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RESEARCH ARTICLE

Improving the reliability of the Reliable Change Index
Alexander O. Crenshaw a and Candice M. Monson b

aDepartment of Psychological Science, Kennesaw State University, Kennesaw, GA, USA; bDepartment of 
Psychology, Toronto Metropolitan University, Toronto, ON, Canada

ABSTRACT
The reliable change index (RCI) is a tool for evaluating change at the 
individual level. It compliments standard group-level change esti
mates and is central to evaluating clinical significance for interven
tions. In principle, the RCI provides common criteria for evaluating 
individual change. However, current practices use sample-specific 
estimates to create these criteria. Because sample estimates are 
subject to sampling error, these criteria are also subject to sampling 
error and therefore differ across studies. We illustrate how current 
practices can lead to differing criteria for reliable change and use 
simulations to identify the impact of sampling error on the RCI. 
Excessive error in the RCI began for the average sample when N <  
30, and samples only comfortably avoided the risk of excessive error 
when N > 100. Finally, small errors in estimating a measure’s relia
bility sometimes had profound effects on the RCI. Recommendations 
on use of the RCI are provided.
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Studies evaluating change over time commonly make use of the Reliable Change Index 
(RCI; Jacobson & Truax, 1991). Whereas standard evaluation of change focuses on the 
average change of a group, the RCI quantifies the number of individuals within a group 
who changed beyond that expected by chance. The RCI compliments group-averaged 
estimates and is particularly widely used when evaluating interventions (Kraemer et al.,  
2006; Lambert & Ogles, 2014). Moreover, like a ruler establishes a common criterion for 
measuring length, the RCI aims to establish common criteria for evaluating change 
across different studies and outcomes (Lambert & Ogles, 2009, 2014).

However, current practice commonly involves using sample-specific estimates to 
create the criteria upon which reliable change is evaluated (Crenshaw et al., 2025). In 
other words, what constitutes the amount of change required to be considered reliable is 
often based on estimates from a given sample. Since sample estimates are subject to 
sampling error, these criteria are subject to sampling error and therefore differ across 
studies, even those involving the same outcome and population. When the RCI is over- 
or underestimated in a study due to sampling error, it systematically biases the evaluation 
of reliable change for all individuals in the study. We call this phenomenon the ‘variable 
ruler problem,’ in which the criteria – or rulers – for evaluating reliable change differ 
across studies for reasons other than genuine differences across settings. In this paper, we 
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describe how common practices for computing reliable change can lead to ‘variable 
rulers’ when evaluating change, present the results of simulations using real and gener
ated data demonstrating the impact of sampling error on the variable ruler problem, and 
make recommendations for future studies that use the RCI.

Importance of evaluating reliable change

Standard statistical evaluation of change over time involves estimating average change at 
the group level, such as change between two or more timepoints in an overall sample (e.g. 
in a longitudinal study) or between-group differences in change (e.g. in a randomized 
experiment). A well-documented limitation of these approaches is that they obscure 
information about the experiences of individuals within those groups (Atkins et al., 2005; 
Kraemer et al., 2006; Lambert & Ogles, 2009, Lambert and Ogles, 2014). Individual 
outcomes can look very different and still have the same group-level outcomes. For 
example, an intervention that moderately helps all individuals might have the same 
average outcome as one that is exceptionally helpful to some and of no benefit to others. 
Interventions may also result in consistent but trivial benefits that result in statistically 
significant differences at the group level, but without any practical benefit to participants 
(Kraemer et al., 2006).

The rise of reliable change came about in response to these limitations of group 
average estimates (Jacobson & Truax, 1991) and is in line with idiographic approaches 
more broadly (e.g. Fisher et al., 2018). Reliable change evaluates, for each individual, 
whether they experienced enough change to rule out chance variation due to measure
ment error. It aligns with the concept of detected difference in Langkaas et al.’s (2018) 
summary of five types of change to evaluate in clinical interventions and is the mantle
piece for evaluating clinical significance, which is recommended standard practice when 
evaluating clinical interventions (Kraemer et al., 2006; Lambert & Ogles, 2014). In 
addition to its ubiquity in clinical research and practice, reliable change is used across 
the social sciences. Some examples include studies investigating change in loneliness 
(Masi et al., 2011), compassion (Krieger et al., 2019), and parenting practices (Sanders 
et al., 2000); the effect of educational interventions (Mandy et al., 2016); and numerous 
studies investigating change in personality (e.g. Damian et al., 2019; Robins et al., 2001). 
Outside of the social sciences, reliable change has also been applied in the evaluation of 
cognitive decline (Chang et al., 2009), to assess change in health-related quality of life 
(Crosby et al., 2003), to validate a measure for the assessment of standing balance (Clark 
et al., 2010), and assessment of change in Asthma symptoms (Schatz et al., 2009).

