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Abstract
Depression is one of the main reasons for youth accessing mental health services, yet we know little about how symptoms 
change once youth are in routine care. This study used multilevel modeling to examine the average trajectory of change and 
the factors associated with change in depressive symptoms in a large sample of youth seen in routine mental health care 
services in England. Participants were 2336 youth aged 8–18 (mean age 14.52; 77% females; 88% white ethnic background) 
who tracked depressive symptoms over a period of up to 32 weeks while in contact with mental health services. Explana-
tory variables were age, gender, whether the case was closed, total length of contact with services, and baseline severity in 
depression scores. Faster rates of improvement were found in older adolescents, males, those with shorter time in contact 
with services, closed cases, and those with more severe symptoms at baseline. This study demonstrates that when youth 
self-report their depressive symptoms during psychotherapy, symptoms decrease in a linear trajectory. Attention should be 
paid to younger people, females, and those with lower than average baseline scores, as their symptoms decrease at a slower 
pace compared to others.
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Introduction

One of the challenges in routine psychotherapy delivery is 
to ensure that clients receive effective and efficient care, i.e., 
treatment that is responsive to individual needs and results 

in improvement, while preventing unnecessary resource use. 
Understanding the way in which clients’ symptoms change 
during routine psychological treatment offers the potential 
to tackle this challenge [1], and has been the subject of con-
siderable research efforts with adult populations [2–5], but 
to a far lesser degree with children and adolescents.

The trajectory of change that has been identified in the 
adult psychological therapy literature most frequently is a 
curvilinear one, where change occurs rapidly at first, and 
then decelerates [6, 7]. It has been proposed that the shape 
varies as a function of the overall treatment length, with 
clients in shorter treatment spells changing in a linear fash-
ion until they reach a good-enough level to end therapy [8]. 
With routine outcome monitoring (i.e., patients reporting on 
their own symptoms on a regular basis, e.g., at each session) 
becoming increasingly common in mental health services 
[9], data collected at frequent intervals offer rich information 
to put these models to the test.

Examining change at multiple points during treat-
ment is more informative than traditional pre-post treat-
ment measurement approaches, as one can make full use 
of the wealth of information that is otherwise lost when 
only two discrete time points are used for analyses [10]. 
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In addition, statistical advances in recent years allow for 
sophisticated analyses that take into account all available 
data and are able to estimate individual rates of change 
over time through hierarchical modeling, achieving great 
precision and power [11].

These methods have started being used to explore trajec-
tories of change in youth routine mental health care [12–15]. 
Those authors used a global functioning measure (the Youth 
Outcomes Questionnaire [16]) to model curvilinear (log-
linear or square-root) change as a function of either session 
number or weeks in treatment. A number of individual char-
acteristics, including severity at baseline, age and gender, 
were used to predict different trajectories. On the basis of the 
overall trajectory models, a warning system was developed 
to alert practitioners of cases at risk of treatment failure, and 
it achieved reasonable accuracy, leading the authors to argue 
for its use in routine practice.

These studies highlight the practical implications that 
examining trajectories of change can have. However, their 
findings can be extended on a number of fronts. First, using 
a measure of global functioning may not detect change that 
occurs in specific symptoms with which youth present in 
routine care. Second, there are questions regarding the gen-
eralizability of the results in terms of healthcare context and 
sample characteristics. For instance, Nelson and colleagues’ 
study [15] comprised data from a large privately managed 
care organization, in which fewer than 10% of the children 
had multiple diagnoses. This is arguably very different from 
the type of children who access the publicly funded health 
service, such as in the United Kingdom (UK), where comor-
bidities are higher and possibly due to limited resources, 
severity may be greater [17, 18].

Depression is a common presenting difficulty in routine 
care, and mounting evidence suggests that outcomes for 
depressed youth seen in these settings have little resem-
blance to the effectiveness rates reported for randomized 
controlled trials [19, 20]. This, alongside evidence that 
depressive symptoms at a young age predict psychopathol-
ogy later in life [21] and put youth at increased risk of poor 
psychological outcomes [22], underscores the importance 
of understanding trajectories and predictors of symptom 
change of this disorder in routine care.

