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Objective: This study applied a machine-learning-based skill assessment system to investigate the association
between supportive counseling skills (empathy, open questions, and reflections) and treatment outcomes.
We hypothesized that higher empathy and higher use of open questions and reflections would be associated
with greater symptom reduction. Method: We used a data set with 2,974 sessions, 610 clients, and 48
therapists collected from a university counseling center, which included 845,953 rated therapist statements.
Client outcome was routinely monitored by the Counseling Center Assessment of Psychological Symptoms
Instruments. Therapists’ skills were measured via computer by a bidirectional-long-short-term-memory-
based system that rated use of supportive counseling skills. We used multilevel modeling to separate the
between-therapist and the within-therapist associations of the skills and outcome. Results: Use of open
questions and reflections was associated with client symptom reduction between therapists but not within
therapists. We did not find significant associations between therapist empathy and client symptom reduction
but found that empathy was negatively associated with clients’ baseline symptom level within therapists.
Conclusions: Therapist exploration of clients’ experience and expression of understanding may be
important skills that are associated with clients’ better outcomes. This study highlights the importance of
support counseling skills, as well as the potential of machine-learning-based measures in psychotherapy
research. We discuss the limitations of the study, including the limitations related to the speaker recognition
system and potential reasons for the lack of association between empathy and client outcome.

What is the public health significance of this article?
This study has two public health significances: First, our study highlights the feasibility of using
pretrained machine learning models to scale up process–outcome research, allowing studies on the nuances
and contexts within therapy process, saving time and resource for observer rating, while ensuring sufficient
statistical power. Second, ourfindings suggest that ensuring adequate amount of open questions and complex
reflections during treatment may be helpful in reducing clients’ symptom level in naturalistic settings.
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Supportive counseling is typically composed of therapist skills
such as active listening, encouraging, reflecting, and helping clients
explore their own experiences and feelings (Areán et al., 2010). Some
of these skills are also prevalent in other specific treatments, such as
reflection of feelings in psychodynamic therapy, emotion-focused
therapy, and so on, and open questions in nearly all treatments that
explore clients’ personal experience in depth. There is a long history
of research indicating that listening attentively and empathically is
therapeutic (Conte, 1994; Winston et al., 1986). A meta-analysis of
31 randomized trials showed that nonspecific supportive counseling
alone can achieve approximately 75%of the effect of active evidence-
based treatments (Cuijpers et al., 2012). Despite the considerable
effect of supportive counseling as a whole, results from studies on the
associations of individual supportive counseling skills and client
outcomes are mixed (Elliott et al., 2023; Hill, 1992; Kadur et al.,
2020;Williams, 2023). However, most of the prior studies are limited
in size and focused on the “total” relationship between these skills and
outcomes, which may not capture more nuanced associations between
and within different therapists. The present study assessed these more
nuanced associations on a large scale. We used a previously trained
automatic skill assessment system to assess therapist skills at scale based
on verbal content. We then applied multilevel modeling to a collection
of 2,974 sessions to assess (a) whether a therapist’s use of a supportive
skill on average was associated with client outcomes (between-therapist
effect) and (b) whether therapists varying their skill use based on their
clients was associated with client outcomes (within-therapist effect).

Prior Process–Outcome Studies on Supportive
Counseling Skills

Early studies on supportive counseling skills suffered from
idiosyncratic coding systems, lack of standardization, and minimal
validity testing (Hill, 1978). However, even with the standardiza-
tion of coding systems such as verbal response modes (e.g., Elliott,
1985; Hill, 1978; Stiles, 1978), findings on supportive counseling
skills and therapy outcomes remained mixed (Elliott, 1985; Hill
et al., 1988, 1992; Kadur et al., 2020). For example, a recent review
indicated mixed associations between open questions and outcomes,
except that theymay facilitate emotional processing (Williams, 2023).
A meta-analysis (client n = 2,710) found no association between
reflection and outcomes (Elliott et al., 2023).
Looking only at “total” linear associations of skill use and outcomes

is often not sufficient to capture the full picture of the relationship
(Elliott et al., 2023; Hill, 1992). One limitation is that these analyses
preclude examination of how therapists’ differences in using these
skills are associated with client outcomes. Clients’ treatment res-
ponses depend on the therapists they work with (Baldwin & Imel,
2013; Crits-Christoph et al., 1991), and therapists’ adherence to
particular treatment often varies (Boswell et al., 2013; Imel et al.,
2011). A therapist can also vary their skill use when working with
different clients (Uhl et al., 2022). A recent study showed that, like
other treatment-specific skills, these supportive skills also varied
significantly between-therapist and within-therapist (Zhang et al.,
2023). Most of the prior studies on supportive skills and outcomes
did not take these therapist variations into consideration.
Knowing how supportive counseling skills relate to outcomes

