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Abstract
Background: Missing cases present a challenge to our ability to evaluate the effects of web-based psychotherapy trials. As
missing cases are often lost to follow-up, less is known about their characteristics, their likely clinical outcomes, or the likely
effect of the treatment being trialed.
Objective: The aim of this study is to explore the characteristics of missing cases, their likely treatment outcomes, and the
ability of different statistical models to approximate missing posttreatment data.
Methods: A sample of internet-delivered cognitive behavioral therapy participants in routine care (n=6701, with 36.26% missing
cases at posttreatment) was used to identify predictors of dropping out of treatment and predictors that moderated clinical outcomes,
such as symptoms of psychological distress, anxiety, and depression. These variables were then incorporated into a range of
statistical models that approximated replacement outcomes for missing cases, and the results were compared using sensitivity
and cross-validation analyses.
Results: Treatment adherence, as measured by the rate of progress of an individual through the treatment modules, and higher
pretreatment symptom scores were identified as the dominant predictors of missing cases probability (Nagelkerke R2=60.8%)
and the rate of symptom change. Low treatment adherence, in particular, was associated with increased odds of presenting as
missing cases during posttreatment assessment (eg, odds ratio 161.1:1) and, at the same time, attenuated the rate of symptom
change across anxiety (up to 28% of the total symptom with 48% reduction effect), depression (up to 41% of the total with 48%
symptom reduction effect), and psychological distress symptom outcomes (up to 52% of the total with 37% symptom reduction
effect) at the end of the 8-week window. Reflecting this pattern of results, statistical replacement methods that overlooked the
features of treatment adherence and baseline severity underestimated missing case symptom outcomes by as much as 39% at
posttreatment.
Conclusions: The treatment outcomes of the cases that were missing at posttreatment were distinct from those of the remaining
observed sample. Thus, overlooking the features of missing cases is likely to result in an inaccurate estimate of the effect of
treatment.
(JMIR Ment Health 2021;8(2):e22700) doi: 10.2196/22700
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Introduction
Background
The ability to evaluate the effect of psychotherapy often depends
on the measurement of outcomes before-and-after an
intervention. However, many participants are unable to complete
measurement questionnaires and become missing cases, thus
threatening the validity of conclusions drawn from trials.
Missing cases are frequently reported in psychotherapy trials
[1,2] and pose a risk to the validity of the evidence base for
some treatments [3,4]. Overlooking the causes and outcomes
of missing cases can lead to systematic measurement bias and
misrepresentation of treatment outcomes and, therefore, risks
compromising the validity of clinical research [5,6]. For this
reason, careful analysis of the effect of missing cases is now
considered an important part of the process of measuring and
reporting clinical evidence [3].
Although the importance of handling missing cases is well
understood [3,7], accounting for the outcomes of missing cases
is a challenging task, as researchers can never verify whether
the replacement values they generate accurately captured patient
outcomes. Thus, researchers must rely on statistical
approximation and the assumption that any replacement
outcomes are suitable [8].
A key requirement for handling missing data is to ensure that
the outcomes of missing cases are represented within statistical
analyses [8]; typically, this involves using a statistical solution
that generates replacement values for missing cases [5,8,9].
Researchers rely on statistical methods that explore the
characteristics of missing cases to determine whether a statistical
solution is suitable for missing cases and whether these features
could also be associated with distinct clinical outcomes. This
is typically achieved through analyses that identify variables
that predict both the probability that participants will become
missing cases and the clinical outcome of such missing cases
[4,8,10]. Identifying such variables enables researchers to
generate replacement scores that are likely to capture the
outcomes of treatment for missing cases [7,10]. For example,
if older age is associated with a decreased probability of
becoming a missing case and an increased rate of symptom
change, a statistical model that can adjust for participants’ age
will be considered to create replacement outcomes that are more
accurate and representative of the effects of treatment than
models that overlook age. In statistical terms, variables that
predict both the likelihood of becoming a missing case and the
outcome of missing cases are known as mechanisms of
nonignorable missing cases [6,10,11].
Although statistical models that incorporate replacement values
for missing cases have been in use for decades [7,8,12],
relatively few published studies have reported the characteristics
of missing cases in psychotherapy trials or research that
identified nonignorable mechanisms of noncompletion that
might influence the reported outcomes [2,13]. This gap in
methodological research may result from (1) the limited
https://mental.jmir.org/2021/2/e22700
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knowledge about missing cases and the patient features that
may generalize across clinical trials [2] and (2) the scarcity of
large and comparable treatment samples that are statistically
powered to explore nonignorable mechanisms of noncompletion.
Preliminary evidence from trials of internet-delivered cognitive
behavioral therapy (iCBT) suggests that common patient
variables, such as treatment completion and baseline depressive
symptom severity, were the main predictors of both the
likelihood of patients dropping out of treatment and moderating
the clinical effect [2,4]. These findings suggested that (1) the
symptom outcomes of missing cases were not comparable with
the patients that provided their data following treatment and (2)
missing cases can be characterized through key features that
shape the likelihood of a case to present as missing during
posttreatment assessment. In particular, minimal treatment
adherence, as measured by the partial progress of an individual
through the treatment modules, was associated with increased
odds of presenting as a missing case during posttreatment
assessment (eg, odds ratio 70.6, 95% CI 34.5 to 145.1) and a
lower rate of symptom change (eg, 21% for low treatment
adherence vs 49% for high adherence) [4]. Without accounting
for these variables, web-based psychotherapy researchers risk
overlooking a systematic pattern of worse treatment outcomes
for missing cases and generating estimates of treatment effects
that are unrealistically optimistic. However, the evidence from
this study regarding the effect of missing cases in
internet-delivered psychotherapy is limited to a single study
that focused on symptoms of depression using data from a highly
controlled clinical trial with high participant retention (87%)
[4]. Replicating this study in an additional therapeutic context
and within additional clinical outcomes is needed before
conclusions can be drawn regarding the characteristics and effect
of missing cases in internet-delivered psychotherapy and the
appropriate statistical methods for handling missing cases.

Objectives
The main aim of this study is to examine the characteristics and
possible clinical outcomes of missing cases in a large sample
in routine care and compare different statistical methods for
estimating those outcomes. This study examined the outcomes
of a large sample of patients enrolled in treatment courses
provided by an established digital mental health service (DMHS)
offering internet psychotherapy based on cognitive behavior
therapy (n=6701), in which the patients were administered
validated self-report questionnaires to measure symptoms of
depression, anxiety, and psychological distress at baseline, at
intervals during treatment, and at follow-up. It was hypothesized
that (1) lower treatment completion and increased baseline
depressive symptoms would predict both increased likelihood
of noncompletion and higher symptoms of depression
posttreatment and that (2) statistical models that account for
these features will result in higher posttreatment symptom
replacement scores compared with the statistical models that
assume missing cases occur as a random event.
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provided other information pretreatment and completed
symptom scales midtreatment (surveyed at Week 4),
posttreatment (Week 8), and at follow-up (Week 20).

Methods
The Sample
This study examined the outcome of routine care provided by
Australian National DMHS, the MindSpot Clinic [14]. All
participants provided consent for their deidentified data to be
used in evaluation and quality improvement activities. Approval
for this research was provided by the Macquarie University
Human Research Ethics Committee. Further information about
the sample, the course content and delivery protocols, and the
outcomes of the iCBT can be found in a study by Titov et al
[15]. The standardized nature of clinical engagement and
treatment delivery in iCBT reduces the likelihood that
differences in outcomes are because of different approaches of
therapists.
The 6701 participants who commenced treatment during a
30-month period completed self-report symptom scales and

In this study, emphasis was on the prediction of posttreatment
symptom outcomes, where posttreatment was considered the
main time point for evaluating the effects of treatment [15].
From the participants who initiated treatment, 63.7%
(4271/6701) of the sample provided data posttreatment, with
36% (2430/6701) considered to be missing cases as individuals
who did not comply with weekly email and telephone prompts
to complete a posttreatment evaluation assessment. For
cross-replication analysis, the sample was randomly allocated
into 5 subgroups, each with more than 1340 participants
pretreatment and more than 840 completed measurements
posttreatment. Tables 1 and 2 collate the demographic
information of the samples, including chi-square values, to
confirm adequate randomization.

Table 1. Randomization of cross-validation samples and participant characteristics (N=6701).
Sample

Total sample

a

Available sample at pretreatment, n (%)

Available sample at posttreatment, n (%)

Randomization test
Chi-square (df)

P value

6701 (100)

4271 (64)

0.01 (4)

.99

Replication sample 1

1341 (20.01)

842 (62.79)

N/Aa

N/A

Replication sample 2

1340 (20.00)

846 (63.13)

N/A

N/A

Replication sample 3

1340 (20.00)

843 (62.91)

N/A

N/A

Replication sample 4

1340 (20.00)

846 (63.13)

N/A

N/A

Replication sample 5

1340 (20.00)

848 (63.28)

N/A

N/A

N/A: not applicable (redundant parameter).

