently
popularized method for assessing TRH, referred to as the
SDIR (1, 2, 6–8). The proponents of this specific method
have claimed that 1) it can be used to detect and estimate
the degree of TRH, 2) the estimated TRH represents TRH
caused by the treatment, and 3) the estimated TRH can be
used to estimate the proportion of “responders.” All three
claims have important assumptions that, when violated,
rise to the level of errors. Herein, we aim to explain these
assumptions and how they can be addressed. However,
we would like to note that this SDIR approach is inferen-
tially superior to many other methods for investigating
TRH. Simple responder counts by dichotomizing research
participants as “responders” or “nonresponders” are pre-
sumptive, and the superiority of SDIR in this regard is
clearly discussed by Atkinson et al. (7).

The SDIR method has been proposed for studies involving
continuous outcomes that are measured both before and
after receiving some treatment (pre-post measurements in
parallel groups). The change scores for an outcome for every
individual in the study can then be calculated. The logic pro-
posed by proponents of the SDIR approach is the following:
The standard deviation of the change scores only includes
the within-subject variation (r2

w) and measurement error
(r2

ɛ ). Within-subject variation encompasses multiple sources,
including biological fluctuations over time, behavioral
changes unrelated to treatment, environmental factors,
and the natural stability or instability of the outcome
being measured. For example, in a study of blood pressure
medications, r2

w might include daily fluctuations in blood
pressure due to stress, diet, sleep patterns, and seasonal
effects, whereas in a fitness study measuring maximal
oxygen consumption, it could include variations due to
motivation during testing or circadian rhythms due to
timing of the tests. Measurement error reflects the techni-
cal precision of the measurement tools. If treatment
effects vary across individuals (r2

IR > 0), the treatment
group will exhibit greater change score variability than
the control group (i.e., r2

w þ r2
ɛ þ r2

IR > r2
w þ r2

ɛ ). In sim-
pler terms, the logic of SDIR is that if the treatment
impacts people differently, the variability of change
scores (improvements or declines) will be greater in the
treatment group than in the control group. This assump-
tion is based on the premise that both groups are equally
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exposed to nontreatment-related factors affecting observed
change scores (e.g., random within-person variation, mea-
surement error, true temporal changes unrelated to treat-
ment, etc.), and only the treatment group receives an active
intervention. Thus, an observed difference in variances
between groups is attributed to individual variation in the
treatment response. For this logic to hold, the control group
must function as a negative control, meaning it should
exhibit no true interindividual response variance, and all
observed variance can be attributed to within-subject varia-
tion andmeasurement error. This logicmakes a critical math-
ematical assumption: individual treatment effects D are
independent of the effects of the control (see Supplemental
Material).

The SDIR is calculated as:

SDIR ¼ sgnðs2T � s2CÞ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
js2T � s2Cj

q
;

which relies on the estimated standard deviation of change
scores in the treatment (sT) and control groups (sC).
Confidence intervals can be formed on the differences in var-
iances using a normal approximation, and the square root of
those bounds can be taken to obtain the desired confidence
limits (2, 9). The sgn function included in our equation for
calculating SDIR serves to always make SDIR positive for sit-
uations in which sT is less than sC, when the difference would
be negative. Barring the hassle of potential sign errors if the
sgn function is not used, there is nothing statistically errone-
ous about calculating SDIR itself because it is just an estimate
of the square root of the difference in variances.

Some have advocated using SDIR to estimate the propor-
tion of responders (4, 8). They use the standard normal
cumulative distribution function (U(·)) to estimate the pro-
portion of individuals whose treatment effect would exceed
a specified threshold (typically the minimally clinically
important difference or the minimal detectable difference):

Proportionof responders ¼ U
D � t

SDIR

� �
;

where D is the mean difference between the treatment and
control groups, and t is the threshold indicating the smallest
difference of interest.