between and within therapists has important clinical implications. For
example, while causality cannot be established from a correlational
design, if therapists who use more reflections in general have better

client outcomes (between-therapist effect), it could be useful to
consider training strategies that increase therapists ability to perform
these skills overall. Instead, if client outcomes covary with a therapist’s
use of reflection relative to their other clients (within-therapist effect), it
may imply the importance of client–therapist interaction, suggesting
further studies on dyadic processes such as mutual influence (Imel
et al., 2011) or therapist responsiveness (Constantino et al., 2020).
Between- and within-therapist associations of process factors (inclu-
ding skills) and outcomes are not always consistent with each other. For
example, one study showed that alliance and outcome were associated
between therapists not within (Baldwin et al., 2007), suggesting that it
is a therapist’s overall alliance building skill that relates to client
outcomes. On the other hand, studies on cognitive behavioral therapy
skills indicated that the association with client outcomes occurred
within therapists, not between therapists (Uhl et al., 2022). Therefore, it
is important to separate the between-therapist and within-therapist
associations of individual supportive skills and outcomes.

Another limitation of the prior studies is that the sample sizes
tend to be small. For example, the average number of clients per
study in a meta-analysis on reflections was 70, with earlier studies
having even smaller samples (Elliott et al., 2023). This could make
it difficult to detect small effects. In addition, a skill can be opera-
tionalized differently with different coding schemes. Reflection could
be defined as rephrasing client’s statements with reference to feelings
(Hill, 1978). In other systems, this may be called clarification of
feelings (Frank & Sweetland, 1962). Taken together, these issues
could dampen the estimation of the effects of supportive counseling
skills. A large-scale naturalistic study with adequate sample size and
a homogeneous skill coding system may be helpful for the above
limitations.

Machine Learning in Psychotherapy Research

Large-scale evaluation of therapist skills relying on observer
rating tends to demand massive time and resources (Imel et al.,
2017). Studies of this kind could take years to complete (see Creed
et al., 2016; therapist n= 321). Machine learning has shown promise
in automating observer-rated psychotherapy evaluations addressing
time and resource demand (Aafjes-van Doorn et al., 2021). For
example, support vector machines are a group of machine-learning
methods that find a classifying hyperplane or a regressing curve
using a special group of data points called support vectors (Cortes &
Vapnik, 1995). More recently, long short-term memory is a type of
deep neural network method that is specialized to process sequential
data such as natural language (Hochreiter & Schmidhuber, 1997).
These methods have been used to build automatic assessors for key
supportive counseling skills such as empathy (Gibson et al., 2016;
Xiao et al., 2015), open questions (Flemotomos et al., 2022), and
reflections (Can et al., 2016), as well as other treatment-specific
skills (e.g., cognitive behavioral therapy skills; Ewbank et al., 2020).
For example, Gibson et al. (2016) obtained a sensitivity of .79 in
distinguishing high versus low therapist empathy using long short-
term memory. Xiao et al. (2015) also found that a simple method
like support vector machines can achieve a correlation of .65–.71
with human coders on empathy evaluation. More importantly, using
these models has significantly reduced the time needed to code
therapist skills in large-scale studies (e.g., session n = 90,934;
Ewbank et al., 2020).
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The Present Study

In this study, we assessed the between-therapist and within-
therapist associations of supportive counseling skills and treatment
outcomes in a naturalistic setting based on 2,974 session recordings.
We used an automatic skill assessment system, previously trained
with a standard therapist skill coding protocol (Houck et al., 2013).
The system can automatically transcribe and code thousands of
sessions based on verbal content (Flemotomos et al., 2022). We
discuss the details of the system in the Method section.
We examined the between-therapist and the within-therapist

effects of three supportive skills: empathy, open questions, and
reflections. We made the following hypotheses: Hypothesis 1a:
Higher between-therapist empathy would be associated with larger
symptom reduction; Hypothesis 1b: Higher within-therapist empathy
would be associated with larger symptom reduction. Hypothesis 2a:
Higher between-therapist use of open questions would be associated
with larger symptom reduction; Hypothesis 2b: Higher within-
therapist use of open questions would be associated with larger
symptom reduction. Hypothesis 3a: Higher between-therapist use
of reflection would be associated with larger symptom reduction;
Hypothesis 3b: Higher within-therapist use of reflection would be
associated with larger symptom reduction.

