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eMethods 

Therapy feature categories 

Informed by the CBT competences framework1 and the Revised Cognitive Therapy Scale (CTS-R),2 we defined a total 

of 24 feature categories based on the structure and components of the standard CBT protocol. The feature ‘Change 

Methods’ was used to cover any example of the following CBT procedures/techniques (cognitive reattribution, 

behavioural reattribution, skill-teaching, conceptualization, psychoeducation). A research psychologist (MPE) 

annotated 290 therapy session transcripts (11,221 therapist utterances) under the guidance of a qualified clinical 

therapist (SB), and was blind as to the outcome of each case. The annotator tagged each therapist utterance as belonging 

to one (or more) of 19 features, with five features tagged using regular expressions (see Table S1).  

Deep learning model 

We used a deep learning model to automatically classify each utterance into one or more of the 24 categories. Firstly, 

we used word2vec3 on a pre-processed version of the entire data set of over 90,000 transcripts (approx. 200M words) 

to learn word embeddings that are suited to the domain of psychotherapy. We pre-processed our data by tokenizing 

according to whitespace and punctuation and then by lower-casing all tokens (we kept punctuation symbols as separate 

tokens). This resulted in a vocabulary of 89,260 words, each represented as a continuous dense vector of length 200. 

We modelled each utterance in a transcript as a sequence of word embeddings and fed these into a bidirectional 

long short-term memory4 (BiLSTM). We used max-pooling over the hidden states of the BiLSTM to encode each 

utterance5 as a fixed-length vector. In order to model each utterance in the context of the entire transcript, we fed each 

of the fixed-length utterance representations in a transcript into another BiLSTM and used the hidden state at each time-

step to feed into our final output layer. For both our BiLSTM stages, we used a hidden dimension of 400 and used 

dropout of 0.56. The output layer mapped each fixed length utterance-in-context representation into a vector of length 

23 (23 classes with the ‘Other’ class modelled as all zeros) and used a sigmoid activation function on the output. 

Conceptually, each category is modelled as a binary classifier. The training labels were obtained from manual 

annotation for 19 of the categories, and from high-precision regular expression for the remaining five categories. 

We trained the deep learning model on 230 transcripts, using another 30 transcripts to tune hyperparameters 

(i.e. embedding length, hidden dimension size, dropout probability, and choice of pooling) and the remaining 30 

transcripts to report our test results in Table S2. 
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Statistical analysis – Predictors of reliable improvement in first treatment session 

Due to the structured nature of CBT, the first sessions in an episode of care are likely to contain a different feature mix 

compared to mid-episode sessions. For example, setting goals for therapy is more likely to occur early in treatment. To 

investigate the role of early treatment, we performed a multivariable logistic regression modelling the relationship 

between the quantity of each feature of the first treatment session and reliable improvement. Predictor variables were 

the number of words for each therapy feature in the first session, patient demographics, and duration of first session. 

Sessions with a total of fewer than 50 patient words were excluded (n = 70) making a total of 13,019 patients at caseness 

and engaged in treatment. 

Outcome measures 

Patients with two or more therapy sessions who show a significant reduction in at least one of the outcome measures 

from assessment to the last treatment session (i.e. decrease of six points or more in the PHQ-9 and/or four points or 

more in the GAD-7), while not showing a significant increase in the other outcome measure, were classed as showing 

reliable improvement. Reliable improvement was used as an outcome metric as it takes into account whether the 

observed reduction in severity is greater than the measurement error of the scales.7 Consistent with IAPT guidelines, 

outcomes measures were based on scores when patients were discharged from treatment, irrespective of whether they 

were coded by their therapist as having completed or dropped out of treatment. Clinical thresholds were defined 

according to IAPT guidelines; a patient scoring 10 or above for PHQ-9 and/or 8 or above for GAD-7 was classed as 

meeting the clinical threshold at assessment. 

eResults 

Predictors of reliable improvement in first treatment session 

Standardized odds ratios for each session feature included in the analysis can be seen in eFigure 2 and eTable 4). We 

found that ‘Change Methods’, ‘Set Agenda’, ‘Therapeutic Praise’, were all associated with increased odds of 

improvement. As predicted, the quantity of goal setting in the first session was also positively related with 

improvement. ‘Therapeutic Empathy’, ‘Risk Check’, and non-therapeutic content (‘Other’) showed a negative 

association with improvement. Demographic variables of start GAD-7 score, patient age, and not being prescribed 

medication were all associated with increased odds of improvement, while start PHQ-9 score and the presence of a 

long-term medical condition showed a negatively relationship.  
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eFigure 1. Example of a therapy session transcript. Extract of an IECBT session showing utterances of a therapist 

(right) and patient (left). Utterance tag (in yellow) shows the output of the therapy insights model. 
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eFigure. 2. First session predictors of reliable improvement. Forest plot of logistic regression model investigating 

relationship between mean number of words per feature in the first treatment session and reliable improvement. 

