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Abstract

Recent advancements in computing technology have transformed the field of
biomedicine. Vast repositories of research and healthcare data have proliferated alongside tools
to analyze them. Consequently, the role of healthcare providers has evolved to include not only
direct patient care, but also the management and effective integration of data from diverse
sources. To support this evolving role of physicians, significant changes in medical education to
enable acquisition of knowledge at scale and clinical care to enable management of data streams
have become imperative. This thesis comprises two projects which explore cutting-edge
information management strategies for medical education and clinical practice.

In the first project of this thesis, we explore the design features of electronic flashcards
(EFs), a technology-enhanced learning tool which shows initial promise for managing high-
volume knowledge acquisition. We leverage a flexible approach to thematic analysis to identify
and define the design features in EFs for undergraduate medical education (UME). The result of
this qualitative study, called the Design Elements of Anki for Medical Education (DEAME)
Framework, provides the first comprehensive terminology to unite the heterogeneous design
features that EFs may display. This framework therefore shows that individual EFs for UME can
encourage active learning of a variety of knowledge in a variety of ways, including in ways
which may support acquisition of knowledge at scale such as rich metadata to organize and
connect related flashcards. Furthermore, we apply this framework to a sample of EFs for UME to

interrogate whether learner-created EFs might support development of core curricular
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competencies such as clinical reasoning and higher-order thinking skills which are necessary for
clinical practice in the data era. We find that all learner-created EF decks contain subsets of
flashcards which relate to and might improve these competencies but may not do so in sufficient
quantity to align with learners’ and educators’ goals. Our framework provides a strong
foundation for future efforts to align EFs with curriculum and ensure learner engagement with
such competencies.

In the second project of this thesis, we investigate the feasibility of using streams of
readily available data to estimate a measure of cardiac function—cardiac index (CI)—with
significant importance to clinical decision making for cardiac anesthesiologists. Using
generalized linear mixed-effects models, we show that several estimators which collate
noninvasive physiological measurements are independently associated with CI when adjusted for
patient and procedure factors. Therefore, these estimators show future promise in predicting CI
without requiring invasive measurements, as is the current gold-standard. However, we also
show that our current models are poorly calibrated for individuals, and not yet sufficiently
accurate to guide clinical decision making. Nonetheless, our work demonstrates advancement in
the ability to help clinicians manage critical patient data with minimal added risk and with
potential value for clinical practice.

These two projects use a mix of quantitative and qualitative methods to investigate state-
of-the-art strategies for physicians to learn and manage vast amounts of information. While EFs
and CI estimators show significant promise in supporting physicians in their role as information
managers, future work is necessary to allow these strategies to achieve their full value to medical

education and clinical practice.
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Chapter 1 Introduction

1.1 The Data Era

In the past few decades, advances in computing technology have allowed the collection
and storage of vast amounts of data.! In the field of biomedicine, large repositories of research
and health operations data have surfaced an unprecedented amount of information about the
human body (Figure 1).3 New and advanced analytic methods, such as machine learning and
generative artificial intelligence, have arisen to facilitate the analysis of these large,
heterogeneous, and complex collections of biomedical data.>* These two transformative shifts—
the accumulation of data and tools to analyze it-have yielded compensatory changes in the role
of healthcare providers. In addition to providing one-on-one, humanistic care to their patients,
physicians must now manage large amounts of data from heterogeneous sources.®> This
management entails not only the production of new data, such as through coding and
documentation of healthcare encounters, but also the “effective integration and utilization of
information” to facilitate data-driven patient care.®

To support physicians in their new and developing role as “information managers,”
current approaches to education and clinical care must evolve.>® Education must leverage
technology to provide students with learning strategies that allow mastery of ever-increasing
amounts of new biomedical discoveries.’ Additionally, education must sharpen critical thinking
and decision making skills which allow physicians to gather, appraise, and act upon data from

heterogeneous sources.>S In clinical practice, tools must be developed to surface timely,



actionable, and valuable information to physicians to encourage its effective integration in
patient care.” The following sections elaborate on recent trends in medical education and clinical
care which have arisen in the data era and might support the transforming role of physicians

today.

