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Abstract

Background: Novel clinical measures assessed by a digital
health technology tool require thresholds to interpret change
over time, such as the minimal clinically important difference.
Establishing such thresholds is a key component of clinical
validation, facilitating understanding of relevant treatment
effects. Summary: Many of the approaches to derive inter-
pretative thresholds for patient-reported outcomes can be
applied to digital clinical measures. We present theoretical
background to the use of interpretative thresholds, including
the distinction between thresholds based on perceived im-
portance versus measurement error, and thresholds for
group- versus individual-level interpretations. We then review
methods to estimate such thresholds, including anchor-based
approaches. We illustrate the methods using data on cough
frequency counts as measured by a wearable device in a
clinical trial. Key Messages: This paper provides an overview
of statistical methodologies to estimate thresholds for the

interpretation of change. © 2025 The Author(s).
Published by S. Karger AG, Basel

Introduction

Validation assesses the extent to which a new clinical
measure evaluated by a digital health technology (DHT)
tool is suitable for use in clinical research and patient care
[1-3]. A DHT can be broadly defined as “a system that
uses computing platforms, connectivity, software, and/or
sensors for health care and related uses” [2]; however, in
this paper we focus on DHTs used to measure health
outcomes in clinical research such as electronic clinical
outcome assessments (COAs) and sensor-based digital
biomarkers. The V3 framework splits validation into
verification, analytical validation, and clinical validation
phases [1]; here, we focus on the last step of clinical
validation. Ratitch et al. [4] identified four “critical ele-
ments” of clinical validation: reliability, associations with
other clinical measures, responsiveness, and the minimal
clinically important difference (MCID). A previous paper
provided an overview of analyses for assessing reliability
[5]; this paper is designed to follow on from this, pre-
senting statistical methods related to the MCID.

The MCID was originally defined as “the smallest
difference ... which patients perceive as beneficial and
which would mandate, in the absence of troublesome side
effects and excessive cost, a change in the patient’s
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management” [6]. While this original definition focuses
on the care of an individual patient, researchers also
require thresholds to discern clinically important dif-
ferences between groups of patients. Additionally, re-
searchers may be interested in what constitutes a mod-
erate or large change, beyond a minimal threshold.
Therefore, this paper generally discusses interpretative
thresholds for clinical measure values arising from DHT
tools, rather than a strict focus on the MCID as originally
defined.

The objective of this paper is to summarize method-
ologies to estimate thresholds for the interpretation of
clinical measure values. The paper assumes familiarity
with basic statistical concepts (e.g., correlation, logistic
regression) and provides a review/tutorial on specific
methods to estimate interpretative thresholds that build
on these basic concepts. Most of the relevant literature on
interpretability stems from patient-reported outcomes
(PROs) and other COAs. While these methods are
generally applicable to wider DHTs, we highlight in-
stances where this may not be the case. Two recent ar-
ticles discuss interpretative thresholds in the context of
DHTs, albeit without a focus on statistical methods [7, 8].
The article by McCarthy et al. [7] provides a particularly
useful list of example studies estimating thresholds.

Theoretical background to the MCID and other
thresholds is provided. We then review statistical
methods to estimate these thresholds, including the type
of data required to implement such techniques. These
methods are then demonstrated using data from a cough-
recording device administered within a clinical trial.

Theoretical Background

The following sections review the distinction between
thresholds based on perceived importance versus mea-
surement error, interpretations at a group- or individual-
level, and magnitude of thresholds beyond minimal. A
note on terminology is provided in the online supple-
mentary material (for all online suppl. material, see
https://doi.org/10.1159/000543899).

The focus of this paper is the comparison of clinical
measure values within/between individuals or groups of
participants, where all values are observed estimates.
Other types of interpretative guideline, such as cross-
sectional severity/diagnostic/prognostic cut-offs [9-11],
Patient Acceptable Symptom State [12], or normative
values [13] are not described further in this review given
they compare against a fixed external value rather than an
observed estimate. Similarly, the use of a single clinical
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measure value to identify an event of interest after start of
treatment (without pre-post-comparison of the value) is
not covered within this review, but has been discussed
previously [4].

Perceived Importance versus Measurement Error

Thresholds for interpreting clinical measure values can
be based on the perceived importance of changes (often
from the patients’ perspective) or based on measurement
error. Thresholds based on perceived minimal impor-
tance are aligned with the concept of the MCID as
originally defined. Measurement error is the inverse of
reliability, expressed on the same metric as the clinical
measure, where changes within the range of measurement
error may not represent a true change in the construct of
interest. Therefore, thresholds can be set beyond the
expected variation in clinical measure values due to
measurement error; however, these do not reflect per-
ceived importance. Additionally, thresholds based on
perceived importance are more relevant for regulatory
authorities [7].

