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ABSTRACT

Mental health disorder is one of the most common but expensive healthcare conditions
in the world. Yet, more than half of all patients go untreated due to various reasons such as
lack of access to resources and clinicians. On the other hand, providers rely on Electronic
Health Records (EHRs) to compile and share clinical notes, which is a key component of
clinical practice, but time-consuming data entry is considered one of the primary downsides
of EHRs. Many practitioners are spending more time in EHR documentation than direct
patient care, which adds to patient dissatisfaction and clinician burnout.

In this work, we explore the feasibility of developing an end-to-end clinical transcription
tool that fully automates the documentation process for behavioral health clinicians. We
divide the task into several sub-tasks and primarily focus on the following: 1) extraction
and classification of important information from patient-provider conversations, and 2)
generation of clinical notes from extracted information. We develop a dataset of 65
transcripts from simulated provider-patient conversations. Then, we fine-tune a transformer
language model that shows promising results on personalized data extraction (F1=0.94)
and scope for improvement in classification (F1=0.18) of extracted information to EHR
categories. Furthermore, we develop a rule-based natural language generation module that
formalizes all types of extracted information and synthesizes them into clinical notes. The
overall pipeline shows the potential of automatically generating draft clinical notes and
reducing the documentation time for behavioral health clinicians by 70-80%. The findings of
this work have implications for health behavioral care providers as well as machine learning
and natural language processing application developers.
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INTRODUCTION

Mental health falls under the umbrella of behavioral health. Mental health condition is
one of the five most expensive healthcare conditions in the United States (Soni, 2009). The
costs of mental health rose from 35.2 billion in 1996 to 57.5 billion in 2006 and have the
highest out-of-pocket payments among all healthcare conditions since 1996. Mental illness
has become one of the largest public health burdens in most societies (Diederich and Song,
2014). According to Mental Health America, nearly 50 million (19.86%) American adults
experienced a mental illness in 2019, and 27 million (56%) of them did not receive any
form of treatment or counseling (Reinert et al., 2020). More than 24% of American adults
reported unmet needs in 2019 and the percentage has been increasing since 2011 (Reinert
et al., 2020). Over 60% of American youths with major depression did not receive any
treatment (Reinert et al., 2020). Mental health conditions and limited access to resources
are some of the leading health concerns in the state of Montana, especially across Native
American reservations (Kwon and Saadabadi, 2021). In 2019, 89 thousand (51.1%) adults
experiencing a mental illness went untreated in Montana and the availability rate of mental
health providers was only 1:320 (Reinert et al., 2020).

Health informatics has been accepted as a way to use information technology,
communication technology, and computer science to organize and analyze health records
to improve healthcare outcomes (Diederich and Song, 2014). Similarly, mental health
informatics can be a way to improve mental health by advancing the information management
system, increasing mental care in the remote and under-served population, and making
mental care more cost-effective (Diederich and Song, 2014). The World Health Organization

(WHO) identified the potential of mental health informatics to support the delivery of mental
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health care (Rigby et al., 1998). During the course of my thesis work, I primarily focused on
exploring the feasibility of automating clinical documentation for behavioral health clinicians.

Clinical documentation is a key component of clinical practice. Clinicians spend
significant time and effort to keep detailed records on their patients through clinical docu-
ments containing accurate and exact information strictly defining the patient’s conditions,
diagnosis, and treatment plan (Combs, 2020). Clinicians try to keep the clinical documents
clear, consistent, complete, reliable, legible, precise, and timely (Combs, 2020). There are
two major reasons behind such descriptive clinical documentation: 1) ensuring consistency
of care, and 2) demonstrating clinical care practices for reimbursement and legal protection.

Descriptive clinical documentation ensures consistency of care (Combs, 2020). Clini-
cians rely on accurate patient information to create and evaluate treatment plans (Combs,
2020). Clinical documents provide the necessary evidence to integrate clinical expertise with
patient’s unique values and preferences for making medical decisions and monitoring patient
health over time. Patients rely on numerous providers and healthcare professionals to stay
in good health. Clinicians often need to consider past and existing medical conditions to
make the right treatment plan for current problems. Sometimes, patients follow up with a
new provider on their past problems. Clinical documentation is commonly used to facilitate
inter-provider communication providing the healthcare team necessary information to stay
on course and to provide the needed care to the patients. Clinical documents provide quick
and easy access to the patient’s medical history and current treatment plans with other
providers.

Descriptive clinical documentation also demonstrates clinical care practices for reim-
bursement (Reyes et al., 2017). According to a national health interview survey conducted by
National Center for Health Statistics, about 90% of Americans of all ages have some form of
insurance (Cohen et al., 2021). Most insured patients need to pay a small deductible and then

the insurance providers pay the rest of the bill. To get reimbursed for the service provided to
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a patient, healthcare providers need to submit a proof-of-service to the insurance providers.
The proof-of-service should contain detailed information about the care administered during
a patient’s visit. The insurance providers use the provided information to evaluate the
claim and to decide the amount of reimbursement. Clinical documents contain the necessary
information for the insurance providers, and are used as proof-of-service by the healthcare
providers to file medical claims. A well-known phrase, “If you didn’t write it, it did not
happen.”, is often used in medical training to emphasize the necessity of high-quality clinical
documentation (Towers, 2013). In reality, poor or incomplete clinical documentation simply
results in little to no reimbursement for an already provided service (Towers, 2013). Thus,
clinicians put great importance on keeping detailed records of their patients and high-quality
clinical documentation (Combs, 2020; Towers, 2013).

Clear clinical documentation also provides protection for the providers against malprac-
tice claims and disciplinary actions (Zierler-Brown et al., 2007). Providers are required to
keep complete, timely, and detailed records on their patients and failure to keep or maintain
proper patient records is a direct violation against the Code of Federal Regulations, Title
42 § 482.24. The federal government has introduced the False Claims Act (FCA) of 1986
and the Health Care Fraud and Abuse Control program (HCFAC) to combat healthcare
fraud and abuse (Rudman et al., 2009). Providers use clinical documentation to prove
and justify provided services (Zierler-Brown et al., 2007). If a provided service is not
documented properly, at worse, it can be considered as a fraud in the court of law and
result in disciplinary actions (Rudman et al., 2009). Moreover, clinical documents are often
collected by the hospitals for internal review or by professional associations to ensure quality
patient care (Towers, 2013).

Additionally, evidence generated from clinical documentation of various providers
also creates a means for healthcare agencies to research large patient populations which

contributes to automating medical decision makings and improving the quality of patient
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care. Healthcare agencies use this massive database of clinical documentation to expand the
available knowledge of evidence-based clinical practice (Casey et al., 2016).

The practice of compiling and sharing descriptive clinical documentation relies upon
electronic health record (EHR) technology. An EHR is a digital version of a patient’s health
record. According to American Hospital Association (AHA), over 96% of hospitals in the
United States adopted a certified EHR technology by 2015 (Henry et al., 2016). Clinical
records are stored electronically and clinicians use some form of an electronic device to
input their clinical notes. EHRs have improved healthcare quality by reducing the number
of medical errors related to hand-written illegible medical records (Bates et al., 1999). A
study of 1999 showed that adoption of EHR technology reduced medication-related errors by
81% (Bates et al., 1999). The American Recovery and Reinvestment Act (ARRA) of 2009
mandated all public and private healthcare providers and organizations in the United States
to adopt and demonstrate “meaningful use” of a certified EHR system by 2015 (Barrett,
2018). Non-compliant providers in the United States received a 1% reduction in their
Medicare reimbursements with an additional 1% reduction for every additional year of
delinquency, up to 5% in total (Barrett, 2018). The Health Information Technology for
Economic and Clinical Health (HITECH) Act of 2009, passed as part of the ARRA, required
the Office of the National Coordinator for Health Information Technology to promote the
adoption and meaningful use of EHRs which spurred the use of EHR technology in the
United States from 9.4% in 2008 to 96% in 2015 (Henry et al., 2016).

Besides reducing medical errors, healthcare providers also benefit from conserving
physician time, sharing patient information among healthcare practitioners, and efficiently
automating provider workflow by using EHR technologies (King et al., 2014). EHRs are
real-time and provide instant and secure access to authorized users. Physicians can access
information like lab results as soon as they are inputted/ uploaded in EHR. Depending on

EHR technologies, physicians can even access patient information remotely and provide the
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necessary support during emergencies. Modern EHR systems alert clinicians of potential
medication errors or critical lab values. EHRs are also used to notify the providers/ patients
of their future cares, e.g. vaccine appointments or cancer screening. Due to these benefits,
EHRs became a cornerstone of improving the healthcare system (Thakkar and Davis, 2006).

EHRs have downsides as well. The first EHR system was developed in the mid-
1960s (Atherton, 2011). Since then, many other EHR systems were developed by academic
medical centers, the government, and industries (e.g. Epic, Praxis EMR, Cerner, Allscripts,
GE Healthcare, etc.). Some EHR systems, e.g. Epic, are smart enough to detect errors
related to medication and critical lab results. However, clinicians still use traditional
methods, mouse and keyboard, to input their clinical notes in EHRs. In 2015, the American
Medical Informatics Association reported time-consuming data entry as one of the major
problems in EHRs (Payne et al., 2015). A 2016 study reported that providers spent 27% of
their time on direct patient interaction; whereas 49% of their time (almost double) is spent
on EHR documentation working 1-2 hours past their normal work hours each night (Sinsky
et al., 2016). This shows that poorly designed EHR input methods are dislodging healthcare
providers from their primary task - providing healthcare.

The amount of time spent on data entry is not the same across all types of
practitioners (Overhage and McCallie Jr, 2020). Behavioral health clinicians, such as
psychiatrists, collect most of their patient information over interviews and need to document
nearly all information reported during the conversation since this information provides an
understanding of patient’s symptoms and medical conditions making these interviews very
speech intensive (Cruz et al., 2011). Psychiatry residents reported spending approximately
12 hours writing notes and 9 hours reading notes (22 hours in total) per week (Domaney et al.,
2018). Using the EHR led to clinician burnout and high emotional exhaustion particularly
among psychiatrists (Domaney et al., 2018). Note writing during sessions limits face time and

leads to missing important non-verbal cues highly important for correct diagnosis, patient
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dissatisfaction, and clinician burnout(Kazi and Kahanda, 2019). If data entry methods can
be improved especially for behavioral health clinicians, then the same methods can also be
adapted for other practitioners.

Many commercial companies have developed various softwares to improve the data
entry process by utilizing cutting-edge speech recognition (SR) technologies. Software like
Amazon Transcribe Medical', VoiceboxMD?, iScribeHealth?, etc. helps psychiatrists to
record patient notes through speech dictation. Nuance Dragon Medical Practice Edition /
recognizes medical terms from over 60 medical domains, which make note-taking by dictation
more streamlined, accurate, and three times faster than typing (Nuance Communications,
Inc., 2021). A clinical survey of 2019 reported that 78.8% of the clinicians were satisfied
using SR technologies for note-taking and 77.2% of clinicians agreed that SR improves
efficiency (Goss et al., 2019). However, SR marginally reduced the documentation time
compared to typing (Blackley et al., 2020; Vogel et al., 2015). Documentation time remains
one of the major problems against providing health care without a major reduction in data
entry time (Payne et al., 2015).

In 2019, DeepScribe Inc.* utilized rule-based NLP (Natural Language Processing)
and deep learning techniques to develop a proprietary Al (Artificial Intelligence) model
that automatically generates clinical notes. It listens to patient-provider conversations
and summarizes an entire conversation into a clinical note (Deepscribe Inc, 2021). The
model is trainable by a clinician to customize the notes with preferred phrasing and writing
preferences. DeepScribe Inc. claims to reduce the time spent per appointment by 80%.
However, the model includes nearly everything mentioned during the conversation in the

clinical note, which is not ideal for all types of providers. This will likely generate complete

1
2

aws.amazon.com/transcribe/medical /
voiceboxmd.com

3iscribehealth.com

4deepscribe.ai
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notes for primary care physicians but long and redundant notes for psychiatric therapists
that can be hard and time-consuming to review or research.

Natural Language Generation (NLG) has been widely used by researchers and
developers to generate textual documents or reports using machines. NLG is a sub-
field of natural language processing, artificial intelligence, computational linguistics, and
cognitive science (Reiter and Dale, 1997). It is a process of generating understandable
texts in human languages based on some input data that varies widely from non-linguistic
signals to text documents (Reiter and Dale, 1997; Kavlakoglu, 2020). Researchers have used
NLG to auto-generate weather forecast messages from graphical weather maps (Goldberg
et al., 1994), summaries from statistical data (Iordanskaja et al., 1992), reports from
medical information (Buchanan et al., 1995) and physiological signals (Portet et al., 2009),
chatbots (Chen et al., 2018; Wolf et al., 2019), chief complaints from discrete variables in
EHR (Lee, 2018), and many more. NLG is one of the most important building blocks to
automate the process of generating clinical notes.

In this thesis work, we explore the feasibility of completely automating the documen-
tation process for behavioral health clinicians by collecting most of the contents of the
clinical notes directly from the audio recordings of patient-provider conversations. In our
first study (Kazi and Kahanda, 2019), we investigate the problem of generating a case note
given a digital transcript of a conversation. We divide the overall problem into two sub-
tasks: 1) extraction and classification of important information from transcripts, and 2)
develop an NLG module for the summarizing of the extracted text. We compile a dataset
of 18 transcripts and label them with five EHR categories. We train a Support Vector
Machines (SVM) model over this dataset to extract important information from transcripts
and it achieves an overall AUROC (area under the receiver operating characteristic) score
of 0.76. We also develop a rule-based NLG module with limited capability to formalize the

extracted information. The findings of this study were presented and published
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in Proceedings of the 2nd Clinical Natural Language Processing Workshop,
2019 (Kazi and Kahanda, 2019). We discuss more details of this study in Chapter 2.

Thirteen of the 18 transcripts in the previously mentioned dataset (i.e., 72% of the
dataset) are synthetic transcripts. There are a few major drawbacks of using synthetic
transcripts to train an information extraction model. As we increase the number of EHR
categories and apply the model over transcripts of real patient-provider conversations, it
shows poor performance in extracting information. So, in our second study, we generate a
new dataset of 65 transcripts that are directly transcribed using a speech recognition tool
from conversations that closely resemble real-life patient-provider conversations. We use
eight EHR categories to label this new dataset.

We re-train the SVM model (from the first study) on the new dataset and unfortunately,
it fails to successfully extract any important information primarily due to the unbalanced
nature of the data (i.e. only 8.65% of the samples are labeled with EHR categories while
the rest are irrelevant for generating case notes). We also train a Decision Tree model, a
Random Forests model, and a Multi-layer Perceptron model but each of those models displays
mediocre performance on extracting important information. So, in this study, we divert our
attention to transformer-based deep learning to develop a new classification model. We fine-
tune a pre-trained BERT (Bidirectional Encoder Representations from Transformers) model
using the new dataset. The BERT model performs significantly better than the SVM model
and achieves an F'1 score of 0.94 on extracting important information and an overall F1 score
of 0.18 in classification.

Furthermore, we also continue our work on the NLG module and add a new rule to
overcome the limitation of the NLG module from our first study (Kazi and Kahanda, 2019).
The improved NLG module can generate “formal” text for all possible scenarios. We discuss
the development of the new dataset, fine-tuning of the BERT model, and the improved NLG

module in Chapter 3. Overall, we show the potential of our pipeline to automatically generate
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clinical notes directly from patient-provider conversations. We are currently preparing
a manuscript describing this work for submitting to 2022 Annual Conference of
the North American Chapter of the Association for Computational Linguistics
(NAACL).

In a separate, yet highly related study, we investigated the best practices and
improvements for psychiatry transcript annotation. The main goal of the study was
to understand and determine the annotation process for mental health transcripts to
acquire more reliable results considering human factor elements, which will help psychiatric
clinicians and researchers to develop a more accurate Al model for transcript annotation.
The findings of this study were published in Proceedings of the International
Symposium on Human Factors and Ergonomics in Health Care (Sridhar et al.,
2021). As the second student author of the paper, I was primarily responsible for developing
a web-based application that was used to collect the annotations from the participants. The
published paper is included in Appendix C.

In 2010, the National Institute of Mental Health (NIMH) launched a new research
framework called Research Domain Criteria (RDoC) to investigate mental disorders by
integrating research findings across multiple levels of information ranging from genomics
and circuits to behavior and self-report (Carcone and Ruocco, 2017). Before RDoC, the
Diagnostic and Statistical Manual of Mental Disorders (DSM-5) and the International
Classification of Diseases (ICD) are widely used for the classification of biomedical
literature (Lilienfeld and Treadway, 2016). After the RDoC initiative, all existing (i.e.,
annotated with DSM-5 or ICD framework) and future biomedical research articles need to
be categorized with RDoC terminologies in addition to DSM-5 and ICD terms to ensure that
the researchers are not missing critical insights from numerous articles on the different sides
of the categorization divide.

However, manual curation by human annotators can be highly time and resource



10

consuming. The rate of publication is increasing at an exponential rate (International Society
for Biocuration, 2018) and the RDoC framework is comprehensive and complex making the
process of curating research articles challenging for brain researchers (Cuthbert and Insel,
2013).

In order to explore solutions to the above challenges, we introduced an RDoC' task®
in the BioNLP-OST 2019 workshop® for text miners around the world (see Appendix A).
The RDoC task consists of two important sub-tasks that are typical for a triage pro-
cess (International Society for Biocuration, 2018): a) retrieving PubMed abstracts related
to RDoC constructs, and b) extracting the most relevant sentence to a given RDoC
construct from a known relevant abstract. The RDoC task provided an opportunity for the
community to come-together and develop automated and efficient techniques for annotating
biomedical literature with RDoC terminology. We published the findings from this
study in Proceedings of The 5th Workshop on BioNLP Open Shared Tasks,
2019 (Anani et al., 2019). 1 was one of two student organizers for the RDoC Task. I
was primarily responsible for calculating inter-annotator agreement metrics, establishing
baselines, developing a web application to collect as well as validate the participant
submissions, evaluating the submissions, comparing the results, and writing the sections
of the manuscript related to these tasks. The published paper is included in Appendix A.

In an unrelated study, we investigated the detection of student misconceptions in short
answer questions using natural language processing and machine learning. The main goal of
the study was to develop an automated software solution that will eliminate the burden of
manually analyzing student responses by providing immediate and personalized feedback
to the students on their course writing exercises. The findings of this study were

published in 2021 ASEE Virtual Annual Conference Content Access (Becker

Shttps://sites.google.com /view /rdoc-task/
Shttp://2019.bionlp-ost.org
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et al., 2021). 1 was the only student author of the paper, and I was primarily responsible
for fine-tuning a pre-trained transformer language model (BERT-base) to detect sequential
misconceptions in responses. The published paper is included in Appendix D.

In another study involving novel natural language processing and machine learning
applications, we explored the feasibility of automatically cataloging scholarly articles using
semantic categorical keywords. The main objective of this study was to develop an automated
system for cataloging the newly added articles with proper subject headings which will
not only expedite the availability of new articles but also create an easy path to retrieve
the related articles from institutional repositories. The findings of this study were
published in Proceedings of the 16th Conference of the European Chapter of the
Association for Computational Linguistics: Student Research Workshop (Kazi
et al., 2021). 1 was the first author of this paper. The published paper is included in
Appendix B.

The rest of this document is organized as follows: the first study on automatically
generating clinical documentation using digital transcripts along with the development of
the first dataset and the NLG module is described in Chapter 2, and the second study, i.e.
the development of the enhanced dataset, use of transformer-based models, and completion
of the NLG module is described in Chapter 3. Finally, we summarize our findings and

describe potential future works in Chapter 4.