Method

Participants

The data set was collected from a counseling center at a large
university in the western United States from 2017 to 2020
(Flemotomos et al., 2022). Sessions with recording or processing
errors were excluded (Flemotomos et al., 2022). Clients with only
one session (intake) were excluded.1 The final data set contained 610
clients, 48 therapists, and 2,974 sessions. The average number of
sessions per client was 4.9 (Mdn= 4), ranging from 2 to 17 sessions.
The average number of clients per therapist was 12.7 (Mdn = 11.5),
ranging from 1 to 43 clients. Supplemental Tables S1 and S2 contain
the demographic information of clients and therapists, respectively.

Measures

Three supportive counseling skills were selected for this study:
empathy, open questions, and reflections. These skills were auto-
matically assessed by a previously trained skill assessing system
(Flemotomos et al., 2022). Clients’ pre- and posttreatment symptom
levels were assessed by the Distress Index (DI) from the Counseling
Center Assessment of Psychological Symptoms Instruments
(CCAPS; Locke et al., 2011, 2012).

Skill Assessment System

We used a previously trained skill assessing system to automati-
cally code therapist skills (Flemotomos et al., 2022). The system is
composed of an automatic pipeline that transcribes session audio,
predicts a single skill label (e.g., open questions) for each therapist
utterance, and evaluates session-level scores (e.g., empathy) for an
entire session.
As described in (Flemotomos et al., 2022), the transcription system

follows five steps: voice activity detection, speaker recognition,
transcription, speaker role assignment (therapist vs. client), and

utterance segmentation. Voice activity detection is used to distinguish
human voice from background noise. The voice activity detection
module included a pretrained feedforward neural network, fine-tuned
on 26 psychotherapy recordings from a university counseling center
(same setting as the data set in this study). The accuracy of the fine-
tuned model on two test sets (20 and 92 sessions) from the same
counseling center was .85 and .82, respectively. The speaker
recognition module first calculated the similarity of each pair of
human voice segments with a probabilistic linear discriminant analysis.
The segments were then clustered into two groups (speakers) using
agglomerative hierarchical clustering, a bottom-up approach to clus-
tering similar segments. The error rates of clustering on the two test sets
were .07 and .08. The transcribingmodule consists of two components:
an acoustic model (i.e., predict phonetic units by acoustic information)
and a language model (i.e., predict word sequence in language). The
acoustic model used a time-delay neural network. The language model
used a weighted ensemble of two 3-gram language models (i.e.,
language models in the unit of three-word sequences)—one trained
with 300 k psychotherapy utterances from a subscribed archive
of therapy sessions and the other with open-sourced telephone
conversations that served as a background model. The word error
rate (similar to 1—accuracy but can be greater than 1) of the
transcribing module was about .30, which is typical for machine-
learning models on spontaneous medical conversations (Kodish-
Wachs et al., 2018). Two ensembles of language models (therapist
and client) were individually trained. Speaker roles were assigned
by matching a voice segment to one of the two ensembles with
the lowest perplexity, an entropy-based measure of discrepancy. The
speaker role assignment module achieved perfect recognition on the
two test sets. Finally, the utterance segmentation module aggregated
adjacent segments with the same speaker role and then segmented
them into talk turns using DeepSegment (https://github.com/notAI-
tech/deepsegment).

Quality assurance of included sessions was based on the length of a
session (1 min–5 hr), the ratio of voice versus silence (>1:3), segment
lengths (<20s), minimum speaker time (10%), and a comparison with
manual transcriptions. The percentage of the transcripts satisfying
these criteria was 83.7%. These transcripts were included in the final
data set (see Flemotomos et al., 2022).

The skill label system used a type of neural network called a
bidirectional long short-term memory (Singla et al., 2018) with
attention layers (Vaswani et al., 2017). The attention layers helped
focus on salient words with useful information to predict labels.
The rating of session-level scores was trained on a support vector
regressor, a type of support vector machines that outputs continuous
variables. The system was first trained on 242 sessions of psycho-
therapy transcripts from six clinical trials (Baer et al., 2009; Krupski
et al., 2012; Lee et al., 2013, 2014; Neighbors et al., 2012; Tollison
et al., 2008), coded with Motivational Interviewing Skill Code 2.5
(Houck et al., 2013), and then fine-tuned on 50 sessions from the
university counseling center coded with the same coding scheme. We
selected three supportive counseling skills: empathy, open questions,
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1 In addition, we conducted a sensitivity analysis to test the robustness of
associations when therapists with only one client were removed. Including
therapists with only one client could introduce noise in the estimation of
between-therapist effects. However, there were no substantial differences in
the full data set and the restricted (Supplemental Table S4), suggesting that
results were robust to therapist caseload size.
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and reflections. The reliability for each skill is described in the
following section.