1.2 Medical Education in the Data Era

Annually, over 1.5 million new scientific papers are published in biomedicine and the life
sciences, representing a vast amount of novel information for physicians to assimilate.® This
knowledge expansion has accompanied two recent shifts in medical education: the rise of

-1 eLearning resources

eLearning and “parallel curriculum” resources among medical learners.
are technology-enhanced learning tools such as electronic question banks, instructional videos,
podcasts, and social media.’ The parallel curriculum includes third-party resources that exist
outside of traditional curricula—and are often eLearning resources themselves.!%!! Students
report taking up such resources to facilitate learning and retention of the ever increasing amount
of knowledge required by medical practice and certification exams.’

An archetypal example of both an eLearning and parallel curriculum resource, electronic
flashcards (EFs), may be uniquely poised to facilitate knowledge acquisition at scale (Figure
1.2). For one, EFs may encourage learners to engage with established, evidence-based strategies
for knowledge acquisition and retention, such as active learning, interleaving, and spaced

12-14 However, unlike other resources which may encourage similar behaviors, many

repetition.
collections of EFs (called “decks”) are themselves very large in scale. For example, a commonly
used EF deck, AnKing Step 1, has 31,475 flashcards—an order of magnitude greater than the

UWorld Step 1 question bank with 3,643 questions as of April 2024.!%!6 In fact, a subset of EFs

in the AnKing Step 1 deck are extracted from UWorld questions themselves.!” However,



whereas a UWorld board-style, practice question may require users to understand and reason
with many pieces of information at one time, EFs may atomize knowledge into smaller,
component pieces of information. Schukow et al suggest that this breaking down of “big
concepts into smaller ones” may support EF’s ability to address “volume-of-information
constraints” among medical learners.!®

Indeed, preliminary evidence around EFs suggests that they generally improve measures
of knowledge acquisition, including on large, summative exams such as Step 1.!° Furthermore,
several studies show a positive correlation between specific measures of EF use, like number of
cards reviewed, and academic performance, suggesting a dose-dependent relationship.2%-%7
Nonetheless, given that EF decks are sizable, learners may need to review large numbers of cards
in order to improve their academic performance. For example, one study by Deng et al reports
that reviewing 1,700 new flashcards correlated to a 1-point increase on the Step 1 exam.?°
Indeed, some learners report that the size of EF decks is a barrier to their use—a barrier that is
ameliorated when learners perceive EF decks to contain high-quality questions and align strongly
with curricula.!®2%2 Therefore, for EFs to best support learners in facilitating knowledge
acquisition at scale, EFs must prioritize efficiency by testing knowledge in the “right” way (e.g.,
with high-quality questions) and prioritizing the “right” knowledge for testing (e.g., curriculum-
aligned knowledge).

However, few studies have explored how EFs actually present knowledge, including how
EFs might atomize large concepts into smaller ones, test knowledge effectively, or align with
curricula.!” Indeed, many studies have no description whatsoever regarding the content or design
of their EF decks.!” When studies do describe the contents of their EF decks, there is evident

heterogeneity in EF design between studies, suggesting that EFs may not employ a “one-size-



fits-all” approach to testing knowledge. For example, studies report highly different mixes of
question types in EF decks, such as multiple choice, open-ended, and fill-in-the-blank.!” No
studies, to our knowledge, explicitly or empirically compare the effect of different design
choices on learner behaviors and outcomes, such as time required to review individual
flashcards. In this way, we have little insight into testing knowledge the “right” way to
efficiently support acquisition of knowledge at scale. A key hurdle to such empirical evaluations
is the lack of terminology to describe the variety of choices available for EF design. In Chapter II
of this dissertation, we propose a framework which provides a terminology for EF design and
may support future exploration of high-quality EFs.

