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Abstract

Mental health problems impose significant costs, yet healthcare systems of-
ten overlook them. We provide the first causal evidence on the effectiveness
of a nationwide-scaled mental health service in England for treating depres-
sion and anxiety using non-experimental data andmethods. We exploit over-
subscription and resulting exogenous variation in waiting times across areas
and over time for identification, based on a novel dataset of over one million
patients. We find that treatment significantly and strongly improves mental
health and reduces impairment in work and social life. We also provide sug-
gestive evidence that it enhances employment. Impacts vary across patients
and services. Nevertheless, the programme is highly cost-effective.
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1 Introduction

Nearly one billion people globally live with a mental health disorder (WHO, 2022).
The economic burden of mental ill health is estimated to reach $5 trillion, rep-
resenting between 4% and 8% of GDP across different regions (Arias et al., 2022).
Poormental health is linked toworse labourmarket outcomes (Banerjee et al., 2017;
Chatterji et al., 2011; Frijters et al., 2014) and educational attainment (J.M. Fletcher,
2010), with spillovers to families amplifying societal costs (J. Fletcher, 2009). Allo-
cating resources to cost-effective mental health policies is key, as improvements
in mental health enhance human capital leading to long-term economic benefits
(Layard, 2016).

Despite the burden imposed by mental ill health, evidence on the effectiveness
of population-wide mental health services is scarce. While randomised controlled
trials (RCTs) provide strong evidence for the effectiveness of psychological thera-
pies in highly controlled settings (Lambert, 2013; Nathan&Gorman, 2015; A. Roth
&Fonagy, 2005), there are no guarantees that scaling these interventions to national
levels will produce similar outcomes (List, 2022). This is due to larger scale, access
to more diverse population groups, and the fact that patients choose to get treat-
ment rather than being allocated to it.1

This paper is the first to estimate the causal effects of a nationwide-scaledmen-
tal health service.2 We study its overall effect as well as heterogeneous effects across
patients, services, and areas. Our results serve as a guide and benchmark for imple-
menting similar policies worldwide, as countries increasingly recognise the grow-
ing economic burden of mental ill health.

We study the Improving Access to Psychological Therapies (IAPT)programme,which
is a nationwidemental health service in England that provides evidence-based psy-
chological therapies for common mental health disorders, in particular depression
and anxiety.3 The programme is the largest in the world: to date, it has deployed
over 10,500 new therapists and treated over seven million patients (more than 13%

1See Cronin et al. (2024) for a discussion on the importance of the latter in the context of public
policy more generally.

2Although only for patients aged 18 to 38, Serena (2022) is an important contribution closest
in spirit to ours. The author examines the impacts of expanding partial health insurance coverage
of psychological therapy in Denmark, allowing patients access to private practice psychologists, on
health service use, labour market outcomes, and suicide attempts as an extreme outcome of mental
ill health. We examine the direct mental health impacts on all patients accessing clinicians trained
within the programme and adhering to its guidelines.

3The programme has recently been renamed NHS Talking Therapies for Anxiety and Depression.
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of theEnglish population), primarily via cognitive behavioural therapies (CBT), also
referred to as talking therapies. IAPT therapists are trained via a standardised na-
tional curriculum to provide psychological therapies recommended by theNational
Institute for Health and Care Excellence (NICE) in theUK and, hence, supported by an
extensive body of causal evidence on their effectiveness. All therapists whowork in
the programme adhere to the samenational treatment guidelines. IAPT services are
free of charge to patients. The patients in our sample attended, on average, about
seven sessions over a period of 14 weeks.

We use data on over one million patients from a novel dataset comprised of all
individuals who started their treatment between April 2016 and December 2018.4

Our main outcomes are binary indicators for reliable recovery, reliable improvement,
and reliable deterioration, which are based on validated measures used by clinicians
around theworld to diagnose depression (PHQ-9 scores) and anxiety (GAD-7 scores),
and which patients are required to complete before each session.5 We also look at
PHQ-9 andGAD-7 scores as well as amental health index separately. Beyondmen-
tal health outcomes, we study work and social functioning in various domains as
well as self-reported employment and statutory sick pay receipt, outcomes that are
also collected from patients in the IAPT programme.

Our dataset is of an exceptionally high quality with outcomes recorded for 98%
of patients. It is worldwide unique, in that it records patient-level outcomes on
a session-by-session basis before each session start. This data generating process
offers precisely the variation we need to estimate causal effects, including specific
features such as session value added.6 While our dataset is unique, it provides gen-
eralisable insights into the functioning of nationwide-scaledmental health services
in countries beyond England, with particular relevance to recent IAPT-style pro-
grammes such as in Australia, Canada (Ontario), Lithuania, Norway, Spain, or Swe-

4The rollout started in 2008, and by 2016 the programme’s operations and current outcome
monitoring system were fully established.

5Reliable improvement is one if PHQ-9 and/or GAD-7 scores decreased, i.e. symptoms im-
proved, and neither score increased; reliable deterioration is one if PHQ-9 and/or GAD-7 scores
increased and neither decreased; reliable recovery is one if a patient reliably improved and both
PHQ-9 and GAD-7 score are below the clinical cut-of at the end of treatment. All changes should
be larger than a reliable amount, i.e. larger than measurement error, which is defined by the scale.
Section 3 provides more details on how our outcomes are constructed.

6Our empirical setup, therefore, adheres to (List, 2020)’s external validity Litmus Test for gen-
erating novel data, in that we believe it is not possible to find a better setup than ours, with existing
data, to identify causal effects. Indeed, to our knowledge, no other setup can achieve that level of
relevance to our study.
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den. We combine our comprehensive session-by-session patient-level data with re-

gional data on service characteristics from NHS Digital as well as socio-economic

characteristics of local areas from the Office for National Statistics (ONS) in the

UK.

We estimate causal effects using a quasi-experimental approach. Based on in-

stitutional knowledge,7 we rely on oversubscription of patients to the programme

for identification, which creates exogenous variation in waiting times, as more pa-

tients are referred to therapies than can be instantly treated.8 This variation in

waiting times differs across services (and, thereby, local areas)andover time de-

pending on supply-side constraints, in particular shortages of trained therapists

(due to staff recruitment and turnover or therapists undergoing training), and cer-

tain demand-side characteristics, in particular local clusters of mental ill health and

regional differences in the balance between high-intensity and low-intensity treat-

ment provision.9 In essence, we compare the change in mental health of patients

who completed treatment (treatment group) to that of patients who were wait-

ing for the start of treatment during the same period of time (control group), in

a difference-in-differences design estimated as a first differences model, control-

ling for psychological-therapy, individual, service and associated local-area char-

acteristics, as well as service and time fixed effects.10 Waiting time is defined as

the period from initial assessment (which has little to no therapeutic content) to

the first clinical session, meaning that outcomes are measured at the same time for

both treatment and control group.11

7We have benefited greatly from discussions with Richard Layard and David Clark, the founders
of the IAPT programme, whose insights into the programme's key features and how it operates
helped inform our identification strategy.

8The use of waitlists to identify treatment effects in economics is not new. An early contribution
is found in Berger and Black (1992). The idea has also been implemented in experimental settings
(cf. Finkelstein et al., 2019; Jacob & Ludwig, 2012; Jacob et al., 2015). More recent works, like ours,
exploit naturally occurring waitlists due to oversubscription or excess demand (Beam & Quimbo,
2023; Dague et al., 2017; Dinerstein et al., 2022; Hoe, 2023; Robles et al., 2021).

9Patients are allocated to low- or high-intensity treatment based on initial diagnosis and severity
of symptoms at initial assessment, with the possibility of being reassigned to a different treatment
intensity during therapy. Different intensities include different treatment modes (for example, mov-
ing patients from online self-help to in-person group sessions), though these continue to be based
on CBT. Each therapist may be trained to deliver low- or high-intensity treatment, or both. We
routinely control for treatment intensity as well as initial diagnosis and severity of symptoms at the
start of treatment throughout our regressions. Our results are robust to omitting these controls.

10Our results are robust to omitting any or all of these controls.
11As patients enter the programme at different times and we have no available pre-treatment data

beyond the initial assessment and no available post-treatment data beyond the last clinical session,
our data are not suitable to be studied under a multi-period, cohort-wide adoption (i.e. a staggered
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Our identification strategy is supported by the fact that treatment in the pro-

gramme � part of the public healthcare system and legally required to treat all

patients fairly � is allocated strictly on a first-come, first-serve basis. In Section

4.1.1, we provide empirical evidence that waiting times are indeed not systemati-

cally related to the severity of depression or anxiety symptoms at the start or end

of treatment, the number of sessions, or treatment duration, neither across nor in

any of the different intensity provisions of the IAPT programme.12

Our empirical analysis, which consists of three steps, leads to six key findings.

We first estimate overall treatment effects, defined as receiving a full course of CBT

within the IAPT programme. Findings (i) to (iii) detail the programme's positive

causal effects on the mental health as well as work and social life outcomes of pa-

tients. We then use a nonparametric matching method to estimate heterogeneous

treatment effects conditional on covariates commonly used in correlational stud-

ies. We find significant heterogeneity and discuss its sources in (iv). Finally, using

a state-of-the-art machine-learning (ML) technique � generalised random forests

� we further explore the data for factors that drive heterogeneity in treatment out-

comes and may have been overlooked in earlier correlational studies. Two factors

emerge: employment and self-referral, and they are discussed (v) and (vi). Our key

findings are:

(i) We find that the IAPT programme causally improves the mental health of

patients. Relative to waitlisted patients in our quasi-experimental control group,

treated patients' mental health is significantly more likely to havereliably improved

at the end of the treatment, with areliably recoveryrate from mental ill health of

about 43%.13 Being treated in the programme reduces symptoms of depression, as

measured by PHQ-9 scores, by 5.1 points (standard deviation of 5.5), and of anx-

iety, as measured by GAD-7 scores, by 4.8 points (standard deviation of 4.3). Our

design). See Section 4.1 for more details.
12The latter finding differs from Prudon (2024), who found that delaying treatment lowers its

effectiveness in improving employment outcomes. The difference may be explained by the fact that
the dataset in Prudon (2024) includes more severe cases than treated by IAPT and a different mix of
diagnoses, particularly personality disorders.

13Our dataset is unique in that it allows a straightforward comparison of our average treatment
effects with earlier, smaller RCTs that also focus on short-term effects. In our data, 54% of patients
in the treatment groupreliably recoveredby the end of treatment, compared to 9% whonaturally
recoveredin the waitlist control group. The end-of-treatment recovery rate is similar to findings
from RCTs of IAPT-style programmes in Norway (59%, Knapstad et al. (2020)) and Spain (50%,
Cano-Vindel et al. (2022)). However, unlike our study, these trials used treatment-as-usual control
groups rather than waitlists, leading to higher recovery rates in control groups: 32% in Norway and
13% in Spain.
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session-by-session patient-level outcome data show that there is a steady session

value added from the first to the last clinical session.

(ii) We detect positive short-term ripple effects on work and social life. Amongst

those who were initially unemployed or on long-term sick leave, treated patients

are significantly more likely to report being employed at the end of treatment (an

increase of about three percentage points) and significantly less likely to receive

statutory sick pay (a decrease of about three percentage points). Being treated also

reduces patients' perceived functional impairment due to mental ill health, with

overall impairment being 65% of a standard deviation lower at the end of treat-

ment. Patients who undergo a course of treatment report to function better in all

measured domains of life, including work, home management, leisure, and social

relationships.

(iii) We find that treated patients are significantly less likely to experience men-

tal health deterioration. The ability to observe mental health deterioration in a non-

RCT context is unique to the IAPT programme due to its data collection protocol.

This finding provides novel empirical evidence that addresses recent concerns that

psychological interventions may inadvertently cause harm for some (see, for exam-

ple, Harvey et al. (2023) on specific psychological therapies and their unintended

consequences on youth).

(iv) We find substantial heterogeneity in the programme's effectiveness. Never-

theless, even groups that benefit the least experience positive and significant mental

health improvements. Patients typically at risk of poorer mental health outcomes

� e.g. those living with a disability � generally benefit less from the programme,

while area deprivation is negatively and funding positively associated with patient

outcomes. The magnitudes of these heterogeneities differs from those in earlier

correlational studies (Delgadillo et al., 2016; Moller et al., 2019). Specifically, we

find that patients with long-term health conditions are approximately three per-

centage points less likely to reliably recover, which is significantly lower than the 14

percentage points difference estimated by Moller et al. (2019). This suggests that a

large part of the difference is due to natural recovery, underscoring the importance

of using causal approaches to study heterogeneity. Similar to mental health im-

provement, there is substantial heterogeneity in mental health deterioration. Some

groups do not show significant benefits, but they also do not experience harm.

(v) Moving from nonparametric heterogeneous treatment effects to our ML

analysis, we show that unemployed patients, on average, respond less favourably
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to treatment than their employed counterparts. In particular, unemployed patients

are 13.3 percentage points less likely to recover as a result of treatment, which rep-

resents 30% of the programme's average treatment effect. Additionally, they are 1.2

percentage points less likely to recover naturally while on the waitlist. Unemployed

patients are also more likely to deteriorate, although this effect is rather small. This

is an important consideration for any analysis of the effect of mental health policies

on labour market outcomes.

(vi) Finally, we provide evidence that self-referrals � the possibility to access

treatment without a GP as a gatekeeper, which is another unique feature of the IAPT

programme � improves access to care: self-referred patients sought care, on aver-

age, 364 days after the onset of symptoms, whilst patients who were referred via

other pathways sought care, on average, after 461 days. We find that patients who

self-referred are 3.8 percentage point more likely to recover as the result of treat-

ment, which represents 8% of the average treatment effect. Self-referral emerges as

an important source of heterogeneity not addressed by earlier literature, based on

our ML analysis.