Empathy

Empathy is a session-level score, defined as the extent to which
therapists understand or attempt to understand clients’ perspective
(Houck et al., 2013), ranging from 1 (low) to 5 (high), with a low score
indicating therapists showing little interest in clients’ experiences
and a high score indicating therapists actively attending to clients.
Session-level scores like empathy are evaluated for an entire session.
Manual rating requires raters to read through the entire session and
offer a holistic judgment. The system generates a numeric score for
each session that mimics this manual rating process. The accuracy
within 1 Likert-scale discrepancy was .85 (Flemotomos et al., 2022).

Open Questions

Open question is an utterance-level label and is a subcategory of
the “question” label. An utterance is labeled as an open question if
(a) it is intended to gather information, or understand or elicit
clients’ stories, and (b) it leaves latitude for response rather than
being answered by yes or no (Houck et al., 2013). Examples of
open questions can be “How might you do that?” or “Tell me
more.” Human raters label the presence or absence of this skill for
each utterance. The system was trained to mimic this process by
labeling an utterance as an open question or not. The system has an
F1 score of .83 relative to human labeling (Flemotomos et al., 2022).
F1 score is a standard metric in machine learning that represents the
agreement between models and humans, calculated as the harmonic
mean of sensitivity and positive predictive value (1—false positive
rate). An F1 score of .83 means that by averaging the proportion of
correctly identified labels out of all the true labels and the proportion
of correctly identified labels out of all the predicted labels, the system
identified 83% of them correctly.

Reflection

The system provides scores for two types of reflections, complex
and simple. In addition to reflecting back what a client said, complex
reflections add significant meaning or emphasis to the client
statement, conveying a deeper picture of the client statement. Simple
reflection simply reflects or paraphrases what the client said without
adding significant meaning or emphasis. For the present study, we
combined both reflection scores into a single “reflection” code.2 TheF1
score of the combined reflect code was .61 (Flemotomos et al., 2022).

Counseling Center Assessments of Psychological
Symptoms

Counseling Center Assessment of Psychological Symptoms–62
(CCAPS-62) is a comprehensive outcome assessment for college
counseling centers (Locke et al., 2011). The assessment includes eight
subscales of common mental health issues among college students.

CCAPS-34 is a short form of CCAPS-62 that assesses seven key
aspects of mental health of college students (Locke et al., 2012). We
used the DI, which is an aggregate score of all the subscales (Locke
et al., 2011, 2012), indicating a client’s overall symptom level.
CCAPS-62 was administered at intake, and CCAPS-34 was admini-
stered at each subsequent session, including the final session.We took
the DI of the intake CCAPS-62 as a client’s baseline symptom level
and the DI from the CCAPS-34 of the last session as the posttreatment
symptom level. The two DIs were calculated using the same CCAPS
subscales for comparability (Youn et al., 2015) and were highly
correlated in the current data set, r = .84, 95% CI [.81, .87]. The DI
variables in the data set ranged from 0 to 4, with 0 indicating no
symptoms at all and 4 very high-level distress. The two DI variables
were used to calculate clients’ symptom change over the course of the
treatment.

Data Analysis

We averaged empathy scores over all the sessions for each client.
Likewise, we calculated the proportions of open questions and
reflections in therapist’s utterances for each session, respectively,
and then averaged the proportions of each skill over all the sessions
for a client. The mean empathy scores, and the mean proportions of
open questions, and reflection, were entered into the analysis.

We used multilevel modeling to assess the associations between
counseling skills and treatment outcomes (Raudenbush & Bryk,
2002). Empathy, open questions, and reflections were group-mean
centered and grand-mean centered to represent the within-therapist
and between-therapist effects, respectively. We also partitioned the
within-therapist and between-therapist effect of pretreatment (baseline)
DI because clients were not randomly assigned (Baldwin et al., 2007).3

The two-level model was specified with clients nested within
therapists:

(see Equation 1 above)
In Equation 1, Yij is the posttreatment DI of client i treated by

therapist j. Z represents the pretreatment DI to be controlled as a
covariate.X1ij is the empathy score of therapist jwith client i. X̄1j is the
mean empathy score of therapist j across all their clients. X̄1 is the
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Yij = γ00 + γ10ðZij − Z̄jÞ + γ01ðZ̄j − Z̄Þ + γ20ðX1ij − X̄1jÞ + γ02ðX̄1j − X̄1Þ +
γ30ðX2ij − X̄2jÞ + γ03ðX̄2j − X̄2Þ + γ40ðX3ij − X̄3jÞ + γ04ðX̄3j − X̄3Þ +
u0j +∈ij :

ð1Þ

2 We initially analyzed complex and simple reflections separately. As both
simple and complex reflections index a similar construct (i.e., reflection; see
Houck et al., 2013), we combined the two codes to increase reliability.
Inspection of interrater sets showed that confusion of the two labels was
one of the major sources of lower reliability (Flemotomos et al., 2022).
Regression results with complex reflections aligned with the combined
reflection code, between-therapist β = −.10, 95% CI [−.19, −.01], within-
therapist β = .01, 95% CI [−.06, .08]. The results of simple reflections were
not significant, suggesting that the association of combined reflections and
client outcome (Table 1) may mainly come from complex reflections.

3 We also tested the nonlinear effects of each skill up to cubic terms
(Kivlighan& Shaughnessy, 2000) and compared the models using likelihood
ratio test and Bayesian information criterion (BIC). The likelihood ratio test
indicated no significant difference between the linear, quadratic, and cubic
models (ps = .20 and .08). Therefore, we report the results from the most
parsimonious model—linear model with the lowest BIC = 1149.3 (quadratic
model BIC = 1179.2; cubic model BIC = 1206.3).
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grand-mean empathy of all therapists. X2 and X3 represent open
questions and reflections, respectively. γn0 are linear fixed effects of
within-therapist variables (n= 1, 2, 3, 4). γ0m are linear fixed effects of
between-therapist variables (m = 1, 2, 3, 4). u0j is the between-
therapist random effect in the intercept that is unexplained by the
predictors. εij is the within-therapist random effect (residual).
We examined statistical significance and effect sizes (standard-

ized β) of the fixed effects to determine the associations between
the predictors and clients’ outcome. Because empathy (1–5) and the
other three measures (0–1) are inherently on different scales, we
used standardized coefficients (β) to compare effect sizes across
scales. We also examined the associations between the predictors
and the baseline DI to explore unassessed confounds.

Transparency and Openness

Because the clients did not consent tomake their clinical data public,
we are unable to provide open access to the data set. All the analyses
were performed in R, Version 4.1.0 (R Core Team, 2021). Multilevel
models were built using lmerTest, Version 3.1-3 (Kuznetsova
et al., 2017). Adjusted intraclass correlation were calculated using
performance, Version 0.10.1 (Lüdecke et al., 2021). Standardized
coefficients, effect sizes, and their confidence intervals were calcu-
lated using effectsize, Version 0.8.2 (Ben-Shachar et al., 2020).
Code for the present study is included in the Supplemental
Material. This study’s design and analysis were not preregistered.

Results

The average baseline DI was 1.88, SD = 0.70. The average
posttreatment DI was 1.26, SD = 0.73. Clients’ pre–post symptom
reduction was large, Cohen’s d=−0.93, 95%CI [−1.02,−0.83]. The
average of empathy was 3.86 out of 5. On average, open questions
made up 3.9% of a therapist’s statements and reflections 14.7%. For

process–outcome correlations, empathy (Spearman’s ρ = −.08),
open questions (−.06), and reflection (−.09) were negatively
correlated with posttreatment DI. For process–process correla-
tions, empathy was positively correlated with open questions (.09)
and reflections (.16). Open questions were positively correlated
with reflections (.50). See Supplemental Table S3 for additional
details.

Multilevel Model

See Table 1 for specific model estimates. After controlling for
baseline DI, higher between-therapist open question ratio was
associated with lower posttreatment DI, β = −.08, 95% CI [−.16,
−.004]. Higher between-therapist reflection ratio was associated
with lower posttreatment DI, β = −.09, 95% CI [−.17, −.01]. The
finding indicates that therapists who used more open questions or
reflections by ratio had lower clients’ posttreatment symptom
levels than other therapists. Within-therapist open question ratio
(β = .03 [−.05, .11]) and reflection ratio (β = −.03 [−.11, .05])
were not associated with client outcome. Figures 1 and 2 illustrate
the relationships among between-therapist open question ratio,
between-therapist reflection ratio, and posttreatment DI after control-
ling for baseline DI.