THE STATISTICAL ISSUES

Issue No. 1: The Fundamental Problem of Causal
Inference

As some have illustrated (8), SDIR seems akin to a ran-
dom slope component from a mixed-effects model. As
stated by Atkinson et al. (7), the SDIR “is considered a
parameter for the distribution of true responses in the
population of interest alongside the mean treatment
effect.” This is a major assumption that might often be
incorrect (see Supplemental Material for a greater discus-
sion of this assumption). Although it is tempting to inter-
pret this as being a way to estimate the variance of D, it
relies on a critical assumption about something we cannot
observe: the correlation between an individual’s outcome
with the treatment and their outcome with the control
[i.e., the correlation between Y(T) and Y(C) for the same
person]. To illustrate, imagine we could magically give the

same person both treatment and control simultaneously.
Would someone who has a favorable outcomewith the treat-
ment have a similarly favorable outcome with the control?
This correlation is mathematically well-defined within the
potential outcomes framework and directly affects variance
calculations, but it remains fundamentally unobservable in
parallel-group designs. This is often referred to as the “fun-
damental problem of causal inference” (10) because we can
only observe a single potential outcome for each participant
within a parallel-group experimental design. The SDIR calcu-
lation implicitly assumes this correlation takes a specific
value, but alternative correlation values could yield substan-
tially different estimates of TRH.

When TRH is present, the genuine impact of treatment(s)
varies among different individuals within a population. To
clarify these points, we shall consider two potential out-
comes, Y(C) and Y(T), from a two-arm parallel-group trial
mentioned earlier. The variable Y(T)i is the value of the out-
come on participant i when exposed to the treatment, and
Y(C)i is the value if exposed to the control condition. The two
values are imagined to be measured at the same moment in
time. In a parallel-group trial, only the outcome correspond-
ing to the group to which the participant was assigned is
observable. The concept of two potential outcomes aids
in conceptualizing a true treatment effect. Assuming other
assumptions are met, the true treatment effect has a
mean and variance defined by Gadbury and Iyer (11) as
the following:

D ¼ YðTÞ � YðCÞ:

r2
D ¼ r2

T þ r2
C � 2rTrCqTC:

The marginal distributions of Y(T) and Y(C) are readily
available from any parallel-group trial, but the correlation
between potential outcomes, rTC, is not (empirically) identi-
fiable. For TRH to be absent (rD ¼ 0), both the variance of
Y(C) and Y(T) would have to be equal, and the correlation
(rTC) equal to 1. The central challenge in estimating TRH is
the inability to estimate this correlation from real, observed
data. For this reason, the presence of a difference in the var-
iances between treatment conditions (at the population
parameter level, not at the sample statistic level) is a suffi-
cient but not necessary condition to indicate that TRH is
present.

Because rTC must lie within the interval [�1, 1], upper and
lower bound estimates of rD can be calculated. The lower
bound, which occurs when rTC ¼ 1, for the sample variance
is min(SDD) ¼ jsT � sCj. The upper bound, which occurs
when rTC ¼ �1, is max(SDD) ¼ sT þ sC. The standard devia-
tion representing TRH could be greater than min(SDD) but
cannot exceed max(SDD) (11). Furthermore, it could be rea-
sonable to speculate that rTC is closer to 1 than�1, but this is
an untestable assumption.

Given the mathematical assumptions laid out by Gadbury
et al. (12), it becomes clear that the SDIR should not uncriti-
cally be assumed to be a “parameter [or unbiased estimate
thereof] for the distribution of true responses.” The use of
SDIR involves making strong assumptions that cannot be
empirically tested because we cannot identify a correlation
between potential outcomes (rTC). Indeed, these assump-
tions may be untenable inmany exercise science studies (see
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Supplemental Material). Instead, one can loosen the
strict assumptions made by SDIR by presenting bounds of
the SDD. The strict assumptions made by SDIR propagate
into the calculation of the proportion of responders. If
SDIR’s strict assumptions are not met, the true denomina-
tor, the SDD, could be considerably larger or smaller. The
proportion of those who benefit (Pbenefit ¼ Pr[D > 0]), are
harmed (Pharm ¼ Pr[D < 0]), or even to respond beyond a
predetermined threshold (Presponder ¼ Pr[D > t]) can be
estimated from the bounds on SDD (12). Using these
bounds and the estimate of D, we can then use the stand-
ard normal cumulative distribution function to estimate
these probabilities.

Issue No. 2: Sources of Individual Response Variance

Proponents of SDIR have articulated that TRH is only pres-
ent when the variance is greater in a treatment arm com-
pared with the control arm. It was stated by Atkinson et al.
(6) that, “In a parallel group study, true individual differen-
ces in exercise response are present only if the SD of change
is substantially larger in the exercise group than the control
group.” Yet, it has been discussed elsewhere that TRH can
exist even when the variance is not greater in the treatment
group (9, 13). In fact, treatments could “homogenize” out-
comes relative to the control group, which arguably still rep-
resents TRH (i.e., the degree of treatment effect still varies
between individuals).

