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ABSTRACT

Background:  Depression and anxiety are highly comorbid conditions, which may impact 
treatment response.
Aims:  we intended to examine how depression and anxiety symptoms change during 
psychological interventions for adults and how the initial severity is associated with distinct 
trajectory classes.
Methods:  we identified papers examining longitudinal changes in depression and anxiety. 
trajectory classes were grouped into responders, improvers and non-improvers. Narrative synthesis, 
alongside meta-analysis, was applied to explore the number and nature of classes, their 
associations with study characteristics and predictors of trajectory class membership. this study 
was pre-registered on international Prospective Register of Systematic Reviews (PROSPeRO) 
(cRD42023393155), and the authors followed Preferred Reporting items for Systematic Reviews 
and Meta-Analyses (PRiSMA) guidance.
Results:  we identified 18 papers, including 22 models with two to six classes. Responding and 
non-improving classes prevailed. Meta-regression revealed no characteristics associated with the 
proportion of these classes. initial depression and anxiety levels predicted trajectory class 
membership for each other, but not always non-response. Unemployment, suicidality, social 
functioning impairment, treatment type and medication use predicted following non-responding 
trajectory.
Conclusion: Our findings highlight the complex relationship between initial anxiety and depression 
severity and their changes during psychological interventions. they provide practitioners with 
insights into factors associated with non-response patterns of symptom change.

Introduction

Common mental disorders (CMDs), such as depres-

sion and anxiety, are estimated to affect 29% of the 

population globally at some point (Steel et  al., 2014). 

In addition to individual suffering, they are also 

linked to a considerable burden on healthcare systems 

and wider society (McCrone, 2008). Anxiety and 

depression are also highly comorbid conditions. 

Almost 2/3 of individuals diagnosed with generalised 

anxiety disorder (GAD) develop a mood disorder 

over their lifetime (Ruscio et  al., 2017). The WHO 

World Mental Health Survey found that almost half 

of people with lifelong major depressive disorder 

(MDD) were diagnosed with at least one lifelong anx-

iety disorder. Of those who had 12-month MDD, 52% 

reported comorbidity with a lifetime anxiety disorder, 

and 42% reported comorbidity with a 12-month anx-

iety disorder (Kessler et  al., 2015).

Numerous studies support the effectiveness of psy-

chological interventions (e.g. Cuijpers et  al., 2014, 

2023), but over half of patients still do not respond to 

treatment (Cuijpers et  al., 2024; Moller et  al., 2019). 

In addition, the influence of comorbidity on treat-

ment outcomes remains disputable. Previous research 

suggests  that comorbid anxiety negatively impacts 

depression treatment outcomes (Buckman et  al., 2021; 

Tunvirachaisakul et  al., 2018). However, the former 
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meta-analysis highlighted the importance of adjusting 

for depression severity, which resulted in some anxiety- 

related clinical variables becoming non-significant 

predictors of depression treatment outcomes. The lat-

ter study was limited by the age group, treatment type 

and the number of studies. When examining the 

depression comorbidity impact on anxiety treatment 

outcomes, mixed results were reported depending on 

the psychological intervention type (Newman et  al., 

2019; Wolitzky-Taylor et  al., 2012).

The observed differential response to psychological 

interventions led to the recent movement towards per-

sonalised treatment approaches in mental health, focus-

ing not only on the diagnoses but also on the patient’s 

profile (Delgadillo & Gonzalez Salas Duhne, 2020; 

Saunders et  al., 2016). Interventions tailored to individ-

ual patients were found to be more effective than stan-

dardised treatments (Nye et  al., 2023). However, these 

studies used baseline characteristics to predict treat-

ment eventual outcomes but not patterns of change.

Analysing within-treatment data can help practi-

tioners better address their patients’ needs and 

improve outcomes. Growth mixture modelling (GMM, 

Muthén, 2004, 2001) is one approach to exploring 

this. It identifies trajectory classes based on individual 

symptom change patterns, allowing practitioners to 

track interindividual differences more accurately. 

Moreover, GMM helps identify potential predictors of 

class allocation, enabling practitioners to recognise 

risk factors for non-improving trajectories.

The existing reviews on CMD trajectory classes 

partially addressed the effects of comorbidity. Thus, in 

a review on post-traumatic stress disorder (PTSD) 

Dewar et  al. (2020) analysed 11 studies and identified 

comorbid depression and anxiety symptoms as strong 

predictors of PTSD trajectory class allocation. This 

study intends to extend these findings, focusing on 

the interaction of anxiety and depressive symptoms 

during psychological interventions and addressing the 

following research questions:

1. Which forms of trajectory are identified for 

anxiety and depression symptom change (in 

studies that measure both symptoms), and how 

do the number and nature of trajectories relate 

to study characteristics?

2. How are initial levels of anxiety and depression 

symptom severity associated with likely trajec-

tory class followed?

3. Are individuals most likely to follow similar 

trajectories of depression and anxiety symptom 

change during psychological interventions?

4. Which other factors are associated with likely 

trajectory classes reported for anxiety and 

depression?

5. How does modelling both symptoms in the same 

model affect the results of trajectory analysis?

Methods

The protocol for this systematic review was registered 

with the International Prospective Register of 

Systematic Reviews (PROSPERO, CRD42023393155). 

The review follows the guidelines of the Preferred 

Reporting Items for Systematic Reviews and Meta- 

Analyses (PRISMA) (Page et  al., 2021).

Search method

The literature search, covering peer-reviewed journal 

papers in English, was conducted through Scopus, 

PubMed, PsycINFO, and Cochrane Library up to 10 

June 2023. A manual citation search through the final 

study list and existing systematic reviews aimed to 

identify relevant papers. Supplemental Material A 

reveals the search terms.

Inclusion and exclusion criteria

We included studies with participants over 18  years 

old with anxiety disorders and/or depression seeking 

psychological intervention for CMDs. The condition 

was defined by meeting recognised diagnostic criteria 

or exceeding a clinical threshold on validated screen-

ing or symptom severity measures. In studies using 

the presenting issue concept (where clients sought 

help for anxiety or depressive symptoms), clinical 

cut-off requirements were not always applied and par-

ticipants with severe mental health conditions were 

possible. Studies of evidence-based psychological 

interventions for CMD (e.g. cognitive behavioural 

therapy (CBT), psychodynamic therapy (PDT), coun-

selling, guided self-help interventions, etc.) delivered 

in community and outpatient settings in any format 

(e.g. in-person or online, individual or group format) 

were included.

In addition, we included studies that identified dis-

tinct depression and/or anxiety symptom trajectories 

during treatment, even if only one class was extracted. 

This encompassed studies employing GMM, 

group-based trajectory modelling, and similar 

approaches. Eligible studies explored at least three 

measurements and used validated measures of anxiety 

and depression. If only one condition (e.g. depression) 

was modelled, we included only those studies where 

https://doi.org/10.1080/09638237.2026.2622085
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at least one measurement of the other condition (e.g. 

anxiety) was analysed as a potential predictor of the 

modelled condition trajectory.

We excluded studies that focused on PTSD, as the 

condition was excluded from the DSM-5 list of anxiety 

disorders by the American Psychiatric Association (2013) 

and because previous research has explored trajectories 

for PTSD (Dewar et  al., 2020). We also excluded studies 

that focused on severe mental health conditions (e.g. 

schizophrenia, personality disorders, and bipolar disor-

der), addictive disorders, relapse prevention, and studies 

evaluating medication interventions only.

No restrictions on the publication date or study 

type were applied.

Data extraction

After the database search, duplicates were removed, 

and titles and abstracts were screened for relevance. 

Eligible studies were then assessed in full, with 

unavailable full texts requested from authors.

