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EMPIRICAL PAPER
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KATIE AAFJES-VAN DOORN 1, CÉLINE KAMSTEEG2, JORDAN BATE1, &
MARC AAFJES2

1Ferkauf Graduate School of Psychology, Yeshiva University, Bronx, NY, USA & 2Deliberate.ai, New York, NY, USA

(Received 31 December 2019; revised 2 August 2020; accepted 3 August 2020)

Abstract
Machine learning (ML) offers robust statistical and probabilistic techniques that can help to make sense of large amounts of
data. This scoping review paper aims to broadly explore the nature of research activity using ML in the context of
psychological talk therapies, highlighting the scope of current methods and considerations for clinical practice and
directions for future research. Using a systematic search methodology, fifty-one studies were identified. A narrative
synthesis indicates two types of studies, those who developed and tested an ML model (k=44), and those who reported on
the feasibility of a particular treatment tool that uses an ML algorithm (k=7). Most model development studies used
supervised learning techniques to classify or predict labeled treatment process or outcome data, whereas others used
unsupervised techniques to identify clusters in the unlabeled patient or treatment data. Overall, the current applications of
ML in psychotherapy research demonstrated a range of possible benefits for indications of treatment process, adherence,
therapist skills and treatment response prediction, as well as ways to accelerate research through automated behavioral or
linguistic process coding. Given the novelty and potential of this research field, these proof-of-concept studies are
encouraging, however, do not necessarily translate to improved clinical practice (yet).

Keywords: machine learning; psychotherapy; scoping review; big data; artificial intelligence

Clinical or methodological significance of this article: Machine learning (ML) offers robust statistical and probabilistic
techniques that can help to make sense of big data. ML has recently gained popularity in fields such as psychiatric diagnoses
and prognosis and pharmacological treatments. This review paper aims to broadly explore the nature of research activity using
ML in the context of psychological talking therapies, highlighting the scope of current methods and considerations for clinical
practice and directions for future research.

Machine learning (ML) lies at the core of artificial
intelligence (AI) and data science, and at the intersec-
tion of computer science and statistics. Unlike most
other computational strategies that involve a priori
programing of fixed solutions (i.e. expert systems),
ML provides computer systems the ability to auto-
matically learn (i.e. self-learning algorithms) and
improve from experience, in order to maximize accu-
racy (Jordan &Mitchell, 2015). In that sense, the goal
of psychotherapists bears remarkable similarity to the
goal of ML. Both psychotherapists and ML algor-
ithms seek to accumulate knowledge from previous
patients (datapoints) and translate it to a new
patient’s case, which may well be unique.

Machine learning involves the use of advanced
statistical and probabilistic techniques to enable
speedy and scalable analysis of complex or “noisy”
data (e.g., non-linear, high-dimensional inter-
actions). It thus offers new tools to tackle problems
for which traditional statistical approaches are not
well-suited (Bi et al., 2019). There is often no clear
boundary between ML and statistical approaches
(Bi et al., 2019). Indeed, whether a given method-
ology is considered ML or statistical often reflects
its history as much as genuine differences, and
many algorithms (e.g., least absolute shrinkage and
selection operator, stepwise regression) may or may
not be considered ML. Despite methodological
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similarities with traditional statistics, ML is philoso-
phically and practically distinguishable in that,
unlike traditional approaches that produce models
that explain relationships between variables, ML
emphasizes predictive accuracy (Bi et al., 2019).
Although traditional statistical approaches are good
for explaining, because they focus on goodness of fit
based on a specific sample, these traditional models
reduce generalizability that is needed for accurate
predictions in other samples. Instead of testing for
statistical significance, ML assesses performance of
a model; that is, how accurate the model is in produ-
cing correct predictions or decisions when applied to
a new dataset. Machine learning approaches are
inherently suitable for use with “noisy”, high dimen-
sional (many variables) data (Barrett & Langdon,
2006), such as the large amount of verbal and non-
verbal data in patient-therapist interactions.
Machine learning enables patterns in data to be
more readily and accurately identified, and more
accurate predictions to be made from data sources
(e.g. more accurate diagnosis and prognosis; Jordan
& Mitchell, 2015), and has been found to be instru-
mental in identifying predictors and moderators
where few consistent findings could be reached
using traditional methods (e.g., Cohen & DeRubeis,
2018; Zilcha-Mano et al., 2018).
Predictive accuracy and validation are particularly

important in determining whether and which ML
algorithms are clinically useful, given the potential
cost of an erroneous prediction (e.g., treatment
failure, dropout and/or increase in symptoms).
There are two main types of approaches to the

“learning” component of ML, each with a wide
range of different algorithms: supervised learning
and unsupervised learning (Graham et al., 2019).
In supervised learning, a predictive model is devel-
oped based on both input and output data. The
dependent variable values are known for each obser-
vation (i.e. specified outcome values) and are called
“labeled data.” (Bi et al., 2019).1 Data with known
labels are used to train a model that can predict the
label for new unlabeled data (e.g., diagnosis of new
patients in a clinic). Depending on the nature of the
outcome variable, labels can be used for classification
(prediction of categorical outcomes; e.g. diagnosis or
not) or regression (prediction of continuous out-
comes; e.g. along a spectrum of severity).
In contrast, in unsupervised learning, data is

grouped and interpreted based on the input data
only. The algorithm attempts to identify natural
relationships within the data without reference to
any outcome. Unsupervised learning thus uses
unlabeled data to provide new insights, by represent-
ing data using less features (i.e. dimensionality
reduction of continuous data) or clustering data in

unspecified ways based on the data itself (Bi et al.,
2019).
Besides the learning algorithm of a neural network

that can be either supervised or unsupervised
(depending on whether the desired output is
already known), most other ML techniques cannot
be used interchangeably. Commonly used supervised
ML techniques include Support Vector Machines
(SVM), K-Nearest Neighbors, Naïve Bayes,
Regression techniques, Decision Trees, Random
Forest, Hidden Markov Models, and Linear Discri-
minant Analysis. Commonly. Frequently used unsu-
pervised ML techniques include K-Means
Clustering, Hierarchical Clustering, and Principle
Component Analysis (PCA). Another commonly
used subtype of unsupervised learning involves deep
learning algorithms that learn directly from raw data
without human guidance, providing the benefit of
discovering latent relationships in high dimensional
data (LeCun et al., 2015).
Claims of the effectiveness of ML algorithms often

detail the quality of the algorithm using several per-
formance measurements. Although there is a lot of
debate about which model evaluation metric is best
or most appropriate (Handelman et al., 2019; Her-
nández-Orallo et al., 2012), the most commonly
used evaluation metrics include, for example, accu-
racy, precision, F1, sensitivity, specificity, and area
under the receiver operating characteristic (ROC)
curve (AUC2; see Graham et al., 2019).
In an attempt to improve the ability of models to

generalize to new data that will be collected in the
future, methods of internal cross-validation are com-
monly applied. Cross-validation is a technique to
evaluate the performance of ML models in which
researchers separate the available dataset into two
parts; a training subset and a testing subset.
Researchers then train a ML model on the training
subset, and evaluate the resulting model on the
complementary testing subset, using the evaluation
metrics described above (Sammut & Webb, 2017;
Tai et al., 2019). To reduce variability, many
rounds of cross-validation are performed using
many different partitions of the available dataset
and then an average of the results is taken. These pre-
dictions may then be compared with the expected
results, for example human codes assigned to the
data or patient-reported outcome measures.
Different types of cross-validation can be applied

(Sammut & Webb, 2017). For example, leave-p-out
cross-validation (LpO CV) or leave-one-out cross-
validation (LOOCV) are methods which learn and
test on all possible ways to divide the original
sample into a training and a validation set. In other
cross-validation methods, such as k-fold cross-vali-
dation (10-fold is commonly used), and the holdout
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method, data points are randomly assigned to the
training set and the test set. These types of cross-vali-
dation are referred to as internal validation, because
the test set is still a subsample of the original
dataset, rather than an entirely new or separate
sample or population.
In addition to these steps of internal cross-vali-

dation, the additional step of out-of-sample external
validation, is generally seen as the gold standard
because it tests the performance of the newly devel-
oped predictive model on an independently collected
dataset, rather than a subset or given percentage of the
initial dataset used for training and internal cross-vali-
dation (Sammut & Webb, 2017). External validation
thus reduces the risk that conclusions are being gener-
alized from over-optimistic sample-specific ML pre-
dictions. The generated model is “overfitted” when
it produces accurate results in the initial dataset, but
is too specific to that dataset (i.e. has not ignored the
“noise” in the dataset and has instead used parameters
to account for that noise). As a result of being over-
fitted, themodel is not accurate inmaking predictions
in a new dataset. Even when the fitted model does not
have an excessive number of parameters, it is to be
expected that the fitted relationship will appear to
perform less well on a newdata set than on the training
data set (a phenomenon sometimes known as “shrink-
age”). Validating the model in an external sample is
thus important to assess the extent of shrinkage and
generalizability of the generated ML model and
avoid accepting overfitted models.

Clinical applications of machine learning.
Diagnosis and prognosis of medical diseases are
perhaps the oldest clinical utilizations of ML tech-
niques (Warner et al., 1961) and remain common
applications in the epidemiologic literature (Bi
et al., 2019). More recently, ML has also led to sig-
nificant advances in the mental health field.