12

AUTOMATICALLY GENERATING PSYCHIATRIC CASE NOTES FROM DIGITAL
TRANSCRIPTS OF DOCTOR-PATIENT CONVERSATIONS

This chapter discusses our first study on generating case notes from a given digital
transcript of a doctor-patient conversation. This work was published and presented
at Proceedings of the 2nd Clinical Natural Language Processing Workshop,
2019 (Kazi and Kahanda, 2019). What follows is a verbaltim copy of the published

article. We use the terms Psychiatrists and Behavioural Health clinicians interchangeably.

Introduction

An electronic health record (EHR) is a digital version of a patient’s health record.
EHRs were introduced as a means to improve the health care system. EHRs are real-time
and store patient’s records in one place and can be shared with other clinicians, researchers
and authorized personals instantly and securely. The use and implementation of EHRs
were spurred by the 2009 US Health Information Technology for Economic and Clinical
Health (HITECH) Act and 78% office-based clinicians reported using some form of EHR by
2013 (Hsiao and Hing, 2014).

Presently, all clinicians are required to digitally document their interactions with their
patients using EHRs. These digital documents are called case notes. Manually typing
case notes is time consuming (Payne et al., 2015) and limits the face-to-face time with
their patients, which leads to both patient dis-satisfaction and clinician burnout. Limited
face-to-face time is especially disadvantageous for working with mental health patients
where the psychiatrist could easily miss a non-verbal cue highly important for the correct
diagnosis. Moreover, EHR’s usability related problems lead to unstructured and incomplete
case notes (Kaufman et al., 2016) which are difficult to search and access.

Due to the above-mentioned downsides of EHRs, there have been recent attempts
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for developing novel methods for incorporating various techniques and technologies such
as natural language processing (NLP) for improving the EHR documentation process. In
2015, American Medical Informatics Association reported time-consuming data entry is one
of the major problems in EHRs and recommended to improve EHRs by allowing multiple
modes of data entry such as audio recording and handwritten notes (Payne et al., 2015).
Nagy et al. (2008) developed a voice-controlled EHR system for dentists, called DentVoice,
that enables dentists to control the EHR and take notes over voice and without taking off
their gloves while working with their patients. Kaufman et al. (2016) also developed an
NLP-enabled dictation-based data entry where clinicians can write case notes over voice and
able to reduce the time by more than 60%.

Psychiatrists mostly collect information from their patients through conversations and
these conversations are the primary source of their case notes. In a long-term project in
collaboration with National Alliance on Mental illness (NAMI) Montana and the Center
for Mental Health Research and Recovery (CMHRR) at Montana State University, we
envision a pipeline that automatically records a doctor-patient conversation, generates the
corresponding digital transcript of the conversation using speech-to-text API and uses
natural language processing and machine learning techniques to predict and/ or extract
important pieces of information from the text. This relevant text is then converted to a more
formal written version of the text and are used for auto-populating the different sections of
the EHR form.

In this work, we focus on the back-end of the above mentioned pipeline, i.e. we explore
the feasibility of populating sections of EHR form using the information extracted from a
digital transcript of a doctor-patient conversation. In order to gather gold-standard data,
we develop a human powered digital transcript annotator and acquire annotated versions of
digital transcripts of doctor-patient conversations with the help domain experts. As the first

step in our two-step approach, we develop a machine learning model that can predict the
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semantic topics of segments of conversations. Then we develop natural language processing
techniques to generate a formal written text using the corresponding segments. In this paper,
we present our preliminary findings from these two tasks; Figure 2.1 depicts the high-level
overview of our two-step approach.

Previous studies most related to our work are (1) Lacson et al. (2006) predicting
semantic topics for medical dialogue turns in the home hemodialysis, and (2) Wallace
et al. (2014) automatically annotating topics in transcripts of patient-provider interactions
regarding antiretroviral adherence. While both studies successfully use machine learning
for predicting semantic topics (albeit different topics to ours) they do not focus on the
development of NLP models for text summarization (i.e. formal text generation).

The rest of the paper is structured as follows. We describe our two-step approach,
data collection and processing, machine learning models and natural language processing
methods in chapter 2. In chapter 3, we report and discuss the performance of our methods.

We summarize our findings, discuss limitations and potential future work in chapter 4.

Methods

Approach

As depicted in Figure 2.1, we divide the task of generating case notes from digital
transcripts of doctor-patient conversations into two sub tasks: (1) using supervised learning
models to predict semantic topics for segments of the transcripts and then (2) using natural
language processing models to generate a more formal (i.e. written) version of the text which
goes in to the corresponding section of the EHR form.

These semantic topics are suggested by the domain experts from NAMI Montana and
correspond to the main sections of a typical EHR form. They are (1) Client details: personal
information of a patient, such as name, age, birth date etc., (2) Chief complaint: refers to the

information regarding a patient’s primary problem for which the patient is seeking medical



15

Figure 2.1: High-level overview of our approach. Task 1: Predicting EHR categories. Task
2: Formal text generation. ML: Machine Learning. EHR: Electronic Health Record.

E Annotated . Task1
: Transcripts —> Tralnlig Data X
E ML Algorithm :
T ML Model R
: Unseen Task2
! Transcript E :
: Predicted !
E EHR Categories :
: Formal Text :
! Generator '

attention., (3) Medical history: any past medical condition(s), treatment(s) and record(s),
(4) Family history: indicates medical history of a family member of the patient, and (5)
Social history: refers to information about patient’s social interactions, e.g. friends, work,
family dinner etc. We call these semantic categories “EHR categories” interchangeably. The
formal text is essentially the summary text that the clinician would write or type into the

EHR form based on the interaction with the patient.

Transcripts of Doctor-Patient Dialogue

Our raw dataset is composed of 18 digital transcripts of doctor-patient conversations

and covers 11 presenting conditions. The presenting conditions are Attention-deficit/
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hyperactivity disorder (ADHD), Alzheimer’s disease, Anger, Anorexia, Anxiety, Bipolar,
Borderline Personality Disorder (BPD), Depression, Obsessive Compulsive Disorder (OCD),
Post Traumatic Stress Disorder (PTSD) and Schizophrenia. All transcripts are labeled with
speaker tags “Doctor:” and “Patient:” to indicate the words uttered by each individual.
Thirteen of these transcripts are synthetic in that they are handwritten (i.e. typed) by a
domain expert from NAMI Montana who has years of experience working with mental illness
patients. Hence, each synthetic transcript represents a real case scenario of conversation
between a patient (suffering from one of the presenting conditions mentioned above) and a
psychiatric doctor/ clinician who verbally interviews the patient in a 2-person dialogue set

up. Table 2.1 reports summary statistics.

Synthetic Transcripts AS Transcripts
Property Total | Mean | STDEV | Total | Mean | STDEV
No. Sentences 1930 | 148.4 55.6 | 1390 | 278.0 74.9
No. Questions 513 | 394 19.8 188 | 37.6 7.1
No. Dialogue turns 861 | 66.2 40.0 684 | 136.8 55.0
No. Sentences spoken by the Doctor 751 | 57.7 30.0 581 | 116.2 44.3
No. Sentences spoken by the Patient | 1179 | 90.6 33.2 809 | 161.8 60.5

Table 2.1: Summary statistics on 13 synthetic transcripts vs. 5 AS (Alexander Street)
transcripts.

Rest of the five transcripts are part of Counseling & Therapy database! from the
Alexander Street website. Hence, we refer to them as AS transcripts for the rest of the
paper. FEach of these AS transcripts is generated from a real-life conversation between a
patient and a clinician. Majority of these transcripts cover multiple mental conditions.

In order to annotate transcripts using semantic topics mentioned above, we develop a
human-powered transcript annotator as shown in Figure 2.2, a responsive web application,

that takes digital transcripts as input, breaks down each transcript into segments where each

Thttps://search.alexanderstreet.com/health-sciences/counseling-therapy
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Annotation Panel

1 Doctor: What's your name? Client
Patient: Please call me Bob.  Details

2  Doctor: What brought you Chief Unannotated Files: 1
here today? Complaint Annotated Files: 0
Patient: There is something Current  Total
wrong with my knee. 1 . .
Client Detail 1 1
It hurts all the time. 1 ] End Rt
3 Doctor: Umm, the test shows f Chief Complaint 1 1
your knee is fine.
Patient: Nobody gets it. But it pg3Dn Medical History 0 0
hurts like hell.
a i Social History 0 0
75" g Family History 0 0

E Others 0 0
. Undo Last Annotation

Download Annotated Transcript (.htm)
Skip Transcript Save Annotations
Download Annotated Data Table (.tsv)

Figure 2.2: Screen shot of the human-powered transcript annotator. Left panel displays an
example transcript while the semantic concepts are shown on the right.

segment starts with a speaker tag (Doctor: or Patient:) and generates samples by pairing
each doctor segment with the followed by patient segment. The application displays the
generated samples, from one transcript at a time, in the same order as they appear in the
transcript and allows the user to annotate them with one of the six semantic topics.

A group of three annotators including two domain-experts from NAMI Montana use
the above annotator tool to single-annotate (through collaboration) all 18 transcripts. As
highlighted in Figure 2.2, annotations are added at the conversation pair level. We define
the conversation pair as the entire text associated with a consecutive pair of “Doctor:” and

“Patient:” speaker tags. Each conversation pair is annotated with one of the five topics
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(i.e. EHR categories). These labels are based on the main focus/ subject/ topic of the
corresponding conversation pair as judged by the expert annotators. Any conversation pair
that was found to be irrelevant to the five categories is annotated with a new category called
“Others”. Conversation pair level annotations eliminated the challenges in annotating a
question or an answer on their own without the proper context provided by the preceding/

following sentences.

Task 1: Predicting EHR Categories

In this task, we use the annotated digital transcripts to generate the training data to
train supervised classification models using two different approaches. These two approaches
mainly differ in how the transcripts were segmented into examples (i.e. training instances)
for generating the training datasets as described in the sections 2 and 2. Regardless of the
approach, we label the examples with one of the six class labels analogs to the semantic
topics (EHR categories): Client Details, Chief Complaint, Family History, Social History,

Medical History and Others.

Training Data - Model 1 In this approach, we build a training dataset by taking a

conversation pair as a single example (i.e. instance). Each example contains at least two
sentences where the first sentence is spoken by the doctor and the second sentence is spoken
by the patient. The class label for each example is the corresponding annotation from the
original transcript; this results in six class labels. A short examples of the training dataset
and distribution of class labels are reported in Tables 2.2 and 2.3.

Segmenting the transcripts into training examples in this fashion is convenient because
there is a one-to-one mapping between the semantic topics in the original annotated
transcripts and the class labels of the examples; additional reconciliation is not needed.
However, sometimes, the doctor or the patient talks about more than one topic (inside

the same conversation pair). For example, although example 2 in Table 2.2 is labeled with
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No. Example Class Label
1 | Doctor: How many voices do you hear?

Patient: Two. They talk all the time.

2 | Doctor:  Your record shows that you take antidepressants pills
regularly. Do you hang out with your parents, co-
workers or friends? Do you talk to them?

Patient: Sometimes I hang out with my mom. Yes, I talk to
my co-workers but only for work. I used to have a
friend who moved couple months ago and we don’t
talk anymore.

Chief Complaint

Social History

Table 2.2: Examples in Model 1 training data.

Synthetic
Class Label Vodel 1T Model All
Chief Complaint 309 870 | 1746
Client Details 32 88 | 198
Family History 28 101 | 149
Medical History 34 74 85
Others 12 174 | 264
Social History 19 51 | 110
Total 434 1358 | 2552

Table 2.3: Distribution of class labels in training data. All: represents Model 2 training data
with all 18 transcripts.

Social History, the conversation pair is composed of information relevant to both the medical
history and social history. Therefore, segmenting the transcript to smaller pieces could be
more beneficial for improved overall performance. This is the motivation for the second

approach mentioned in the next section.

Training Data - Model 2 In this approach, we use a finer-level granularity (than

conversation pairs) for segmenting the transcripts for generating training examples. We start

with the Model 1 training data and tokenize the text of each example at the sentence level
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by identifying the sentence boundaries using sentence tokenizer in NLTK?2. We first assign
labels to each sentence based on the class label of the original source (i.e. conversation pair).
Then, one of the human annotators manually reviewed the class labels and makes corrections
if needed.

However, labeling at the sentence-level is also challenging because the information that
defines the topic (class label) lies in the question and is sometimes followed by a short answer,
e.g. Table 2.4 example 1. We also observe the opposite scenario where the answer holds
the context, e.g. Table 2.4 example 2, and scenarios where the information lies in both the
question and the answer, e.g. Table 2.4 example 3. So, it is understood that without pairing
the questions with their corresponding answers (or being aware of the context provided
by the question or the answer), it is challenging even for human annotators to label these
sentences individually. However, We also observe that a question is commonly followed by
its corresponding answer in the form of a non-interrogative sentence. Therefore, we use the
following approach to overcome the above challenge.

We first combine the grammatical rules of the English language in forming a ques-
tion (British Council, 2019) and spaCy?, an industrial-strength natural language processing

API, to identify the questions in the transcript. Then, to preserve the context, we pair

Zhttps://www.nltk.org/
3https://spacy.io/

# | Question-answer pair Class Label
1 | Doctor: How old are you? Client Details
Patient: 23.

2 | Doctor: ' Who do you take? Medical History
Patient: I take Ibuprofen.
3 | Doctor:  What is your name? | Chief Compliant
Patient: Name is a game.

Table 2.4: Question-answer pair dependency.
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No. | Example Class Label
1 | How many voices do you hear? Two. Chief Complaint
2 | They talk all the time. Chief Complaint
3 | Your record shows that you take antidepressants pills regularly. | Medical History
4 | Do you hang out with your parents, co-workers or friends? Do | Social History

you talk to them? Sometimes I hang out with my mom.
Yes, I talk to my co-workers but only for work. Social History
6 | I used to have a friend who moved couple months ago and we | Social History
don’t talk anymore.

ot

Table 2.5: Examples in Model 2 training data.

each question with the following non-interrogative sentence and combine them into a single
example. In other words, Model 2 training instances can be single sentences or a conversation
pair or anything in between. Several examples of Model 2 dataset is shown in Table 2.5.

These examples correspond to the Model 1 examples depicted in Table 2.2.

Machine Learning Models To explore the feasibility of classifying information from

digital transcripts, we train separate supervised learning classifiers using both training
datasets (i.e. Model 1 and Model 2). Specifically, since each instance is annotated with
exactly one class label (out of six), we model this as a multi-class problem and use the
one-vs-rest (Bishop, 2006) classification strategy.

We apply Support Vector Machines (SVMs) as our machine learning algorithm (which
was found to be the best performer in an initial study in comparison with a few other popular
machine learning algorithms: A-Nearest Neighbors, Naive Bayes, Decision Tree, Neural
Networks — data not shown). We use stop word removal and lemmatization for pre-processing
and Bag-of-Words model for feature extraction. We use sci-kit learn (Pedregosa et al.,
2011) python machine learning library for implementing these models. For our preliminary
experiments reported in this paper, we do not use any model checking or parameter tuning

and use default settings.
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Task 2: Formal Text Generation Due to the error-prone nature of Model 1 training data

described above, we exclusively use Model 2 training data for the formal text generation.
The high-level idea is that in order to generate a case note for an unseen transcript, we first
segment the transcript at the Model 2 granularity and predict the EHR categories using the
Model 2 classifier. Then instances are grouped based on their predicted EHR categories.
Generating case notes with sentences as they appear in the transcripts (i.e. verbatim) will
result in redundant case notes that will be difficult to search for important information. An
assertive sentence generated by gathering information from a question-answer pair will be
easier to read and concise. Therefore, for each category, a formal written version of the text
is generated using the method described below. We ignore ‘Others’ category in our current
setup because they represent irrelevant information and any information under this class is
likely not important for case note.

In order to generate formal text from an instance, the entire text needs to be rewritten
using an assertive sentence, subject in third person singular form, correct tense, verb form
and sentence structure. We concatenate each piece of formal text within the category to
form a paragraph. Thus, our method results in generating a case note composed of five
paragraphs corresponding to the first five EHR categories.

As illustrated in Figure 2.3, our method generates formal text in several steps. As
mentioned above, a sample can be either a sentence or a question-answer pair (as depicted
in Table 2.5). First, we identify the number of sentences in the example text. Examples
composed of a single sentence (e.g. Table 2.7, examples 1-3) requires minimal processing to
generate formal text. We use part-of-speech tagging from python module spaCy to identify
the subject, main verb and the auxiliary verb(s) of the sentences. If the subject is a first
(I) or second person (you), the subject is replaced with the third person singular form
(he/she). Clinicians typically collect personal information, such as name, gender and contact

information, prior to their conversation or appointment and so they can be fed into our model
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( Formal Text )

Figure 2.3: An overview of formal text generation steps.

as input to generate accurate case notes.

If the sentence contains auxiliary verb(s), the first auxiliary verb is replaced with its
third person singular form, e.g. am with s, and the second auxiliary verb, if any, and the
main verb are kept as they are. If the sentence does not contain any auxiliary verbs, the
proper form of the main verb depends on the tense of the sentence. If the sentence is in the
present tense, the main verb is replaced with its third person singular form, e.g. run with
runs. For sentences in the past tense, the main verb is kept unchanged since the form of the

verb is the same for all persons, e.g. took. A sentence in future tense contains at least one
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auxiliary verb, shall or will, and therefore our method processes the sentence as a sentence
in the present tense; there is no need to add any additional functionality to cover this tense.

If an instance is composed of multiple sentences, the last sentence is always a non-
interrogative sentence and is the answer to the question posed in the very first sentence. In
this case, the formal text depends on both the question and the answer. If the answer starts
with an affirmation or negation word (e.g. yes, no, yeah, never), the question is changed
to an affirmative or negative sentence, respectively, and the assertive sentence is added as a
separate sentence after removing the leading affirmation or negation word (e.g. Table 2.7,
examples 4-5). If the answer does not start with any affirmation or negation word, the
answer is further analyzed to see whether it is a short answer. If not, the question text is
ignored and the answer text is returned as the formal text (e.g. Table 2.7, example 6).

In the case of short answers, an answer alone does not provide the full context to
construct the formal text and we need to rely on both the question and the answer. For
e.g. the wh- questions (e.g. when, who) are usually followed by a relatively short answer
that requires context from the question text as well. This required more sophisticated rules
and we are presently working on generating formal text for this scenario. Examples and the
intended “ideal” formal text for them are given in Table 2.8.

While generating formal text, all first and second person pronouns, regardless their
position, are replaced with their third person singular form and the verbs are also replaced
with its third person singular form, where applicable. Regular expressions are used to remove
leading words (e.g. ok, right, yes, and, but, hmm) from the assertive sentences that have no
importance to be included in the formal texts. This functionality was implemented using

NodeBox* Python library.

4https://www.nodebox.net /code/index.php/Linguistics
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Experimental Setup and Metrics

In terms of Task 1, we evaluate our supervised machine learning models using 5 fold
stratified cross-validation and the performance is reported using the AUROC (Area Under
the ROC Curve) scale (Bewick et al., 2004). A score of 1 corresponds to the performance
of an ideal classifier whereas a score of 0.5 relates to the performance of a random classifier.
Because Task 2 (formal text generation aspect) of the project is a work-in-progress, we
highlight the scenarios that our model is able to handle and mention the more challenging

scenarios in future work.

Results and Discussion

In an initial experiment, we assessed the performance of Model 1 and Model 2 training
data using the 13 synthetic transcripts. According to our preliminary results, SVMs with
linear kernel performs the best with a macro-average AUROC score of 79% for Model 1.
For Model 2, the SVMs classifier achieves a macro-average AUROC score of 81%. However,
note that these numbers are not directly comparable because Model 1 training instances are
different from that of Model 2. Still, this suggested that Model 2 is superior in performance.