An alternative approach to interpretation is based on
standardized effect sizes (SESs), e.g., 0.2, 0.5, or 0.8
standard deviation units taken to represent a “small,”
“medium,” or “large” effect, respectively [14-16]. SESs
have previously been grouped with thresholds based on
measurement error under the term “distribution-based
indices” [17]; however, the SESs do not concern mea-
surement error so we view these as theoretically distinct.
Given the arbitrariness of what constitutes a “small,”
“medium,” or “large” effect size, we recommend focusing
on thresholds for perceived importance and/or mea-
surement error and therefore do not describe SESs
further.

Group-Level and Individual-Level Thresholds

Most interpretative thresholds based on perceived
importance can be categorized according to the level of
interpretation, type of comparison, and magnitude [18]
as per Table 1. In clinical trials where a DHT tool is used
to measure health outcomes before and after treatment, it
is common to express treatment effect in terms of the
between-group difference in mean change from baseline.
A group-level threshold for the difference in change over
time (case 1A and 2C) is then required to judge clinical
importance. Alternatively, one may wish to judge whether
an individual patient has improved to a clinically im-
portant degree (individual-level change over time, case 1B
and 2B). In the context of clinical trials, this can support
responder analyses where the proportion of patients with
changes meeting or exceeding a threshold are compared
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Table 1. Categorization of thresholds
based on perceived importance

Dimension Options
1: Level of interpretation A: Group
B: Individual

2: Type of comparison

3: Magnitude

A: Difference (cross-sectional)

B: Change over time?

C: Difference in change over time

A: Minimal

B: Larger than minimal (e.g., moderate or large)

aMay be further split according to improvement/worsening. Table adapted from

Trigg et al. [18].

[19, 20]. Example applications for the remaining cases are

as follows:

e Case 1A and 2B: A group-level change over time
threshold to ascertain whether a single treatment arm
improved by a clinically significant amount.

e Case 1A and 2A: A group-level cross-sectional dif-
ference threshold could be used to interpret whether
two treatment arms are sufficiently similar in their
baseline characteristics, especially useful to judge in
observational or “real-world” studies of comparative
effectiveness.

e Case 1B and 2C: The difference in change over time
between individuals would be evaluated in trials with a
“win ratio” endpoint [21].

 Case 1B and 2A: Individual cross-sectional difference
thresholds could be used as calipers for propensity
score matching in observational studies [22].

It is unlikely that thresholds derived at the group level
are transferable to interpretations at an individual level
[23-26]; however, they may be a useful starting point in
light of no other information [27]. Notably, in the original
paper defining MCID, the authors noted it could be used
for interpretation “both in individuals and in groups of
patients participating in controlled trials,” conflating in-
dividual- and group-level change which continues to this
day [6, 28]. Therefore, we recommend specifying the
intended interpretation when estimating and applying
any threshold as per the options in Table 1 (e.g., “minimal
within-individual change over time”).

Statistical Methods for Estimating Thresholds

For the remainder of this article, we generally refer to
the interpretation of changes over time for simplicity, but
make note where a cross-sectional difference is of specific
relevance. We consider the statistical methods to be
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generally applicable to any continuous digital clinical
measure, regardless of its origin or technological un-
derpinnings. The methods should also be appropriate for
ordinal measures with a high number of categories
(e.g.,>7) [29, 30]. Ordinal measures with fewer categories
(and binary measures) will carry the inherent assumption
that differences between categories are meaningful. To
aid understanding, a glossary is provided in Table 2,
including definitions and explanations of key terms.

Study Design

Thresholds to interpret clinical measure values should
be estimated using data from studies with eligibility
criteria reflecting the target population for which the
thresholds will be applied in future, especially in terms of
diagnosis and disease severity. Longitudinal data on the
clinical measure value of interest are required for a
thorough estimation of thresholds to interpret change
over time. The data should also ideally include potential
anchor measures, administered at the times relevant to
the endpoint that will be constructed based on the DHT
of interest.

An anchor measure is an external criterion reflecting
known changes in the same concept of interest (COI) as
the DHT tool. The most used anchor is the patient global
impression of change (PGI-C), also called transition
rating (see online suppl. Table S1). The PGI-C directly
asks about perceived change, but is subject to “present
state bias” where the respondent’s rating is more reflective
of their current health than true change over time [32,
33]. A solution to avoid present state bias is to administer
a patient global impression of severity (PGI-S) and cal-
culate the change in this measure as the criterion for
change. However, change in PGI-S is not as direct as a
measurement of the perceived importance of change,
where the importance of a 1-category change may require
further expert judgment or qualitative investigation [33,

Trigg et al.
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Table 2. Glossary of key terms