The present research addresses this gap by examining the 
depressive symptom change trajectories in a large natural-
istic sample of children and young people seen in routine 
care by mental health services in the UK. The aims were: (a) 
to describe the average trajectory of change that depressive 
symptoms take in youth aged 8–18 years old while in contact 
with services, and (b) to investigate variance in trajectories 
in relation to demographic (age and gender), service use 
(case closure status, length of contact, whether there had 
been any prior contact) and severity (baseline depressive 
symptoms).

Method

Participants and procedure

This study used data from a database of children and 
young people seen as part of the Children and Young Peo-
ple’s Improving Access to Psychological Therapies (CYP 
IAPT) service transformation program in England between 
2011 and 2015 [23]. Data were collected from 81 Child 
and Adolescent Mental Health Services (CAMHS) within 
the National Health Service (NHS), local authorities, 
and voluntary sector providers [18]. Key aspects of the 
program were practitioner training both in the evidence-
based interventions (e.g., CBT and interpersonal therapy 
for depression) and in the use of routine outcome monitor-
ing. A sample of 2336 children and young people between 
the ages of 8 and 18 who had completed a self-reported 
depression symptom measure on at least three occasions 
during the episode of care, and for whom there was infor-
mation about their gender, was selected for analysis. Cases 
in this sample had a mean age of 14.52 (SD 1.72) and com-
prised 1803 (77%) females. Symptoms were tracked for 
an average of 14.44 weeks (SD 7.21; median 13.86; range 
2–32), with a total of 10,925 sessions in which a depres-
sion score was recorded, and an average of 25.92 days (SD 
14.85; median 22; range 6–86) between sessions. Accord-
ing to clinician report, available for 51% (1182), the most 
prevalent presenting problem was “Depression/low mood” 
(1043; 88%). In addition, many reported a range of anxiety 
problems including “Anxious in social situations” (784; 
66%) and “Anxious generally” (718; 61%; categories are 
not mutually exclusive). Clinician report of type of therapy 

Database of the

Children and Young People Improving Access to Psychologi-

cal Therapies (CYP IAPT) service transformation program

2011-2015

Depressive Symptoms Population: N = 8,238
1. Between 8 and 18 years old
2. Complete gender information
3. Measured depressive symptoms during spell of care

Analysis Sample: n = 2,336

Excluded from analysis: n = 5,902

Analysis Criteria:
1. At least three recorded scores
2. Depressive symptom scores not more than 90

days apart
3. Within 90th percentile of contact length (32

weeks from first recorded score)

Fig. 1   Sample selection flow
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was only available for 48% (1121 cases). The most com-
mon type of therapy received in the sessions where depres-
sion was also tracked was cognitive behavioral therapy 
(787; 70%), followed by multimodal integrated therapy 
(23%) and family systemic therapy (18%; note that cat-
egories are not mutually exclusive).

Due to the naturalistic setup of the original database, 
we undertook the procedures detailed below to obtain the 
analysis sample described above. A case was defined as 
a child or young person between the ages of 8 and 18 
seen for an episode of care within a service. Overlap-
ping episodes (due to data errors or because the case was 
seen by multiple teams) were merged into one. A session 
was defined as a day in which one or more events were 
recorded for a case; where there were records apparently 
for multiple contacts within the same day, information 
from the entry with the most complete information was 
used, or where information was conflicting (e.g., there 
was both a face-to-face and a non-therapeutic contact 
recorded on the same day), the entry relating to the ther-
apeutic contact was used in the analyses. This resulted 
in 8238 episodes of care and 26,814 sessions in which a 
depression symptom score was recorded. Some cases were 
marked as open at the most recent point of data reporting 
and this variable was used to check on potential trajectory 
censorship.

