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Structured Abstract 

Purpose: Motivational interviewing (MI) is an evidence-based, patient-centered approach to 

interaction with patients focused on eliciting from patients their own motivations to make healthy  

behavior changes. However, the approach is not utilized by many health professionals due to 

insufficient training, so that an ineffective tendency to simply  educate  patients prevails. The 

objective of this research was to further develop and test our  Real-time Assessment of Dialogue 

in Motivational Interviewing (ReadMI) system  to help make MI training more efficient.  

Scope: ReadMI makes use of the latest advances in deep-learning-based speech recognition, 

natural language processing (NLP), and mobile and cloud computing technologies to enable 

automatic and instantaneous MI training assessment and analysis. In real time, metrics are 

produced to provide feedback on behavioral components of MI, including percentage of time the 

provider is speaking, use of open- and closed-ended questions, and use of reflective 

statements.  

Methods: After additional refinement of the ReadMI tool, a randomized controlled trial (RCT)  

was conducted with 83 medical residents and 125 medical  students. Control group  learners  

received only subjective feedback for their performance in a MI role play, prior to conducting a 

second role play, whereas intervention condition learners received both subjective feedback and 

ReadMI.  

Results: Learners in both conditions improved their MI skills, but those in the intervention 

condition used significantly more open-ended and fewer closed-ended questions  in the second 

role play.  

Key Words:  motivational interviewing, artificial intelligence, medical education, patient 

engagement  



 

 

 

 

  

 

 

 

 

 

 

 

  

  

 

 

 

 

Purpose 

Motivational interviewing (MI) is an evidence-based, brief interventional approach found 

to be effective in eliciting patient motivation to make positive health behavior changes.1 Patient 

health behavior is a critical aspect of effect chronic disease prevention and management, so 

effective patient engagement and activation through the use of MI is an important skill for 

healthcare professionals. However, due to limited and ineffective training, MI is under-utilized. 

This project aims to transform training in motivational interviewing (MI) with a software-based 

solution that analyzes practitioner responses and gives immediate feedback on how to improve 

MI skills with at-risk patients. Our innovative MI training program is intended to advance the skill 

development of physicians and other healthcare professionals in their use of the MI approach 

with patients. 

We have developed a software-based MI training program, “Real-time Assessment of 

Dialogue in Motivational Interviewing” (ReadMI), making use of deep-learning-based speech 

recognition and natural language processing, implemented through mobile-cloud computing 

technologies to produce a spectrum of MI-relevant metrics. This human-artificial intelligence (AI) 

teaming helps reduce the cognitive load on a training facilitator, such that while ReadMI 

produces feedback on specific skills, the facilitator can give more attention to the overall quality 

and content of the conversation between a provider and patient/client. The metrics produced by 

ReadMI include: provider versus patient talking time, the number of open- and closed-ended 

questions used, the use of reflective statements, and the use of 0-10 scales (for rating 

importance, readiness, confidence, etc.). This research aimed to perfect and test the ReadMI 

training system. 



 

 

   

  

 

  

  

 

 

 

 

  

 

  

 

 

  

  

  

 

  

 

Scope 

One of the major public health and medical challenges in the United States is the 

management of chronic illness, as 60% of adults have at least one chronic condition and over 

40% have more than one.2,3 Patients’ active engagement in their own care is crucial, as 

effective management of chronic illnesses depends more on the behavior of the patient than 

what the medical professional can contribute.4-6 When management plans are tailored to the 

patient’s goals and priorities,7-9 higher levels of patient activation are associated with better 

adherence and improved health outcomes.10-13 

Motivational interviewing (MI) is an evidence-based, brief interventional approach that 

has been demonstrated to be highly effective in increasing patient activation.14,15 MI is a patient-

focused conversation between the provider and the patient that reinforces the patient’s 

motivation to make positive changes in any targeted health behavior. MI involves exploration of 

the patient’s normal and natural ambivalences.16-18 Providers focus on being compassionate and 

nonjudgmental to help patients express their perspective on behavioral change and take 

responsibility for their choices. The MI approach was originally developed for use in treating 

individuals with substance misuse, and continues to be emphasized in that arena.19 Screening, 

Brief Intervention, and Referral to Treatment (SBIRT) is an integrated, evidence-based 

approach aimed at delivering early intervention for drug and alcohol misuse in medical settings 

and has been demonstrated to be effective in reducing illicit drug (including opioid) use.20-23 The 

Brief Intervention component of SBIRT is an application of MI. MI can be effectively taught to 

medical students, residents, and practicing physicians,24,25 yet this patient-centered approach 

tends to be underutilized due to limited and ineffective training.26 

The MI approach can be difficult to teach as the natural inclination of physicians and 

other healthcare clinicians is to take a directive role by educating and instructing the patient with 

steps to improve health.27,28 However, knowledge itself, if not combined with substantial 

motivation, rarely leads to behavior change. MI involves eliciting from the patient their own 



 

  

 

 

 

 

     

   

 

 

 

 

   

  

 

 

 

  

 

 

 

reasons for making a change, rather than the clinician debating with and/or trying to convince 

the patient to change (i.e., the spirit of motivational interviewing).29 During MI training, providers 

learn to talk less, listen more, use reflective statements, and ask open-ended questions. Real-

time feedback on these skills is advantageous in this learning process. 