Much has been written about the concept of reliable change (for reviews, see 
Atkins et al., 2005; Blampied, 2022; De Smet, 2024; Lambert & Ogles, 2009, 2014; 
McAleavey, 2024), and numerous methods have been proposed to operationalize it, 
including those based on classical test theory (e.g. Jacobson & Truax, 1991), item 
response theory (e.g. Hays et al., 2021), and latent variable modeling (e.g. Saavedra 
et al., 2021). However, as has been noted by many observers (Atkins et al., 2005; 
Blampied, 2022; Lambert & Ogles, 2014; McAleavey, 2024), Jacobson and Truax’s 
(1991), Reliable Change Index is overwhelmingly the most commonly used. 
McAleavey (2024) noted that Jacobson and Truax (1991) was the most cited article 
in the history of the Journal of Consulting and Clinical Psychology 30 years after its 
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publication. Additionally, a recent methodological review of clinical trials published 
in clinical psychology journals from 2020 to 2023 found that 100% (23 of 23) of 
reviewed studies that evaluated reliable change and reported the method used 
Jacobson and Truax (1991) (Crenshaw et al., 2025). It is thus this method on which 
we focus in this paper, but we will return to the issue of alternative operationaliza
tions in the Discussion.

Computation of the Reliable Change Index

Following terminology in Blampied (2022) and McAleavey (2024), Jacobson and Truax’s 
(1991), Reliable Change Index (hereafter referred to as the JT method) is a combination 
of three equations: 

where s is the standard deviation of the outcome measure, rxx is a measure of reliability, 
and the RCI is the amount of change in the measure needed to be considered reliable. 
Jacobson and Truax (1991) do not explicitly state which values of s or rxx should be used. 
However, their example suggests s should be the standard deviation of either a control 
group, normal population, or pretreatment group. Similarly, their example uses test– 
retest reliability for rxx, which is also advocated by McAleavey (2024), but this is an area 
of active disagreement, with some suggesting internal consistency instead (e.g. Lambert 
& Ogles, 2009, 2014).

Functionally, the RCI equation does several things. Equation (1) computes the 
expected variability in the measure due to measurement error. Equation (2) computes 
the expected variability when estimating change resulting from using two measurement 
time points that are each impacted by measurement error, reflecting the expected 
variability in estimates of change if no change had occurred. Finally, Equation (3) uses 
null-hypothesis significance testing logic to identify the threshold of change needed to 
rule out change due to normal variability alone, where α = .05 (two-tailed). This is the 
threshold used to evaluate all individuals in a sample: those with change greater than the 
threshold are considered to have reliably improved (or deteriorated), and those with 
change less than the threshold have not. An alternative approach, as originally described 
in Jacobson and Truax (1991) and termed RC by Blampied (2022), and which is simply 
a rearrangement of terms from the RCI, is to compute a change score standardized on 
sdiff for each individual: RC = Change

sdiff
. The RC for each person is then compared against the 

critical value for the chosen α (e.g. 1.96 for a two-tailed α = .05).
The RCI equations can be combined to 
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and then, to highlight the separate contributions of s and rxx to the overall RCI, 
simplified to 

The Reliable Change Index is Influenced by Sampling Error in s and rxx

The RCI formula is thus made up of a variability term (s) and a reliability term 
(
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2 � 2rxx
p

), plus a constant (1.96). The desired values to use in this formula are the 
population values for the standard deviation and measure reliability, σ and ρxx, respec
tively. Because population values are rarely known, the sample values, s and rxx, must be 
used instead. For some instruments (e.g. Lambert et al., 2004; Marx et al., 2022), 
a standard RCI has been developed a priori and can be used by other studies using that 
same instrument, enabling reliable change to be evaluated according to consistent criteria 
across studies (see the Discussion for further consideration of this approach). As noted by 
Blampied (2022), this may have been the approach originally envisioned by Jacobson and 
Truax (1991). However, such premade RCI values are unavailable for many instruments 
(Blampied, 2022; Lambert & Ogles, 2014), and computation of RCI using s and rxx from 
local data is extraordinarily common. For example, the previously-mentioned review of 
published clinical trials in psychology found that 85% of studies using the RCI computed 
it using sample estimates (Crenshaw et al., 2025).

As sample values are influenced by sampling error, error in these values causes error in 
the RCI. Whereas standard statistical tests account for sampling error through the 
standard error, the RCI ignores sampling error by only using the point estimates s and 
rxx (this point was noted as far back as Jacobson and Truax (1991), but has received little 
attention since). Sampling error can also impede comparison across studies. When one 
reports, for example, that 50% of patients in a treatment sample showed reliable 
improvement, one presumably wants that 50% to be comparable to 50% from another 
study. However, given that the RCI is subject to sampling error, some studies will 
overestimate it and others will underestimate it. Because the RCI is the criterion against 
which change for all individuals in a study is evaluated, over- or underestimation of the 
RCI systematically biases the evaluation of reliable change for all individuals in the study.