Table 2. Sample demographics.
Variable

a

Value

Randomization test
Chi-square (df)

P value

Age (years), mean (SD)

37.57 (10.9)

3.8 (1)

.44

Completed 1/5 modules, n (%)

513 (7.66)

7.5 (4)

.96

Completed 2/5 modules, n (%)

715 (10.67)

N/Aa

N/A

Completed 3/5 modules, n (%)

718 (10.71)

N/A

N/A

Completed 4/5 modules, n (%)

653 (9.74)

N/A

N/A

Completed 5/5 modules, n (%)

4102 (61.21)

N/A

N/A

In a relationship, n (%)

4458 (66.53)

0.6 (1)

.97

Employment (employed), n (%)

4908 (73.24)

0.8 (1)

.94

Education (tertiary), n (%)

3239 (48.34)

4.0 (1)

.41

Gender (female), n (%)

4866 (48.34)

6.8 (1)

.15

Comorbidity (GAD-7b ≤8 and PHQ-9c ≤10), n (%)

3437 (51.29)

3.0 (1)

.56

N/A: not applicable (redundant parameter).

b

GAD-7: generalized anxiety disorder-7 item scale.

c

PHQ-9: patient health questionnaire-9.
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Intervention
The participants enrolled in the Wellbeing Course [15], a
5-lesson course delivered over 8 weeks to patients experiencing
depression and anxiety. The lessons covered (1) the cognitive
behavioral model and symptom identification, (2) thought
monitoring and challenging, (3) de-arousal strategies and
pleasant activity scheduling, (4) graduated exposure, and
(5) relapse prevention. Additional material included downloaded
lesson summaries, patient stories, and a range of resources, for
example, improved sleep, problem solving, and communication.
Each of the lessons provided homework assignments to assist
participants in learning and applying the skills described in the
lessons to their everyday lives.

Karin et al
21, with higher scores indicating more severe symptoms of
anxiety. GAD-7 has shown excellent reliability and validity in
previous studies [17,18] and high internal reliability (Cronbach
α=.85) and stability over time (assessment to pretreatment
intraclass correlation=.74) within this sample.

Kessler 10 Item

Measures

Kessler 10 Item (K-10) is a widely used 10-item measure of
psychological distress. The scale has demonstrated adequate
reliability and validity in previous studies [17,19] and within
this sample (Cronbach α=.83; intraclass correlation=.71). Total
scores range from 10 to 50 with higher scores indicating greater
levels of psychological distress. The 10 to 50 score range was
converted into a 0 to 40 range within the analysis of longitudinal
symptom change.

The primary outcome measures for this study were standardized
symptom scales for anxiety, depression, and psychological
distress.

The following measures were also included as possible
independent variables or predictors that might predict clinical
trajectory through treatment and noncompletion.

Patient Health Questionnaire-9

Comorbidity

Patient Health Questionnaire-9 (PHQ-9) is a 9-item measure of
depressive symptoms. Total scores range from 0 to 27 with
higher scores indicating more severe depressive symptoms.
PHQ-9 has demonstrated excellent reliability and validity in
previous studies [16,17] and high internal reliability (Cronbach
α=.848) and stability over time (assessment to pretreatment
intraclass correlation=.72) within this sample.

Individuals were considered to have comorbidity if they
demonstrated scores of both anxiety and depression above
predetermined clinical thresholds (GAD-7 ≥8 and PHQ-9 10 at
baseline [17]).

Generalized Anxiety Disorder Scale-7 Item

Demographic Measures
This included age (in years at the start of treatment), gender,
relationship status, pretreatment symptom scores, pretreatment
anxiety scores, and educational attainment (Tables 3 and 4).

Generalized Anxiety Disorder Scale-7 Item (GAD-7) is a 7-item
measure of generalized anxiety. Total scores range from 0 to
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Table 3. Univariate missing cases probability models of the total sample (N=6701).
Variable considered

Variable
Time* predictor Variance RRIa % miss- Model sensi- Model speci- Overall mod- AUROC
test P value odds ratio (95% explained ing, odds ratio tivity (true
ficity (true
el accuracy, (95% CI)b
2
CI)
positive,
%)
negative,
%)
%
(R )
(95% CI)

Sample average

<.001

0.566 (.539 to
.595)

N/Ac

36 (35 to 37)

N/A

N/A

N/A

N/A

<.001

0.967 (.963 to
.972)

3.80

–1 (–1.1 to
–1.1)

62.60

53.00

56.50

0.603 (0.589
to 0.617)

Female

.003

1.188 (1.06 to
1.330)

0.20

37 (36 to 39)

74.80

28.60

45.30

0.517 (0.503
to 0.531)

Male

N/A

N/A

N/A

33 (31 to 35)

N/A

N/A

N/A

N/A

At least some employment

.62

0.972 (.868 to
1.088)

0.00

36 (35 to 37)

73.10

26.90

56.80

0.503 (0.488
to 0.517)

Otherwise

N/A

N/A

N/A

37 (34 to 39)

N/A

N/A

N/A

N/A

In a relationship

0.01

0.876 (.789 to
.974)

0.10

35 (34 to 37)

67.80

64.80

56.80

0.515 (0.500
to 0.529)

Otherwise

N/A

N/A

N/A

38 (36 to 40)

N/A

N/A

N/A

N/A

Tertiary education

<.001

0.736 (.665 to
.813)

0.70

32 (31 to 34)

56.50

51.30

53.10

0.538 (0.524
to 0.553)

Otherwise

N/A

N/A

N/A

40 (38 to 41)

N/A

N/A

N/A

N/A

<.001

1.024 (1.014 to
1.034)

0.50

0.7 (0.7 to
0.72)

53.10

54.80

51.00

0.535 (0.521
to 0.549)

Baseline depres<.001
sion symptoms (%

1.037 (1.028 to
1.046)

1.40

1.4 (1.4 to
1.44)

56.10

53.10

55.00

0.562 (0.548
to 0.576)

1.033 (1.026 to
1.040)

1.90

1.1 (1.1 to
1.08)

54.80

55.50

55.00

0.571 (0.557
to 0.585)

Demographic
Age (% per year)
Gender

Employment status

Relationship status

Education level

Initial severity
Baseline anxiety
symptoms (% per
GAD-7d point)

per PHQ-9e point)
Baseline psycholog- <.001
ical distress (% per
K-10f point)
Comorbidity at
baseline: (PHQ-9
≥10 and GAD-7
≥8)

<.001

0.718 (0.649 to
0.793)

0.90

40 (38 to 42)

N/A

N/A

N/A

0.541 (0.556
to 0.527)

None

N/A

N/A

N/A

32 (31 to 34)

N/A

N/A

N/A

N/A

<.001

N/A

60.30

10 (9 to 11)

86.60

83.60

85.50

0.881 (0.872
to 0.891)

Completed (4 of 5) N/A

9.104 (7.565 to
10.956)

N/A

49 (45 to 53)

N/A

N/A

N/A

N/A

Completed (3 of 5) N/A

33.715 (27.454
to 41.403)

N/A

78 (75 to 81)

N/A

N/A

N/A

N/A

Completed (2 of 5) N/A

106.01 (79.5 to
141.36)

N/A

92 (90 to 94)

N/A

N/A

N/A

N/A

Completed (1 of 5) N/A

162.104
(109.23 to
240.572)

N/A

95 (92 to 96)

N/A

N/A

N/A

N/A

Treatment completion
Completed all
modules
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RRI: relative risk increment.

b

AUROC: area under receiver-operator characteristics.

c

N/A: not applicable (redundant parameter).

d

GAD-7: Generalized Anxiety Disorder Scale-7.

e

PHQ-9: Patient Health Questionnaire-9.

f

K-10: Kessler 10-Item Scale.

Table 4. Univariate missing cases probability replication models across the five random cross validation samples (N=6701).
Variable considered

Sample average

Probability estimate of missing values at posttreatment in replication subsamples (95% CI)
RRIa Repb 1
(n=1341)

RRI Rep 2
(n=1340)

RRI Rep 3
(n=1340)

RRI Rep 4
(n=1340)

RRI Rep 5
(n=1340)

36 (34 to 39)

36 (34 to 39)

36 (34 to 39)

36 (34 to 39)

36 (34 to 39)

Demographic
Age (% per year)

−1.1 (−1.5 to −0.7) −1.1 (−1.5 to −0.7) −1.1 (−1.5 to −0.7) −1.1 (−1.5 to −0.7) −1.4 (−1.8 to −1)

Gender
Female

37 (34 to 41)

36 (34 to 40)

38 (35 to 41)

37 (34 to 40)

37 (34 to 40)

Male

33 (29 to 38)

35 (31 to 41)

31 (27 to 36)

34 (29 to 39)

33 (28 to 38)

At least some employment

36 (33 to 39)

35 (32 to 38)

37 (34 to 40)

36 (33 to 39)

36 (34 to 40)

Otherwise

37 (32 to 42)

40 (35 to 45)

35 (31 to 40)

36 (32 to 42)

35 (30 to 40)

In a relationship

35 (32 to 38)

34 (31 to 37)

37 (34 to 40)

35 (32 to 38)

35 (32 to 38)

Otherwise

38 (33 to 42)

41 (36 to 45)

35 (30 to 39)

39 (35 to 44)

38 (34 to 43)

Tertiary education

32 (29 to 36)

31 (27 to 34)

35 (31 to 39)

32 (28 to 35)

33 (30 to 37)

Otherwise

40 (36 to 44)

41 (37 to 45)

37 (34 to 41)

40 (37 to 44)

39 (36 to 43)

1.1 (0.3 to 1.9)