Methods 

The central hypothesis for this research was that ReadMI will produce significantly better 

MI performance than traditional MI training. The two primary objectives with the project were to: 

1) refine the ReadMI training tool so that 95% accuracy was achieved for provider-vs-patient 

conversation time, number of open- and closed-ended questions, number of reflective 

statements, and use of a change ruler (0-10 scales); 2) conduct a randomized controlled trial 

(RCT) with medical students and residents to determine the potential benefit of adding ReadMI 

feedback to MI training. While ReadMI was originally developed for in-person use, the COVID-

19 pandemic prompted adaptation for virtual use, so that the RCT was conducted using the 

online platform Jitsi.30 Both studies were given an exemption by the institutional review board 

(IRB) of Wright State University, Dayton, OH, as the projects involved research on the 

effectiveness of an instructional technique in normal educational practice. 

Study One.  Transcripts from 48 interviews conducted by medical residents with a 

simulated patient were obtained and analyzed with the ReadMI tool. The context for these 

interviews was a motivational interviewing training module for Internal Medicine and Family 

Medicine residents. These training modules typically include approximately 70% Internal 

Medicine residents and 30% Family Medicine residents, and equal numbers of males and 

females. MI metrics produced by the ReadMI app were examined to identify relationships 

between physician-speaking time and other MI metrics, such as the number of open- and 

closed-ended questions, number of reflective statements, and use of the change ruler. In 



 

 

 

  

 

 

 

 

 

 

 

  

  

 

 

 

  

   

 

  

addition, five MI training facilitators read the transcripts created by the ReadMI app and rated 

physician responses as closed-ended, open-ended, reflective, scale (i.e., change-ruler), or none 

(when the physician’s response was neither closed-ended, open-ended, reflective, nor used a 

change-ruler). 

Interrater reliability statistics were conducted to determine the accuracy of the ReadMI 

app’s analysis of physician responses. Pearson r correlation analyses were conducted to 

examine relationships between physician-speaking time and the number of open- and closed-

ended questions, number of reflective statements, and use of the change ruler. To examine 

interrater agreement among the five raters and the ReadMI app, a Fleiss’ Kappa statistic was 

computed along with the percent agreement. Fleiss’ Kappa is used as index of agreement 

between more than two raters and when the ratings are categorical. An intraclass correlation 

coefficient (ICC) and 95% confidence intervals (CI) were computed to examine agreement 

among the five raters and the ReadMI ratings for the frequency of categories selected. All data 

were analyzed using R (R Foundation for Statistical Computing, Vienna, Austria) and IBM SPSS 

Statistics software (Version 25; IBM Corp., Armonk, NY, USA) and p values < .05 were 

regarded as statistically significant. 

Additionally, using transcripts from 88 role-play sessions (two medical students with one 

playing to role of doctor and the other playing the role of the patient) obtained in previous MI 

training, analyses were completed to further assess the extent to which ReadMI classification of 

provider utterances are consistent with the classification done by two MI trainers. 

Study Two. Third-year medical students (N = 125) doing their required third-year Family 

Medicine Clerkship participated in the RCT. There were approximately 15-16 students for each 

of eight rotations. These eight Family Medicine clerkship cohorts were randomly assigned to an 

Intervention condition or a Control condition. Students in both conditions received subjective 

feedback from the facilitators after a first role-play. However, in the Intervention condition, 



 

 

 

  

  

 

 

 

 

 

 

 

  

 

 

 

 

  

 

feedback included metrics produced by ReadMI, so that knowledge of the ReadMI metrics from 

the first role-play could be incorporated into the subsequent role-play. In the Control condition, 

ReadMI metrics were provided to the students only after all four role-plays had been completed, 

so that these metrics would not influence performance in the second set of role-plays. The 

Motivational Interviewing Knowledge Test (MIKT) was completed by students prior to and 

subsequent the MI practice sessions and was used to statistically control for MI knowledge in 

our analyses.31 The MIKT contains 22 questions, and the number of questions correct was 

summed to create a score. 