In addition to creating cards that test knowledge the “right” way, EFs must prioritize the
“right” knowledge for learning. Given that EFs are often reported in studies to be largely created
by-learners-for-learners, they may not adequately incorporate expert perspectives in what
knowledge is important to learn.!33%3! In fact, a key concern surrounding EFs, and other
eLearning and parallel curriculum study tools, is that they primarily facilitate knowledge
acquisition without actually improving the core competencies required for medical practice.’? As
students spend increasingly more time using these resources compared to expert-created
curricular resources designed to facilitate competencies, this concern becomes particularly
immediate.?*-* One such competency relevant to the data era includes sharpening critical
thinking and decision making skills which allow physicians to integrate information from
heterogeneous sources.>S If EFs could be shown to facilitate such competencies, they could have
enormous promise as a learning tool in the data era, not just for knowledge acquisition, but also
competency development. In Chapter III of this thesis, we assess the degree to which popular,

learner-created EF decks engage with core competencies like clinical reasoning skills.



EFs have shown initial promise to support learner education in the data era. EFs are a
technology-based active learning tool that have been shown to improve academic performance in
the current landscape of high demands for knowledge acquisition. However, to realize their full
potential in supporting students, EFs must present information to learners in an efficient manner

and target learning needs beyond knowledge acquisition alone.

1.3 Clinical Practice in the Data Era

In addition to education facilitating the requisite knowledge and reasoning skills to
engage in data-driven practice, clinicians may benefit from tools integrated in the clinical space.
Many such recent examples exist, such as clinical decision support (CDS) tools which typically
use EHR data and advanced modeling techniques to suggest actions to clinicians.** The recent
rise in generative Al has opened another wide suite of tools, such as documentation support,
which can summarize information from clinical encounters.?> However, while there is an
increasing amount and variety of such tools, a key concern around data-driven tools in the
clinical space is their actual value to patient care and outcomes.**

The field of anesthesiology offers an interesting case study for how the data era has
changed clinical practice. Anesthesiologists must monitor many streams of information about
their patients during surgery in order to support their vital functioning.*® In the data era,
anesthesiologists have adopted dashboards to collate and visualize many streams of
intraoperative data which may also include embedded CDS tools.>”*® However, these dashboards
may have uncertain value. For example, the ACTFAST-3 Randomized Clinical Trial
demonstrated that a dashboard intervention did not actually prevent postoperative complications
like hypoglycemia and hypothermia in a general surgery cohort.’® One limitation of these

dashboards may be the exclusion of relevant information.*® For example, in cardiac surgery,



morbidity and mortality commonly stems from poor cardiac function during and after surgery,
which causes low oxygen delivery to organs and organ damage.*° Therefore, it can be presumed
that monitoring cardiac function could allow clinicians early intervention in preventing and
managing this low oxygen state.*!*> However, an important measure of cardiac function is
cardiac index (CI) or cardiac output (CO) which are measured through placement of an invasive
pulmonary artery catheter (PAC) (Figure 1.3). Therefore, the potential complications that may
result from placing a PAC must be weighed against the value that monitoring of CI/CO can
provide.* Alternatively, the value proposition of CI/CO monitoring could be changed by
allowing monitoring of CI/CO through noninvasive proxies of CI instead of direct measurement
with invasive PACs. In Chapter IV, we explore the ability of noninvasive physiological data to
estimate CI, while controlling for other patient and procedural factors which may impact CI
measurement and are readily available in the anesthesia record.

In the data era, information management strategies like CDS tools and dashboards have
the potential to support clinicians to integrate into clinical practice vast streams of information.
However, these strategies may need to balance the value of surfacing information to providers
with the risk of gathering that information from patients in order to demonstrate value in

improving patient outcomes.

1.4 Dissertation Roadmap

This dissertation comprises two projects which present novel insights into “information
management” in the contexts of medical education and cardiac anesthesiology practice. In
Chapters II and III, we present mixed methods research into the design of electronic flashcards
for medical education. Chapter II describes a novel approach to thematic analysis applied to