Our results are robust to different definitions of treatment and control group

(varying waiting times to allocate patients into treatment and control), to control-

ling for the temporal spacing of clinical sessions, and to repeat enrolment in the

programme. They are also robust to different model specifications (using logit as

opposed to linear probability models), estimation samples (excluding certain men-

tal health problems), and outcomes (using changes in PHQ-9 and GAD-7 scores as

well as changes in our mental health index as opposed to reliable recovery, improve-

ment, and deterioration). To address potential concerns about selective dropout

from the programme, we conduct a bounding analysis showing that the programme

remains effective (though with lower effects sizes) even under the most extreme

assumptions. To address concerns about treatment discontinuation being endoge-

nous and potentially leading to selection on the outcome, we estimate treatment

effects using data from the second-last and third-last clinical sessions, exploiting

the unique feature that patient-level outcomes are recorded on a session-by-session

basis before each session start. To further address potential selection on outcomes,

we control for the total number of attended sessions, i.e. estimate a model withthe

sameselection on outcomes for treatment and control groups. Our results remain

robust. Finally, to ensure comparability between the treatment and control groups

on observable characteristics, our regressions routinely control for initial diagnosis
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and severity of symptoms at the start of treatment, time since referral, total dura-

tion of treatment in weeks, treatment mode, and treatment intensity, alongside a

wide range of psychological-therapy, individual, service and associated local-area

characteristics, as well as service and time fixed effects. Our results are robust to

omitting any or all of these controls. A conservative cost-benefit calculation sug-

gests that the benefits of the programme are (at least) five times larger than its costs.

For the purpose of informing policies, our paper improves on existing evalua-

tions that are either non-causal based on before-after comparisons (e.g. Clark et al.

(2009, 2018), Delgadillo et al. (2018), and Gyani et al. (2013)) or small-scale based

on RCTs (e.g. Cano-Vindel et al. (2022), Clark et al. (2022), Ehlers et al. (2023), Fon-

agy et al. (2019), Knapstad et al. (2020), Smith et al. (2024), Strauss et al. (2023), and

Toffolutti et al. (2021)). Non-causal studies are confounded by natural recovery or

deterioration. Specifically, our study finds natural recovery tends to be the pre-

vailing factor that makes estimates from before-after comparisons generally larger

than actual treatment effects. We also show that different patient groups exhibit

different natural recovery rates, implying that relying on correlational analysis can

misrepresent heterogeneous effects of the programme. On the other hand, while

RCTs are considered the gold standard to estimate causal effects due to their con-

trolled environment, they have only been applied to small samples that cannot be

extrapolated to represent the effectiveness of the programme on the patient popu-

lation at large. Moreover, the modest scale and scope of participant diversity in ex-

periments do not allow exploring why treatment works well for some patients but

not for others. For example, unemployed patients constitute less than ten percent

of our sample, making it unlikely that we would have sufficient statistical power to

credibly explore heterogeneities by employment status in an RCT-sized study. Fi-

nally, while RCTs allocate patients to specific treatments, in practice patients jointly

agree with therapists on a course of treatment, which is reflected in the protocol of

the IAPT programme when it comes to CBT.

Although mental ill health costs the taxpayer billions of dollars every year, the

literature in economics in general has, so far, looked at mental health mostly as a

by-product, for example of interventions aimed at making people move towards

higher living standards (Fryer Jr. & Katz, 2013; Ludwig et al., 2013; Stillman et al.,

2009), of policy changes in the areas of labour, health, or social protection (Aven-

dano et al., 2020; Barnay & Juin, 2016; Chuard, 2023; Lang, 2013; Ortega, 2022),

or wider socio-economic circumstances (Adhvaryu et al., 2019; Fruehwirth et al.,
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2019). Only recently have scholars started looking at interventions and policies

aimed atdirectlyimproving mental health, for example via psychological therapy.

Our work complements the recent and growing literature in economics that docu-

ments positive impacts of therapy on various health and human capital outcomes,

with a particular focus on CBT.14 Most of these studies find medium to strong im-

pacts that are often lasting.15 Almost all of the evidence comes from developing

countries (a notable exception is Blattman et al. (2017), who study the impact of

CBT on criminal arrests in Chicago) and relies exclusively on RCTs, mostly with

small samples. The methodological difference between these papers and ours is

that we take a quasi-experimental approach using data on the universe of patients,

which can be useful for guiding counterfactual questions on scaling up smaller pi-

lots to the policy level (cf. List, 2022).

2 The IAPT Programme

2.1 Institutional Context

In 2008, the UK Government launched the IAPT programme to make evidence-

based psychological therapies more widely available within the National Health

Service (NHS), focusing on the most common mental health problems: depression

and anxiety disorders.16 At its inception, the then Secretary of State for Health and

Social Care, Alan Johnson, argued: �All too often in the recent past, people expe-

riencing anxiety and depression received relatively little help from the NHS un-

less their condition was particularly severe: in 2000, only 9 per cent of people [...]

received psychological therapy, despite clear evidence of its effectiveness. This is

something we are determined to change� (Department for Health, 2008).

What followed was an unprecedented, nationwide rollout of a mental health

14Examples include perinatal depression and subsequent female empowerment and investments
into children's cognitive and socio-emotional skills (Baranov et al., 2020; Sevim et al., 2023a, 2023b);
mental health of individuals living in poor households (Barker et al., 2022); anti-social and criminal
behaviour amongst economically disadvantaged youth (Blattman et al., 2017; Heller et al., 2017)
or violence amongst prisoners (Batistich et al., 2024); self-image (Ghosal et al., 2022); and overall
psychological and economic wellbeing (Bossuroy et al., 2022; Haushofer et al., 2022). Angelucci and
Bennett, 2023 look at antidepressants and livelihoods support, individually and jointly, detecting
impacts on mental health (though not on economic outcomes) when combined.

15See also (Johnsen & Friborg, 2015) and (Cuijpers et al., 2010, 2016) for meta-analyses on the
effectiveness of CBT in treating mental ill health.

16For a detailed overview of the IAPT programme, see Clark (2018).
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service, covering all 135 public health service providers (so-calledClinical Com-

missioning Groups (CCGs), orservicesfor short) in England at the time. CCGs were

independent, geographically distinct bodies accountable to the Secretary of State

for Health and Social Care through NHS England, each reflecting local needs and

responsible for commissioning public healthcare for, on average, a quarter of a

million of people NHS (2021b).17 Today, IAPT is the largest programme of its

kind in the world. It is seen as a pioneering model for treating mental ill health

at the general population level, and is being replicated in other countries, e.g. Aus-

tralia, Canada (Ontario), Lithuania, Norway, Spain, or Sweden.18 By now, IAPT has

treated over seven million patients (more than 13% of the English population) and

the NHS has committed to further expand access (NHS, 2019).

The programme provides psychological therapies recommended by theNa-

tional Institute for Health and Care Excellence (NICE)in the UK, an independent body

mandated with reviewing evidence for treatments (not limited to mental health)

and issuing clinical guidelines for how effective treatments should be implemented

within the NHS. For depression and anxiety disorders, NICE strongly supports

psychological therapies, in particular CBT, and advocates a stepped-care model

with both low and high-intensity treatments.19 To access the programme, patients

can either be referred by their GPs or they can refer themselves (so-calledself-

referral). The latter feature was a new option at the time the programme was launched,

whose goal was to make psychological therapies more accessible amongst under-

served population groups. There is universal public healthcare in England. As part

of this, accessing the IAPT programme is free of charge to patients, without co-

payment.

In their first session, patients undergo an initial assessment in which they are

screened for the type of problem and the severity of symptoms. If patients are

above the clinical caseness threshold for depression and/or anxiety, they are ad-

mitted and jointly agree with a trained therapist on a course of treatment; if they

are below this threshold or their problem is considered more appropriate for a dif-

17CCGs emerged fromPrimary Care Trusts (PCTs)in 2013. In 2022, they were replaced with
Integrated Care Systems (ICS).

18The Norwegian adaptation is namedPrompt Mental Health Care(RPHin Norwegian, see Knap-
stad et al. (2020) for a clinical trial). In Spain, Psicofundación developed the PsicAP clinical trial,
following the IAPT approach (see Cano-Vindel et al. (2022)). Australia'sNew Accessprogramme for
depression and anxiety is strongly influenced by IAPT (see Baigent et al. (2023)).

19See NICE Clinical Guideline 123 �Common mental health problems: identification and path-
ways to care� at www.nice.org.uk/guidance/CG123.
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ferent service, they are signposted elsewhere.20 Note that the IAPT programme was

launched precisely because there was a lack of treatment options for mild to mod-

erate cases of common mental disorders. Everybody who is admitted eventually

gets treated. After the initial assessment, admitted patients are waitlisted and, after

a while, start treatment in their second session, which constitutes the first clinical

session. In most cases, the therapist who delivers the treatment is different from

the therapist who performs the initial assessment. Those with mild to moderate

symptoms start with low-intensity treatment (e.g. guided self-help or computerised

CBT) and, if not responding, are upgraded to a higher intensity (usually weekly

face-to-face one-to-one sessions); those with moderate to more severe symptoms,

as well as with special forms of anxiety disorders such as post-traumatic stress dis-

order, start immediately with high-intensity treatment. If patients switch intensity,

there will always be a switch in therapist too, as different therapists deliver low-

and high-intensity treatment (see below for a detailed description of differences

in education and training between low- and high-intensity therapists). While low-

intensity treatment is often conducted online or over the phone as treatment mode,

high-intensity treatment is conducted in-person, delivered locally where patients

and therapists live, typically at local GP practices or community centres rented by

CCGs specifically for this purpose. Note that therapists only treat patients in their

geographical area. About 60% of patients entering the programme (over 560,000

patients per year) receive at least one clinical session. Of these, the vast majority

receive treatments based on CBT, though other treatments are also available to pre-

serve an element of choice. Overall, 30% receive low-intensity treatments based on

CBT principles, 24% high-intensity CBT, 38% low-to-high-intensity stepped care

(a change from low to high-intensity CBT), and a small number (8%) other forms

of treatment (NHS, 2021a).21 Therapy sessions are generally about 30 minutes for

low- and 60 minutes for high-intensity treatment. There are no restrictions on the

number of patients a therapist can see; in practice, the number of patients is deter-

mined by the contracted number of working hours a therapist has.22

20For example, the IAPT programme does not treat particularly severe cases or cases with com-
plex co-morbidities.

21This small number of other forms of treatment may include, for example, interpersonal psy-
chotherapy, couples therapy, counselling, brief psychodynamic therapy, or mindfulness-based cog-
nitive therapy, which are recommended for depression but not for anxiety disorders.

22Therapists have standard job contracts: if therapists are working full-time, they are expected
to have about 20 hours per week of direct contact with patients. Because of the difference in the
length of a therapy session between low- and high-intensity treatment, low-intensity therapists see
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CBT itself refers to a wide range of psychological therapies that reduce dysfunc-

tional emotions and behaviours by changing behaviours, appraisals of situations

and thinking patterns, or both (Beck, 2020). The basic idea is that symptomatic

change follows from cognitive or behavioural change, brought about by, for exam-

ple, analysing maladaptive thinking patters, teaching more adaptive self-talk, or im-

plementing more adaptive behaviours (Brewin, 1996).23 Therapists may prescribe

medication additional to psychological therapy (which we are routinely controlling

for in our regressions).

Specifically for the IAPT programme, the UK Department of Health and So-

cial Care implemented a standardised training with dedicated national curricula

for therapists covering a wide range of evidence-based CBT treatments.24 New

therapists working in the programme are required to learn at least two treatments

for depression and one for each anxiety disorder. The training follows a joint uni-

versity and on-the-job approach, whereby over a period of one year trainees attend

university for several days per week to obtain an accredited postgraduate diploma

(more days for trainees in high-intensity treatments, who are required to have prior

experience in mental health services and are also paid more) and spend the rest of

their time in on-the-job training. By 2019, about 10,500 newly trained therapists

were deployed.25

In 2018, the IAPT programme served about 17% of the community prevalence

of depression and anxiety disorders. As a result, there was more demand for psy-

chological therapies than there was supply. This oversubscription of patients to

the programme creates exogenous variation in waiting times between initial as-

sessment and first clinical session. This variation in waiting times differs across

services (and, thereby, local areas)andover time depending on supply-side con-

about twice as many patients as high-intensity ones, though there is little variability in the number
of patientswithineach category of therapist.

23Take a panic attack, for instance: a typical CBT treatment helps patients understand what a
panic attack is and how it affects them: their feelings, e.g. �I am scared�; their thinking, e.g. �I am
going to pass out�; their physical symptoms, e.g. �My heart is racing and I am sweating�; and their
behaviours, e.g. �I am running away from the situation�. It then teaches patients to plan, implement,
and, after implementation, evaluate an adaptive behavioural response, while avoiding maladaptive
responses such as running away from the situation, an avoidance behaviour that eventually leads to
even more panic in the future (cf. C. Williams, 2013).

24These national curricula can be found at: https:\hee.nhs.uk. A competency framework, which
specifies the clinical training and skills to deliver these treatments, can be found at: https://www.
ucl.ac.uk/pals/research/cehp/research_groups/core/competence-frameworks.

25Unfortunately, we do not have data on therapists, as data on patients cannot be linked to data
on therapists.
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straints, in particular shortages of trained therapists (due to staff recruitment and

turnover or therapists undergoing training), and certain demand-side characteris-

tics, in particular local clusters of mental ill health and regional differences in the

balance between high-intensity and low-intensity treatment provision. Figure 1

shows substantial differences in median waiting times across areas and between

2016 and 2018.

Figure 1: Median Waiting Times in Weeks for Treatment by Clinical
Commissioning Groups (CCGs)

(a) 2016 (b) 2018

This oversubscription of patients to the programme and resulting exogenous vari-

ation in waiting times informs our identification strategy, which we describe in

Section 4.1, where we also provide more details on the variation in waiting times.