A total of 83 medical residents (Internal Medicine, Family Medicine, Pediatrics) also 

participated in the RCT in a separate training module. This module consisted of four weekly 

sessions over the course of a four-week rotation. A similar randomization procedure was 

followed in which rotations, rather than individual residents, were randomized to condition. 

Similar to the process with medical students, intervention condition residents received ReadMI 

metrics along with subjective feedback after practice interviews, whereas those in the control 

condition receive subjective feedback alone. For both conditions, ReadMI metrics were obtained 

for the “final” (week four) interviews. Residents also completed the MIKT prior to and 

subsequent to the MI training module. 

Means and standard deviations were calculated for continuous variables and 

frequencies and percentages for categorical variables. To examine differences in the ReadMI 

metrics and MIKT scores between the intervention and control groups for each session and 

between sessions, independent and paired t-tests were conducted. To assess changes in the 

ReadMI metrics between the sessions and group status, a series of mixed models were 

developed with group, time, and group-by-time interaction entered into the model. A linear 

mixed model (LMM) was used for doctor speak time and percentage of open questions. A LMM 

is an extension of the linear regression model where the data are assumed to follow a normal 

distribution and fixed and random effects are allowed. LMMs can account for multiple data 



 

  

  

  

 

  

 

 

 

   

  

 

  

 

 

 

 

  

 

points and can handle missing data over time. Subject-specific random intercepts and slopes 

were used to account for correlation due to having repeated observations.32 A generalized linear 

mixed model (GLMM), with a negative binomial distribution and a log link was used for the 

open-ended questions, closed-ended questions, total questions, reflections, scale, and ratio 

metrics. A GLMM was used due to the non-normal data and the repeated measures per 

individual. A random intercepts model was used to account for the random variation between 

individuals.31 Adjusted means were calculated and compared using a Tukey’s adjustment. All 

data were analyzed using SAS version 9.4 (Cary, NC), and p-values <.05 were regarded as 

statistically significant. Because of the differences in training format for residents and medical 

students, data were analyzed separately for these two groups of study participants. 

Results 

Study One. Table 1 presents the overall Kappa and the Kappa for the type-of-question 

rating given for each line (n = 313) of provider speech from 48 transcripts by the five human 

raters and the ReadMI app. Interpretation of the Kappa is as follows: <0 is no agreement, 0.01-

0.20 is none to slight agreement, 0.21-0.40 is fair agreement, 0.41-0.60 is moderate agreement, 

0.61-0.80 is substantial agreement, and 0.81-1.00 is almost perfect agreement. Overall, the 

Kappa among the five raters and the ReadMI app was .502 (percent agreement = 33.3%) (p < 

.0001), suggesting moderate agreement. The largest Kappa was for use of the change ruler 

(Kappa = .793; percent agreement = 40.2%; p < .0001), suggesting substantial agreement 

among the five human raters and the ReadMI app, followed by identification of open questions 

(Kappa = .596; percent agreement = 36.2%; p < .0001), suggesting moderate agreement. Least 

agreement was found for reflective statements. For each type of question/statement, the 

frequency of ratings were summed for each rater. An intraclass correlation coefficient (ICC) was 

computed to assess agreement among the frequencies. The ICC among the five human raters 



 

 

       

 

  

 

 

       

   

   

  

   

   

   

    

    

 

 

  

 

 

 

 

 

 

 

and the ReadMI app was .828 (95% CI = .569 - .977). Thus, the ReadMI app analyzed and 

rated the type of question/statement as well as the human raters. 

Table 1. Kappa Statistics Overall and by Type of Question/Statement 

Kappa 

Statistic (% 

agreement) 

p-value 

Overall (with 5 raters and ReadMI app) .502 (33.3) <.0001 

Type of Question/Statement 

(5 human raters and ReadMI) 

Open-ended question .596 (36.2) <.0001 

Closed-ended question .428 (27.0) <.0001 

Reflective statement .351 (20.3) <.0001 

Use of Change Ruler .793 (40.2) <.0001 

None (Physician just talking) .472 (33.1) <.0001 

Additional analyses were completed to further assess the extent to which ReadMI 

classification of provider utterances are consistent with the classification done by two MI trainers 

using transcripts from 88 role-play sessions (two medical students with one playing to role of 

doctor and the other playing the role of the patient) containing 2821 clinician utterances from the 

“doctor role.” Table 2 below presents the overall Kappa and the Kappa for the type-of-question 

rating given for each clinician utterance by the two human raters and the ReadMI app. The 

largest Kappa was for use of the change ruler (Kappa = .772), suggesting substantial 

agreement among the two human raters and the ReadMI app. 