This is intuitive because Model 2 training data is a more refined dataset as described

Class Label AUROC | STDEV
Chief Complaint 0.74 0.02
Client Details 0.73 0.04
Family History 0.77 0.04
Medical History 0.78 0.07
Others 0.84 0.03
Social History 0.67 0.06
Macro-average 0.76

Table 2.6: Performance of Model 2 training data using all transcripts (13 artificial and 5
AS). Performance collected through 5-fold cross validation, repeated 10 times.
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previously. This observation, coupled with the fact that Model 2 data are more conducive

to formal text generation, we used Model 2 training data for the rest of the experiments.

Next, we assessed the performance of Model 2 using all the transcripts (i.e. 13 synthetic

No. | Example Generated Formal Text

1 | I do not seem to be coping with things. | He does not seem to be coping with

things.

2 | I woke up about 4 am last night. He woke up about 4 am last night.

3 | My sister said I should come. His sister said he should come.

4 | Do you have any sort of hallucination | He does not have any sort of hallucina-
and delusion? No. tion and delusion.

5 | Has this been going on for some time? | This has been going on for some time. A
Yeah, a few months really. few months really.

6 | Ok, so what is brought you here today? | His sister’s noticed, he is just a bit fed
My sister’s noticed, I am just a bit fed | up really with some mood swings.
up really with some mood swings.

Table 2.7: Formal Text Generation: example inputs and the generated text.
No. | Example Ideal Formal Text

1 | Where do you work? A shop near the | He works in a shop near the mall.
mall.

2 | When did you wake up last night? It was | He woke up before 4 last night.
before 4.

3 | When did that happen? Then I was 10. | That happened when he was 10.

4 | How often do you exercise? Not that | He does not exercises much. He plays
much, I play basketball on Mondays | basketball on Mondays and goes for a run
and go for a run on Wednesdays and | on Wednesdays and Saturdays.
Saturdays.

5 | Which color shall we use? Red, use red. | We shall use red.

6 | In what way does he push her? Not like | He does not push her with hands, just
with hands, just ignores her to make her | ignores her to make her mad.
mad.

Table 2.8: Formal Text Generation: challenging examples (requiring sophisticated rules) and

their

1deal formal text.
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and 5 AS transcripts). There is a clear performance dip (0.81 vs. 0.76) when the AS
transcripts are added to the training data. This is intuitive because we believe the AS
transcripts may have lead to data that is harder to generalize for the classifiers. The reason
is that the majority of them is associated with multiple presenting conditions and hence the
content of the questions and answers may be broader than synthetic transcripts. Also, the
language characteristics between the synthetic and AS transcripts have a noticeable difference
according to Table 2.1. However, this provides valuable insight into the importance of the
robustness of the classifier. In other words, caution must be exercised when synthetic data
are used for training machine learning models. Note that we did not conduct a separate
experiment with only the AS transcripts because the number of examples for some of the
ill-represented classes were deemed inadequate.

We observe that the performance for the individual semantic topics (EHR categories)
fall in the range of 0.67 (Social History) and 0.84 (Others) as depicted in Table 2.6. But
there is no correlation between the class distribution and the performance as evident from
Table 2.3. Overall, these numbers suggest that the words of the transcript are reasonably
informative for differentiating EHR categories but there is definitely room for improvement.
One such improvement may come from focusing on the type of the words in addition to

their lexical value. This view is supported by the top 5 tokens identified by the classifier

Class Label Top five features
Chief Complaint | percent, stuff, feeling, number, feel
Client Details meet, learned, write, pack, style

Family History | cousin, supportive, dad, married, family
Medical History | teen, asthma, dr., prozac, advair

Others lab, ok, let, right, thank

Social History comment, wellbutrin, racist, share, friend

Table 2.9: List of top five features per category used by the machine learning classifier.
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as the most important tokens for each category (Table 2.9). For example, many of the
top words for Family History are names of family members. We also emphasize that the
performance reported is from models that work with BoW features and default parameter
values, suggesting that the use of a comprehensive feature/ model selection procedure would
likely yield better results.

As mentioned above, our formal text generation module is able to handle the scenarios
listed in Table 2.7. However, instances in which the context lies in both the question
and the answer (e.g. Table 2.4 example 3) are clearly more challenging and hence would
require sophisticated rules. In such cases, the challenge is to extract information from both
the question as well as the answer and to form an assertive sentence using the combined
information. We are currently working on this scenario. Table 2.8 depicts examples from

this scenario and the ideal formal text that must be generated.

Conclusion and Future Work

In this work, we focus on the problem of automatically generating case notes from
digital transcripts of doctor-patient conversations, using a two-step approach: (1) predicting
EHR categories and (2) generating formal text. On the task of predicting semantic topics for
segments of the transcripts, we develop a supervised learning model while for the subsequent
task of generating a formal version of the text from those segments, we develop a natural
language processing model. According to preliminary experimental results obtained using
a set of annotated synthetic and real-life transcripts, we demonstrate that our two-step
approach is a viable option for automatically generating case notes from digital transcripts
of doctor-patient conversations.

However, as noted previously, this is an ongoing project. The immediate attention is
paid to handling the case of generating case notes for examples related to short answers

given in Table 2.8. Due to the complexity of this scenario, sophisticated rules that make use
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for entities identified in the text must be utilized. We plan to transcribe authentic doctor-
patient interactions and train a new classification model using these transcripts. We also
intend to build a prototype and send it to clinicians for testing using PDQI-9 (Stetson et al.,

2012) to check the quality of our generated case notes.
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CURAVOICE: AN END-TO-END AUTOMATED CLINICAL TRANSCRIPTION
SYSTEM FOR BEHAVIOURAL HEALTH CLINICIANS

This chapter discusses our latest approach of generating clinical notes directly from
patient-provider conversations. We are currently preparing a manuscript to submit this
work to the 2022 Annual Conference of the North American Chapter of the Association

for Computational Linguistics.

Introduction

Clinical documentation is a key component of clinical practice. Clinicians put their
full effort to keep detailed records on their patients for evidence-based patient care and
to get reimbursed for the care provided. Clinical documents are used to facilitate intra
and inter-provider communication, provide the healthcare team necessary information to
stay on course, create/ evaluate treatment plans, query patient history, research a large
patient population, and for numerous other purposes. According to American Hospital
Association (AHA), over 96% of hospitals in the United States adopted a certified Electronic
Health Record (EHR) technology by 2015 (Henry et al., 2016). EHRs were introduced to
improve healthcare quality by reducing the number of medical errors related to hand-written
illegible medical records (Bates et al., 1999). A 1999 study showed that the adoption of EHR
technology reduced medication-related errors by 81% (Bates et al., 1999). The American
Recovery and Reinvestment Act (ARRA) of 2009 mandated all public and private healthcare
providers and organizations to adopt and demonstrate “meaningful use” of a certified EHR
system by 2015 (Barrett, 2018). Non-compliant providers in the United States received a
1% reduction in their Medicare reimbursements with an additional 1% reduction for every
additional year of delinquency, up to 5% in total (Barrett, 2018). The Health Information
Technology for Economic and Clinical Health (HITECH) Act of 2009, passed as part of the
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ARRA, required the Office of the National Coordinator for Health Information Technology to
promote the adoption and meaningful use of EHRs which spurred the use of EHR technology
in the United States from 9.4% in 2008 to 96% in 2015 (Henry et al., 2016).

Clinicians use traditional methods, mouse and keyboard, to input their clinical notes
in EHRs. In 2015, American Medical Informatics Association reported time-consuming data
entry as one of the major problems in EHRs (Payne et al., 2015). A 2016 study reported that
providers spent about 1.8 times more time in EHR documentation than on direct patient
care (Sinsky et al., 2016). This clearly indicates that the EHR input methods need to be
improved to keep the healthcare providers engaged in their primary task - providing care.

The data entry time varies among different types of clinicians (Overhage and McCal-
lie Jr, 2020). Behavioral health clinicians, e.g. psychiatrists, collect most of their patient
information over interviews and information reported during the conversation provides an
understanding of patient’s symptoms and medical conditions making the interviews very
speech intensive (Cruz et al., 2011). Psychiatry residents reported spending 22 hours per
week reading and writing clinical notes (Domaney et al., 2018) which is much higher than the
average documentation time reported by other clinicians (Overhage and McCallie Jr, 2020).
Note writing during sessions limits face time and leads to missing important non-verbal cues
highly important for correct diagnosis, patient dissatisfaction, and clinician burnout. In this
work, we aim to improve EHR data entry methods for behavioral health clinicians, which
can be adapted for other practitioners as well.

Many commercial companies have utilized cutting-edge SR technologies to improve
the data entry process. Software like Amazon Transcribe Medical’, VoiceboxMD?,
iScribeHealth?, etc. helps clinicians to input their clinical notes through speech dictation.

Nuance Dragon Medical Practice Edition 4 recognizes medical terms from more than 60

Laws.amazon.com /transcribe/medical /
Zyoiceboxmd.com
3iscribehealth.com
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specialized medical vocabularies to make dictation for clinicians more streamlined, accurate
and notes taking three times faster than typing (Nuance Communications, Inc., 2021).
A clinical survey of 2019 reported that 78.8% of the clinicians were satisfied using SR
technologies for note-taking and 77.2% of clinicians agreed that SR improves efficiency (Goss
et al., 2019). However, SR marginally reduced the documentation time compared to
typing (Blackley et al., 2020; Vogel et al., 2015). Without a major reduction in data
entry time, documentation time remains one of the major problems against providing health
care (Payne et al., 2015).

In 2019, DeepScribe Inc.* launched a commercial product called DeepScribe that
automatically generates clinical notes by listening to patient-provider conversations. It
uses deep learning and rule-based NLP (Natural Language Processing) to summarize an
entire conversation into a clinical note which reduces the time spent per appointment by
80% (Deepscribe Inc, 2021). Clinicians can also train the model to customize their notes.
However, the model includes nearly everything reported during the conversation in the
clinical note which generates complete notes for primary care physicians but likely long
and redundant notes for clinicians like psychiatric therapists making the notes hard and
time-consuming to review and research.

In this project, we aim to completely automate the documentation process by collecting
most of the information for the clinical notes from the patient-provider conversation. Instead
of typing or dictating a note from scratch, a clinician starts with a draft clinical note that
is auto-filled with mentioned information during the conversation. Then, the clinician can
add, edit or remove information from the draft note as necessary. Our model does not
draft clinical notes in the same fashion for all clinicians because each clinician has his/her
own preferences for categorizing information. Our model learns the categorization from a

clinician’s daily practices and drafts the notes accordingly. The model also investigates the

4deepscribe.ai
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changes made to a clinical note to stay adaptive to the clinician’s writing style. Once the
model is well-trained (i.e., the learning rate reaches close to zero), we estimate a 70%-80%

reduction in documentation time.
Methods

Approach

The overall pipeline of generating clinical documentation directly from patient-provider
conversations is outlined in Figure 3.1. A patient-provider conversation is recorded using
microphone(s). An existing speech-to-text API is used to transcribe the audio recording into
a digital transcript. Then, the classification model extracts important information from the
transcript and labels them with EHR categories. The NLG module formalizes the extracted

information, group them into paragraphs based on their labels (i.e., EHR categories) and

Patient-provider .

Speech Recognition
Technology <€

(

Audio Recording

Classification Model €

Transcript
L a
»] EHR Categories

Meta
l Information
Clinical
NLG Module

Machine Learning Models EHR Components

Figure 3.1: A high-level overview of our approach.
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return it as a clinical note. Along with the clinical note, a provider can choose to store the

audio recording and the transcript for future use or reference.

Audio Recordings and Transcripts

In our preliminary work, we use a dataset composed of thirteen synthetic transcripts
(i.e., hand-written by a domain expert) and five natural transcripts hand-transcribed from
the real-life patient-provider conversation by professional human transcriber(s). There
are a few major drawbacks of using synthetic transcripts for this research. A synthetic
transcript written by a domain expert does not always truly imitate a real patient-provider
conversation. Often, sentence formations are quite different than the sentences spoken during
a natural conversation. A model trained over synthetic transcripts shows poor performance
in classifying sentences of natural transcripts (data not shown). This raises the necessity of
developing a new dataset with natural transcripts.

Comprising a dataset from real patient conversations for research has some downsides.
Conversations between a patient and a behavioral health clinician are protected under the
Health Insurance Portability and Accountability Act of 1996 (HIPAA) that protects the
privacy and security of certain patient information. Storage, access, sharing, analysis, and
use of such protected data must be HIPAA compliant as well. Any violations of HIPAA
can result in criminal penalties by the Department of Justice (Vanderpool, 2012). To keep
the flexibility of experimenting with and use of components, e.g. transcription APIs, and
resources, e.g. GPU accelerated compute nodes, that are not HIPAA compliant but have the
potential of providing promising results or accelerating the research, we put our best effort
to generate a dataset that closely imitates real patient conversations.

The multimedia resource of Alexander Street Press on behavioral and mental health

programs® includes more than 6,000 transcripts from real-life therapy sessions covering over

Salexanderstreet.com/discipline/behavioral-mental-health
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147 presenting conditions to provide unprecedented access to researchers. We use these
transcripts as the foundation of our dataset. These transcripts are contributed by 264
publishers and are not transcribed in a common format. Most of these transcripts are
transcribed by human transcribers and include non-verbal information, e.g. impression and
action of patients, that does not get recognized by speech recognition APIs. Since these
transcripts do not truly represent the transcripts generated by a speech recognition API, we
can not use them as-is for this research. Instead, we employ six senior psychology students
from Montana State University to enact the conversation captured by these transcripts.
Then, we transcribe the audio recordings using a speech recognition (or speech-to-text) API.

We do not use any specific criteria for selecting the transcripts for enactment. We choose
them at random with a mindset of covering a variety of mental conditions and different
session lengths. The students work in pairs, one enacting the patient and another enacting
the provider, and generate audio recordings of about 30 hours from 65 transcripts. We record
each speaker in a separate (audio) channel to eliminate the need of using Al-based solutions
for speaker diarization. We use the standard model of Google Cloud Speech-to-Text API 6

with separate recognition per channel to transcribe the audio recordings.

EHR Categories

We adapt the EHR categories from the American Psychiatric Association Practice
Guidelines for the Psychiatric Evaluation of Adults. We use the following EHR categories
from the practice guidelines: Client Details (CD), Chief Complaint (CC), History of Present
Illness (HPI), Past Psychiatric History (PPH), History of Substance Use (HSU), Social
History (SH), Family History (FH), and Review of Systems (RS). Clinicians put only the
important information mentioned during a session in the clinical note under one of the EHR

categories. As we can see in Table 3.1 that less than 9% of the contents from the transcripts

6cloud.google.com /speech-to-text
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are included in the clinical notes. We add a new category called Others to represent these

contents that are irrelevant and held out of the clinical notes.

Training Data

We develop an application to generate the training data from the transcripts. A

screenshot of this application is shown in Figure 3.2. The application shows a transcript

on the left side and an empty EHR form (i.e., clinical note) on the right side of the screen.

The EHR form includes a content box for each EHR category. A user can drag and drop

Transcript

Case Note

Clinician:  Please have a seat Kurt. Thank you for coming in
today. How can | help you?

Patient : @ | have been feeling angry low and frustrated.

Clinician: Do you feel depressed?

Patient : I don't know. Maybe | don't know. @ | just feel tired and fed
up things are irritating me and | don't have patience for
anything anymore. @ | don't have any energy or feel like
doing anything. @ I'm only 46 and feel like an old man.

Clinician: How long have you felt this way?

Patient : @ | don't know maybe last 6 months or so.

Clinician: How do you feel when you wake up in the morning?

Patient : Everything seems black and heavy. | feel grumpy and wanted
for everything.

Clinician:  Have you had times where you felt careful?

Patient : It fluctuates between anger and uncontrolled sadness little
things can make me angry or cry. This is not like me. I'm not
a person who cries easily. Usually | don't know what is going
on.

Clinician: How are things going at work?

Patient : Okav. | have been missina a lot more work latelv. 1 iust don't

Chief Complaint @

| have been feeling angry low and frustrated. X

\ J

History of Present lllness @

| just feel tired and fed up things are irritating me and | don't have
patience for anything anymore. ¥ | don't have any energy or feel like
doing anything. ¥ 1'm only 46 and feel like an old man. ¥ | don't
know maybe last 6 months or so. X

\ J

Past Psychiatric History @
No, this is my first time. %

\ J

History of Substance Use @

| am on Advair. ¥ | used to drink a lot a couple of years ago. X 5-6
smokes a day. %

\ J

Social History @

She has left me once through though and came back after a few days.
% | don't think she will be around long. ¥ No, my wife makes me
angry though, and sometimes | throw things she's scared. %

\ J

Family History @

My dad died when he was only 52. %

'O Undo & Clear Selection Save

Figure 3.2: The web interface of the application is used by the students to annotate the

transcripts.
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any number of sentences from the transcript to any of the content boxes. When the user
drops a sentence into a content box, the sentence is labeled with the corresponding EHR
category and added to the database. This way, a user can easily annotate the important
information of a transcript through the process of populating the clinical note by dragging
and dropping the sentences to the correct EHR category. We ask the same psychology
students to generate clinical notes for all 65 transcripts. Each student has prior experience
in writing clinical notes. Therefore, we let the students populate the clinical notes based on
their understanding of the EHR categories without any training or instruction. The count

and distribution of contents from the transcripts across all categories are listed in Table 3.1.

Category | Count | Percentage
CD 332 1.58%
CcC 564 2.96%
HPI 451 2.15%
PPH 121 0.58%
HSU 18 0.09%
SH 145 0.69%
FH 84 0.40%
RS 99 0.47%
Others 19,163 91.35%
Total 20,977 100.00%

Table 3.1: Sample count and distribution across different categories.

Classification Model

We use the pre-trained BERT-Base (uncased) model (Devlin et al., 2018) and fine-tune
it for multi-class text classification. The base model has 12 transformer blocks (i.e., hidden
layers), a hidden size of 768, 12 attention heads, and 110 million parameters (Devlin et al.,
2018). The model is pre-trained for English on uncased Wikipedia and BooksCorpus. For

fine-tuning the model, we use Adam optimizer with a learning rate of 2¢ — 5, € = le — 8§,
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L2 weight decay of 0.01, learning rate warmup over the first 500 steps with linear decay and
Cross-Entropy Loss function. We observe the learning curve and find 5 epochs as optimal.
Any example longer than the 512 tokens is truncated to comply with the token length
restriction. For each example, we apply softmax over the logits returned by the model and

pick the label with the highest probability.

NLG Module

In our previous work (Kazi and Kahanda, 2019), we develop an NLG module that
handles all types of sentences except for short answer QA (Question-Answer) pairs where
the answer alone does not provide the full context. In such cases, we need to mine information
from both the question and the answer to formulate an assertive sentence that we can put
in the clinical note. These QA pairs can cover a wide variety of question types and writing a
rule for each type is time-consuming and is not an efficient solution. After examining clinical
notes of behavioral health clinicians, we discover a simple way of formalizing these QA pairs.
In our improved model, we formalize these QA pairs by prefixing the question with “when
asked” and the answer with “he replied” and by joining the question and answer parts with

a single comma as shown in Table 3.2.

# | Dialogue turn Formal form

1 | Provider: Where do you work? When asked “where do you work”, he
Patient: Near the mall. replied “near the mall”.

2 | Provider: When did you wake up last | When asked “when did you wake up last
night? night” | he replied “it was before 4”.
Patient: It was before 4.