Empathy score was unrelated to posttreatment DI, between-
therapist β = .03, 95% CI [−.04, .10], within-therapist −.03
[−.10, .03].

To explore potential confounds, we examined the relationship
between baseline DI and empathy, reflections, and open questions
(Supplemental Table S5). We found a negative association between
baseline DI and within-therapist empathy, b = −0.27, 95% CI
[−0.47, −0.07]. This is consistent with the previous findings that
client baseline factors such as baseline severity (Imel et al., 2011)
or client aggressiveness (Boswell et al., 2013) were associated
with therapist use of some skills. We did not find associations with
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Table 1
Multilevel Model of Client Outcome and Supportive Counseling Skills

Variable Estimate [95% CI] β [95% CI] p

Fixed effects
Intercept (γ00) 1.25 [1.18, 1.31] .01 [−.07, .09]

Pretreatment DI
Within therapist (γ10) 0.58 [0.51, 0.65] .53 [.47, .60] <.001***
Between therapist (γ01) 0.60 [0.35, 0.85] .18 [.10, .25] <.001***

Empathy
Within therapist (γ20) −0.09 [−0.26, 0.08] −.03 [−.10, .03] .30
Between therapist (γ02) 0.13 [−0.17, 0.43] .03 [−.04, .10] .41

QUO
Within therapist (γ30) 1.47 [−2.35, 5.29] .03 [−.05, .11] .45
Between therapist (γ03) −5.76 [−11.1, −0.43] −.08 [−.16, −.004] .04*

REF
Within therapist (γ40) −0.79 [−2.75, 1.16] −.03 [−.11, .05] .43
Between therapist (γ04) −3.07 [−5.75, −0.39] −.09 [−.17, −.01] .04*

Random effects
Within therapist (σ2ij) 0.34 [0.30, 0.38]
Between therapist (τ2j ) 0.01 [0.00, 0.02]

Adjusted intraclass correlation .03
Marginal R2 .35

Note. CI = confidence interval; DI = distress index; QUO = open question; REF = reflection.
* p < .05. *** p < .001.
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baseline DI for open question and reflection ratios, implying that
their associations with client improvement were unlikely to be
biased by unassessed confounds that would impact both the skills
and the client symptom levels. No multicollinearity issue was

found, variance inflation factors = [1.01, 1.49]. The normality
of random effects and residuals were checked by qq-plot. Our
findings supported Hypotheses 2a and 3a. The rest of the
hypotheses were unsupported.
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Figure 1
Between-Therapist Association of Residualized Gain and Proportion of Open Questions

Note. Blue curve was fitted by locally estimated scatterplot smoothing (loess). One datapoint
represents one therapist. The size of a datapoint represents the number of clients within a therapist.
Therapists who used more open questions on average were associated with better clients’ outcomes.
QUO = open question. See the online article for the color version of this figure.

Figure 2
Between-Therapist Association of Residualized Gain and Proportion of Reflections

Note. Blue curve was fitted by locally estimated scatterplot smoothing (loess). One datapoint
represents one therapist. The size of a datapoint represents the number of clients within a therapist. For
therapists who used relatively less reflection than other therapists, using more reflection was
associated with better clients’ outcomes. REF = reflection. See the online article for the color version
of this figure.
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Discussion

Although supportive counseling accounts for a considerable pro-
portion of therapeutic change (Cuijpers et al., 2012), the relationship
between individual supportive counseling skills and outcomes is
unclear. The present study complements previous work on therapists’
supportive skill use and client outcomes, including studies on
empathy (Elliott et al., 2011, 2018), open questions (Williams, 2023),
and reflections (Elliott et al., 2023). Limitations of prior studies in-
clude not considering therapist differences in using these skills, small
sample sizes, and heterogeneous skill coding schemes. The present
study addressed these limitations by leveraging machine-learning
models trained to evaluate counseling skills. We applied a multilevel
model to a large naturalistic data set that was rated by a previously
trained machine-learning-based skill assessment system.
Hypotheses on the association of empathy and outcome were not