 
      Table 2. Kappa statistics for ReadMI– Expert Instructor Agreement 

 Agreement  Cohen’s kappa Statistic Interpretation of  the 
Cohen’s  kappa  

 Open-ended question 

Closed-ended question  

 88.5% 

92.0%  

 .721 

.629  

  Substantial agreement 

Substantial  
agreement  

 Reflective statement 

Use of  Change Ruler  

None  
(Physician  just  talking)  

 80.7% 

98.7%  

86.3%  

 .480 

.772  

.683  Substantial  agreement  

 Moderate agreement 

Substantial  agreement  

 

   

  

 

 

 

 

 

Study Two. Table 3 presents the ReadMI metrics among the medical student 

participants during the first two sessions and by group status. Overall, there were decreases in 

the average percent of time the doctor spoke (48.2% in role-play #1 versus 41.8% in role-play 

#2; t = 4.5; p < .0001) and increases in the percent of questions that were open questions 

(62.0% in role-play #1 and 69.0% in role-play #2; t = -2.67; p = .008). For the first role-plays, 

there were several differences in the ReadMI metrics between the control and intervention 

groups, with the control group speaking longer (50.4 versus 46.1; t = 2.1; p = .04), having more 

closed questions (5.2 versus 3.4; t = 3.9; p = .0002), and having a lower percentage of 

questions being open (55.0% versus 68.0%; t = -3.7; p = .0003) compared to the intervention 

group. For the second role-plays, the intervention group had a significantly higher percentage of 

questions that were open (75.0% versus 63.0%; t = -3.55; p = .0005),  a lower number of closed 

questions (2.8 versus 5.0; t = 4.6; p < .0001), lower total number of questions (11.3 versus 13.1; 

t = 2.5; p = .02), and a higher ratio of open to closed questions (4.8 versus 2.5; t = -3.7; p = 

.0004) compared to the control group. 



 

 

 

 

          
  

  
 

  
 

  
       
   

 
 

 
 

 
 

 
 

 
       

        
       

        
       

       
 

 
      

  
 

      

  
 

      

 

  

  

 

 

 

 

There were no significant group-by-time interactions for the ReadMI metrics in the mixed 

models. However, for the percent of questions that were open, there was an overall difference 

between the two groups with the intervention group having a higher adjusted mean percentage 

compared to the control group (71.3% versus 60.5%; difference = 10.8%; t = -3.61; adjusted p = 

.0005), and there was an overall increase from role-play #1 to role-play #2 (61.9% versus 

69.9%; difference = -8.0%; t = -4.35; adjusted p <.0001) (data not shown). 

Table 3. READMI Metrics among Medical Student Participants (N = 125) 
Total 
(n = 125) 

Intervention 
(n = 65) 

Control 
(n = 60) 

Session 1 Session 2 Session 1 Session 2 Session 1 Session 2 
Mean (sd) Mean (sd) Mean (sd) Mean (sd) Mean (sd) Mean (sd) 

Doctor Speak Time 48.2 (11.3)a 41.8 (11.0)a 46.1 (11.2)b  40.1 (10.0) 50.4 (11.1)b 43.5 (11.8) 
Open Questions 6.8 (3.2)a 8.3 (3.6)a 7.0 (3.1) 8.5 (4.1) 6.6 (3.3) 8.1 (3.0) 
Closed Questions 4.3 (2.8) 3.9 (2.9) 3.4 (2.4)b 2.8 (2.3)c 5.2 (2.9)b 5.0 (3.1)c 

Total Questions 10.9 (4.4)a 12.2 (4.3)a 10.2 (4.1) 11.3 (4.4)c 11.6 (4.6) 13.1 (4.0)c 

Reflections 6.1 (3.5) 6.5 (3.5) 4.6 (3.5)b 5.0 (3.4)c 7.8 (2.6)b 8.1 (2.7)c 

Scale 0.7 (0.8) 0.7 (0.7) 0.8 (0.9) 0.8 (0.6) 0.7 (0.7) 0.6 (0.7) 
Ratio of Open to 
Closed Questions 

2.6 (2.7)a 3.7 (3.6)a 3.2 (3.1)b 4.8 (4.1)c 1.9 (2.0)b 2.5 (2.5)c 

Ratio of Reflection 
Questions 

0.6 (0.4) 0.6 (0.4) 0.5 (0.4)b 0.5 (0.4)c 0.8 (0.5)b 0.7 (0.3)c 

Percent of Open 
Questions 

62.0 (20.0)a 69.0 (20.0)a 68.0 (20.0)b 75.0 (20.0)c 55.0 (19.0)b 63.0 (17.0)c 

aDenotes  significant  differences  (p<.05)  between sessions  1 and 2 overall  
bDenotes  significant  differences  between groups  during session 1  
cDenotes  significant  differences  between groups  during session 2  