Standardized odds ratios and 95% confidence intervals are shown (and listed in the right column). Adjusted for 

symptom severity, patient gender, age, medication status, presence of long-term condition, and session duration.  

***p <.001, **p <.01, * p <.05. 

 



© 2019 Ewbank MP et al. JAMA Psychiatry. 

 Category Description Example 

Hello An initial greeting welcoming the 
patient to the session. 

“Good morning” 

Mood Check Assessing the patient’s mood. “How are you feeling?” 
 

Obtain Update Determining if there have been 
any changes/issues that have 
arisen since the last session. 

“How have things been since we last 
spoke?” 

Bridge Briefly summarising the most 
important issues covered in the 
previous session. 

“So, in the last session we talked 
about…” 

Risk Check Assessing if patient is at risk of 
suicide/self-harm.  
 

“I see from your questionnaire that you 
are having some thoughts of self-harm - 
is that correct?” 

Set Agenda 
 

Deciding and prioritizing the 
topic(s) to discuss during the 
therapy session. 

“What issues would you like us to focus 
in today’s session?” 
 

Review Homework Reviewing and discussing 
patient’s previous homework 
assignment. 

“Did you manage to complete the 
thought diary I sent you last week?” 
 

Set Goals Setting patient’s long-term goals 
for therapy.  

“What would you like to set as your 
goals from therapy?” 

Formulation Framing patient’s issues within the 
context of a CBT formulation. 

“With regard to the diagram we started 
last week - how do you think your 
feelings influence your avoidance 
behavior?” 
 

Give Feedback Briefly summarising what the 
patient has said/feedback based 
on previous utterances.   

“It sounds like you've been under a lot of 
stress at work and you feel this is having 
an effect on your relationship” 

Change Methods Any example of cognitive 
reattribution, behavioural 
reattribution, skill-teaching, 
conceptualization, or 
psychoeducation employed by the 
therapist to promote therapeutic 
change. 
 

“You said it will be a disaster, but what 
are the positive outcomes that could 
happen if you do this?” 
 

Perceptions of Change Discuss what patients feel they 
have learnt from therapy. 

“What do you feel has helped you most 
during our time together?” 
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Set Homework Setting a homework task for the 
patient.  

“I’d like you to keep a diary of anxious 
predictions for homework”  
 

Planning for the Future Asking the patient how they plan 
to deal with future issues following 
completion of therapy. 
 

“What do you think you can continue to 
do to prevent a future setback?” 

Elicit Feedback The therapist asks the patient for 
feedback on session/additional 
questions. 

“How have you found today’s session?” 

Summarise Session A final summary of the day’s 
session focusing on the most 
important aspects of the 
discussion. 

“So, in today’s session we talked 
about…” 
 

Arrange next Session Arranging time and date of next 
appointment.  

“Would you like to book another 
appointment for 10.00am next 
Thursday?” 

Goodbye Saying goodbye at the end of the 
session.  

“Bye for now, and have a good week” 

*Socratic Questioning Questions used to uncover the 
assumptions and evidence that 
underpin people's thoughts 

”What makes you think this belief is 
true?” 
 

*Therapeutic Thanks Therapist shows gratitude to 
patient 

“Thanks for sharing” 
“Thank you for completing…” 
 

*Therapeutic Empathy Therapists empathises with patient “I’m sorry to hear that” 
“That must have been awful” 

*Therapeutic Praise Therapist praises patient “Well done” 
“That’s great” 

*Collaboration Examples of collaborative 
processes between therapist and 
patient 

“Why don’t we decide on that together?” 
 

Other Miscellaneous utterances not 
covered by the above categories. 