To be able to model the shape of change over time, and 
to maximize the chance of including cases that had cho-
sen to track depressive symptoms, we selected cases who 
filled out the depression measure on at least three occasions 
(n = 3123). Similar to other studies [15, 24, 25], if two con-
secutive sessions within an episode of care were more than 
90 days apart, we took the last session before the gap as 
the end of that episode, and the first session after the gap 
as the start of a new episode; only the episode with most 
sessions was retained to preserve independence of observa-
tions (a total of 84% first episodes, 14% second episodes, 2% 
third episodes, and less than 1% fourth episodes; n = 2601). 
Finally, in line with previous research [12, 14], we excluded 

weeks in treatment beyond the 90th percentile, which in 
our sample was 32 weeks since the first session in which a 
depression symptom score was recorded.1 The selected sam-
ple, therefore, comprised 2336 cases (28% of the ‘depressive 
symptoms’ sample). Figure 1 provides a graphical descrip-
tion of the sample selection process.

Table 1 displays the key characteristics of the eligible, 
and the selected samples. The samples were mostly simi-
lar, with the selected sample including a slightly higher 
proportion of females and white ethnic backgrounds and 
higher severity. They had longer contact with the service 
which is to be expected given the selection criteria. The 
selected sample was similar to the most recently published 
figures [26, 27] on prevalence of mental health disorders 
and caseload characteristics of services in England in 
terms of ethnicity (between 87 and 89% white, here 88%), 
but not in terms of gender (between 41 and 49% girls, 
here 77%).

No ethical review was required as this study involved 
secondary analysis of routinely collected anonymized data.

Measures

Service use

Length of contact in weeks was derived from the dates of 
first and last sessions in which a depression measure was 
recorded. Information on whether a case had prior con-
tact with the service was derived through the procedure 
to identify episodes with data no more than 90 days apart 
(described in the Participants and Procedure section).

Table 1   Descriptive 
characteristics of the depressive 
symptoms sample and the 
selected sample

Variables Depressive symptoms sample Selected sample

N Mean (N) SD (%) N Mean (N) SD (%)

Age 8238 14 2.2 2336 14.5 1.7
Gender (females) 8238 5757 69.9 2336 1803 77.2
Ethnicity (white) 5521 4513 81.7 1549 1366 88.2
Closed cases 8238 6031 73.2 2336 1536 65.8
Length of contact 8238 13.6 19.3 2336 14.4 7.2
Number of sessions 8238 3.3 3.7 2336 5.7 3.1
Baseline depression 8238 15.3 6.7 2336 17.7 5.8
% Above cut-off at baseline 8238 6155 74.7 2336 2072 88.7

1  We conducted a sensitivity analysis on the uncensored sample. The 
results were broadly similar, the only notable difference being the 
fixed main effect of total length of contact being significant in the 
uncensored sample, which we attribute to the larger variability in this 
variable that followed from including the top 10% of contact lengths.
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Severity in depressive symptoms

The Major Depressive Disorder (MDD) subscale of the 
Revised Child Anxiety and Depression Scale (RCADS [28]) 
was used to measure self-reported depressive symptoms. 
The MDD subscale comprises 10 items rated from never 
(0) to always (3), for a maximum total severity score of 30. A 
cut-off score of 11 is reported to achieve adequate sensitivity 
(74%) and specificity (77%) to distinguish between norma-
tive and clinical samples [29]. The full RCADS comprises 
five more subscales that measure different types of anxiety. 
Common practice in the services that took part in this study 
was to administer the full RCADS at assessment, and then 
choose one or more subscales with which to track sympto-
matic change during treatment [30]. The depression subscale 
of the RCADS has shown adequate psychometric properties 
in other samples (α = 0.87 and 0.76, [28, 29]); in the present 
study, Cronbach’s alpha for the depression subscale at base-
line was 0.85 (n = 2336).