By extension, this implies that the intervention must
cause a difference in population variances. This might be a
plausible (but not necessary or verifiable) circumstance for
very short placebo-controlled trials wherein an experimental
drug might be the only major source of additional variance.
However, such a broad assumption would certainly be too
bold for comparative effectiveness studies that involve two
competing treatments (e.g., new treatment vs. standard-of-
care), wherein individuals may have varying responses to
both treatments. A difference in variance does imply some
degree of heterogeneity (though importantly, the converse
and inverse are not true), and this conclusion should not be
restricted to when the experimental group has a higher var-
iance than the control group (14). Comparisons of variances
between the treatment groups should then be two-sided and
consider that there could be greater variance in either the
control or treatment arm of a parallel-group trial.

Beyond this conceptual limitation, the SDIR framework
is also restricted in its applicability, as it can only be used
in parallel-group trials where pre-post measurements are
available to calculate change scores. In contrast, the SDD

and other heteroskedasticity tests provide a more versa-
tile framework that can be applied to any parallel-group
design, including those where only post-intervention
measurements are available. This broader applicability is
especially valuable in settings where baseline measure-
ments are impractical, impossible, or simply were not col-
lected in an existing dataset, allowing researchers to
investigate TRH across a wider range of study designs (9).

Issue No. 3: Statistical Efficiency and Testing

Though the SDIR calculation provides useful insights, it
lacks statistical efficiency when comparing group variances,

typically requiring substantial sample sizes for precise
interval estimates. Statistical efficiency here refers to how
effectively a method extracts information with minimal
variance—essentially the precision of parameter estima-
tion compared with alternative approaches. Furthermore,
although variance comparisons across groups can help
identify TRH, this methodology, whether using SDIR or
other techniques, faces substantial limitations.

Compared with other heteroskedasticity tests (e.g., var-
iance ratio test), the SDIR approach has less statistical
power, with this effect being most pronounced at very
small sample sizes, where even the nominal a level is not
maintained (see Supplemental Material). Given that many
studies in physiology research have small sample sizes,
researchers may overlook possible TRH when further
investigation is warranted (i.e., high type II error rates). In
particular, differences in variances between groups may
be hard to detect based on “statistical significance.” For
example, to achieve 80% statistical power when testing
for heteroskedasticity between two groups, a study would
need 68 participants per group to detect a twofold var-
iance increase, and nearly 3,500 participants per group to
detect a modest 10% difference in variances (15). Most
physiological studies (16) and even meta-analyses lack
sufficient statistical power to detect such differences in
variances between treatment groups. Physiologists should
exercise substantial caution when determining TRH pres-
ence based on heteroskedasticity tests with limited sam-
ple sizes (e.g., fewer than 60 participants per group, and
certainly, they should not conclude the absence of TRH
based on such tests—see Supplemental Material for more
details).

Comparing variances to test for TRH dates back to a 1938
letter from Ronald A. Fisher to Henry Daniels (17), and vari-
ous tests for detecting heteroskedasticity have been devel-
oped since (9). Although substantial variance differences
between groups should warrant additional investigation into
why individuals might respond differently to treatments, it
is important to note that TRH does not always result in
increased variance in the treatment compared with the con-
trol arm (9, 13). Additional caution is also warranted because
heteroskedasticity may reflect measurement scale issues.
For example, in some cases, a transformation (like the log-
transformation) can eliminate heteroskedasticity (18), but
the interpretation of TRH on the clinically meaningful scale
should not be ignored [see Poulson et al. (19) for a greater
discussion].

Even when group variances are equal, rD could be
meaningfully large, indicating true individual differences
in treatment response. Consider a scenario where some
individuals experience increased benefit, whereas others
experience decreased benefit from treatment. Such differ-
ential responses could produce similar overall variance
between treatment and control groups while still generat-
ing substantial rD. Tests of heteroskedasticity could
incorrectly be interpreted as suggesting no TRH exists in
this case, because they only capture differences in group
variances rather than the true variance of individual
treatment effects. The variance components from a paral-
lel-group trial cannot be used to definitively rule out the
potential of TRH.
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Therefore, although finding different variances between
groups is sufficient to demonstrate heterogeneous treat-
ment effects, it is not a necessary condition: TRH can exist
even when variances are similar between groups. These
tests may be useful when the intention is to establish suffi-
cient conditions for claiming TRH, but the failure of these
tests to reach statistical significance cannot be used to
eliminate the possibility of TRH. Researchers should be
cautious about relying solely on variance comparisons
when making claims regarding TRH, especially in scenar-
ios where sample sizes are small and tests of heteroskedas-
ticity will be underpowered. This issue is obviously not
limited to the SDIR, but it is more pronounced compared
with other, more efficient tests. Compared with other
issues, the problem of efficiency for heteroskedasticity
tests is a relatively minor issue that primarily affects those
making dichotomous decisions based on P values or confi-
dence intervals from heteroskedasticity tests. If research-
ers avoid making dichotomous decisions regarding the
presence or absence of TRH, the seriousness of this issue is
diminished.