0.7 (−0.1 to 1.5)

1.4 (0.6 to 2.2)

0.4 (−0.4 to 1.2)

0.7 (−0.1 to 1.5)

1.4 (0.7 to 2.1)

1.1 (0.4 to 1.8)

1.4 (0.7 to 2.2)

1.4 (0.7 to 2.1)

1.1 (0.5 to 1.6)

1.4 (0.9 to 2)

1.1 (0.5 to 1.6)

1.1 (0.5 to 1.6)

Employment status

Relationship status

Education level

Initial severity
Baseline anxiety symptoms (% per
c

GAD-7 point)
Baseline depression symptoms (% per 1.4 (0.7 to 2.1)
PHQ-9d point)
Baseline psychological distress (% per 1.1 (0.5 to 1.6)
K-10e point)
Comorbidity at baseline: (PHQ-9 ≥10
and GAD-7 ≥8)

40 (36 to 44)

40 (36 to 44)

41 (37 to 44)

40 (36 to 44)

40 (36 to 43)

No comorbidity

33 (29 to 36)

33 (29 to 36)

32 (28 to 35)

32 (29 to 36)

33 (30 to 37)

Completed all modules

9 (7 to 11)

9 (8 to 12)

11 (9 to 13)

10 (8 to 12)

9 (7 to 11)

Completed (4 of 5)

57 (48 to 66)

47 (39 to 55)

48 (39 to 56)

51 (42 to 59)

45 (36 to 53)

Completed (3 of 5)

77 (70 to 83)

82 (75 to 88)

72 (64 to 79)

79 (72 to 85)

81 (73 to 86)

Completed (2 of 5)

90 (84 to 94)

91 (85 to 95)

91 (86 to 95)

95 (90 to 98)

93 (87 to 96)

Completed (1 of 5)

95 (88 to 98)

96 (90 to 99)

95 (89 to 98)

94 (87 to 97)

93 (86 to 96)

Treatment completion

a

RRI: relative risk increment.

b

Rep: randomized subsample for cross-validation purposes.

c

GAD-7: Generalized Anxiety Disorder Scale-7.

d

PHQ-9: Patient Health Questionnaire-9.

e

K-10: Kessler 10-Item Scale.
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Treatment Completion

The characteristics of missing cases and the estimates of their
likely outcomes were examined in 3 steps. All analyses were
conducted using SPSS (IBM Corporation) version 25 and a
dedicated R software package [21] for longitudinal power [22].

equations (GEEs) [25] that included a time covariate, each of
the predictors as a main effect, and a time by predictor
interaction. In these models, the coefficient of change between
pre- and posttreatment (βtime) represents the average rate of
pre-post symptom change (longitudinal change from baseline)
after accounting for within-subject variance (repeated individual
scores over time). The moderation of symptom change following
treatment was tested by examining the time by covariate
interaction (eg, βtime*βGender). All models included a gamma
scale, an unstructured pattern of within-subject correlation
matrix, and a log link function to account for positive skewness
and the proportional pattern of symptom change from baseline
[26]. These models were also tested with the overall sample
and retested within each of the 5 subsamples. The purpose of
cross-replication sought to test whether characteristics of certain
missing cases could be observed reliably within cross-validation
subsamples.

Missing Cases Probability

Power Analyses

The first step aimed to identify the relative importance of
variables that examined the probability of becoming a missing
case. Testing and modeling of the probability of missing cases
followed the variable selection strategy outlined by Harrell [23]
for logistic regression modeling. In this strategy, potential
moderating predictors were tested through separate (univariate)
logistic regression models, with the missing case status of the
patient at posttreatment as the binary dependent variable.
Subsequently, a stepwise variable selection analysis was used
to identify factors included in the multivariate model, including
treatment completion; baseline depression score; baseline
anxiety score; and demographic variables, such as gender, age,
employment status, educational attainment, and relationship
status. Variables that increased the probability of becoming a
missing case were retained in the final model of predictors of
missing cases probability. Additional forward and backward
model building techniques were also employed to replicate the
findings of the stepwise variable selection analysis. Each
possible predictor of missing cases was assessed for statistical
significance at a more conservative P value of .01. In addition,
the ability of each predictor to account for the probability
variance of missing cases likelihood was represented with the
Nagelkerke R-squared values, which illustrates the predictive
contribution of each variable and the variance it can account
for in comparison with a model with no predictors [24]. The
potential of each variable to differentiate between missing and
nonmissing cases was evaluated with sensitivity (prediction of
true positives; noncompletion), specificity (prediction of true
negatives; observed), and the overall rate of prediction accuracy
statistics such as receiver-operator characteristics.

A power analysis was conducted for both the GEE longitudinal
models of symptom change, and the binary logistic regression
models of missing cases probability at posttreatment [27]. To
estimate power, these analyses used the observed statistical
parameters from pilot GEE models, such as the rate of change
over time, the variance of symptom scores at each time point,
and within-subject correlation. This information was then used
to determine the minimal differences in the rate of longitudinal
change (moderation of longitudinal change) that could be refuted
as false negatives [22]. The pilot data used to determine the
overall rate of change were replication sample 1 (n=1341), and
the differences from the overall rate of symptom change, or
missing cases likelihood, were calculated as the relative
difference (expβ) from the overall rate of change. These power
analyses determine whether nonsignificant tests of symptom
change variance, or missing cases probability, are genuine
nonsignificant results or whether certain nonsignificant results
could be masked by the size of the sample. Separate power
estimates were created for the GEE models of symptom change
and the binary logistic regression models of missing cases
probability. All analyses also specified the probability of power
at 80% and a probability of Type I error of .05. The resulting
power estimates are further described in the Results section.

Treatment completion was measured by the progression of
participants through the 5 modules of the course, consistent
with definitions of treatment progression and adherence in
eHealth interventions [20]. Completion was measured by (1)
logging in to the assigned secured website and (2) accessing
the lesson modules, either being online, when the duration of
participation could be recorded, or by downloading the lessons.

Analytical Plan
Identifying Predictors of Missing Cases and the Rate of
Clinical Change

Moderators of Clinical Change
Longitudinal statistical models were also employed to test the
influence of baseline and treatment variables on the rate of
symptom change. Together, these models sought to identify
variables that jointly predicted missing cases and the rate of
symptom change, where a significant result on both outcomes
would imply a mechanism of missing cases. Longitudinal
predictors of symptom change were examined using generalized
estimated equation models, such as generalized estimating
https://mental.jmir.org/2021/2/e22700
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Comparison of Different Missing Cases Outcome
Approximation Models
Approximated missing cases replacement scores were generated
using several types of stratified longitudinal models and
evaluated side by side. Models differed from one another by
the inclusion of different covariates and a covariate by a time
interaction term. For example, by including covariates such as
gender and a time-by-gender interaction term, the prediction of
replacement outcome scores for missing cases is considered to
approximate the corresponding clinical outcomes of that
individual as a male or a female. The inclusion of different
covariates in the models is thought to test different assumptions
about why patients were missing and lead to the adjusted
prediction of their likely outcomes [5,8]. In statistical terms,
the conditional adjustment of missing cases outcomes by
different variables is often referred to as the replacement of
JMIR Ment Health 2021 | vol. 8 | iss. 2 | e22700 | p. 7
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missing cases under a conditional missing at random assumption
(MAR) [5,8].
In contrast to the adjusted models, models assumed that
posttreatment missingness occurred as a completely random
event. In these models, the probability of missingness was
assumed to be without any systematic characteristics and was
unrelated to the patient’s outcome [5,8]. These models included
no individual patient covariates, other than the time coefficient,
and were labeled as missing completely at random (MCAR).
Under such MCAR models, the average replacement of missing
cases would reflect the average outcome of the remaining sample
of completers, given that missing cases are not assumed to be
unique from their completer peers.
Missing cases were also replaced through statistical methods
such as multiple imputations and a predictive longitudinal mixed
model, which included random slopes and random intercepts
[9]. The replacement outcomes from such models were used to
compare the estimation of missing cases replacement across
different types of statistical methods. This addition intended to
establish that the impact from the phenomena of nonignorable
missing case mechanisms would be observed despite different
statistical techniques. Finally, the results using nonstatistical
methods for missing cases replacement, such as the last
observation carried forward (LOCF) method and baseline
observation carried forward (BOCF) method were compared.
To gauge the accuracy and impact associated with the different
replacement models, adjusted models (MAR) were compared
and interpreted as either overestimating, underestimating, or
being equivalent to models that overlook the features of missing
cases (MCAR models). Specifically, if the mean CI from an
adjusted model was within the mean CI of an unadjusted model,
evidence of statistical equivalence was concluded [28]. If the
CI of the mean replacement scores was outside the mean of the
scores from unadjusted models cases, the models were
considered to approximate distinct (statistically significant)
symptom outcomes.