Psychiatry. Machine learning is known to help
prediction research in psychiatry, by identifying
robust, reproducible and generalizable predictors of
treatment response in psychiatry (Gillan & Whelan,
2017). In their scoping review of ML applications
in mental health, Shatte et al. (2019) highlighted a
range of benefits across the areas of diagnosis, treat-
ment and support, research, and clinical adminis-
tration. Shatte et al. (2019) identified over 190
studies that applied ML in the detection and diagno-
sis of mental disorders, and over 60 studies to predict
the progression of mental health problems over time,
as well as explore computerized support for these
mental health problems (Shatte et al., 2019).
Studies, for example, used electronic health

records, mood rating scales, brain imaging data,
smart phone monitoring systems, and social media
platforms to predict, classify, or subgroup mental
health illnesses including depression, schizophrenia,
and suicide ideation and attempts (also see Graham
et al., 2019 for a selective review of 26 studies on
AI in mental health). Similarly, Tai et al. (2019) con-
cluded that ML can be used in unison with psychiatry
by analyzing the multi-dimensional, multi-level
disease models (i.e. dynamic interactions between
molecular, cellular, and circuitry-based domains
present in mental illness models). It is thought that
ML will make it possible to help mental health prac-
titioners re-define mental illnesses more objectively
than currently done in the DSM-5 (Tai et al.,
2019), and identify these illnesses at an earlier or pro-
dromal stage when interventions may be more effec-
tive (Graham et al., 2019). Thus, in addition to
disease-model refinement, ML may benefit psychia-
try by characterizing those at risk, and personalizing
and discovering pharmacological therapeutics (Tai
et al., 2019).
Although reviews like those conducted by Shatte

et al. (2019) and Tai et al. (2019) applied systematic
literature search methods, they only searched for
general keywords (e.g., “big data”, “machine learn-
ing”, “psychiatry” & “mental health”), and did not
search for or report on psychotherapy. It is therefore
not surprising that almost none of the identified
studies in these reviews reported on ML in psy-
chotherapy; only 8 out of the 300 studies identified
by Shatte et al. (2019) and none of the 53 identified
studies by Tai et al. (2019), examined psychother-
apy. Arguably, most psychotherapists do not necess-
arily focus on diagnostic assessments or
pharmacological treatment, and ML might be
useful to them in different ways. Moreover, many
of these ML applications in psychiatry are based
on neuroimaging data, clinical notes, or electronic
medical notes rather than the dyadic interactions
between the clinician and patient that is prominent
in psychotherapy.

Psychotherapy. Although several reviews have
explored ML in mental health; no review has
explored the breadth of ML applications in psy-
chotherapy specifically. Some researchers have dis-
cussed the possible applications of ML in
psychology (e.g., Yarkoni & Westfall, 2017) or clini-
cal psychology more broadly (Dwyer et al., 2018).
Based on their selective review of psychiatry research
studies, Dwyer et al. (2018), for example, argue that
the problems of translational clinical psychology and
psychiatry that can be optimally addressed with ML
fall into four main categories: diagnosis, prognosis,
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treatment prediction, and the detection and monitor-
ing of potential biomarkers.
Within psychotherapy, technology enhanced

human interaction, including ML, is likely to have a
significant impact on (1) mechanism and process,
(2) training and feedback, and (3) technology-
mediated treatment modalities (Imel et al., 2017).
In sum, the above-mentioned reviews on ML in psy-
chiatry and mental health, and the examples reported
in the psychology and psychotherapy literature high-
light the potential relevance of ML in the field of psy-
chotherapy and suggest that a comprehensive
overview of ML applications in psychotherapy
research is warranted.

Aims

Our overall aim was to examine the current state of
affairs of ML applications in psychotherapy research,
providing a snapshot of the applications relevant to
the work of psychotherapists and psychotherapy
researchers. As the field of ML is advancing exponen-
tially, and the use of ML in psychotherapy is relatively
new, we chose to focus specifically on exploring
broadly the nature of research activity, as per
Arksey and O’Malley’s (2005) first goal of scoping
reviews. It is hoped that this scoping review will: 1)
inform clinicians of the methods and applications of
ML in the context of psychotherapy; 2) clarify the
strength and weaknesses of these methods and con-
siderations within psychotherapy research; and 3)
highlight clinical implications and identify potential
opportunities for further research.

Methods

Inclusion and Exclusion Criteria

Studies were included when they reported on empiri-
cal investigations published in the English language.
This excluded clinical and theoretical papers, study
protocols and methodological papers. We were inter-
ested in all formats of psychotherapy, including
online, face-to-face, individual, couple and group
therapy, brief interventions as well as long-term treat-
ment, and clinical-interviewing. Similarly, no limit
was set on the nature of the mental health problem
or patient diagnosis treated, treatment setting, or
therapy modality. Studies on alternative forms of
therapy, such as art therapy (e.g. Kim, 2008),
pharmacological treatment (Koutsouleris et al.,
2016) or electro-compulsive therapy (Redlich et al.,
2016), or non-therapy interactions, such as peer-to-
peer support (Jaroszewski et al., 2019) and primary
care visits (e.g. Park et al., 2019) were excluded.

We included studies that used data derived from psy-
chotherapy treatments, regardless of the nature of the
predictor variables used as input data (e.g., therapist
notes/electronic health records/patient or therapist
self-report measures/observer or supervisor ratings/
physiological or neuropsychological measurements).
Studies that predicted symptoms or diagnoses,
without using psychotherapy-related data, were
excluded (for example studies on GP or emergency
room data; Geraci et al., 2017). We also excluded
empirical papers based on data in treatment
manuals/websites rather than patient samples (e.g.
Xing et al., 2017). Other studies were excluded
because they examined the use of ML in clinical
training of medical students, rather than psychother-
apy students (Yang et al., 2019).
Studies were included when they reported on the

development or use of a ML method, algorithm, or
ML-based applications. Given that there is not
always a clear difference between ML and statistical
approaches (Bi et al., 2019) and that many algorithms
(e.g., least absolute shrinkage and selection operator,
stepwise regression) may or may not be considered
ML, we based our criteria on the authors’ descrip-
tions of their analyses: if they deemed it ML, the
paper was included.
In line with common practice in psychotherapy

research, this scoping review focused on studies pub-
lished in peer reviewed journals, to ensure replicability
of the search procedures. We thus excluded book chap-
ters, dissertations and other gray literature, including
symposium and conference proceedings (e.g., Chaoua
et al., 2018; Flemotomos et al., 2019), publications in
the computer science journal INTERSPEECH that do
not undergo peer review (e.g., Gibson et al., 2016;
Singla et al., 2018; Tseng et al., 2017), and ArXiv
(e.g., Ali et al., 2019; Crangle et al., 2019), a repository
of electronic preprints that offersmoderation of posting,
but does not involve full peer review.

Search Strategy

The systematic literature search was conducted using
widely available academic search engines across disci-
plines (PsycINFO & PubMed) and includes all IEEE
Explore and ACM Digital Libraries. The last search
was conducted October 31, 2019. Search terms
included variations on the terms for: (a) psychother-
apy (psychothera∗, therap∗, psychiatr∗, counsel∗,
session∗, interview∗, “clinical assessment”) and (b)
ML (“machine learning”, “artificial intelligence”,
“expert system”, robotic∗, “neural network∗”, “com-
puter science”, “computer vision”, “natural language
processing”, “deep learning”) (c) human (patient∗,
client∗, “mental health”).
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The search was conducted on titles, keywords and
abstracts with “AND” entered into the database
search to link different categories (a, b and c) of
search terms. Truncation symbols (∗) were used to
search for all possible forms of a search term. This
means that 189 (7 × 9×3) separate searches were con-
ducted for all the variations of the terms for psy-
chotherapy (a), machine learning (b), and human
(c). Please see Appendix A (see supplementary
material) for the exact string of 189 search combi-
nations. Forward reference searching, i.e., examining
the references that cite these articles, as well as back-
ward reference searching, i.e., reviewing the refer-
ences that were cited in these articles, were applied
to identify further studies that met the inclusion
criteria.

Data Extraction and Analysis Plan

To conduct a systematic and accurate extraction of
data, we developed a data extraction form, of which
part is summarized in Table 1, and piloted it with
all authors using five included studies. Building on
study characteristics reported in other systematically
conducted literature reviews (Graham et al., 2019;
Shatte et al., 2019), the following data were extracted
for each study: the first author, location, research
question, study goal, sample and treatment charac-
teristics, input data, type of ML algorithm and
cross-validation, best performing results, conclusion
and clinical implications. To capture the broad
scope of studies, the data from the extraction form
were synthesized using a narrative approach. A
meta-analysis was deemed not appropriate given the
humble aim of identifying research activity, and the
wide range of study aims, ML techniques, and
outcome measurements in the identified studies.

Results

Systematic Search Results

See Figure 1 for a schematic representation of the
results at each stage of the systematic search pro-
cedure. The systematic search of 189 combinations
of search terms identified a total of 5308 articles
that included a search term from each category in
their abstract or title. 906 articles were duplicates.
Abstracts of 4402 articles were read by the second
author to do an initial screening of eligibility for this
scoping review. Of these 4402 articles, 4190 were
excluded and 212 appeared to meet the inclusion cri-
teria and were read in full by three of the authors.
After reviewing the full text, 176 articles were
excluded because they did not report on empirical

findings, were not peer reviewed, did not involve psy-
chotherapy or because they did not include ML
approaches. A total of 36 relevant studies were ident-
ified. Forward and backward searches of references of
these 36 studies were conducted and reviewed by the
same authors and resulted in an additional 15 rel-
evant studies that met the inclusion criteria. This
resulted in a total sample of 51 studies that met
inclusion criteria according to all four authors (see
Appendix B (see supplementary material) for the
full list of references of the reviewed studies). The
selected 51 studies were reviewed in full to achieve
consensus on the identified study characteristics.