Summary of the Issues

Although the SDIR approach represents an advance-
ment over simple so-called responder counts, it has
several important limitations that researchers should
consider that are highlighted in Table 1. First, the funda-
mental problem of causal inference means we cannot
identify the correlation between potential outcomes,
making it impossible to directly estimate the true stand-
ard deviation of individual treatment effects (rD). The
SDIR makes a strong assumption concerning the correla-
tion between treatment and control outcomes; when this
assumption is not thoughtfully justified, bounds would be
more appropriate, even as a sensitivity analysis. Second,
the assumption that TRH only exists when treatment
group variance exceeds control group variance is overly
restrictive. Heterogeneous treatment effects can exist even
when variances are equal between groups or when the

control group has greater variance. Third, the SDIR lacks
statistical efficiency compared with alternative methods
like the variance ratio test, potentially leading to more
underpowered analyses of TRH, especially in studies with
modest sample sizes. Also, researchers should also be cau-
tious in their interpretation of heteroskedasticity tests and
how they relate to the presence or absence of TRH.

It is important to recognize that traditional parallel-
group experimental designs, while efficacious for esti-
mating average treatment effects, are not designed to
investigate TRH. These designs were primarily developed
to answer population-level questions about mean effects,
not individual-level questions about response variability.
Consequently, researchers should be cautious about mak-
ing definitive claims regarding the presence or absence of
TRH based solely on parallel-group trials and a heteroske-
dasticity test. The absence of statistically significant het-
eroskedasticity test as evidence for TRH should not be
interpreted as definitive evidence that no meaningful
TRH exists (only that there is a lack of evidence of TRH).
Alternative designs that expose individuals to both treat-
ment and control conditions, such as replicate crossover
designs and variations on the Balaam design, may be bet-
ter suited for investigating true individual differences in
treatment response (20, 21).

AN EXAMPLE OF AN APPROPRIATE TRH
ANALYSIS

Now, let us inspect a previously published study by
Plotkin et al. (22) as an example of how to appropriately
discuss and display TRH from a parallel-group trial. This
study aimed to assess how muscle size and strength adap-
tations differ between two exercise prescription patterns,
which aimed to progressively increase load or repetitions
(LOAD and REPS, respectively). The SDIR approach becomes
particularly problematic when applied to comparative
effectiveness studies such as these. In such designs, the
fundamental assumption that the differential effects of

Table 1. Summary of issues with the standard deviation of individual response

Claim Problem Solution

“[SDIR] is considered a parameter for the
distribution of true responses in the
population of interest alongside the mean
treatment effect” (7)

• Makes a strong, rarely justified assumption
concerning the correlation between
potential outcomes.

• We cannot (empirically) identify this correla-
tion, making the assumption untestable.

• Present bounds for the SDD (12)
• These bounds could also be presented

alongside response distributions and
bounds for the probability of harm or benefit

“In a parallel group study, true individual
differences in exercise response are
present only if the SD of change is
substantially larger in the exercise group
than the control group” (6)

• TRH can exist when the control group
shows greater variance or even when the
group variances are equal.

• Ensure any comparisons of the variances
are two-sided

• Do not necessarily disregard the potential of
TRH if the control group has greater or
equal variance

SDIR can be used to detect TRH by compar-
ing variances between treatment groups

• SDIR is an inefficient method.
• Differences in variances are only a sufficient

and not necessary condition to declare that
there is nonzero TRH.