Statistical analyses

Multilevel modeling was used; this analyses individual 
growth curves while accounting for dependency inherent 
in repeated measures data. Hence, measurement occasions 
(level I) were treated as nested within individuals (level II). 
Level III (services) only accounted for 3% of the variance 
in depression scores and was, therefore, excluded from the 
models to minimize complexity. We ordered scores over time 
using the number of weeks since the first session in which a 
depression score was recorded, in line with previous research 
[12, 13]. To be able to include baseline depression scores as 
a predictor, models were fitted on data that excluded the 
baseline scores (i.e., in the models ‘time’ = 0 corresponds 
to the first session after baseline assessment).2 To model 
curvilinear trajectories, the time variable was transformed 
to log-linear and square-root. Polynomials (e.g., quadratic) 
were also considered, but given that baseline scores were 
included as an explanatory variable, not all cases had enough 
measurement occasions to accurately estimate a curve in this 
way (e.g., cases with three sessions only).

Data were analyzed using a maximum-likelihood esti-
mation procedure, which estimates all model parameters 
simultaneously to maximize the likelihood that the estimates 
of effects are representative of the population effects. The 
maximum-likelihood approach is the appropriate method 
for comparing nested models, not only when they differ 
in their random but also in their fixed parts [31]. Model 
building was approached with a stepwise strategy to test the 

predictor variables (see above). Nested models (i.e., models 
that share the same parameters [32]) were compared using 
the deviance (likelihood ratio) test, alongside the Akaike 
Information Criterion (AIC). A significant deviance test and 
a lower AIC value indicate an improvement in the model. 
All analyses were performed using R version 3.3.2 [33]. 
The models were built using the package nlme version 3.1-
128 [34]. Effect size was calculated by dividing the average 
difference between baseline and last scores by the standard 
deviation at baseline [35]. This approach does not adjust 
change by baseline score and provides a conservative esti-
mate of the effect size.

Results

Descriptive data: change and clinical significance

The average score of depressive symptoms at the first time 
point was 17.67 (SD 5.75), and at the last time point it was 
13.6 (SD 7.28), yielding an effect size of d = 0.71 (95% CI 
0.66, 0.75). Of the cases that were above the cut-off at the 
first time point (2072), 616 (30%) were no longer above the 
cut-off at a last time point (“recovered”). Looking at whether 
the change from a first to a last session was greater than what 
would be expected by measurement error alone (greater than 
6.2, calculated using the “reliable change criteria” [36]), 742 
cases (32%) reliably improved, 1501 cases (64%) did not 
reliably change, and 93 (4%) reliably deteriorated. Combin-
ing the two criteria, 474 cases reliably “recovered” (23% of 
those above the cut-off at the first time point). These rates 
are in line with those reported in other routine mental health 
samples internationally [37].

Trajectories of change

Model building

Table 2 summarizes the model building steps, and the fit 
parameters (AIC and − 2 Log Likelihood) at each step, as 
well as significance testing of the nested models (see table 
footnote). As can be seen, the unconditional linear growth 
model with both fixed and random slope (model 2b) fitted 
the data slightly better based on the AIC values than both the 
log-linear one (model 2d) and the square-root one (model 
2f). Therefore, model 2b was used as the basis for including 
the explanatory variables. Models 3 and 4 included explan-
atory variables and their interactions with time (rates of 
change), with the final model being more parsimonious and 
retaining only the significant explanatory variables. Visual 
inspection of residual plots did not reveal any obvious devia-
tions from homoscedasticity or normality.

2  Model building was also approached including all scores from 
baseline in the outcome variable, and the results were similar.
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Final model

The final model is a model that included a random linear 
intercept and slope of time in weeks, and demographic, ser-
vice use, and severity characteristics as explanatory vari-
ables (see Table 3 for fixed and random effects’ estimates). 