3 | Provider: How does he push her? When asked “how does he push her”, he
Patient: Not like with hands, just ignores | replied “not like with hands, just ignores
her to make her mad. her to make her mad”.

Table 3.2: Text formalization of short answer questions.
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Experimental Setup

We evaluate the performance of our classification model using 5-fold stratified cross-
validation. While fine-tuning the BERT model, we feed the model three examples at a time
due to GPU memory limitation. We report the performance of our model using Precision,
Recall, and F1 scores. Since the category Others represent irrelevant information, we exclude

it from the performance metrics.

Results and Discussion

In our previous preliminary work, we find SVMs with linear kernel performs the best
with a macro-average AUROC score of 0.76. However, the dataset consisted of only 18
transcripts whereas 13 of them were synthetic. When we apply the same model over the new
dataset, not a single sample gets labeled with an EHR category (data not shown). As we can
see from the Table 3.1, only 8.65% of the samples are labeled with EHR categories (whereas
in our previous work it was 89.66%). There are many samples that can be labeled with
at least one EHR category but are labeled with Others because the information in these
samples is not important enough to be included in the clinical note. The previous SVM
model suffers to distinguish between the important and unimportant samples and predicts
all the samples as unimportant due to its majority in the dataset. We also apply Decision
Tree, Random Forests, and Multi-layer Perceptron classifiers (data not shown) and all of
them have displayed performance similar to the SVM model.

In this project, we fine-tune a BERT model as a multi-class classification problem and
assess the performance of this model. Comparatively, the BERT model performs significantly
better than the SVM model on extracting important information. The performance of the
BERT model is shown in Table 3.3 and Figure 3.3. The BERT model achieves an F1

score of 0.94 for the Others category which means the model can distinguish between the
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Category Precision | Recall | F1
CD 0.14 0.09 | 0.11
CC 0.24 0.16 | 0.19
HPI 0.09 0.08 | 0.09
PPH 1.00 0.08 | 0.15
HSU 1.00 0.33 | 0.50
SH 0.15 0.13 | 0.14
FH 0.06 0.06 | 0.06
RS 0.33 0.05 | 0.09
Others 0.93 0.96 | 0.94
Macro 0.44 0.22 1 0.25
EHRC Macro 0.38 0.12 | 0.18

Table 3.3: Performance of the BERT classification model. Macro refers to the overall
performance of the model and FHRC' Macro refers to the classification performance over
only EHR Categories.

important and unimportant samples to a great extent. However, the model shows scope for
improvement in classifying the important information. The BERT model achieves an overall
F1 score of 0.18 on EHR categories. Among the EHR categories, the model performs the
best for HSU with an F1 score of 0.50 and the worst for FH with an F1 score of 0.06. Since
we are using the labels predicted by the classification model for generating clinical notes, it
is more important to achieve higher precision than recall. Because, a reader would prefer
an incomplete note over a note with unorganized information, e.g. half of the PPH section
includes information on HPI. Considering that, the BERT model performs significantly better
for PPH (P=1.00) than CC (P=0.24) even though the F1 score of CC (0.19) is higher than
PPH (0.15).

We find no correlation between the sample counts and the performance. HSU has the
highest F1 score with the lowest sample count. CC and PPH have similar F1 scores (0.19
and 0.15, respectively) whereas the sample count of CC is more than four times greater than

PPH (564 and 121, respectively).
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Figure 3.3: Performance of the BERT classification model. MC refers to the overall
performance of the model and EM refers to the classification performance over only EHR
Categories.

We try a couple of different strategies to further improve the performance but none
of them is able to achieve a better score (data not shown). We divide the classification
task between two BERT models, one to filter out the important samples (labeled with EHR
categories) and another to classify the samples returned by the first model, but they are
not able to outperform our current single model performance. We also fine-tune single
BERT models with a portion of Others samples but keeping all the samples of all EHR
categories (i.e. downsampling Others category). We use 5K, 1K, and 100 samples of Others

(re-sampling at random) and in each case, we observe a decrease in overall performance.
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We add the last rule to complete our rule-based NLG module. Sometimes providers
note down the patient’s answer as given preserving the wording of the answer. We adopt this
strategy to develop the last rule of our model. Sentences generated using this rule will make
a clinical note sounds a little technical but it preserves the wording of the answer as given by
the patient which sometimes is very important in a clinical note. All short answer questions
are some form of wh-questions. We can use part-of-speech tagging over the question to
identify the subject, verb as well as wh-part and then replace the wh-part with the answer.
This strategy works for some cases (e.g. Table 3.2, example 1) but not for all (e.g. Table 3.2,
examples 2-3). Extracting the exact answer in all cases using rules is too expensive, if not
impossible, considering the infinite possibilities in answers. In this regard, our proposed rule
elegantly handles all cases.

Psychiatrists usually spend 20-30 minutes in documentation after a 45-60 minutes
long therapy session (Miller, 2015). However, the average time to read a clinical note
by a physician is 112 seconds and the reading time increases linearly with the character
count (Brown et al., 2014). The longest time, 121 seconds, is recorded for the note with
the highest character count. Usually, a conversation between a psychiatrist and a patient
is very speech intensive and we can assume that it will result in a long clinical note but
should not take more than 180 seconds to review a draft automatically generated from the
conversation. We can also assume that the draft is missing some important information and
includes some miscategorized or unimportant information as well. In our design, a user can
drag and drop a single sentence or a chuck/ group of sentences from the transcript to the
note and the NLG module takes care of the formalization automatically. This eliminates
the need of updating the note by typing and will likely take the same amount of time to
update the note as it takes to review it. Thus, we estimate the time to be about 6 minutes
on average a behavioral clinician would spend on documentation when an automated draft

is provided. This reduces the documentation time by 70-80%. It is believed that the use of
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deep learning and natural language processing will reduce the documentation time by 75%

(Matt Kuntz, the Executive Director of NAMI - Montana; personal communication).

Conclusion and Future Work

In this project, we focus on developing a pipeline that generates clinical notes directly
from audio recordings of patient-provider conversations. We produce audio recordings that
closely imitate real patient-provider conversations. Then, we transcribe the audio recordings
using Google Cloud Platform Speech-to-Text API and compile a training dataset for the
classification task. We fine-tune a BERT-base model to classify the samples with eight EHR
categories. The BERT model shows its potential with the scope of further improvement for
the classification task. On the text formalization task, we complete our previously developed
rule-based model by adding a simple rule that elegantly handles the sophisticated case.
Overall, we show the viability and potential of our pipeline in generating clinical notes
directly from the patient-provider conversations.

In the future, we would like to investigate the model performance of XLNet (Yang
et al., 2019) and RoBERTa (Liu et al., 2019) as classification models to extract important
information from the transcripts. Both XLNet and RoBERTa have shown improved
performance over BERT in most NLP tasks. The NLG module can be replaced with a
Text2Text generation model, e.g. Phrase-BERT (Wang et al., 2021), which will downstream
the text formalization process and will create a means of customizing the generated text with
custom phrases and writing styles. However, fine-tuning a Text2Text model will require
a larger dataset with at least 300 transcripts. We also plan to mix an equal number of
machine generated notes with human-written notes and get them evaluated by domain
experts using PDQI-9 (Stetson et al., 2012) to access the quality of these auto-generated
notes. If an opportunity arises, we would also like to compare the quality of our notes with

notes generated by DeepScibe.
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CONCLUSION

Clinical documentation is one of the cornerstones of clinical practice and plays a major
role in establishing evidence-based patient care and ensuring clinicians are reimbursed for
provided care. Most clinicians spend 51.75% of their working hours in EHR including 12.26%
in clinical documentation alone (Arndt et al., 2017). Time-consuming data entry is one of the
major problems of EHRs (Payne et al., 2015), and sometimes clinicians spend about twice the
time in clinical documentation than on direct patient care (Sinsky et al., 2016). Behavioral
health clinicians collect most of their patient information over speech-intensive conversations,
and residents have reported spending 22 hours per week in clinical documentation leading
to clinician burnout (Domaney et al., 2018).

In this feasibility study, we develop a pipeline consisting of multiple machine learning
models to fully automate the clinical documentation process from patient-provider conver-
sations for behavioral health clinicians. We divide the overall problem into several sub-
tasks and mainly focus on two sub-tasks, extraction as well as categorization of important
information and text formalization while using existing tools/ software for the rest of the
pipeline.

We start by developing a dataset of 18 transcripts composed of mostly synthetic
transcripts and annotate them with five EHR categories. We train an SVM model and
it shows promising results on categorizing information from digital transcripts. Later, we
discover some limitations and downsides of using synthetic and human transcribed transcripts
for automation. So, we put our effort into generating 65 audio recordings that closely imitates
real patient-provider conversation and transcribe them using the state-of-the-art SR API.
Then, we compose a new dataset using these SR transcribed transcripts annotated with
eight EHR categories. We re-train the SVM model over this new dataset and observe a

surprising drop in performance. After trying a few other machine learning models without
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success, we divert our path to transformer-based deep learning models, more specifically,
BERT models. We train a BERT-base model and it shows significantly high performance
over other models on extracting important information from transcripts and categorizing
them with EHR categories.

For generating a formal clinical note from a casual conversation, we develop a rule-
based NLG module that takes informal sentences as well as QA pairs and converts them
into assertive sentences in formal form. In our first attempt, we include rules to handle all
types of inputs except for short-answer questions which require sophisticated rules to extract
information from both the question and the answer to construct an assertive sentence in
formal form. Later, we find a rather simple and easy way of handling short-answer questions
upon exploring clinical notes. We add a new rule for short-answer questions and complete
our NLG module.

Our pipeline uses existing tools/ software to record a patient-provider conversation,
SR technologies to transcribe audio recordings into digital transcripts, the BERT model to
extract and categorize important information, and the NLG module to compose a formal
note from the extracted information. The pipeline provides a draft clinical note that
eliminates the need of writing a clinical note from scratch which is very time-consuming.
Our automated process has the potential of reducing the clinical documentation burden by
70-80% for behavioral health clinicians. Mental health is one of the most expensive and
largest public healthcare burdens in the United States (Soni, 2009; Diederich and Song,
2014). With reduced documentation load, providers can allocate more time to direct patient
care, which will not only increase providers’ availability but also will make mental healthcare
less expensive.

While our results are very promising, we identify several avenues for future research. A
new classification model can be developed using XLNet (Yang et al., 2019) or RoBERTa (Liu
et al., 2019). Both models have out-performed BERT (Devlin et al., 2018) on most NLP
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tasks and have the potential of showing better performance in information extraction
and classification. However, developing a new classification model with either XLNet or
RoBERTa will require a larger dataset of at least 200 transcripts. The NLG module can also
be improved by using a language model like Phrase-BERT (Wang et al., 2021) that has the
potential of automating the text formalization process and personalizing the NLG module
by adapting to the clinician’s writing styles and custom phrases. The development of a deep
learning-based NLG module will also require a larger dataset of at least 300 transcripts. We
plan to evaluate the quality of our clinical notes using PDQI-9 (Stetson et al., 2012). If an
opportunity arises, we would also like to compare our clinical notes with notes generated by

DeepScribe.
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Abstract

BioNLP Open Shared Tasks (BioNLP-OST) is
an international competition organized to fa-
cilitate development and sharing of computa-
tional tasks of biomedical text mining and so-
lutions to them. For BioNLP-OST 2019, we
introduced a new mental health informatics
task called “RDoC Task”, which is composed
of two subtasks: information retrieval and
sentence extraction through National Institutes
of Mental Health’s Research Domain Criteria
framework. Five and four teams around the
world participated in the two tasks, respec-
tively. According to the performance on the
two tasks, we observe that there is room for
improvement for text mining on brain research
and mental illness.

1 Introduction and Motivation

The breadth of brain research is too expansive to
be effectively curated without computational tools
especially involving machine learning models. For
example, a Pubmed search for “Brain” on August
12,2019, revealed 854,612 articles!. More specif-
ically, an August 12, 2019 search for the single
mental illness diagnosis of “depression” revealed
530,519 articles®>. And a search for anxiety re-
vealed 224,305 articles. It is not possible for re-
searchers to functionally analyze all of the criti-
cal data patterns both within a single diagnosis or
across diagnoses that could be revealed by those
articles.

The challenge of curating brain research has
been further complicated by the National Institute
of Mental Health’s adoption of the Research Do-
main Criteria (RDoC) [6]. Since 1952, the Diag-
nostic and Statistical Manual of Mental Disorders

"Pubmed search for Brain conducted on August 12, 2019

2Pubmed search for depression conducted on August 12,
2019

3Pubmed search for anxiety conducted on August 12,
2019

and International Classification of Diseases [5]
(popularly known as DSM and ICD, respectively),
have “reigned supreme” as the single “overarch-
ing model of psychiatric classification” [14]. That
supremacy began to crumble in 2010 when the
National Institute of Mental Health launched the
RDoC initiative, an alternate framework to con-
ceptually organize and direct biological research
on mental disorders [1]. The RDoC initiative in-
tends “to foster integration not only of psychologi-
cal and biological measures but also of the psycho-
logical and biological constructs those measures
measure” [13].

The RDoC initiative has fostered significant de-
bate among brain health researchers. It has also
created a significant categorization challenge -
specifically how to curate articles completed under
the DSM-ICD criteria so their data can be incorpo-
rated into the RDoC model. Brain science cannot
afford to lose critical insights from the numerous
articles on different sides of the categorization di-
vide. Hence, it is vital that all existing and fu-
ture biomedical literature related to brain research
is correctly categorized with respect to the RDoC
terminology in addition to DSM-ICD models.

However, manual curation of brain research ar-
ticles using RDoC terminology by human anno-
tators can be highly resource-consuming due to
several reasons. RDoC framework is comprehen-
sive and complex. It is made up six major do-
mains of human functioning, which is further bro-
ken down to multiple constructs that comprise dif-
ferent aspects of the overall range of functions*.
The RDoC matrix helps describe these constructs
using several units of analysis such as molecules
and circuits. On top of this, the rate of publication
of biomedical literature (and by extension brain re-

*https://www.nimh.nih.gov/research/research-funded-
by-nimh/rdoc/definitions-of-the-rdoc-domains-and-
constructs.shtml
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search related literature) is growing at an exponen-
tial rate [10]. This means that the gap between an-
notated versus unannotated articles will continue
to grow at an alarming rate unless more efficient
means of automated annotation is developed soon.

In order to invite text mining teams around the
world to develop informatics models for RDoC,
we introduced the RDoC Task’® at this years’
BioNLP-OST 2019 workshop®. RDoC task is a
combination of two subtasks focusing on a subset
of RDoC constructs: (a) Task 1 (RDoC-IR) - re-
trieving PubMed Abstracts related to RDoC con-
structs, and (b) Task 2 (RDoC-SE) - extracting the
most relevant sentence for a given RDoC construct
from a known relevant abstract. Both these tasks
represent two very important steps of the typical
triage process [10], which are finding the articles
related to RDoC constructs and then extracting a
specific snippet of information that is useful for
curation or downstream tasks such as automatic
text summarization [15].

There have been several shared tasks on text
mining from biomedical literature and clinical
notes in the last decade [19, 12] as well as a
few shared tasks related to mental health top-
ics ([4, 18, 22, 21, 30]). CLPsych 2015 Shared
Task [4] focused on identifying depression and
PTSD users from twitter data, while the same
task from the following year (i.e. CLPsych 2016
Shared Task [18]) revolved around classifying the
severity of peer support forum posts. One of the
i2b27 challenges from 2011 focused on the senti-
ment analysis of suicide notes [22, 21].

In 2017, Uzuner et al. introduced the “The
RDoC for Psychiatry” challenge, which was com-
posed of three tracks: de-identification of men-
tal health records [28], determination of symp-
tom severity from a psychiatric evaluation of a pa-
tient) related to one of the RDoC domains) [9],
and the use of mental health records released
through the challenge for answering novel ques-
tions [32, 29, 7]. In contrast, the RDoC task is
a combination of information retrieval and sen-
tence extraction from Biomedical literature related
to RDoC constructs.

To generate benchmark data for the RDoC task,
three annotators were used to curate the gold-
standard datasets. The registration for the RDoC

Shttps://sites.google.com/view/rdoc-task/home
®http://2019.bionlp-ost.org
"https://www.i2b2.org/
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Task opened in March of 2019. Over 30 teams
around the world registered for the two tasks.
Training data in two batches were released in the
month of April. Test data, again in two batches,
were released in June. The participants were asked
to submit their final predictions by June 19. Even-
tually, 4 and 5 groups each competed in Tasks 1
and 2, respectively. The final results were made
public immediately after the submission deadline.

Two (out of four) and four (out of five) teams
each outperformed the baseline methods in task 1
and 2, respectively. The increase in performance
over the baselines were more noticeable in task
2 suggesting that information retrieval for RDoC
task may be more challenging. There was quite a
lot of variation across the several RDoC constructs
used for the tasks suggesting that the complexity
of different constructs may hinder certain models
and construct-specific methods or models may be
a requirement in the future. Overall observations
from the RDoC Task highlights the need for more
sophisticated method development.

The rest of the paper is organized as fol-
lows. Section 2 describes the benchmark or gold-
standard data preparation process, development of
training and test sets, submission requirements,
baseline methods used by the organizers, and the
performance measures used for the evaluation.
Section 3 presents and discusses the overall results
for the two tasks. Finally, Section 4 summarizes
the task findings as well as describes the potential
future work.

2 RDoC Task setup

RDoC Task is a combination of two subtasks. Par-
ticipants were allowed to choose to participate in
one or both tasks. Task 1 is on retrieving PubMed
Abstracts related to RDoC constructs, while Task
2 is on extracting the most relevant sentences for
an RDoC construct from an already relevant ab-
stract.

In task 1, participants are given a set of PubMed
abstracts and they are required to rank abstracts ac-
cording to relevance for various RDoC constructs.
In task 2, participants are given a set of PubMed
abstracts relevant for an RDoC construct, and they
are required to extract the most relevant sentence
from each abstract for the corresponding RDoC
construct.



2.1 Timeline

The RDoC Task was organized in two main phases
(a) Training phase (8 weeks, from April-June
2019), and (b) Evaluation phase (1 week in mid-
June). At the beginning of the training phase,
participants were provided with labeled data (i.e.
Training data) and they were expected to develop
and fine-tune their models using these known la-
bels. At the beginning of the Evaluation phase,
unlabeled data (i.e. Test data) was made available
to the participants. They were required to predict
labels for this data and submit the predictions to
the organizers at the end of the Evaluation phase.
Finally, the organizers used the (with-held) labels
of the test data for evaluating the accuracy of sub-
missions.

2.2 The benchmark preparation

For the RDoC Task, 8 RDoC constructs out of
25 total constructs from the latest version of the
RDoC matrix® were used. The motivation was to
restrict ourselves to a subset of RDoC framework
for which benchmark data can be gathered within
a reasonable time-frame. However, these 8 con-
structs completely cover two of the six domains in
the RDoC framework — namely Negative Valence
Systems and Arousal and Regulatory Systems as
shown in Table 1.

Table 1: Subset of RDoC constructs used for this task
and their domain.

Domain Construct
Negative Valence  Acute Threat (Fear)
Systems Potential Threat (Anxiety)
Frustrative Nonreward
Sustained Threat
Loss
Arousal/Regulatory Arousal
Systems Circadian Rhythms
Sleep and Wakefulness

Under the guidance of the Subject Matter Ex-
perts from the National Alliance of Mental Ill-
ness (NAMI) Montana, the RDoC task benchmark
was created by using Entrez e-search utility [26]
to search the PubMed database to collect abstracts
related to RDoC constructs. That is, we start by

8https://www.nimh.nih.gov/research/research-funded-by-
nimh/rdoc/constructs/rdoc-matrix.shtml
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using the RDoC construct name as the only key-
word to retrieve relevant articles.