Study Characteristics

When we examined these 51 studies, we identified a
subgroup of seven studies that reported on evalu-
ations of treatment tools that included a ML
element, rather than using any ML methodologies
themselves. These implementation studies are indi-
cated with an ∗ in Appendix B (see supplementary
material). More specifically, one study reported on
the feasibility of a ML based training tool for thera-
pists (ClientBot; Tanana et al., 2019), whereas
Watts et al. (2014) evaluated the implementation of
a ML tool to assess the use of evidence-based treat-
ments from clinical notes. Krause et al. (2019)
reported on using a fully automatized computer-
based patient intervention for hazardous drinking

Figure 1. Flow chart of systematic search procedures.
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Table 1. Study Characteristics.

First Author Year Study Aim Study Context Sample size Data Analyzed
Primary ML technique

(S/U/C)
Cross-validation
method (I/E)

Best algorithm
performance on training
sample and reported

shrinkage

Althoff 2016 Predict outcome
from text data

Non-profit organization
delivering crisis
intervention via text-
message

408 counselors,
15,555
messages

During Session
(continuous): Text
messages between
counselor and
texter

Hidden Markov Model
(HMM) (U), Logistic
Regression Model
(S) (C)

10-fold (I) Accuracy: 68%
AUC: 0.72

Atkins 2012 Replicate human
ratings/codes/
judgments

Couple therapy corpus
(UCLA/UW) from an
RCT comparing two
types of couple therapy

118 couples, 588
10-min
interactions

Between Session -
multiple points in
treatment:
Transcript of task/
exercise

Topic Modeling (U) &
Sparse Logistic
Regression Model
(S) (C)

Leave-one-out (I) Accuracy: 65% - 70%

Atkins 2014 Replicate human
ratings/codes/
judgments

Addiction corpus based on
5 RCTs ofMI in primary
care settings and
university students

148 sessions,
29,990 talk
turns

During Session
(continuous):
Transcript of
session

Labeled Topic
Modeling (C)

10-fold (I) AUC =.62 – 81
Average AUC=.72

Ball 2014 Predict outcome
from
pretreatment
characteristics

Study of patients with
generalized anxiety
disorder or panic
disorder receiving CBT

48 patients Pre-Treatment:
Neuroimaging
(fMRI scans)

Random Forest
Classification (S)

Hold-out (I) Accuracy: 79%
Sensitivity: 86%
Specifi7city: 68%

Black 2013 Replicate human
ratings/codes/
judgments

Couple therapy corpus
(UCLA/UW) from an
RCT comparing two
types of couple therapy

117 couples, 569
10-min
interactions

Between Session -
multiple points in
treatment: Acoustic
speech and
transcripts of task/
exercise

Support Vector
Machine (SVM) (S)
& Logistic Regression
(S)

Leave-one-out (I) Accuracy: 60.0-85.7%
Average Accuracy =
70.15%

Bremer 2018 Predict outcome
from
pretreatment
characteristics

E-Compared project, an
RCT comparing
blended internet and
face-to-face treatment
with TAU for depression

350 patients Pre-Treatment:
Patient self-report

Support Vector
Machine (SVM) (S)
& Regression Tree
(S), LASSO (S),
Ridge Regression (S)

Leave-one-out (I) Regression Tree for
outcomes, RMSE
0.0992 and Ridge
Regression for costs,
RSME 9187.78

Can 2016 Replicate human
ratings/codes/
judgments &
enhance
behavioral
coding

3 trials of motivational
interviewing
intervention studies

57 sessions During Session
(continuous):
Session transcripts

Maximum Entropy
MarkovModeling (S)

Leave-one-out (I) F-score: 81.4
Sensitivity: 93%
Specificity: 90%
Precision: 73%

Connor 2007 Predict outcome
from data

Comparison of 12-week
CBT alone to CBT plus
relapse prevention
(acamprosate) for
alcohol dependent
patients

139 patients Pre-Treatment:
Patient self-report

Decision tree (S) &
Bayesian Network
(S)

Hold-out (I) Accuracy: 77%
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Ewbank 2019 Predict outcome
from data

English IAPT program,
patients receiving
internet-enabled CBT
for the treatment of a
mental health disorder

14,899 patients,
average 6
sessions per
treatment

During Session
(continuous):
Session transcript
Before Session:
outcome measures
Pre-Treatment and
Post-Treatment
change

bidirectional long short-
term memory
(BiLSTM) (S) /
multivariable logistic
regression modeling
(S)

Leave-one-out (I) NLP features model
precision ranged from
52-100%
Sensitivity ranged from
15-100%
Specificity ranged
from 79 −100%. Best
Kappa of model-coder
ranged from 0.24–1 for
various features.

Foster 2019 Predict outcome
from
pretreatment
characteristics

Treatment for Adolescents
with Depression Study,
an RCT comparing
standard treatments for
adolescents with major
depressive disorder

439 adolescents Pre-Treatment:
Patient
characteristics

Decision Tree (S) /
Random forest
blended with
traditional parametric
modeling (S)

NA No specific evaluation of
ML model

Gaut 2017 Replicate human
ratings/codes/
judgments &
enhance
behavioral
coding

Publicly-available
psychotherapy corpus
from Alexander Street
press consisting of
transcripts of patient-
therapist conversations

1181 sessions, on
average 250
talk-turns per
session

During Session
(continuous):
Session transcripts

Labeled Latent
Dirichlet Allocation
(U)

10-fold (I) AUC: 0.79

Gori 2010 Predict outcome
from data

Patients of private-practice
clinician over 12 months
of treatment

150 patients Pre-Treatment:
Patient self-report

Artificial Neural
Networks (ANN) (S)

Hold-out (I) Accuracy: 90%

Hahn 2015 Predict outcome
from
neuroimaging

PANIC-NET, a German
multicenter Mechanism
of Action in CBT RCT
study comparing CBT
and behavior therapy for
panic disorder/
agoraphobia

49 patients Pre-Treatment:
Neuroimagining
(fMRI) during a
differential fear-
conditioning task

Gaussian Process
Classifiers (GPC) (S)

Nested leave-
one-out (I)

Accuracy: 82%
Sensitivity: 92%
Specificity: 72%

Hasan 2019 Replicate human
ratings/codes/
judgments &
enhance
behavioral
coding

Single MI sessions with
African-American
adolescents in treatment
for weight-loss

37 sessions,
11,360 coded
utterences

During Session
(continuous):
Transcript of
session and audio
recordings

Hidden Markov Model
(HMM) (S)

NA No specific evaluation of
MLmodel. Study used
ML methods to test
hypotheses about what
communication
strategies lead to
patient change.
Previous studies
reported on accuracy
of models used, which
was 75% for SVM and
87% for RNN.

(Continued)
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Table 1. Continued.

First Author Year Study Aim Study Context Sample size Data Analyzed
Primary ML technique

(S/U/C)
Cross-validation
method (I/E)

Best algorithm
performance on training
sample and reported

shrinkage

Hoogendoorn 2017 Predict outcome
from data

RCT on an internet-based
guided self-help
intervention for social
anxiety disorder

69 patients During Session
(continuous):
Transcript of
session, multiple
points during
treatment

Decision Tree (S) /
Logistic Regression
(S) / Random Forest
(S)

5-fold (I) AUC:0.48-. 0.78
Precision: 77-88%
Sensitivity: 35-73%
F1: 49-89%

Idalski
Carcone

2019 Replicate human
ratings/codes/
judgments &
enhance
behavioral
coding

Single MI sessions with
African-American
adolescents in treatment
for weight-loss

37 sessions,
11,353 coded
utterences

During Session
(continuous):
Transcript of
session, each
session

Support Vector
Machine (SVM) (S) /
Naive Bayes (S) /
AdaBoost (S) /
Random Forest (S) /
DiscLDA (S) /
Convolutional
Neural Network (S)

10-fold (I)

Out-of-sample
test set: n=80
patient–
provider
interactions
during
routine HIV
clinic visits (E)

F1-score: 68%
Accuracy: 75.1%

Out-of-sample test set:
Accuracy: 72.0%.
Kappa = .64

Imel 2015 Enhance
linguistic
coding

Publicly-available
psychotherapy corpus
from Alexander Street
press and MI corpus
from five randomized
trials of MI for drug or
alcohol problems

1,398 therapy
sessions, 148
MI sessions,
1.2M
individual
words, 223K
talk turns

During Session
(continuous):
Transcript of
session

Unsupervised (U) and
Supervised (S) Topic
Modeling (C)

Hold-out (I) Accuracy: 86.7%

Lenhard 2018 Predict outcome
from patient
characteristics

RCT of internet-delivered
CBT for adolescents

61 patients Post-treatment and 3-
month Follow-Up:
Patient-self report

Linear model with best
subset predictor
selection (S) /
LASSO (S) /
Random Forest (S) /
Support Vector
Machines (SVM) (S)

10-fold (I) Accuracy: 83%

Lutz 2019 Predict outcome
from data

Patients who began
individual
psychotherapy at a large
university outpatient
clinic, and either
completed or dropped
out

1234 patients,
average 31
sessions per
patient

Routine outcome
measures: Patient
self-report,
therapist self-
report, structured
interviews
Pre-treatment:
Structured
interviews

LASSO (S) 10-fold (I) AUC: 0.67
Accuracy: 72.8%
Sensitivity: 38.2%
Specificity: 82.9%
Kappa: 0.21
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Mansson 2015 Predict outcome
from
neuroimaging

Study of internet-based
CBT for social anxiety
disorder

26 patients Pre-Treatment:
Neuroimaging
(fMRI)