• Use other tests or estimates of heteroske-
dasticity; see Mills et al. (9) for possible
suggestions

• Do not conclude or claim that there is no
presence of TRH based solely on a
nonsignificant test of heteroskedasticity

SDD, standard deviation of treatment effects; SDIR, standard deviation of individual responses; TRH, treatment response
heterogeneity.
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the interventions can be represented by an orthogonal
variance component is tenuous. Moreover, in studies
comparing two exercise modalities (i.e., LOAD vs. REPS),
designating one intervention as the “control” is arbitrary,
as the SDIR assumptions seem most valid in cases when
there is a negative control (e.g., a placebo condition).
Notably, proponents of the SDIR approach have primarily
focused their methodological discussions on classic inter-
vention-versus-(negative) control designs, leaving a sig-
nificant gap in guidance for comparative effectiveness
research. Here, we outline an analysis that could be
applied to studies parallel-group trials with or without a
negative “control” group.

An analysis of covariance can be used to estimate the aver-
age treatment effect (D). In the case of Plotkin et al. (22), we
estimate the average treatment effect while adjusting for the
preintervention one-repetition maximum back squat and
the biological sex of the participant. This analysis indicated

that the average treatment effect favored LOAD by 2.03 kg
over REPS, 95% confidence interval [�3.99, 8.05].

The change score standard deviation estimates are 7.65
and 12.24 for the REPS and LOAD groups, respectively.
Heteroskedasticity tests yield P values ranging from 0.0506
to 0.0775 (see Supplemental Material). Although none of
these tests meet the traditional threshold for “statistical sig-
nificance”, notably, the standard deviation in the LOAD
group is 1.6 times greater than that of REPS, which should
(but alone is not needed to) prompt greater scrutiny of TRH.
Because the study did not have a negative control, the label-
ing of which group is a control is arbitrary—the direction of
heteroskedasticity (i.e., which treatment group has greater
variance) should always be ignored in such trials.

From the observed change scores, the bounds of SDD point
estimates range from 4.6 to 19.9 kg, with considerably wide
confidence intervals for these point estimates (Fig. 1A).
Based on these point estimates and normality assumptions,
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Figure 1. Relationship between the correlation of potential outcomes (rLOAD,REPS) and estimated treatment response heterogeneity (TRH). A: TRH can be
easily understood as the standard deviation of the treatment effect (SDD), which varies as a function of the assumed correlation of potential outcomes. In
the case of Plotkin et al. (22), the assumed correlation has drastic effects on the expected TRH, and importantly, there is much uncertainty in these esti-
mates (black dotted line¼ point estimate; gray ribbon¼ 95% CI; red line ¼ no effect). B: using the point estimates of SDD, the expected distributions of
treatment responses can be depicted (color ¼ percentile and 1-percentile of the treatment response). This plot makes it apparent that, under certain
assumptions, TRH dwarfs the average treatment effect. C: based on the treatment response distributions in B, the probability of harm (Pharmed) can be
calculated (12). Note that there is considerable uncertainty associated with these point estimates, which incorporates the uncertainty of the intervention
effect and the SDD. D: since there is appreciable uncertainty in the estimation of SDD, this can be incorporated into depictions of the response distribu-
tions. Whereas B depicts response distributions that use the point estimates of SDD, D shows distributions for the point estimate (green) and 95% CI of
SDD (dark blue to yellow) for specific values of rLOAD,REPS. In every panel, the dot-dash style green vertical line represents the value of rLOAD,REPS

assumed by the SDIR. 1-RM, one-repetition maximum; CI, confidence interval; SDIR, standard deviation of individual responses.
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we can graphically depict the expected treatment response
distribution as a function of the assumed correlation (rLOAD,

REPS). From these individual treatment effect distributions,
the probability of harm from the REPS treatment can be esti-
mated. The bounds of Pharmed ranged from 54% to 67% with,
again, considerable variability in these estimates due to the
sample size (Fig. 1C). Using this information, we could then
add that given the average treatment effect, and our esti-
mates of SDD, a sizeable number of individuals could have a
net negative effect of using the REPS training compared with
LOAD. Finally, because there is appreciable uncertainty in
SDD, we can depict how this uncertainty propagates into the
expected distributions of treatment effects at certain values
of rLOAD,REPS (Fig. 1D). Illustrating treatment response distri-
butions provides readers with a clear and transparent pic-
ture of the implications of TRH across a range of assumptions
that one canmake, whereas SDIR provides an estimate of TRH
with a strict assumption concerning the value of rLOAD,REPS

(vertical dot-dash green lines).
The authors could then conclude that given the small

effect size, especially relative to our different sources of
variance, neither treatment is likely to confer much bene-
fit or harm compared with the other. However, given the
potential bounds of SDD, the authors may consider the dis-
cussion of TRH worthy of further inspection. Potential
interactions could be explored, and covariates could be
used to tighten the bounds on SDD (12, 21). The authors
could also provide some speculations concerning unmeas-
ured factors influencing TRH and propose study designs
that could address these factors in the future (21). Finally,
researchers should avoid using TRH as a default explana-
tion when results are ambiguous or fail to show “statisti-
cally significant” effects. Attributing such results to TRH
without theoretical justification is not a rigorous interpre-
tation of parallel-group trials.

