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INTEGRATING Al INTO CLINICAL MEDICINE




@CHATGPT INTELLIGENCE

COMMENCEMENT SPEAKER
REPEATEDLY GETS BOOED BY UCF
STUDENTS AFTER SHE CALLS Al THE
'NEXT INDUSTRIAL REVOLUTION'

[SWIPE FOR MORE]

[

Former Google CEO Eric Schmidt
Booed At University of Arizona While

Talking About Al; Reminds Grads

They Can Help Shape Al Future
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Types of Artificial
Intelligence

Machine Learning
Reinforcement Learning
Natural Language Processir
RAG Systems
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",;Two thlrds of rural communltles do not have a practicing psychiatrist or psych NP (Stanley BJ J RItIMd 2025 o

' 7-7 When counselors are avallable the quality is variable.




CBT works for a range of s

‘health problems

Hofmann, et al. The efficacy of cognitive behavioral therapy: A review
of meta-analyses."Cog Ther and Re86 (2012).

Situation
Criticized at work

Thoughts

(What goes through my head?)
*I'm not good enough*

Behavior
~ (Whatdoldo?)
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Bienvenidos a Rompiendo
Fronteras un espacio de
Bienestar emocional para todos

Un programa practico y accesible para enfrentar la ansiedad, la
depresion y los conflictos personales. Aprende a cuidar tu salud
mental y la de tu comunidad con estrategias efectivas y faciles

de aplicar.
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¢Qué es Rompiendo Fronteras?
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Chihuahua or
Muffin?
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Assari S. Combined racial and gender differences in the long-term predictive role of education on depressive symptoms and chronic medical

conditions. Journal of racial and ethnic health disparities. 2017 Jun;4(3):385-96. 14
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Patient barriers include
Transportation

Health and mobility Session 1: Rationale for Treatment
Sgﬁ%%'ﬁmz Session 2: Stretching
Stigma Session 3: Exercise
Typical CBT Session 4: Breathing
Program for Session 5: Relaxation
Chronic Pain Session 6: Unhelpful Thoughts
Session 7: Unhelpful Thoughts (continue
W Session 8: TimeBased Activity Pacing
Challenges of supervisio Session 9: Sleep Skills

Cost and competing

demands &

Session 10: Relapse Prevention
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Average Symptom Score by Session Average Symptom Score by Session
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Murray LK, et al. Understanding mechanisms of change: An unpacking study of the evideAga@sed common-elements treatment
approach (CETA) in low and middle income countrie®ehaviourresearch and therapy. 2020 Jul 1;130:103430.

MacLean RR, et al. Using daily ratings to examine treatment dose and response in cognitive behavioral therapy for chronio:pai

secondary analysis of the ceoperative pain education and se¥management clinical trial. Pain Med 2023 Jul 1;24(7):8454.
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Reinforcement

Learnlng RL is a process of learning from repeated
Interactions with a partially known and
stochastic environment

RL seeks to maximize a numerical value that
represents that benefit for a given user and
the overall population.




reward score:
{steps+painlevel}



JAMA Internal Medicine | Original Investigation | LESS IS MORE

Outcomes as good as
tagqcec Ul ¢ T WH«

Patient-Centered Pain Care Using Artificial Intelligence
and Mobile Health Tools
A Randomized Comparative Effectiveness Trial

John D. Piette, MSc, PhD; Sean Newman, MS; Sarah L. Krein, PhD; Nicolle Marinec, MPH; Jenny Chen, MPH;

I_O ~ IJ _I_ * I I I <y l David A. Williams, PhD; Sara N. Edmond, PhD; Mary Driscoll, PhD; Kathryn M. LaChappelle, MPH;
B u G] O C Robert D. Kerns, PhD; Marianna Maly, MA; H. Myra Kim, ScD; Karen B. Farris, PhD;

therapist time.

Piette JD, et al. Artificial Intelligence (Al) to improve
chronic pain care: Evidence of Al learning. Intelligence
Based Med. 2022.

Piette JD. Cognitive behavioral therapy for chronic
pain supported by digital patient feedback and
artificial intelligence: do patients with socioeconomic
risk factors benefit?. InBased Med. 2024.

Diana M. Higgins, PhD; Eugenia Buta, PhD; Alicia A. Heapy, PhD

IMPORTANCE Cognitive behavioral therapy for chronic pain (CBT-CP) is a safe and effective
alternative to opioid analgesics. Because CBT-CP requires multiple sessions and therapists
are scarce, many patients have limited access or fail to complete treatment.