Term

Definition/explanation

Anchor measure

An external criterion reflecting known changes or differences in a particular COI

DHT

Discriminant analysis

“A system that uses computing platforms, connectivity, software, and/or sensors for health care and
related uses” [2]

A nonparametric anchor-based method to display the densities of clinical measure values split
by anchor groups. The intersection point of these densities is taken as the threshold estimate

eCDF plot

In the context of anchor-based analyses, a plot with change in clinical measure value on the
x-axis and the cumulative proportion of subjects on the y-axis, presented by anchor group. The
“empirical” description implies no smoothing is applied

Measurement error

Variability in measurements due to sources other than true variability in the COI. Interpretative
thresholds can be defined in terms of the magnitude of change expected to exceed
measurement error

MCID Originally defined as “the smallest difference ... which patients perceive as beneficial and which
would mandate, in the absence of troublesome side effects and excessive cost, a change in the
patient’s management” [6]. It has since been used as a general term for interpretative thresholds
based on patient-perceived importance

MDC Used to express the variability of measurement error around individual changes in clinical

measure values. Set at different magnitudes based on critical values, e.g., 95% or 68%

Point biserial correlation
coefficient

A correlation coefficient suitable for associations between a continuous and binary variable

Polyserial correlation
coefficient

A correlation coefficient suitable for associations between a continuous and ordinal variable,
where the ordinal variable is assumed to be derived from an underlying continuous variable

Predictive modeling method

An anchor-based method based on a logistic regression model with dichotomized anchor
measure as the outcome and clinical measure value change as the predictor

PDF plot In the context of anchor-based analyses, a plot with change in clinical measure value on the
x-axis and the density of subjects on the y-axis, presented by anchor group. Smoothing is
commonly applied (e.g., kernel smoothing)

ROC analysis A method to estimate a threshold that optimally discriminates between two groups. In the
context of anchor-based analyses, these are commonly “improved” and “not improved” groups

Reliability The proportion of variance in a measure attributable to true variance in the underlying concept
being measured

Sensitivity In the context of anchor-based analyses for improvement thresholds, the proportion of anchor-
based “improved” patients with clinical measure value changes at or exceeding a threshold

Specificity In the context of anchor-based analyses for improvement thresholds, the proportion of anchor-
based “not improved” patients with clinical measure value changes below a threshold

SEM The standard deviation of measurement error around an individual clinical measure value at a

single point in time [31]

34]. Additionally, due to the ordinal scaling of a PGI-S, a
1-category change from “severe” to “moderate” may not
reflect the same magnitude of change as a 1-category
change from “moderate” to “mild.” An alternate patient-
reported anchor is to use an existing PRO measuring the
same COI, with a pre-established threshold for inter-
preting change [17].

A limitation with the above anchors in the context of
DHTs is that patient-reported health may not be a
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suitable criterion for objectively measured attributes. For
example, correlations between patient-reported sleep
quality and actigraphy-measured parameters can be low
[35]. One option is to use clinician-reported versions of
the PGI-C and PGI-S, but this may still fail to capture
objectively measured attributes. Another is to look into
the data for so-called clinical anchors based on other
measurements such as disease staging, laboratory values,
adverse events, or hospitalizations [26, 36, 37].
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Nevertheless, several studies have used patient-reported
anchor measures to estimate thresholds for objective
sensor-based measures [38-40].

If no suitable anchor measure is included in the data, it
is still possible to derive thresholds based on measure-
ment error (albeit not targeting perceived importance).
An example of this scenario is provided by Demeyer et al.
[41] where none of the attempted anchors were sufficient
to derive thresholds for physical activity in patients with
chronic obstructive pulmonary disease. Alternate study
designs relevant for perceived importance are available
based on qualitative methods, such as patient interviews,
to derive thresholds [36, 42]. Judgment by an expert panel
(e.g., of clinicians) is also possible, albeit less patient-
centric [43]. Another design relevant to multi-item PROs
is bookmarking, described elsewhere [44, 45].

Anchor-Based Methods

Anchor-based methods are currently the most widely
recommended, including the FDA and other health au-
thorities [23, 46-48]. As the name suggests, they are
reliant on the inclusion of anchor measures. The central
idea is that changes on the DHT clinical measure value of
interest can be linked to corresponding changes on the
anchor measure that have a known perceived importance.

The first step is to evaluate the credibility of the anchor
measure to define change in the target COI. While
previous recommendations for PROs state an anchor
should be easier to interpret than the value of interest
[46], we do not think this is necessary for clinical anchors
as described above so may not be as relevant for DHTs.
An important factor supporting credibility is that the
anchor measure is sufficiently associated with the clinical
measure value of interest. This is typically evaluated by a
correlation coefficient between the anchor measure and
change in the clinical measure value, where coefficients of
at least 0.3-0.5 have been suggested as cut-offs [49, 50]. A
polyserial correlation coefficient is suitable to measure the
association between an ordinal anchor and continuous
DHT value change, but others may be used depending on
the distribution of each measure. Additionally, variability
in the anchor (i.e., sufficient number of patients expe-
riencing change) is a necessary requirement.