In addition, we provide empirical evidence that waiting times are not systemati-

cally related to the severity of depression or anxiety symptoms at the start or end

of treatment, the number of sessions, or treatment duration, neither across nor in

any of the different intensity provisions of the IAPT programme.

2.2 Earlier Evaluations

Earlier evaluations of the IAPT programme provide only correlational evidence

based on the comparison of patients' states before and after treatment. The first em-

pirical study by Clark et al. (2009) evaluated two demonstration sites. The authors

found a recovery rate of about 56%, which was largely maintained in a follow-up

about ten months later.26 Gyani et al. (2013) estimated the pre-post recovery rate to

26See also Richards and Suckling (2009), who also evaluated one of these sites.
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be 40.3% at the early stages of national rollout. Later in the rollout, recovery rates

exceeded the original target of 50% (Clark et al., 2018).27

Another stream of evidence supporting the effectiveness of the IAPT programme

comes from small-scale, short-run RCTs, testing new therapeutic approaches28 or

isolated components of the overall system.29 Two recent RCTs show the effective-

ness of IAPT-style interventions in other countries. A Norwegian study by Knap-

stad et al. (2020) involving 681 patients suffering from moderate depression or anx-

iety shows significant recovery rates and symptom reductions. In a follow-up study,

Smith et al. (2024) find that former patients exhibit significantly higher incomes

three years post-treatment, with a resulting benefit-cost ratio of about 4. A Span-

ish study involving 1,691 patients demonstrates that adding an IAPT-style psycho-

logical treatment in primary care is more (cost-)effective than treatment-as-usual

(Cano-Vindel et al., 2022).

3 Data

The IAPT programme adopted an elaborate session-by-session patient-level out-

come monitoring system to ensure that post-treatment outcomes are available to

therapists at all times, even if patients finish their therapy early. This is a useful

design to avoid missing endline data, which could lead to an overestimation of the

effectiveness of treatment. We define a course of treatment as including the initial

assessment and at least two subsequent clinical sessions. As outcomes are asked

beforethe start of each session (including the initial assessment) and the initial as-

sessment has little therapeutic content, this definition allows us to track the mental

health of patients from their initial assessment to at least after their first clinical

session. In our sample, outcomes are available for 98% of patients who attended

such a course of treatment.30

The IAPT protocol requires patients to complete the same clinically validated

measures of depression and anxiety in each session (including the initial assess-

ment). A therapist asks the patient to complete the measures in a neutral setting, on
27See Delgadillo et al. (2018) for an area-level analysis.
28See Fonagy et al. (2019), Toffolutti et al. (2021), Clark et al. (2022), Ehlers et al. (2023), or Strauss

et al. (2023), for example.
29See Richards et al. (2020) or Gruber et al. (2022), for example, andWakefield et al. (2020) for a

meta-analysis of earlier RCTs.
30This is in line with official statistics by NHS Digital, who report non-missing outcome data on

98.5% of patients (NHS, 2016).
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the day of the session and before the session starts, typically while patients are wait-

ing for their appointment or earlier on the day.31 Therapists then review these mea-

sures at the start of each session and use them for session planning. The outcome

data are regularly reviewed by supervisors and service managers to ensure compli-

ance with this protocol. While the protocol aims to avoid wasting valuable clinical

time and to reduce issues related to the self-reporting of measures (e.g. priming or

demand effects), it is also a key feature of our identification strategy as it enables

us to observe the evolution of mental health between initial assessment and first

clinical session without any actual treatment occurring.

Our dataset consists of the universe of patients ever treated, entering the pro-

gramme during the 2016 to 2018 period.32 We obtain the data from NHS Digital,

which include patients' session-by-session outcomes as well as rich information on

their psychological-therapy and individual characteristics. We complement these

patient-level data with regional data on the characteristics of services (Clinical Com-

missioning Groups, CCGs) (e.g. number of staff) from NHS Digital as well as socio-

economic characteristics of associated local areas (e.g. local deprivation) from the

Office for National Statistics (ONS) in the UK.

Outcomes. Our measure for depression is the Patient Health Questionnaire 9

(PHQ-9), a routine instrument for assessing symptoms of depression amongst gen-

eral and clinical populations (Kroenke et al., 2001).33 It consists of nine, four-point

items that are summed up to a total, whereby scores from zero to four imply no or

minimal, from five to nine mild, from ten to 14 moderate, from 15 to 19 moderately

severe, and from 20 to 27 severe depressive symptoms. PHQ-9 scores equal to or

greater than the clinical cut-off of ten indicate a clinical case. Our measure for anx-

iety is the Generalised Anxiety Disorder Questionnaire (GAD-7), likewise a routine

instrument for measuring anxious affect and worry (Spitzer et al., 2006).34 It con-

31If treatment occurs online (e.g. via Zoom) or via phone, patients can enter their data online.
32This covers the entire period in which the outcome monitoring system was operational, up

until Covid-19.
33The PHQ-9 asks patients about various aspects of their mood over the past two weeks and to

report the frequency � ranging from �not at all� to �nearly every day� � of experiencing specific
symptoms, such as how often they felt down, had little interest in doing things, felt tired, or had
thoughts that they would be better off dead or of hurting themselves.

34The GAD-7 asks patients about their anxiety levels over the past two weeks and to report their
frequency, inquiring about symptoms such as feeling nervous, not being able to stop or control
worrying, worrying too much about different things, trouble relaxing, being so restless that it is
hard to sit still, becoming easily annoyed or irritable, and feeling afraid, as if something awful might
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sists of seven, four-point items that are also summed up, whereby scores from zero

to four imply minimal, from five to nine mild, from ten to 14 moderate, and from

15 to 21 severe anxiety. GAD-7 scores equal to or greater than the cut-off of eight

indicate a clinical case. Both measures are mandatory to collect, though therapists

may also capture additional measures to assess more specific anxiety disorders.35

As depression and anxiety are highly co-morbid (cf. Kalin, 2020), the IAPT pro-

gramme defines three main outcomes that take into accountbothPHQ-9 and GAD-

7 scores:

1. Reliable Improvementis a binary indicator that is one if a patient's PHQ-9

and/or GAD-7 scores have decreased by a reliable amount and neither has

shown a reliable increase.

2. Reliable Deteriorationis, conversely, a binary indicator that is one if a patient's

PHQ-9 and/or GAD-7 scores have increased by a reliable amount and nei-

ther has shown a reliable decrease.

3. Reliable Recoveryis a binary indicator that takes on one if a patient has reli-

ably improvedandthat patient's PHQ-9 and/or GAD-7 scores are above the

clinical cut-off on either measure at the start of treatment and both are below

the cut-off at the end of treatment.

IAPT uses the termreliableto mean a change in score that exceeds the measurement

error of the scale, which for PHQ-9 is a change equal to or greater than six and for

GAD-7 a change equal to or greater than four.

In defining our outcomes this way, we adopt a conservative approach that mea-

sures treatment outcomes irrespective of the specific clinical problem being treated,

focusing on being free from mental ill health as the ultimate outcome of psycho-

logical therapy. As additional outcomes, we also look at PHQ-9 and GAD-7 scores

separately and at a mental health index, which is an average of both standardised

scores. Note that PHQ-9 and GAD-7 as routine instruments in clinical practice are

not considered to be prone to manipulation; any bunching observed in the distri-

butions of these measures is due to different cut-offs for treatment.

happen.
35For social anxiety disorder, for example, the Social Phobia Inventory (SPIN) (Connor et al.,

2000) is collectedin additionto both PHQ-9 and GAD-7.
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We are also interested in the effect of treatment beyond measures of mental

health. We look at the work and social life of patients using data from theWork and

Social Adjustment Scale(Mundt et al., 2002), a clinically validated scale that measures

patients' perceived functional impairment due to a particular health problem (here:

mental ill health) overall as well as in different domains of life, including work,

home management, social and private leisure, and close relationships.36 Besides

this scale, we use data on self-reported employment, in particular whether patients

report to be employed as opposed to unemployed or long-term sick and whether

patients report to receive statutory sick pay. As with our mental health outcomes,

these are asked session-by-session. Just like our outcomes on mental health, data

from theWork and Social Adjustment Scaleand on the self-reported employment of

patients are collected by the IAPT programme at the start of each session. Appendix

Table A.I shows summary statistics of our outcomes.

Covariates. Patients' psychological-therapy characteristics include their refer-

ral type (whether they were referred by their GP or via self-referral), the time be-

tween referral and initial assessment in weeks, treatment mode (in person or on-

line), whether they where prescribed additional medication (e.g. antidepressants),

their initial diagnosis (depression and/or anxiety, including its type), and their treat-

ment intensity (low or high-intensity treatment, and whether they changed their

intensity during the course of treatment). Patients' individual characteristics in-

clude their age, gender, ethnicity, religion, sexual orientation, whether they have

a long-term health condition, their self-reported employment status, and whether

they are a member of the armed forces. Finally, we obtain precise information on

the locations and times of patients' initial assessment and all subsequent clinical

sessions.

To capture supply-side constraints of the programme, the characteristics of ser-

vices include the local number of staff, number of patients, and funding per patient.

To capture demand-side characteristics, the socio-economic characteristics of as-

sociated local areas include the local unemployment rate and median wage as well

as local deprivation (an index of multiple deprivation and sub-indices for depriva-

36The scale consists of five, eight-point items that are summed up to a total, whereby scores be-
low ten imply no or minimal impairment, from ten to 20 significant impairment but less severe
clinical symptoms, and above 20 moderately severe or worse psychopathology. The item on work,
for example, asks patients to rate: �Because of my [mental ill health], my ability to work is impaired.
0 means not at all impaired and 8 means very severely impaired to the point I can't work.�
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tion in the areas of income, employment, education, health, crime, housing, and the

environment). Appendix Table A.II shows summary statistics of our covariates. We

routinely control for service and associated local-area characteristics throughout

our regressions to capture supply and demand for therapies across areas and over

time. Our results are robust to omitting any or all of these controls.

Estimation Sample. Our raw sample includes all patients who started treatment

between April 2016 and December 2018. We focus on this period because certain

psychological-therapy characteristics (particularly, but not limited to, the initial di-

agnosis) were consistently recorded only from April 2016 onwards. Moreover, ac-

cording to official statistics by NHS Digital, aggregate recovery rates reached a sta-

ble level from around the same time, suggesting that the programme had moved

from an initial implementation and scale-up phase to a more steady state of op-

eration (cf. Clark, 2018), which we are primarily interested in when estimating its

causal policy effects. We remove courses of treatment that started in 2019 to not

include patients that started in 2019 but did not finish by the time the Covid-19

pandemic disrupted data collection.

We restrict this sample to attended sessions with non-missing values for both

PHQ-9 and GAD-7 (recall that these are available for 98% of our sample). More-

over, we limit ourselves to patients who were at caseness prior to treatment, i.e.

those who meet the clinical threshold for a mental health condition according to

their PHQ-9 or GAD-7 scores at initial assessment.37 The IAPT programme was

launched precisely to serve these patients, making them its primary focus. Finally,

we limit ourselves to patients who completed at least three sessions (the initial as-

sessment and at least two subsequent clinical sessions), a requirement of our re-

search design. We primarily study the effect of the full course of treatment, but

in Section 5.2, we also look at the relative impact and value added of separate ses-

sions cumulatively over the course of treatment. Our estimation sample includes

1,246,792 patients who attended, on average, 7.7 sessions (standard deviation of

4.1).38

37In special circumstances, therapists might accept individuals who do not meet treatment
thresholds based on mental health scores if clinical judgment suggests the need for intervention.
We do not include these patients in our sample, as they would qualify as recovered from the start
and inflate the programme's effect.

38When cross-validating the properties of our estimation sample with official statistics by NHS
Digital, we find a very similar recovery rate: 55.5% in our sample vs. 49.3% (NHS, 2017). Recall that,
given our research design, we calculate recovery rates from a course of treatment that includes at
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4 Empirical Strategy

4.1 Identification

Our aim is to estimate the causal effect of being treated within the IAPT programme.

We use the potential outcomes framework by Rubin (1974), where the average

treatment effect on the treated (ATT) can be written as the average difference in

the outcomes between patients who receive treatment and those who do not.

Consider patienti who was assessed at timet and the duration of the (potential)

treatment isw. For the moment, for the purpose of illustrating the main idea with

lighter notation, takew as fixed and suppose we only consider a subset of the data

for these patients. Lett1 andt2 respectively denotet andt + w. We introduce the

following variables:D i is a treatment dummy that takes value one for the treated;

Yit j (0) is the outcome for patienti at timet j if they were tonotreceive treatment;

Yit j (1) is the outcome for patienti at timet j if they were to receive treatment; and

X i is a vector of observed characteristics associated with patienti .

Our parameters of interest are ATT and CATT (conditional ATT) that we de-

note respectively by� and� (X i ). They are formally defined as:

� := E [Yit 2 (1) � Yit 2 (0) jD i = 1] ;

� (X i ) := E [Yit 2 (1) � Yit 2 (0) jD i = 1; X i ] :

ATT and CATT are not identified without further assumptions since we only ob-

serveYit j := D i Yit j (1) + (1 � D i ) Yit j (0), but never bothYit j (1) andYit j (0).

The identifying assumptions we make below are standard in the econometrics liter-

ature on difference-in-differences models when two time periods are available (e.g.

see J. Roth et al. (2023)). In what follows, it is convenient to define� Yi := Yit 2 � Yit 1

and� Yi (d) := Yit 2 (d) � Yit 1 (d) for d = 0; 1. We assume the following assump-

tions hold throughout:

Assumption 1: Parallel trends.For alli ,

E [� Yi (0) jD i = 1; X i ] = E [� Yi (0) jD i = 0; X i ] almost surely:

least three sessions. The NHS defines a course of treatment as including at least two sessions.
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Assumption 2: No anticipatory effects.For alli ,

E [Yit 1 (0) jD i = 1; X i ] = E [Yit 1 (1) jD i = 1; X i ] almost surely.