Results

Karin et al
variables accounted for a substantially lower explained variance
(R2<.005) and were associated with predictive accuracy that
was close to random or around 50% overall accuracy.
The effect of increased baseline severity demonstrated that for
every additional PHQ-9 point at baseline, the probability of a
participant becoming a missing case at posttreatment increased
by 2% or 0.7% as a measure of relative risk (eg, 0.7% of 36%).
Similarly, the effect of a 1-point increase in psychological
distress at baseline, as measured by K-10, increased the odds
of an individual becoming missing by 1.6% or 0.56% as a
measure of relative risk.
The age of the participant was associated with a reduced
probability of presenting as a missing case, with each additional
year of age reducing the odds of becoming a missing case by
3.3% or 1.2% as a measure of relative risk. However, treatment
completion, which is the number of lessons completed during
treatment, was the dominant predictor of missing cases and
accounted for 60.3% of the total 60.8% probability variance of
missing cases. The disparity among different rates of treatment
completion demonstrated that only 9.80% of participants who
completed the entire program did not complete the posttreatment
assessment, whereas more than 95% of those who completed
only one lesson were missing cases posttreatment.
An interaction between the severity of depressive symptoms at
baseline and treatment completion was found to be
nonsignificant (Wald χ21,6701Treatment completion*Baseline symptoms=2.2,
P=.71), as was the age by treatment completion interaction
(Wald χ21,6701Age* χ2Treatment completion=4.9, P=.30). These
nonsignificant interactions imply that baseline symptom severity,
age, and treatment completion were distinct predictors of
missing cases probability and were independently impacting
missingness (eg, additive effects that are not conditional on one
another).
Table 4 provides estimates of different missing cases predictors
and the replication of these results within each of the 5
subsamples.

Power Analyses of Missing Cases Probability Models
Predictors of Missing Cases and the Rate of Clinical
Change
Results from the logistic regression models and testing for
predictors of missing cases at posttreatment are presented in
Table 3.
The binary models indicated that increased psychological
distress (Wald χ21,6701=70.1; P<.001), increased baseline
depressive symptoms (Wald χ21,6701=152.4; P<.001), decreased
treatment completion (Wald χ24,6701=2247.4; P<.001), and
decreased age (Wald χ21,6701=183.1; P<.001) were significant
predictors of missing cases. Together, these variables predicted
60.8% of the variance observed out of the total probability
variance for becoming missing at posttreatment (Nagelkerke
R2=60.80%). Predictors of missing cases included relationship
status, educational attainment, and comorbidity. However, these
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Post hoc power analyses of the missing cases models illustrated
that the 5 replication subsamples were powered to refute
false-negative effects that were as little as 10% of the overall
sample probability of missing cases. For example, sample 1
(n=1341) was powered to refute false-negative predictors that
moderated the probability rate of missing cases by 3.6% or more
(10% of the 36% who did not complete the posttreatment
assessment). Refuting nonsignificant tests of predictors that
were smaller than 3.6% required a sample larger than the sample
available (1341). The power to refute nonsignificant results can
be illustrated with the test of the gender predictor in Table 5,
where missing cases of males were estimated as 33% and that
of females at 37%. The difference between males and females
was not statistically significant, and the sample in this study
was large enough to refute this difference as a genuine
nonsignificant (true negative) result, with a power of at least
80%.
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Table 5. Longitudinal estimates of average anxiety (generalized anxiety disorder-7) symptom moderation.a
Characteristic

Moderation of the rate of GAD-7b (anxiety) symptom change
P value

Time*Predictor interaction coefficient Symptom change rate (95% CI)
(expc [β]) for symptom change

Sample average

<.001

0.519

48 (47 to 49)

.62

0.999

−0.1 (−0.3 to 0.2)

Female

.29

0.975

48 (47 to 50)

Male

N/Ad

N/A

47 (45 to 49)

At least some employment

.046

0.952

49 (47 to 50)

Otherwise

N/A

N/A

46 (44 to 49)

In a relationship

<.001

0.887

50 (49 to 52)

Otherwise

N/A

N/A

44 (41 to 46)

Tertiary education

.46

0.984

48 (47 to 50)

Otherwise

N/A

N/A

48 (46 to 49)

<.001

0.976

−2.4 (−2.9 to −2)

Baseline depression symptoms (% per PHQ-9e point) .62

1.001

0.1 (−0.3 to 0.5)

Baseline psychological distress (% per K-10f point)

.30

1.002

0.2 (−0.1 to 0.5)

Comorbidity at baseline: (PHQ-9 ≥10 and GAD-7 ≥8) .09

0.963

49 (47 to 50)

No comorbidity

N/A

N/A

47 (45 to 49)

Completed all modules

<.001

N/A

49 (48 to 51)

Completed (4 of 5)

N/A

0.82

43 (38 to 48)

Completed (3 of 5)

N/A

0.699

35 (28 to 42)

Completed (2 of 5)

N/A

0.694

38 (27 to 49)

Completed (1 of 5)

N/A

0.686

40 (27 to 53)

Demographic
Age (% per year)
Gender

Employment status

Relationship status

Education level

Initial severity
Baseline anxiety symptoms (% per GAD-7 point)

Treatment completion

a

All estimated cases were derived from generalized estimating equations models and their marginal means.

b

GAD-7: Generalized Anxiety Disorder Scale-7.

c

exp: exponentiated.

d

N/A: not applicable (redundant parameter).

e

PHQ-9: Patient Health Questionnaire-9.

f

K-10: Kessler 10-Item Scale.

Predictors of the Rate of Clinical Improvement
Variables that moderated the rate of symptom improvement
were also tested to determine whether similar variables identified
to predict missingness also moderated the rate of symptom
change over time. The coefficient statistics in Tables 6 and 7
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illustrate the symptom change moderation, associated with each
independent variable, for each of the 3 symptom outcomes, with
the results presented with separate tables for depressive
symptoms (Table 6), anxiety symptoms (Table 5), and
psychological distress symptoms (Table 7).

JMIR Ment Health 2021 | vol. 8 | iss. 2 | e22700 | p. 9
(page number not for citation purposes)

JMIR MENTAL HEALTH

Karin et al

Table 6. Longitudinal estimates of average depressive (Patient Health Questionnaire-9) symptom moderation.a
Characteristic

Moderation of the rate of PHQ-9b (depressive) symptom change
P value

Time*Predictor interaction coefficient Symptom change rate (95% CI)
(expc [β]) for symptom change

Sample average

<.001

0.521

48 (47 to 49)

.12

0.998

−0.2 (−0.4 to 0)

Female

.18

0.967

48 (47 to 50)

Male

N/Ad

N/A

47 (44 to 49)

At least some employment

.02

0.946

49 (47 to 50)

Otherwise

N/A

N/A

46 (43 to 48)

In a relationship

<.001

0.893

50 (48 to 52)

Otherwise

N/A

N/A

44 (42 to 46)

Tertiary education

.82

0.995

48 (46 to 50)

Otherwise

N/A

N/A

48 (46 to 50)

Baseline anxiety symptoms (% per GAD-7e point)

<.001

1.003

0.3 (−0.1 to 0.7)

Baseline depression symptoms (% per PHQ-9 point)

<.001

0.988

−1.2 (−1.6 to −0.9)

Baseline psychological distress (% per K-10f point)

<.001

1.003

0.3 (0 to 0.6)

Comorbidity at baseline: (PHQ-9 ≥10 and GAD-7 ≥8) .006

1.051

36 (34 to 37)

No comorbidity

N/A

N/A

39 (37 to 41)

Completed all lesson modules

<.001

N/A

49 (48 to 51)

Completed (4 of 5)

N/A

0.874

42 (37 to 47)

Completed (3 of 5)

N/A

0.779

35 (28 to 42)

Completed (2 of 5)

N/A

0.75

33 (20 to 45)

Completed (1 of 5)

N/A

0.711

29 (13 to 45)

Demographic
Age (% per year)
Gender

Employment status

Relationship status

Education level

Initial severity

Treatment completion

a

All estimated cases were derived from generalized estimating equations models and their marginal means.

b

PHQ-9: Patient Health Questionnaire-9.

c

exp: exponentiated.

d

N/A: not applicable (redundant parameter).

e

GAD-7: Generalized Anxiety Disorder Scale-7.

f

K-10: Kessler 10-Item Scale.
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Table 7. Longitudinal estimates of average psychological distress (Kessler-10) symptom moderation.a
Characteristic

Moderation of the rate of K-10b (psychological distress) symptom change
P value

Time*Predictor interaction coefficient Symptom change rate (95% CI)
(expc [β]) for symptom change

Sample average

<.001

0.63

37 (36 to 38)

.64

1

0 (−0.2 to 0.1)

Female

.29

0.975

48 (47 to 50)

Male

N/Ad

N/A

47 (45 to 49)

At least some employment

.01

0.946

38 (36 to 40)

Otherwise

N/A

N/A

34 (32 to 37)

In a relationship

<.001

0.892

39 (38 to 41)

Otherwise

N/A

N/A

32 (30 to 35)

Tertiary education

.79

1.005

37 (35 to 39)

Otherwise

N/A

N/A

37 (35 to 39)

.01

1.005

0.5 (0.1 to 0.8)

Baseline depression symptoms (% per PHQ-9f point) <.01

1.005

0.5 (0.2 to 0.8)

Baseline psychological distress (% per K-10 point)

0.994

−0.6 (−0.9 to −0.4)

Comorbidity at baseline: (PHQ-9 ≥10 and GAD-7 ≥8) .08

0.962

49 (47 to 50)

No comorbidity

N/A

N/A

47 (45 to 49)

Completed all modules

<.001

N/A

38 (37 to 39)

Completed (4 of 5)

N/A

0.881

34 (29 to 39)

Completed (3 of 5)

N/A

0.77

27 (19 to 34)

Completed (2 of 5)

N/A

0.763

30 (19 to 41)

Completed (1 of 5)

N/A

0.644

18 (2 to 34)

Demographic
Age (% per year)
Gender

Employment status

Relationship status

Education level

Initial severity
Baseline anxiety symptoms (% per GAD-7e point)

<.001

Treatment completion

a

All estimated cases were derived from generalized estimating equations models and their marginal means.

b

K-10: Kessler 10-Item Scale.

c

exp: exponentiated.

d

N/A: not applicable (redundant parameter).

e

GAD-7: Generalized Anxiety Disorder Scale-7.

f

PHQ-9: Patient Health Questionnaire-9.