Support Vector
Machine (SVM) (S)

Leave-one-out (I) Accuracy: 91.7%
Specificity: 100%
Sensitivity: 83.3%
AUC: 0.91

Mikus 2018 Predict outcome
from data

E-COMPARED therapy
project across five
countries using the
ICT4Depression/
MoodBuster platform

143 patients,
6428 data
points
(training), 6497
data points
(testing)

Between Session:
Daily EMA self-
report

Recurrent Neural
Networks (RNN),
specifically Long-
Short
Term Memory
(LSTM)
Gated Recurrent
Unit (GRU) (S)

Hold-out (50/50
splits; I)

Real mean standard error
(RSME): 0.11

Modai 1996 Predict outcome
from pre-
treatment
characteristics

Psychiatric inpatient unit 211 patients
(training), 26
patients
(testing)

Medical records/
patient information

Backpropagation
Artificial Neural
Network (ANN) (S)

Out-of-sample
test set (E;
n=26 patients)

Not reported

Nasir 2017 Predict treatment
outcome from
data

Couple therapy corpus
(UCLA/UW) from an
RCT comparing two
types of couple therapy

134 couples, 3
sessions each,
458 10-minute
interactions

Pre-Treatment, Post-
Treatment. 2-year
Follow-up: Video of
problem solving
interaction task
outside of therapy
session

Support Vector
Machine (SVM) (S)

10-fold (I) Accuracy: 79.6%

Nitti 2010 Enhance
linguistic
coding

Single case in private
practice receiving
supportive
psychodynamic
psychotherapy

1 patient, 43
sessions, 5,367
utterances

During Session
(continuous):
Session transcript

Competitive Neural
Network (U)

NA Not reported

Reggente 2018 Predict treatment
outcome from
neuroimaging
data

Study of manualized ERP-
based intensive CBT
versus wait-list control

42 patients, 21
controls

Pre-Treatment and
Post-Treatment:
psychometric
instruments &
Neuroimaging
(fMRI)

LASSO (S) Random
subsampling;
Leave-10-out,
k-fold (I)

Not reported

Rubel 2019 Predict treatment
outcome from
pretreatment
characteristics

Psychotherapy patients in
an outpatient clinic who
received integrative
CBT

115 therapists,
741 patients

Before Session:
Patient self-report
(outcome)
After-Session:
Patient self-report
(alliance)

Boruta (based on
Random Forest
Classification) (S) /
Nearest Neighbor (S)

Hold-out (I) Correlations ranged from
−.07 (300NN=nearest
neighbors) to .05 (30
NN); true error ranged
0.37 (1 NN) to 0.20
(100 NN and up). All
above defined baseline
of true error of 0.19.

Salomoni 2009 Predict treatment
outcome from
pretreatment
characteristics

Patients referred to the
Obsessive- Compulsive
Spectrum Disorders
Unit

130 patients Psychologist-
administered
assessment

Artificial Neural
Network (ANN) (S)

Random
subsampling
(I)

Accuracy: 93.3%
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Table 1. Continued.

First Author Year Study Aim Study Context Sample size Data Analyzed
Primary ML technique

(S/U/C)
Cross-validation
method (I/E)

Best algorithm
performance on training
sample and reported

shrinkage

Schmitgen 2019 Predict treatment
outcome from
neuroimaging
data

Previous studies of patients
in two residential DBT
programs

31 patients Clinical
characteristics,
demographics,
fMRI and sMRI

Random Forest (S) 10-fold (I) Accuracy: 76.08%
Sensitivity: 77%
Specificity: 78%

Schultz 2018 Predict treatment
outcome from
neuroimaging
data

Patients in treatment for
major depressive
disorder

21 patients, 20
controls

Clinical
characteristics,
demographics
fMRI and sMRI

Support vector
machines (SVM) (S)

Leave-one-out (I) Accuracy: 88.9%

Seuchter 2004 Predict treatment
outcome from
text data

The A.N.I. study, a
German multi-center
study of the long-term
treatment of
schizophrenia

364 patients Between Sessions:
Session notes

Generalized Estimating
Equations (GEE) (S)
and Artificial Neural
Networks (ANN) (S)

Random
subsampling
(I)

AUC: 0.66

Shiner 2013 Mimic human
raters in
classifying
linguistic
categories

6 VHA outpatient PTSD
clinics

1924 patients,
84,561 clinical
notes/
administrative
data

Between Sessions:
Administrative data
and session notes

automated retrieval
console (ARC), not
further defined (S)

10-fold (I) Sensitivity: 91%
Precision: 100%
F-measure: 95%

Sundermann 2017 Predict treatment
outcome from
neuroimaging

PANIC-NET, a German
multicenter Mechanism
of Action in CBT RCT
study comparing CBT
and behavior therapy for
panic disorder/
agoraphobia

59 patients Pre-Treatment and
Post-Treatment:
Neuroimaging
(fMRI parametric
maps)

Support Vector
Machines (SVM (S)
)/ Multivariate
pattern analysis (S)

Leave-one-out (I) Accuracy: 66.70%

Symons 2019 Predict treatment
outcome from
data

Patients who sought CBT-
based drug and alcohol
treatment at a public
hospital

830 patients Pre-Treatment:
Assessment data
Each Session:
breathalyzer and
blood biomarkers
for alcohol use

Fuzzy Unordered Rule
Induction Algorithm
(FURIA) (S),
Bayesian network
(S), various decision
tree models (S)

10-fold (I)

Out-of-sample
test set (E;
n=50)

Bayesian Network
Accuracy: 62.79%

Out-of-sample test set:
FURIA:
Accuracy of: 74%
AUC: 0.49
Sensitivity: 31%
Specificity: 89%
Bayesian Network:
Accuracy: 56%
Sensitivity: 8%
Specificity: 73%
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Tanana 2016 Replicate human
ratings/codes/
judgments

6 MI clinical trials 341 sessions,
approx 1.7
million words,
175,000
utterances,
79,000 talk
turns

During Session
(continuous):
Transcript of
session

Discrete Sentence
Feature (DSF) (S)
and Recursive Neural
Network (RNN)
(S)

10-fold & hold-
out (I)

Kappas for utterance
codes: 0.00 - >0.50
Session level ICCs:
.00-1.00

Tolmeijer 2018 Predict treatment
outcome from
neuroimaging
data

Case-control cohort study
of TAU or CBT for
psychosis on top of usual
care

38 patients Pre-treatment: fMRI
Pre-Treatment and
Post-Treatment:
self-report outcome
measures

Multivariate pattern
analysis (S) / multiple
kernel learning (S)

Nested k-fold (I) r=0.63, p=0.003

Tseng 2019 Replicate human
ratings/codes/
judgments &
enhance
behavioral
coding

Couple therapy corpus
(UCLA/UW) from an
RCT comparing two
types of couple therapy

134 couples During Session
(continuous):
Transcripts of
interaction task

Nearest Neighbor /
Neural Network
(Long-Short
Term Memory
(LSTM)) (C)

Leave-one-out (I) Accuracy: 78.77%

Tymofiyeva 2019 Predict outcome
from
pretreatment
characteristics

Adolescent patients in
CBT treatment from
various psychiatric
clinics

30 patients Pre-Treatment:
Neuroimaging
(fMRI)

Decision Tree (J48
pruned tree classifier)
(S)

10-fold (I) Accuracy: 83%

Villmann 2008 Enhance coding
of physiological
data

Single-case study of
manualized panic-
focused psychodynamic
psychotherapy

1 patient, 37
sessions

During session
(continuous):
Physiological data

Neural Network
(growing self-
organizing map
(GSOM)) (U)

NA Not reported

Wahle 2016 Predict outcome
from data

Clinical pilot study of the
smartphone app Mobile
Sensing and Support
(MOSS)

126 subjects Between Session:
Smartphone sensor
data

Support Vector
Machines (SVMs)
(S) with a Radial
Basis Function
(RBF) kernel and
Random Forest
Classifier (RFC) (S)

Leave-one-out (I) Accuracy: 61.5%
Sensitivity: 62.3
Specificity: 60.8

Wallert 2018 Predict outcome
from data

iCBT trial Uppsala
University (Sweden)
Psychosocial Care
Programme (U-CARE)
Heart study

90 patients Pre-Treatment: self-
report
During Session;
Adherence
(completion of 2
homework
assignments)

Random Forest Model
(binary classifier) (S)

3×10–fold cross-
validated
recursive
feature
elimination
(RFE)
resampling (I)

Accuracy: 64%
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Table 1. Continued.