In our context, Assumption 1 states that the expected natural recovery for patients

in the treatment and control group are the same without the IAPT programme.

Assumption 2 states that the expected initial outcome, prior to any treatment, for

patients in the treatment group is not affected by them being in the treatment group.

Under Assumptions 1 and 2, the observed change in expected outcomes for

the treatment group can be decomposed into the treatment effect and the observed

change in expected outcomes for the control group. That is, we can write ATT and

CATT in difference-in-differences in terms of observables, namely:

� = E [� Yi jD i = 1] � E [� Yi jD i = 0] ; (1)

� (X i ) = E [� Yi jD i = 1; X i ] � E [� Yi jD i = 0; X i ] : (2)

In Appendix B, we provide a proof that ATT and CATT can be written in terms of

the distribution of observables, along with more detailed discussions.

We analyse our data through the lens of a two-period model, which is justified

under the assumption thatf (� Yi ; D i ; X i )g
n
i =1 is a random sample that, in turn, im-

poses the stable unit treatment value assumption and stationarity of the data gen-

erating process. This framework permitst1 andt2, hencet2 � t1, to vary across

patients. Indeed, it is worth emphasising that our patients enter the programme at

different times (and that we have no available pre-treatment data beyond the initial

assessment and no available post-treatment data beyond the last session), so that

our data are not suitable to be studied under a multi-period, cohort-wide adoption

(i.e. a staggered design), which is the main focus in the survey by J. Roth et al. (2023).

A well-designed and carefully executed RCT can ensure that Assumptions 1

and 2 hold. However, the IAPT programme has not been implemented as an RCT.

We thus take a quasi-experimental approach and argue that Assumptions 1 and 2

reasonably hold. We do so by exploiting the oversubscription of patients to the pro-

gramme for identification, which creates exogenous variation in waiting times be-

tween initial assessment and the first clinical session across services (and, thereby,

local areas)andover time. In particular, we create a quasi-experimental control

group using patients who, after their initial assessment, are waiting for their first
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clinical session. We then compare the change in mental health outcomes for pa-

tients between their initial assessment and their last clinical session (treatment group)

with the change in mental health outcomes for patients between their initial assess-

ment and their first clinical session (control group). In doing so, we are comparing

patients who reach respective sessions (the last clinical session for our treatment

group, the first for our control group) around the same time after initial assess-

ment. Figure 2 illustrates our research design.

Figure 2: Difference-in-Differences Design � Waitlist-Based
Quasi-Randomisation

Note: Own illustration.

Given thatX i includes psychological-therapy, individual, service and associated

local-area characteristics, as well as service and time fixed effects, we ensure that

Assumptions 1 and 2 reasonably hold. Note: Assumption 1 is weaker than assuming

that treatment assignment in our quasi-experiment is random conditional onX i .

Patients are assigned to the treatment or control group based on their wait-

ing times: the treatment indicator equals one if a patient's waiting time falls below

a specified threshold, and zero otherwise. In our baseline model, we define this

threshold using the median waiting time � ranging from 22 to 41 days, depend-

ing on whether patients receive low- or high-intensity treatment. Our results are

robust to using alternative thresholds.

In what follows, we provide more details on the variation in waiting times and

discuss potential residual selection.

4.1.1 Waiting Times

Our identification strategy exploits oversubscription of patients and resulting ex-

ogenous variation in waiting times between initial assessment and first clinical ses-
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sion across services (and, thereby, local areas)andover time. This variation depends

on supply-side constraints, in particular shortages of trained therapists (due to staff

recruitment and turnover or therapists undergoing training) and certain demand-

side characteristics, in particular local clusters of mental ill health and regional dif-

ferences in the balance between high-intensity and low-intensity treatment provi-

sion. Appendix Section C documents in detail this variation across areas and over

time. Appendix Figure C.I shows histograms of waiting times for our entire estima-

tion sample and for individual years, Figure C.II histograms for different treatment

intensities across all years. Table C.I presents relevant summary statistics. Figure

C.III shows a heat map of median waiting times, overall and by treatment intensity,

across services for all years. Figures C.IV to C.VI then replicate Figure C.III for each

individual year.

Appendix E shows that waiting times are not systematically related to the sever-

ity of depression or anxiety symptoms at the start (e.g. PHQ-9 of 15.7 and GAD-7

of 14.3 in the 25th percentile of waiting time versus PHQ-9 of 15.9 and GAD-7 of

14.5 in the 90th) or end of treatment (e.g. PHQ-9 of 8.8 and GAD-7 of 7.9 versus

PHQ-9 of 9.1 and GAD-7 of 8.2), the number of sessions (e.g. 7.8 versus 7.7 ses-

sions), or treatment duration (e.g. 14.5 versus 13 weeks), neither across nor in any

of the different intensity provisions of the IAPT programme. In Section 5.2, we

show that, instead of using the median, using the 25th, 75th, and 90th percentile

of waiting time to allocate patients into treatment and control group yields very

similar results.39

Next, there may be concern that waiting times are correlated with certain ser-

vice and associated local-area characteristics, which, in turn, may be correlated

with patient outcomes, for example local deprivation. Section 4.1.2 shows that ser-

vice and associated local-area characteristics are well-balanced between our treat-

ment and control group, using the 50th percentile of waiting time as a default thresh-

old.40 As discussed, we routinely control for service and associated local-area char-

acteristics, as well as service fixed effects, throughout our regressions, and our re-

sults are robust to omitting these controls.

39This also suggests that the intensity of treatmentwithinthe treatment group is similar regardless
of waiting time, supporting the notion of a stable unit treatment.

40The characteristics of services include the number of staff, number of registered patients, allo-
cations per registered patient, unemployment rate, and median wage. The socio-economic charac-
teristics of associated local areas include an index of multiple deprivation as well as sub-indices for
deprivation by income, employment, education, health, crime, barriers to housing and services, and
living environment.
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Finally, there may be concern that the mental burden of long waiting time it-

self could have a negative impact on natural recovery, which, if true, can induce a

false positive on the effectiveness of treatment. We argue that this is unlikely to be

the case here, as waiting is expected by all patients. Criticisms of waiting times in

the NHS have long been well-publicised, so having to wait is common knowledge.

Moreover, the legal requirement to treat all patients fairly based on a strict first-

come, first-serve protocol and associated waiting times are announced at initial

assessment. Empirically, Appendix Figure C.VII plots our main outcomes � reli-

able recovery, improvement, and deterioration � as raw data for different waiting

times. These figures show that outcomes are stable across waiting times and, ar-

guably, even exhibit a minor natural recovery. That is, waitlisted patients are, if

anything, more likely to improve than to deteriorate. Hence, positive estimates of

treatment effects are due to therapy being beneficial, rather than from waiting be-

ing detrimental.

4.1.2 Selection

When it comes towithin-sample selection, there may be a concern that therapists

could prioritise patients with worse mental health, or certain demographics. This

is avoided due to the stepped-care protocol of the IAPT programme: after refer-

ral and subsequent initial assessment, therapists allocate patients to either low- or

high-intensity treatment, in each of which they are processed. As mentioned, this

allocation is done following a strict first-come, first-served protocol, a legal re-

quirement based on fairness principles, and is rigorously followed through.41 In

line with this, we observe only a weak, insignificant correlation between waiting

time and either PHQ-9 or GAD-7 score.42 Recall that we routinely control for pre-

treatment mental health by including our mental health index, an average of both

standardised PHQ-9 and GAD-7 scores, as well as the time lapsed between referral

and initial assessment in all our models.

To empirically test that there is no prioritisation of patients based on severity

41If present, prioritisation would lead to a lower-bound estimate. Note that, given a general short-
age of therapists, higher-need patients are not systematically sent to more experienced therapists
(within each treatment intensity), which would result in an upper bound treatment effectiveness
estimate. As discussed in Section 2.1, therapists receive a standardised training with dedicated na-
tional curricula. To the extent that the initial assessment itself has therapeutic value, this does not
bias our results as it is balanced between groups.

42r = 0 :017for PHQ-9,r = 0 :016for GAD-7.
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of symptoms, we regress waiting time on our mental health index, pre-treatment,

controlling for psychological-therapy, individual, service and associated local-area

characteristics, as well as service and time fixed effects. Appendix Table E.XIII

shows that a full one standard deviation higher mental health index, pre-treatment,

is associated with starting treatmentless than one day later, on average. Although sta-

tistically significant due to the large sample size, this relationship is economically

negligible. Table E.XIII shows similar results by treatment intensity.

Next, Appendix Table D.I shows balancing properties of covariates � psychological-

therapy, individual, service and associated local-area characteristics � between our

treatment and control group, which uses the 50th percentile of waiting time as a

default threshold. Following Imbens and Rubin (2015), we calculate four scale-

free overlap measures: normalised differences (which, unlike simple differences in

means, are insensitive to the number of observations) and, to measure dispersion

of covariates between groups, the logs of the ratios of standard deviations and the

shares of the control (treated) units outside the 0.025 and 0.975 quantiles of the

covariate distribution of the treated (control) units. As seen, almost none of the

normalised differences exceeds 0.25, which Imbens and Wooldridge (2009) suggest

as a threshold above which covariates can be considered unbalanced. The only no-

ticeable imbalance is that a larger share of the treated are treated via phone (and,

in turn, a smaller share face-to-face). Note that we routinely control for treatment

mode in all our models. Moreover, there are almost no noticeable differences in

dispersion of covariates between groups, as indicated by logs of the ratios of stan-

dard deviations that are below one and shares of the units outside the 0.025 and

0.975 quantiles of the counterpart covariate distribution that are close to zero. Our

covariates are, therefore, well balanced between groups.

Finally, Appendix Table D.II shows balancing properties of outcomes � reliable

recovery, improvement, and deterioration; PHQ-9 and GAD-7 scores; our mental

health index; theWork and Social Adjustment Scale; and self-reported employment

� between our treatment and control group at the start of different sessions. As

seen, neither at initial assessment nor at the start of the first or last clinical session

does any of the normalised differences exceed the recommended threshold of 0.25

(Imbens & Wooldridge, 2009). There is little evidence for an unusual dispersion

of outcomes between groups at any point in time either. Patients in treatment and

control are, therefore, well comparable in terms of outcomes at the start of therapy

and after therapy has ended, as well as when attending their first clinical session
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after waiting.

When it comes toout-of-sample selection, a potential issue may arise with pa-

tients discontinuing treatment. If attrition is selective � meaning that the proba-

bility of dropping out is correlated with the likelihood of recovery � it may intro-

duce bias into our treatment effect estimates. For example, patients in our control

group may naturally recover during the wait between initial assessment and their

first clinical session and, therefore, drop out of the programme. To reduce this

concern, in Appendix Section H, we establish bounds around our treatment effect

estimates by imputing outcomes under various scenarios. We find that, even under

the most extreme assumptions such that all those dropping out of the treatment

group would experience deterioration and all those dropping out of the control

group would experience recovery, our estimated treatment effects for both reliable

recovery and reliable improvement remain significant and positive. Estimates un-

der these assumptions are approximately half the magnitude of our baseline results.

The programme continues to significantly reduce the likelihood of reliable deteri-

oration, except in the most extreme scenario.

Similarly, individuals in our control group may, during the wait between ini-

tial assessment and their first clinical session, opt for an alternative treatment out-

side of the IAPT programme while still being part of the programme. This would

introduce upward bias in natural recovery, suggesting that our estimated treat-

ment effects can be interpreted as a lower bound. It is worth noting that the IAPT

programme is run by the NHS, which is the monopolist provider of state-funded

healthcare in England. It was launched precisely because patients had few other

treatment options available.

4.2 Estimation

4.2.1 Average Treatment Effects

In Section 4.1, we only consider patients at timet that havew weeks as the duration

of or waiting time for treatment. We now combine observations for differentt's

andw's and update our notation by letting� Yi := D i � Y tr
i + (1 � D i ) � Y c

i ,

with � Y tr
i := Yit i + W i (1) � Yit i (1) and� Y c

i := Yit i + W i (0) � Yit i (0). That

is,� Yi is the change in the outcome of individuali , which is the change between

initial assessment and the last clinical session ifi belongs to our treatment group,

� Y tr
i ; and the change between initial assessment and the first clinical session if
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i belongs to our control group,� Y c
i , cf. Figure 2. Due to the importance of the

duration of or waiting time for treatment in our model, we treat this separately

from other covariates and denote it byWi . Wi denotes the duration of treatment or

waiting time respectively for a patient in the treatment or control group.D i is the

treatment dummy, which is one ifi 's first clinical session falls below a pre-defined

threshold of waiting time. Our default threshold is the 50th percentile, which is

between 22 and 41 days, depending on the intensity of treatment.43 X i contains

all other relevant observables including psychological-therapy, individual, service

and associated local-area characteristics, type of service and time.

We assumef (� Yi ; D i ; Wi ; X i )g
n
i =1 to be i.i.d. and expand the conditioning

set in Assumptions 1 and 2 to includeWi . While we can identify heterogeneous

treatments under this assumption, in this subsection we focus on a model with ho-

mogeneous treatment and suppose that the following holds:

E [� Yi jD i ; Wi ; X i ] = � 0 + � 1D i + � >
2

fWi + � >
3

eX it i + � r i + � t i : (3)

Then,� 1 represents the ATT. Here,Wi is represented by a vector,fWi , of binary vari-

ables indicating the weeks in which a patient completed either treatment or waiting

so that� >
2

fWi captures the, possibly non-linear, effect of natural recovery for pa-

tient i . X i contains some variables that can vary with time for different patients,

and it is decomposed intoeX it i , which contains psychological-therapy, individual,

service and associated local-area characteristics, and� r i and� t i are, respectively,

service (i.e. 135 CCGs) and time fixed effects (i.e. day-of-week, month, and year).

Including both service and time fixed effects implies that we are looking at variation

across services (and, thereby, geographical areas)andover time. We also routinely

control for waiting time and time lapsed between referral and initial assessment

in weeks as well as for pre-treatment mental health (in form of our mental health

index) throughout.