Table 6 shows that posttreatment depressive symptoms were
moderated by treatment completion, all 3 baseline symptom
levels, and relationship status; all presenting with significant
predictor by time interactions. Thus, increases in baseline
symptom severity, increased treatment completion, and
relationship status significantly increased the rate of depressive
symptom improvement in therapy.
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Significant predictors of the rate of change in anxiety symptoms
were similarly identified. Specifically, increased baseline anxiety
symptoms, increased treatment completion, and the relationship
status in treatment seemed to increase the rate of symptom
change. The results of the anxiety moderators are presented in
Table 5.
Analyses exploring moderators of general psychological distress
(K-10) yielded the same pattern, with the results presented in
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Table 7, showing treatment completion, baseline severity, and
relationship status to significantly moderate changes in
psychological distress.

Power Analyses of Symptom Change Rate Models
Post hoc power analyses of the GEE symptom change models
demonstrated that each of the 5 replication subsamples was
adequately powered to determine which variables were
nonsignificant if they moderated the rate of symptom change
by as little as 12% of the total depression symptom change effect
(5.7% of 48%). Within the anxiety symptom change models,
the sample was powered to refute nonsignificant predictors that
moderated 12% of the total reduction of anxiety symptom
reduction (5.7% of 48%) and 13% of the total psychological
distress symptom reduction (4.4% of 37%). Refuting predictor
effects that were smaller than 5.7% (PHQ-9 and GAD-7) and
4.4% (K-10) required a sample that was larger than the 842
participants available in each of the subsamples.

Karin et al

Identified Mechanisms of Nonignorable Missing Cases
The predictors of treatment completion, baseline symptoms,
and, to a lesser extent, relationship status demonstrated an
association with both the likelihood of missing data at
posttreatment and the rate of symptom change over time. These
results confirm that treatment completion and, to a lesser extent,
baseline symptoms were not significantly associated with
noncompletion.
The association of treatment completion and baseline symptoms
with both clinical improvement and risk of presenting as missing
cases are illustrated in Figure 1 (missing cases probability at
posttreatment and symptom change, associated with program
completion) and Figure 2 (missing cases and symptom change
trends associated with depressive symptom baseline severity
and depressive symptom outcomes). These figures illustrate
how the probability of missing cases is likely to increase for
those individuals who also experience higher depressive
symptoms at the end of the treatment period (8 weeks), as a
result of low treatment completion (Figure 1) and increased
baseline symptoms (Figure 2).

Figure 1. Probability for observing cases at posttreatment (inverse probability of missing cases) and treatment outcome trends associated with treatment
completion; 95% CI is drawn around each effect in dotted lines. PHQ-9: Patient Health Questionnaire-9.
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Figure 2. Probability for observing cases at posttreatment (inverse probability of missing cases) and treatment outcomes trends associated with depressive
symptoms baseline severity; 95% CI is drawn around each effect in dotted lines. PHQ-9: Patient Health Questionnaire-9.

Comparison of Replacement Outcomes From Different
Statistical Models
In this step, the statistical approximation of replacement
symptom outcomes was compared between 3 different statistical
models: (1) models that adjust for the predictors that form
missing cases mechanisms (eg, treatment completion), (2)
models that adjust only for time (Completer’s analysis), and (3)
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models that adjust for predictors that are not considered to be
a cause of missing cases (eg, gender, age, education). These
models differ from one another by the inclusion of different
covariates that adjust the projected outcomes of missing cases.
Tables 8 to 10 present the approximated mean PHQ-9, GAD-7,
and K-10 scores and the CIs for the replacement scores for the
various models.
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Table 8. Predicted Patient Health Questionnaire-9 outcomes generated with different replacement models—compared with average posttreatment
model estimate (missing completely at random).
Model estimation type considered

Mean predicted posttreat- Relative to the completer case
ment score (95% CI)
analysis (MCAR; 95% CI)

The conclusion drawn about
the replacement approach

Pretreatment symptom scores from posttreatment missing 13.09 (12.8-13.34)
cases

N/Aa

N/A

Outcomes from (MCARb) completer case analysis

N/A

N/A

6.3 (6.2-6.5)

Models adjusted for predictors that do not form missing cases mechanisms
(MARc) Age

6.3 (6.3-6.3)

1 (1-1)

Equivalent to MCAR

(MAR) Gender

6.3 (6.3-6.3)

0 (0-0)

Equivalent to MCAR

(MAR) Employment status

6.3 (6.3-6.3)

0 (0-1)

Equivalent to MCAR

(MAR) Relationship status

6.3 (6.3-6.4)

1 (0-1)

Equivalent to MCAR

(MAR) Education level

6.3 (6.3-6.4)

1 (1-1)

Equivalent to MCAR
d

Models adjusted for predictors that form nonignorable missing cases mechanisms (missingness and PHQ-9 outcome moderators)
(MAR) Baseline anxiety symptoms (GAD-7e)

6.5 (6.4-6.6)

3 (2-4)

Significant scores above
MCAR

(MAR) Baseline depressive symptoms (PHQ-9)

6.9 (6.8-7.1)

10 (8-12)

Significant scores above
MCAR

(MAR) Baseline psychological distress (K-10f)

6.9 (6.8-7)

10 (8-12)

Significant scores above
MCAR

(MAR) Comorbidity (PHQ-9 ≥10 and GAD-7 ≥8)

6.6 (6.5-6.6)

4 (3-6)

Significant scores above
MCAR

(MAR) Treatment adherence

8.1 (8.1-8.2)

29 (29-30)

Significant scores above
MCAR

(MAR) Treatment completion and baseline symptoms 8.8 (8.6-8.9)

39 (36-42)

Significant scores above
MCAR

Adjusted models from alternative statistical methods (missingness and PHQ-9 outcome moderators)
Mixed linear model (MLM)—slopes and intercepts
(adjusting for PHQ-9 baseline)

a

7.4 (7.2-7.6)

18 (14-21)

Significant scores above
MCAR

Multiple imputation (MI) pooling—adjusted for PHQ- 7.6 (7.2-8)
9 baseline

21 (14-27)

Significant scores above
MCAR

Mixed linear model (MLM)—treatment completion,
slopes, and intercepts

8.4 (8.2-8.6)

33 (30-37)

Significant scores above
MCAR

Multiple imputation (MI) pooling—treatment comple- 8.8 (8.4-9.2)
tion and baseline symptoms

40 (33-46)

Significant scores above
MCAR

Last observation carried forward (LOCF)

10.4 (10.2-10.7)

65 (62-69)

Significant scores above
MCAR

Baseline observation carried forward (BOCF)

13.1 (12.8-13.3)

108 (104-112)

Significant scores above
MCAR

N/A: not applicable (redundant parameter).

b

MCAR: missing completely at random.

c

MAR: missing at random.

d

PHQ-9: Patient Health Questionnaire-9.

e

GAD-7: Generalized Anxiety Disorder Scale-7.

f

K-10: Kessler 10-Item Scale.
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Table 9. Predicted Kessler-10 outcomes generated with different replacement models—compared with average posttreatment model estimate (missing
completely at random).
Model estimation type considered

Mean predicted posttreat- Relative to Completer’s treat- The conclusion drawn about
ment score (95% CI)
ment effect (MCAR;a 95% CI) the replacement approach

Pretreatment symptom scores from posttreatment missing 19.44 (19.1-19.8)
cases

N/Ab

N/A

Outcomes from (MCAR) Completer's analysis

N/A

N/A

11.4 (11.1, 11.6)

Models adjusted for predictors that do not form missing cases mechanisms
(MARc) Age

11.4 (11.4-11.4)

1 (1-1)

Equivalent to MCAR

(MAR) Gender

11.3 (11.3-11.4)

0 (0-0)

Equivalent to MCAR

(MAR) Employment status

11.3 (11.3-11.4)

0 (0-0)

Equivalent to MCAR

(MAR) Relationship status

11.4 (11.4-11.4)

1 (0-1)

Equivalent to MCAR

(MAR) Education level

11.4 (11.4-11.4)

0 (0-1)

Equivalent to MCAR
d

Models adjusted for predictors that form nonignorable missing cases mechanisms (missingness and K-10 outcome moderators)
(MAR) Baseline anxiety symptoms (GAD-7e)

12.4 (12.2-12.7)

10 (8-12)

Significant scores above
MCAR

(MAR) Baseline depressive symptoms (PHQ-9f)

12.2 (12-12.4)

7 (6-9)

Significant scores above
MCAR

(MAR) Baseline psychological distress (K-10)

11.7 (11.5-11.8)

3 (2-4)