Once the credibility of an anchor is determined to be
sufficient, anchor-based estimates can be obtained. Pre-
vious studies and reviews have considered different
anchor-based methods to be equivalent in terms of the
target estimate, but this is not the case and specific
methods are suitable for specific types of interpretation
(Table 1). This is best illustrated in the context of a
minimal within-individual change threshold, which

56 Digit Biomark 2025;9:52-66
DOI: 10.1159/000543899

theoretically should correspond to the location of a
threshold on the change in clinical measure value that
optimally discriminates between those who experience at
least a minimal improvement versus those who do not
[51]. Figure 1 shows the theoretical distribution of change
in clinical measure value, split by PGI-C response in the
top panel and merging these to form binary “improved”
or “not improved” groups in the bottom panel. Three
values are labeled on the plot: (1) the mean change within
patients who are “a little better”; (2) the difference in
mean change between patients who are “a little better”
and “no change”; (3) the location of the threshold dis-
criminating those at least minimally improved versus not
improved.

A simple anchor-based approach is to calculate the
mean change in DHT value within subgroups defined by
the anchor measure. The mean change within the group
of patients experiencing a minimal improvement on the
anchor (i.e., those selecting “a little better”) is the estimate
of the threshold. As shown in Figure 1, this estimate does
not effectively target the threshold separating improved
versus not improved patients (necessary for interpreta-
tion of within-individual change). The mean change
method has been proposed as more suited to the inter-
pretation of within-group change over time [52, 53];
however, this assumed suitability has not been empiri-
cally tested to date. The mean change within the “much
better” group would estimate a higher magnitude
threshold beyond minimal. Changes within worsened
groups could be used to find specific thresholds for
worsening, as in practice the absolute values of thresholds
for improvement and worsening can differ [54].

Similar to the mean change, the difference in mean
change between those experiencing minimal improve-
ment and no change anchor groups can be calculated.
This provides an estimate which has been proposed as
suitable for interpreting between-group differences in
mean change over time [52, 55]. A linear regression
model with a binary anchor as a predictor and change in
clinical measure value as the outcome can be used to
achieve the same estimate, but with the opportunity to
control for other covariates [56], or incorporate repeated
measurements [53]. These approaches for between-group
differences carry an implicit assumption where the
threshold is based on the difference between a group
where everyone has (minimally) improved, versus a
group where no one has. This rather strong assumption
may lead to estimates higher than what is needed in
scenarios where a minority of patients on a treatment arm
are expected to improve or there is a large placebo effect;
therefore, further research in this area is warranted.
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Fig. 1. Graphical representation of anchor-based estimates. DHT, digital health technology; DMC, the difference
in mean change between patients who are “a little better” and “no change”; MC, mean change within patients who
are “a little better”; PGI-C, patient global impression of change.

Additionally, it has been proposed that the importance of
between-group differences can only be judged in light of
the overall benefit-risk ratio [57].

The subsequent anchor-based methods described all
target the location of the threshold denoted in the lower
panel of Figure 1 and are thus more aligned with
thresholds for within-individual change [58]. A common
approach is the use of receiver operating characteristic
(ROC) analysis, where the anchor measure is merged into
binary “improved” and “not improved” categories [51,
59]. A central idea behind ROC analysis is that each
possible threshold for change on the clinical measure
value can also be used to classify patients into categories.

Statistical Methods for Interpretation of
Change

The performance of a specific threshold versus the
anchor-based classification is summarized in terms of
sensitivity (proportion of anchor-based improved pa-
tients with clinical measure value changes at or exceeding
the threshold) and specificity (proportion of anchor-
based not improved patients with clinical measure
value changes below the threshold). A ROC curve can be
plotted, where the optimal threshold (based on maxi-
mizing sensitivity and specificity) can be identified
through various formulae [60].