The final list of eligible studies informed data 

extraction, including sample size and type, sample 

condition, clinical measures used, measurement fre-

quency, intervention type, its format and duration, 

trajectory analysis procedure, the way of modelling 

anxiety and depression symptom changes, number 

and nature of trajectory classes reported, class alloca-

tion, predictors of class allocation, and the original 

data source (in case of secondary data).

Quality assessment

The reporting quality of the studies was measured 

with the GRoLTS-Checklist (Guidelines for Reporting 

on Latent Trajectory Studies, van de Schoot et  al., 

2017). We did not exclude studies based on their 

GRoLTS score, as currently there are no thresholds 

distinguishing low and high scores.

Four papers (22%) were randomly selected and 

assessed by an independent rater. The agreement 

between the rater and the author (AK) was evaluated 

by the percent of agreement and Cohen’s kappa; dis-

crepancies were discussed, and consensus was agreed.

Analysis

Research question #1. Number and nature of anxiety 

and depression trajectory classes and their association 

with study characteristics

To address this research question, we conducted 

narrative synthesis and quantitative methods where 

possible.

Trajectory class classification into “responders”, 

“improvers”, and “non-improvers” was conducted 

based on the mean predicted scores using a reliable 

change index (RCI) and clinically significant change 

approach. A class was labelled as “non-improver” if 

by the end of the modelled treatment period no 

improvement at RCI was reported, as “improver” if 

RCI was achieved and as “responder” if in addition to 

achieving RCI, the “caseness” threshold was crossed. 

For the study where two conditions were modelled 

together, we labelled classes based on meeting the cri-

teria for at least one condition. Where RCI and “case-

ness” thresholds were not published, we performed 

our calculations following instructions of Jacobson 

and Truax (1991). Supplemental Material B reveals 

the details of the thresholds applied.

The relationship between study characteristics and 

the number of classes was examined via Pearson’s cor-

relation and linear regression modelling. Random 

effects meta-analysis on the proportion of non-improving 

class and responding class was conducted where classi-

fication was possible. When analysing both conditions 

together, for those studies where both depression and 

anxiety were modelled, we averaged proportions of 

each class across two conditions. To examine potential 

sources of heterogeneity, we conducted meta-regression 

analysis using moderators available, including average 

sample age, sample female proportion, the application 

of a clinical threshold to filter participants (yes/no), 

intervention type (CBT-based/others), the intervention 

duration (in weeks), the type of measure (self-report/

clinician-administered), and follow-up inclusion 

(yes/no).

The quantitative analysis was conducted in R 

Statistical Software (v.4.2.1, R Core Team, 2022). We 

ran a meta-analysis with meta R package (Balduzzi 

et  al., 2019), using the inverse variance method, 

REML estimation, and normal approximation confi-

dence interval for individual studies; logit transforma-

tion of the class proportions and Hartung–Knapp 

adjustment (Knapp & Hartung, 2003) to calculate the 

confidence intervals around the pooled effect were 

applied. Supplemental Material C reveals the code.

Research questions #2–5

A narrative synthesis was applied to address the 

remaining research questions.

All the studies were allocated into three groups: (i) 

studies modelling one of the two conditions (either 

anxiety or depression) and measuring the other one 

at baseline; (ii) studies modelling both anxiety and 

depression for the same sample but within separate 

models; (iii) studies modelling anxiety and depression 

symptom changes within a single model.

https://doi.org/10.1080/09638237.2026.2622085
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Research question #2. The association of initial anx-

iety and depression symptom severity with class 

membership

A narrative synthesis was applied across all the 

studies to assess the association between class mem-

bership and the initial severity of the condition mod-

elled. Studies from the first two groups above were 

used to examine the association between class mem-

bership and the comorbid condition severity (i.e. anx-

iety initial severity for depression class membership 

and vice versa).

Research question #3. Comparison of individual tra-

jectories across the two conditions

To address this question, studies modelling both 

conditions (i.e. the second and third study groups) 

were used.

Research question #4. Other predictors of class 

membership

We summed up the results across all the studies 

where authors performed analysis on potential predic-

tors for anxiety and/or depression class membership.

Research question #5. The effect of modelling the 

two conditions together vs. modelling them separately

We aimed to address this question by comparing 

the second and third study groups. However, the third 

group had just one study, leaving the question unan-

swered in this review.

Results

The initial search identified 1,692 papers (895 after 

removing duplicates), out of which 65 papers were 

selected for further full-text screening, leading to 18 

papers in the final list. Manual citation search pro-

vided additional 14 papers, none of which satisfied 

the inclusion criteria. Figure 1 presents the PRISMA 

flow diagram, with the included studies presented in 

Table 1.

Eleven (61% of all included papers) papers used 

secondary data, and seven studies (39%) used rou-

tinely collected data from psychological services or 

licensed therapists working independently. No over-

lapping datasets were identified.

In eight papers (44%), authors modelled trajecto-

ries of depressive symptoms. Five studies (28%) mod-

elled trajectories of anxiety (Joesch et  al., 2013; 

Lukaschek et  al., 2019) and anxiety disorders: panic 

disorder (Lutz et  al., 2014), obsessive-compulsive dis-

order (H. Kim et  al., 2023), and social anxiety disor-

der (Altmann et  al., 2020). Four studies (22%) 

Figure 1. flow diagram. *automated title search was conducted for “bipolar”, “PtSD”, and “posttraumatic stress” to remove the 
relevant papers before manual screening. Source: Page et  al. (2021), licensed under CC BY 4.0.
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Table 1. Studies included in the review and their key characteristics (in alphabetical order).

# Study Sample condition
Clinical 
sampleb

Clinical 
exclusion 
criteriac

Sample 
size

average 
age (SD)

Prop. of 
females ethnicity Intervention type format of delivery Intervention duration type of study

GroltS 
score

1 altmann et  al. 
(2020)

Social anxiety Yes Yes 357 34.6 (7.9) 55% – Short-term CBt and PDt 
for SaD

In-person up to 25 sessions rCt 10

2 Batterham 
et  al. (2017)

Depression with 
insomnia

no Yes 574 43 (12) 74% – CBt-I (an insomnia 
program)

online 8  weeks rCt 7

3 Cuijpers et  al. 
(2005)

Depression Yes Yes 425 36 (10) 61% – CBt and tau In-person Mean duration 
224  days  
(SD = 202), 10 
sessions in 
average  
(SD = 11)

randomised 
trial

11

4 Hull et  al. 
(2020)

Depression and 
anxiety

Yes Yes 10,718 range 
18–65

79% – Mixture (therapists are 
mainly CBt oriented, 
25% psychodynamic or 
relational)

tele-medicine 12  weeks with 
messaging up to 
5  days a week

routinely 
collected

13

5 Jankowski 
et  al., (2019)

Clients receiving 
long‐term 
outpatient 
treatment

no no 118 41 (12) 53% White 81% long‐term CrP In-person long-term routinely 
collected

13

6 Joesch et  al. 
(2013)

anxiety disorder 
(with high 
comorbidity 
with 
depression)

Yes no 482 43 (13) 70% Diverse race/
ethnicity

CalM (CBt, anti-anxiety 
medication, or both)

online 10–12  weeks rCt 8

7 Kelley et  al. 
(2018)

Depression Yes no 344 40 (12) 57% White 49%
Hispanic 32%

CBt, medication In-person 12  weeks/16 sessions randomised 
study

10

8 H. Kim et  al. 
(2023)

oCD Yes Yes 334 33 46% White 93% exposure and response 
prevention

In-person 8  weeks/17 sessions Clinical trials 8

9 lukaschek 
et  al. (2019)

Panic disorder Yes Yes 176 45 (14) 72% – CBt (psychoeducation and 
CBt-oriented exposure 
exercises)

In-person 23  weeks rCt 6

10 lutz et  al. 
(2014)