We estimate the following model:

� Yi = � 0 + � 1D i + � >
2

fWi + � >
3

eX it i + � r i + � t i + ui : (4)

Note that the time-varying covariates net systematic differences between our treat-

43The median threshold is 27 days for low and 22 days for high-intensity treatment, 35 days for
stepped-up courses, 41 days for stepped-down courses, and 32 days if the treatment intensity is
undefined (due to multiple changes).
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ment and control group at the psychological-therapy and individual level as well as

at the service and local-area level (e.g. differences in local deprivation over time

that may be directly related to our outcome and, indirectly via waiting time, to our

treatment dummy), whereas the service and time fixed effects net out any remain-

ing unobserved heterogeneity across services and over time. We estimate treatment

effects in Equation 4 using OLS with robust standard errors clustered at the service

level.44

4.2.2 Heterogeneous Treatment Effects

Under Equation 3, the treatment effect is assumed to be the same for all types of

patients. To estimate how the effectiveness of the IAPT programme varies across

patients, services, and areas with different characteristics, we take two approaches.

First, we construct matching estimators using a pre-selected set of previously ob-

served sources of heterogeneity, as found in earlier correlational literature based

on reduced-form analysis of treatment outcomes. Second, we use a state-of-the-art

machine learning (ML) technique and let the data tell us the most relevant sources

of heterogeneity for the treatment effect. Specifically, for the latter, we use thegen-

eralised random forest, a data-driven way to identify the sources of heterogeneity

amongst all available covariates. The validity of our estimators in terms of identify-

ing the treatment effect follows under the same assumptions as outlined in Section

4.1.

ATT with pre-selected sources of heterogeneity. We are interested in whether

the treatment effect differs for different patients, services, and areas, and if so, what

characteristics are associated with better or worse outcomes. Using a similar no-

tation as before, let our data bef (� Yi ; D i ; Wi ; Qi )g
n
i =1 . To facilitate matching,

we dichotomise the covariates identified in earlier correlational studies as related

to heterogeneity in treatment outcomes. Each combination of these dichotomised

covariates defines a patient type, represented byQi , which replacesX i as the type

indicator for each patient. Our CATT is then indexed by(w; q), which corresponds

to a particular treatment/waiting time duration and patient type. In this case, as al-

luded to earlier, our CATT is identified and can be written for each(w; q) as (cf.

44Given that� Yi is discrete for out main outcomes, in Section 5.2, we provide the results of logit
model as a robustness check.
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Equation 2),

� (w; q) := E[� Y tr
i jWi = w; Qi = q] � E[� Y c

i jWi = w; Qi = q]: (5)

Since(Wi ; Qi ) are discrete, there are finite combinations of(w; q). We can esti-

mate� (w; q) nonparametrically by calculating the difference between the average

outcomes of the treated and the control patients whoseWi = w andQi = q. We

only include sub-populations that have a sufficient number of observations for both

treatment and control group.45 Sub-populations that have too few observations and

those that do not have a treatment or control group counterpart are excluded from

the analysis. This ensures that we only use the treated patients that have a close

control-group counterpart, andvice versa.

Stacking the nonparametric estimators for� (w; q) over(w; q) gives us a vec-

tor of CATTs that has an asymptotically normal distribution following from a stan-

dard central limit theorem. Furthermore, the asymptotic distribution of the vector

of CATTs can be consistently bootstrapped using the standard resampling method

with replacement since the empirical measure can be bootstrapped in this way (Gine

& Zinn, 1990). Conveniently, however, the nonparametric estimator just described

is numerically equivalent to the OLS estimator off � (w; q)g from the following

model:

� Yi =
X

w;q

� (w; q) � 1 f Qi = q; Wi = wg (6)

+
X

w;q

� (w; q) � 1 f Qi = q; Wi = wg � D i + ui :

where1f Qi = q; Wi = wg is a dummy which is one if the patient was either

treated in or waited forw weeks and belongs to typeq. We provide a proof of this

equivalence in Appendix B. Thus, in practice, we use the above linear equation to

estimate the CATTs by OLS, which provides a simple framework for inference on

f � (w; q)g. For example, one can simply test the homogeneity hypothesis on the

CATTs, where the null hypothesis states that all CATTs are equal, using a Wald test.

ATT with data-driven sources of heterogeneity. To further explore hetero-

geneities without constraining the analysis to a set of pre-selected sources, we use

45The results are reported for a minimum of 100 observations per treatment and control group.
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thegeneralised random forest(Athey et al., 2019).

The algorithm recursively splits the sample into two bins, with each bin subse-

quently split further. This process continues iteratively, creating a tree-like struc-

ture. Somewhat similar to our nonparametric approach, the bins share the same

realisations of covariates. The difference is that the partitioning into bins does not

rely on the researcher's choice of covariates but is done in a data-driven way to

maximise heterogeneity in within-bin treatment effect estimates across bins. This

partitioning process is repeated multiple times, generating several trees. The in-

dividual treatment effect estimates from these trees are then averaged to reduce

variance, ultimately providing individual-level CATT estimates.46

To take it to a more familiar context, a forest can be thought of as a nearest-

neighbour method, in that it performs the estimation using a weighted average of

observations in the �neighbourhood�. However, in contrast to classical methods, the

neighbourhood is defined in a flexible data-driven way. By treating the forest as an

adaptive nearest-neighbour estimator, Athey et al. (2019) show that the estimates

of the generalised random forest are consistent and asymptotically normal.47

5 Results

5.1 Average Treatment Effects

Table 1 shows the average treatment effects on our main outcomes � reliable re-

covery, improvement, and deterioration � using our default control group (50th

percentile of waiting time). Columns 1, 3, and 5 show models without controls,

Columns 2, 4, and 6 report the results for models that control for psychological-

therapy, individual, service and associated local-area characteristics, as well as ser-

vice and time fixed effects, which are our preferred models.

46In practice, the algorithm uses different subsamples for binning and treatment effect estima-
tion. This is known as thehonestapproach that serves to avoid overfitting and biasing estimates. As
a technical note, we assume that potential outcomes are independent of treatment assignment, con-
ditional on the set of covariates. Our algorithm incorporates this conditioning by orthogonalising
the treatment indicator and the outcomes and calculating the within-bin treatment effect estimate
from regression residualised outcomes on residualised propensity scores. This technique is some-
times known asdouble machine learning, which is particularly important for our application given
that we use observational rather than experimental data. For further details on double machine
learning, see Chernozhukov et al. (2018).

47See Athey et al. (2019) and Wager and Athey (2018) for a detailed account of the algorithm and
its corresponding asymptotic theory.
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Table 1: Average Treatment Effects on Mental Health

Reliable Reliable Reliable
Recovery (0-1) Improvement (0-1) Deterioration (0-1)
(1) (2) (3) (4) (5) (6)

Treatment 0.443*** 0.431*** 0.388*** 0.377*** -0.085*** -0.084***
(0.004) (0.004) (0.004) (0.003) (0.002) (0.001)

Therapy Controls No Yes No Yes No Yes
Individual Controls No Yes No Yes No Yes
Service Controls No Yes No Yes No Yes
Local-Area Controls No Yes No Yes No Yes
Service Fixed Effects No Yes No Yes No Yes
Time Fixed Effects No Yes No Yes No Yes

Number of Individuals 1,246,792 1,246,792 1,246,792 1,246,792 1,246,792 1,246,792
Treatment Group 618,574 618,574 618,574 618,574 618,574 618,574
Control Group 628,218 628,218 628,218 628,218 628,218 628,218
R Squared 0.228 0.289 0.152 0.187 0.022 0.064

Note: Linear probability models. Binary dependent variables. Robust standard errors
clustered at service level in parentheses. *** p< 0.01, ** p< 0.05, * p< 0.1.

We find that being treated within the IAPT programme significantly improves pa-

tients' mental health outcomes. In particular, it increases the likelihood to reliably

recover by about 43 and to reliably improve by about 38 percentage points, on av-

erage, while reducing the likelihood to deteriorate by about 8 percentage points.48

The latter suggests, in particular, that the programme has, on average, no adverse

effects, which is a contribution in its own right addressing recent concerns that

well-intended psychological interventions can have unintended consequences (cf.

Harvey et al., 2023). Point estimates and associated standard errors are remarkably

similar regardless of whether we include covariates or not.

Treatment Intensity. Next, Table 2 presents the results of the main streams of

the IAPT programme's stepped-care model, by splitting Table 1 into its different

treatment intensities. Panel A shows the average treatment effects for patients in

the low-intensity treatment, Panel B for those in the high-intensity treatment, and

48Overall, 53% of patients reliably recover at the end of the treatment, 74% reliably improve, and
5% reliably deteriorate.
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Panel C for those who are stepped up from initially low to then high intensity.

The full results, which include smaller streams (patients who are stepped down

from initially high to then low intensity or patients for whom the intensity was

not recorded), are presented in Appendix Table F.I.

Table 2: Average Treatment Effects on Mental Health by Treatment Intensity

Reliable Reliable Reliable
Recovery (0-1) Improvement (0-1) Deterioration (0-1)
(1) (2) (3) (4) (5) (6)

Panel A: Low Intensity

Treatment 0.440*** 0.430*** 0.368*** 0.360*** -0.078*** -0.078***
(0.005) (0.005) (0.004) (0.004) (0.002) (0.002)

Number of Individuals 491,942 491,942 491,942 491,942 491,942 491,942
Treatment Group 245,433 245,433 245,433 245,433 245,433 245,433
Control Group 246,509 246,509 246,509 246,509 246,509 246,509
R Squared 0.216 0.284 0.138 0.179 0.020 0.053

Panel B: High Intensity

Treatment 0.439*** 0.429*** 0.404*** 0.393*** -0.084*** -0.084***
(0.008) (0.008) (0.007) (0.006) (0.003) (0.002)

Number of Individuals 275,990 275,990 275,990 275,990 275990 275990
Treatment Group 136,379 136,379 136,379 136,379 136379 136379
Control Group 139,611 139,611 139,611 139,611 139611 139611
R Squared 0.234 0.298 0.164 0.198 0.021 0.069

Panel C: Step Up (Low to High Intensity)

Treatment 0.449*** 0.435*** 0.404*** 0.385*** -0.095*** -0.090***
(0.004) (0.005) (0.004) (0.004) (0.002) (0.002)

Number of Individuals 388,136 388,136 388,136 388,136 388136 388136
Treatment Group 191,868 191,868 191,868 191,868 191868 191868
Control Group 196,268 196,268 196,268 196,268 196268 196268
R Squared 0.244 0.296 0.164 0.200 0.024 0.078

Therapy Controls No Yes No Yes No Yes
Individual Controls No Yes No Yes No Yes
Service Controls No Yes No Yes No Yes
Local-Area Controls No Yes No Yes No Yes
Service Fixed Effects No Yes No Yes No Yes
Time Fixed Effects No Yes No Yes No Yes
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Note: Linear probability models. Binary dependent variables. Robust standard errors
clustered at service level in parentheses. *** p< 0.01, ** p< 0.05, * p< 0.1.

In line with our previous results, we find that treatment significantly increases the

likelihood to reliably recover and improve while decreasing the likelihood to dete-

riorate in each treatment intensity, by about the same size. Similar impacts across

treatment intensities suggest that the allocation of patients by trained therapists to

different treatment intensities results in an appropriate patient-therapy fit.

The similarity of recovery across treatment intensities may tempt one to think

that different intensities are redundant if these lead to similar outcomes. Note,

however, that patients in different treatment intensities have different therapeutic

needs. Appendix Table F.II replicates Table 2 by replacing our main outcomes �

reliable recovery, improvement, and deterioration � with changes in underlying

PHQ-9 and GAD-7 scores as well as changes in our mental health index. As seen,

patients in the high-intensity treatment show much stronger symptom reductions

in their PHQ-9 and GAD-7 scores as well as in our mental health index, and so

do patients for whom treatment intensity is changed during their course of treat-

ment. This suggests that therapists (re-)allocate patients to suitable treatments, if

needed, and that different treatment intensities cater to different needs, which is

also reflected in differences in underlying therapies and mechanisms, as outlined

in Section 2.

Work and Social Life Outcomes. Finally, we look at ripple effects of improved

mental health on patients' work and social life. We do so in two ways: first, we look

at changes in theWork and Social Adjustment Scale(Mundt et al., 2002). Second, we

look at changes in employment as a result of treatment. We are particularly inter-

ested in patients who report being unemployed, being long-term sick, or receiving

statutory sick pay at the start of treatment, and hence look at the change from being

unemployed to being employed, from being long-term sick to being employed, and

from receiving statutory sick pay to not.

Appendix Table F.III shows our average treatment effects on theWork and Social

Adjustment Scale. As seen, being treated within the IAPT programme significantly

and strongly reduces patients' perceived functional impairment due to mental ill

health, decreasing overall impairment by 5.7 points on a 0-to-40 scale (65% SD of

the pre-treatment score in the treatment group), driven in almost equal parts by re-

ductions in each domain of life (each between one and 1.4 points on a 0-to-8 scale),
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including work (-1.1 points, 42% SD of the pre-treatment score). That is, patients

who undergo psychological therapy report to function better in all domains of life

afterwards.

Appendix Table F.IV shows our average treatment effects on employment as a

result of treatment.49 As seen, being treated within the IAPT programme has, over-

all, no or only negligible effects on employment. However, when restricting our

sample to patients who were unemployed or long-term sick at the start of treat-

ment, we find that being treated significantly increases their likelihood to be em-

ployed by three and two percentage points, respectively, while decreasing their like-

lihood to receive statutory sick pay by three percentage points. Although these ef-

fects are small, they are very short-term, as employment is last measured at the

beginning of the last clinical session, and the typical course of treatment lasts be-

tween six to twenty weeks. That is, there is evidence for small, positive short-term

impacts on employment of patients who undergo psychological therapy.