For the resident portion of the RCT, there were 83 residents with READMI metrics data 

recorded. Of those, 64.2% were in the intervention group. The results are aggregated over the 

four-week time period. Overall, the mean percentage of time the doctor spoke was 45.2% ± 

10.8, the average number of open questions was 5.4 ± 3.4, and the average number of 

reflective statements was 5.8 ± 3.5. Although not significant, the intervention group had a lower 

average amount of time the doctor spoke (43.4 versus 47.2), but a higher average number of 

open questions (5.8 versus 4.8). 



          
  

   
 

   
 

  
   

          
 

   
      

        
       

        
       

       
  

 
      

  
  
 

      

     
 

   

  

 

  

 

 

 

     

  

  

 

 

 

Table 4. READMI Metrics by Intervention Group Status for Resident Participants (N = 83) 
Total 

(n = 83) 
Intervention 

(n = 52) 
Control 
(n =31) 

t df p 

Mean (sd) Mean (sd) Mean (sd) 
Doctor Speaking Time
(percentage of time) 

45.2 (10.8) 43.4 (10.4) 47.2 (11.1) 1.4 61 .17 

Open Questions 5.4 (3.4) 5.8 (3.5) 4.8 (3.0) -1.3 81 .20 
Closed Questions 5.0 (3.2) 4.8 (3.1) 5.3 (3.3) 0.7 81 .52 
Total Questions 10.4 (5.1) 10.6 (4.8) 10.1 (5.5) -0.4 81 .66 
Reflective Statements 5.8 (3.5) 5.7 (3.3) 6.1 (3.9) 0.5 81 .61 
Scale 0.3 (0.6) 0.3 (0.6) 0.3 (0.5) -0.1 81 .89 
Ratio of Open to Close
Questions 

1.6 (1.9) 1.8 (2.2) 1.3 (1.3) -1.3 81 .14 

Ratio of Reflective 
Statement to 
Questions 

0.7 (0.6) 0.7 (0.6) 0.6 (0.5) -0.2 81 .87 

Df = degrees of freedom 

While ReadMI metrics measure skill, the MIKT measures knowledge. Students had a 

slightly higher number of questions correctly answered compared to residents (16.04 versus 

15.08; difference = 0.96; t = 2.29; p = .02). When comparing the scores between those in the 

intervention group and those in the control group, the intervention group had a non-significant 

increase in scores (14.65 versus 15.13; t = -0.69; p = .49) while the control group had a non-

significant decrease in scores (15.64 versus 14.55; t = 1.71; p = .12). Among medical students, 

the intervention group had significantly higher scores compared to the control group (16.6 

versus 15.5; p = .03). 

Discussion and Conclusions. Our research demonstrates how artificial intelligence can 

be utilized both for measurement of MI skills and as an instructional aid in training. Improvement 

in the behavioral skills components of MI can be quantified, and reveal improvement from one 

role play to the next. Not surprisingly, students and residents in both the control and intervention 

conditions in our RCT improved from their first to their second role play. However the addition of 

ReadMI metrics to the feedback provided to students in the intervention group was 

advantageous to a statistically significant degree with respect to the doctor talking less and 

using a greater proportion of open-ended questions. It should be also noted that even if the 



 

 

 

 

   

 

   

 

  

 

  

 

 

 

 

  

addition of ReadMI metrics to feedback does not lead to statistically significant improvements in 

performance beyond that attained with subjective feedback from training facilitators, the ReadMI 

tool proved to be valuable in measuring important communication skills and served to quantify 

change in performance. 

Our ReadMI tool allows for real-time quantitative feedback for learners being trained in 

the MI approach, without the facilitator needing to track performance on specific communication 

metrics. This represents a reduction in the cognitive load on the training facilitator so that the 

facilitator can focus on and provide feedback about the qualitative aspects of the interview. This 

is an important step forward in MI training, so that this important patient-centered approach can 

be effectively taught in a time-efficient manner. 

Training in MI can be a time-consuming endeavor, both for a training facilitator and for a 

learner, and available time for such learning can be quite limited in the training of health 

professionals. The use of ReadMI can make MI training more manageable and engaging, and is 

intended to contribute to wider use of the MI approach. Health professionals who have learned 

to incorporate the MI approach into their interaction with patients are better equipped to facilitate 

the patient engagement and activation that are crucial in effective chronic disease prevention 

and management. 
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