The impact of sampling error on the RCI is currently unknown, so the comparability 
of reliable change results across studies is unclear. We set out to estimate the impact of 
sampling error in s and rxx on the RCI, focusing on two empirical questions: 1) What is 
the individual and combined impact of variability in s and rxx on the RCI? 2) What is the 
real-world impact of sampling error in s and rxx on the RCI? In the discussion, we address 
whether these results warrant changing practices in how s and rxx are used to compute 
the RCI.

Method

The overall goal of the study is to assess the extent to which sampling error impacts 
sample estimates of the RCI and its components (the variability term, s, and the reliability 
term, 

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2 � 2rxx
p

). Doing so requires emulating the collection of samples and assessing the 
extent to which the variability term, reliability term, and the RCI vary across such 
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samples. We approach this goal in three steps. First, we used Monte Carlo simulations 
that sample s at fixed values of rxx to understand the extent to which specific magnitudes 
of error in rxx estimation impact the RCI. As this approach is artificial from a sampling 
perspective, we next simulate samples for four hypothetical self-report questionnaires 
from a generated hypothetical population. Finally, to understand the impact of sampling 
error in real-world uses, our third approach applies resampling techniques using eight 
questionnaires from two real datasets.

In all cases, we use internal consistency as the operationalization of rxx because it is 
widely used and can be easily computed from any sample, whereas test–retest reliability 
can only be computed with particular study designs (Blampied, 2022). Procedures were 
approved by the Research Ethics Board at Toronto Metropolitan University (#2023-136). 
Data and analysis code in R (R Core Team, 2022) are available online (https://doi.org/10. 
17605/OSF.IO/Z2KDU).

Data Selection/Generation

Sampling s at fixed values of rxx

To obtain s, we randomly drew samples of size N (where N = 10 to 200) from the normal 
(z) distribution (M = 0, SD = 1), with 5,000 iterations per sample size. For rxx, we explored 
a range of fixed values for the sample rxx and the population equivalent, ρxx. Values 
ranged from .70 to .95, as .70 is a commonly used lower end estimate of acceptable 
internal consistency and .95 is the highest internal consistency typically observed for 
measures in the social sciences. Differences between rxx and ρxx were limited to ≤.15.

Sampling both s and rxx using simulated data
We first generated a population of 100,000 individuals by randomly generating ‘true’ 
scores on a hypothetical construct from the normal (z) distribution (M = 0, SD = 1). We 
created individual item scores for four hypothetical self-report questionnaires assessing 
the construct, where the questionnaires had either high (α = .95) or low (α = .70) internal 
consistency and either more (10) or fewer (4) items in the scale (resulting in four scale 
properties: high reliability/more items, high reliability/fewer items, low reliability/more 
items, and low reliability/fewer items). To create the scales, we generated scores on 
hypothetical items by adding random noise to the true score from the distribution N(0, 
σ2), where σ2 was adjusted until the scale of 4 or 10 items had the desired value for α. The 
noise value, σ2, for each item in a scale was identical to ensure equal item loadings on the 
construct. Next, we randomly selected samples of size N (Ns = 10 to 200) from this 
population with replacement, with 5,000 iterations each.

Sampling both s and rxx using real data
We used public data from two projects posted in online repositories. Data sources were 
selected with the goal of obtaining data from several different clinically relevant self- 
report questionnaires, with a range of values for internal consistency and for the number 
of items in the questionnaire. We searched for papers with open data badges published in 
the journal Clinical Psychological Science from 2022 through March of 2023 with large 
sample sizes (N > 300) and that publicly posted item-level data from commonly used 
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questionnaires. Ultimately, data from Tutorial 2 in Conway et al. (2022) and from Luke 
et al. (2022) met criteria.

Data from the Conway study (Tutorial 2) were a subset of respondents (N = 725) who 
reported being in a romantic relationship from a larger survey study of romantic 
experiences and mental health in an Australian community sample. We selected four 
outcome measures that are commonly used, simple to calculate, showed some hetero
geneity in the internal consistency (although all were high), and with different numbers 
of items. Selected measures were the Patient Health Questionnaire (PHQ; a measure of 
depressive symptoms; Kroenke et al., 2001), the Brief Measure for Assessing Generalized 
Anxiety Disorder (GAD; Spitzer et al., 2006), the Obsessive-Compulsive Inventory- 
Revised (Foa et al., 2002), and the six-item Modified Quality of Marriage Index (QMI; 
Nazarinia et al., 2009). Internal consistency (Cronbach’s α) was .89, .91, .91, and .95, 
respectively.

