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SINCE JOINING KU IN 2020…

Teaching

4 new course designs

14 full courses taught

293 students enrolled

34 undergraduate RAs

6 honors thesis mentees

5+2 graduate mentees

1 postdoctoral mentee

Research

32 new publications

7 new as first author

3,005 new citations

30 grant proposals

10 grants awarded

2 new open databases

14 new open software

Service

BBQ Program Director (’22–Now) 

KDSC Co-director (’23–Now)

Dean’s Faculty Fellow (’24–’25)

SITAR President (’25)

ACII Program Chair (’23)

AFGR Program Chair (’25)

IEEE TAC Associate Editor (’20–’25)

Collabra Associate Editor (’21–Now)



NEW AND DEEPENING COLLABORATIONS

• Arian Ashourvan

• Monica Biernat

• Tera Fazzino

• Kelsie Forbush

• Nancy Hamilton

• Katie Hoemann

• Steve Ilardi

• Amber Watts



COMMUNICATIVE BEHAVIOR CONNECTS US
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Bayesian Estimation

Multilevel Modeling

Measure Validation

Data Science
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EVOLUTION OF THE FRAMEWORK

• Structure: Increasing emphasis on verbal communication (i.e., natural language processing)

• Context: Developing theoretical and methodological frameworks for studying context

• Dynamics: Increasing emphasis on interpersonal dynamics (e.g., dyadic synchrony)

• Functionality: Increasing emphasis on transdiagnostic assessment of  broader populations

• Statistics: Increasing emphasis on generalizability theory and longitudinal modeling

• Computing: Increasing emphasis on artificial intelligence (especially validation efforts)

• Open Science: Teaching literate programming and containerization for open science



HIGHLIGHTED PROJECTS

1. Dynamic & Dyadic Smiling in Depression Therapy: 

• This psychological project was enhanced by our computational background

• Structure (Visual), Dynamics (Influence), Functionality (Treatment)

• Statistics (Multilevel), Computing (Behavior Sensing), Open Science (Software)

2. Validating AI for Sentiment Analysis of Natural Speech: 

• This computational project was enhanced by our psychological background

• Structure (Verbal), Context (Cultural), Functionality (Assessment)

• Statistics (Validation), Computing (Artificial Intelligence), Open Science (Software)



DYNAMIC & DYADIC SMILING

IN DEPRESSION THERAPY
Girard, Yermol, Bylsma, Cohn, Fournier, Morency, & Swartz

Journal of  Consulting and Clinical Psychology (2025)



BACKGROUND AND RATIONALE

• The working alliance is the collaborative and emotional bond between patient and therapist

• Dyads with stronger working alliances tend to have better outcomes, across types of  therapy

• What behavioral factors contribute to the strength of the working alliance?

• Koole & Tschacher’s (2016) “In-Sync” Model of  Psychotherapy theorizes:

• Interpersonal Synchrony is the coordination of  individuals’ behaviors or states over time

• Why have previous findings linking synchrony to alliance (and outcomes) been mixed?

Interpersonal 
Synchrony

Working
Alliance

Treatment
Outcomes



POSSIBLE EXPLANATIONS

1. What behavior is being synchronized?

• We examine specific actions: smiles (and scowls)

2. Is it really synchrony or just occurrence?

• We partialize behavior synchrony and occurrence

3. Who is rating the working alliance?

• We compare patient-ratings and therapist-ratings

4. Are these state-like or trait-like processes?

• We decompose within- and between-dyad effects



DATA AND MEASURES

• 65 outpatients with a DSM-5 depressive disorder (65% female, 68% white, 32 ± 14 years)

• 14 therapists with 1 to 25 years experience (80% female, 87% white, 35 ± 9 years)

• Patients were randomized to receive 8 sessions of  either brief  CBT or brief  IPT

• 65 dyads × 2 people/dyad × 8 sessions × 1 hour/session × 36,000 bins/hour ≈ 37.44M bins 

Before Each Session

QIDS-16
(Patient Self-report 

Depression Severity)

During Each Session

Smile (and Scowl) Intensity
(Measured for both Patient and Therapist,

Computer Vision and Machine Learning,

0.1s Bins, Validation 𝑟 = 0.85 (and 0.70)

After Each Session

WAI-SR
(Patient and Therapist 

Report Strength of  

Working Alliance)



QUANTIFYING SYNCHRONY

• Interpersonal synchrony was measured using windowed cross-correlation (WCC)

• How linked are two time series within short windows and across different lags?