First Author Year Study Aim Study Context Sample size Data Analyzed
Primary ML technique

(S/U/C)
Cross-validation
method (I/E)

Best algorithm
performance on training
sample and reported

shrinkage

Xiao 2016 Replicate human
ratings/codes/
judgments &
enhance
behavioral
coding

“TOPICS” corpus of 5 MI
studies; & “General
Psychotherapy” corpus
of psychotherapy
sessions in MI and other
treatment types; “CTT”
corpus of MI sessions
from a therapist training
study of Context
Tailored Training

133 therapists,
826 sessions

During Session
(continuous):
Transcript of
session and audio
recording

Support Vector
Machine (SVM) (S)

Leave-one-out (I) Accuracy: 86%

Xiao 2015a Replicate human
ratings/codes/
judgments to
automate
detection of
head
movement

Couple therapy corpus
(UCLA/UW) from an
RCT comparing two
types of couple therapy

574 10-min
sessions

During Session
(continuous):
Video of therapy
exercises (not
sessions)

Gaussian Mixture
Model based on
Latent Dirichlet
Allocation (LDA)
model (U)

Leave-one-out (I) Accuracy: 60-70%

Xiao 2015b Replicate human
ratings/codes/
judgments &
enhance
behavioral
coding

“CTT” corpus of MI
sessions from a therapist
training study of Context
Tailored Training;
“General
Psychotherapy” corpus
of psychotherapy
sessions in MI and other
treatment types; selected
data from “TOPICS”
corpus of 5 MI studies

200 sessions During Session
(continuous):
Transcript of
sessions and audio
recording

Support Vector
Machine (SVM) (S)

Leave-one-out (I) Accuracy: 85%
Sensitivity: 96.7%
Precision: 81.8%
F-score: 88.6%

Zilcha-Mano 2019 Predict sudden
gains from OQ
data

RCT of five feedback
conditions, conducted in
an outpatient mental
health clinic

28 therapists, 547
patients, 3174
sessions

Between Sessions:
Self-reported
outcome
measurements &
calculation of
’sudden gains’ after
each session

Classification &
Regression Trees (S)

NA Not reported - non-
significant findings

Note. S = supervised, U = unsupervised, C = combination; I = internal, E = external; AUC = Area under the curve.
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and depressiveness, and Burns et al. (2011) reported
on Mobilize, a mobile phone sensing and ecological
momentary assessment tool for depression. Similarly,
another study reported using ML methods in a
chatbot called “Wysa”, that uses several evidence-
based therapies (e.g. cognitive behavioral therapy, be-
havioral reinforcement, and mindfulness) to target
symptoms of depression (Inkster et al., 2018). The
other two studies reported on the therapists’ experi-
ence of receiving automatized performance-based
feedback, based on an ML algorithm (Hirsch et al.,
2018; Imel et al., 2019). These seven studies imply
that ML methods were used in the development of
a particular tool, however, these studies were
designed to evaluate a treatment/training more
broadly, and did not report details onML algorithms,
training and testing procedures. In the subsequent
narrative analysis, we will focus on the 44 studies
that reported on ML model development (see
Table 1 for a summary of the main study character-
istics). The full data extraction form with all study
characteristics is available from the authors upon
request.

Publications. A narrative synthesis of the ML
activity in the context of psychotherapy, indicated
the emerging nature of this field, with most studies
being published in recent years. Publication dates
ranged from 1996 to 2019, however most articles
are very recent. There is an 8-year gap between the
first 1996 article (Modai et al., 1996) and the next
study (Seuchter et al., 2004), and publications have
accelerated recently with seven papers published in
2018 and 11 in 2019 (to date). The majority of
studies were from the USA (k = 19) followed by
Germany (k = 9) and the remainder (k = 16) split
amongst several other countries in Europe, Australia
and Asia.

Research questions and study aims. Most
studies were initial proof of concepts to develop and
test a ML algorithm for several purposes: a) predict-
ing the response of a patient to a certain intervention/
therapy (k = 27), either with regard to some outcome
measure or completion/drop-out; b) automated be-
havioral coding (k = 12); and c) an analysis of the
therapy process (k = 7).3 Remaining studies focused
on data outside psychotherapy sessions, such as iden-
tifying usage of certain types of therapy modality from
clinical notes (Shiner et al., 2013).

Study design and context. Of the 44 studies, 32
were randomized controlled studies, and 11 took
place in a naturalistic setting, and one study used train-
ing recordings. The ML model was applied to cross-

sectional data in 14 studies where the aim was to repli-
cate human codes assigned to data or enhance physio-
logical or linguistic codings, and 30 studies usedML to
predict outcomes in longitudinal data.

Sample and treatment characteristics. Sample
sizes ranged from single case studies (e.g. Villmann
et al., 2008) to larger scale including 14,899 patients,
with 90,000 transcripts (approx. 200M words;
Ewbank et al., 2019). It is important to highlight
that most study samples were relatively modest,
with just 14 studies having a sample of 200 or more
patients. The studied samples mostly consisted of
individual adult treatment sessions but five studies
used data from couple therapy, and four studies
included a pediatric or adolescent population.
A variety of treatment modalities were covered and

many studies included multiple modalities within the
same analyzed sample. The largest included category
was CBT (k = 12) followed by Motivational Inter-
viewing (k= 8), integrative (k = 6), internet-based
CBT (k = 5) and psychodynamic (k= 2) modalities.
Other modalities included Cognitive Processing
Therapy, Exposure and Dialectical Behavior
Therapy. In many studies, treatment approach was
undefined (k = 16) and six studies included (partial)
medicated populations.
Many studies covered samples including patients

with different diagnoses and a wide range of diag-
noses was covered. The largest categories were
depression (k = 10), panic & anxiety (k = 9), addic-
tion (k = 9), OCD (k = 3), Schizophrenia (k = 3),
Borderline (k= 2), PTSD (k = 1) and Bipolar dis-
order (k = 1). A large number of studies also included
generalized or unspecified problems (k= 16).

Type of data. Most studies use transcripts of ses-
sions (k = 15) with/or without other textual infor-
mation from medical records (k = 2), demographics
(k = 2) or session notes (k = 2). In total 16 studies
applied text or Natural Language Processing (NLP)
analyses.4 Natural Language Processing is a specific
type of AI that may be used to transform raw texts
(i.e. clinical notes, session transcripts) into more
useful labeled data (Pace et al., 2016; Weusthoff
et al., 2018), and might be used prior to performing
ML algorithms.
Outcome data in many cases consisted of question-

naires completed by clinicians (k = 7) or through
patient self-report measures (k= 12). There was
also a distinct set of studies published in medical
journals that combine a variety of metrics with neu-
roimaging data (k= 7), primarily fMRI (all of these
studies focus on psychotherapy treatment outcome
prediction).
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Fourteen studies utilized session transcripts. But of
note is the small number of studies analyzing other
observable metrics during or in between therapy ses-
sions such as audio acoustics (k = 4), video (Nasir et
al., 2017), biometrics (Villmann et al., 2008) or
ambient smartphone data (Wahle et al., 2016). It
seems this could be a fruitful avenue for further
research as well as shown by the prediction value of
acoustics analysis in couples therapy (Nasir et al.,
2017) and opportunities identified in Shatte et al.
(2019) or by multimodal studies (e.g. Dibeklioğlu
et al., 2017).

Type of ML method and validation. Most
studies reported on supervised ML applications (k
= 35). Four studies used unsupervised learning, and
five studies reported using both supervised and unsu-
pervised ML approaches. Overall, studies applied a
very broad range of ML techniques; artificial neural
networks (k = 11) and support vector machines (k =
11) were most frequently used.
The most commonly used types of cross-validation

were leave-one-out (k = 14), 10-fold (k = 13), and
hold-out (k = 7). Six studies used other methods
and four did not report cross-validation. While
many studies described the technical approaches to
their cross-validation, limited rationale was provided
for their choice of approach. For example, 10-fold
was used seemingly as a standard of reporting,
much like an arbitrary p-value.

Reported best performing algorithm. There
was considerable heterogeneity in the nature of how
the results were reported across studies; some
studies did not report any algorithm performances
(k=7), whereas others provided multiple metrics for
each ML model that was tested. Also, 14 studies
only reported an accuracy measure and did not
provide a confusion matrix or another way to under-
stand attributes, such as false positives or negatives.
The most commonly reported evaluation metrics
were accuracy (k = 25), sensitivity (k = 12), specificity
(k = 9), AUC (k = 8), precision (k = 5), F1 score (k =
5), and/or kappa (k = 4). The accuracy rates of the
best performing algorithms ranged from 60-99.2%,
Specificity ranged from 68% to 100%. Sensitivity
(i.e. recall) ranged from 8% to 100%. Precision
ranged from 52% to 100%. The AUC ranged from
.49 to .91. F1 was only reported in 5 studies and
ranged from 68% to 95%.
Of the 12 studies that examined whether ML

models could be used to predict behavioral or obser-
vational codes (i.e. ratings/labels) assigned by human
raters or experts, seven reported the accuracy of the
best algorithmic performance, ranging from 60%

(Xiao, Imel, et al., 2015) to 86% (Xiao et al.,
2016). One study reported sensitivity (62%;
Atkins et al., 2014), two studies reported specificity,
ranging from 72% (Atkins et al., 2014) to 90%
(Can et al., 2016). Two studies reported precision,
which ranged between 73% (Can et al., 2016) and
81.8% (Xiao, Georgiou, et al., 2015). Three studies
reported F1-scores, ranging from 68% (Idalski
Carcone et al., 2019) to 88.6% (Xiao, Georgiou,
et al., 2015). Two studies reported AUC ranging
from .716 (Atkins et al., 2012) to .789 (Gaut et al.,
2017). Two of the twelve studies reported reliability
of the algorithms with human coders in terms of
Cohen’s kappa (Idalski Carcone et al., 2019;
Tanana et al., 2016).
Of the five studies that examined ML models to

identify characteristics of sessions (transcripts or
texts) that predict outcomes (end-of-treatment or
within session), two studies reported accuracy,
ranging between 68% (Altoff et al., 2016) and
79.6% (Nasir et al., 2017), two studies reported pre-
cision, ranging from 52% to 100% (specific features
reported by Ewbank et al., 2019). Two studies
reported an AUC, ranging between .716 (Althoff
et al., 2016) and .780 (Hoogendoorn et al., 2017).
Only Ewbank and colleagues (2019) reported on sen-
sitivity, ranging from 15-100%, and specificity
ranging from 79. −100%.
Thirteen studies used ML models to predict

treatment outcome based on pre-treatment or
questionnaire/intake data. Six studies reported
accuracy, ranging from 62.79% (Symons et al.,
2019) to 99.2% in the training set reported by
Gori et al. (2010). Four of these studies did not
report best algorithm evaluation metrics or
reported true error (.20; Rubel et al., 2019) or
AUC (.66; Seuchter et al., 2004). Lutz and col-
leagues (2019) were the most comprehensive and
reported accuracy (72.8%), sensitivity (38.2%),
specificity (82.9%).
Of the nine studies that predicted treatment

outcome based on neuro-imaging data, the reported
accuracy ranged from 63% (Tolmeijer et al., 2018)
to 91.7% (Månsson et al., 2015). Sensitivity ranged
from 77% (Schmitgen et al., 2019) to 92% (Hahn
et al., 2015). Specificity ranged from 68% (Ball
et al., 2014) to 100% (Månsson et al., 2015). Only
Månsson et al., (2015) reported the AUC of the
best performing algorithm (.91). Reggente et al.
(2018) did not report performance metrics.
Of the four studies that demonstrated the use of