An alternate threshold-based approach, based on a
logistic regression model, is referred to as the predictive
modeling method [61]. The logistic regression model
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comprises a dichotomized anchor variable (improved vs.
not improved) as the outcome, and clinical measure value
change as the predictor:

loglt (pl) =C+ ﬁlXi

where p; is the modeled probability of being in the im-
proved anchor category for an individual 7, X; is the clinical
measure value change for an individual, C is an intercept,
and (3, is a fixed effect. Terluin et al. [61] demonstrated
how the model coefficients can be applied in the following
formula to estimate the optimal threshold:

Threshold = (I - C)/B,

where

I= 11’1( Propimproved >
1- propimproved

Propimproved is the observed proportion of participants
in the “improved” category as defined above. A disad-
vantage of ROC and the above predictive modeling
method is that estimates of the threshold can be biased
when the proportion of improved patients is far from 50%
[62]. An adjustment formula exists to correct for this [62]
as follows:

Thresholdagjusiea = Threshold + (0.090 + 0.103 x |Cor]|)
X SDchunge x I

The above formula is slightly altered from the original
to flexibly account for the directionality of scores. If
higher scores (and positive changes) equate to better
health, the + becomes a minus symbol and the threshold
is reduced when the proportion of improved patients
is >50%. If lower scores (and negative changes) equate to
better health, the + becomes a plus symbol and the
threshold is increased (i.e., becomes less negative) when
the proportion of improved patients is >50%. An absolute
point biserial correlation coefficient (Cor in the above
formula) is used to allow the directionality of clinical
measure and anchor to differ. Alternatively to this ad-
justment method, another adjustment based on the re-
liability of the anchor [63] or thresholds estimated by
latent variable models [64, 65], are also robust to the
proportion of improved patients, but calculation is only
possible for multi-item electronic COAs rather than all
types of DHT. The predictive modeling methods have
been shown to outperform ROC analysis in terms of bias
and precision [61, 62].

The above methods are all parametric. Nonparametric
discriminant analysis can also estimate thresholds, which
calculate the densities of change in clinical measure value
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by anchor group using normal kernels with unequal
bandwidth [66, 67]. The threshold at which the kernel
densities intersect is taken as the estimate. Notably, while
the original paper describing this method [66] framed it
in terms of a between-group difference in change over
time (i.e., case 1A and 2C in Table 1), subsequent ap-
plications have targeted within-individual change over
time thresholds [67], which we agree with. While rules of
thumb for bandwidth selection are a good starting point
[68], we recommend altering the bandwidth manually
and visually inspecting the densities.

Two additional descriptive plots can be informative,
where their use has been largely driven by inclusion in
FDA guidance [23, 46]. The empirical cumulative
distribution function (eCDF) plot displays a continu-
ous clinical measure value change on the x-axis and the
cumulative percentage of participants experiencing
that change on the y-axis. The use of “empirical” de-
notes the absence of any smoothing. An eCDF curve is
plotted for each anchor group so the separation of the
curves can be visually compared across a range of
potential thresholds. A suitable threshold for minimal
within-patient change would have a cumulative per-
centage >50% in the minimal improvement group,
but <50% in the stable group. Probability density
functions (PDFs) also plot continuous clinical measure
value change on the x-axis, but the (noncumulative)
percentage of participants is on the y-axis, plotted as a
kernel-smoothed PDF. As such, PDF plots are closely
related to discriminant analysis.

Measurement Error

As stated above, thresholds based on measurement
error are not appropriate to define interpretative
thresholds regarding the perceived importance of change,
but estimate the degree of measurement error around
individual clinical measure values or changes [69]. These
benchmarks are useful for understanding the likelihood
that observed changes are within the measurement error
of the instrument.

The standard error of measurement (SEM) represents
the standard deviation of measurement error around an
individual clinical measure value [31]. As described in a
previous tutorial paper on reliability [5], two versions of
the SEM exist based on consistency or absolute agreement
definitions. While SEMcopsistency concerns the rank or-
dering of individuals, SEM,grcement accounts for the
agreement of specific clinical measure values and is
stricter where SEM,greement = SEMconsistency- However,
calculating SEM,greement requires estimates of the indi-
vidual variance components which are rarely presented in
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publications, so commonly researchers will rely on the
following formula for SEMonsistency

SEMcansistency =8D x \,1 - relzabllzty

where SD is the standard deviation of the clinical measure
value (commonly from the baseline visit). The reliability
coefficient is most commonly in the form of an intraclass
correlation coefficient or internal consistency, which can
be taken from an existing publication or possibly esti-
mated in the same dataset as per recommendations in [5].
Alternatives exist that allow reliability, and thus SEM, to
vary over the range of observed values [70].