“Have you been to see the GP about 
your cough?” 

eTable 1. Feature categories used in transcript annotation. Description and examples of all feature categories 

used in utterance tagging. *Tagged using regular expressions. 
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Category 
 

# of Positives 
 

PPV 

(Precision) 

Sensitivity 

(Recall) 

Specificity 
 

Hello 28 100.00% 100.00% 100.00% 

Mood check 24 75.00% 62.50% 99.57% 

Obtain update 35 61.76% 60.00% 98.87% 

Bridge 12 53.85% 58.33% 99.49% 

Risk Check 15 90.00% 60.00% 99.91% 

Set Agenda 53 78.43% 75.47% 99.03% 

Review Homework 37 61.11% 29.73% 99.39% 

Set Goals 12 70.00% 58.33% 99.75% 

Formulation 44 64.51% 68.18% 98.34% 

Give Feedback 74 57.14% 27.03% 98.65% 

Change Methods 428 73.58% 63.79% 87.12% 

Perceptions of Change 20 75.00% 15.00% 99.91% 

Set Homework 52 74.29% 50.00% 99.21% 

Planning for the Future 24 58.82% 41.67% 99.40% 

Elicit Feedback 42 69.70% 54.76% 99.13% 

Summarise Session 0 n/a n/a 100.00% 

Arrange next Session 45 94.47% 80.00% 99.83% 

Goodbye 41 88.64% 95.12% 99.56% 

Socratic Questioning 23 76.92% 43.48% 99.74% 

Therapeutic Thanks 7 100.00% 62.50% 100.00% 

Therapeutic Empathy 15 84.62% 73.33% 99.83% 

Therapeutic Praise 40 97.50% 97.50% 99.91% 

Collaboration 29 100.00% 93.10% 100.00% 

Other 394 52.28% 70.31% 79.02% 

 

eTable 2. Therapy insights model. The positive predictive value (PPV), sensitivity, and specificity of the model on 

30 therapy sessions which have not been used in the training process. *No examples of “Summarise Session” occur in 

the evaluation data.  
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Category Annotator A v 
Annotator B 

Annotator A v 
Model 

Model v 
Annotator B 

Hello 0.94 1.00 0.94 

Mood check 0.43 0.67 0.47 

Obtain update 0.42 0.69 0.28 

Bridge 0.44 0.64 0.40 

Risk Check 0.92 0.66 0.60 

Set Agenda 0.72 0.77 0.74 

Review Homework 0.55 0.48 0.28 

Set Goals 0.66 0.66 0.86 

Formulation 0.45 0.67 0.52 

Give Feedback 0.25 0.36 0.15 

Change Methods 0.47 0.61 0.39 

Perceptions of Change -0.01 0.24 0.00 

Set Homework 0.56 0.65 0.42 

Planning for Future 0.60 0.48 0.44 

Elicit Feedback 0.47 0.66 0.38 

Summarise Session 0.00 0.00 0.00 

Arrange next Session 0.93 0.88 0.84 

Goodbye 0.80 0.92 0.86 

Other 0.57 0.52 0.38 

Average 0.54 0.61 0.47 

 

eTable 3. Inter-annotator agreement. Cohen’s Kappa statistic, a measure of chance-corrected agreement, for 

annotator A (MPE) vs annotator B (SB), the model vs annotator A, and the model vs annotator B on 17 hours of the 

test dataset. We can see that the model agrees more with annotator A than another human does. This suggests that the 

model has reached human-level agreement for the task and has possibly learned some of the idiosyncratic ways in 

which the original annotator performed the task. 
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Diagnosis  n 

Adjustment disorders 198 

Agoraphobia (with or without panic disorder) 190 

Anxiety disorder, unspecified 1203 

Bipolar affective disorder 41 

Chronic fatigue syndrome 30 

Chronic intractable pain 68 

Depressive Episode 4554 

Disappearance and death of family member 37 

Dysthymia 60 

Eating disorders 133 

Generalised anxiety disorder 2344 

Hypochondriacal disorder 346 

Irritability and anger 141 

Mental & behavioural disorders due to use of alcohol 20 

Mental disorder, not otherwise specified 134 

Mixed anxiety and depressive disorder 1571 

Not recorded 73 

Obsessive-compulsive disorder 521 

Panic disorder (episodic paroxysmal anxiety) 654 

Post-traumatic stress disorder 459 

Problems in relationship 168 

Recurrent depressive disorder 729 

Sexual dysfunction 7 

Social phobias 1046 

Somatoform disorders 30 

Specific (isolated) phobias 142 

 

eTable 4. Clinical diagnoses. Distribution of primary clinical diagnoses of all patients included in the final analysis 

(n = 14,899). 
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Feature Mean no. of 

words (SD) 