5.2 Robustness Checks

We conduct a wide range of robustness checks for our average treatment effects

obtained from Equation 4.

Selection on Outcome and Session Value Added.So far, we restricted our es-

timation sample to patients who completed a course of treatment, consisting of

initial assessment and at least two subsequent clinical sessions. There could be con-

cern that the timing of the last clinical session may be endogenous, i.e. therapists

may discard patients after they have reached a particular threshold of recovery, and

patients then leave the programme). To check for selection on the outcome, we ex-

ploit our session-by-session patient-level outcome data to redefine the completion

of treatment, to not pertain to the last but to the penultimate clinical session or

even to the one before. Arguably, the latter two sessions should not be suscepti-

ble to selection on the outcome. Appendix Table G.I shows that, for both redef-

49Different from our previous analysis, we estimate treatment effects by regressing post-
treatment employment on pre-treatment employment and our treatment dummy, all other things
being the same. This is because patients can be either employed or not, respectively, at the start
and at the end of treatment, which may, when switching from employed to not employed, result
in a difference in our employment outcome of minus one, which cannot be estimated using a lin-
ear probability model. We circumvent this issue using a value-added model. Note that all of our
previous results continue to hold when using this alternative model.
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initions of treatment completion, we continue to detect strong, positive impacts

of treatment on mental health. Naturally, impacts are somewhat reduced, as we

omit clinical sessions with therapeutical contents, which are particularly relevant

for courses of treatment with a lower number of total sessions. Note that the num-

ber of observations drops because we lose particularly short courses of treatment.

A related concern regarding selection on the outcome could be that therapists may

switch patients from, say, low to high intensity because their health may deterio-

rate. When grouping together low-intensity and step-up as well as high-intensity

and step-down, here too we continue to detect strong, positive impacts of treatment

on mental health (Appendix Table G.II).

To further address potential selection on the outcomes, i.e. the total number

of sessions or treatment duration, we estimate a model with the same selection

on outcomes for treatment and control groups. Appendix Table G.III additionally

controls for the total number of clinical sessions and the total duration of treatment

in weeks. As seen, our results remain robust. Note that we routinely control for a

large set of pre-treatment characteristics including patients' psychological-therapy

characteristics, including their referral type (whether they were referred by their

GP or via self-referral), the time between referral and initial assessment in weeks,

treatment mode (in person or online), whether they where prescribed additional

medication (e.g. antidepressants), their initial diagnosis (depression and/or anxiety,

including its type), and their treatment intensity (low or high-intensity treatment,

and whether they changed their intensity during the course of treatment).

Our session-by-session patient-level outcome data also allow us to look at the

relative impact and value added of separate sessions cumulatively over the course

of treatment. Appendix Figure G.I shows reliable recovery for different bins of ses-

sions, separately for patients who have a total of three, seven, nine, and 13 sessions,

equivalent to the 25th, 50th, 75th, and 90th percentile in the overall session distri-

bution. For example,Sessions 5for patients who have a total of nine sessions is the

value added, in terms of reliable recovery, of having attended five out of the nine

sessions, whileSessions 9is the value added of having attended all sessions. In each

case, the control group is restricted to patients who have the same number of total

sessions. We observe that the relative session value added is lower for patients who

have a higher total number of sessions. For example, the value added of having at-

tended five sessions is only nine percentage points for patients who have a total of

13 sessions, yet 14 percentage points for those who have a total of nine and even
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22 percentage points for those who have a total of seven sessions. That is, the rate

of improvement from mental ill health is lower the higher the number of total ses-

sions. Moreover, most of the session value added, in terms of reliable recovery, is

generated during the last two sessions, regardless of the total number of sessions.

Appendix Figures G.II and G.III replicate Figure G.I for reliable improvement and

deterioration, showing a similar pattern. Note that, as the spacing of sessions is

about two weeks and hence very similar to the recall period of both PHQ-9 and

GAD-7 (see next paragraph), we do not expect that our results on session value

added are confounded by double-counting of symptoms.

Session Spacing. Typically, patients are meant to have one session per week,

though the median number of weeks between sessions is 1.6 (mean of 2.0 and stan-

dard deviation of 1.6), depending on patients' availability. Hence, the actually ob-

served session spacing is very similar to the recall period of both PHQ-9 and GAD-

7, which asks patients about symptoms in the past two weeks. Appendix Table G.IV

shows that our results are robust to additionally controlling for the average number

of weeks between sessions.

Appendix Table G.V then makes full use of our session-by-session patient-level

outcome data to look at the spacing of sessions over the course of treatment, by

re-estimating our average treatment effects by percentile of the number of weeks

between sessions. We differentiate the lower 25th percentile (session spacing of 1.1

weeks) from the upper 25th (2.4 weeks) and the upper 10th percentile (3.5 weeks).

As seen, reliable recovery and improvement are slightly higher the lower the num-

ber of weeks between sessions. Although the variation in session spacing is rather

small, a caveat of this analysis is that session spacing may be partly endogenous, for

example if reasons for rescheduling sessions are correlated with aspects of mental

health.

RepeatEnrolment. Repeat enrolment may be a sign of poor mental health amongst

dropouts. We observe that, in total, 187,148 patients (about 15%) enrol more than

once in the IAPT programme. To check whether waitlisted patients in our default

control group drop out and present again later, Appendix Table G.VI regresses the

likelihood to enrol more than once in the programme on the weeks on the waitlist

amongst control-group patients, with and without controls. As seen, the weeks on

the waitlist have negligible predictive power for repeat enrolment. As patients who
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repeatedly enrol may be special in other ways too, Appendix Table G.VII excludes

them altogether from our analysis. As seen, our results remain similar to before.

Selective Attrition. We address potential concerns about selective attrition in

detail in Appendix Section H, where we show that the programme remains highly

effective for reliable improvement and reliable recovery even under extreme as-

sumptions on the outcomes of patients who discontinue treatment or drop out,

though the magnitude of the effects varies under different assumptions. The pro-

gramme also continues to significantly reduce the likelihood of reliable deteriora-

tion, except in the scenario with the most extreme assumptions, i.e. that all dropped-

out respondents who would have been assigned to the treatment group experience

deterioration and all those dropping out of the control group experience recovery.

Other Robustness Checks. Our results are robust to different definitions of

treatment and control group when varying treatment and corresponding waiting

time durations. In Section 4.1, we have shown that waiting times are not system-

atically related to the number of sessions, treatment duration, or the severity of

depression or anxiety symptoms at the start or end of treatment. So far, we used

the median waiting time as a cut-off to define treatment and control group. Ap-

pendix Table G.VIII now uses, instead of the 50th percentile of waiting time, the

25th, 75th, and 90th percentile, respectively, to allocate patients into treatment and

control group. The estimates remain similar.

Our results are also robust to different models, samples, and outcomes. Ap-

pendix Table G.IX Column 1 estimates a logit instead of a linear probability model.

Columns 2 and 3 selectively exclude certain mental health problems: Column 2

excludes patients who have substance abuse disorders as these exhibit different be-

haviours when on a waitlist than others (J. Williams & Bretterville-Jensen, 2022),

whereas Column 3 focuses only on patients who have depression and anxiety disor-

ders, the main target population of the IAPT programme and vast majority. Finally,

Columns 4 to 6 replace our main outcomes � reliable recovery, improvement, and

deterioration � with changes in PHQ-9 and GAD-7 scores as well as changes in

our mental health index. In all cases, our results remain robust.
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5.3 Heterogeneous Treatment Effects

We now focus on the CATT estimates of our main outcomes: reliable recovery,

reliable improvement, and reliable deterioration. The CATT estimates presented

here are based on our default control group based on the 50th percentile of waiting

time.

Resultswithpre-selectedsourcesofheterogeneity.We selected potential sources

of heterogeneity based on earlier findings on characteristics correlated with treat-

ment outcomes and include treatment intensity, severity of the symptoms at the ini-

tial assessment, ethnicity, religion, presence of a long-term health condition, service

size, service funding, and area deprivation.50 51Figure 3 presents the histograms of

our heterogeneous treatment effect estimates produced by the matching approach

described in Section 4.2.2. The vertical dashed line represents the estimated aver-

age treatment effect.52

We find statistically significant heterogeneity in the treatment effect across sub-

populations. By studying the sub-populations with the lowest and the highest treat-

ment effects, we show that, although the programme increases the probability of re-

covery and improvement for all sub-populations of patients considered, there are

some for whom the programme doesnotdecrease the probability of deterioration.

50The covariates are selected based on the following earlier studies. Gyani et al. (2013): course
intensity, a binary indicator for severity of symptoms above the median at initial assessment, and
severity as a z-score constructed from PHQ-9 and GAD-7 scores at initial assessment; Moller et al.
(2019): ethnicity, religion, and presence of a long-term health condition; Clark (2018) and Gyani
et al. (2013): binary indicators for service size by number of staff and service funding per patient
above the median; Delgadillo et al. (2016): a binary indicator for area deprivation above the median.

51After eliminating observations that do not have a match, we are left with 76% of the original
sample or 947,457 observations spread over 1,171 matched sub-populations. The summary statis-
tics of the outcomes and covariates in the original and the final sample are presented in Appendix
Table I.I. The sub-populations are well-balanced in terms of the number of treated and control ob-
servations. The share of treated observations varies from 22% to 82% with an average of 49%.

52The estimators described in Section 4.2.2 can also be used to estimate the ATT by aggregat-
ing CATTs. These average effects, both from using pre-selected or data-driven observed hetero-
geneities, are in line with the results of the ATT estimates presented in Section 5.1. The nonpara-
metric matching approach estimates the ATT of the programme to be 0.434 (0.001) for reliable re-
covery, 0.379 (0.001) for reliable improvement, and -0.086 (0.001) for reliable deterioration. In our
ML analysis, the ATT is estimated to be 0.436 (0.001) for reliable recovery, 0.383 (0.001) for reliable
improvement, and -0.089 (0.001) for reliable deterioration.
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Figure 3: Conditional Average Treatment Effects � Matching Approach

Note: The histograms plot the distributions of conditional average treatment effects, which
are estimated as a difference in average outcomes between treatment and control group
observations in sub-populations formed by combinations of psychological-therapy, indi-
vidual, and service and associated local area characteristics. The estimates are weighted by
the number of treatment-group observations in each sub-population.

To understand in more detail which specific characteristics are systematically as-

sociated with better or worse treatment effects, we estimate the following model:

� Yi = � 0 + � 1D i +
X

q

� qQi +
X

w

� wWi

+
X

q


 qQi D i +
X

w


 wWi D i + ui ;
(7)

where, to assess how the effect of the treatment differs for different sub-populations,

the treatment dummy,D i , is interacted with the psychological-therapy and indi-

vidual as well as service and associated local-area characteristics,Qi . 
 q in Equa-

tion 7 is informative on how treatment effects vary for different patients. Table 5.3

presents the estimates of the coefficients on the interaction between these char-

acteristics and the treatment dummy. The full results are presented in Appendix

Table I.II.

We find moderate heterogeneity in treatment effects across different intensi-

ties of treatment, with patients in high-intensity treatments being more likely to

reliably improve and less likely to reliably deteriorate.

Table 3: Heterogeneous Treatment Effects on Mental Health: Pre-Defined Sources

Reliable Reliable Reliable
Recovery Improvement Deterioration
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(1) (2) (3)

Course Intensity:
High Intensity * Treated 0.002 0.039*** -0.016***

(0.002) (0.003) (0.002)
Step Down * Treated 0.003 0.017 0.001

(0.010) (0.012) (0.007)
Step Up * Treated -0.018*** 0.021*** -0.019***

(0.002) (0.003) (0.002)
Undefined * Treated -0.036*** -0.066*** -0.011

(0.012) (0.013) (0.008)
Severity above Median * Treated -0.088*** -0.071*** 0.096***

(0.002) (0.002) (0.001)
Deprivation above Median * Treated -0.027*** 0.004** -0.014***

(0.002) (0.002) (0.001)
Long-Term Health Condition * Treated -0.026*** 0.003 -0.008***

(0.003) (0.003) (0.002)
Service Size above Median (Number of
Staff) * Treated

-0.004** -0.006*** 0.003**
(0.002) (0.002) (0.001)

Service Funding per Patient above
Median * Treated

0.021*** 0.026*** -0.010***
(0.002) (0.002) (0.001)

Religion:
Not Religious * Treated -0.025*** -0.013*** 0.007***

(0.003) (0.003) (0.002)
Other Religion and Missing * Treated -0.030*** -0.021*** 0.006***

(0.003) (0.004) (0.002)
Ethnicity:
Other * Treated -0.018** 0.000 -0.016***

(0.007) (0.008) (0.005)
Missing * Treated -0.055*** -0.030*** 0.002

(0.003) (0.003) (0.002)

Number of Individuals 947,547 947,547 947,547
R Squared 0.26 0.16 0.05

Note: Linear probability models. Binary dependent variables. Robust standard errors clus-
tered at service level in parentheses. Omitted categories are Low Intensity, Christian, White
British. The full results are presented in Appendix Table I.II. *** p< 0.01, ** p< 0.05, *
p< 0.1.

We also find that patients with higher severity at the beginning of treatment are

less likely to reliably recover. This is perhaps not surprising, given that patients

with more severe symptoms need to show considerably more improvement to be

classified as reliably recovered. We see that patients with higher severity are also

less likely to reliably improve and more likely to deteriorate.
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In terms of heterogeneity by patient characteristics, patients with long-term

health conditions are around three percentage points less likely to reliably recover.

The direction of the gap confirms findings by Moller et al. (2019) for the difference

in treatment outcomes. However, the difference in outcomes found by Moller et

al. (2019) is significantly higher in magnitude, at 14 percentage points. This likely

indicates that a large part of the difference estimated by Moller et al. (2019) is due

to the difference in natural recovery rates. We also find that non-White-British

patients, or those whose ethnicity is not recorded, perhaps reflecting the data col-

lection quality, are less likely to reliably recover. Non-religious patients are less

likely to reliably recover or improve and more likely to deteriorate.