Panic disorder Yes Yes 326 37 (12) 64% White 88% CBt (a modified version of 
Panic Control treatment)

In-person 11-session 
administered on a 
weekly (biweekly 
for the last two 
sessions) basis

randomised 
trial

11

11 McDevitt‐
Petrovic 
et  al. (2020)

People seeking 
help at IaPt

no no 250 38 (14) 60% – low intensity CBt In-person In the range of 1–11 
sessions

routinely 
collected

9

12 nordberg et  al. 
(2014)

Depression Yes no 147 39 (12) 71% Caucasian 
86%

CBt, PDt In-person Minimum 15 sessions routinely 
collected

12

13 Saunders et  al. 
(2019)

People seeking 
help at IaPt

Yes no 4394 38 (13) 63% White 67% High-intensity 
psychological therapy 
for CMD (CBt, 
counselling, and IPt)

In-person up to 12 sessions 
included in 
analysis

routinely 
collected

11

14 Siddique et  al. 
(2012)

Depression Yes Yes 267 29 100% latina 50%
Black 44%

CBt, tau, and medication Group or individual 
in-person sessions

8 weekly sessions rCt 10

15 Skelton et  al. 
(2023)

CMD no no 16,258 38 (13) 68% White 60.2% High-intensity 
psychological therapy 
for CMD 
(disorder-specific CBt, 
counselling, IPt)

Supposed to be 
in-person

the number of 
sessions ranged in 
3–55

routinely 
collected

18

(Continued)



6 A. KAMARDiNA et Al.

modelled both anxiety and depression for the same 

samples within separate models (Jankowski et  al., 

2019; McDevitt‐Petrovic et  al., 2020; Saunders et  al., 

2019; Skelton et  al., 2023) and one study modelled 

two conditions in a single model (Hull et  al., 2020).

Sample sizes varied widely, from 118 to 16,258, 

with a mean of 2,002 and a median of 339. Average 

participant age ranged from 29.0 to 45.3  years, while 

the proportion of female participants ranged from 

18% to 100%.

In 14 studies (78%), clinical inclusion criteria were 

applied (a condition was diagnosed and confirmed via 

a clinical interview and/or by a clinical threshold of a 

respective measurement tool). In one study (Batterham 

et  al., 2017), the criterion was applied to insomnia 

rather than depression (participants were scored at 

4–20 by PHQ-9, thus, the study was marked as one 

with mixed population). In three studies (Jankowski 

et  al., 2019; McDevitt‐Petrovic et  al., 2020; Skelton 

et  al., 2023), authors conducted no participant clinical 

screening and all routinely collected data were 

accepted for analysis.

Interventions were grouped into four types: mixed 

(k  =  7), CBT-based (k  =  6), mixed with medication 

(k  =  4) and psychodynamic (k  =  1). In three studies 

(Batterham et  al., 2017; Hull et  al., 2020; Joesch et  al., 

2013), interventions were delivered remotely; in one 

study (Smolenski et  al., 2017) in-person and online 

formats were compared. All other cases involved 

in-person interventions, including two studies (Skelton 

et  al., 2023; Stulz et  al., 2010) without delivery format 

specification, but their setting descriptions indicated 

face-to-face delivery.

Most of the studies were performed in the USA 

(k  =  11), three in the UK, two in Germany, one in 

Australia, one in Switzerland and one in the 

Netherlands. All the papers were published after 2004.

Quality assessment

The percent of agreement between two raters comprised 

0.87, and Cohen’s kappa ratio was 0.72 (z  =  6.63, 

p  <  0.001), which is assessed as moderate to substantial 

(McHugh, 2012).

The average total score on the GRoLTS-checklist 

comprised 10.2 of 21 with a range of 6–18. The total 

GRoLTS score was associated with study sample size 

(Pearson’s r  =  0.73 [95%CI: 0.40; 0.89], p  <  0.001); no 

association was found with the year of publication.

The most frequently reported items were covariate 

analysis, model comparison tools, software used and 

plot of mean trajectories of the final model. The least 

frequently reported were plots of trajectories for all #
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models considered and of individual trajectories and 

starting values. No syntax files were found. 

Supplemental Material D reveals more details.

Trajectory analysis

Research question #1. Number of trajectory classes

The number of trajectory classes reported varied 

from two to six (mean = 3.25). Only one study 

(Hull et  al., 2020) modelled both conditions in a 

single model and reported six classes, which was 

treated as an outlier because of the different meth-

odology. Without it, the mean number of classes 

was 3.1.

Out of 21 models from 17 studies (excluding the 

outlier), 12 modelled depression symptoms and nine 

anxiety symptoms. The average number of classes 

extracted for anxiety was 3.3, which was slightly 

higher than for depression (2.9), but this difference 

was not significant (F  =  1.00, p  =  0.329).

The number of classes was associated with the 

sample size (Pearson’s r  =  0.57 [95%CI: 0.14; 0.82], 

p  =  0.014), but after excluding the outlier, the coef-

ficient became non-significant even before 

Bonferroni’s correction (r  =  0.38 [95%CI: −0.12; 0.73, 

p  =  0.132). Supplemental Material E reveals associa-

tions between the number of classes and study/sam-

ple characteristics.

We also checked whether the number of classes 

was associated with the sample type (clinical/mixed), 

follow-up inclusion (yes/no), the intervention type 

(CBT-based/other) and its delivery method (in-person/

remotely). F-statistics for none of these reached statis-

tical significance. When controlling for the sample 

size, the type of the sample was the only statistically 

significant predictor, adding 32% of explained vari-

ance in the number of classes in addition to that 

explained by the sample size (b  =  1.51, SE = 0.41, 

p  =  0.002, R2  =  64.5%, F(2,15)  =  13.63, p  <  0.001). 

Removing the outlier (Hull et  al., 2020) did not affect 

these results. The mean number of classes was 3.5 

(3.3 without the outlier) in studies with the clinical 

population vs. 2.5 in studies with the mixed 

population.

Research question #1. Nature of trajectory classes

Sixty-five trajectory classes from 20 models (16 

studies) were classified into responders (30 classes), 

improvers (7) and non-improvers (28). Non-improvers 

included one deteriorating class reported by Lutz 

et  al. (2014), modelling the first five sessions (the 

shortest period among the studies). Table 2 reveals 

the classification results.

The proportion of non-improving class varied 

considerably across studies, from 0 to 86% 

(Nordberg et  al., 2014). One study (Stulz et  al., 

2010) reported no non-improvers, possibly due to 

excluding participants with previous non-response 

to treatment.

Research question #1. Meta-analysis and meta-regression

Meta-analysis was conducted for 15 studies, where 

class classification was possible and at least one 

non-improver class was extracted.

Non-improving class proportion. The pooled pro-

portion of the non-improving class was 36.1% [95%CI: 

20.9; 54.8%], although high heterogeneity was 

observed: Q(14)  =  2133, p  <  0.0001, I2  =  99.3%, 

3–92% prediction interval for the pooled effect. Figure 

2 presents the forest plot. Meta-regression analysis 

identified no predictors of the non-improver class 

proportion.

The pooled effect was similar when meta-analysis 

was conducted separately for studies modelling either 

depression or anxiety alone. For depression 36.4% 

[95%CI: 13.9; 67.0%] non-improving class proportion 

was reported with high heterogeneity: Q(8)  =  1156, 

p  <  0.0001, I2  =  99.3%. For anxiety, it was 40.9% 

[95%CI: 21.7; 63.4%] non-improving class proportion 

with also high heterogeneity: Q(8)  =  1568, p  <  0.0001, 

I2  =  99.5%. No predictors were identified for the 

non-improving proportion across the two conditions.