Luke et al. (2022) was a study about psychopathy and judgments of moral 
dilemmas in 443 individuals. We used data from the Self-Report Psychopathy Scale- 
Short Form (Paulhus et al., 2017), a measure of psychopathy with four subscales: 
affective, antisocial, interpersonal, and lifestyle. Subscales were examined separately. 
Internal consistency (α) was .66, .71, .80, and .77, respectively. These datasets can be 
found by accessing the original papers or through links at https://doi.org/10.17605/ 
OSF.IO/Z2KDU. To mimic random sampling from a population, each full dataset was 
treated as a hypothetical population. From this population, we randomly selected 
samples of size N (Ns = 10 to 200) with replacement, with 5,000 iterations each.

Determining the impact of sampling error

For each step, we computed the variability term (s), the reliability term (
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2 � 2rxx
p

), and 
the full RCI equation (Equation 5) in each sample. Then, for each sample, we computed 
the percent difference between the sample value and the respective population value 
(Samplevalue� populationvalue

Populationvalue � 100Þ separately for the variability term, reliability term, and full 
RCI. Next, we computed the mean absolute deviation of sample estimates from the 
population value across all 5,000 iterations. This value represents the average percent 
deviation (i.e. error) of sample estimates compared with population values for each of the 
measures. Average deviations above 10% were considered to be excessive error (Flora & 
Curran, 2004).1 Finally, the mean only describes the typical deviation and may not well 
represent an individual study. We therefore also examined distributions of these devia
tions to identify when studies show concerning risk for excessive deviations from the 
population RCI, setting the threshold of risk at 20% or greater.

Results

Sampling s at fixed values of rxx

Results for all 225 combinations of sample size and rxx values are available online (https:// 
doi.org/10.17605/OSF.IO/Z2KDU). Table 1 highlights a subset of those results for four 
sample sizes – small pilot studies (N = 10 and N = 20), the upper range of typical sample 
sizes for psychological intervention studies (N = 200), and a middle value (N = 50). The 
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three rightmost columns show mean absolute deviations of sample estimates from 
population values for the variability term (s), reliability term (

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2 � 2rxx
p

), and the full 
RCI equation (Equation (5)). Bolded values in these columns exceed the 10% error 
threshold.

Unsurprisingly, for the variability term, the average deviation increased as 
sample size decreased. When N ≤30, average deviations exceeded the 10% thresh
old of excessive error. For the reliability term, any discrepancy between the 
sample and population reliability was highly impactful, and all but one average 
deviation (when ρxx = .70 and rxx = .75) exceeded the 10% threshold. Of note, 
differences at higher reliabilities were much more impactful than at lower reli
abilities: a .05 difference between .95 and .90 led to a 41% average deviation in the 
reliability term, whereas a .05 difference between .70 and .75 led to a 9% average 
deviation. For the full RCI, the only instances in which the average deviation of 
the RCI was below 10% was (when N > 40 and rxx = ρxx). Together, these results 
show that sample estimates of the RCI and each of its components have excessive 

Table 1. Individual and combined impact of variability in s and rxx on the reliable change Index.
Mean absolute deviation of the Reliable Change Index

Population ρxx Sample rxx rxx – ρxx difference
Variability term 

(s)
Reliability term 

(
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2 � 2rxx
p

) Full equation

N = 10
Any rxx = ρxx None 19% 0% 19%
.95 .90 −.05 19% 41% 41%
.95 .80 −.15 19% 100% 94%
.85 .90 .05 19% 18% 24%
.80 .70 −.10 19% 22% 27%
.70 .85 .15 19% 29% 32%
.70 .75 .05 19% 9% 20%

N = 20
Any rxx = ρxx None 13% 0% 13%
.95 .90 −.05 13% 41% 40%
.95 .80 −.15 13% 100% 98%
.85 .90 .05 13% 18% 20%
.80 .70 −.10 13% 22% 23%
.70 .85 .15 13% 29% 30%
.70 .75 .05 13% 9% 15%

N = 50
Any rxx = ρxx None 8% 0% 8%
.95 .90 −.05 8% 41% 41%
.95 .80 −.15 8% 100% 99%
.85 .90 .05 8% 18% 19%
.80 .70 −.10 8% 22% 22%
.70 .85 .15 8% 29% 30%
.70 .75 .05 8% 9% 11%

N = 200
Any rxx = ρxx None 4% 0% 4%
.95 .90 .05 4% 41% 41%
.95 .80 .15 4% 100% 100%
.85 .90 −.05 4% 18% 18%
.80 .70 .10 4% 22% 22%
.70 .85 −.15 4% 29% 29%
.70 .75 −.05 4% 9% 9%

Note: ρxx and rxx = population and sample internal consistency, respectively; s = sample standard deviation of measure. 
Numbers crossing 10% error threshold are bolded.
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error at small sample sizes and when the reliability term is estimated with any 
known amount of error.