The SEM concerns individual clinical measure values
at a point in time. Thresholds for an individual change
over time need to recognize that the measurement error is
inflated beyond the SEM, due to two measurements being
involved [31]. This leads to another important statistic,
the minimal detectable change (MDC, also referred to as
smallest real difference or coefficient of repeatability):

MDC =z x V2 x SEM

where z is the critical value from a normal distribution
(e.g., 1.96 for 95%, 1.645 for 90%), and /2 is the inflation
factor for measurement error at each timepoint. The
MDCys5 (with z = 1.96) and MDCq, (with z = 1.645) are
commonly calculated, but any significance level can be set
[71]. For example, the MDCgg (with z = 0.994) can be
thought of as the standard deviation of measurement
error around an individual’s change score. While the
MDOC is designed for individual-level change, this may be
corrected for change at the group level by dividing by the
square root of sample size [72]:

MDCyop = MDC [/

Triangulation

The application of multiple methods and anchors to
estimate thresholds will almost always result in a range of
values for each threshold [73]. Triangulation is the
process of bringing all the estimates together with the aim
of converging on a single value or small range of values.
Note that estimates for within-group change, between-
group difference, and within-individual change should be
triangulated separately [25]. Furthermore, we recom-
mend triangulating thresholds for perceived importance
separately to thresholds based on measurement error,
given they have different conceptual targets.

It is recommended to plot the different estimates with
95% confidence intervals [73], where confidence intervals
for thresholds are commonly derived through boot-

Statistical Methods for Interpretation of
Change

strapping. Specific to anchor-based analyses, the proximity
of anchor to the target DHT tool should also be consid-
ered, with more importance to estimates generated from
more closely linked concepts and highly correlated pair-
ings. To this end, a correlation-weighted average of
anchor-based estimates can be calculated [25], where es-
timates are weighted by the observed correlations between
anchor and change in clinical measure value as follows:

Xl

Mweighted - Zn llrj|
j=

where |x| denotes each [absolute] estimate and |r| denotes
the [absolute] correlation coefficient of each anchor-scale
combination, for each j of n total estimates. The corre-
lations should be z-transformed prior to their use in the
weighted average, and a confidence interval formula is
provided [25].

Sample Size Requirements to Estimate Thresholds

Literature on sample size requirements to estimate
thresholds is limited, likely in part due to most of these
analyses being conducted on data from an existing cohort
or clinical trial where sample size was calculated for
another purpose. One general guideline for anchor-based
estimates, developed with PROs in mind, is based on the
precision around estimates [50]. Presented in the form of
a credibility instrument to judge published thresholds,
95% CI widths <10% of the threshold estimate indicate a
threshold is “definitely” precise, or widths <25% indicate
precision “to a great extent.” In the same paper, the
authors suggest a minimum sample size of 150 patients to
indicate precision “to a great extent” (as an alternate
criterion when information on precision is not available).
These general guidelines are of limited value given the
relationship between precision and sample size differs
according to the specific method used. Additionally,
methods such as the mean change within a “minimally
improved” anchor group only use a subset of the full data,
which should be considered.

Ultimately, when working with existing data, we rec-
ommend estimating thresholds even when sample size falls
short of the above general rules. However, in such scenarios
it may be wise to present a range of plausible thresholds
rather than a single value, so that sensitivity analyses in-
corporating this uncertainty can be conducted in future.

Application of Thresholds to Assess Treatment Effect

Once a threshold has been estimated, this can be
applied to assess the magnitude of treatment effects (in
terms of perceived importance or measurement error).
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For group-level thresholds, the estimated between-group
treatment difference can simply be numerically compared
to the threshold. For within-individual thresholds, it is a two-
step process to (1) classify patients as a responder versus not;
and (2) compare the proportion of responders between
treatment arms. The difference in proportion of responders
can be evaluated descriptively or statistically through ap-
proaches such as binomial test of proportions, Cochran-
Mantel-Haenszel test, or logistic regression. Alternatively,
when a range of plausible within-individual thresholds ex-
ists, CDF curves can be plotted by treatment arm.

Of note, for a continuous clinical measure, there is a
loss of statistical power when dichotomizing this for a
within-individual responder analysis [20, 74]. For this
reason, it is recommended that clinical trials retain the
continuous values for statistical hypothesis testing, with
responder-based comparisons as supplementary de-
scriptive analyses [19].

Applied Example

As described earlier, a variety of thresholds are possible
based on the type and magnitude of interpretation. The
subsequent example focuses on individual-level thresh-
olds for change over time, in terms of minimal perceived
change and measurement error.

Data Source

We use data from the randomized placebo-controlled
PAGANINI study (NCT04562155) in patients with re-
fractory and/or unexplained chronic cough where the
change in 24-h cough count from baseline was assessed
[75]. Cough counts were recorded by the VitaloJAK
device [76], where participants wore this during six 24-h
periods throughout the study: at screening, the day before
start of intervention (baseline), and at weeks 2, 4, 8, and
12. The purpose of this example was not to formally
validate or to advocate for use of any specific measure of
cough count in the refractory chronic cough population.
This example is purely illustrative with respect to sta-
tistical analyses to estimate interpretative thresholds, and
for that purpose we focus on a measure of total cough
count within 24 h, focusing on percentage change from
baseline to week 4.