Responder class proportion. The pooled proportion 

of the responder class comprised 34.3% [95%CI: 11.7; 

67.2%]. High heterogeneity was indicated too: 

Q(14)  =  2371, p  <  0.0001, I2  =  99.4%, 0–99% predic-

tion interval. Supplemental Material F reveals the for-

est plot. In unadjusted models, the proportion of the 

responder class was negatively associated with the 

proportion of females (b  =  −11.9, p  =  0.020) and the 

follow-up inclusion (b  =  −3.5, p  =  0.036, i.e. it was 

higher when only the treatment period was mod-

elled), but it was no longer significant when adjusted 

for other predictors.

When analysing separately depression and anxiety 

models, the pooled responder class proportion was 

higher for anxiety: 50.9% [95%CI: 27.6; 73.8%] vs. 

24.3% [95%CI: 2.8; 78.4%] reported for depression; 

although overlapping CIs and high heterogeneity were 

reported (anxiety: Q(8) = 1467, p < 0.0001, I2 = 99.5%; 

depression: Q(8)  =  710, p  <  0.0001, I2  =  98.9%). No 

predictors were reported for the responding class pro-

portion based on studies modelling anxiety; for 

depression models, meta-regression provided the same 

results as for all studies: the proportion of females 

(b  =  −18.7, p  =  0.011) and the follow-up inclusion 

https://doi.org/10.1080/09638237.2026.2622085
https://doi.org/10.1080/09638237.2026.2622085
https://doi.org/10.1080/09638237.2026.2622085
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Table 2. results of classification of trajectory classes (ordered according to the frequency of the measure used).

Study
Sample 

size Measurement frequency Measure used
Modelling 

method Period modelled
no. of 
classes responders Improvers non-improvers

Studies modelling depression
McDevitt‐Petrovic 

et  al. (2020)
250 at every session PHQ-9 GMM first six sessions 

only
2 Improvers (87.2%) non-improvers (12.8%)

Saunders et  al. 
(2019)

4394 at every session PHQ-9 lCGa Within treatment 
only

4 Moderate-to-severe pre-treatment, 
slow initial response, large 
response later in treatment 
(13.5%); moderate-to-severe 
pre-treatment, rapid early 
improvement, levelling out 
(14.0%)

Moderate severity pre-treatment, 
early initial response, levelling 
out (44.5%); moderate-to-
severe pre-treatment, limited 
or no response to treatment 
(28%)

Skelton et  al. 
(2023)

16,258 at every session PHQ-9 GMM Within treatment 
only

4 Initially moderate-severe symptoms 
and fast improvement (16.4%); 
initially moderate-severe 
symptoms and gradual 
improvement (17.6%)

Initially moderate-severe 
symptoms and no change 
(13.5%); Initially mild 
symptoms and minimal 
improvement (52.5%)

Batterham et  al. 
(2017)

574 at baseline, at 2/4/6/8  weeks, 
post-intervention, and at 
6/12/18  m follow-up

PHQ-9 without 
sleep item

lGMM Within treatment 
and follow-up

2 Improving (95  %) Stable/deteriorating (5%)

Kelley et  al. 
(2018)

344 at baseline, weekly through 
week 6, and at weeks 
8/10/12

HDrS-17 lCa Within treatment 
only

4 early remission (3  weeks) 23.8%; 
Gradual remission (12  weeks) 
− 39.8%; minimal response 
− 26.5%

no response − 9.9%

Siddique et  al. 
(2012)

267 at baseline, monthly for 
6  months, and at months 
8/10/12

HDrS-17 GMM Within treatment 
and follow-up

2 Moderate class 
(64.5%)

Severe class (35.5%)

Vetter et  al. 
(2022)

239 at baseline, after six weeks, 
and post-treatment

HDrS-17 lGMM Within treatment 
only

3 responding from moderate severity 
(72.8%)

responding from 
severe 
depression 
(7.5%)

non-responding class, moderately 
to severely depressed at 
baseline (19.7%)

Jankowski et  al. 
(2019)

118 no regular frequency reported 
(at multiple points during 
and at the end of 
treatment)

toP depression 
scale

lGM Within treatment 
only

2 Class 1 (36.5%) – higher initial 
depression/reliable improvement

Class 2 (63.5%) – lower initial 
depression scores/not 
significant trajectory, no 
improvement

nordberg et  al. 
(2014)

147 at baseline, at sessions 7 and 
15, and every 15 sessions 
thereafter

toP depression 
scale

GMM Within treatment 
only

3 High symptom rapid responders 
(13.6%)

not-responders with low 
symptoms (58.5%); 
not-responders with high 
symptoms (27.9%)

Stulz et  al. (2010) 504 at baseline, at weeks 
1–4/6/8/10/12 and 
post-treatment

HDrS-24 GMM Within treatment 
only

3 Severe depression (20.2%); moderate 
depression (58.3%)

low depression 
(21.4%)

Cuijpers et  al. 
(2005)

425 at baseline, then every 
3  months until 7 
measurements were taken

SCl-90 GMM Within treatment 
and follow-up

4 no information available for 
classification. all 4 classes 
improved with approximately the 
same rate of improvement but 
different intercepts

Smolenski et  al. 
(2017)

121 BDI-II GMM Within treatment 
and follow-up

2 only one improving class (100%) 
reported based on the small 
sample (the two-class model was 
better but it was not stable with 
covariates and thus not reported)

(Continued)
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Study
Sample 

size Measurement frequency Measure used
Modelling 

method Period modelled
no. of 
classes responders Improvers non-improvers

Mean 1970 2.9 33%a 3%a 64%a

Median 306 3.0
Studies modelling anxiety and anxiety disorders
McDevitt‐Petrovic 

et  al. (2020)
250 at every session GaD-7 GMM first six sessions 

only
2 Improvers (82.8%) non-improvers (17.2%)

Saunders et  al. 
(2019)

4394 at every session GaD-7 lCGa Within treatment 
only

5 Severe pre-treatment, slow initial 
response, large response later in 
treatment (11.6%); moderate-to-
severe pre-treatment, early initial 
response, levelling out (28.6%); 
mild pre-treatment, early initial 
response, levelling out (17.4%)

Moderate-to-severe 
pre-treatment, limited or no 
response to treatment (21.1%); 
severe pre-treatment, limited 
or no response to treatment 
(21.4%)

Skelton et  al. 
(2023)

16,258 at every session GaD-7 GMM Within treatment 
only

4 Initially moderate-severe symptoms 
and fast improvement (21.8%); 
initially moderate-severe 
symptoms and gradual 
improvement (11.9%)

Initially mild symptoms and 
minimal improvement (41.6%); 
initially moderate-severe 
symptoms and no change 
(24.8%)

Joesch et  al. 
(2013)

482 at baseline, weekly during 
treatment (12  weeks) and 
weekly follow-up up to 
56  weeks from the baseline

oaSIS GBtM Within treatment 
and follow-up

4 fast improvers with lowest anxiety 
scores at baseline (27.6%); 
moderate improvers (40.1%)

Slow improvers with plateau at 
the end (28.7%); 
not-improvers with the 
highest baseline score (3.7%)

lukaschek et  al. 
(2019)

176 at baseline and 10 periodic 
within treatment 
assessments

oaSIS GMM Within treatment 
only

3 Improvers, initially high symptoms, 
constant improvement (33.0%); 
fast improvement at the 
beginning and then plateau 
(50.6%)

not-improvers (16.5%), an 
unstable course

Jankowski et  al. 
(2019)

118 no regular frequency reported 
(at multiple points during 
and at the end of 
treatment)

toP anxiety 
scale

lGM Within treatment 
only

2 Class 1 (21.9%) – higher anxiety 
levels/reliable improvement

Class 2 (78.1%) lower anxiety 
levels/no improvement

altmann et  al. 
(2020)

357 at baseline, at sessions 8/15 
and post-treatment

lSaS lCa Within treatment 
only

3 Improvers with severe initial 
impairment (16%)

Improvers with 
moderate initial 
impairment 
(63%)

low improvers with severe initial 
impairment (21%)

H. Kim et  al. 
(2023)

334 at baseline, midway through 
treatment (week 4) and 
post-treatment (week 8)

YBoCS GMM Within treatment 
only

3 22.5% dramatic improvement class; 
52.1% moderate improvement 
class

25.4% little to no improvement 
class

lutz et  al. (2014) 326 at every session PDSS-Sr GMM first five sessions 
only

4 early response, high symptoms 
(20.2%)

High symptoms, no change 
(17.2%); medium symptoms, 
slow change (58.0%); medium 
symptoms, early deterioration 
with further recovery to initial 
levels (4.6%)

Mean 2522 3.3 40%a 1%a 59%a

Median 334 3.0

Table 2. Continued.