% of 

session

s 

Odd

s 

Rati

o 

95% CI z-value P-value 

Hello 14.5(34.6) 99.7% 0.94 0.90-0.98 -2.95 .003** 

Mood Check 5.4(10.4) 48.0% 1.00 0.96-1.04 -0.21 .83 

Obtain Update 12.2(19.6) 46.0% 1.02 0.98-1.06 0.92 .35 

Bridge  9.6(24.7) 22.6% 1.01 0.97-1.05 0.53 .59 

Risk Check 22.4(53.8) 30.4% 0.92 0.89-0.96 -4.15 <.001*** 

Set Agenda 61.8(68.7) 74.8% 1.09 1.04-1.14 3.66 <.001*** 

Review Homework 15.4(27.5) 39.5% 1.03 0.99-1.07 1.27 .20 

Set Goals 28.3(57.8) 35.9% 1.05 1.01-1.10 2.47 .01* 

Formulation 55.1(128) 31.0% 1.04 1.00-1.08 1.72 .08 

Give Feedback 34.1(58) 49.2% 1.02 0.98-1.06 0.97 .33 

Change Methods 435.7(280) 97.5% 1.12 1.07-1.17 4.92 <.001*** 

Perceptions of Change 1.1(7.3) 3.5% 0.98 0.95-1.02 -0.79 .42 

Set Homework 77.5(74.3) 79.4% 1.03 0.99-1.07 1.24 .21 

Planning for future    0.43(6.6) 0.9% 0.99 0.96-1.04 -0.09 .92 

Elicit Feedback 17.8(25.3) 61.6% 1.03 0.99-1.08 1.65 .09 

Summarise Session 0.26(4.8) 0.4% 1.00 0.96-1.04 -0.22 .82 

Arrange next Session    33.9(32.7) 85.5% 1.02 0.98-1.06 0.77 .44 

Goodbye 16.4(15.7) 91.1% 0.98 0.94-1.02 -0.93 0.35 

Socratic Questioning 20.2(39.8) 40.8% 1.02 0.98-1.06 0.85 .39 

Therapeutic Thanks 8.8(24.8) 20.1% 1.02 0.98-1.06 0.75 0.45 

Therapeutic Empathy 25.3(51.3) 43.5% 0.91 0.88-0.95 -4.44 <.001*** 

Therapeutic Praise 24(47.8) 42.4% 1.09 1.04-1.14 3.65 <.001*** 

Collaboration 46(74) 60.6% 0.97 0.93-1.02 -1.23 .21 

Other 138.7(114.7) 96.9% 0.94 0.90-0.97 -3.26 .001** 

Variable Mean/ 

Prevalence 

(SD) 

 Odd

s 

Rati

o 

95% CI z-value P-value 

Session Duration (mins) 63.5(9.3)  1.01 0.97-1.05 0.54 .58 

Start Phq9 14.7(5.4)  0.90 0.86-0.94 -4.82 <.001*** 

Start Gad7 8.3(5.7)  1.29 1.24-1.34 11.9 <.001*** 

Patient Age 34.8(12.0)  1.17 1.12-1.21 7.58 <.001*** 

Patient Gender       

   Female 72.9%      

   Male 26.7%  0.94 0.87-1.03 -1.31 .19 

   Unknown/Not Stated 0.4%  0.87 0.47-1.66 -0.42 .67 

Long Term Condition        
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   No 46.3%      

   Yes 27.7%  0.74 0.68-0.82 -6.24 <.001*** 

   Unknown/Not Stated 26.0%  0.77 0.70-0.85 -5.42 <.001*** 

Psychotropic Medication       

   Prescribed Not Taking 8.6%      

   Not Prescribed 45.7%  1.23 1.06-1.41 2.86 .005** 

   Prescribed Taking 42.3%  1.00 0.88-1.14 -.008 .99 

   Unknown/Not Stated 3.4%  0.87 0.69-1.11 -1.31 .26 

 

eTable 5. First session predictors of reliable improvement. Output of logistic regression investigating relationship 

between reliable improvement and number of words per feature in the first treatment session. Standardized odds ratios 

indicate the effect of an increase of one standard deviation of a feature on the odds of improvement. % of sessions 

indicates the percentage of the total number of sessions that contained utterances categorised as that feature. Gender 

“Female”, Long Term Conditions “No” and Psychotropic Medication “Prescribed Not Taking” were reference classes 

for the categorical variables. ***p < .001, **p < .01, * p < .05. 
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