OBJECTIVES To determine if a CBT-CP program that personalizes patient treatment using
reinforcement learning, a field of artificial intelligence (Al), and interactive voice response
(IVR) calls is noninferior to standard telephone CBT-CP and saves therapist time.

DESIGN, SETTING, AND PARTICIPANTS This was a randomized noninferiority, comparative
effectiveness trial including 278 patients with chronic back pain from the Department of
Veterans Affairs health system (recruitment and data collection from July 11, 2017-April S,
2020). More patients were randomized to the AlI-CBT-CP group than to the control (1.4:1)
to maximize the system’s ability to learn from patient interactions. 20



RESEARCH ARTICLE

ECONOMICS

Dissecting racial bias in an algorithm used to manage
the health of populations

Ziad Obermeyer-4*, Brian Powers>, Christine Vogeli*, Sendhil Mullainathan®*t

Health systems rely on commercial prediction algorithms to identify and help patients with complex
health needs. We show that a widely used algorithm, typical of this industry-wide approach and
affecting millions of patients, exhibits significant racial bias: At a given risk score, Black patients
are considerably sicker than White patients, as evidenced by signs of uncontrolled ilinesses.
Remedying this disparity would increase the percentage of Black patients receiving additional

help from 17.7 to 46.5%. The bias arises because the algorithm predicts health care costs rather than
illness, but unequal access to care means that we spend less money caring for Black patients than



B Diabetes severity: HbA1c

A Hypertension: Fraction clinic visits with SBP >139 mmHg
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Counterfactually Fair Reinforcement
Learning via Sequential Data Preprocessing

Jitao Wang!?, Chengchun Shi*", John D. Piette®©,
John R. Loftus®d, Donglin Zengh¢, Zhenke Wul:!

IDepartment of Biostatistics, University of Michigan, USA
’Department of Statistics, London School of Economics, UK
SDepartment of Health Behavior and Health Equity,
School of Public Health, University of Michigan, USA
Hitwang@umich.edu , b-: shi7@lse.ac.uk, “ipiet te@umich.edu,

d j.r.Joftus@lse.ac.uk, “dzeng@umich.edu, ! henkewu@umich.edu
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Clinician -dominated interaction (bad):

Therapist talking
90% of the time

More eqgalitarian interaction (better):

Therapist talking
40% of the time

\
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What Makes a Good Counselor? Learning to Distinguish between
High-quality and Low-quality Counseling Conversations

Verénica Pérez-Rosas', Xinyi Wu', Kenneth Resnicow?, Rada Mihalcea'
!Computer Science & Engineering, University of Michigan, USA

2School of Public Health, University of Michigan, USA
{vrncapr, wuxinyi, kresnic, mihalcea}@umich .edu

Abstract

The quality of a counseling intervention re-
lies highly on the active collaboration between
clients and counselors. In this paper, we ex-
plore several linguistic aspects of the collab-
oration process occurring during counseling

we explore which aspects of the collaboration pro-
cess occurring between counseling participants are
related to counseling quality. Our categorization
of counseling quality relies on general counsel-
ing principles taken from the literature on client-
centered counseling (Miller and Rollnick. 2013).

25



The Motivational Interviewing (Ml) Spirit

Respect Acceptance
Empathy Patience
Hope Collaboration

26
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MI Treatment Integrity (MITI) Scoring: Global Dimensions
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Cultivating Change Talk

Low

1

2

3

4

Clinician shows no
explicit attention to,
or preference for,
the client’s language
in favor of changing

Clinician sporadically

attends to client
language in favor of
change - frequently

misses opportunities

to encourage change
talk

Clinician often

attends to the client’s

language in favor of
change, but misses
some opportunities

to encourage change

talk

Clinician
consistently attends
to the client’s
language about
change and makes
efforts to encourage
it

High

Clinician shows a
marked and
consistent effort to
increase the depth,
strength, or
momentum of the
client’s language in
favor of change

-

Partnership

Low

High

1 2 9 4
Clinician actively Clinician Clinician Clinician fosters Clinician actively
assumes the expert superficially incorporates collaboration and fosters and
role for the responds to client’s power sharing so encourages
majority of the opportunities to | contributions but that client’s power sharing in
interaction with collaborate. doessoina contributions the interaction in
the client. lukewarm or impact the such a way that
Collaboration or erratic fashion. session in ways client’s
partnership is that they contributions
absent. otherwise would substantially
not. influence the
nature of the
session.
| -

Softening Sustain Talk

Empathy

Low

High

i\

2

3

4

Clinician consistently
responds to the
client’s language in a
manner that
facilitates the
frequency or depth of
arguments in favor of
the status quo.