Compared to the unconditional models, this model accounted 
for 59% of the between-subjects variance of the intercept,3  

Table 2   Steps taken to build the change trajectory model

Models 2a, 2c and 2e are nested within, and therefore compared to, model 1; models 2b, 2d and 2f are nested within the preceding one; model 
3 is nested within model 2b. All other models are nested within the preceding one. The Final Model excludes the explanatory variable of prior 
contact with the service, whose main effect and interaction were found to be non-significant
***P < 0.001

Models Definition AIC Deviance P

1 OLS model Ordinary least squares 72,726 − 36,361 NA
2 Model 1 Unconditional means 65,527 − 32,761 NA
3 Model 2a Unconditional fixed linear slope growth 64,212 − 32,102 < 0.001***
4 Model 2b Unconditional random linear slope 62,993 − 31,491 < 0.001***
5 Model 2c Unconditional fixed log-linear slope 64,310 − 32,151 < 0.001***
6 Model 2d Unconditional random log-linear slope 63,426 − 31,707 < 0.001***
7 Model 2e Unconditional fixed square-root slope 64,237 − 32,115 < 0.001***
8 Model 2f Unconditional random square-root slope 63,237 − 31,612 < 0.001***
9 Model 3 Random linear slope and explanatory variables (demographics and 

case characteristics)
62,762 − 31,365 < 0.001***

10 Model 4 Random linear slope and explanatory variables (severity) 61,210 − 30,587 < 0.001***
11 Final model Random linear slope and all significant explanatory variables 61,210 − 30,589 0.118

Table 3   Final change trajectory model: fixed and random effects

Continuous variables are centered around the grand mean. The Intercept value represents the average post-baseline score for cases that have 0 on 
all the variables included in the model: these are cases with a mean age of 15, male, with an average total length of treatment of 17 weeks, with 
a case status of “open”, and with an average depression score of 18). Other estimates are to be interpreted as deviations from the Intercept value. 
The trajectories of interest are the interactions between Time and the explanatory variables
*p < 0.05; **p < 0.01; ***p < 0.001

Fixed effects Estimate Std. error DF T value P

(Intercept) 16.48 0.23 8583 72.95 < 0.001***
Time in weeks − 0.3 0.03 8583 − 10.12 < 0.001***
Age (centered) 0.21 0.05 2330 4.08 < 0.001***
Female 0.6 0.22 2330 2.79 0.005**
Length of contact (centered) 0 0.01 2330 0.39 0.694
Closed case − 0.53 0.19 2330 − 2.8 0.005**
Baseline depression (centered) 0.75 0.02 2330 46.3 < 0.001***
Time * age (centered) − 0.01 0.01 8583 − 2.17 0.03*
Time * female 0.05 0.03 8583 2.01 0.044*
Time * total length of contact (centered) 0.01 0 8583 5.71 < 0.001***
Time * closed case − 0.09 0.02 8583 − 3.83 < 0.001***
Time * baseline depression (Centered) − 0.01 0 8583 − 4.04 < 0.001***

Random effects Estimate SD Corr.

(Intercept) 13.41*** 3.66 (Intr)
Time in weeks 0.12*** 0.35 0.006
Within-subjects Residual 8.76*** 2.96

3  Pseudo R2 = 1 − (Final model intercept variance/model 2b intercept 
variance).
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5% of the between-subjects variance in slope4 and 40% of 
all the within-subjects variance in depression scores.5

The intercept estimate shows that cases had an average 
depression score of 16 after baseline, and that each week, 
this score was estimated to decrease by 0.3 points overall. 
As scores decreased overall, positive slopes (interactions 
with time) are to be interpreted as slower rates of change. 
Children and young people who were older than the average 
in this sample (15 years old) compared to younger children 
were estimated to have a higher post-baseline score and a 
faster rate of change. Girls, compared with boys, started 
with higher scores, but their rate of improvement was slower. 
Cases that were closed had a lower post-baseline score, and 
a faster rate of improvement compared to open cases. Cases 
with longer than average total length of contact (17 weeks) 
had average post-baseline scores but slower improvement 
compared to cases that stayed in contact with the service for 
fewer weeks. Finally, those with higher depressive symptoms 
at baseline also had a higher post-baseline score, and their 
rate of change was faster than those with lower baselines. 
Figure 2 provides a representation of the estimated effects 
of each of the explanatory variables on the linear trajectory 
of change in depression symptom scores over the course of 
31 weeks after the first recorded score. For continuous vari-
ables, the mean, as well as one or two standard deviations 
from the mean, is plotted. The horizontal reference line indi-
cates the point below which scores are no longer considered 
to belong to a clinical sample (i.e., 11 [29]).