ML analytics for linguistic coding (Imel et al.,
2015; Nitti et al., 2010) or coding of physiological
data (Villmann et al., 2008), Imel and colleagues
reported accuracy (86.7%) and Shiner et al. (2013)
reported sensitivity (91%), precision (100%) and F1
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of 95%. The two studies that used ML models to
predict treatment outcome based on ecological
momentary assessment during treatment, reported
an accuracy of 60% (Wahle et al., 2016) and a real
mean standard error of .11 (Mikus et al., 2018).

Generalizability. Three studies tested predictions
out-of-sample using external validation to determine
the generalizability of the ML models. Idalski
Carcone et al. (2019) utilized a new test set of 80 par-
ticipant-provider interactions to validate the SVM
model that performed best in the cross-validation
study, and reported accuracy of 72.0%,with reliability
comparable to human coders (kappa = . 639), and a
shrinkage of accuracy from original to out-of-sample
of 2.9%. Symons et al. (2019) used an external test
set of 50 patients and reported accuracy of the 10
best performing models from the cross-validation.
Although theBayesianNetworkmodel hadperformed
best on the cross-validation (with a reported accuracy
of 62.79%), when applied to the external test set the
accuracy of this model reduced to 56%. The best per-
forming model on the external test set (the FURIA
model), had not been the best performing model on
the cross-validation, and had a reported accuracy of
74% in the external validation sample.Modai and col-
leagues (1996) used an external validation test set of
26 patients to examine the accuracy of the Adaptive
Resonance Theory Neural Network (ART) algorithm
to make treatment decisions. They did not report on
the accuracy or othermetrics of thisMLmodel specifi-
cally, but compared the efficacy of treatments
suggested by the clinician to the efficacy of treatments
suggested by the ART algorithm and concluded that
both methods were similarly effective.

Software and open source libraries. Many
studies did not mention which statistical tools were
used for analysis (k = 16), but for those that did,
most used a variety of software packages in R and
Matlab (but also SPSS, Stata, Statistica, SAS, and
Weka). The studies reported on using standard
libraries available for data preparation (e.g. missing
variables), a variety of typical ML models and NLP
analyses (such as topic modeling) included in their
standard packages like R orMatlab. Some specialized
tools were used for study-specific analysis and all of
those were available as libraries for R or as standalone
packages (mostly written in Python). No specific soft-
ware seems to have been developed for the reviewed
studies. Only one study (Lutz et al., 2019) has
shared its resulting ML model (and training data)
publicly. A few studies used open-source treatment
data that was widely available (e.g., Gaut et al.,
2017; Imel et al, 2015).

Study conclusions. Most of the 44 reviewed
studies concluded that ML models were effective in
predicting the target, whether it was human codes
used to label data or treatment outcomes, and
implied that the ML approach was more beneficial
than previously applied traditional statistical
approaches. However, as described above, the level
of accuracy, sensitivity, or specificity that is con-
sidered to be acceptable varies depending on the
aims of the study and the dataset. None of the
studies explicitly compared the ML performance
with that of more traditional statistical analyses. In
the majority of published studies, the ML approach
aided the researchers in answering their research
question. Zilcha-Mano et al. (2019) provided a
notable exception in that even when using the ML
method, they were unable to identify patients most
likely to show sudden gains in treatment.

Discussion

Summary

Building on recent literature on the potential of ML
approaches in psychiatry, mental health, and psychol-
ogy in general, this review aimed to systematically
scope the empirical literature on ML applications in
psychotherapy research. More specifically, we aimed
to 1) inform clinicians in the methods and applications
of ML in the context of psychotherapy; 2) clarify the
strength and weaknesses of these methods and con-
siderations within psychotherapy research; and 3) high-
light clinical implications and identify potential
opportunities for further research. Fifty-one studies
were identified in a systematic search across peer-
reviewed journals in mental health and computer
science.

Ml Methods and Considerations in
Psychotherapy

Sample sizes. It is generally accepted that ML
algorithms require larger sample sizes than traditional
statistical methods (Schwartz et al., 2020), but
exactly how large remains unclear. Most ML
studies in the field of psychotherapy so far appear to
have ignored issues of proper sample size calculation
and replicability/generalizability, implying that high-
tech ML algorithms are immune to issues of low
sample power. Some of the reviewed studies applied
ML to relatively small numbers of participants and
justified the use of ML based on the large variety of
variables/datapoints for each participant. The
concern in such situations is that models will be over-
fitted, that is, specific to that dataset, and will not be
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accurate in making predictions in a new dataset. Most
of the reviewed studies appear to have glossed over
questions such as; How large should the training
sample be? How large should the validation sample
be? Do we need separate calculations for each set,
or to decide how to apportion a % of cases to a train-
ing set and a% of cases to a test set? This lack of expli-
cit mention of sample size calculations might not be
surprising given the lack of clarity on this in the ML
field more broadly.
Although most agree that the ideal sample size

needed for ML depends on the quality of data and
the complexity of the model with regards to sample
size (volume), multitude of data sources (variety),
and how quickly it’s accumulating and changing (vel-
ocity), the required minimum sample size in ML is a
fertile ground of methodological discussion (see Balki
et al., 2019). The general rule of thumb is that the
amount of training data needed for a well performing
model is 10x the number of parameters in the model
(Caballero et al., 2006). Although no minimum
sample size calculations were provided in the
reviewed studies, they indeed appeared to report on
sample sizes that were at least ten times the number
of modeled variables. Notably, this ten-cases-per-
predictor rule is not universally accepted, and is con-
tested by many on statistical grounds. For instance,
the sample size required to predict an event with a
low base rate (e.g., suicide) will be considerably
larger than that required to predict a more common
event (e.g., reliable improvement of symptoms post-
treatment). The 10-cases rule ignores base rate and
effect size considerations, which are basic parameters
in conventional sample size calculation strategies for
classification problems (Hsieh, 1989). For supervised
ML models, Sahiner et al. (2008) discuss sample size
considerations in relation to resampling and cross-
validation techniques. More recently, Riley and col-
leagues developed sample size calculation guidelines
for multivariable prediction models (Riley et al.,
2019a, Part I and Part II) that consider expected
effect sizes, the distribution of predictors, the ratio
of predictors-to-cases, and the expected prediction
shrinkage factor for cross-validation designs, and
the number of events in each category of categorical
predictors (Riley et al., 2019b).
For unsupervised ML models (e.g., detecting the

correct number of latent classes in latent profile
analysis), adequate power is reliant on a very large
degree of distinction between predictors, whereas
sample size and the number of predictors appear to
matter only when the degree of separation is lower
(e.g., <0.80 instead of >1.0) (Tein et al., 2013). Simi-
larly, in classification models, the relative size of
training samples should be weighted appropriately
to reflect the “complexity” of each class in order to

avoid classification bias. This means that broadly
defined classes with a high intra-class variability,
should be trained on larger samples than more nar-
rowly defined classes (Blamire, 1996).

Model performance. Overall the reported best
performances of the MLmodels appeared promising.
With future larger datasets, these accuracies would be
expected to be higher, given that many ML algor-
ithms increase in performance with larger datasets
(Raudys & Jain, 1991). The authors of most reviewed
studies implied that their ML models helped them to
answer their respective research questions (except for
the study conducted by Zilcha-Mano et al., 2019),
but they did not directly compare the performance
of ML methods with traditional statistics. The issue
of which is better is widely debated in the literature
outside of psychotherapy. Machine learning
methods may be advantageous when working with
large datasets with a greater number of predictors,
particularly if those predictors and covariates are
not normally distributed (Hsieh, 1989) and when
there is a high signal-to-noise ratio (Christodoulou
et al., 2019). However, a systematic review of 71
studies concluded that clinical prediction models
trained using ML analyses did not significantly out-
perform those trained using logistic regression
(Christodoulou et al., 2019). Whether this con-
clusion applies to psychotherapy data and classifi-
cation problems is unknown, simply because
current studies failed to compare ML algorithms
versus parsimonious statistical models such as logistic
or linear regressions using conventional backward
elimination and no resampling techniques. In future
studies ML models should be benchmarked against
their simpler statistical counterparts, so that our
field can advance in its appraisal of the relative costs
and benefits of ML techniques.
Others argue that, rather than pitting methods