Clinician usually
chooses to explore,
focus on, or respond
to the client’s
language in favor of
the status quo.

Clinician gives
preference to the
client’s language in
favor of the status
quo, but may show
some instances of
shifting the focus
away from sustain
talk.

Clinician typically
avoids an emphasis
on client language
favoring the status
quo.

Clinician shows a
marked and
consistent effort to
decrease the depth,
strength, or
momentum of the
clients language in
favor of the status
quo.

Low

1

2

3

4

Clinician gives little
or no attention to
the client’s
perspective.

Clinician makes
sporadic efforts to
explore the client’s

perspective.
Clinician’s
understanding may
be inaccurate or may
detract from the

client’s true meaning.

Clinician is actively
trying to
understand the
client’s perspective,
with modest
success.

Clinician makes
active and repeated
efforts to understand
the client’s point of
view. Shows evidence
of accurate
understanding of the
client’s worldview,
although mostly
limited to explicit
content.

High

Clinician shows
evidence of deep
understanding of

client’s point of view,
not just for what has
been explicitly stated
but what the client
means but has not
yet said.

o
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MI Treatment Integrity (MITI) Coding System
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MI-Adherent Behaviors

n Seeking Collaboration | g
mReerctions\ | / "\*"'
£

nEmphasizing Autonomy 3
nAffirmations :
|nOpen Questions|

!

Ml Non-Adherent Behaviors
Persuading: Overt attempts to change opinions
using logic or arguments; Giving unsolicited
advice or solutions

Confronting: Direct disagreement or challenging

q
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JOURNAL OF MEDICAL INTERNET RESEARCH Tanana et al

Qriginal Paper

Development and Evaluation of ClientBot: Patient-Like
Conversational Agent to Train Basic Counseling Skills

Michael ] Tananal, PhD; Christina S Somaz, MEd; Vivek Sril<umar3, PhD:; David C Atkins4, PhD:; Zac E Imelz, PhD

lSocial Research Institute, College of Social Work, University of Utah, Salt Lake City, UT, United States
2College of Education, University of Utah, Salt Lake City, UT, United States

3School of Computing, University of Utah, Salt Lake City, UT, United States
4Psychiat1‘y and Behavioral Science, University of Washington, Seattle, UT, United States
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rParticipants in ClientBot used 91% more reflections during
practice with feedback and 76% more reflections after
NPT HeHE Ws ¢t Wl J3ay2J1 W J4G¢c qR2
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ANNO-MI: A DATASET OF EXPERT-ANNOTATED COUNSELLING DIALOGUES

Zixiu Wu*™2, Simone Balloccu*?, Vivek Kumar®',
Rim Helaoui', Ehud Reiter®, Diego Reforgiato Recupero®, Daniele Riboni?

1Phi1ips Research, Eindhoven, Netherlands
’Department of Mathematics & Computer Science, University of Cagliari, Cagliari, Italy
3Department of Computing Science, University of Aberdeen, Aberdeen, UK

Tzixiu.wu@philips.com

ABSTRACT

Research on natural language processing for counselling di-
alogue analysis has seen substantial development in recent
years, but access to this area remains extremely limited due
to the lack of publicly available expert-annotated therapy
conversations. In this work, we introduce AnnoM1I, the first
publicly and freely accessible dataset of professionally tran-
scribed and expert-annotated therapy dialogues. It consists
of 133 conversations that demonstrate high- and low-quality
motivational interviewing (MI), an effective counselling tech-
nique, and the annotations by domain experts cover key MI
attributes. We detail the data collection process including dia-
logue selection, transcription and annotation. We also present
analyses of AnnoMT and discuss its potential applications.

11] and deep learning methods [12, 13, 14, 15] have both
been leveraged to predict MI codes and aspects such as thera-
pist empathy. More recently, Pérez-Rosas et al. [16] released
a dataset of high- & low-quality-MI* dialogues taken from
online video-sharing platforms and analysed the linguistic as-
pects that distinguish between MI-adherent and non-adherent
therapy. On the other hand, Wu et al. [17, 18] explored pre-
dicting therapist empathy in low-resource settings.

Despite its progress, MI-related natural language process-
ing (NLP) has been limited by the lack of publicly available
MI conversations due to privacy constraints. Most work
has been based on undisclosed corpora of MI dialogues and
annotations, making it difficult to reproduce and build on
previous findings. To the best of our knowledge, the only
publicly and freely accessible MI corpus is from [16], based

32
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