If such an approach does not generate the de-
sired number of articles or is too ambiguous on its
own (e.g., Loss construct), we have utilized terms
from the Behaviors unit of the RDoC matrix in ad-
dition to the construct name.

For example, the The query used for
0SS stru was S¢ ivati
L construct as  “Loss”“Amotivation”
or “Loss”“Anhedonia” or “Loss”“Crying”
or “Loss”Guilt” or “Loss”*Rumination”
or “Loss”“Sadness” or “Loss”“Shame” or
“Loss”*“Withdrawal” or “Loss”*“Worry”.  This

retrieves about 315 articles, whereas using only
“Loss” as the sole query retrieves too many
articles (approximately one million articles).

Other queries follow a similar format as Loss
when very few (<200) or too many (>10,000)
articles were retrieved with the RDoC construct
name as the only keyword. 200 abstracts was
the desired minimum number of abstracts per con-
struct that we were planning to send to each an-
notator. So, if the initial search retrieved less ar-
ticles, it was deemed too narrow for our objec-
tive, and we added terms from the Behavior ele-
ments belonging to that construct to retrieve more
than 200 articles. For example, for the construct
Frustrative Nonreward, a PubMed search with the
construct name only returns 52 abstracts (retrieved
on 09/30/2019)°. The RDoC page for Frustrative
Nonreward contains one element under the Behav-
ior unit: “physical and relational aggression”!?.
Then, using this term, the search query becomes:
“Frustrative Nonreward” or “physical aggression”
or “relational aggression”, which returns 736 ab-
stracts.

10,000 was a rough estimation of an excessively
inclusive search term as determined by our Sub-
ject Matter Expert. In other words, the construct
name on its own (construct Loss, for example) has
a very general definition, resulting in retrieving
a large heterogeneous set of articles. Therefore,
in these situations, other more specific terms de-
scribing the construct were used to limit the scope.
Upon generating a search query that retrieves a
satisfactory number of articles, we sort them by
relevance to the query used.

Then the above-retrieved articles were provided

“https://www.ncbi.nlm.nih.gov/pubmed/?term=Frustrativ
e+Nonreward

1https://www.nimh.nih.gov/research/research-funded-by-
nimh/rdoc/constructs/frustrative-nonreward.shtml



to three annotators for curation (an example of the
annotation guidelines used is available online!!).
For each construct, they were asked to read the ti-
tle and the abstract and determine whether it pro-
vides enough evidence that the abstract was re-
lated to the construct. If it was related it was
annotated as “positive” (or “negative” otherwise).
In addition, they were asked to identify up to 3
most relevant sentences to the abstract (i.e. the
sentences that provide most evidence that the ab-
stract is related to the said construct). The inter-
annotator agreements are given in Table 2. Ex-
ample annotation of an abstract is depicted in Fig-
ure 1.

While acknowledging we generated a closed set
of articles for the information retrieval task, we
emphasize that this complete process was guided
by NAMI experts. They typically use keyword
search for first finding relevant articles. Then
they use manual curation to remove false positives.
Hence, our benchmark datasets are developed us-
ing this approach. We wanted the RDoC Task to
resemble how a typical curator would find infor-
mation in this domain.

Table 2: Inter-annotator agreement of Task 1 and Task
2. Kjfree: Free-Marginal Multirater Kappa [24] com-
puted online'?

Rfree Rfree
RDoC Construct Task 1 Task 2
Acute Threat 0.37 0.24
Potential Threat 0.45 0.27
Frustrative Nonreward 0.24 0.20
Sustained Threat 0.18 0.14
Loss 0.25 0.29
Arousal 0.64 0.35
Circadian Rhythms 0.95 0.35
Sleep & Wakefulness 0.97 0.51

We consolidated the labels from the three an-
notators using the majority vote (i.e. if at least 2
annotators agreed on a label, that was used as the
final label for the abstract). In addition, we col-
lected all the most relevant sentences by the three
annotators (i.e. set union) as the final set of sen-
tences. This means each abstract could have up
to 9 most relevant sentences. In our dataset, at
most 6 sentences were observed. This consoli-

https://montana.box.com/s/khOhmyn1jcj5ajvr2nibgdiw
wgiv3led
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dated data was used to create training and test sets
as described below.

We believe that the task of identifying the most
relevant sentence was more challenging for the
annotators than the task of identifying whether a
given abstract was related to an RDoC construct
or not (for the latter task, annotators were choosing
between two labels while for the former, they were
choosing from £ sentences in the abstract). There-
fore, it was possible that there would be more vari-
ability in annotations for the former task. So, we
used the set union to allow for more flexibility.

2.3 Train, Test and Submission data

In the context of the RDoC task, training data
refers to the labeled data sets initially provided to
the participants for developing their models. Test
sets refer to the unlabeled (i.e. with withheld la-
bels) data sets for which they were asked to submit
predictions. All the datasets are available online'>.

For each construct, two separate sets of articles
(referred to as Set 1 and Set 2) were annotated.
Data from the Set 1 and Set 2 were allocated for
training and test data, respectively. Annotators
were not aware of this distinction. Set 1 and Set
2 splits were randomly performed per each con-
struct separately before annotation. Therefore, ex-
plicit stratified sampling was not applicable.

For each construct, a random subset of positive
examples from Set 1 was used as the training ex-
amples for both Task 1 and 2 (negative examples
were not provided). 80% of random abstracts from
Set 2 were used as the test set for Task 1 (this in-
cluded both positive and negative examples). The
subset of positive examples in the rest of the Set
2 (i.e. 20%) was used as the test set for Task 2
(negative examples were not used).

2.3.1 Train data

As mentioned above, we provided the participants
of the RDoC task with training examples for each
of these 8 RDoC constructs. For task 1, the train-
ing examples are randomly selected subsets of
positive abstracts for each of the RDoC constructs
as shown in Table 3. For task 2, we provided up
to 6 most relevant sentences for each of the ab-
stract provided as part of Task 1 train data. In other
words, the same set of PubMed IDs were used for
training data of both tasks. The distribution of
the training examples across the eight constructs is

Bhttps://www.cs.montana.edu/rdoc-task/data/



Title: Characteristics of Physical Aggression in Children of Immigrant Mothers
and Non-immigrant Mothers: A Cross-Sectional Analysis of the Survey of Young
Canadians.

Abstract: Physical aggression (PA) is important to regulate as early as the
preschool years in order to ensure healthy development of children. This study
aims to determine the prevalence and characteristics of PA in children of
immigrant and non-immigrant mothers. Bivariate and multivariable logistic
regression was performed, with the outcome, PA, and covariates including
maternal, child, household and neighbourhood characteristics. Twenty percent
of children of non-immigrant mothers and 16% of children of immigrant mothers
reported PA. The characteristics of PA differ between children of immigrant
versus non-immigrant mothers therefore healthcare providers, policy makers,
and researchers should be mindful to address PA in these two groups separately,
and find ways to tailor current recommended coping strategies and teach

children alternative ways to solve problems based on their needs.

RDOC Construct: Sustained Threat

Figure 1: An example of annotating an abstract for both Task 1 and Task 2. The abstract is annotated positive for
Sustained Threat (Task 1; highlighted in purple) and the most relevant sentence in the abstract is identified (Task

2; highlighted in yellow).

provided in the Table 3 and the distribution of the
number of most relevant sentences per construct is
shown in Table 4.

Table 3: The number of training examples (positively
labeled abstracts) provided for Tasks 1 and 2 across
constructs.

RDoC construct # Abstracts %
Acute Threat (Fear) 39 14.7
Potential Threat (Anxiety) 27 10.2
Frustrative Nonreward 21 7.9
Sustained Threat 18 6.8
Loss 28 10.5
Arousal 38 14.3
Circadian Rhythms 47 17.7
Sleep and Wakefulness 48 18.1
Total 266 100.0

2.3.2 Test data

The Task 1 test set provided the participants with
a random list of 999 relevant (positive) and irrele-
vant articles (negative) for each of the RDoC con-
structs (but without the actual labels). The label
distribution is given in Table 5. The task 2 test
set provided the participants with a list of relevant
articles from which they had to extract a relevant
sentence with respect to the given RDoC category.
The set of abstracts used for test sets of task 1 and
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2 were mutually independent for obvious reasons.
The distribution of the test set for task 2 across
constructs is shown in Table 6 and the distribution
of the number of most relevant sentences per con-
struct is provided in Table 4.

2.3.3 Participant Submissions

For task 1, participants were required to submit
scores for each abstract in the test set. Scores
should correspond to the predicted relevance of the
abstract to the given construct. For task 2, partici-
pants were required to submit sentences from each
abstract that is predicted as the most relevant sen-
tence to the given construct. Submitting a score
was not required.

Participants uploaded their submissions through
an online web application'*. We designed the web
system to validate the content format of each sub-
mission before uploading the file(s) in the server.
Upon finding a line that is not properly formatted,
the system alerts the participant with an error mes-
sage including the ill-formatted line number. If the
file(s) are properly formatted, the system uploads
the submission in the server, automatically ana-
lyzes the submission using python scripts and im-
mediately reports the scores of two selected con-
structs, Acute Threat (Fear) and Loss, back to the
participant.

The participants were allowed to make an un-

“hitps://www.cs.montana.edu/rdoc-task/



Table 4: Distribution of the number of most relevant (gold-standard) sentences in abstracts for each construct in
the training data. #x: the percentage of abstracts with x relevant sentences.

Train Data Test Data
RDoC Construct BlO#2 #3 B4 #5 #6| #1  #2  #3  #4
Acute Threat (Fear) 0.0 154 359 359 103 26| 158 31.6 421 105
Potential Threat (Anxiety) 11.1 333 556 00 0.0 00382 353 206 59
Frustrative Nonreward 48 476 476 00 00 0.0 [543 37.1 8.6 0.0
Sustained Threat 56 61.1 333 00 00 00]|389 41.7 167 2.8
Loss 107 250 429 214 00 00 |61.8 324 59 00
Arousal 79 632 289 00 00 00231 538 154 7.7
Circadian Rhythms 2.1 511 468 00 0.0 00200 40.0 26.7 133
Sleep and Wakefulness 104 625 271 00 0.0 00267 367 300 6.7

Table 5: The number of abstracts in test set for task
1. Pos and %: number of positively labeled abstracts
and their percentages, and Neg: number of negatively
labeled abstracts.

RDoC construct #Pos %  #Neg
Acute Threat (Fear) 53 67.1 26
Potential Threat (Anxiety) 124 89.2 15
Frustrative Nonreward 96 66.7 48
Sustained Threat 82 56.2 64
Loss 90 652 48
Arousal 97 89.8 11
Circadian Rhythms 123 100.0 0
Sleep and Wakefulness 121 99.2 1
Total 786 787 213

limited number of submissions and the scores
from past submissions were discarded upon a new
submission. This meant they could re-submit until
they achieved a satisfactory performance for the
above two constructs. The performance scores
for all the constructs were made available imme-
diately after the submission deadline. The older
scores were only discarded for the purposes of the
final evaluation. However, these scores are re-
tained for potential future research.

2.4 Baseline methods

We used TF-IDF [23] with smooth IDF weights
and cosine similarity [27] to calculate the similar-
ity score for each document against a query and
used these scores to rank the documents by rele-
vance. Regardless of the task, we used the cor-
responding construct name concatenated with its
definition as the query string. We used the def-
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Table 6: The number of abstracts and their percentages
in test set for task 2.

RDoC construct # Abstracts %

Acute Threat (Fear) 19 7.8
Potential Threat (Anxiety) 34 13.9
Frustrative Nonreward 35 14.3
Sustained Threat 36 14.8
Loss 34 13.9
Arousal 26 10.7
Circadian Rhythms 30 12.3
Sleep and Wakefulness 30 12.3
Total 244 100.0

initions of constructs as defined by the National
Institute of Mental Health listed online'>.

For task 1, each document is the title concate-
nated with the corresponding abstract and the sim-
ilarity scores are used to rank the articles for each
construct. For task 2, documents are the sen-
tences of the abstracts and the top-ranked sentence
per abstract was returned based on the similarity
scores. All the baseline models were implemented
using the Scikit-learn Python library [20]. No pre-
processing techniques were applied to the abstract
text. In addition to the above TFIDF-based base-
line, we also used BM25 [25] as a baseline. But
due to its comparatively lower performance on
both tasks 1 and 2, BM25 values are not reported
in this paper.

https://www.nimh.nih.gov/research/research-funded-
by-nimh/rdoc/definitions-of-the-rdoc-domains-and-
constructs.shtml



2.5 Metrics used for evaluation

For task 1, we use Mean Average Precision
(MAP) [16] as the performance measure because
it is one of the most frequently used measures for
IR [31, 8, 11]. First, we compute the Average
Precision (AP) for each construct independently
and macro-average across the constructs to com-
pute the Mean Average Precision. For task 2, due
to the non-applicability of utilizing popular stan-
dard measures such as precision and recall [3], we
define the Accuracy as the percentage of abstracts
with correctly predicted most relevant sentence. If
at least one of the gold-standard sentences match
the predicted sentence, it is counted as 1 and 0 oth-
erwise (therefore, note that this measure is not the
same as the typical accuracy measure used in Nat-
ural Language Processing and Machine Learning.
We average across constructs to get the Macro Av-
erage Accuracy.

It should be pointed out that, technically, there
is no “negative” class for the task 2 (in the tra-
ditional sense used for predictive models). Par-
ticipants are given abstracts already known to be
relevant to a construct. They are asked to sub-
mit just one sentence that they think is the most
relevant (or that helps them the most for finding
the relevance between the given abstract and the
construct). Hence the participants are unable to
gain undue advantages due to any class imbalances
even though the above-defined performance mea-
sure may closely resemble the typical “Accuracy”.
Also, since we did not collect confidence scores
for task 2, we did not compute threshold indepen-
dent measures such as AUROC (area under the
ROC curve).

3 Results and Discussion

Inter-annotator agreements for many of the con-
structs in both tasks 1 and 2 are relatively low (see
table 2). According to the annotators, there were
several reasons why information retrieval and sen-
tence extraction with RDoC was reasonably chal-
lenging. The very generalized nature of the RDoC
constructs, as well as ambiguity in the language
stating the purpose/hypothesis/results of the ex-
periment, made it difficult to find the relevance of
a given abstract to an RDoC construct. The way
the abstracts were written, made it seem such that
it could be potentially tied to/or not, to various
RDoC sentences.

Annotators reported that they had difficulties
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with the ‘Sustained Threat’ and the ‘Frustrative
Non-Reward’ constructs. For example, some an-
notators felt that every abstract that they read was
related to Frustrative Non-Reward construct be-
cause many of the abstracts specifically studied the
relational and physical aggressive behaviors. Al-
though a lot of the studies tested these behaviors,
it was challenging to figure out if they were “di-
rectly” related to Frustrative Non-Reward or not.
For instance, several studies comparatively tested
relational and physical aggression between gen-
ders (2 behaviors of Frustrative Non-Reward), but
the abstracts didn’t explicitly mention “withdrawal
or prevention” of a reward (the definition). There-
fore, when annotating, if they’ve felt that the re-
search would benefit or help further understand
Frustrative Non-Reward and its associated behav-
iors, they’ve annotated it as related (this included
environmental, social, and biological factors influ-
encing relational and physical aggression).

Over thirty teams registered to participate in at
least one of the RDoC tasks. Eventually, 5 teams
submitted their predictions; four teams submitted
for both tasks and one team for only task 1. In the
following analysis, we will be using the unique
team identifiers (assigned during the task regis-
tration'®) for referring to the 5 teams. Note that
these team identifiers bear no significance other
than identifying different teams.

3.1 Task 1: Information Retrieval

Four teams submitted their predictions for this task
and their scores are reported in Table 7. Bold en-
tries indicate the highest score for the correspond-
ing construct. Although included in Table 7, we
excluded the two constructs, Circadian Rhythms
and Sleep and Wakefulness, from the final anal-
ysis since these constructs contain one and zero
negative articles, respectively, leading to perfect
performance (see Table 5). Team 30 achieved the
highest mean average precision (0.86) among all
teams. Though Team 10 achieved the second-
highest mean average precision (0.85) that is very
close to the highest, we found a statistically sig-
nificant difference between the scores of these
two teams (paired t-test, p=0.005, « = 0.05).
Team 30 achieved the highest scores for Frustra-
tive Nonreward, Loss and Potential Threat (Anxi-
ety) whereas Team 10 achieved the highest scores
for the other three constructs. Though it seems the

Ihttps://sites.google.com/view/rdoc-task/registration



scores achieved by the Team 10 and 30 is close
to the baseline, we found these scores to be sta-
tistically significantly higher from the baseline for
both Team 10 (paired t-test, p=0.022) and Team
30 (paired t-test, p=0.043) using o = 0.05.

The last column in Table 7 reports the aver-
age score for the corresponding construct. It is
seemingly easier to rank the relevant articles for
Arousal and Potential Threat (Anxiety) whereas it
is moderately difficult for Sustained Threat. Sus-
tained Threat being more challenging for IR may
be explained by the fact that the annotators also
found it to be the most challenging construct for
task 1 annotation.

3.2 Task 2: Sentence Extraction

Five teams submitted their predictions for this task
and their scores are reported in Table 8. Bold en-
tries indicate the highest score for the correspond-
ing construct. Team 30 again achieved the high-
est macro average accuracy (0.58) among all the
teams and the highest score for five out of eight
constructs. Team 7 achieved the highest score for
the rest of the three constructs with significant im-
provement over Team 30. Construct-wise highest
scores of Sustained Threat, Arousal and Circadian
Rhythms, achieved by either Team 7 or Team 30,
are higher by about 0.27 compared to the baseline
performance. In addition, the highest scores for
other constructs are also higher by more than 0.17
compared to the baseline performance.

Frustrative Nonreward has the lowest average
score (0.31) among all the constructs. Moreover,
its highest score (0.43) is also the lowest among all
the highest scores. So, extracting the most relevant
sentences for Frustrative Nonreward is seemingly
more difficult compared to the other constructs.

Typically, participating teams performed rela-
tively better on shorter abstracts (see Table 9),
which is intuitive due to that fact the models have
a higher chance of finding the most similar sen-
tences for shorter abstracts. Similarly, they per-
formed well for abstracts with more gold-standard
sentences (see Table 10). This is also intuitive
because when there are more gold-standard sen-
tences, there is a higher chance of matching one of
them.

4 Conclusion and Future work

We introduced a novel mental health informatics
task called RDoC task at this years BioNLP-OST
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2019 workshop. RDoC task is a combination of
two subtasks on information retrieval and sentence
extraction using the RDoC framework. Originally,
over 30 teams registered, highlighting a signifi-
cant interested in mental health informatics and/
or RDoC. Eventually, four and five teams partici-
pated in the information retrieval and sentence ex-
traction tasks, respectively.

Overall results show that the top-performing
team was able to easily outperform the baseline
models for most of the constructs. On the other
hand, the baseline methods outperform at least one
system (often more). This is surprising given that
the baseline models are not sophisticated. One
reason could be that the baseline methods do not
utilize training data, while the participating meth-
ods may have been overfitted to the training data.
Another reason could be, these simple baselines
perform better than (most likely more complex)
participating models due to working with shorter
documents (i.e. abstracts). If the full texts were
made available, models primarily depended on
TFIDF may struggle to achieve good performance.
Regardless, this calls for more sophisticated meth-
ods for both tasks because any other sophisticated
method (such as Lucene [17] or MetaMap [2])
used a baseline may have outperformed even more
participating teams.