(Continued)
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(b  =  −6.8, p  =  0.003) were significant predictors, but 

none of them reached significance in adjusted models.

Research question #2. The initial severity of the con-

dition modelled

For both depression and anxiety, non-improver 

classes were not always the classes with the highest 

baseline severity of the condition modelled.

Among the nine depression models with non- 

improving classes, six included only one non-improving 

class, and in half of these (Kelley et  al., 2018; 

McDevitt‐Petrovic et  al., 2020; Siddique et  al., 2012), 

this class had the highest baseline severity. Three 

studies (Nordberg et  al., 2014; Saunders et  al., 2019; 

Skelton et  al., 2023) identified two non-improving 

classes – one characterised by the highest severity and 

the other by the lowest severity levels.

For anxiety, five models identified one non- 

improving class, and only in one of them (McDevitt‐

Petrovic et  al., 2020) was it a class with the highest 

baseline severity. Among the other four studies: one 

reported two non-improving classes with the highest 

baseline levels (Joesch et  al., 2013), two studies 

(Saunders et  al., 2019; Skelton et  al., 2023) reported 

mixed results (one class had the highest baseline 

severity and one had either the lowest or average 

severity) and one study (Lutz et  al., 2014) reported 

three non-improving classes without clear association 

with baseline severity.

When two conditions were modelled together (Hull 

et  al., 2020), one of two non-improver classes had the 

highest baseline severity of the symptoms, while the 

other reported average depression and the lowest anx-

iety severity.

Table 3 shows that the initial symptom severity 

level of the condition modelled was one of the most 

frequently considered potential predictors of class 

membership, and it received support in over half of 

the studies (8/11), more often for depression models. 

Out of those studies, higher initial severity was asso-

ciated with a less favourable trajectory in about half 

of the models.

Research question #2. Anxiety and depression mutual 

class prediction

Three study groups were identified:

1. studies modelling one condition (either anxiety 

or depression) and measuring the other one at 

baseline (k = 13, 72% of all the studies included);

2. studies modelling both anxiety and depression 

for the same sample but within separate mod-

els (k  =  4, 22%) (Jankowski et  al., 2019; 

McDevitt‐Petrovic et  al., 2020; Saunders et  al., 

2019; Skelton et  al., 2023);St
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3. studies that analysed anxiety and depression 

symptom changes within a single model (k = 1, 

6%) (Hull et  al., 2020).

To examine whether initial anxiety and depression 

symptom severity predicted class allocation for the 

other condition, we compared the results of 18 models 

from 15 studies. The third group above was not included 

due to different methodology; in one study modelling 

both conditions (Jankowski et  al., 2019), no predictor 

analysis was conducted; in one study (Smolenski et  al., 

2017), a one-class solution was reported.

Initial anxiety predicted depression class member-

ship in six of 10 models of depression. In one more 

model (Nordberg et  al., 2014), it was a predictor only 

in univariate analysis and did not reach significance 

when adjusted for other predictors. Out of those six 

models, in most (k = 4, Cuijpers et  al., 2005; Saunders 

et  al., 2019; Skelton et  al., 2023; Stulz et  al., 2010) 

higher anxiety predicted allocation to a class with the 

highest severity of baseline depression; only in one 

model did it predict non-response vs. response regard-

ing depression symptoms (Vetter et  al., 2022); and in 

one more model (Siddique et  al., 2012), it predicted 

membership in a non-improving class with the high-

est baseline depression.

Baseline depressive symptoms predicted anxiety 

class membership in five of eight models of anxiety. 

In two more models (Joesch et  al., 2013; Lutz et  al., 

2014), they were predictors in univariate analysis only. 

Out of those five models, in two (Lukaschek et  al., 

2019; Saunders et  al., 2019), higher initial depression 

predicted non-response regarding anxiety symptoms; 

in one model (Altmann et  al., 2020), it predicted 

membership in classes with higher baseline anxiety; 

in two models, it predicted membership in a 

non-improving class with the highest baseline anxiety 

(McDevitt‐Petrovic et  al., 2020; Skelton et  al., 2023).

Table 4 reveals the details of this analysis.

Research question #3. Comparison of individual tra-

jectories across the two conditions

Five studies addressed whether people tend to fol-

low similar trajectory patterns for anxiety and depres-

sion during psychological interventions: four 

(Jankowski et  al., 2019; McDevitt‐Petrovic et  al., 2020; 

Saunders et  al., 2019; Skelton et  al., 2023) modelled 

the symptoms separately, and one (Hull et  al., 2020) 

used a single model.

In three studies (Jankowski et  al., 2019; McDevitt‐

Petrovic et  al., 2020; Skelton et  al., 2023), the same 

number of trajectory classes was reported for depres-

sion and anxiety, and the class nature was described 

identically. In one study (Saunders et  al., 2019), the 

authors reported four classes for depression and five 

classes for anxiety; while the nature was almost the 

same, some classes differ in terms of initial symptom 

severity of the symptoms. The shapes of trajectories 

across the two conditions were visually identical in 

three studies (Jankowski et  al., 2019; Saunders et  al., 

2019; Skelton et  al., 2023); the authors of the fourth 

one (McDevitt‐Petrovic et  al., 2020) reported no plot, 

but the slope coefficients were almost identical across 

Figure 2. forest plot of non-improver class proportion.



1
2

A
. K

A
M

A
R

D
iN

A
 e

t
 A

l
.

Table 3. Most frequently considered predictors for trajectory class membership (ordered according to the number of studies that considered and supported a predictor).

Predictor

Studies considered a 
predictor Studies supported a predictor Models considered/supported

CommentsK
average 

sample size k
% in studies 
considered

average 
sample size Depression anxiety

Gender/Sex 13 2689 3 23% 9051 7/0 8/2 Being female/woman was associated with membership of classes with higher 
baseline severity (Hull et  al., 2020; lukaschek et  al., 2019; Skelton et  al., 2023)

age 13 2683 2 15% 406 7/2 8/0 Younger age was a predictor of non-response (Batterham et  al., 2017; Vetter et  al., 
2022)