Discussion

The present study sought to explore trajectories of change 
in depressive symptoms of children and adolescents seen 
in routine mental health services in the UK. We found that 
improvement was best described as a steady linear trajectory 
over time. Rates of change in scores over time depended on 
demographic, severity, and service-use factors. Faster rates 
of improvement (i.e., steeper average slopes) were found in 
older adolescents, males, cases that had spent a shorter time 
in contact with services, closed cases, and those with higher 
baseline depression scores. Differences by each predictor 
were statistically significant but not large and the model pre-
dicted only 5% of the between individuals variance in rate of 
change but 40% of the total variance in scores against time.

To the best of our knowledge, this is the first study to 
explore depressive trajectories in a naturalistic sample of 
youth seen in routine care. Unlike previous research (e.g., 
[12, 15]) from different settings and using different meas-
ures, we did not find evidence for a meaningful curvilin-
ear trajectory of change over time with both log-linear and 
square-root transformations of weeks in contact with a ser-
vice fitting slightly worse than the simpler linear model. This 
could be due to differences in sample characteristics and 
in the context in which the youth received treatment. For 
instance, Nelson et al.’s study [15] was conducted in a pri-
vate-managed care organization, while our sample consisted 
of services taking part in a statutory transformation program 
to improve access to evidence-based care [18]. These ser-
vices were under considerable demand and financial strain 
[23] and this may have resulted in youth being discharged 
earlier than their counterparts in other studies, preventing us 
from observing a curvilinear trajectory of change. In addi-
tion, Nelson et al.’s sample [15] only comprised 8% with 
multiple conditions, while the available data in our sample 
suggest that comorbidities such as social and generalized 
anxiety were very common (more than 60%). It may be that 
for less severe and complex cases, an improvement followed 
by a plateau is a more reasonable trajectory than for more 
severe cases, where a steady linear decline in symptoms can 
be observed as in the present study. However, methodologi-
cal differences may also contribute to the discrepancy. As 
previous studies only reported AIC/BIC [13–15] or square-
root [12] models rather than significance tests, comparability 
is restricted. It may also be that differences in numbers of 
scores per participant affected power to test differences and 
the high proportion of short therapies in this sample has that 
effect. This cannot remove the finding that the AIC values 
were better for the linear model here than the curvilinear 
models.

This study tested variables’ relationships with speed of 
improvement. For some factors, findings were broadly con-
sistency with the literature e.g., higher baseline scores pre-
dict faster improvement [12, 15, 38]; however, for others, 
findings were more discrepant. Firstly, we found that older 
adolescents had higher baseline scores, but also improved 
more rapidly than younger ones. This is consistent with find-
ings of Nelson and colleagues [15], but not Cannon and col-
leagues [12], who found that older youth had lower scores at 
the start, but no significant differences in rates of change. It 
may be that adolescents in our study were more receptive to 
treatment than younger children, or that the treatment they 
received in routine care was better tailored at their age group 
and cognitive abilities (e.g., cognitive behavioral therapy). 
Secondly, with regards to gender, females in our study had 
higher depressive scores at baseline but improved at a slower 
rate compared to males; this is partially consistent with 
results for global functioning outcomes in previous studies 

4  Pseudo R2 = 1 − (Final model slope variance/model 2b slope vari-
ance).
5  Pseudo R2 = 1 − (Final model within-subjects residual/model 1 
within-subjects residual).
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(Cannon et al. [12] found females to have higher baselines, 
but no differences in rates of change) but not with others 
(Nelson et al. [15] found lower baselines for females, and 
no significant differences in improvement rates, although 
the non-significant coefficient was in the same direction as 

in our study). Finally, with regards to the service-use fac-
tors, while both case closure status and length of contact 
are indicators that are obviously not available at the start 
of treatment, and therefore they are not useful as potential 
guides for treatment selection or setting expectations, they 