Sampling both s and rxx using simulated and real data

Mean deviation
Table 2 shows results from the simulated data, and Table 3 shows results for each 
measure from Conway et al. (2022, tutorial 2) and Luke et al. (2022). Tables again 
show sample sizes of N  = 10, 20, 50, and 200, and the OSF page contains the full tables 
with all sample sizes. Average deviations, of sample estimates from the population value, 
for the variability term of the RCI equation were consistently below 10% at N ≥ 40 for 
simulated data and at N ≥ 100 for Conway and Luke. Average deviations for the reliability 
term were consistently below 10% at N ≥ 75 for simulated data and at N ≥ 100 for 

Table 2. Impact of sampling error in s and rxx on the Reliable Change Index: simulated data.
Mean absolute deviation of the Reliable Change Index

Variable Population ρxx Number of items Variability term (s)
Reliability term 

(
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2 � 2rxx
p

) Full equation

N = 10
High rxx, 
more items

.95 10 19% 23% 6%

High rxx, 
fewer items

.95 4 19% 25% 11%

Low rxx, 
more items

.70 10 19% 23% 6%

Low rxx, 
fewer items

.70 4 19% 25% 11%

N = 20
High rxx, 
more items

.95 10 13% 14% 4%

High rxx, 
fewer items

.95 4 13% 16% 8%

Low rxx, 
more items

.70 10 13% 14% 4%

Low rxx, 
fewer items

.70 4 13% 16% 8%

N = 50
High rxx, 
more items

.95 10 8% 9% 3%

High rxx, 
fewer items

.95 4 8% 10% 5%

Low rxx, 
more items

.70 10 8% 9% 3%

Low rxx, 
fewer items

.70 4 8% 10% 5%

N = 200
High rxx, 
more items

.95 10 4% 4% 1%

High rxx, 
fewer items

.95 4 4% 5% 2%

Low rxx, 
more items

.70 10 4% 4% 1%

Low rxx, 
fewer items

.70 4 4% 4% 2%

Note: ρxx and rxx = population and sample internal consistency; s = sample standard deviation of measure. Numbers 
crossing the 10% error threshold are bolded.
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Conway and Luke. Average deviations in the full equation (rightmost column of Tables 2 
and 3) varied considerably by the specific measure but were consistently below 10% at 
N ≥ 20 in simulated data, at N ≥ 50 in Conway, and at N ≥ 30 in Luke. When excluding 
the QMI, which had the worst deviations, average deviations were consistently below 
10% when N ≥ 30 across samples.

Notably, average deviations in the full equation were considerably smaller than those 
for each term alone, suggesting sampling error in s and rxx may offset one another. 

Table 3. Impact of sampling error in s and rxx on the Reliability Change Index: Conway and Luke 
Studies.

Mean absolute deviation of the Reliable Change 
Index

Variable Population ρxx Number of items Variability term (s)
Reliability term 

(
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2 � 2rxx
p

) Full equation

N = 10
PHQ .89 9 21% 26% 11%
GAD .91 7 20% 25% 12%
OCI .91 18 31% 34% 14%
QMI .95 6 24% 31% 21%
Affective Psychopathy .66 7 19% 24% 10%
Antisocial Psychopathy .61 8 26% 29% 17%
Interpersonal Psychopathy .80 7 20% 25% 9%
Lifestyle Psychopathy .77 7 19% 24% 10%

N = 20
PHQ .89 9 15% 17% 8%
GAD .91 7 13% 16% 8%
OCI .91 18 21% 22% 10%
QMI .95 6 16% 20% 15%
Affective Psychopathy .66 7 13% 15% 7%
Antisocial Psychopathy .61 8 18% 18% 11%
Interpersonal Psychopathy .80 7 13% 16% 6%
Lifestyle Psychopathy .77 7 13% 16% 7%

N = 50
PHQ .89 9 9% 10% 5%
GAD .91 7 8% 9% 5%
OCI .91 18 13% 13% 6%
QMI .95 6 10% 12% 9%
Affective Psychopathy .66 7 8% 9% 4%
Antisocial Psychopathy .61 8 11% 11% 7%
Interpersonal Psychopathy .80 7 8% 10% 4%
Lifestyle Psychopathy .77 7 8% 10% 4%

N = 200
PHQ .89 9 4% 4% 2%
GAD .91 7 3% 4% 2%
OCI .91 18 6% 6% 3%
QMI .95 6 4% 5% 4%
Affective Psychopathy .66 7 4% 4% 2%
Antisocial Psychopathy .61 8 5% 5% 3%
Interpersonal Psychopathy .80 7 4% 5% 2%
Lifestyle Psychopathy .77 7 4% 5% 2%