supported (Hypotheses 1a and 1b). Although empathy ratings are
consistently associated with client outcomes (Elliott et al., 2011,
2018), we did not observe this association in our data. However,
these meta-analyses primarily included studies that relied on client
perception of therapist empathy, which often does not correspond
to observational ratings (Gurman, 1977). In prior meta-analyses
with observational rating systems similar to the one used in this
study, there was not a significant association between empathy and
symptom reduction (Magill et al., 2018; Pace et al., 2017). Further,
a previous meta-analysis found an inverse relationship between
client sample size and empathy–outcome correlation (Elliott et al.,
2018). Some prior studies with large sample sizes also failed to find
significant relationships (e.g., Dormaar et al., 1989; Gillispie et al.,
2005). The present study with a large sample (client n = 610) and a
small effect size appeared to be consistent with these studies. One
possible reason for the lack of association may be the low variability
in the empathy measure. As shown in Supplemental Table S3, the
standard deviation of empathy was 0.33—only about 8.6% of the
mean score. The lack of variability could have made it difficult to
detect an association with client outcome, especially in large-scale
studies where variability is less likely to be only the result of
sampling error. Another possible reason for the lack of association
may be heterogeneity in the client sample. Elliott et al. (2018) found
significant heterogeneity in empathy–outcome associations across
clients’ symptom types. Clients in this sample presented with
various diagnoses, which might be moderators of the relationship
between empathy and outcomes. It may be beneficial to assess
empathy–outcome associations in a therapeutic context where
there is a greater range of empathy (e.g., substance use treatments
that use a confrontational style; see Moyers &Miller, 2013) or add
moderators to future analyses.
Our findings suggested positive associations for between-therapist

open question ratio, between-therapist reflection ratio, and client
improvement (Hypotheses 2a and 3a). No within-therapist associa-
tions were found. In other words, if a therapist used a higher rate
of open questions than other therapists, on average, their clients
had better outcomes than other therapists’ clients. But therapist
differences in the rate of open questions within their caseload was
not associated with differences in client outcome. This pattern of
findings presents a nuanced interpretation of how these specific
skills might be related to improvement that is similar to previous
therapist effects for the working alliance (e.g., Baldwin et al., 2007).
Specifically, if a client was seen by a therapist who generally asked

more open questions or reflections, their outcome was more likely
to be positive. However, the absolute level of open questions or
reflections experienced by that client was not a predictor of outcome.
It is possible that therapists who use open questions or reflections at
a high rate will have better outcomes than those who do not use open
questions as often. However, some clients may require more or less
of these skills depending on their interpersonal or symptomatic
presentation—resulting in the lack of within-therapist associations.
It may be helpful to conduct further studies to investigate the causal
relationships between the two skills and client outcome. Further, this
pattern of results suggest that research that focuses on therapist use
of specific skills maymiss important information if they focus solely
on the total correlation between outcome and the skill.

Our findings about reflections did not align with a recent meta-
analysis (Elliott et al., 2023) that indicated reflections were not
associated with outcomes. A potential reason may be the different
clientele between the studies included in the meta-analysis and the
present study. The majority of the prior studies on reflections focused
on substance use or unprotected sex behaviors in the context of
motivational interviewing (Elliott et al., 2023). However, the primary
concerns of the clients in our data set were anxiety, depression,
and academic distress. Substance use (4.08%) and sexual concerns
(4.29%) made up only a very small portion. It may be possible that
reflections as a supportive and exploratory skill are more helpful for
clients with particular disorders or who may benefit from facilitated
self-exploration. It may be interesting to assess reflections with
different client populations and concerns.

The present study suggests that such automatic measures can
help clarify how process is related to outcome. By leveraging a
previously trained machine-learning-based skill assessment system,
we overcame the time and labor barriers of large-scale observer-
rated research on therapists’ interventions. In the past 2 decades,
machine-learning research related to psychotherapy has beenmainly
focused on developing automated measures for therapy process and
outcome variables (Aafjes-van Doorn et al., 2021). The present
study and other recent work in text-based psychotherapy (e.g.,
Ewbank et al., 2020) highlight that these measures can be utilized to
understand how the treatment process is related to outcome on a
scale and level of specificity that was previously challenging. The
application of machine-learning techniques that can immediately
evaluate the content of a conversation may eventually include using
feedback tools in real time to nudge the therapist to use (or not use)
specific interventions, allowing experimental manipulation of thera-
pist behavior within sessions. Such designs will rely on an infra-
structure of reliable and clinically validated measures.