Fig. 2   Estimated average trajectories of change in youth depressive symptoms
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do account for differences in the average trajectory found 
in this study. As this was a large routine sample with both 
closed and opened cases, it was important to include these 
variables to account for these different types of cases. Case 
closure separates censored (potentially unfinished) trajecto-
ries from uncensored ones helping to minimize the impact 
of censorship on estimating the effects of other variables. 
These closed cases had steeper rates of improvement which 
suggests less complexity for these cases. Similarly, those that 
were still open by 32 weeks were likely to be more complex 
and therefore require more resources. In addition, the signifi-
cant interaction between weeks in contact with the service, 
and total length of contact is in line with the “good-enough” 
level hypothesis [8], whereby those who finish treatment 
earlier improve faster than others, as they leave treatment 
when their symptoms are at a “good-enough” level.

Our findings need to be considered in light of inevitable 
limitations. Firstly, with regards to the data, although the 
large, naturalistic sample provides high statistical power, 
external validity, and some promise of generalizability, this 
generalizability is compromised as we cannot know whether 
youth who tracked their depressive symptoms were different 
from those who did not. In addition, we were unable to fully 
characterize the sample in terms of presenting difficulties, 
comorbidities and type of treatment (both psychological 
and pharmacological) as this information was only avail-
able through clinician report and for a limited portion of 
the sample. Future studies should endeavor to gather this 
information more consistently, and incorporate it into the 
analyses to fine-tune models to these important characteris-
tics. We were also unable to consider how other symptoms in 
addition to depression changed during treatment; as depres-
sive symptoms are often comorbid with anxiety, it will be 
important for future research to explore interactions between 
the symptoms throughout treatment. Also, in terms of rep-
resentativeness, while the ethnic background was similar to 
nationally reported rates [26, 27] our sample included more 
females, although this gender imbalance is in line with the 
recently reported prevalence rates of these symptoms in ado-
lescence [39]. It should also be remembered that there are 
often differences in the ratings of change when self-report 
is compared with clinician, family, or teacher ratings. For 
example, a recent meta-analysis noted that, for depression, 
self-reported outcomes in youth tend to show more improve-
ment than either parent- or teacher-reported outcomes [40]. 
Finally, in terms of methodological considerations, the mul-
tilevel modeling approach is increasingly widely used and in 
our data, it explained considerable variance in scores. How-
ever, we believe that further analyses are needed to explore 
whether other statistical techniques, such as the application 
of propensity scores, growth curve mixture models [41], or 
the “nearest neighbor” score predictions [42], provide even 
better models that can guide our understanding of the way 

depressive symptoms change for youth that receive treatment 
in routine care.

As our overall model explained a substantial amount of 
variation in depression scores, it may be possible, using 
such analyses, to develop a system whereby trajectories are 
predicted at the beginning of depression treatment based 
on factors that are known (e.g., age, gender and baseline 
severity) and are adjusted as treatment develops based on the 
rate of change. As discussed, this approach has been used 
for general functioning outcomes in both adult (e.g., [9]) 
and youth (e.g., [15]) literature, and has shown promising 
results. For instance, Boswell and colleagues [43] discuss 
how systems based on a functional outcome questionnaire 
are able to predict between 85 and 100% of clients who dete-
riorate before they leave care, a rate that is much higher than 
clinician judgement alone. Development of such a system 
for specific disorder symptoms is needed, as those are often 
used in clinical practice and found to be more acceptable 
than general ones, and better able to pick up on the changes 
that are targeted during care. A simple application through 
a computerized system, or even through reference to plots 
such as those of Fig. 2, could be used by clinicians to dis-
cuss options and expectations with youth and their families. 
This study presents the first stage of this development pro-
cess looking at youth depression outcomes, and highlights 
how understanding the way individuals respond to treatment 
can have practical implications for guiding their progress 
through routine mental health care.
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