Note: In each section, the top four outcome measures are from Conway et al. (2022, tutorial 2) and the bottom four are 
subscales of the Self-Report Psychopathy Scale-Short Form (Paulhus et al., 2017) from Luke et al. (2022). ρxx and rxx = 
population and sample internal consistency; s = sample standard deviation of measure. Numbers crossing the 10% 
error threshold are bolded. RCI = Reliable Change Index, Psy. = Psychopathy. PHQ = Patient Health Questionnaire 
(Kroenke et al., 2001), GAD = Brief Measure for Assessing Generalized Anxiety Disorder (Spitzer et al., 2006), OCI = 
Obsessive-Compulsive Inventory-Revised (Foa et al., 2002), QMI = Modified Quality of Marriage Index (Nazarinia et al.,  
2009).
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Indeed, Pearson correlations between the estimates of s and rxx from individual samples 
were positive and large, ranging from r  = .62 to .94 across outcomes and samples. 
Consequently, when the variability term of the equation is higher, the reliability term 
tends to be lower (

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2 � 2rxx
p

decreases as rxx increases). As a result, sampling error in 
each term partially cancels out the other, resulting in lower average deviation in the full 
equation.

As indicated by the higher average deviations, sampling error in rxx had a greater 
impact than sampling error in s. This pattern was more pronounced when using 
simulated data and less pronounced when using real data. This pattern is consistent 
with, but smaller than, results from the previous section. Also consistent with results in 
the previous section, there was some evidence that sampling error in rxx was more 
impactful at higher values of rxx in the real data: measures with higher rxx values tended 
to have greater mean deviation in the reliability term of the equation than those with 
lower rxx values. However, the reliability of the outcome measure had no impact on the 
average deviation in the simulated data. We did not observe a clear pattern as to whether 
the number of items in a scale impacted mean deviation in the RCI in the real data, but 
did for the simulated data. In simulated data, scales with four items had double or nearly 
double the average deviation of scales with ten items on the full RCI.

Distribution of deviations across samples
As the mean deviation may not well represent what happens in a single study, we also 
examined distributions of deviations for the full RCI. Figures 1 and Figure 2 show results 
across different percentiles of the samples for each outcome in the simulated data and in 
Conway, respectively (results for Luke were similar to Conway and can be found on the 
OSF page). The y-axis represents the percent absolute deviation in the RCI, and the x-axis 
represents the percent of samples that have a deviation as large or larger than the y-axis 
value. Text labels are provided for the worst 10% and 20% of samples, and for the median 
sample.

These results provide context to the mean deviation values. The 10% error threshold 
was crossed in 20% or more samples when N was between 30 (PHQ) to as high as 100 
(QMI). Errors were smaller for the simulated data, crossing the error threshold in 20% or 
more of samples when N was between 10 and 30. These results show that, although 
average sample deviations mostly stayed below the 10% error threshold when N > 30, the 
probability of a given sample having excessive error in the RCI may be uncomfortably 
high until sample sizes are 100 or more.

Discussion

The RCI provides an important complement to standard group-based evaluation of 
change and is a widely used metric for evaluating change in the social sciences, particu
larly in clinical interventions. However, the common practice of using sample estimates 
to create the criteria against which each individual’s change is evaluated – the RCI – can 
systematically bias its evaluation in a given sample and create differing criteria for reliable 
change across studies. This paper explored the impact of sampling error on estimates of 
the RCI toward determining if a change in practice is warranted.
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Figure 1. Percent of samples with [y] or greater deviation from the population value for the reliable change Index: simulated data. The y-axis represents 
the percent absolute deviation in the Reliable Change Index, and the x-axis represents the percent of samples that have a deviation as large or larger than the 
y-axis value. Text labels are provided for the worst 10% and 20% of samples, and for the median sample (50%). Example to aid interpretation: for the high 
reliability/more items measure (top left panel) when N = 10, 10% of samples (x-axis) have a deviation from the population value of 13% (y-axis) or greater, 20% of 
samples have a deviation of 10% or greater, and 50% of the samples have a deviation of 5% or greater.
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Figure 2. Percent of samples with [y] or greater deviation from the population value for the reliable change Index: Conway. The y-axis represents the percent 
absolute deviation in the Reliable Change Index, and the x-axis represents the percent of samples that have a deviation as large or larger than the y-axis value. Text 
labels are provided for the worst 10% and 20% of samples, and for the median sample (50%). Example to aid interpretation: for the PHQ (top left panel) when N = 
10, 10% of samples (x-axis) have a deviation from the population value of 23% (y-axis) or greater, 20% of samples have a deviation of 18% or greater, and 50% of 
the samples have a deviation of 10% or greater. PHQ = Patient Health Questionnaire, GAD = Brief Measure for Assessing Generalized Anxiety Disorder, OCI = 
Obsessive-Compulsive Inventory-Revised, QMI = Modified Quality of Marriage Index.
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When sampling s at fixed values for rxx and ρxx, we found sampling error was larger for 
smaller sample sizes, and nearly any discrepancy between the sample and population rxx 
resulted in excessive error regardless of sample size, up to doubling (or halving) of the 
population value. While artificial from a sampling perspective, this approach is informa
tive when the population value of rxx is either known or was previously estimated with 
high precision. Using a more realistic sampling process with generated and real data, we 
found sampling error in each component of the equation offset the other such that 
average deviations were considerably smaller in the full RCI compared with in the 
variability term or reliability term alone. Ultimately, for all but one outcome measure, 
average deviation in the full RCI stayed below the threshold for sample sizes of N ≥ 30.