Significant scores above
MCAR

(MAR) Comorbidity (PHQ-9≥10 and GAD-7≥8)

11.8 (11.6-11.9)

4 (3-5)

Significant scores above
MCAR

(MAR) Treatment completion

13.7 (13.7-13.8)

21 (21-22)

Significant scores above
MCAR

(MAR) Treatment completion and baseline symptoms 14.6 (14.3-14.9)

29 (26-31)

Significant scores above
MCAR

Adjusted models from alternative statistical methods (missingness and K-10 outcome moderators)

a

Mixed linear model (MLM)—slopes and intercepts
(adjusting for K-10 baseline)

12.7 (12.5-12.9)

11 (10-13)

Significant scores above
MCAR

Multiple imputation (MI) pooling—adjusting for K10 baseline

12.1 (11.9-12.4)

6 (4-9)

Significant scores above
MCAR

Mixed linear model (MLM)—treatment completion,
slopes, and intercepts

14 (13.8-14.2)

23 (21-25)

Significant scores above
MCAR

Multiple imputation (MI) pooling—treatment comple- 14.1 (13.3-14.9)
tion and baseline symptoms

24 (17-31)

Significant scores above
MCAR

Last observation carried forward (LOCF)

17.8 (17.5-18.2)

56 (54-59)

Significant scores above
MCAR

Baseline observation carried forward (BOCF)

19.4 (19.1-19.8)

71 (68-74)

Significant scores above
MCAR

MCAR: missing completely at random.

b

N/A: not applicable (redundant parameter).

c

MAR: missing at random.

d

K-10: Kessler 10-Item Scale.

e

GAD-7: generalized anxiety disorder scale-7.

f

PHQ-9: patient health questionnaire-9.

https://mental.jmir.org/2021/2/e22700

XSL• FO
RenderX

JMIR Ment Health 2021 | vol. 8 | iss. 2 | e22700 | p. 15
(page number not for citation purposes)

JMIR MENTAL HEALTH

Karin et al

Table 10. Predicted generalized anxiety disorder scale-7 outcomes generated with different replacement models—compared with average posttreatment
model estimate (missing completely at random).
Model estimation type considered

Mean predicted posttreatment score (95% CI)

Relative to Completer's only The conclusion drawn about
(MCAR; 95% CI)
the replacement approach

Pretreatment symptom scores from posttreatment missing 11.45 (11.2-11.7)
cases

N/Aa

N/A

Posttreatment outcomes from (MCARb) Completer’s
analysis

N/A

N/A

5.7 (5.6-5.8)

Models adjusted for predictors that do not form missing cases mechanisms
(MARc) Age

5.8 (5.8-5.8)

2 (1, 2)

Equivalent to MCAR

(MAR) Gender

5.7 (5.7-5.7)

0 (0-0)

Equivalent to MCAR

(MAR) Employment status

5.7 (5.7-5.7)

0 (0-0)

Equivalent to MCAR

(MAR) Relationship status

5.7 (5.7-5.7)

0 (0-1)

Equivalent to MCAR

(MAR) Education level

5.7 (5.7-5.7)

1 (1-1)

Equivalent to MCAR

Models adjusted for predictors that form nonignorable missing cases mechanisms (missingness and GAD-7d outcome moderators)
(MAR) Baseline anxiety symptoms (GAD-7)

6 (5.9-6.1)

5 (3-7)

Significant scores above
MCAR

(MAR) Baseline depressive symptoms (PHQ-9e)

6 (5.9-6.1)

6 (4-7)

Significant scores above
MCAR

(MAR) Baseline psychological distress (K-10f)

6.1 (6-6.2)

7 (6-9)

Significant scores above
MCAR

(MAR) Comorbidity (PHQ-9≥10 and GAD-7≥8)

5.9 (5.8-6)

4 (3-5)

Significant scores above
MCAR

(MAR) Treatment completion

6.8 (6.8-6.8)

19 (19-20)

Significant scores above
MCAR

(MAR) Treatment completion and baseline symptoms 7.1 (6.9-7.2)

24 (22-27)

Significant scores above
MCAR

Adjusted models from alternative statistical methods (missingness and GAD-7 outcomes)
Mixed linear model (MLM)—slopes and intercepts
(adjusting for GAD-7 baseline)

a

6.3 (6.2-6.5)

11 (9-14)

Significant scores above
MCAR

Multiple imputation (MI) pooling—adjusted for GAD- 6.8 (6.5, 7.1)
7 baseline

20 (14-25)

Significant scores above
MCAR

Mixed linear model (MLM)—treatment completion,
slopes, and intercepts

7 (6.8, 7.1)

23 (20-25)

Significant scores above
MCAR

Multiple imputation (MI) pooling—treatment comple- 7.3 (7, 7.6)
tion and baseline symptoms

28 (23-34)

Significant scores above
MCAR

Last observation carried forward (LOCF)

9.1 (8.8-9.3)

60 (56-63)

Significant scores above
MCAR

Baseline observation carried forward (BOCF)

11.5 (11.2-11.7)

102 (98-105)

Significant scores above
MCAR

N/A: not applicable (redundant parameter).

b

MCAR: missing completely at random.

c

MAR: missing at random.

d

GAD-7: Generalized Anxiety Disorder Scale-7.

e

PHQ-9: Patient Health Questionnaire-9.

f

K-10: Kessler 10-Item Scale.

Tables 8 to 10 demonstrate that the statistical models that adjust
their estimates of missing cases outcome according to the
prominent characteristics of missing cases resulted in the
prediction of increased symptom outcomes and a more restrained
estimation of the treatment effect. For example, missing cases
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replacement models that account for the rate of treatment
completion resulted in PHQ-9 estimates that were 29% higher
than the outcomes from the Completer’s analysis (Table 8).
Similarly, missing cases replacement models that adjusted for
both baseline and treatment completion resulted in outcomes
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that were 39% higher than the average treatment effect. In
contrast, the application of models that adjust missing cases
replacement scores by covariates that only predict missing cases
(eg, age) or the rate of symptom change (eg, relationship status)
did not result in missing cases symptom estimates that were
different than average (nonadjusted MCAR models).
The influence of nonignorable mechanisms of missing cases is
repeated in Table 9 (GAD-7) and Table 10 (K-10). Accounting
for the role of low treatment completion in missing cases
increased the projected symptom scores for missing cases by
20%. When the role of baseline symptom severity was also
included in the replacement procedure, the predicted missing
cases outcomes increased to nearly 30% above the average
symptom outcome scores. In contrast, models that adjust their
predicted outcome by variables that do not jointly predict
missing cases and symptom change have resulted in outcomes
that were very close to those of the completers.
A comparison between the GEE replacement estimation,
multiple imputation, and mixed model–based replacement also
demonstrates that the effect of treatment completion could be
reliably observed across different statistical techniques. For
example, the multiple imputations and mixed model replacement
methods that accounted for a measure of treatment completion
(stratified) all resulted in higher and comparable symptom
replacement outcomes across GEE and multiple imputation and
mixed models methods and across all symptom outcomes:
depression (PHQ-9), anxiety (GAD-7), and psychological
distress (K-10).
Finally, LOCF and BOCF replacement methodologies were
compared with the other outcomes. Tables 8 to 10 show that
using BOCF and LOCF methodologies, replacement scores for
missing cases were higher when compared with the statistical
approximation of outcomes for completers.