Initial severity of the 
condition modelled

11 703 8 73% 841 8/7 4/2 In four models of depression (Batterham et  al., 2017; Saunders et  al., 2019; 
Siddique et  al., 2012; Vetter et  al., 2022) initial severity level was a predictor of 
non-improver class membership; in three models it was a predictor of intercept 
only (Cuijpers et  al., 2005; nordberg et  al., 2014; Stulz et  al., 2010). for anxiety 
models: Saunders et  al. (2019) reported baseline severity to predict 
non-response and lukaschek et  al. (2019) reported it to distinguish classes’ 
intercepts, not differences in response

education 7 1840 2 29% 5538 2/0 4/1 High education predict better improvement (Hull et  al., 2020) and/or low baseline 
severity (altmann et  al., 2020; Hull et  al., 2020)

relationship status 7 394 2 29% 298 4/1 3/1 Controversial results: no close relationship predicted non-improver membership vs. 
responding one, both with high baseline anxiety (altmann et  al., 2020); married 
status was a predictor of non-improver vs. improver class, both classes with high 
baseline depression (Vetter et  al., 2022)

treatment type 6 2102 5 83% 2422 4/3 1/1 Mixed results: CBt subjects responded worse when compared to patients treated 
with medication (Kelley et  al., 2018; Siddique et  al., 2012) but responded better 
when compared to ones treated as usual if they have higher baseline severity 
(Cuijpers et  al., 2005). CBt treatment (vs. PDt) or therapist’s CBt orientation 
predicted higher chances of response (altmann et  al., 2020; Hull et  al., 2020)

employment 6 3013 4 67% 4307 5/2 3/3 not-employed/not working status is a predictor of non-improver class membership 
for both depression (Skelton et  al., 2023; Vetter et  al., 2022) and anxiety (Joesch 
et  al., 2013; McDevitt‐Petrovic et  al., 2020; Skelton et  al., 2023)

Medication 6 3663 3 50% 5671 5/2 4/2 In depression models medication prescribed or used before decreased odds of fast 
improvement (Skelton et  al., 2023) or of having lower baseline severity (Skelton 
et  al., 2023; Stulz et  al., 2010). In anxiety models, it was associated with 
non-response (McDevitt‐Petrovic et  al., 2020; Skelton et  al., 2023)

ethnicity 6 3684 2 33% 8301 5/2 3/1 Mixed results. In depression models: asian, Black and mixed background (vs. White) 
was associated with lower odds to improve faster or with lower baseline class 
(Skelton et  al., 2023); Hispanics were more likely to respond earlier when 
compared to non-Hispanic (Kelley et  al., 2018). for anxiety: Black background 
was associated with lower chances to gradually improve vs. not improve 
(Skelton et  al., 2023)

Social functioning 4 5370 3 75% 6993 3/2 3/3 Higher impairment decreased odds of being in faster improving classes (Saunders 
et  al., 2019; Skelton et  al., 2023) or classes with lower baseline severity (lutz 
et  al., 2014; Saunders et  al., 2019; Skelton et  al., 2023)

onset of condition 
modelled

4 358 1 25% 250 3/1 2/0 an onset of >5  years increased the probability of being in the non-improvers class 
vs. responding class (McDevitt‐Petrovic et  al., 2020)

Suicidal ideation/
suicidality

3 320 2 67% 193 3/2 0/0 Suicidality was associated with non-response (nordberg et  al., 2014; Vetter et  al., 
2022)

History of 
psychotherapy

3 363 0 0% – 2/0 2/0 no statistically significant results

CBt: cognitive behavioural therapy; PDt: psychodynamic psychotherapy.
Model split into depression and anxiety does not include the study modelling both conditions together (Hull et  al., 2020). a predictor was coded as significant in case it was reported to be in multivariate analysis 
(if it was significant in univariate analysis only, it was coded as not significant for this table).
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Table 4. results of analysis of predictors for trajectory class allocation (ordered according to the results reported: non-response prediction comes first).

Study Sample size
no. of 
classes

Depression and anxiety mutual class prediction

other significant predictors Method usedresults reported Details of results

Studies modelling depression
Vetter et  al. 

(2022)
239 3 Predicts non-response 

only
anxiety is a predictor of non-improving class 

allocation (with lower baseline depression) vs. 
improving (with highest baseline depression)

Most relevant predictors for non-response were 
insomnia symptoms, younger age, depressed 
mood, being unemployed, suicidal ideation, 
somatic symptoms of depressive disorder, being 
married

the binary classification model 
(eXtreme Gradient Boosting; 
XGBoost). only two classes 
(improving vs. non-improving) 
were compared

Siddique et  al. 
(2012)

267 2 Predicts both level and 
non-responsea

Baseline anxiety is associated with higher odds to 
be allocated to severe depression 
non-improving class (vs. moderate depression 
improving class)

Baseline depression scores (high-symptom 
non-improvers vs. moderate-symptom improvers); 
type of treatment

logistic regression and a 
classification tree, conditional 
GMM for treatment type

Saunders et  al. 
(2019)

4394 4 Predicts level only Higher initial anxiety score is a statistically 
significant predictor of depression 
non-responding class with highest baseline 
depression vs. all other classes (two 
responding and one non-improving with 
lowest but still high baseline depression)

non-responding trajectories were associated with 
higher baseline severity, worse social functioning 
and higher incidence of phobic anxiety

Multinomial logistic regression

Skelton et  al. 
(2023)

16,258 4 Predicts level only Initial anxiety score is a predictor of a 
non-improving class with mild initial 
depression membership vs. a non-improving 
class with high initial depression. But it is not 
for two responding classes with high 
depression vs. a non-improving class with 
high depression

non-improving class membership was associated 
with disability and unemployed status. 
Psychotropic medication prescribed decreased the 
odds of belonging to fast improvers and the class 
with mild baseline depression. other predictors: 
baseline impairment, ethnicity, comorbidity

Multinomial logistic regression

Stulz et  al. 
(2010)

504 3 Predicts level only Higher baseline anxiety scores predict a higher 
probability of belonging to the severe 
depression subgroup (as opposed to the 
moderate depression subgroup). Both are 
responders

History of antidepressant medication, IDS-Sr score, 
and faD score

Multinomial logistic regression, 
conditional GMM for treatment 
type

Cuijpers et  al. 
(2005)

425 4 Predicts level only anxiety disorder is a significant predictor for odds 
of allocation to two classes with higher 
baseline depression vs. a class with lowest 
baseline depression

a severe MDD and a dysthymic disorder (prediction 
of the allocation to a class with the highest 
baseline depression); type of treatment

Conditional GMM

nordberg et  al. 
(2014)

147 3 not enough 
information

the panic subscale is a significant predictor in 
univariate analysis (no details reported) but 
not in multivariate

the depression subscale was a predictor of 
low-symptom non-responders vs. high-symptom 
responders. Increased social conflict, poorer sexual 
functioning, increased suicidality and lower 
hostility were associated with increased likelihood 
of belonging to the high-symptom non-responder 
group vs. high-symptom responding group

logistic regression

McDevitt‐
Petrovic et  al. 
(2020)

250 2 not significant – an onset of >5  years and receiving concurrent 
treatment significantly increased the probability of 
being in the non-improvers class

Chi-square tests and binary logistic 
regression

Batterham et  al. 
(2017)

574 2 not significant – factors significantly associated with membership of 
the stable/deteriorating depression class were 
higher baseline depression scores, younger age 
and limited comfort with using the internet

Binary logistic regression

Kelley et  al. 
(2018)

344 4 not significant – ethnicity, type of treatment (CBt vs. medication), 
genetic factors

ordinal logistic regression and 
anoVa

Mean 3681 –
329 –

(Continued)
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Study Sample size
no. of 
classes

Depression and anxiety mutual class prediction

other significant predictors Method usedresults reported Details of results

Studies modelling anxiety
lukaschek et  al. 