against each other, both ML and traditional statistics
approaches should be applied, as these might result in
the identification of different variables (Cohen et al.,
2020; Schwartz et al., 2020). Indeed, several of the
reviewed studies reported on both traditional statisti-
cal analyses and ML models (e.g. Atkins et al., 2012;
Seuchter et al., 2004) and explicitly stated that the
numeral results were not directly comparable.
Models that combine traditional statistics and ML
algorithms appear promising in training samples,
but have not yet been replicated in hold-out
samples (Schwartz et al., 2020), and appear to have
large shrinkage in external validation samples (Delga-
dillo & Gonzalez Salas Duhne, 2020).
Some reviewed studies reported varying degrees of

accuracy and were not always explicitly clear
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regarding the meaning of resulting performance
metrics. Although this might raise concerns over sys-
tematic overestimation and methodological inconsis-
tencies, it is a commonly held misperception that a
model needs to be highly accurate to be of clinical
use. The evaluation metric and what is considered
an acceptable level of accuracy depends on what the
algorithm will be used for. For example, in a large
data set that is also one in which errors would not
be particularly costly, then a lower level of accuracy
might be considered acceptable and beneficial
because it would increase efficiency and thereby the
sample size. Such an example in psychotherapy
research would be the use of ML algorithms in
process coding. These algorithms may make errors
in coding but could vastly increase the amount of
data that could be coded, thus outweighing the
impact of errors made in coding. Similar to the appli-
cation in psychotherapy research, a ML model with a
relatively low accuracy might still be beneficial to
clinical practice. Performance accuracy, for
example, would be more clinically informative in
comparison to clinical diagnostic accuracy (as
opposed to simply relating these values to chance;
Graham et al., 2019). If a model can outperform
current clinical practice, then patient utility can be
maximized at scale. Whilst far from perfect, an
increase in prognostic certainty (e.g. from 50 to
65%) might be clinically meaningful (Cearns et al.,
2019). Therefore, the absolute accuracy of a classifier
should not serve as an indicator of clinical utility, but
the relative increase in prognostication compared to
current practice. However, in a different clinical
context where treatment decisions are being made
based on ML, errors may be quite problematic, and
thus require a high level of accuracy.

Generalizability. Two things are important for
researchers to understand about validation. First,
both internal and external cross-validation
approaches give expected out-of-data-set perform-
ance given the algorithm used, not an assessment of
the particular fitted model. Secondly, the model per-
formance depends on the representativeness of the
sample used for training compared to the overall
population. This means that, if the training and test
set are highly correlated, cross-validation perform-
ance will be deceptively high, reflecting a bias of the
composition of the training data. Few studies in our
scoping review tested the algorithm on an indepen-
dent sample (an issue also highlighted in the systema-
tic review by Christodoulou et al., 2019). It is
important, therefore, to test out-of-sample predic-
tions, not just on a subsample of the original sample
(internal cross-validation), but also on a different

new sample (external validation) to confirm their
clinical utility, particularly because methods for
resampling have been found to produce different
results (e.g., Sahiner et al., 2008).
Although these proof-of-concept studies, are

encouraging, simply predicting certain symptoms or
behaviors, does not (yet) necessarily translate to clini-
cal practice. These reviewed studies have limitations
pertaining to clinical validation and readiness for
implementation in psychotherapy. As is true for any
ML application, the size and quality of the data
limit model performance (Graham et al., 2019).
Moreover, most studies only tested the ML models
within the same sample (training and test set) rather
than with external validation, which limits the gener-
alizability of the results. The predictive ability of
studies is restricted to the features (e.g., clinical
notes, session transcripts, biomarkers, human
codes) used as input for the ML models, and the
clinical efficacy of the features used to derive these
models must be considered. It remains possible that
the outputs of these algorithms are only valid under
certain situations or for a certain group of people.
Thus, in order to provide the most clinically relevant
information, advanced ML algorithms should be
trained based on a wide variety of naturalistic
datasets.

Assessing big data confidentiality. The use of
big data (defined as extremely large data sets of mul-
tiple rapidly changing variables that may be analyzed
computationally to reveal patterns, trends, and
associations, especially relating to human behavior
and interactions; Big Data, 2020) also requires a
new approach to research practices. Although most
will appreciate the importance of storing and
sharing treatment data in a confidential way, few
might be aware of the specific challenges inherent
to big data. Protecting identities is not merely a
matter of deleting or masking a person’s name or
other specific identifier. With the large sample sizes
and range of data types and sources, identities can
also be reconstructed by combining pieces of infor-
mation, each of which would not be enough to ident-
ify a person but, combined, would allow individuals
to be identified (Berman, 2013). Given the move-
ment of archiving and distributing data more openly
(e.g., the Open Science Framework: https://osf.io/),
which frequently occurs with big data in computer
science, additional care must be taken to ensure
that individuals cannot be identified in unexpected
ways (Chen & Wojcik, 2016). Currently, there
appears to be a lack of guidance on development of
ML applications, their clinical integration and train-
ing of psychotherapists, as well as a “gap” in ethical
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and regulatory frameworks (Fiske et al., 2019). Insti-
tutional Review Boards’may also have limited knowl-
edge of emerging ML methods and applications,
which makes risk assessment inconsistent.

Improving machine learning expertise. For
those who are unfamiliar with the field of ML, the
emerging research can be daunting, with a wide vari-
ation in the terms used and the metrics presented.
Similar to the field of psychotherapy, where research-
ers and clinicians debate the relevance of significant,
clinical and reliable change, there is a great deal of
debate about which ML model evaluation metric is
best (Handelman et al., 2019; Hernández-Orallo
et al., 2012). Making sense of reported ML evalu-
ation metrics is made even harder by the fact that
different performance parameters often provide con-
flicting results and that the optimal ML algorithm
also depends significantly on the composition of the
dataset (Rácz et al., 2019).5

This means that sometimes it may be desirable to
select a model with a lower classification accuracy
and instead report precision, recall or F1 because it
has a greater predictive power on the problem. In
general, one can try to train a model that achieves
the best possible values for all metrics. However, in
practice, a pragmatic application-oriented approach
is more relevant (e.g. in predicting suicidal ideation
one might want to have a model that minimizes
false negatives over minimizing false positives).
After all, the metric values only compare the models
to each other, whereas how good a model really is
can only be shown in practice.
A specific point to note is that terms such as

dataset, sample and training subsample are often
used interchangeably in way that can create confusion
to the uniformed reader, or to those missing the
broader study context. Part of this might stem from
the merging of the fields of computer science and be-
havioral science. In behavioral science “sample”
would be used to refer to a collection of data from a
larger population, such as patients in psychotherapy.
A computer scientist might simply refer to this
sample as the dataset from which to draw training
and test samples (which would more accurately be
subsamples). This particularly can create confusion
when reporting external validation results where the
“training sample” might refer to the full dataset
(sample) rather than a sub-sample typically used for
internal cross-validation.
A general lack of working knowledge on ML algor-

ithms, despite their substantial methodological
overlap with statistical methods (Beam & Kohane,
2018) reduces the practical uptake of these tech-
niques and increases the risk of misinterpreting data

and misusing these methods; for example, to make
overly optimistic claims about findings where out-
of-sample predictions were not reported. The
current lack of procedural evaluation guidelines
leaves many non-expert clinicians and researchers
in the field with no means to systematically evaluate
the claims, maturity, and clinical readiness of a ML
study (see also Cearns et al., 2019 on ML in
psychiatry).
ML techniques may also be off-putting to those

interested in theory, because ML models are
thought to be black boxes where interpreting how a
model works, or especially why a subject is classified,
is difficult (Hart & Wyatt, 1990). Although some
techniques can be applied to explain the prediction
of classifiers (Ribeiro et al., 2016), interpreting mul-
tiple latent variables (e.g., in deep learning) is compli-
cated, and more work is required to bridge the gap
between ML in psychotherapy research and clinical
care. Thus, it will be important for psychotherapy
researchers to become better-versed in the ML
methods and how to interpret this research literature.
Based on the reviewed studies, it might be particu-
larly useful to become familiar with software pro-
grams such as R and Python. There is a plethora of
open-source statistical tools readily available which
would make this expanding field easily accessible to
many psychotherapy researchers. Accessible ML
education and tool development is required to facili-
tate understanding and usage in the wider clinical
research community. Besides formal education on
ML in psychology graduate programs, it might also
be helpful for psychotherapy researchers to attend
(online and freely available) courses on ML.6 When
conducted with care for ethical considerations, ML
research can become an essential complement to tra-
ditional psychotherapy research.