Instead of average error, a researcher planning a study may be more concerned with 
the chances of having excessive error in the particular study at hand. For simulated data, 
the sample size required to ensure the risk of excessive error stays below 20% for a given 
study ranged from N > 10 in the best case scenario to N > 30 in the worst case. For real 
data, required sample sizes ranged from N > 20 to N > 100.

Summary of factors impacting sampling error for the Reliable Change Index

Unsurprisingly, sample size was the most important factor impacting sampling error in 
the RCI. Average absolute deviations were small to negligible in the largest samples, and 
the chance of excessive error in a single study was consistently below 20% when sample 
size was above 100. In contrast, average deviations were often excessive when N < 30, 
which are typical sample sizes for pilot studies for psychological interventions. This 
pattern is noteworthy because the RCI is widely believed to be especially useful in small 
samples, when standard statistical tests are underpowered (Lambert & Ogles, 2009). 
However, these results show that the RCI is poorly estimated when N is small, potentially 
biasing evaluation of reliable change in these samples.

Finally, when the error in the rxx estimate is known (e.g. if sampling from the same 
population as another, much larger, study), average deviation from the population value 
ranges from 9% to as high as 100%. Outside of these cases, error in rxx was somewhat 
more impactful on the cut-off than error in s with real data, but not with simulated data. 
Finally, measures with fewer items had greater sampling error in the RCI compared with 
those with more items.

Additional sources of variability

The present investigation focused on cases in which researchers use the same formula for 
the RCI and use the same operational definitions for s and rxx. However, as previously 
mentioned, numerous other methods have been proposed to evaluate reliable change (see 
Atkins et al., 2005; Blampied, 2022; De Smet, 2024; McAleavey, 2024). Moreover, even if 
studies all use the Jacobson and Truax (1991) method, its terms are underspecified in the 
original formula. The worked example identifies s as one of three possible standard 
deviations: of a control group, normal population, or pretreatment experimental group. 
Additionally, their example uses test–retest reliability for rxx, but use of this operationa
lization is not explicitly instructed, and whether to use test–retest reliability or internal 
consistency for rxx is an area of active debate (Blampied, 2022; Lambert & Ogles, 2014; 
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McAleavey, 2024). McAleavey (2024) argues that test–retest reliability with a short retest 
window is ideal because it matches the pre-post nature of the data, but Blampied (2022) 
note that computing test–retest has its own pitfalls for this purpose, and that this 
requirement would prevent computation of the RCI for many measures given a lack of 
existing test–retest estimate. We echo Blampied (2022) in calling for authoritative advice 
by psychometricians toward resolving this disagreement. Ultimately, use of different 
formulas for the RCI or different operationalization of s and rxx will magnify the 
differences observed in the present investigations. Consequently, real world compar
ability of the RCI across studies is likely worse than shown in this study.

Is a change in practice warranted?

There are some advantages to the common practice of using individual sample estimates 
of s and rxx to compute the RCI. This method is simple and convenient, and it is already 
standard practice in empirical research to compute standard deviations and internal 
consistency (if used for rxx). Additionally, variability and reliability for a measure can 
differ between populations, settings, and usage, so sample values have better ecological 
validity by ensuring the estimate is relevant for population being studied. However, the 
results from the present study suggest that some change in practices is warranted.

One option, implemented for some widely used measures (e.g. Lambert et al., 2004; 
Marx et al., 2022), is to use a premade RCI for a given measure, developed using a large 
and representative sample such as that in a validation study, to be used by all studies 
involving that measure in the same or a similar population. Major advantages of this 
approach include ensuring the RCI value is minimally impacted by sampling error due to 
the large sample, is adequately representative of the population, and that different studies 
use equivalent criteria for evaluating reliable change so results are comparable across 
studies. The disadvantages are a loss in ecological validity – when there is a mismatch 
between the population or context for which the RCI was established and the population
(s) or context for which it is used – and a lack of available premade RCIs for many 
instruments. Perhaps due to its simplicity, intuitiveness, historical factors, and past 
evidence of equivalent performance to more complicated methods at the time (e.g. 
Atkins et al., 2005), the JT method has thrived in usage despite the availability of methods 
with better construct validity for many uses (McAleavey, 2024). Readers are encouraged 
to consider alternative methods that best suit the purpose for a given study. However, it is 
likely the JT method is here to stay and, when used, it may be most useful in providing 
a standard criterion across studies against which reliable change is evaluated. 
Consequently, we recommend using a premade RCI if one exists and was developed in 
a comparable population.