Discussion
Principal Findings
The aim of this study is to better understand the characteristics
of missing cases and compare methods for estimating the
symptom outcomes of missing cases in psychotherapy. The
results of the study identified the following variables: (1)
treatment adherence rate, defined as the rate of module
progression through a treatment protocol and (2) the severity
of symptom scores before treatment as variables that moderated
both the probability for a case to present as missing during
posttreatment assessment and the rate of symptom reduction.
Low treatment adherence in particular dominantly predicted
both the odds ratio of a case to present as missing during a
posttreatment evaluation (162.1:1), and at the same time, low
adherence dulled the rate of symptom reduction effect by up to
29%, 41%, and 52% for anxiety, depression, and psychological
distress symptoms, respectively. These results are congruent
with preliminary research [4] and suggest that the effect of
missing cases is fundamental for the measurement process of
clinical evidence and is of vital importance to anyone interested
in a complete and unbiased account of the efficacy of
psychological treatment.
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With regard to the hypotheses stated, the first hypothesis that
treatment completion and the severity of symptoms at baseline
would predict both the likelihood of missing cases and symptom
outcomes was supported. Treatment completion accounted for
most of the missing case probability variance at posttreatment
(R2<60%). More than 95% of participants who completed all
of the intervention provided symptom data posttreatment
compared with the 5% of those who completed a single module.
Consistent with previous research in psychotherapy, treatment
completion also moderated the rate of symptom improvement
for depression, anxiety, and distress, suggesting a positive
dose-response relationship in the efficacy of iCBT [29,30].
Specifically, individuals who completed more of the treatment
modules demonstrated up to double the rate of symptom change
for psychological distress, depression, and anxiety within the
same period of 8 weeks.
The identification of the association between treatment
completion, noncompletion, and clinical outcomes as related
concepts in a very large sample and with multiple outcomes
confirms findings from earlier studies of factors associated with
outcomes in psychotherapy [1,29,30]. However, in comparison,
few studies of psychotherapy outcomes have examined the
relationship between these variables, and instead, treatment
completion, reasons for dropping out of treatment, and clinical
outcomes have been defined as distinct outcomes [20] and
explored as parallel outcomes in meta-analyses of
noncompletion [2] or in studies of predictors of noncompletion
[13].
The findings of this study are also consistent with those of
previous studies [4], which suggested that noncompleters were
likely to have significantly worse treatment outcomes that would
be overlooked without adjusting for the rate of treatment
completion and the severity of symptoms of a patient at baseline.
The comparison of statistical techniques demonstrated the effect
of these variables on the replacement outcomes, regardless of
the statistical technique employed. For this reason, it is
recommended that to produce accurate and representative
replacement estimates for missing cases, researchers should
account for the relationship between treatment completion, the
probability of completion, and the rate of improvement of
symptoms.
The key recommendation arising from these findings concerns
the measurement and evaluation of treatment outcomes in both
clinical trials and routine care. At present, missing case patterns
are mostly overlooked [9] despite being common and comprising
a substantial portion of samples examined in psychotherapy
research [1]. To date, there has been comparatively little research
attempting to examine the suitability of different statistical
methods to handle missing cases.
The second aim of this study is to explore the suitability of
different statistical solutions to replace the outcomes of missing
cases and identify methodological opportunities for
psychotherapy researchers. From the range of patient
characteristics, 2 types of models were identified: (1) models
that included the key nonignorable mechanisms of treatment
completion and (2) models that included alternative less
dominant predictors, such as age, gender, and education. For
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example, the analyses of psychotherapy patient characteristics
demonstrated that higher psychological distress symptoms at
baseline, higher depressive symptoms at baseline, or relatively
younger age, also predicted the increased probability of
noncompletion. This study found that age, gender, and baseline
symptoms are limited in their ability to account for the variance
in missing cases (R2<5%) or account for the outcomes of missing
cases. In contrast, treatment completion far outweighed other
competing explanations for missing cases. In this manner, the
study results supported the second hypothesis postulating that
models that adjust for treatment completion and baseline severity
would be more representative of the outcomes of missing cases.
In technical statistical terms, the joint association of the
treatment adherence variable with missingness probability and
the rate of symptom change is considered to demonstrate a
nonignorable mechanism of missing cases. Simply put, the
results show that missing cases do not occur as a random event
and that missing cases outcomes do not compare with the
remaining sample. This study, together with previous research
[4], demonstrated that the inclusion of a single key treatment
adherence covariate is enough to substantially improve the
prediction and replacement of missing cases outcomes. Such
findings support the proposed recommendation to use treatment
completion as a key mechanism of missing cases and as an
adjustment variable in the process of approximating missing
cases outcomes [5,31].

Limitations and Future Directions
The findings must be considered in light of several key
limitations. First, the demonstration of missing cases, their
characteristics and outcomes, and the suitability of replacing
missing cases through adjusted models can only be considered
preliminary and, at this time, relevant to iCBT [15]. Given that
missing cases estimates vary between treatments [2,9], it is
possible that the patterns, predictors, and outcomes of missing
cases also vary between treatment models. Although this sample
employed extensive cross-validation efforts, the trajectories of
missing cases identified in this sample should be considered
preliminary and experimental. Replication of these findings
using different treatments could affirm the generalizability of
early treatment completion as a key mechanism of missing cases
and the importance of treatment completion for clinical
improvement in psychotherapy. Specifically, additional and
more detailed replications of the findings across different clinical
contexts, such as trials with differing outcome measurement
methodologies (eg, self-reported vs clinical diagnosis [32]),
differing levels of treatment intensity [30], and differing
timelines within study methodology [33], are needed to further
verify the validity of treatment adherence as a mechanism that
shapes the prediction of missing cases outcomes in
psychotherapy research.

Karin et al
Second, this study was unable to examine other variables
influencing the trajectories of missing cases or test all of the
theoretical causes of missing cases, for example, the effect of
interaction between a participant and an individual therapist
despite the regimented nature of iCBT or the intervention of
external events affecting participation. Other possible variables
include the presence of major depression [32,34], perception of
treatment credibility [35], or motivation [13] that can also affect
treatment completion and the trajectory of participants in
psychotherapy. Future studies may consider a more direct or
more sophisticated measurement of participant engagement,
such as motivation and time spent engaged with treatment, and
even directed follow-up surveying to explore why patients
dropped out of treatment and lapse out of the assessment
protocol.
In addition, although not a limitation of this study, it is important
to note that the ability to use statistical replacement models
adjusted by treatment completion and baseline symptoms may
not be realistic in studies involving small samples [27], where
many psychotherapy trials involve samples less than 50 patients
and do not have the statistical power to confirm the associations
found in this study. In smaller studies, LOCF for cases that do
not complete treatment (eg, less than 80% adherence) could be
combined with the replacement values from unadjusted models
for cases who complete treatment in full (MCAR). Such an
approach could result in a less statistically demanding procedure
that balances overly conservative LOCF statistics with overly
liberal unadjusted model approximation [1].
In conclusion, this study aimed to explore the characteristics of
missing cases, the possible clinical outcomes of missing cases
in internet-delivered psychotherapy, and the suitability of
different strategies for accounting for the outcomes of missing
cases in psychotherapy trials. The findings of this study suggest
that (1) missing cases are associated with lower treatment
completion, (2) the clinical trajectories of missing cases are not
likely to be similar to the average participant, and (3)
overlooking the nonignorable mechanisms of missing cases is
likely to result in erroneous replacement of missing cases
outcomes and inflated estimates of treatment effects. The
findings suggest that researchers need to consider how they
account for the outcomes of missing cases in psychotherapy
trials where nonignorable missing cases mechanisms are likely
to occur. Accounting for missing cases in this manner provides
a more realistic estimate of treatment effects in the real world,
as it is expected that some participants will drop out. In this
manner, more complete and realistic estimates that account for
the outcomes of missing cases can contribute toward more
realistic psychotherapy evaluation and outcome modeling.

Acknowledgments
The authors would like to acknowledge the team of reviewers and editors for their helpful and meticulous feedback.

Conflicts of Interest
None declared.
https://mental.jmir.org/2021/2/e22700

XSL• FO
RenderX

JMIR Ment Health 2021 | vol. 8 | iss. 2 | e22700 | p. 18
(page number not for citation purposes)

JMIR MENTAL HEALTH

Karin et al

References
1.
2.

3.
4.

5.
6.
7.
8.
9.
10.
11.
12.
13.

14.
15.

16.
17.

18.
19.

20.

21.

22.

23.
24.
25.