Clinical Implications & Future Research

The range of applications of ML models appears to
address several important directions in the field.
First, ML may help to bridge the gap between
science and practice. It is important to highlight
that none of the identified ML applications were
developed to replace the therapist, but instead were
designed to advance the therapists’ skills and treat-
ment outcome. In this way, ML might become part
of evidence-based practice, as another source of valu-
able information, in addition to clinical intuition,
patient’s preferences and existing research evidence.
Greater collaboration between researchers and clini-
cians (e.g., for the provision of training data sets,
and for the feedback on the clinically usefulness of
ML algorithms) will be needed to continue to
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advance the applications of ML in psychotherapy.
ML methods provide an opportunity for multi-
modal analyses of patient and therapist moment-by-
moment changes in word use, speech, body move-
ments, and physiological states, that are not (yet)
usually considered in clinical decision making.
ML methods are also aligned with the increasing

interest in tailoring interventions to individual
patients, pinpointing which treatments provide the
optimal benefit for which patients at the right time
(e.g., Persson, 2019). For example, ML approaches
could help identify personalized process-outcome
associations in psychotherapy (Rubel et al., 2019).
There is a rapidly growing literature in this area,
specifically, with recent demonstrations of ML tech-
niques used to develop treatment selection models
(CBT versus psychodynamic psychotherapy or
person-centered counseling for depression; Cohen
et al., 2018; Delgadillo & Gonzalez Salas Duhne,
2020; Schwartz et al., 2020). Analyzing “big data”
on clinical outcomes across large combinations of
different treatment approaches, crossed with the mul-
titude of genetic, biomedical, behavioral, environ-
mental, and demographic patient characteristics
could help predict different responses to different
treatments. Even if no moment to moment session
recordings are available, existing baseline character-
istics from electronic health record databases can
provide valuable, real-world, practice-based evidence
to support better models of predicting which patients
might do well in treatment (e.g., Zilcha-Mano et al.,
2019) or which treatments may be most effective for a
particular patient (Lutz et al., 2019). In this way, ML
offers a solution to analyzing idiographic research
questions in big-data (Silberschatz, 2017).
Moreover, ML approaches might be very suitable

for transtheoretical psychotherapy research. This
might be especially relevant for process research.
Once the infrastructure to automatically collect
patient data and recording of psychotherapy sessions
becomes more common, researchers may be able to
more efficiently code theoretically identified process
variables in large datasets. As Imel and colleagues
point out, ML approaches may ultimately be used
to predict response to therapy using statistical
models that only rely on objective measures of the
session process and that are not limited by our
current theoretical understanding of the mechanisms
of change (Imel et al., 2017). Multi-site collabor-
ations that generate large practice-based datasets
may allow for representative samples as well as exter-
nal cross-validation of ML models.
Furthermore, the transparency of published algor-

ithms, shared codes, and open source data (e.g., the
couples therapy corpus and general psychotherapy
corpus in the reviewed studies), which is common

in the field of computer science, may help address
the current replication crisis (Tajika et al., 2015),
and the relative lack of funding in psychotherapy
research. Given that, for example, National Institute
of Mental Health (NIMH), IOM (Institute of Medi-
cine), and the Affordable Care Act (see also National
Institute of Health (NIH), Precision Medicine
Initiative Working Group; Intille, 2016), explicitly
support the assessment of treatment quality on a
large scale, ML based psychotherapy research pro-
jects are likely to attract external funding from
grants and agencies.

Limitations of This Review

First, with this review we aimed to provide a snap-
shot of the breath of research activity in an accessible
and summarized format, while using a systematic
search method. This review, could be seen as a
scoping review, in that it provides a rigorous and
transparent method for mapping complex areas of
research, in terms of the volume, nature and study
characteristics (Arksey & O’Malley, 2005). In line
with the aims of a scoping review, we did not identify
specific study designs in advance, and did not
address specific research questions nor assessed
the quality of included studies (Arksey &
O’Malley, 2005). We acknowledge that this is one
review method amongst many that might be ben-
eficial to the field, and hope that psychotherapists,
psychotherapy researchers, patients and policy
makers will be well placed to build upon our
reported findings.
Second, from writing this review, we have learned

that identifying ML methods in published studies is
not straightforward, especially given the wide variety
of possible ML techniques and applications, and
related technical jargon, and the lack of a clear
boundary between ML and statistical approaches
(Bi et al., 2019). It is possible that studies that used
ML but did not explicitly state this by using any of
the included search terms, were not identified in
this scoping review. Similarly, the large number of
studies identified through backward and forward
reference searches, suggests that studies might not
always use common ML terms in their title, abstract
or keywords, even if they use ML techniques to
analyze their data. Ironically, the systematic literature
search process (which is currently based on automatic
term recognition) could be advanced by using ML
algorithms to help identify relevant studies, that
might not have used specific pre-determined search
terms but nevertheless meet the inclusion criteria.
ML, for example, might in future offer the possibility
of finding useful associations among disparate facts,
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leading to the discovery of new or unsuspected
knowledge (Thomas et al., 2011).
Third, during the systematic search procedures, we

identified several relevant empirical papers that
reported on ML applications to psychotherapy, but
that were not published in peer reviewed journals.
For example, a conference proceeding by (Tanana
et al., 2015) reported on sentiment analyses in
97,497 utterances from psychotherapy transcripts
labeled by humans. Although this same research
group published in peer-reviewed papers since, this
exact study was not (yet) identified in the peer-
reviewed literature. Another example of an identified
relevant study not included in the current scoping
review is the dissertation by Hasan (2019) on ML
methods for the analysis of clinical conversation
(automatic annotation, sequential analysis, &
segmentation).
Moreover, restrictions in the search methodology

may have resulted in relevant articles being missed.
The field of ML is rapidly developing and can make
any review seem obsolete within months (Bi et al.,
2019), especially when adhering to the publication
standard common in psychotherapy research, where
the peer-review process of relevant studies can take
months if not years. This means that, it is possible
that new ML applications in psychotherapy research
are available by the time this scoping review is avail-
able for publication, and that additional applications
might have been reported at conferences or non-
peer reviewed outlets but could not (yet) be identified
in a search of the peer-reviewed literature. Although
in the medical field, the peer-review process is held
in high regard, and is deemed crucial in controlling
the quality of statistics in publications (Bacchetti,
2002), in computer science the quick turn-around
of reporting of scientific findings is often preferred,
and write-up of for conferences proceedings and
self-archiving in the arXiv repository is very
common (personal communication with Professor
David G. Lowe, November, 2019). It is thus likely
that the inclusion of studies published in non-peer-
reviewed outlets, such as ArXiv, IEEE conference
proceedings or INTERSPEECH would have indi-
cated an even broader scope of possible future
opportunities.
Furthermore, this scoping review focused on the

application of ML to psychotherapy specifically.
However, as indicated in the introduction, ML
might be usefully applied in broader aspects of the
work psychotherapists do, such as diagnosis, assess-
ment, and policy and training (see Shatte et al.,
2019). A second major barrier in the translation of
ML methods is that the techniques are difficult to
understand and implement for many clinicians and
clinical researchers. This review has attempted to

provide an understanding of critical techniques, and
there are some excellent textbooks that can assist
researchers with statistical knowledge (e.g., James
et al., 2013).

Conclusions

Most identified studies in this scoping review should be
considered early proof-of-concept works demonstrat-
ing thepotential of usingMLalgorithms toaddresspsy-
chotherapy questions, and which types of algorithms
yield the best performance. Caution is necessary in
order to avoid over-interpreting preliminary results.
The use of ML in and of itself does not necessarily
increase the chance of treatment success or improve
clinical decision making, but by gathering diagnostic
information, clarifying treatment processes, and
reviewing therapist behavior, ML is poised to impact
traditional approaches to delivering psychotherapy
(Miner et al., 2019). Compared to traditional statistical
methods, ML brings new possibilities for analyzing
larger datasets and performingmore advanced compu-
tations, such that the benefits ofML likely outweigh the
errors that are inevitably produced in the ML models.
Further clinical-research collaborations are required
to fine-tune ML algorithms for different treatments
and patient groups, and identify additional opportu-
nities for ML applications to advance psychotherapy
process and outcome. Clearly, there remains a need
to consider ethics with regards to collecting, analyzing
and sharing treatment data, as well as implementing
ML based feedback tools into clinical practice. As
ML algorithms continue to be refined and improved,
it might be possible to help therapists to identify
mental illnesses at an earlier stage when interventions
may be more effective, and personalize treatments
based on an individual’s unique characteristics.
Perhaps most importantly MLmight enable therapists
to focus on the relational aspects of psychotherapy that
can only be achieved through the therapist–patient
interactions.

Notes
1 Prior to performing ML algorithms, Natural Language Proces-
sing (NLP; which is another type of AI) may be used to transform
raw texts (i.e. clinical notes, session transcripts) to more useful
labeled data. In essence, NLP methods take large collections of
unstructured text as inputs, and with the use of computerized
dictionaries, place specific words in psychologically meaningful
categories (e.g. emotion words, reflecting or experiencing; e.g.
Mergenthaler, 2008).

2 Accuracy = the proportion of the total number of predictions that
were correct; Precision = ratio of true positives and the total
number of positives predicted by a model, also called exactness;
Sensitivity = the proportion of positives correctly classified, also
called recall or completeness; F1 = harmonic mean of precision
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and recall, where an F1 score reaches its best value at 1 (perfect
precision and recall); Specificity = The proportion of negatives
correctly classified, which is the complete opposite of recall;
ROC curve = receiver operating characteristic curve. A plot
that shows the true positive rate against the false positive rate
for various threshold values. Area under the curve (AUC) =
the probability that the model ranks a random positive example
more highly than a random negative example. Area representing
the discriminative power of a test between 0.5 (no discrimi-
nation) and 1 (perfect discrimination; Dwyer et al., 2018;
Sammut & Webb, 2017).

3 Counts are not exclusive as several studies report on multiple
study aims and approaches.

4 In essence, NLP methods take large collections of unstructured
text as inputs, and with the use of computerized dictionaries,
place specific words in psychologically meaningful categories
(e.g., emotion words, reflecting or experiencing; e.g., Mer-
genthaler, 2008).

5 For example. if your dataset is already balanced (i.e. equal
numbers of trials in each class and cross-validation fold, which
is recommend) an evaluation metric of classification accuracy
might suffice. However, when the dataset is imbalanced and
the cost of misclassification of the minor class samples is very
high, classification accuracy might give a false sense of achieving
high accuracy. For example, if we deal with a rare but fatal
disease, the cost of failing to diagnose the disease of a sick
person is much higher than the cost of sending a healthy
person to do more tests (Rácz et al., 2019).

6 See Chen and Wojcik (2016) for a practical guide to conducting
big data research in psychology, covering data management,
acquisition, processing, and analytics (including walkthrough
tutorials on key supervised and unsupervised learning data
mining methods).
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