The publicly made available gold-standard data
should serve as a valuable resource for the brain
research/ mental health and RDoC researchers and
curators going forward. In the future iterations of
the RDoC task, we would like to incorporate either
all available or a well-representative set of RDoC
constructs covering all domains. We plan to im-
prove the quality of benchmark data using “rec-
onciliation” instead of “majority voting” as well
as using improved search that uses MeSH and/ or
other vocabularies.

And equally important aspect would be to ex-
plore information extraction tasks such as extract-
ing various entities under different RDoC units of
analysis, which is likely more useful for the cura-
tors. This would also mean an exploration of in-
corporating full text in addition to abstracts will be
required due to the abundance of entities existing
in the full articles compared to just the abstract.
Last but not least, exploring clever ways to main-
tain the enthusiasm of the registered teams would
be highly valuable to the overall success of the fu-
ture iterations of the RDoC task .



Table 7: Performance of retrieving PubMed Abstracts related to the corresponding RDoC construct (Task 1). Four
teams participated (T10, T21, T22, and T30). IQR: inter-quartile range. Bolded scores are the highest across all

teams per the construct.

RDoC construct | Baseline | TI0 T2l T22 T30 | Avg IQR
Acute Threat (Fear) 0.74 0.89 0.83 0.67 0.85|0.81 0.17
Potential Threat (Anxiety) 0.90 0.87 0.89 0.81 0.94 | 0.88 0.10
Frustrative Nonreward 0.70 0.69 0.67 0.61 0.73 | 0.68 0.10
Sustained Threat 0.64 0.64 0.64 041 0.63 | 0.58 0.18
Loss 0.77 0.74 0.71 0.61 0.78 | 0.71 0.14
Arousal 0.95 0.93 091 0.84 092|090 0.07
Circadian Rhythms 1.00 1.00 1.00 1.00 1.00 | 1.00 0.00
Sleep and Wakefulness 1.00 1.00 1.00 098 1.00 | 1.00 0.02
Mean Average Precision ‘ 0.84 085 083 074 086 | - -

Table 8: Performance of extracting the most relevant sentence from each abstract related to the corresponding
RDoC construct (Task 2). Five teams participated (T7, T10, T21, T22, and T30). IQR: inter-quartile range.

RDoC construct | Baseline | T7 T10 T21 T22 T30 | Avg IQR
Acute Threat (Fear) 0.53 0.58 0.68 0.37 047 0.74 | 0.57 0.29
Potential Threat (Anxiety) 0.41 041 032 0.15 038 0.59 | 0.37 0.27
Frustrative Nonreward 0.23 043 034 0.11 029 037|031 0.20
Sustained Threat 0.19 047 036 0.14 047 042|037 0.22
Loss 0.53 026 056 026 0.62 074 | 049 042
Arousal 0.46 046 0.62 0.12 042 073 | 047 041
Circadian Rhythms 0.43 0.70 047 0.10 0.60 047|047 0.37
Sleep and Wakefulness 0.43 0.33 050 0.17 0.57 0.60 | 0.43 0.34
Macro Average Accuracy 0.40 ‘ 046 048 0.18 048 0.58 ‘ - -

Table 9: Variation of Accuracy over various size of ab-
stract. #m-n: abstracts with m to n sentences.

RDoC construct #3-8  #9-14 #15-20
Acute Threat 0.60 0.64 0.40
Potential Threat 047 0.39 -
Frustrative Nonreward 0.28  0.25 0.50
Sustained Threat 0.39 0.32 0.40
Loss 0.62 0.60 0.31
Arousal 0.53 0.39 —
Circadian Rhythms 0.38 0.54 0.00
Sleep & Wakefulness  0.58  0.42 -
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Table 10: Variation of Accuracy over the number of
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Sleep & Wakefulness 0.23 0.56 0.67 0.80
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Abstract

Institutes are required to catalog their articles
with proper subject headings so that the users
can easily retrieve relevant articles from the in-
stitutional repositories. However, due to the
rate of proliferation of the number of articles in
these repositories, it is becoming a challenge
to manually catalog the newly added articles
at the same pace. To address this challenge,
we explore the feasibility of automatically an-
notating articles with Library of Congress Sub-
ject Headings (LCSH). We first use web scrap-
ing to extract keywords for a collection of ar-
ticles from the Repository Analytics and Met-
rics Portal (RAMP). Then, we map these key-
words to LCSH names for developing a gold-
standard dataset. As a case study, using the
subset of Biology-related LCSH concepts, we
develop predictive models by formulating this
task as a multi-label classification problem.
Our experimental results demonstrate the via-
bility of this approach for predicting LCSH for
scholarly articles.

1 Introduction

An Institutional Repository (IR) is the collection
of scholarly work hosted and maintained by insti-
tutions such as universities. For example, “Scholar-
Works! is an open access repository for the capture
of the intellectual work of Montana State Univer-
sity (MSU) in support of its teaching and research
goals”. Repository Analytics and Metrics Portal
(RAMP) is a web service that accurately counts
item downloads for each article in the institutional
repository (Obrien et al., 2016; OBrien et al., 2017).
Besides counting the number of downloads, RAMP
stores metadata of the articles such as title, abstract,
and keywords. Currently, nearly 40 institutions
have registered their repositories with RAMP.

"https://scholarworks.montana.edu/

To facilitate the easy finding of articles, the IR
managers need to catalog them using different sub-
ject headings manually. One of the most popu-
lar vocabularies for cataloging is the Library of
Congress Subject Headings (LCSH) (Walsh, 2011).
LCSH is a subject indexing language that is actively
maintained since 1898 to catalog materials in the
Library of Congress and most widely adopted by
large and small libraries around the world (Work,
2016). A subject heading is the most specific word
or a group of words that capture the essence of
a subject category. Due to the rapid growth of
items in IRs, manual cataloging using LCSH or
other vocabularies is becoming highly resource-
consuming (Engelson, 2013).

Due to the above challenge, there have been a
few previous attempts on the automatic assignment
of LCSH through keyword extraction (Wartena
etal., 2010; Aga et al., 2016), by collecting LCSH
concepts that are assigned to similar texts (Paynter,
2005), using semantic similarity (Yi, 2010), and
co-occurrence-based mapping (Vizine-Goetz et al.,
2004). These techniques primarily depend on the
presence of the keywords or similar words/ phrases
within the actual text and do not utilize machine
learning. Furthermore, one of the studies claims
that the prediction of LCSH using machine learning
may be infeasible due to the large size of the vocab-
ulary leading to inadequate training data (Wartena
et al., 2010). Note that machine learning has been
used for a seemingly similar but actually differ-
ent task of predicting Library of Congress Classi-
fication (LCC) (Frank and Paynter, 2004). How-
ever, despite the similarity in their names, LCC and
LCSH are completely different vocabularies.

Semantic indexing with other vocabularies has
gained traction recently (Mirowski et al., 2010;
Salakhutdinov and Hinton, 2009; Wu et al., 2014).
Most notably, predicting Medical Subject Headings
(MeSH) for biomedical literature using machine
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learning and deep learning techniques has seen
significant recent interest (Mao and Lu, 2017; Jin
et al., 2018; Kehoe et al., 2017; Rios and Kavuluru,
2015; Kosmopoulos et al., 2015; Yan et al., 2016)
thanks to the BioASQ challenge on Biomedical
Semantic Indexing (Tsatsaronis et al., 2015).

In this work, we explore the feasibility of devel-
oping an automated pipeline for predicting LCSH
for scholarly articles using machine learning. As
a case study, we leverage an extensive collection
of scholarly articles from RAMP and generate a
gold-standard dataset by assigning Biology-related
LCSH concepts to each article through web scrap-
ing and string matching techniques. Using this
gold-standard data, we develop predictive mod-
els that can predict LCSH by modeling this as a
multi-label classification problem. Our experimen-
tal results indicate the effectiveness of the proposed
approach.

2 Methodology

2.1 Data

In this approach, we build a gold-standard dataset
by scraping RAMP data from 27 institutional repos-
itories (IRs). A high-level overview of our ap-
proach is shown in Figure 1.

Web Scraping

v

Metadata Filtering

!

v

LCSH Filtering

v

Gold-standard Data

[ )
[ ]
([ icsnmapming
[ )
[ )

Figure 1: A high-level overview of our approach.

We identify the citable content downloads (CCD)
from each institutional repository (IR) between July
2017 and July 2018 . Then, we scrape all metadata
of each CCD from RAMP for the subset that in-
cludes all unique CCDs.
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The raw data (scraped from RAMP) contains
457,879 articles and 270 different metadata types.
However, we use only title concatenated with ab-
stract, article type, and keywords for this study, and
discard other metadata. There are many reasons
why some of the metadata are empty. For example,
items such as newspapers do not include abstracts,
and sometimes IR managers add items into reposi-
tories without populating metadata. Therefore, we
first discard articles without a title, an abstract, or
keywords, which reduces the dataset to 126,655 ar-
ticles that have a title, an abstract, and at least one
keyword. Then, we map each keyword to the sub-
ject names from the 41 edition of LCSH? using
full string matching (case insensitive). If a keyword
does not match with any subject, we ignore that
keyword.

Any article without at least one assigned subject
heading is discarded. This results in a smaller set
of articles with annotated subject headings. Then,
we filter out any subjects not related to Biology by
only retaining the concept Biology (sh85014203)3
and its descendants. Finally, we remove subject
headings that are annotated to less than 100 articles.
After all the above, we have a dataset composed
of 17,367 articles with 66 Biology-related subject
headings. This LCSH-annotated dataset is used
as the gold-standard dataset for developing predic-
tive models. Note that while the string matching
technique used in this study itself can potentially
be used for “predicting” LCSH terms, we are as-
suming that unseen items that need to be annotated
with LCSH in real-life may not necessarily come
with keywords (and hence we resort to developing
predictive machine learning models). The distribu-
tion of articles across IRs in this dataset is shown
in Table 1.

2.2 Models

We model the task of predicting LCSH concepts
as a multi-label classification problem and develop
three supervised machine learning models using the
above generated gold-standard data. These models
are 1) Decision Tree (DT), 2) Artificial Neural Net-
works (ANN), and 3) Bidirectional Encoder Rep-
resentations from Transformers (BERT). All the
models are implemented using scikit-learn*, Ten-

Zhttps://loc.gov/aba/publications/FreeLCSH/freelcsh.html
3http://id.loc.gov/authorities/subjects/sh85014203.html
*https://scikit-learn.org/



IR Name # Articles

1 | Deep Blue 7,820
2 | DRUM 1,578
3 | EASP 1,171
4 | UWSpace 1,063
5 | OpenBU 960
6 | MacSphere 917
7 | Texas ScholarWorks 849
8 | Mountain Scholar 631
9 | Epsilon Open Archive 576
10 | K-REx 464
11 | MSU ScholarWorks 405
12 | OAKTrust 380
13 | MD-SOAR 245
14 | SHAREOK 192
15 | Others 116
Total: 17,367

Table 1: Number of articles per institute in the gold-
standard dataset.

sorFlow?, Transformers® and PyTorch7 libraries.
In our preliminary work, We also train models us-
ing Support Vector Machines and Random Forest
classifiers, but none of them perform better than
the models reported in this paper (data not shown).

We choose standard but varying pre-processing
steps independently for each model since certain
pre-processing techniques work well for some mod-
els over the others. For example, removing stop-
words is a common practice for Decision Tree mod-
els but not for BERT since stopwords typically can
act as noise for the former.

2.2.1 Decision Tree (DT) model

We apply the Decision Tree classifier to develop
a tree-based one-vs-rest classification model. We
use TF-IDF (term frequency-inverse document fre-
quency) vectorizer with a word-based analyzer for
feature extraction. We use lemmatization and stop
word removal as standard pre-processing steps. We
include both uni-grams and bi-grams as features
and train our model over the top 10,000 features.
Our model returns a binary value, i.e., either O or 1,
as the prediction.

2.2.2 Artificial Neural Network (ANN) model
For the shallow artificial neural network model,

we use the TF-IDF scores as input. These are

Shttps://www.tensorflow.org/
®https://huggingface.co/transformers/
"https://pytorch.org/
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generated using scikit-learn’s Tfidf Vectorizer class.
All stop words (common words such as “the” or
“and”) are removed before vectorization, and only
the terms that appear in a minimum of 1% of all
documents are kept.

Our artificial neural network has four layers: an
input layer with 2,251 nodes, a dropout layer with
a rate of 0.1, a hidden layer with 132 nodes, and
an output layer with 66 nodes (one for each label)
with a sigmoid activation function. We initially
experimented with many different network struc-
tures but ultimately find that a single hidden layer
with 132 nodes, double the number in the output,
produces the best results (data not shown). We
use 5-fold nested cross-validation to find the op-
timal epoch for training the networks. We train
the largest network with 100 epochs and find 10
epochs as optimal as the learning curve reaches
convergence. We use this optimal epoch to train all
networks.

2.2.3 Bidirectional Encoder Representations
from Transformers (BERT) model

We use the pre-trained BERT-Base (uncased)
model (Devlin et al., 2018) and fine-tune it for
multi-label text classification. The base model has
12 transformer blocks, i.e., hidden layers, a hidden
size of 768, 12 attention heads, and 110 million
parameters (Devlin et al., 2018). The model is
pre-trained for English on uncased Wikipedia and
BooksCorpus. For fine-tuning the model, we use
Adam optimizer with a learning rate of 2e — 5,
e = le — 8, L2 weight decay of 0.01, learning rate
warmup over the first 500 steps with linear decay
and Cross-Entropy Loss function. We observe the
learning curve over 5-fold nested cross-validation
and find 6 epochs as the optimal number. Any ex-
ample longer than the 512 token length restriction
enforced by the BERT-Base model is truncated.

2.3 Experimental Setup and Metrics

In order to obtain unbiased estimations of model
performance, we evaluate our models using 5-times
5-fold stratified cross-validation (Sechidis et al.,
2011; Szymanski and Kajdanowicz, 2017). We pri-
marily report the performances of our models using
Maximum F1-score (£, ), Precision at Fi,,,, and
Recall at F}, .. Precision reports the percentage
of true samples among the samples that have been
predicted as true, whereas Recall reports the per-
centage of true samples retrieved by the model.
F1-score is the harmonic mean of precision and re-



Subject Frequency # subjects DT ANN BERT
P R F1 P R Fru P R  Fou
[100, 200) 351036 035 036|048 040 043|051 043 043
[200, 300) 151040 039 039|048 046 047|056 051 049
[300, 400) 6(031 030 030042 044 043 ]055 055 054
[400,900) 71041 041 041048 057 0521]059 070 0.64
[1700, 2600] 31040 040 040 | 046 0.67 054|057 071 0.63
Macro average: | 0.38 037 037 | 046 051 048 | 056 0.58 0.55

Table 2: Model performance per subject frequency range. # subjects: Number of unique subjects within the range,

P: precision, R: recall.

. Length Average Number of j
Article Type Fred: —&ve Sid | Keywords | Subjects | DT | ANN | BERT
Thesis 6,765 | 379.89 191.32 30.24 1.15 ] 0.31 | 0.38 0.41
Article 1,077 | 225.80  99.52 21.25 1.29 | 0.19 | 0.23 0.24
Report 880 | 442.89 280.80 15.80 1.09 | 0.14 | 0.18 0.19
Paper 364 | 207.68 111.74 22.29 1.17 | 0.10 | 0.12 0.16
Book 48 | 221.31 194.41 20.27 1.08 | 0.02 | 0.03 0.04
Others 383 | 164.54 116.59 24.53 1.30 | 0.12 | 0.14 0.19
NA 7,850 | 253.99 147.47 21.52 1.27 | 0.30 | 0.38 0.41

Table 3: Model performance per article type. NA: Not Available, Freq: number of articles in type, Length: number

of words in title and abstract, P: precision, and R: recall.

Table 4: Top ten easiest to predict subjects. Freq: Fre-
quency of subject in the dataset.

call. Unlike F1, F},,4,, which is computed across a
range of thresholds, is threshold independent. More
specifically, let threshold ¢ € [0, 1], then

oo max { 2 - precision(t) - recall(¢) }

precision(t) + recall(t)

For this study, we use a step size of 0.05 for thresh-
olds and Macro-averaging (arithmetic mean) for

. Fmal‘ . Fmaz
Subject Freq DT T ANN | BERT Subject Freq DT T ANN | BERT
Commencement | y1 1 g99 | 100 | 1.00| | S0l 157 | 0.05| 0.14 | 0.02
ceremonies psychology
Discrimination 227 | 0.83 | 0.88 | 0.88 Clinical
Irrigation 125 | 0.72 | 0.66 | 0.89 psychology 1961 0.101 022 | 0.00
Machl.ne 260 | 0.68 | 071 | 0.75 Metabolism 104 | 0.14| 0.19 | 0.00
Learning Molecular 185 1 007! 015 | o1
Nanoparticles 174 1 0.67 | 0.67 | 0.78 biology ’ ’ ’
ienlifr-rcl:ﬁcacy 112 | 0.64 | 0.69 | 0.71 pDSe;\;eﬁgf)orgntal 174 | 0141 020 | 0.00
ecology 520 | 0.56 | 0.67 1 0.79 Cognition 109 | 0.18 | 0.20 | 0.00
Autism 103 | 0.68 | 0.51 | 0.75 Epidemiology 224 | 0.17| 0.20 | 0.04
Feminism 113 1 0.63| 0.52 | 0.76 Zoology 242 1 0.13| 024 | 0.05
Planning 245 1 0.50| 0.65 | 0.69 Physiology 190 | 0.12| 0.20 | 0.11

Neurology 176 | 0.23 | 0.25 | 0.00

Table 5: Top ten hardest to predict subjects. Freq: Fre-
quency of subject in the dataset.

aggregating the performance across classes.Note
that since the DT model returns binary predictions
directly, without class probabilities, we report the
performance of this model only using F1 instead
of Fryaz.
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Figure 2: Model performance against subject frequency. DT: Decision Tree, ANN: Artificial Neural Network.

3 Results and Discussion

The overall performance for all our models is de-
picted in Table 2. Overall, the BERT model per-
forms the best, and the DT model performs the
worst among the three models. The DT model
achieves an average F1 score of 0.37, whereas
the lowest F1 score (0.30) is observed for fre-
quency range [300,400). The performance of
the DT model is seemingly immune to the fre-
quency of subjects. The ANN model notably out-
performs the DT model with an average F},q,; of
0.48. The ANN model also struggles for frequency
range [300,400). However, the lowest Fy,qz (0.43)
of ANN is higher than the best F1 score (0.40)
achieved by DT in any frequency range. Except for
frequency range [300, 400), we can see an increase
in Fi,q. of ANN as the frequency range increases.
The BERT model significantly outperforms both
DT and ANN models with an average F},q. of 0.55
and shows a positive correlation between F};,,, and
frequency range.

Figure 2 shows variation of performance of all
three against the frequency. The subjects between
range [100,200) are widely spread across the y-
axis (Fi,qz) for each model, which indicates that
the easiest and the hardest subject to predict have
similar subject frequencies. Top ten easiest and
hardest subjects across all three models are listed
in Table 4 and Table 5, respectively. We use macro-
averaged F-score from all three models to compile
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these rankings. All three models show their best
performance for the same subject, Commencement
ceremonies. Both DT and ANN have a non-zero
F-score for each subject. Despite being the best
model, BERT shows zero F,,, for several subjects,
e.g., Clinical psychology.

We also assess the performance of each model
per document type, as reported in Table 3. For
the following analysis, we exclude the document
type denoted as NA for which the corresponding
metadata was missing. Same as before, BERT per-
forms the best, and ANN outperforms DT. All three
models show their best and worst performance for
the same article types across all models, Thesis
and Book, respectively. The frequency of each
type may have played a significant role in these
extremes. This is further supported by the fact that
the performance across all three models follows
the same trend: as the frequency decreases, the
performance decreases as well.