For area characteristics, patients in more deprived areas are less likely to reli-

ably recover, which is in line with the findings of Delgadillo et al. (2016). The effect

size is similar to having a long-term health condition. However, these patients are

moderately less likely to deteriorate. For service characteristics, patients in larger

services are slightly less likely to reliably recover or improve and more likely to de-

teriorate. Patients in services with higher funding are more likely to reliably recover

or improve and less likely to deteriorate.

In sum, the categories of patients that typically have lower mental health out-

comes, e.g. living with a disability, also benefit less from the programme. Area de-

privation is related negatively to patient outcomes, whilst funding of the services is

positively related.

Results with data-driven sources of heterogeneity. Figure 4 presents the his-

tograms of our heterogeneous treatment effect estimates produced by the gener-

alised random forest described in Section 4.2.2.53 The vertical dashed line again

represents the estimated average treatment effect. The algorithm identifies some

heterogeneity in treatment effects for all three outcomes. As in the previous ap-

proach, the distributions of treatment effects for reliable recovery and improve-

ment are bounded away from zero, whilst reliable deterioration is not.

53The forest includes 1,000 trees. Each tree is built using 10% of the sample. The minimum
bin size is 500 observations. To improve the performance of the algorithm, some smaller covariate
groups were merged together.
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Figure 4: Conditional Average Treatment Effects � Generalised Random Forest

Note: The histograms plot the distributions of conditional average treatment effects esti-
mated with generalised random forest.

To understand which sup-populations benefit most and least from treatment, we

study the average levels of psychological-therapy, individual, service and associated

local-area characteristics in sup-populations formed by quartiles of the estimated

treatment effect distribution. The first quartile includes individuals whose esti-

mated treatment effects were in the bottom 25% of all estimated individual treat-

ment effects, the second to fourth quartiles are formed accordingly. Appendix Ta-

bles I.III, I.IV, and I.V report the results for all covariates. Here, we discuss covari-

ates that show substantial difference across quartiles.

First, the results of the data-driven approach support the findings from the pre-

vious section. Patients who are less likely to recover tend to exhibit more severe

symptoms at the start of treatment. They are also more likely to live in deprived

areas, attend larger services as indicated by the number of patients, or have their

gender, ethnicity, sexual orientation, or disability status not recorded. These pat-

terns largely hold for reliable improvement, where, in addition, patients who are

less likely to improve attend services that, on average, have lower funding. Patients

for whom the programme is less effective in terms of reducing deterioration are

more likely to experience more severe symptoms at the start of treatment and to

live in more deprived areas.

Second, the ML algorithm provides two new insights: patients who recover less

are more likely to be unemployed at the start of treatment, whilst patients who re-

cover more are more likely to self-refer. To study these sources in a more systematic

way, we estimate a modification of Equation 4, where the treatment dummy is now

interacted with each of the two newly identified sources. Table 4 reports the results

for reliable recovery, reliable improvement, and reliable deterioration.
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Table 4: Heterogeneous Treatment Effects on Mental Health: Sources Identified
in the ML Algorithm

Reliable Reliable Reliable

Recovery Improvement Deterioration
(1) (2) (3)

Unemployed vs. Employed

Treated 0.468*** 0.387*** -0.085***
(0.004) (0.004) (0.001)

Unemployed -0.012*** -0.083*** 0.029***
(0.001) (0.003) (0.002)

Unemployed * Treated -0.133*** -0.042*** 0.009***
(0.004) (0.004) (0.002)

Number of Individuals 828,356 828,356 828,356
R Squared 0.30 0.19 0.06

Self Referral vs. Non-Self Referral

Treated 0.404*** 0.373*** -0.089***
(0.005) (0.004) (0.002)

Self Referral 0.016*** 0.043*** -0.022***
(0.006) (0.006) (0.004)

Self Referral * Treated 0.038*** 0.006 0.007***
(0.005) (0.004) (0.002)

Number of Individuals 1,246,792 1,246,792 1,246,792
R Squared 0.29 0.19 0.06

Therapy Controls Yes Yes Yes
Individual Controls Yes Yes Yes
Service Controls Yes Yes Yes
Local-Area Controls Yes Yes Yes
Service Fixed Effects Yes Yes Yes
Time Fixed Effects Yes Yes Yes

Note: Linear probability models. Binary dependent variables. Robust standard errors clus-
tered at service level in parentheses. *** p< 0.01, ** p< 0.05, * p< 0.1.

Unemployment emerges as a significant source of heterogeneity for both pa-

tients awaiting treatment and those undergoing it, even after controlling for a rich

set of covariates, including the severity of symptoms. The first panel of Table??

presents the results of the comparison of employed and unemployed patients.54

54The number of observations is lower than in other specifications because we exclude individ-
uals with other employment statuses.
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Unemployed patients are 1.2 percentage points less likely to recover naturally while

on the waitlist. Additionally, they are 13.3 percentage points less likely to recover

as a result of treatment, which represents 30% of the programme's average treat-

ment effect. Unemployed individuals are also less likely to reliably improve and

more likely to deteriorate, thought the magnitude of the estimate for the latter is

very small so it is unlikely to be economically meaningful. Earlier studies gener-

ally agree that unemployment negatively affects mental health (Cygan-Rehm et al.,

2017), highlighting the need for public policy to prioritise early prevention of men-

tal health issues amongst the unemployed. We provide suggestive evidence that

unemployed patients, on average, respond to treatment less favourably than their

employed counterparts.

Self-referral is an unusual and possibly controversial feature of the IAPT pro-

gramme.55 The possibility to self-referral contrasts with other healthcare in the

UK as well as with healthcare provision in other countries, such as Denmark or the

Netherlands. Hence, the IAPT dataset provides a unique opportunity to study how

these patients respond to treatment.56

The second panel of Table??presents the results of the comparison of treatment

effects for self-referred patients with those who accessed treatment via other path-

ways. We find that patients who self-referred are 1.6 percentage points more likely

to recover while on the waitlist and 3.8 percentage point more likely to recover as

the result of treatment, which represents 8% of the average treatment effect. Self-

referred patients are also more likely to reliably improve and less likely to reliably

deteriorate while on the waitlist. The effects of being treated on the probability of

reliable improvement and deterioration are similar for self-referred and non-self-

referred patients. The coefficient on the difference for self-referred participants in

the latter case is statistically significant, but its magnitude is very small, making it

not economically meaningful. These findings underline the importance of using

causal methods for treatment effect estimation: more favourable outcomes would
55See Brown et al. (2010) for a discussion of advantages, e.g. improved access, and disadvantages,

e.g. system overload due to relatively minor cases, of self-referrals.
56Anecdotal evidence suggests that some patients who self-referred to the programme did so at

the recommendation of their GP. Since participation in the programme demands a certain level of
commitment, clinicians might use self-referral as a way to ensure that patients are more likely to
remain engaged if they choose to join independently. In our data, we cannot differentiate between
those who were informally referred by their GP and those who discovered the programme on their
own, so we analyse these groups together. 71.5% of all patients in our sample self-referred. All
patients are assessed in the same way, regardless of the referral type.
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appear in a correlational analysis from differences in natural recovery rates rather

than a difference in treatment effect estimates. We need to caveat that, within this

framework, we cannot investigate what drives the differences in the outcomes of

patients who self-referred compared to those referred through other pathways. It is

possible that they have higher motivation to improve their mental health or differ

in other non-observable characteristics.

In sum, this is suggestive evidence that the option of self-referrals improves

access to mental healthcare. Self-referred patients did so, on average, 364 days af-

ter the onset of symptoms, whilst patients who were referred via other pathways

waited, on average, 461 days.57

5.4 Cost-Benefit Calculation

We perform a simple and conservative cost-benefit calculation. In doing so, we

compare being treated within the IAPT programme to business-as-usual prior to

IAPT, which in most cases was no treatment at all.58 Note that we routinely control

for medication usage in treatment and control, as pharmacology could be a com-

plement (or substitute) to IAPT.59

We appraise benefits and costs over a three-year period. Looking at benefits

first, we found that treatment significantly decreases PHQ-9 scores by about five

points, on average (cf. Table G.IX). A five-point decrease in PHQ-9 scores, in turn,

corresponds to an increase in theEuroQol-5 Dimensions (EQ-5D)index of about 0.03

points (Furukawa et al., 2021).60 UK Government values 1.0 QALYs at ¿70,000 (in

2019 prices) (Treasury, 2022). For simplicity, let us assume that benefits accrue lin-

early over the course of treatment, which typically takes two months (correspond-

ing to, on average, eight sessions, with one session per week). Unfortunately, the

57We observe a self-reported date of symptom onset for approximately a third of the total sample.
We remove observations where the date of onset was recorded after the referral date.

58Recall that the IAPT programme was launched precisely because there was a lack of treatment
options for mild to moderate common mental health problems in the UK. Besides IAPT, there were
(and are) community mental health services in the UK, but these are targeting primarily severe cases.
To our knowledge, there exists no systematic evaluation of these services.

59We do not find that being treated within the IAPT programme reduces medication usage, if
used (results available upon request).

60The EQ-5D is a routine instrument for the economic valuation of health-related quality of
life, and its index is equivalent to aQuality-Adjusted Life-Year (QALY), defined as one year in perfect
mental and physical health. The index typically ranges from zero (representing death or a state
equivalent to death, the worst possible health state) to one (representing full health, the best possible
state). For more information on the instrument, see https://euroqol.org/.
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IAPT data do not include a long-run follow-up, so we cannot say something about

relapse rates. However, the literature suggests that relapse rates after CBT are gen-

erally quite low (compared to alternative forms of treatment), typically only around

40% six years after the end of treatment (cf. Fava et al., 2004). To be conservative, let

us assume that relapse is instantaneous. With these considerations in mind, we ob-

tain monetised benefits of (((0.00 + 0.03) / 2) * 2 months + (0.03 * 0.6) * 10 months)

/ 12 months + 0.03 * 0.6 * 2 years * ¿70,000 = ¿3,745 per patient over a three-year

period. Next, we look at costs. Clark (2018) calculates fixed costs per patient of

¿680 if one divides the total investment into IAPT in 2015�2016 (the start of our

observation period, after which the programme reached its stable 50% target re-

covery rate) by the total number of courses of treatment during that period. Hence,

we obtain net benefits of ¿3,745 - ¿680 = ¿3,065 per patient three years after the

end of treatment, or a benefit-cost ratio of 5.5.61

This is likely to be a conservative ratio, for several reasons. When it comes to

benefits, it is unlikely that relapse is instantaneous (in fact, Fava et al. (2004) show

that relapse in the first twelve months after treatment is only about 15%). More-

over, we only looked at the mental health of patients, our primary outcome and

unit of analysis. Unfortunately, we do not have data on secondary outcomes and

on partners. However, it is well-documented in the economics literature that im-

provements in mental health can lead to improvements in physical health later on

(cf. Cho et al., 2010). We did not include ripple effects either, for example spillovers

on significant others (such as partners, children, or the wider community). Re-

ichman et al. (2015) show that being out of depression can lead to significant im-

provements in relationships. It is likely that these additional benefits are substan-

tial. Most importantly, when it comes to costs, we only included direct programme

costs, neglecting public savings to the treasury in form of additional tax income and

reduced (disability) benefits, nor did we include other savings to the healthcare sys-

tem, which for the physically ill with co-morbid mental ill health can be substantial

(Chiles et al., 1999; Clark & Layard, 2014). In a Norwegian RCT study of an IAPT-

61An alternative way to look at benefits is to useWellbeing-Years (WELLBYs)(Frijters & Krekel,
2021; Frijters et al., 2020). Noting that an increase in the EQ-5D-5L index of 0.03 points translates
into an increase in WELLBYs of 0.11 (using a conversion factor of 1 EQ-5D-5L = 3.79 WELLBYs, see
Frijters and Krekel, 2021 Table 3A.4), and that 1.0 WELLBYs is valued by HM Treasury at ¿13,000
(Treasury, 2021), we obtain monetised benefits of (((0.00 + 0.11) / 2) * 2 months + (0.11 * 0.6) * 10
months) / 12 months + 0.11 * 0.6 * 2 years * ¿13,000 = ¿2,550 per patient over a three-year period.
This yields net benefits of ¿2,550 - ¿680 = ¿1,870 per patient three years after the end of treatment,
or a benefit-cost ratio of 3.8.
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style intervention, Smith et al. (2024) find that income (and hence taxes) increase

significantly two to three years after the end of therapy. This has also been found

in a Spanish context (Munoz-Navarro et al., 2024).62 This has led some authors to

argue that public savings in terms of taxes and benefits alone would turn net public

costs negative, making the programme pay for itself (Layard, 2016). As we observe

patients only from start to end of therapy, we remain conservative and focus only

on benefits in terms of mental health, which by themselves already suggest that the

programme is worth it.

6 Discussion and Conclusion

Mental ill health deeply affects individuals, their families, and society, while also

posing a substantial economic challenge. Yet, it is often relegated to the sidelines of

healthcare priorities, overshadowed by physical health issues. This does not have

to be the case, as there are now successful examples of evidence-based programmes

that address mental health needs.