(2019)
176 3 Predicts non-response Statistically significant differences between classes 

in %% of MDD (the highest % is reported for 
a non-improving class while it is not the 
highest in terms of baseline anxiety)

Sex, anxiety baseline score, rural/urban residence anoVa

Saunders et  al. 
(2019)

4394 5 Predicts non-response a higher initial depression score is a statistically 
significant predictor of anxiety non-responding 
class (with the highest initial anxiety) vs. 3 
responding classes but not vs. another 
non-improving class (with lower but still high 
initial anxiety)

non-responding trajectories were associated with 
higher baseline severity, worse social functioning 
and higher social phobia and specific phobia 
scores

Multinomial logistic regression

McDevitt‐
Petrovic et  al. 
(2020)

250 2 Predicts both level and 
non-responsea

Comorbidity significantly increases the probability 
of being in the non-improvers class (with 
higher baseline anxiety)

unemployment and using medication significantly 
increased the probability of being in the 
non-improvers class

Chi-square tests and binary logistic 
regression

altmann et  al. 
(2020)

357 3 Predicts level only Depression is a significant predictor of the 
allocation to an improving class with 
moderate baseline anxiety vs. two classes with 
high baseline anxiety (one responding and 
one non-improving)

education, relationship status, anxiety in relationship, 
therapy type, therapist in training, alliance, 
interpersonal problems

Multinomial logistic regression

Skelton et  al. 
(2023)

16,258 4 Mixed results Initial depression score is a predictor of 
membership in two classes (responding from 
high anxiety and non-improving from mild 
anxiety) vs. non-responding class with high 
anxiety. no difference is reported for 
responding from high anxiety class vs. 
non-improving from high anxiety class

no-change class was associated with psychotropic 
medication prescription, disability and 
unemployment status. fast improvers and class 
with lower baseline anxiety were associated with 
lower baseline impairment. Being a male was 
associated with the class with lower baseline 
anxiety. other predictors: ethnicity, comorbidity

Multinomial logistic regression

Joesch et  al. 
(2013)

482 4 Predicts both level and 
non-responsea but 
only when 
unadjusted for 
other predictors

Baseline depression is a significant predictor of 
membership in two non-improving groups 
with the highest baseline anxiety (and not in 
a responding group with lower anxiety) vs. a 
responder group with the lowest anxiety 
membership. In multivariate analysis it failed 
to reach statistical significance

the number of anxiety disorders, the extent of social 
support and not working

univariate and multivariate logistic 
regression

lutz et  al. 
(2014)

326 4 Mixed results, only 
when unadjusted 
for other predictors

the baseline depression score is significantly 
lower for two classes with lower baseline 
anxiety levels compared to two classes with 
high anxiety in univariate analysis, but not 
statistically significant in multivariate analysis

Impairment in social functioning and separation 
anxiety

anoVa, multinomial logistic 
regression

Kim et  al. (2023) 334 3 not significant – YBoCS avoidance scores and transdiagnostic 
internalizing factor scores

Multinominal logistic regression

Mean 4287 –
381 –

anoVa: analysis of variance; MDD: major depression disorder; YBoCS: Yale-Brown obsessive-Compulsive Scale.
aModels where classes with higher baseline severity follow less favourable trajectories and thus it is impossible to distinguish if a comorbid condition predicts non-response (less favourable trajectory class) or the 
baseline severity level of the condition modelled.

Table 4. Continued.



JOURNAl Of MeNtAl HeAltH 15

the two conditions for improving classes and close for 

non-improving classes.

The analysis of overlapping samples (proportions 

of participants following trajectories of the same 

nature for both depression and anxiety) was con-

ducted in two studies (Saunders et  al., 2019; Skelton 

et  al., 2023):

• most depression non-improvers followed the 

non-improver class(-es) on anxiety as well (89–

90%); but for anxiety non-improvers, the 

spread over depression classes was more diver-

sified: only 48–61% of them followed the 

non-improving depression class, while the rest 

demonstrated different rates of improvement in 

depressive symptoms;

• the overlap between the opposite classes, such 

as anxiety non-improvers and depression rapid 

improvers, was the lowest at 1–2%.

One study (Jankowski et  al., 2019) reported noth-

ing about the overlap; the other one (McDevitt‐

Petrovic et  al., 2020) reported correlation ratios 

between anxiety and depressive symptoms on 

session-by-session basis (all the ratios were above 0.7).

In one single-model study (Hull et  al., 2020), par-

ticipants were allocated to trajectory classes based on 

joint patterns of the two conditions:

• participants of four classes (63% of the sample) 

followed similar depression and anxiety start-

ing from the same baseline levels: i.e. those 

with severe depressive symptoms also had high 

anxiety  scores;

• participants of two classes demonstrated more 

nuanced comorbidity at baseline with either 

depression or anxiety prevailing and a better 

improvement of the more severe condition.

Research question #4. Other predictors

Fifteen studies informed results of other predictor 

analysis as revealed by Table 3.

Age and gender/sex were considered as potential 

predictors of class membership in most studies but 

reached statistical significance in only 15% and 23% of 

cases, respectively. More consistent predictors of 

non-response included unemployment and higher sui-

cidality, while social functioning impairment was asso-

ciated with lower response or higher initial severity of 

the condition modelled. Treatment type was a signifi-

cant predictor in five of six studies: CBT was associated 

with less favourable trajectories than medication but 

more favourable than TAU and PDT. In half of the 

studies considering medication (prescribed or used 

before), it increased the chances of following either a 

non-improving trajectory or trajectory with higher 

baseline severity.

Predictor analyses for depression and anxiety were 

largely consistent, with two exceptions: (i) unemploy-

ment more strongly predicted non-response in anxiety 

models and (ii) relationship status showed conflicting 

effects in anxiety and depression models.

Discussion

We identified 22 models of depressive and/or anxiety 

symptom changes in the adult population of 18 studies 

and reclassified trajectory classes into responders, 

improvers and non-improvers. The number of classes 

extracted was associated with the sample size. Most 

classes were responders and non-improvers. For these 

two classes, we conducted meta-regression of the class 

proportion, which revealed no associations with any of 

the study characteristics we analysed. In most studies, 

initial levels of depressive and anxiety symptoms pre-

dicted class membership both in terms of the same 

condition and the other one (i.e. initial depression level 

predicting anxiety class membership). However, higher 

initial severity of the symptoms was not always associ-

ated with non-improving vs. responding class member-

ship. Most adults tended to follow the same recovery 

trajectories regarding both anxiety and depression. 

Among other predictors, unemployment, suicidality, 

social functioning impairment, treatment type and 

medication use appeared to be the most likely risk fac-

tors for membership in a non-improving class.

Number and nature of trajectories and their 

association with study characteristics

The number of trajectory classes extracted was in the 

range from two to six, with an average of 3.25, which 

is consistent with the existing reviews (Cole, 2021; 

Dewar et  al., 2020). Its association with the sample 

size is also echoed by findings reported by Cole 

(2021) based on 45 studies on CMD trajectories. The 

association highlights the need for greater statistical 

power to extract more classes, as simulation studies 

show that identifying more true classes requires larger 

samples (S.-Y. Kim, 2012). Meanwhile, there is no 

clear rule for extracting a specific number of classes, 

and the extraction depends on numerous factors 

(Ram & Grimm, 2009). Therefore, we used no sample 

size cut-offs for the studies reviewed but provided, 

where applicable, references to the average sample size.
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Among other study characteristics, the sample type 

was associated with the number of classes after con-

trolling for the sample size. Clinical sample in this 

review was defined as a sample in which participants 

were initially screened as having symptom severity scores 

above a cut-off on a relevant measure, or formally diag-

nosed with the modelled condition. Studies with only 

clinical populations demonstrated a higher mean num-

ber of classes than studies with mixed populations. 

Further research is required to explore the differences of 

trajectories in clinical and subclinical populations, as  

our review  is  limited by the number of eligible studies.

We applied the RCI and clinically significant 

change approach to classify trajectory classes extracted 

into responders, improvers and non-improvers. 

Meta-analysis of the pooled proportion of responding 

and not improving classes reported high levels of I2 

values, which is common for meta-analyses of preva-

lence (Migliavaca et  al., 2022). In line with the rec-

ommendations (Borges Migliavaca et  al., 2020), we 

also reported extremely wide prediction intervals that 

confirmed the heterogeneity of the pooled estimates.