CONCLUSIONS

The investigation of TRH represents an important frontier
in understanding how interventions affect different individ-
uals, particularly as the field moves toward personalized
medicine. Although the SDIR method improved upon other
approaches, it makes strong assumptions that restrict its util-
ity for estimating true TRH in many parallel-group trials,
especially comparative effectiveness trials, which are ubiqui-
tous in exercise physiology. Most importantly, the SDIR

approach cannot resolve the fundamental problem of causal
inference, potentially making erroneous assumptions when
attempting to reflect true individual treatment effect var-
iance. This approach’s strict requirementsmight only be via-
ble under specific circumstances (detailed in Supplemental
Material)—researchers continuing to use this method should
therefore justify how their trial satisfies these necessary
conditions.

As Rothman et al. (23) astutely observed, disagreements
over TRH often stem from failure to separate distinct con-
texts in which heterogeneity is evaluated: statistical, bio-
logical, public health, and individual decision-making.
Each context has different implications for how treatment
heterogeneity should be assessed and discussed. The SDIR

approach primarily operates in the statistical context, and

the other three contexts that are crucial for meaningful
translation of research findings.

Rather than relying solely on SDIR, we recommend that
researchers think carefully about their goals and use analy-
ses that address those goals:

1) If researchers want to establish the presence of TRH,
then evidence of the sufficient condition of heteroske-
dasticity should be enough. Although such tests are suf-
ficient to evidence the presence of TRH, they cannot
rule it out, even if they have a very precise estimate that
indicates homoskedasticity.

2) If researchers are interested in estimating the degree of
TRH, they are left with SDIR and SDD. SDIR makes strong
assumptions about rTC, which, in many cases, are tenu-
ous. Thus, the safest option is to present SDD with the
relevant graphical depictions, and perhaps the authors
can comment onwhich rTCmay bemore or less reasona-
ble depending on their experiment and theory.

3) Estimate bounds for the probability of harm or benefit
or from treatments, which provides more actionable
information for clinical decision-making and better
aligns with what Rothman et al. (23) identified as essen-
tial for both public health and individual contexts.

4) When a salient degree of heterogeneity is detected, care-
fully investigate potential mechanisms and moderators
rather than simply attributing results to undefined
“individual differences.”

Importantly, researchers should avoid using TRH as a
default explanation for “nonsignificant” differences with-
out a theoretical justification. Asserting that TRH is an
explanation, despite negligible average effects, necessarily
implies “harm” to certain subgroups—an assumption that
warrants scrutiny. The field of exercise physiology would
benefit frommoving beyond simply detecting heterogene-
ity and toward understanding its underlying causes and
implications for treatment decisions (21). Of particular
concern is the widespread practice of classifying individu-
als as “responders” and “nonresponders” based on observed
changes, which represents what Senn (24) termed “dicho-
tomania”—the problematic transmutation of continuous
outcome measures into binary classifications. This prac-
tice can be misleading due to the fundamental problem of
causal inference that we described earlier and substantial
losses in statistical efficiency and interpretability. Rather
than speciously pursuing responder identification in
small studies, researchers should prioritize collecting
large, diverse samples to detect meaningful moderators
of treatment effects. In addition, modern advances in
experimental design offer many improvements over the
parallel-group design for the identification of TRH (25),
exemplified by innovative approaches such as replicated
within-participant unilateral trials that can more effec-
tively separate true individual differences from measure-
ment error and biological variability (26). This approach
shift is imperative to avoid perpetuating analyses that
may reflect statistical artifacts rather than true individual
variation, and in turn, it will facilitate genuine personal-
ized medicine and exercise prescriptions.

These recommendations aim to advance more rigorous
investigation of TRH while acknowledging the inherent
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limitations in parallel-group designs. By adopting more
nuanced analytical approaches that explicitly address sta-
tistical, biological, public health, and individual decision-
making contexts, and by maintaining high standards for
causal inference, researchers can better contribute to the
development of truly personalized treatment approaches.

SUPPLEMENTAL MATERIAL

Supplemental Material: https://doi.org/10.5281/zenodo.15492100.
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