>1,300 electronic flashcards for undergraduate medical education. The result of this qualitative



study is the Design Elements of Anki for Medical Education (DEAME) Framework that details
seven thematic categories which group 48 different design features found in the EFs for medical
education. Two of the seven thematic categories are directly derived from the New Taxonomy of
Educational Objectives by Marzano and Kendall and provide a newly robust connection between
electronic flashcards and theories of learning to describe how EFs might test knowledge.**
Chapter III extends the qualitative work in Chapter II and provides a quantification of the types
of knowledge and ways of testing it in a sample of 1,147 EFs. This quantification provides novel
insight into the content and construction of highly used EF decks for medical education,
including the relevance of EFs to the development of clinical reasoning and higher-order
thinking skills. Chapter IV details the second project in this thesis in the context of cardiac
anesthesiology clinical care. Using a large, multicenter database of cardiac surgeries, we explore
the feasibility of using noninvasive data in the anesthesia record to estimate invasive
measurements of cardiac index, an important prognostic measure of cardiac function. Chapter V
discusses implications of the key findings from Chapters II-IV and motivates future applications

and directions of these projects to support clinical education and practice in the data era.



1.5 Figures
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Figure 1.1. Examples of data sources driving discovery in the data era. Adapted from Mallappallil et al3



Flashcard #

Flashcard #

i |

2

Front
How are complements and antibodies similar, and how are they different?

Bock
Similar: They are both proteins secreted by the immune system that can bind to |
pathogens and "tag” (i.e., opsonize) them to be digested by other immune cells.

Different: Complement is a part of the innate immune system. Antibodies are a
part of the adaptive immune system that are created and secreted by B

lymphocytes.

Front
Why do patients with IRAK4 deficiency primarily get sick when they are younger, \
but not as they get older? \

Back |
Because early in life, these patients rely on their innate immune system as their |
adaptive immune system is developing. As they get older, their adaptive immune |
system is able to take over. |

|
|

Figure 1.2. Example electronic flashcards (EFs). EFs contain questions on the front and answers on the back,

adapted from Spicer et a

L3




CARDIAC OUTPUT [EBYJus

The Learning App

CARDIAC OUTPUT

Heart
Rate
(beats/min)

Stroke
Volume

(ml/beat)

Blood

Vascular
Volume

resistance

Figure 1.3. Diagram of cardiac output (CO) physiology. CO is the product of heart rate and stroke volume, which

are each affected by different physiological factors. Cardiac index (CI), a related metric for cardiac function, is CO
normalized by body surface area. Adapted from BYJU’s The Learning App.+
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Chapter 2 Unboxing Electronic Flashcards: An Introduction to The Design Elements of
AnKki for Medical Education (DEAME) Framework

2.1 Abstract

Purpose: Electronic flashcards (EFs) have rapidly ascended as an active learning resource
among medical learners. Despite their significant popularity, no guidelines exist to support
educators in creating high-quality, curriculum-aligned EFs for their learners. The development of
such guidelines is significantly hampered by the lack of a terminology to unite the significant
design heterogeneity that EFs may display. In this study, we propose a framework that offers a
robust terminology for describing EF design. The framework incorporates an extension of The
New Taxonomy of Educational Objectives (NT) to describe how EFs present and test knowledge—

and, therefore, might align with curricular objectives.

Method: We sampled more than 1300 flashcards across six popular EF decks for undergraduate
medical education (UME). Our multi-phase study used a flexible approach to thematic analysis,
which involved iterative cycles of induction, deduction, and reconciliation to identify general
design dimensions (“categories’) and specific design elements (“codes”) of EFs. These
categories and codes are organized into a unifying framework, and we present definitions,

examples, and possible implications for student-centered design for each.

Results: The Design Elements of Anki for Medical Education (DEAME) Framework contains

seven categories and 48 codes that provide a robust foundation for conceptualizing EF design.
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Two categories describe the multimedia and metadata elements in EFs. Three categories describe
how EFs formulate questions and answers. Two categories extend the N7 to describe the types of

knowledge and ways of thinking likely elicited by EFs.

Conclusions: The DEAME Framework provides a much-needed terminology to describe the
significant design variety in EFs for medical education. This terminology, which includes a
novel application of the NT to categorize the knowledge representation in EFs, enables future

development of best-practices for creating high-quality EFs that align with medical curricula.
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2.2 Introduction

Electronic flashcards (EFs) have become a widely popular study tool among medical
learners in recent years, with some studies showing adoption rates in undergraduate medical
education (UME) cohorts as high as 85%,% rivaling the use of traditional curricular resources
like lectures.*” As EFs continue gaining traction in medical education, educational stakeholders
like faculty, researchers, and administrators—who may be unfamiliar with EFs—must increasingly
engage with them to support learners.