Limitations and Future Directions

Besides the limitations mentioned previously, there are several
other notable limitations. First, some of our machine-learning-
based measures may benefit from continuing to improve F1 scores
for the specific process measures. For example, complex and simple
reflections tend to be more difficult to differentiate and thus tend to
have lower interrater reliability (Tollison et al., 2008). To address
the low F1 score of complex and simple reflections, we combined
the two codes into a single reflection code, which increased the
F1 score to .61. Although the F1 score of this combined code is still
lower than empathy and open questions, the significance of its
association with client outcome suggests that this measure remains
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clinically meaningful. However, one drawback of combining the
two codes is that it prevents the understanding of the differential
effects of complex reflection and simple reflection. In addition, the
word error rate of the transcription system was about 30%, which
could partly explain some errors in the subsequent code prediction.
We expect the associations to be stronger and more robust once
more advanced machine-learning methods are used to update our
skill assessment system.
Second, our model only predicted a single skill code per therapist

statement (Flemotomos et al., 2022), which could miss important
skills if a therapist statement includes multiple skills. For example, if
a therapist says “I heard anger in your tone when you said to your
partner ‘this is nonsense,’ which reminds me of how you mentioned
your mom talked to you,” the systemmay only predict reflection but
miss the important psychodynamic interpretation of this statement.
To improve the performance of machine-learning models that

assess psychotherapy process, researchers might explore new
state-of-the-art machine-learning methods as they emerge (Wolf
et al., 2020). Transformer models are being updated at a rapid pace
and may offer improvements in accuracy compared to previous
methods. For example, a recent study used transformer-based
methods to assess the association of session transcripts and session
outcomes (Kuo et al., 2024). To increase granularity or allow
multilabeling, researchers may also adopt hierarchical algorithms
(see Flemotomos et al., 2022). Researchers may also use multimodal
machine learning that incorporates paraverbal features such as
prosodies and tones (Tavabi et al., 2019) or consider immediate
contexts that include both client and therapist statements in label
prediction (Broadbent et al., 2023). In addition, it may be beneficial
to choose highly reliable psychological measures to train machine-
learning models, to reduce the impacts of the inherent uncertainty
(i.e., interrater discrepancy) in a measure on the model being trained
(see Flemotomos et al., 2022).
Third, this study focused only on the frequency of the skills

based on the verbal content. Our automatic system could miss key
information about the quality of an intervention.What is said, when to
say it, and how the intervention is delivered can all be important to
explore (Stiles, 1988; Williams, 2023). However, studies at this level
of granularity may be limited by low occurrence rates of labels and
excessive resource demand in rating. For example, an appropriately
timed therapist self-disclosure may be very rare (perhaps occuring
once in 5–10 sessions), though it can be transformative to clients. Our
study is an example of leveraging previously trained machine-
learning models to reduce resource demand and scale up study so that
rare labels may also have adequate statistical power.
Fourth, this study did not include other nonspecific factors that are

known to be associated with outcomes, such as alliance (Alldredge
et al., 2021; Flückiger et al., 2018; Horvath & Symonds, 1991; Probst
et al., 2022). It may be possible that some nullfindingswere a result of
a moderating effect by alliance. For example, clients could at times
feel “challenged” and “negative” about a therapist’s open questions
(Hill et al., 1988), suggesting the importance of considering bond and
task/goal agreement when a question is asked. Future studies may
benefit from considering the moderating or mediating effects of
process factors that are associated with outcomes.
Finally, this study did not include session-by-session temporal

associations of supportive counseling skills and outcomes, which
could reveal useful immediate association of skills with the treatment
progress. Statistical models such as cross-lagged panel models or

latent growth curve models may help reveal such patterns. However,
these models often need sufficient consecutive data. Despite the
scale of observational ratings in the current data set, the number of
consecutive recordings within clients is limited due to the naturalistic
setting from which the data were collected. Some therapists recorded
regularly (e.g., required for counseling trainees) and others recorded
sporadically. Some clients entered treatment late in the semester with
only a few sessions left with their training therapists. As a result, the
number of clients with at least two recorded sessions was 610 (72.6%
of the total number of clients in the original data) and dropped
drastically to 205 with at least six sessions (24.4%). To obtain
sufficient consecutive recordings, researchers may look for protocol-
based treatments where there is often a set number of sessions per
treatment or clinical settings where recording and routine outcome
monitoring is required for most of the clinicians.

Conclusion

This study illustrated the feasibility of scaling up observer-rated
studies on supportive counseling skills using a previously trained
machine-learning skill assessing system. We found a positive
association between both open question and reflection ratios and
client improvement. This result offered more nuanced evidence
regarding the association of supportive counseling skills with
outcome beyond previous research on the total correlation, which
revealed mixed or no correlations. We could not replicate the
previous findings on empathy–outcome associations, possibly
due to the type of measure (observer-rated vs. self-reported), low
variability of the measure, and sample heterogeneity. This line of
research may benefit from further improvement on the reliability
of machine-learning models.
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