• Yields one number representing the strength of  patient–therapist synchrony per session

• Developed a new R package (github.com/jmgirard/wcc) for efficient, parallelized computation

Higher 

WCC

Example

Lower 

WCC

Example



ANALYTICAL STRATEGY

• Hierarchical Bayesian Mediation Modeling

• Sessions (𝑡) in Patients (𝑖) in Therapists (𝑗)

• Behavior → Alliance → Depression Mediation

• Both Within-dyad and Between-dyad Levels

• Controls for Patient and Therapist Occurrence 

• Separate models for Smiling vs. Scowling

• Separate models for Patient vs. Therapist WAI



SMILING, WITHIN-DYAD

Therapist 

Smiling
(during session 𝑡)

Δ Patient 

Alliance
(from 𝑡 − 1 to 𝑡)

Smiling 

Synchrony
(during session 𝑡)

Patient

Smiling
(during session 𝑡)

Δ Therapist 

Alliance
(from 𝑡 − 1 to 𝑡)

Note. Grey, dashed pathways are not significant.



ALLIANCE, WITHIN-DYAD

Δ Patient 

Alliance
(from 𝑡 − 1 to 𝑡)

Δ Therapist 

Alliance
(from 𝑡 − 1 to 𝑡)

Δ Patient 

Depression
(from 𝑡 to 𝑡 + 1)

Note. Grey, dashed pathways are not significant.



WITHIN-DYAD MEDIATION

Smiling

Synchrony

Δ Patient

Depression

Δ Patient

Depression

Δ TH Alliance

Δ PT Alliance

Δ TH Alliance

Δ PT Alliance

Therapist

Smiling

Δ Patient

Depression

Δ TH Alliance

Δ PT Alliance

Patient

Smiling

Note. Grey, dashed pathways are not significant.



SMILING, BETWEEN-DYAD

Patient

Alliance
(mean over time)

Smiling 

Synchrony
(mean over time)

Patient

Smiling
(mean over time)

Therapist 

Alliance
(mean over time)

Therapist 

Smiling
(mean over time)

Note. Grey, dashed pathways are not significant.



ALLIANCE, BETWEEN-DYAD
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(mean over time)

Therapist 
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(mean over time)

Patient 

Depression
(mean over time)



BETWEEN-DYAD MEDIATION

Smiling

Synchrony

Patient

Depression

Patient

Depression

TH Alliance

PT Alliance

TH Alliance

PT Alliance

Therapist

Smiling

Patient

Depression

TH Alliance

PT Alliance

Patient

Smiling

−0.03

−0.02

Note. Grey, dashed pathways are not significant.



CONCLUSIONS

• Patients and therapists use their partner’s smiling in a session to update their alliance ratings

• Changes in patient (but not therapist) alliance ratings predict subsequent changes in symptoms

• Dyads with stronger patient alliance ratings had more therapist smiling and smile synchrony

• Dyads with stronger therapist alliance ratings had more therapist smiling and patient smiling

• Alliance mediated the between-dyad relationship between therapist smiling and outcomes

• Measuring momentary synchrony was only possible due to behavior sensing techniques

• These nuanced insights were only possible to derive due to sophisticated statistical techniques



VALIDATING AI FOR SENTIMENT

ANALYSIS OF NATURAL SPEECH
Girard, Jun, Ong, Liebenthal, & Baker

Affective Science (R&R)



BACKGROUND AND RATIONALE

• Sentiment analysis identifies the 

emotional or evaluative tone of 

language (e.g., positive to negative)

• Rule-based approaches (e.g., LIWC) 

count positive and negative words 

using human-created dictionaries

• These simple methods often fail to 

capture context, sarcasm, allusions



RESEARCH QUESTIONS

• Large Language Models (LLMs) are 

AI systems that can better capture 

context and meaning in text data

• Open-weight LLMs can run locally, 

privately, securely (not in the cloud)

• Can open-weight LLMs estimate 

sentiment without extra training?