In addition to the VitaloJAK device, several PROs were
assessed at similar times. A PGI-C asked participants to
rate the “overall change in your cough since you started
taking the study medication,” with responses “very much
better,” “much better,” “a little better,” “no change,” “a little
worse,” “much worse,” and “very much worse.” A PGI-S
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asked participants to rate “the severity of your cough
today,” with responses “no cough,” “very mild,” “mild,”
“moderate,” “severe,” “very severe.” The Leicester Cough
Questionnaire (LCQ) is a 19-item PRO measure that asks
about the impact of chronic cough on various aspects of
participants’ lives using a recall period of 2 weeks [77]. An
LCQ total score ranges from 3 to 21 where higher scores
indicate better health. The Cough Severity VAS is a single
item asking participants to indicate the severity of their
cough using a vertically oriented line ordered from 0 (no
cough) to 100 (extremely severe cough) [78]. The above
PROs were all used as anchor measures, with the following
definitions of a minimal improvement: PGI-C “very much
better,” “much better,” or “a little better”; PGI-S 1-category
improvement; LCQ total score change >1.7 [79]; VAS
change <-20 mm [78].

Analyses and Results

Of the 310 participants enrolled and randomized in the
PAGANINI study, 308 had at least one cough recording
so were eligible for this analysis (demographic charac-
teristics reported in online suppl. Table S2). Participants
had a mean (SD) baseline 24-h cough count of 27.69
(28.41). The majority of participants improved on each
anchor, where all were sufficiently correlated with the
observed percentage change in 24-h cough frequency to
warrant their further use (Table 3).

ROC curves were plotted for each anchor, to help
identify thresholds that optimally discriminate between
patients considered “improved” (at least a minimal im-
provement on the anchor) and “not improved” (stable or
worsened on the anchor). The optimal threshold was
chosen using the “sum of squares” method [60]: the one
which minimized ([1 - sensitivity]* + [1 - specificity]?).
The optimal thresholds for each anchor are presented in
Table 4, and the ROC curves are presented in online
supplementary Figures S1-S4.

To implement the predictive modeling method, lo-
gistic regression models were fitted with each dichot-
omized anchor (“improved” vs. “not improved”) as the
outcome and percentage change in cough count as the
predictor. When the proportion of improvement was
greater than 50% (PGI-C anchor only; see Table 3), the
adjusted logistic regression threshold was shrunk closer
to zero; when the proportion was less than 50%, the
adjusted threshold became more negative (Table 4,
adjustment formula presented in statistical methods
section). Thresholds estimated through discriminant
analysis are also displayed in Table 4, with the plot for
PGI-C in Figure 2 (plots for other anchors in online
suppl. Fig. S5-S7). An eCDF plot helps demonstrate
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Table 3. Anchor measure proportion improved and correlations, percentage change from baseline to week 4

Anchor measure N Proportion Correlation with percentage z-transformed
improved change in 24-h cough frequency correlation

PGI-C 262 64.1% 0.448 (polyserial) 0.482

PGI-S 263 43.3% 0.372 (polyserial) 0.391

LCQ total score 263 43.0% —0.409 (Spearman’s) -0.434

Cough severity VAS 248 22.6% 0.370 (Spearman’s) 0.388

Correlations were based on the original anchor measure values rather than the dichotomized versions, where polyserial
coefficients were applied for the ordinal PGI-C and PGI-S. Fisher z transformation defined as z= 0.5 x In((1+r) /(1 -r)).

Table 4. Threshold estimates for within-patient change, percentage change from baseline to week 4 in 24-h cough frequency

Anchor measure ROC Logistic regression Logistic regression Discriminant analysis
threshold threshold (unadjusted) threshold (adjusted) threshold

PGI-C -33.07 -21.60 —-18.14 -27.80

PGI-S -37.29 -27.19 —28.77 -25.15

LCQ total score -37.10 -28.03 -29.75 -34.05

Cough severity VAS -50.43 -37.39 —44.26 —46.55

that, for the PGI-C anchor, thresholds between —16
and —-35 successfully exclude the majority of patients
indicating “no change,” but capture the majority of
patients indicating “a little better” or “much better”
(online suppl. Fig. S8, S9).

As shown in Table 4, threshold estimates vary by
method and anchor. The unadjusted logistic regression
thresholds can be disregarded, given the adjusted ap-
proach should provide more accurate values. The ROC-
based estimates are consistently the largest in magnitude,
followed by discriminant analysis thresholds for three of
the anchors. Estimates from the VAS anchor are notably
higher than the other anchors, nevertheless are still
considered valid given the conceptual appropriateness of
the VAS.