Meta-regression of depression models observed 

that the responding class proportion was higher in 

samples with a lower proportion of females and when 

the follow-up period was not included. The adjusted 

meta-regression model did not support the associa-

tions, possibly due to the limited number of studies. 

While the association with follow-up inclusion can be 

explained by the diminishing effect of interventions, 

sex effect on intervention effectiveness is not sup-

ported by the existing research: while women tend to 

report higher severity of depression (Buckman et  al., 

2021) meta-analytical studies failed to find significant 

differences in psychotherapy effects for women only 

and mixed adult groups (Cuijpers et  al., 2018).

Initial levels of depression and anxiety

We found that the baseline severity of the condition 

modelled was not always associated with non-improving 

class membership. Only about half of depression 

non-improving classes and about 1/3 of anxiety ones 

were classes with the highest baseline severity. The 

baseline symptom severity was regularly identified as a 

predictor for that symptom class membership; however, 

higher severity was associated with being a member of 

a non-improving class only in half of depression mod-

els and in just one of four models of anxiety. Thus, 

neither line of analysis supported the initial severity 

predicting non-improvement. Cole (2021) and Dewar 

et  al. (2020) also reported mixed results.

Our analysis revealed strong support for anxiety 

and depression to predict class membership of each 

other. Studies with larger sample sizes reported this 

association more frequently, which may be explained 

by the insufficient statistical power of smaller sample 

studies (de Jong et  al., 2019). Meanwhile, a higher 

comorbid symptom predicted a non-improvement 

only in one depression model and two anxiety mod-

els; in the remaining models, it predicted allocation to 

a class with either a higher baseline severity of the 

symptom modelled or both a higher severity and 

non-improvement.

These findings illustrate the more complex effects 

of baseline severity of both a condition modelled and 

a comorbid one on the response curve. The interac-

tion of the two effects is also possible. Baseline 

depression severity (compared to anxiety) finds more 

support to serve as a predictor of non-response both 

when depression was modelled and when it was con-

sidered as a predictor for anxiety trajectory allocation. 

This is also echoed by the existing research showing 

that higher baseline severity of depression is associ-

ated with poorer eventual prognosis in treatment 

(Buckman et  al., 2021). Further analysis with a larger 

sample of studies is required to verify these associa-

tions, and the mechanism of the conditions’ interplay 

needs further investigation.

Comparison of trajectories for depression and 

anxiety

Five studies informed the analysis of the differences 

in shapes of trajectories across anxiety and depression 

modelled for the same sample. When the conditions 

were modelled separately, a considerable overlap 

between the classes of similar change patterns was 

reported, i.e. non-improving participants in terms of 

one condition tend to be allocated to a non-improver 

class in terms of the other condition. When modelled 

in a single model, the majority of participants were 

allocated to classes with the same pattern of change 

of both anxiety and depression. This tendency is sup-

ported by existing research that revealed medium to 

high secondary effects of psychological interventions 

delivered for depression on anxiety symptoms (Weitz 

et  al., 2018) and for GAD on depressive symptoms 

(Cuijpers et  al., 2014).

Other predictors of class membership

Unemployed status and higher suicidal ideation were the 

most frequent predictors of following non-improvement 
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trajectories; impairment in social functioning and medi-

cation predicted either non-response or higher baseline 

severity of a condition modelled. This echoes the previ-

ously reported systematic reviews (Cole, 2021; Dewar 

et  al., 2020) and other research in the area. Thus, 

meta-analytical research reported a history of antide-

pressant treatment predicting worse outcomes of depres-

sion treatment (Buckman et  al., 2021); the same study 

linked unemployment to higher baseline depression 

severity, which, in turn, predicted poorer treatment 

outcomes.

Six studies considered the type of treatment as a 

potential predictor of trajectory class allocation. They 

reported CBT being more effective compared to other 

non-medication treatments but underperforming 

medication treatments. Meanwhile, the number of 

these studies was limited, and this association is not 

supported by the results reported by Cole (2021). 

Moreover, no superior effectiveness of CBT was 

revealed by meta-analytical studies either for GAD 

(Cuijpers et  al., 2014) or for depression (Cuijpers 

et  al., 2023). We also failed to find any effects of 

CBT-based interventions on the proportion of 

non-improving or responding classes in the 

meta-regression, although this may be explained 

methodologically: when the type of intervention – 

including CBT-based – was analysed within condi-

tional growth mixture model (three studies used this 

method), we had to code the intervention as mixed 

rather than CBT-based.

Unlike previous findings for PTSD (Dewar et  al., 

2020), our review did not support the conclusion that 

younger age predicts membership in the improver 

versus non-improver class. Although age was the most 

frequently examined risk factor, it was only found to 

be associated in two of 13 studies included, with these 

indicating that younger age was associated with 

non-response. Our results align with the recent 

meta-analysis by Cuijpers et  al. (2020), which anal-

ysed 366 randomised clinical trials on psychological 

interventions for depression and found no significant 

differences in treatment effects between middle-aged 

patients and older adults. Similar findings were previ-

ously reported for GAD (Cuijpers et  al., 2014).

When comparing predictors across depression and 

anxiety, the results were largely consistent.

Reporting quality

We assessed the reporting quality of the studies using 

the GRoLTS checklist (van de Schoot et  al., 2017). 

The low average total score might be partly due to 

the checklist’s recent introduction. However, we found 

no association between reporting quality and the year 

of publication. No studies were excluded based on a 

low score, but the GRoLTS score was strongly associ-

ated with sample size, suggesting that studies with 

larger samples may be more reliable.

To improve future research in this field, we recom-

mend adopting the GRoLTS checklist. Its use will not 

only enhance replicability but also facilitate 

meta-analytical research, which is currently hindered 

by the exploratory nature of studies, methodological 

diversity, and inconsistencies in reported trajectory 

classes.

Limitations

There are some limitations to acknowledge. First, the 

inclusion criteria and our focus on the interplay of 

anxiety and depressive symptoms (namely, the require-

ment for both conditions to be measured) limited the 

number of studies included. Due to the diversity of 

methods used and studies’ characteristics, the applica-

tion of meta-analysis was limited, and a narrative syn-

thesis was the key synthesis approach. Moreover, only 

one study modelled both conditions in the same 

model, making it impossible to compare results 

between separate- and single-model approaches. 

Second, while using the RCI and clinically significant 

change approach to classify trajectory classes reduced 

subjectivity in labelling classes, some bias may still be 

present. Clear and widely accepted guidelines were 

not available for all the measures, making our classi-

fication dependent on the samples we used to calcu-

late the RCI and clinical cut-offs when they were 

unavailable. Third, data extraction was performed by 

a single researcher with an independent rater involved 

in a partial quality assessment only. Finally, only stud-

ies in English and from high-income countries were 

included, limiting the generalisability of the results.

Conclusion

To the best of our knowledge, this review is the first 

to consider the interplay between anxiety and depres-

sion symptom changes during psychological interven-

tions. Our findings suggest that the initial severity of 

both the condition modelled and the comorbid one 

may predict the trajectory class membership; however, 

higher initial severity does not always predict follow-

ing a non-improving trajectory. Unemployed status, 

suicidality, social functioning impairment, treatment 

type and medication use received the strongest 
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support among other predictors of non-improvement. 

Adults tend to follow similar trajectories in terms of 

depressive and anxiety symptoms.

The results can inform practitioners around esti-

mating potential treatment response for adults with 

comorbid depression and anxiety. Beyond identifying 

factors associated with non-response, our findings 

indicate the need to look beyond initial symptom 

severity and highlight the mutual influence of the two 

conditions. Applying methods like GMM to treatment 

response data can reveal expected patterns of change 

for clients based on their presenting characteristics. 

This could support client monitoring and progress 

feedback, for example, identifying individuals who are 

“off-track”, which was shown to improve outcomes 

(Shimokawa et  al., 2010).
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