Fernandez E, Salem D, Swift J, Ramtahal N. Meta-analysis of dropout from cognitive behavioral therapy: magnitude,
timing, and moderators. J Consult Clin Psychol 2015 Dec;83(6):1108-1122. [doi: 10.1037/ccp0000044] [Medline: 26302248]
Karyotaki E, Kleiboer A, Smit F, Turner DT, Pastor AM, Andersson G, et al. Predictors of treatment dropout in self-guided
web-based interventions for depression: an ‘individual patient data’ meta-analysis. Psychol. Med 2015 Apr
17;45(13):2717-2726 [FREE Full text] [doi: 10.1017/s0033291715000665]
Little RJ, D'Agostino R, Cohen ML, Dickersin K, Emerson SS, Farrar JT, et al. The prevention and treatment of missing
data in clinical trials. N Engl J Med 2012 Oct 04;367(14):1355-1360 [FREE Full text] [doi: 10.1056/nejmsr1203730]
Karin E, Dear B, Heller G, Crane M, Titov N. "Wish You Were Here": examining characteristics, outcomes, and statistical
solutions for missing cases in web-based psychotherapeutic trials. JMIR Ment Health 2018 Apr 19;5(2):e22 [FREE Full
text] [doi: 10.2196/mental.8363] [Medline: 29674311]
Bell M, Fairclough DL. Practical and statistical issues in missing data for longitudinal patient-reported outcomes. Stat
Methods Med Res 2014 Oct;23(5):440-459 [FREE Full text] [doi: 10.1177/0962280213476378] [Medline: 23427225]
RUBIN DB. Inference and missing data. Biometrika 1976;63(3):581-592. [doi: 10.1093/biomet/63.3.581]
Lang K, Little TD. Principled missing data treatments. Prev Sci 2018 Apr;19(3):284-294. [doi: 10.1007/s11121-016-0644-5]
[Medline: 27040106]
Mealli F, Rubin D. Clarifying missing at random and related definitions, and implications when coupled with exchangeability:
Table 1. Biometrika 2015 Sep 22;102(4):995-1000 [FREE Full text] [doi: 10.1093/biomet/asv035]
Bell M, Fiero M, Horton N, Hsu CH. Handling missing data in RCTs; a review of the top medical journals. BMC Med Res
Methodol 2014 Nov 19;14:118 [FREE Full text] [doi: 10.1186/1471-2288-14-118] [Medline: 25407057]
Little RJ, Rubin DB. Statistical Analysis with Missing Data. In: Bayesian Analysis. Hoboken, NJ: John Wiley & Sons;
2014.
Little RJA. Modeling the drop-out mechanism in repeated-measures studies. J of the Amer Stati Asso 1995
Sep;90(431):1112-1121. [doi: 10.1080/01621459.1995.10476615]
Schafer J, Graham J. Missing data: Our view of the state of the art. Psychological Methods 2002;7(2):147-177 [FREE Full
text] [doi: 10.1037/1082-989x.7.2.147]
Alfonsson S, Olsson E, Hursti T. Motivation and treatment credibility predicts dropout, treatment adherence, and clinical
outcomes in an internet-based cognitive behavioral relaxation program: a randomized controlled trial. J Med Internet Res
2016 Mar 08;18(3):e52 [FREE Full text] [doi: 10.2196/jmir.5352] [Medline: 26957354]
A digital mental health clinic for all Australians. MindSpot Clinic. URL: https://mindspot.org.au/ [accessed 2021-01-06]
Titov N, Dear BF, Staples LG, Bennett-Levy J, Klein B, Rapee RM, et al. The first 30 months of the MindSpot Clinic:
Evaluation of a national e-mental health service against project objectives. Aust N Z J Psychiatry 2017 Dec;51(12):1227-1239
[FREE Full text] [doi: 10.1177/0004867416671598] [Medline: 27733709]
Kroenke K, Spitzer R, Williams JB. The PHQ-9: validity of a brief depression severity measure. J Gen Intern Med 2001
Sep;16(9):606-613 [FREE Full text] [doi: 10.1046/j.1525-1497.2001.016009606.x] [Medline: 11556941]
Staples LG, Dear BF, Gandy M, Fogliati V, Fogliati R, Karin E, et al. Psychometric properties and clinical utility of brief
measures of depression, anxiety, and general distress: The PHQ-2, GAD-2, and K-6. Gen Hosp Psychiatry 2019;56:13-18
[FREE Full text] [doi: 10.1016/j.genhosppsych.2018.11.003] [Medline: 30508772]
Spitzer R, Kroenke K, Williams JBW, Löwe B. A brief measure for assessing generalized anxiety disorder: the GAD-7.
Arch Intern Med 2006 May 22;166(10):1092-1097. [doi: 10.1001/archinte.166.10.1092] [Medline: 16717171]
Kessler RC, Andrews G, Colpe LJ, Hiripi E, Mroczek DK, Normand SLT, et al. Short screening scales to monitor population
prevalences and trends in non-specific psychological distress. Psychol Med 2002 Aug;32(6):959-976 [FREE Full text] [doi:
10.1017/s0033291702006074] [Medline: 12214795]
Sieverink F, Kelders S, van Gemert-Pijnen JE. Clarifying the concept of adherence to eHealth technology: systematic
review on when usage becomes adherence. J Med Internet Res 2017 Dec 06;19(12):e402 [FREE Full text] [doi:
10.2196/jmir.8578] [Medline: 29212630]
R Core Team. The R Project for Statistical Computing. R: A Language and Environment for Statistical Computing. Vienna,
Austria: R Foundation for Statistical Computing; 2021. URL: https://www.r-project.org/ [accessed 2020-06-06] [WebCite
Cache ID https://www.r-project.org/]
Donohue MC, Gamst AC, Edland SD. Package ‘longpower’. Sample Size Calculations for L.: CRAN; 2020 Apr 21. URL:
https://pbil.univ-lyon1.fr/CRAN/web/packages/longpower/longpower.pdf [accessed 2021-01-06] [WebCite Cache ID
pbil.univ-lyon1.fr/CRAN/web/packages/longpower/longpower.pdf]
Harrell JF. Regression modeling strategies: with applications to linear models, logistic and ordinal regression, and survival
analysis. In: Springer Series in Statistics. New York: Springer; 2015.
Nagelkerke NJD. A note on a general definition of the coefficient of determination. Biometrika 1991;78(3):691-692 [FREE
Full text] [doi: 10.1093/biomet/78.3.691]
LIANG K, ZEGER SL. Longitudinal data analysis using generalized linear models. Biometrika 1986;73(1):13-22. [doi:
10.1093/biomet/73.1.13]

https://mental.jmir.org/2021/2/e22700

XSL• FO
RenderX

JMIR Ment Health 2021 | vol. 8 | iss. 2 | e22700 | p. 19
(page number not for citation purposes)

JMIR MENTAL HEALTH
26.

27.

28.
29.

30.

31.

32.

33.

34.

35.

Karin et al

Karin E, Dear B, Heller G, Gandy M, Titov N. Measurement of symptom change following web-based psychotherapy:
statistical characteristics and analytical methods for measuring and interpreting change. JMIR Ment Health 2018 Jul
12;5(3):e10200 [FREE Full text] [doi: 10.2196/10200] [Medline: 30001999]
Cook JA, Hislop J, Altman DG, Fayers P, Briggs AH, Ramsay CR, DELTA group. Specifying the target difference in the
primary outcome for a randomised controlled trial: guidance for researchers. Trials 2015 Jan 15;16:12 [FREE Full text]
[doi: 10.1186/s13063-014-0526-8] [Medline: 25928502]
Greene C, Morland L, Durkalski V, Frueh BC. Noninferiority and equivalence designs: issues and implications for mental
health research. J Trauma Stress 2008 Oct;21(5):433-439 [FREE Full text] [doi: 10.1002/jts.20367] [Medline: 18956449]
Delgadillo J, McMillan D, Lucock M, Leach C, Ali S, Gilbody S. Early changes, attrition, and dose-response in low intensity
psychological interventions. Br J Clin Psychol 2014 Mar;53(1):114-130 [FREE Full text] [doi: 10.1111/bjc.12031] [Medline:
24117962]
Robinson L, Delgadillo J, Kellett S. The dose-response effect in routinely delivered psychological therapies: a systematic
review. Psychother Res 2020 Jan 20;30(1):79-96 [FREE Full text] [doi: 10.1080/10503307.2019.1566676] [Medline:
30661486]
Cornelisz I, Cuijpers P, Donker T, van Klaveren C. Addressing missing data in randomized clinical trials: a causal inference
perspective. PLoS One 2020 Jul 6;15(7):e0234349 [FREE Full text] [doi: 10.1371/journal.pone.0234349] [Medline:
32628678]
Levis B, Benedetti A, Ioannidis JPA, Sun Y, Negeri Z, He C, et al. Patient Health Questionnaire-9 scores do not accurately
estimate depression prevalence: individual participant data meta-analysis. J Clin Epidemiol 2020 Jun;122(1):115-128 [FREE
Full text] [doi: 10.1016/j.jclinepi.2020.02.002] [Medline: 32105798]
Falkenström F, Josefsson A, Berggren T, Holmqvist R. How much therapy is enough? Comparing dose-effect and
good-enough models in two different settings. Psychotherapy (Chic) 2016 Mar;53(1):130-139 [FREE Full text] [doi:
10.1037/pst0000039] [Medline: 26928273]
DiMatteo M, Lepper H, Croghan TW. Depression is a risk factor for noncompliance with medical treatment: meta-analysis
of the effects of anxiety and depression on patient adherence. Arch Intern Med 2000 Jul 24;160(14):2101-2107 [FREE Full
text] [doi: 10.1001/archinte.160.14.2101] [Medline: 10904452]
Fernández-Álvarez J, Díaz-García A, González-Robles A, Baños R, García-Palacios A, Botella C. Dropping out of a
transdiagnostic online intervention: a qualitative analysis of client's experiences. Internet Interv 2017 Dec;10:29-38 [FREE
Full text] [doi: 10.1016/j.invent.2017.09.001] [Medline: 30135750]

Abbreviations
BOCF: baseline observation carried forward
DMHS: digital mental health service
exp: exponentiated coefficient
GAD-7: Generalized Anxiety Disorder Scale-7
iCBT: internet-delivered cognitive behavior therapy
K-10: Kessler 10-Item Scale
LOCF: last observation carried forward
MAR: missing at random
MCAR: missing completely at random
PHQ-9: Patient Health Questionnaire-9

Edited by J Torous; submitted 21.07.20; peer-reviewed by A Sharafoddini, MW Haun; comments to author 15.10.20; revised version
received 09.12.20; accepted 13.12.20; published 05.02.21
Please cite as:
Karin E, Crane MF, Dear BF, Nielssen O, Heller GZ, Kayrouz R, Titov N
Predictors, Outcomes, and Statistical Solutions of Missing Cases in Web-Based Psychotherapy: Methodological Replication and
Elaboration Study
JMIR Ment Health 2021;8(2):e22700
URL: https://mental.jmir.org/2021/2/e22700
doi: 10.2196/22700
PMID: 33544080

©Eyal Karin, Monique Frances Crane, Blake Farran Dear, Olav Nielssen, Gillian Ziona Heller, Rony Kayrouz, Nickolai Titov.
Originally published in JMIR Mental Health (http://mental.jmir.org), 05.02.2021. This is an open-access article distributed under
https://mental.jmir.org/2021/2/e22700

XSL• FO
RenderX

JMIR Ment Health 2021 | vol. 8 | iss. 2 | e22700 | p. 20
(page number not for citation purposes)

JMIR MENTAL HEALTH

Karin et al

the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in JMIR Mental Health, is properly
cited. The complete bibliographic information, a link to the original publication on http://mental.jmir.org/, as well as this copyright
and license information must be included.

https://mental.jmir.org/2021/2/e22700

XSL• FO
RenderX

JMIR Ment Health 2021 | vol. 8 | iss. 2 | e22700 | p. 21
(page number not for citation purposes)