The varied estimates were triangulated using a
correlation-weighted average of anchor-based esti-
mates. While the ROC-based estimates were calcu-
lated for the purposes of the worked example, they
were disregarded from the triangulation given this
method is outperformed by adjusted logistic regres-
sion in simulations [61, 62]. Given the eight estimates
from adjusted logistic regression and discriminant
analysis in Table 4, and the z-transformed correlations
in Table 3, the correlation-weighted average was
calculated as follows:

Statistical Methods for Interpretation of
Change

M weighted

(—18.14x 0.482) + (—28.77 x 0.391)
+(=29.75%0.434) + (—44.26 x 0.388)+

(—27.80%0.482) + (-25.15x0.391)
+(—34.05x0.434) + (—46.55 x 0.388)

- (0.482+0.391+0.434+0.388+0.482+0.391 +0.434 + 0.388)
=-31.31

Yielding a triangulated threshold of -31.31 with
95% confidence intervals -24.77 and -37.85. The
SEMagreement and SEMcongistency for 24-h cough fre-
quency were the same value of 7.14, as the variance
component due to visit was practically zero (if it was
nonzero, the SEM greement Would have been higher).
The MDCgy, was 16.61, and MDCgg was 10.04; however,
this value is still on the scale of absolute values of cough
frequency rather than percentage change. To calculate
MDCy, on a percentage change scale, the following
approach [80] was employed:

MDC 16.61

MDCytcpange = o X100 =

x 100 =59.98%
Baseline.Mean 0

The corresponding MDCgg on a percentage scale is
36.26%. The MDCq, for percentage change is con-
siderably larger than the anchor-based thresholds,
whereas the MDCgg for percentage change is within
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Fig. 2. Discriminant analysis for PGI-C anchor, percentage change from baseline to week 4 in 24-h cough frequency.

the 95% confidence intervals of the triangulated
threshold. This scenario presents the following
question: do I need to increase the triangulated
anchor-based threshold to surpass the MDC values?
We would again stress that anchor-based thresholds
for perceived importance have a different conceptual
target to thresholds based on measurement error, so
should exist separately. While ideally the MDC will be
smaller than the triangulated anchor-based threshold,
the necessity of this is context-specific. For individual
patient management where observing an improvement
beyond the threshold could prompt a decision to come
off treatment, extra caution may be warranted to
ensure very few patients are wrongly assumed as
improved due to measurement error. On the other
hand, in a clinical trial aiming to compare the pro-
portion of responders in each treatment arm, mea-
surement error will be averaged out when calculating
the proportion so there is not a strict requirement to
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surpass the MDC. It is important to remember that
measurement error around a change score is bidi-
rectional: some truly stable patients will appear im-
proved due to measurement error added to their score
change, while some truly improved patients will ap-
pear stable due to measurement error subtracted from
their score change.

Conclusion

Several methods to estimate thresholds to interpret
change over time have been presented, including a
worked example focusing on individual-level change.
This aims to equip researchers with the knowledge re-
quired to conduct such analyses in practice. With that in
mind, as part of the clinical validation of a novel digital
measure, interpretative thresholds should be estimated
with the following recommendations in mind:
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e Follow the V3 validation framework [1], by ensuring
prior evidence exists to support verification and ana-
lytical validation.

o Be mindful of the desired level of interpretation, type of
comparison, and magnitude so that the target
threshold is well defined.

o To assess thresholds for interpreting change, design a
study or use an existing data source where
- The sample adequately reflects the intended context

of use for application of threshold (i.e., same di-
agnosis and severity level)

- Longitudinal data on the target DHT value have
been collected, in a setting and timeframe where
change over time can be expected in a considerable
proportion of subjects (e.g., an interventional study)

- One or more plausible anchor measures are ad-
ministered at times aligned with the target DHT

e When calculating anchor-based thresholds
- Ideally use multiple anchor measures, with a clear

conceptual overlap with the measure of interest, and
demonstrate correlation at least 0.3 in magnitude

- For within-individual change, thresholds derived
through logistic regression (adjusted for the pro-
portion of improved subjects) and discriminant
analysis are recommended as a minimum

- Triangulate the various anchor-based thresholds
using a correlation-weighted average

e Thresholds based on measurement error should be cal-
culated and presented, but should not inform the tri-
angulation of thresholds based on perceived importance.
We acknowledge that some DHT tools may have

updates to the underlying algorithms used to derive
clinical measures, including machine learning and arti-
ficial intelligence-based algorithms that continuously
update. In such cases, we recommend periodical
reevaluation of thresholds to assess their stability. In most
of these cases, the same COI is being targeted so we expect
interpretative thresholds to remain stable.

Despite our best efforts to provide a thorough overview
of the topic, some more advanced methodological con-
siderations have been omitted. One consideration re-
quiring further research is that the methods described to
estimate thresholds for within-individual change are all
reliant on between-subject variability. The assumption
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