4 Conclusions and Future Work

In this work, we explore the feasibility of using ma-
chine learning for predicting LCSH for scholarly
articles. We first generate a gold-standard dataset
annotated with LCSH subjects by web scraping/
string matching and utilize this data for develop-
ing multi-label classification models. Our results
indicate the feasibility of our approach. We believe
our approach is applicable to other data similar to
LCSH concepts. This automated pipeline should



be extremely valuable to librarians for expediting
the manual cataloging process. We plan to mea-
sure the efficiency gains of this method through the
Montana State University Library.

While our approach displays promising results,
there are many different avenues for future inves-
tigation. First, in this work, we map the web
scraped keywords to subject names (instead of iden-
tifiers or IDs). However, some subject names may
map to more than one identifier (e.g., Psychology:
sh85108459 or sh2002011487). So, we plan to ex-
plore two different solutions to this. One approach
is to develop a chain-classifier that can predict the
LCSH IDs using the already predicted subjects
(i.e., a second classifier for disambiguation). An-
other option is the improve the web scraping/ string
matching pipeline so that we can generate a gold-
standard dataset directly annotated with IDs.

To improve the performance of our traditional
machine learning models, we plan to investigate
the inclusion of hand-engineered features, other
resources such as MeSH terms, metadata fields
that were ignored in this study, and the hierarchi-
cal information from the LCSH. Besides, using
larger more sophisticated language models (e.g.,
Megatron-LM), using the complete set of LCSH
terms (without restricting to Biology-related), and
structured output models that explicitly use the
hierarchy information will likely improve perfor-
mance. Moreover, Extreme Multi-Label (XML)
models that are equipped to handle very large sets
of classes (Kumar et al., 2019) will also likely pro-
vide better performance.
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Background: The demand for psychiatry is increasing each year. Limited research has been performed to
improve psychiatrist work experience and reduce daily workload using computational methods. There is
currently no validated tool or procedure for the mental health transcript annotation process for generating
“gold-standard” data. The purpose of this paper was to determine the annotation process for mental health
transcripts and how it can be improved to acquire more reliable results considering human factors elements.
Method: Three expert clinicians were recruited in this study to evaluate the transcripts. The clinicians were
asked to fully annotate two transcripts. An additional five subjects were recruited randomly (aged between
20-40) for this pilot study, which was divided into two phases, phase 1 (annotation without training) and
phase 2 (annotation with training) of five transcripts. Kappa statistics were used to measure the inter-rater
reliability and accuracy between subjects. Results: The inter-rater reliability between expert clinicians for
two transcripts were 0.26 (CI 0.19 to 0.33) and 0.49 (CI 0.42 to 0.57), respectively. In the pilot testing
phases, the mean inter-rater reliability between subjects was higher in phase 2 with training transcript (k=
0.35 (CI1 0.052 to 0.625)) than in phase 1 without training transcript (k= 0.29 (CI 0.128 to 0.451)). After
training, the accuracy percentage among subjects was significantly higher in transcript A (p=0.04) than
transcript B (p=0.10). Conclusion: This study focused on understanding the annotation process for mental
health transcripts, which will be applied in training machine learning models. Through this exploratory
study, the research found appropriate categorical labels that should be included for transcripts annotation,
and the importance of training the subjects. Contributions of this case study will help the psychiatric
clinicians and researchers in implementing the recommended data collection process to develop a more
accurate artificial intelligence model for fully- or semi-automated transcript annotation.

INTRODUCTION

The demand for psychiatric treatment is increasing each year
in the United States (US) (Butryn, Bryant, Marchionni, &
Sholevar, 2017). With an increase in the number of mental
illness cases, the shortage of psychiatrists is becoming a
major issue in the US (Butryn et al., 2017). According to the
Board of American Medical Colleges, it is estimated that in
the US, by 2024, there will be only 11.3 psychiatrists per
100,000 people (Satiani, Niedermier, Satiani, & Svendsen,
2018). The increasing demand for psychiatrists will directly
increase psychiatrists’ workload and daily work hours
(McCluskey, 2019). Prior researchers have explored the
concepts of Atrtificial Intelligence (Al) and Natural
Language Processing (NLP) to enable quicker electronic
medical record documentation, thus reducing the workload
of clinicians while treating the patients (Kaufman et al.,
2016). Yet, limited research has been done in the past in
reducing psychiatrist workload using Al and NLP methods
(Kazi & Kahanda, 2019). Choosing approriate data for
training the machine learning model is important for
predicting accurate results (Kazi & Kahanda, 2019). The
past research has developed quality documentation tools for
generating consistent and reliable data when rating physician
case notes. For example, Physician Document Quality
Instrument (PDQI-9) tool was used to assess the quality of
physician case notes (admission, progress, and discharge
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summaries) (Stetson, Bakken, Wrenn, & Siegler, 2012).
Similarly, the QNOTE instrument had high internal validity
among subjects when subjects were asked to rate the clinical
notes (Burke et al., 2014). However, no prior research has
been conducted in developing a tool for delivering high
inter-rater validity among subjects when annotating mental
health transcripts. The focus of this exploratory study was to
analyze the annotation process for mental health transcripts
and develop a tool for transcript annotation. To authors’
knowledge, this research is first of its kind to consider
human factors to towards improving the annotation process
for mental health transcripts.

METHODOLOGY

The study consisted of five synthetic mental health
transcripts created by National Alliance on Mental Iliness
(NAMI) Montana. Each transcript was segmented into 90
(transcript A), 90 (transcript B), 100 (transcript C), 91
(transcript D), and 229 (transcript E) sentences respectively.
Each sentence was annotated in six categories: Chief
Complaint (CC), Medical History (MH), Family History
(FH), Social History (SH), Client Detail (CD), and
Other/Other Information (OT) (Kazi & Kahanda, 2019).
These categories were suggested by the domain experts
from NAMI. The subjects were asked to choose one of these
six categories for each sentence which closely aligns with
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the particular category type.

Clinician’s Verification

Three clinicians were recruited in this study to evaluate the
transcripts. Due to time constraints and limited availability
of clinicians, the study only considered two transcripts for
the verification process; transcript A and transcript B (Beck,
Page, Buche, Rittman, & Gaiser, 2018; Satiani et al., 2018).
The clinicians were asked to annotate transcript A and
transcript B and asked to provide feedback for further
improvements (Figure 1). The gold standard was achieved
by comparing transcript A and transcript B of three
participating clinicians. For example, if all three clinicians
chose CC for a particular sentence, then the gold standard
was CC for that sentence. If two clinician’s choice matched
and did not match with the third clinician, then the gold
standard was chosen by the two clinicians with the same
selection. For a particular sentence, if all the three
clinician’s selections are different, then the decision was
determined by the clinician with the highest seniority. For
example, for a particular sentence, if clinician 1, clinician 2,
and clinician 3 chose CC, MH, and SH respectively, and if
clinician 1 was the senior-most and had more experience
than other two clinicians, CC was the gold standard because
clinician 1 help more seniority.

Pilot Testing Phases

The pilot study was divided into two phases, phase 1 and
phase 2 (Figure 1). The pilot study managed to recruit five
subjects who completed both phase 1 and phase 2 and
excluded other subjects who completed only one phase. Five
transcripts were used in both phases; transcript A, transcript
B, transcript C, transcript D, and transcript E.

In phase 1, before the transcript annotation, the subjects were
given information about the focus of the study, definition of
the categories, and four example sentences on how to
correctly identify the category for each sentence. Phase 2 was
conducted two weeks after phase 1 doing the same five
transcripts. In addition, phase 2 also included a training
transcript segmented into 90 sentences with six categories for
each sentence. The subjects had to complete the training
transcript before completing phase 2 transcripts. The training
transcript guides the subject to choose the correct option if
they selected the wrong category for that sentence.

Kappa Statistics for Measuring Agreement and Accuracy
Kappa statistics were used to measure the agreement among
participating clinicians for transcript A and transcript B in
clinician’s verification (Fleiss, 1971; Nichols, Wisner,
Cripe, & Gulabchand, 2010; Viera & Garrett, 2005). In pilot
testing phases, to validate subject’s performance after the
training transcript, Kappa statistics were used to measure the
subject’s agreement and accuracy in both phase 1 and phase
2. Minitab (V19, Minitab LLC, State College, PA) was used
in this study for the statistical analysis mentioned above.
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RESULTS

Clinician’s Verification Results
The clinician’s verification results are shown in Table-1.
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Table 1- Clinician results

Transcript A Transcript B
(n=90) (n=90)

Percentage of
sentences with
complete
agreement
Percentage of
sentences with
partial
agreement
Percentage of
sentences with
no agreement

35% (n=31) 71% (n=64)
52% (n=47)

27% (n=24)

13% (n=12) 2% (n=2)

Fleiss Kappa

Score (CI-95%)

cc 0.26 (0.14 to 0.38)  0.59 (0.49 to 0.70)

CcD -0.05 (-0.17 to 0.07) 0.5 (0.38 to 0.62)

FH 0.41(0.25t0 0.53) 0.19 (0.08 to 0.32)

MH 0.38(0.26t0 0.5)  0.27 (0.15 to 0.39)

SH 0.26 (0.14 t0 0.28)  0.69 (0.57 to 0.81)

oT 0.27 (0.15 t0 0.39)  -0.02 (-0.15 to
0.57)

Overall 0.26 (0.19 t0 0.33)  0.49 (0.42 to 0.57)

Consistency Results in Pilot Testing Phases

Comparing phase 1 and phase 2 (Table 2), except for
transcript C and transcript E, the Kappa scores were higher
in phase 2 than in phase 1. The transcript C and transcript E
had lower Kappa scores may due to limited sample size of
the subjects chosen in this study. The increase in Kappa
score in phase 2 shows the higher inter-rater reliability
among subjects after training transcript.

Accuracy Results in Pilot Testing Phases

To measure the accuracy of phase 1 and phase 2 results,
transcript A of phase 1 and phase 2 were compared with
transcript A of the gold standard (Figure 2). Transcript B of
phase 1 and phase 2 were compared with transcript B of the
gold standard (Figure 3). The Kappa scores denoted as k in
Figure 2 and Figure 3 shows there was poor or no agreement
between subjects and the gold standard. The student t-test
was performed to compare the significant difference in
accuracy percentage between phase 1 and phase 2 for
transcript A and transcript B. The p-value for transcript A
and transcript B were 0.04 and 0.10 respectively. In other
words, the accuracy percentage after training was
significantly higher in transcript A with an increase in mean
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accuracy from 24% to 47%. Similarly, the accuracy
percentage after training was higher in transcript B with
increase in mean accuracy from 63% to 79%.

DISCUSSION

Based on participating clinician’s experience when
annotating the transcripts, the clinicians perceived that
transcript A to be more complex than transcript B.
Transcript A was more complex due to patient type. In
transcript A, the patient was more complex in terms of
erratic behavior and responses leading to less cooperative
and ultimately failure to comply with implicit and explicit
rules for proper patienthood (Koekkoek, Hutschemaekers,
van Meijel, & Schene, 2011; Koekkoek, van Meijel, &
Hutschemaekers, 2006). The patient was experiencing
multiple issues simultaneously like loneliness, separation
from the significant other, suicide attempts, and single
parenting pressure which lead to disruptive behavior and
negative emotions towards doctors (Koekkoek, Van Meijel,
Schene, & Hutschemaekers, 2009). This disruptive behavior
in patients make the physicians hard to understand a
patient’s true problems and diagnose accordingly. The
patient in transcript B was more corporative,
straightforward, and going through one problem;
germaphobia leading to anxiety. The study finds that the
type of transcripts can affect inter-rater reliability among
participating clinicians.

The participating clinicians also provided feedback on
having additional categories specifically in medical history
and mental history can directly help understand the patient
problems for a proper diagnosis (Alegria et al., 2008;
Mowbray, Oyserman, Bybee, & MacFarlane, 2002).
Aforementioned, the current transcript annotation has six
categories for each sentence. After consulting psychiatric
experts from NAMI Montana and Chair of Psychiatric at the
Billings Clinic-Montana, the authors updated the
annotations by adding more categories related to mental
health and medical history. The future transcript annotation
will have the following categories Chief Complain (CC),
Client Detail (CD), History of Present Iliness (HPI), Past
Psychiatric History (PPH), History of Substance Abuse
(HSU), Family History (FH), Review of Systems (RS), and
Others (OT). Note that the MH category was replaced by
HPI, PPH, HSU, and RS categories. These new categories
will likely deliver better categorization of transcript
annotation resulting in an accurate patient diagnostic
approach (Andreasen, Flaum, & Arndt, 1992; Mowbray et
al., 2002).
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In the clinician’s verification phase, the participating
clinicians’ disagreement with each other was due to
ambiguity of the sentence, and confusion between the
categories. For example, in transcript A, sentence 7; “Is Carl
is your boyfriend? Yeah” was annotated as SH by clinician
1, CC by clinician 2, and CD by clinician 3. Clinician 1
chose SH because sentence 7 was closely related to social
history as per the definition. Clinician 2 comprehended that
the patient was going through mental illness due to
separation of the significant other (Carl); therefore, clinician
2 chose CC for that sentence. For sentence 7, clinician 3
chose CD, thinking CD was more appropriate than SH. In
sentence 8; “How long have you been together? Couple of
months” was annotated as SH by clinician 1 and clinician 2,
and CD by clinician 3. Similarly, sentence 9; “We’ve been
living together for the last four and a half weeks.” was
annotated as SH by clinician 1 and clinician 2, and CD by
clinician 3. In both sentence 8 and sentence 9, we can notice
the clinician 3 chose CD mistaking or confusing for SH.
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These examples emphasize the human factors on how each
clinician perceives the transcript sentence and choose the
category accordingly. This same pattern of clinicians’
disagreement was also observed in transcript B. To improve
the annotating experience and inter-rater reliability among
participating clinicians in the future, the authors recommend
the training transcript before starting the survey. The
training transcript will explicitly illustrate the categories,
eliminating ambiguousness and confusion when annotating.
The training transcript will also help the participating
clinicians in gaining experience in annotating complex
transcripts (like transcript A) and deliver more standardized
results.

This study explored the effects of training transcripts with
subjects who are not clinicians. The subjects for pilot testing
phases were selected randomly who had little or no prior
knowledge of psychiatric nursing and mental health.
Comparing the results of phase 1 and phase 2, it can be
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inferred that introducing a training transcript before the
survey can help improve the accuracy and consistency in the
results. But the results from training transcript were not
significantly reliable to use in the research. The reason for
unreliable results after training transcripts was because the
subjects did not have sufficient background knowledge in
mental health and psychiatric nursing (Werner & Stawski,
2012). To obtain better results in data collection, authors
recommend choosing subjects who have sufficient
knowledge in mental health (such as psychiatric nursing
students or clinician experts). The paper has limitations.
First, there were not enough subjects in both expert’s
validation and pilot testing phases. Having more clinicians
and more subjects in clinician’s verification and pilot testing
phases would have provided more clarity in the results.
Second, the limited availability of clinicians resulted in
considering only two transcripts for gold standard analysis.
If the study had more gold standard transcripts, there might
have been a better understanding of the subject’s accuracy
in pilot testing phases. Third, the study used synthetic
transcripts in the expert’s validation and pilot testing phases.
There may have been different results and observations in
the research if real patient transcripts replaced synthetic
transcripts. Fourth, this is an exploratory study and our
results may not be useful for all mental health transcripts.

CONCLUSION

This innovative study focuses on understanding the
annotating process for mental health transcripts which will
be applied in training machine learning models. Through this
exploratory study, the research contributes to finding
appropriate categories that should be included for transcripts
annotations, suitable subject selection for data collections,
and finally training the subjects before the survey for
delivering high reliability in the data. Future research built
from this study should include implementing the
recommended data collection process to develop a novel
system for psychiatrists, that combines automated case notes
with an in-build treatment algorithm module.
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WIP:

Detection of Student Misconceptions of Electrical Circuit Concepts in a Short
Answer Question Using Natural Language Processing

Abstract

While the use of writing exercises in gateway STEM courses that focus on solving numeric
problems is not widespread, there is evidence that students could benefit from the addition of such
exercises [1]. Writing exercises may be effective in both uncovering student misconceptions that
are not necessarily apparent with typical computation problems, and as tools to foster conceptual
change and metacognitive skill.

In this paper, pilot studies of the use of two Natural Language Processing (NLP) techniques to
identify common misconceptions in the writing of students in a course on electric circuit analysis
are described. Performance on the writing exercise in question has been shown to correlate with
a student’s performance in the course [2]. This is of particular interest as the writing exercise has
been administered during the fifth class period, sufficiently early to direct additional resources to
the success of students appearing to be at-risk for failing the course. Realizing an automated
software solution to analyze the responses to this exercise would remove burden on instructor time
and open the door to immediate and personalized feedback to the student.

The first pilot study was run to determine how successful a simplistic rule-based approach would
be in identifying the most common misconceptions found in a writing exercise requiring a student
to speculate on the change in the power in the elements of a resistive circuit with a change to a
single resistor value. An open-source NLP rule-based matching engine within spaCy [3] was used.
The corpus consisted of one hundred and eighty-five unique responses to the question. Precision,
recall, and F1-score [4] were used to assess the effectiveness of the rule-based NLP pipeline in
comparison to that of a subject matter expert in identifying responses exemplifying seven
misconceptions. Should this NLP pipeline be used in a system in which feedback is to be given to
the student, a Directed Line of Reasoning (DLR) approach [5] would be beneficial in cases in
which identification of a given misconception is in doubt. Considering this pilot study employed
an extremely simplistic purely lexical-level rule-based classifier, the results are very promising
and suggest the planned approach of developing a highly accurate, advanced rule-based classifier
encompassing lexical/syntax/semantic driven rules is viable. As a compliment to the rule-based
approach, this paper also describes a pilot study of the use of BERT (Bidirectional Encoder
Representations from Transformers) [6], a machine learning approach that has shown tremendous
promise in short-answer grading [7].

1. Introduction

Student struggles in gateway STEM courses may arise from a variety of factors. Two commonly
identified impediments to student success in such courses include inadequate “prerequisite
learning and thinking skills” [8] and the inaccurate prior knowledge [9]. Learning and thinking
skills fall under the terms “self-regulated learning” [10] and “metacognition” [11] and involve
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skills such as accurate self-assessment of knowledge (“knowledge of cognition”) and the ability to
formulate and follow a plan for mastery (“regulation of cognition”). For mastery of the content
studied in gateway courses, students must often demonstrate an understanding of concepts for
which they may come to class with inaccurate models and frameworks. For example, it has been
found that students entering courses on statistics often have intuitions regarding probability and
statistics that are at odds with accepted reasoning [12]. Such erroneous mental frameworks and
misconceptions are often challenging to correct [13].

There are many identified misconceptions among students beginning courses on electric circuit
analysis [14]-[20]. For example, it is not uncommon for a student to fail to appreciate that an
electric circuit is a system and rather believe that the “flow” of current is sequential. Colloquial
phrasings such as “current flow” are often used by instructors for expediency but may strengthen
student misconceptions. While evidence of certain misconceptions held by students in the electric
circuit domain may be found in their computations, student writings offer the most vivid insight
into a student’s thinking. The value of writing as a tool for uncovering a student’s misconceptions
has been noted in other disciplines such as the medical field [21]. Unfortunately, grading and
providing feedback to students on their written work is time consuming. This burden on instructor
time may be a factor why, beyond common written works such as laboratory reports, courses such
as electric circuit analysis or statics and dynamics are almost exclusively computation based. The
authors of this paper do not suggest eliminating computation problems in gateway STEM courses,
but rather to complement such problems with conceptual writing exercises as such exercises may
be the key to effecting conceptual change particularly in the case of robust misconceptions.