• Are such models fair across groups?



DATA AND MEASURES

• SEND (Stanford Emotional Narratives Dataset)

193 life narrative videos from 

49 students and community adults

Ratings from 19 human observers

• BLS (Bipolar Longitudinal Study)

297 daily audio journals from

64 patients with bipolar disorders

Ratings from 5 human observers

• Compare LLM predictions to ratings



INFRASTRUCTURE AND SOFTWARE

• Deployed 20 open-weight LLMs 

(1B-120B parameters) via LMStudio

• Used a consumer GPU workstation 

with an NVIDIA RTX 4060 (~$350)

• LMStudio hosts a local server with 

API access via our new R package

github.com/affcomlab/easyllm



PROMPT ENGINEERING

• User prompt: contains a transcript 

to perform sentiment analysis on

• System prompt: defines the task, 

the rating scale, and jailbreaks

• In R, we loop through transcripts, 

create prompts, and capture output

• Each transcript is rated separately

You will be provided with 
a transcript, and your 
task is to rate its 

sentiment on a scale from 
1 to 7 where 1 represents 

‘very negative’ and 
7 represents

‘very positive’...



RESULTS ON NON-CLINICAL SEND DATASET

• Benchmarks

• Human baseline (.74)

• LIWC-22 baseline (.68)

• Highlighted LLMs

• Google Gemma 3–12b (.90)

• Meta LLaMA 3.3–70b (.87) 



RESULTS ON CLINICAL BLS DATASET

• Benchmarks

• Human baseline (.79)

• LIWC-22 baseline (.65)

• Highlighted LLMs

• Google Gemma 3–12b (.88)

• Meta LLaMA 3.3–70b (.89) 



NEW APPROACH TO FAIRNESS ANALYSIS

• Adapt a Bayesian cumulative link 

mixed-effects location-scale model

• Compare sex, race, education, 

language, and diagnostic groups

• Bias = predictions too high or low

• Sensitivity = predictions are less 

strongly related to real changes

• Consistency = predictions are less 

precise (noisier or more variable)

𝑦𝑖𝑗 ∼ Cumulative 𝜏, 𝜂𝑖𝑗 , 𝛿𝑖𝑗

𝜂𝑖𝑗 = 𝛽0𝑗 + 𝛽1𝑗𝑥𝑖𝑗 + ෍
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𝛽0𝑗 = 𝛾00 + 𝑢0𝑗 𝛽1𝑗 = 𝛾10 + 𝑢1𝑗
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FAIRNESS 

RESULTS

No issues with bias or sensitivity

Gemma’s consistency in SEND was 

worse for participants with fewer 

years of  formal education

LLaMA’s consistency in BLS was 

worse for Asian and Black 

(compared to White) participants



CONCLUSIONS

• The best LLM models were significantly better than both benchmarks

• They are better than rule-based approaches (LIWC) and a random, single human rater

• Our new fairness analyses revealed detailed and actionable insights

• These findings can calibrate our trust in the models and guide corrective efforts

• This approach was influenced by psychometric and social perception theories

• LLMs offer private and accurate sentiment analysis on naturalistic speech

• We are applying this method (with great success) to study mood, psychosis, and trauma



NEXT FIVE YEARS

• Develop frameworks for studying context

• Examine behavioral patterns transdiagnostically

• Test and extend the use of  zero-shot prompting

for psychological and clinical applications

• Help industry partners build psychological 

knowledge into newest AI models and agents

• Deepen connections with industry, establishing 

career paths for KU students and research funding

• Thanks to everyone who supported me along the way!

affcom.ku.edu



THANK YOU! QUESTIONS?

Kassy

Gray

(KU)

Aaron

Simmons

(KU)

Yuanyuan

Yang

(KU)

Dasha

Yermol

(KU)

Daiil

Jun

(KU)

Dr. Brett

Welch*

(UH)

Youssouf

Kebe†

(CMU)

Graduate Student, Postdoctoral*, and External† Mentees

Victoria

Lin†

(CMU)
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