This paper is the first to estimate the casual effects of a nationwide mental

health service at a scale that well represents the English patient population. We use

data on all patients who started treatment in the IAPT programme between April

2016 and December 2018 and exploit oversubscription and resulting exogenous

variations in waiting times across services and over time for identification. Our

empirical strategy can be used to evaluate the effectiveness of other public services

too, in contexts where demand for services exceeds supply, leading to variations in

waiting times. Our dataset is of an exceptionally high quality in terms of its out-

come completeness and worldwide unique in terms of its session-by-session out-

come monitoring, thus offering a data generating process with precisely the vari-

ation we need to identify causal effects based on exogenous variation in waiting

times, including specific features such as session value added. It is exceedingly dif-

ficult, if not impossible, to find a better dataset than ours to answer our research

question. Despite its uniqueness, our dataset and method allow us to provide gen-

eralisable insights into the functioning of nationwide-scaled mental health services,

not only in England but also in other countries, in particular those with IAPT-style

62Serena (2022), however, finds no long-term labour market effects of extending health insur-
ance coverage of psychotherapy in Denmark up to seven years after treatment. The author looks at
prime-working-age patients between 18 and 37 years with mild-to-moderate symptoms.
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programmes such as in Australia, Canada (Ontario), Lithuania, Norway, Spain, or

Sweden.

Our findings show that a nationwide mental health service �works� in provid-

ing evidence-based psychological therapies to the general public in a cost-effective

manner. We found that the programme provides significant mental health benefits.

In particular, the mental health of treated patients' is more likely to havereliably

improved, relative to a quasi-experimental waitlist control group, with areliable re-

coveryrate from mental ill health of about 43%. When exploring treatment hetero-

geneities, we found that, although the programme benefits all categories of patients

we looked at, some groups benefit less than others, e.g. those living with a disability

or those residing in deprived areas.

We also found evidence of positive short-term effects of treatment beyond men-

tal health outcomes. In particular, treated patients report less impairment in their

work and social life due to mental ill health. Amongst those who were initially

unemployed or on long-term sick leave, treated patients are more likely to report

being employed and less likely to receive statutory sick pay at the end of treatment.

Although these impacts are small, it should be noted that more sizeable labour mar-

ket effects of psychological therapy have been found to materialise only two to three

years after the end of treatment (cf. Smith et al., 2024). Taken together, being treated

within the IAPT programme significantly and strongly improves patients' lives.

Our causal estimates of the IAPT treatment's effectiveness generally align qual-

itatively with previous findings from non-causal studies, which also observed im-

provements in patients after receiving treatment. However, the magnitudes of our

estimates are smaller. The reason for this difference is that our quasi-experimental

approach is able to isolate the treatment effect from natural recovery that happens

over time.

Our cost-benefit calculation shows that for every pound spent, the programme

generates a benefit worth ¿5.50. This is likely to be a conservative estimate, as it

does not account for ripple effects on physical health, employment and productiv-

ity, as well as spillovers on family members or the wider community. This estimate

also overlooks potential future public savings in the form of additional tax income,

reduced disability benefits, or savings to the healthcare system.

Our work has limitations, some of which offer promising opportunities for fu-

ture research. A notable extension of our analysis would involve evaluating the

long-term impacts of the programme by collecting data that extend beyond the end
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of therapy, when systematic patient-level outcome monitoring stops. This prospec-

tive analysis would align closely with the ethos of the IAPT programme, which,

from its start, has adopted a scientific evaluation mindset.
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Appendix

I



A Summary Statistics

Table A.I: Summary Statistics � Outcomes at Initial Assessment

Average Treatment GroupControl Group
Mean SD Mean SD Mean SD

PHQ-9 15.765 5.49715.688 5.504 15.841 5.490
GAD-7 14.389 4.33814.310 4.350 14.468 4.324
Mental Health Index 0.434 0.6850.421 0.686 0.446 0.683
Work and Social Adjustment Scale - Overall 20.044 9.22919.849 9.153 20.236 9.298
Work and Social Adjustment Scale - Work 4.372 2.5964.380 2.587 4.365 2.604
Work and Social Adjustment Scale - Home Management 3.620 2.3933.584 2.369 3.656 2.416
Work and Social Adjustment Scale - Social Leisure 4.492 2.4474.438 2.431 4.545 2.461
Work and Social Adjustment Scale - Private Leisure 3.687 2.5413.634 2.515 3.739 2.564
Work and Social Adjustment Scale - Close Relationships 3.957 2.4683.916 2.451 3.996 2.483
Employed (As Opposed To Unemployed) 0.857 0.3500.858 0.349 0.856 0.351
Employed (As Opposed To Long-Term Sick) 0.880 0.3240.894 0.308 0.867 0.339
Receiving Statutory Sick Pay 0.077 0.2670.084 0.278 0.071 0.257

II



Table A.II: Summary Statistics � Covariates at Initial Assessment

Covariate Mean SD

Therapy Controls

Mental Health Index (Pre-Treatment) 0.434 0.685
Referral:Acute Secondary Care 0.007 0.081
Child Health 0.000 0.016
Employer 0.000 0.022
IAPT Stepped Care 0.004 0.064
Independent/Voluntary Sector 0.004 0.062
Internal Referral 0.000 0.010
Internal Referral From Inpatient Service (Within Own NHS Trust) 0.000 0.009
Internal Referral from Community Mental Health Team 0.018 0.134
Justice System 0.001 0.031
Local Authority Services 0.001 0.033
Other 0.029 0.168
Other Mental Health NHS Trust 0.000 0.018
Primary Health Care 0.217 0.412
Self-Referral 0.715 0.451
Transfer by Graduation (Within Own NHS Trust) 0.000 0.009
Unknown 0.000 0.001
Referral Time Lapsed 3.029 3.713
Treatment Mode:Face-to-Face Communication 0.279 0.449
Telephone 0.684 0.465
Telemedicine 0.009 0.096
Talk Type for Person Unable to Speak 0.000 0.009
E-Mail 0.017 0.128
Text Messaging 0.002 0.040
Online Triage 0.000 0.004
No Response 0.008 0.092
Medication:Prescribed But Not Taking 0.045 0.208
Prescribed and Taking 0.477 0.499
Not Prescribed 0.415 0.493
No Response 0.063 0.243
Initial Diagnosis:Agoraphobia 0.007 0.083
Generalised Anxiety Disorder 0.221 0.415
Mixed Anxiety and Depressive Disorder 0.111 0.314
Obsessive-Compulsive Disorder 0.023 0.149
Other Anxiety or Stress-Related Disorder 0.039 0.193
Panic Disorder (Episodic Paroxysmal Anxiety) 0.028 0.166
Post-Traumatic Stress Disorder 0.041 0.198
Social Phobias 0.028 0.165
Specific (Isolated) Phobias 0.008 0.087
Depression 0.373 0.484
Invalid Data Supplied 0.001 0.031
Other Mental Health Problem 0.043 0.204
Other Recorded Problem 0.012 0.109
No Response 0.065 0.247

III



Treatment Intensity:Low Intensity 0.395 0.489
High Intensity 0.221 0.415
Step Up: Low to High Intensity 0.036 0.185
Step Down: High to Low Intensity 0.311 0.463
Multiple Changes in Intensity 0.037 0.189

Individual Controls

Age 40.200 14.907
Gender:Male 0.247 0.432
Female 0.496 0.500
Non-Binary 0.000 0.022
No Response 0.256 0.436
Ethnicity:British 0.595 0.491
Irish 0.006 0.075
Any Other White Background 0.032 0.175
White and Black Caribbean 0.006 0.076
White and Black African 0.002 0.039
White and Asian 0.003 0.054
Any Other Mixed Background 0.006 0.077
Indian 0.014 0.116
Pakistani 0.010 0.099
Bangladeshi 0.003 0.056
Any Other Asian Background 0.007 0.086
Caribbean 0.010 0.098
African 0.007 0.085
Any Other Black Background 0.003 0.055
Chinese 0.002 0.041
Any Other Ethnic Group 0.009 0.094
No Response 0.287 0.452
Religion:Baha'i 0.000 0.010
Buddhist 0.002 0.050
Christian 0.190 0.393
Hindu 0.004 0.067
Jew 0.002 0.047
Muslim 0.020 0.139
Pagan 0.001 0.035
Sikh 0.004 0.060
Zoroastrian 0.000 0.008
Other 0.020 0.141
Not Religious 0.328 0.470
No Response 0.427 0.495
Sexual Orientation:Heterosexual or Straight 0.564 0.496
Gay or Lesbian 0.017 0.128
Bisexual 0.014 0.117
Other 0.009 0.094
No Response 0.397 0.489
Long-Term Health Condition:Yes 0.202 0.402
No 0.452 0.498
No Response 0.345 0.476
Employment Status:Employed 0.569 0.495

IV



Unemployed and Seeking Work 0.095 0.293
Student 0.054 0.226
Long-Term Sick or Disabled 0.077 0.267
Homemaker Looking After a Family or Home 0.049 0.215
Not Receiving Benefits and Not Working 0.023 0.151
Unpaid Voluntary Work and Not Working or Actively Seeking 0.004 0.060
Retired 0.070 0.256
Refused 0.000 0.001
No Response 0.058 0.235
Services Member:Yes 0.000 0.015
Former 0.013 0.114
Not Former or Their Dependent 0.566 0.496
Dependent of Services Member 0.000 0.009
Dependent of Former Services Member 0.003 0.050
No Response 0.418 0.493

Service Controls

CCG Number of Staff 116.387 90.115
CCG Number of Registered Patients 31,231.043 18,634.715
CCG Allocations Per Registered Patient 1,272.071 205.494
CCG Unemployment Rate 4.367 1.302
CCG Median Wage 457.250 69.245

Local-Area Controls

Index of Multiple Deprivation: Average Rank 97.626 56.962
Income: Average Rank 16,810.156 4,453.149
Employment: Average Rank 16,724.635 4,657.311
Education, Skills, and Training: Average Rank 16,585.929 4,236.536
Health Deprivation and Disability: Average Rank 16,819.675 6,320.952
Crime: Average Rank 16,882.870 5,232.891
Barriers to Housing and Services: Average Rank 16,596.357 5,466.127
Living Environment: Average Rank 16,756.243 6,099.622

V



B Identification and Estimation Proofs

Proposition 1 proves that Assumptions 1 and 2 enable us to identify ATT and CATT.

Proposition 1. Under Assumptions 1 and 2, ATT and CATT are identified from the joint distribution of

(� Yi ; D i ; X i ).

Proof. Under Assumption 1, expanding out� Yi (0) and re-arranging gives:

E [Yit 2 (0) jD i = 1; X i ] = E [Yit 1 (0) jD i = 1; X i ] + E [� Yi (0) jD i = 0; X i ] :

By Assumption 2, the first term on the right-hand-side of the equation above becomesE [Yit 1 (1) jD i = 1; X i ],

so thatE [Yit 2 (0) jD i = 1; X i ] is equal toE [Yit 1 jD i = 1; X i ] + E [Yit 2 � Yit 1 jD i = 0; X i ]. Subsequently,

CATT is identified from the joint distribution of(� Yi ; D i ; X i ) since,

� (X i ) = E [� Yi jD i = 1; X i ] � E [� Yi jD i = 0; X i ] :

Hence, ATT is also identified because, by the law of iterated expectation,� = E [� (X i ) jD i = 1].�

The proof strategy used in Proposition 1 is the conditional version of the was used in Section 2 of J. Roth

et al., 2023. J. Roth et al., 2023 also discussed the importance of another condition for nonparametric inference

known asStrong Overlap(see their Assumption 7), which requiresP (D i jX i ) to be uniformly bounded away

from 1 almost surely andE [D i ] > 0. The Strong Overlap condition is clearly supported empirically by our

estimating sample as we have numerous untreated patients for every combination of covariates observed and

we have a large shares of treated and untreated patients unconditionally.

Proposition 2 proves our nonparametric estimator forf � (w; q)g can be obtained from OLS estimation.

Proposition 2. OLS estimator of� (w; q) in equation (6) is the same as the nonparametric matching esti-

mator in Section 4.2.2.

Proof. We start by re-writing equation (6) as,

� Yi =
X

w;q

[� (w; q) + � (w; q) � D i ] � 1f Qi = q; Wi = wg + ui ;

which has the following matrix representation,

�Y =
X

w;q

[� (w; q) : D (w; q)]

"
� (w; q)

� (w; q)

#

+ u;

where�Y is ann � 1 vector off � Yi g
n
i =1 , � (w; q) andD (w; q) are vectors of10s and00s such that ele-

ments in� (w; q) andD (w; q) respectively take value1 if and only ifi corresponds to(Wi = w; Qi = q) and

(D i = 1; Wi = w; Qi = q;), andu is a vector off ui g
n
i =1 . By construction,[� (w; q) : D (w; q)] is orthogonal

VI



to [� (w0; q0) : D (w0; q0)] for all (w; q) 6= ( w0; q0), so that an orthogonal projection of[� (w0; q0) : D (w0; q0)]

onto the space spanned by the columns of[� (w; q) : D (w; q)] is ann � 2 matrix of00s. Thus, applying the

partition regression result (Frisch & Waugh, 1933), the OLS estimator from estimating (6) is the same as the

OLS estimator obtained from estimating,

� Yi = � (w; q) + � (w; q) � D i + ui ;

when only observations ofi 0s that correspond to(Wi = w; Qi = q) are used. In this case, the OLS estimator

for � (w; q) is the difference between the averages of the treatment and control values of the dependent variable

(e.g., see Imbens and Rubin, 2015). This proves our claim.�
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C Summary Statistics on Waiting Times

Figure C.I: Histograms for Waiting Times in Weeks, All Treatments Intensities, All Years and by Year.
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Figure C.II: Histograms for Waiting Times, by Treatments Intensities, All Years.

(a) All Intensities (b) Low Intensity

(c) High Intensity (d) Step Down

(e) Step Up (f) Undefined

Table C.I: Summary Statistics for Waiting Time in Weeks, by Treatment Intensity

Variable Mean SD

Low Intensity 5.857 5.553
High Intensity 6.669 7.910
Step Down 7.780 7.195
Step Up 9.349 9.324
Undefined 8.057 8.898
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Figure C.III: Median Waiting Times in Weeks for Treatment by Clinical Commissioning Groups (CCGs) and
Treatment Intensity, All Years

(a) All Intensities (b) Low Intensity

(c) High Intensity (d) Step Down

(e) Step Up (f) Undefined
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