The remainder of this paper focuses on a describing the results of pilot studies in the use of two
techniques in natural language processing (NLP) to identify misconceptions in the responses of
students to a writing quiz in an introductory circuits course, EELE 201, at Montana State
University. The details of the writing quiz may be found elsewhere [2],[22]. In short, the question
refers to a four-element circuit as depicted in Figure 1 and asks the student to argue what will
happen to the power (increase, decrease, or remain the same) of each of the circuit’s four elements,
when the resistance of resistor R decreases. Students are told to treat all elements as ideal
including the independent voltage source and to thoroughly justify their responses.
R4
A AAY

Vs §R2 §R3

This written quiz has been offered on the fifth period of class in EELE 201 and student
performance on the quiz has been found to correlate with their performance in the class, making
the writing exercise of significant value in identifying students likely to struggle in the course. It
should be noted that prior to EELE 201, students do receive minor exposure to KVL, KCL, Ohm’s
Law, and series and parallel resistor combinations in a freshman course meant to introduce students
to the electrical and computer engineering majors. The ultimate goal for this and other writing
exercises used in EELE 201 is to embed a given writing exercise within a web-based application

Figure 1: Circuit schematic diagram of the circuit students are
to consider in a writing quiz.
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that without human intervention, evaluates a student’s response and provides meaningful feedback
to strengthen the student’s conceptual understanding while promoting active metacognition.

II. The Rule-Based Matching Approach

While machine learning methods are common in natural language processing (NLP) applications
[6],[7], they are most powerful when a large, labeled corpus is available and the task is simply to
classify the responses, for example, to grade them. As the existing corpus of responses is modest
(185) and a key goal in the current work is to identify examples of misconceptions in students’
writing, we elected to begin by using a hand-crafted rule-based approach. The matching engine,
“matcher”, within the open-source NLP framework spaCy [3] was used. We divided the 185
responses into two groups, a training set consisting of 60% of the responses and a test set consisting
of the remaining 40%. The training set was considered when generating rules to identify a given
misconception. Each rule consisted of a search for an ordered set of between two and four key
words, together which likely indicated a given misconception. Once the rules were established,
they were applied to each response within the test set on a sentence-by-sentence basis. Measures
of precision, recall, and F1-score were determined at the response level.

The precision of our rule-based NLP classifiers is the fraction of correct predictions of responses
exemplifying a given misconception over the number of instances in which the classifier identified
a response as exemplifying the considered misconception. The recall of a given classifier is the
fraction of accurate identifications of a response exemplifying the misconception considered over
the total number of responses that were tagged by the expert to exemplify the misconception. From
measures of the precision and recall, the F1-score [4] was computed.

A. Sequential Misconception

A sequential misconception in terms of electric circuits is one in which it is believed that elements
that are further “downstream” from a source (such as R» and R3 in the example circuit of Figure 1)
“receive” current after elements closer to the source (R; in the example circuit). With such a
misconception, it is likely that a student will think that changes in R> have no effect on the potential
difference and current associated with Ri or Vs. The following two examples are drawn from the
corpus of responses and indicative of a sequential misconception on the part of the writer.

Since R is a component lying before R, its power absorbed should be unchanged.

The power at R; should be unaffected by changing R>. R, is not affected as its current does not
depend on R:.

In this work, examples such as the first that refer to the relative locations of R; and R to argue
that the power in R; will not change with a decrease in the value of R; are termed “explicit”
examples of the sequential misconception. Such examples are easily identified using rules looking
for two-word combinations such as “before R;” and “after R,”. Examples such as the second
appear to imply the sequential misconception and so are termed “implied” examples. Extracting
such examples typically required a three-word combination with the words separated by other
“tokens”. For example, the second example provided could be extracted using a rule looking for
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the word sequence “R; not affected” but allow another word or words to exist between “R1”, “not”,
and “affected”. Tokenization is one of the first steps in an NLP pipeline and often includes more
complex tasks such as stemming or lemmatizaton [23]. In this work a basic tokenization scheme
was followed, namely, separating words by spaces and punctuation marks; in some instances the
lemma (i.e. base form) of a given word was invoked to make a given rule more widely applicable.
While extracting explicit examples of the sequential misconception was straightforward,
attempting to identify the implied cases of the sequential misconception resulted in some false
positives. In this case, a false positive is a response identified by the rule-based algorithm as a
sequential misconception that was not tagged as a sequential misconception by the content expert.
A set of rules were developed considering the training set; the rules were then applied to the test
set. As identified by the content expert, approximately 16% of the 185 responses considered
included evidence of either explicit or implicit sequential thinking.

The precision, recall, and F1-score were found to be 0.632, 1, and 0.77, respectively. The value
of unity for the recall indicates that the rules were sufficient to extract all instances in the unseen
test set tagged by the content expert as exemplifying either an explicit or implicit sequential
misconception. Of the seven false positives, four exemplified another misconception, what in this
work is termed a “localized” misconception. Students exemplifying this misconception express
the belief that only quantities associated with Ra, such as its current or power would change. All
three of the remaining false positives indicated that they believed the power associated with Ry
either increased or decreased, conclusions that are in opposition to the sequential misconception.
As described in [22], a web-based application for the writing question has been created though it
has yet to be powered with NLP. One of the features of the existing application is a drop-down
selection for each of the four circuit elements for which the user must indicate whether their
response supports that the power associated with a given element increases, decreases, or stays
the same. The original intent of including the drop-down was simply to remind students they were
to address the power associated with each element as it was observed from the first deployment of
the handwritten quiz that many students failed to address all four elements. Since we will have
unambiguous information regarding what a student feels are the correct answers, specific rules
based on a student’s drop-down selections can be applied once certain responses are removed from
consideration. In this case, the rules would be applied after the three responses indicating a change
in the power of R; were removed. So too, responses that correspond to drop-down selections in
which ONLY the power of Rz was believed to change could be removed to avoid lumping localized
with sequential misconceptions. Even without using drop-down selection to eliminate the potential
for false positives, the results are promising considering only a very simplistic word-matching
approach was used.

B. Constant Voltage Errors

The second most common error that showed up in in student responses, found in approximately
15% of responses, was the belief that the voltage drop across R» and/or R3 did not change as the
resistance of R, decreased. Students making this error often did not justify why they felt the
voltage drop across one or both of these resistors would not change as the value of R> decreased.
Perhaps these students recalled the fact that the potential difference across the ideal voltage source
would not change and erroneously extended the thought to the other components, failing to
appreciate how the potential difference redistributes across the resistors with changes in the value
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of Ro. An example response follows. Note that in addition to the constant voltage error, the given
response suggests localized thinking on the part of the student.

The total resistance is found by combining R> and R; in parallel and adding R;. Vidoes nothing
different. R; has the same potential difference as before. R: is less resistive but the potential
difference has to be the same so to make up for the loss in resistance. The current is stronger
therefore the power related to R increases due to the stronger current and the same voltage.
Power equals voltage times current. Rs remains the same.

Once again, a series of rules were generated based on an analysis of the training set and
implemented using matcher. The rules were then applied to the unseen test set. The precision,
recall, and F1-score were found to be 0.69, 0.82, and 0.75, respectively. In examining the false
positives, it was found that augmenting the basic capability of matcher with a function that
excluded a match if there existed the term “voltage source” in the tagged sentence, the precision
could be increased to one. The false negatives were found to be cases in which evidence for the
misconception was implied as suggested in the following example.

... but Rz is not directly affected in any way by R, thus I3 stays the same. If I3 remains the same
then the power must also remain the same.

In the above example, specific mention of the potential difference across R3 is not made. The
example was tagged by the content expert with the constant voltage error based on the implication
of having I3 and the power of associated with R3 being unchanged.

C. Misconception with an Ideal Independent Voltage Source

In a typical course on electric circuit analysis, students are introduced to the model of an ideal
independent voltage source. Ideal independent voltage sources provide a constant potential
difference across their terminals. The current and thus the power associated with such a source
depend on the circuit to which the source is connected. For simplification purposes, batteries are
often modeled as ideal sources, though the limitations of such a model for batteries should be
explained. As has been noted elsewhere [14],[15] a common misconception regarding batteries
(independent voltage sources) is that they are sources of constant current. This misconception,
along with the notion that the power associated with a voltage source is constant turned up in
approximately 12% of the responses. Two examples follow.

Vs would stay the same power wise because it is independent from the other elements of the circuit.

Given that the voltage source remains unchanged, the voltage and current through it remain the
same, so the power does not change.

Considering the training set, rules were developed to catch misconceptions regarding the ideal
independent voltage source. Again, these rules were based on either a two- or three-word set in
order, with tokens allowed between the key words. The precision, recall, and F1-score were found
to be 0.50, 1.0, and 0.67, respectively. Therefore, while the rules caught all responses tagged by
the content expert to suggest an error in applying the concept of an ideal independent source, the
rules picked out an equal number of false positives. Seventy percent of the false positives could
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be ascribed to another misconception. If knowledge from the use of drop-down selections as
previously described were employed, the remaining 30% of the false positives would not occur,
thus improving the performance (precision = 0.59, recall = 1.0, F1 = 0.74) of the simple matching
algorithm. It is interesting to note that considering the full corpus (185 responses), the terms
“ideal source” or “independent source” when referring to Vs showed up in just over 8% of the
responses. Of the responses specifically identifying Vs as an ideal or independent source, nearly
half (~47%) misused the term.

D. Resistor Combination Errors

In responding to the writing quiz, students scoring at the upper end of the scale recognized that
thinking about the equivalent resistance “seen” by the source was an effective starting point. Such
students identified that R and R3 are in parallel and this parallel combination is in series with R;.
From there, successful students would note that in decreasing R», the effective resistance seen by
the source decreases. Approximately 9% of the responses in the corpus of 185 unique answers
revealed at least one error regarding claims made in terms of resistance; three examples follow.

R; and Rz are in parallel therefore...
...If R> goes to zero, then R; and R3 are in series
The equivalent resistance of the circuit increases as R> decreases.

The first response demonstrates a clear misunderstanding of what is required for resistors to be in
parallel. The error in the second statement likely stems from a misunderstanding of the result of
placing a short circuit in parallel with a resistance. The third statement reveals a lack of awareness
that the net resistance of two resistors in parallel is less than the smaller of the constituent resistors.
It should be remembered that the writing quiz was given early in the semester (fifth class period);
nevertheless, promptly correcting such errors is critical. Once again rules to pick out resistance
combination errors were composed based on an examination of the training set (60% of the
corpus). The rules were then applied to the test set (remaining 40% of the corpus) to establish
values of precision (1.0), recall (0.71) and Fl-score (0.83). It is interesting to note that the
precision was perfect, indicating that zero false positives were identified. It appears then that one
would not have to invoke a specific set of rules using knowledge of the drop-down selections when
attempting to identify resistance combination errors. That fact that recall was not perfect reflects
that additional rules are necessary to capture all the examples of resistor combination errors in the
existing corpus. The following is a somewhat obscure example of a “resistance combination error”
that was not caught by the rules created when considering the training set.

The equivalent resistance must stay constant, so as the resistance of R decreases, the resistance
of R3 must increase.

An advantage of rule-based systems is that the rules can grow without substantial change in the

system. Considering this most recent example, a simple rule can be added to catch such a rare
misconception (1 of 185 responses suggested that the equivalent resistance must remain constant).
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E. Localized Misconception

As noted in the discussion of the sequential misconception, in terms of the work here, a localized
misconception is one in which the responder believes that for a quantity such as current or power
to change in an element, that element must itself change. In the problem considered, only the
resistance value of R» changes and so a student falling prey to the localized misconception would
express that only the power of R> would change. Just over 4% of the responses were found to
exhibit evidence of the localized misconception. In considering the training set when developing
the rules to catch the localized misconception, it was noticed that our chosen procedure of
analyzing responses one sentence at a time, while effective for the other misconceptions noted,
would not be in the case of the localized misconception. The following example illustrates the
need for a somewhat more sophisticated approach.

The power associated with Vs with the resistance of R> decreasing will be the same. The power of
R; will remain the same as the current and resistance stay the same. The power of R2 will decrease
for as R decreases, so will power. The power of R3 will remain the same as current and resistance
remain the same.

To deduce that the student exhibits the “localized” misconception, three of the four sentences
(sentence 1, 2, and 4) would need to be tagged, as individually they show the author thinks that
the power of Vi, Ry, and R3 will remain the same, respectively. While certainly this could be done,
recalling that the existing web-based application has drop-down selections to indicate the nature
of a change in power of each of the elements, any response that indicated only the power of R
changed could be identified as a localized misconception. Such an approach is the most efficient
means to tag responses for the localized misconception in the given question.

F. Precedence of Current Misconception
Consider the following response from the corpus.

If the equivalent resistance for this circuit decreases than [sic] the current will increase in order
for the voltage to remain constant.

A common misconception regarding electric circuits has to do with the relationship between
potential difference and current. While the correct understanding is to appreciate that it is the
potential difference that causes current (i.e. the flow of charge), many operate under the erroneous
idea that current causes potential difference. Such a misconception may lead to errors in applying
Ohm’s law for example, as well as not appreciating that a potential difference can exist across an
open circuit [24]. Just under 4% of responses provided direct evidence of this misconception.
Rules to catch this misconception were created based on the training set and found to successfully
capture all instances of the misconception in the test set with zero false positives. This suggests
that perfect precision, recall, and Fl-score were achieved. The number of instances of this
misconception (4 in the training set and 3 in the test set) was so small, that the results should only
be taken to suggest that capturing examples of this misconception may be done relatively easily
with the chosen approach.
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G. Conservation of Energy Errors

A search was performed to identify all responses that included either the term conservation of
energy or conservation of power and their variants. Of the 185 responses, fourteen (~8%) included
such a reference. In ten of these fourteen, the use of the term is either incorrect or ambiguous.
Consider the following examples.

The power associated with Vs and R; will stay the same because Vs is the only provider of power
in the circuit and because power is conserved it must stay the same.

1 know that R> and R; are connected in parallel so they won't have the same currents. But, I would need to
combine all my resistors first to find the total current. After finding all the currents, figure out [sic] power
equations before and after R (keeping in mind that power is supposed to be conserved but in this case, it's
not).

The first statement attempts to use the notion of conservation of power to argue (incorrectly) that
the power of the voltage source must remain constant as it is the only source and thus only provider
of energy in the circuit. In the second case, while mentioning that, “power is supposed to be
conserved,” the student believes he/she has found an example in which it is not. Students who
used conservation of energy correctly considered the power (energy per unit time) of each element
in the circuit before coming to a conclusion. As the method pursued in this pilot study looked only
at the sentence level and did not try to tie the meaning from one sentence in a response to another
within the response, no attempt was made to determine precision, recall, and F1-score. It is quite
possible that values for those quantities would be considerably higher than warranted due to the
fact that it was trivial to extract examples of the use of the concept of conservation of energy and
that most of the uses were not applied properly.

III. A Machine Learning Approach

As a compliment to the rule-based approach, a machine learning approach was investigated. We
modeled the task of predicting responses with sequential misconceptions as a supervised binary
classification problem in which examples are the whole responses and the labels are positive if the
response contains a sentence conveying the misconception. We used a BERT model pre-trained
on a large corpus of general English text data in a self-supervised fashion. Then, we fine-tuned the
BERT model for our task using the labeled training data. We used the exact same data and
experimental setup used to evaluate the rule-based approach; a comparison of key metrics between
the rule-based and BERT approaches are provided in Table 1.

Table 1: Comparison of models for sequential
misconception prediction

Model Precision Recall F1
Rule-based 0.63 1.0 0.77
BERT 0.90 0.75 0.82

As depicted in the table, BERT’s precision is excellent but its recall, which we claim is more
important for misconception prediction, is relatively lower than that of the rule-based approach.
With more training data and domain-specific pre-training [25], data-hungry models such as BERT
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will likely outperform rule-based models in both metrics. For our purposes, a reasonable approach
in developing a misconception detection system for a given conceptual-based writing problem
would be to create a combined system in which the rule-based method is
initially active until sufficient gold-standard data is generated from multiple offerings of the quiz
at which point the BERT model may start assisting for improved accuracy. Regardless of the
chosen NLP approach to misconception detection, the ultimate aim is to correct the misconception
through some form of feedback. In the following section, the proposed method of feedback for
the conceptual-based writing problem is described and demonstrates that perfect interpretation of
the student’s response is not necessary.

IV.  Correcting the Misconceptions through Feedback

The original intent of the writing quiz described above was to identify students at-risk to fail the
course [2]. Currently, additional writing quizzes are being explored to correct student
misconceptions and to foster metacognitive skill. The manner in which students are given
feedback is no doubt crucial. Our conception of feedback in terms of the writing quizzes is not
primarily one of simply articulating correctness or incorrectness of a response but rather is itself a
form of instruction as suggested in [26]. As noted by Hattie [27], feedback, “is most powerful
when it addresses faulty interpretations, not a total lack of understanding. Under the latter
circumstance, it may even be threatening to a student.” Hattie goes on to note that, “a key theme
arising from this review of the literature is the importance of ensuring that feedback is targeted at
students at the appropriate level.” Simply describing to the class as a whole, a correct approach to
answering the question is therefore not the most effective for it does not target the individual. Our
desire is to use a web-based application to evaluate student responses and to immediately provide
them individualized feedback based on a Directed Line of Reasoning (DLR) algorithm [5].

In the previous sections, we have described how employing drop-down selections in the web
application and simple word matching using an open-source tool, or using a machine learning
approach such as BERT, we can begin to assemble a model of a given student in terms of their
understanding of the writing quiz. Based on any identified misconceptions, or solid conceptions
such as the value of considering the equivalent resistance, a starting point in the DLR could initiate.
For example, should a student mention conservation of energy, the algorithm could congratulate
the student on considering the term in the context of the problem and then lead them through
simple question and answering (perhaps through multiple choice selections) to a proper
understanding of the term. In a similar fashion, should a response be tagged with a sequential
misconception, the DLR algorithm could help the student come to appreciate the importance of
looking at a circuit as a system. The key point with such an approach is that it can provide a level
of individualized feedback that is immediate as opposed to either a class discussion (not
individualized) or instructor feedback given days later (not immediate) due to grading demands.

V. Conclusions

As a means to identify misconceptions with regard to basic concepts related to electric circuit
analysis within the writings of electrical and computer engineering students, a simple word
matching approach applied at the sentence level, has been described. Even though a very
rudimentary NLP approach was implemented, the results have shown considerable promise for the
task. For example, the precision, recall, and F1-score were 0.632, 1.0, and 0.77, respectively when

91



searching for evidence of a sequential misconceptions. Other misconceptions and errors, such as
that associated with resistor combinations were found with similar metrics. Misconceptions such
as “localized thinking” would not be effectively found by analyzing the word choices of single
sentences, but rather need a more sophisticated algorithm that looks at the meaning (as revealed
through word search) of multiple sentences within a response. More simply, using the drop-down
selections of the existing web-based application would permit the localized misconception to be
identified without resorting to an NLP algorithm altogether. Preliminary results from BERT, a
machine learning approach apparently well-suited to short answer evaluation, were described. The
value of such an approach grows as the corpus of responses used for training grows. Whether the
evaluation is done by a human or via an NLP-based algorithm as described, there is often
ambiguity for the very reason that students were often found to fail to adequately justify their
responses to the considered conceptual writing quiz. This is where a Directed Line of Reasoning
approach to providing feedback would be most useful.
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