When a premade RCI not available, the best option largely depends on sample size. At 
N > 100, using one’s own sample values of s and rxx is appropriate and low risk. In 
contrast, given that average deviation for multiple measures started crossing the 10% 
threshold when N < 30, these studies should use estimates of s and rxx from elsewhere if 
available. Measure validation studies are ideal as they often involve large and represen
tative samples, and having a default choice maximizes comparability of reliable change 
results across studies. For sample sizes between 30 and 100, researchers should use their 
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judgment based on the study sample size and availability and representativeness of 
thresholds from a larger sample.

When a premade RCI is not available, we considered a ‘mix and match’ approach (e.g. 
Shalom et al., 2020) of using s from one’s own sample in combination with the best 
available estimate of rxx from another study. This approach would minimize sampling 
error in rxx, which has a disproportionate effect on the RCI, while closely matching the 
population when estimating s. However, results showed that error is minimized when 
using estimates of s and rxx from the same sample. Consequently, the mix and match 
approach is not recommended.

Recommendations for computing the reliable change Index

(1) Use a premade RCI threshold if one has been previously developed from a large 
sample of a comparable population.

(2) If a premade RCI threshold is not available or there is a substantial population 
mismatch between the premade threshold and one’s study,
(a) If N > 100, use the sample estimates of s and rxx to compute the RCI.
(b) If N < 30, use estimates of s and rxx from a large-N study that best matches 

one’s population of study. Measure validation studies are a good default 
choice.

(c) If 30 ≤ N ≤ 100, make a determination based on the study sample size and 
availability and representativeness of thresholds from a larger sample.

(3) Do not use estimates of s and rxx from different samples.
(4) Justify the choice of method for the RCI and its specific operationalization, and 

discuss limitations and biases that may result. Document such choices ahead of 
time in a study preregistration due to the impact that these choices may have on 
the strength of apparent evidence for change in a study.

Limitations and future directions

Several limitations should be mentioned. First, we explored a limited set of out
come measures. Second, reliable change is just one aspect of the larger construct 
known as clinical significance (Jacobson & Truax, 1991). Third, we focused on the 
Jacobson and Truax (1991) operationalization and, as mentioned previously, 
numerous other methods have been proposed. Many such methods were devel
oped in response to criticisms of the JT method, including its limitation to 
considering just two time points (McAleavey, 2024; Morgan-Lopez et al., 2022), 
inattention to other sources of error or how measurement error can change over 
time (e.g. Saavedra et al., 2021), use of nomothetic estimates for an idiographic 
analysis (e.g. McAleavey, 2024), and that categorizations from this method may be 
either overly conservative (McAleavey, 2024) or overly liberal (e.g. Morgan-Lopez 
et al., 2022). The JT method remains the dominant method for evaluating reliable 
change and thus was the focus of the present study, but other methods may be 
more appropriate for a given study.

Unfortunately, use of alternative methods that may be more suitable for a given study 
comes at the cost of muddying the comparability of reliable change results across studies. 
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Given the plethora of methods available, the variability in the RCI in actual use will be 
larger than that observed here when focused on just one method. Several studies have 
sought to quantify such differences resulting from use of different methods (e.g. Atkins 
et al., 2005; Ferrer & Pardo, 2014; Hays et al., 2021; Morgan-Lopez et al., 2022; Saavedra 
et al., 2021) and specific operationalizations of the same method (e.g. Crenshaw et al.,  
2024; Crenshaw et al., 2025), but more work is needed.

Conclusion

The RCI is an important complement to standard group-based estimates in the evalua
tion of change. We showed that common practices for computing the RCI renders it 
vulnerable to bias due to sampling error, particularly at small samples. We recommend 
a change in practice when computing the RCI, away from the current default of always 
using estimates of s and rxx from one’s sample and to a more principled consideration 
based on sample size. Recommendations include using a premade RCI threshold devel
oped from a comparable population when available. If such value is not available, we 
recommend using a population-matched larger-N study when N < 30, using sample 
values when N > 100, and making a case-by-case determination for sample sizes between 
30 and 100.

Note

1. The 10% threshold is commonly used for bias, not variability, in parameter estimates. 
Although we apply it here to a measure of variability in the estimate, not bias per se, 
usage in this context is akin to bias in the traditional usage of the threshold: when the RCI is 
over- or underestimated due to sampling error, it systematically biases the evaluation of 
reliable change for all individuals in the study.
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