To support this critical engagement of educational stakeholders in shaping the future of
EFs as a learning tool, the fundamentals of EF design need to be established. However, unlike
long-standing assessment methods like multiple-choice questions,*® EFs have no consensus
terminology to describe how they organize and present knowledge.!” Given that the nascent EF

literature suggests EFs may display a wide variety of design elements—including heterogeneous

21,22,28,49-56 50,52,54-60 52,61

question types, question elements, explanatory information, and
metadata®®—a unifying terminology is a necessary first step to provide learners and educational
stakeholders a common conceptualization of EFs. This mutual understanding may facilitate
exploration into important questions around EFs to define their future role in medical education.
A question central to the concerns of both learners and educational stakeholders is: How
can EFs support specific populations of learners to achieve curricular or other learning
objectives? This question is particularly salient given the context in which EFs rose to
popularity. EFs are a characteristic part of the “parallel curriculum,” which includes third-party
resources created and used outside of school-sanctioned curricula.!®!! However, unlike many

other “parallel curriculum” resources such as the UWorld question banks curated by content

experts, EFs are often created by-learners-for-learners and then digitally distributed across the
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globe.%27%* As a result, the content and design of EFs may be subject to a wide degree of
variability that goes unchecked by experts.>® A handful of prior studies have used experts to align
EFs with specific curricular or learning objectives,>”-%%¢ but none provide explicit guidance on
performing this alignment. Connections between EFs and taxonomies of learning could support
the development of formal guidelines to align EFs with learning objectives. Several previous
studies hint that such a connection is possible, suggesting that EFs can elicit second- or higher-

28,52-54,67.68 and be described by taxonomies of learning like Bloom 's?8.

order learning processes
In this study, we used a flexible, inductive-deductive approach to thematic analysis to
create the Design Elements of Anki for Medical Education (DEAME) Framework. DEAME’s
main goal is to provide a terminology for the key design elements of EFs. Additionally, the
framework incorporates a novel extension of The New Taxonomy of Educational Objectives
(NT)%—an update to Bloom’s Taxonomy-to capture the types of knowledge in EFs and how they
are tested. Together, these contributions may provide learners and educational stakeholders with

a shared, robust understanding of EF design fundamentals and motivate future efforts to explore

student-centered and curriculum-aligned EF design.

2.3 Background

2.3.1 What are electronic flashcards?

Electronic flashcards—also called e-flashcards, digital flashcards, virtual flashcards, and
interactive flashcards—facilitate active engagement in learning. While there is no consensus
definition of EFs, they typically have a question (“front”) and answer (“back”) component like
traditional paper flashcards. The electronic nature of EFs allows for additional capabilities, such
as multimedia, analytics, gamification, and spaced repetition. These electronic features are

facilitated by EF software platforms, such as the free-and-open-source Anki application.”
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Additionally, many online communities, such as Reddit’s /r/medschoolanki/’! and the paid
service AnkiHub, !¢ provide spaces to share EF decks and circulate advice about EF use.
Research has yielded preliminary insights into learner behaviors, attitudes, and outcomes
around EFs for the health professions, including medical education.!® Learners usually
demonstrate high uptake (>50% of the study population) of EFs when offered.?!-22:4951.55-

57.62:67.72-7T1 However, they may use EFs in differing ways, such as for massed?!-2261.74 ys,

28,51,78,79

spaced/distributed practice and learning new knowledge>*67-7280 yg, rehearsing old

knowledge.?>-?%78 The attitudes towards EFs among learners are largely positive, with a handful

1 24,25,30,51,52,54,56,57,62,67,77,78,80-83
3

of studies suggesting EFs are perceived as helpfu easy-to-

24,52,59,62,67,80 56,62,76,80,82,
b

use and confidence-boosting. 84.85 When prospectively assessing the

11,21-23,25,51,53,60,75,81,83,85

impact of EF use on academic outcomes, most studies —including all three

with a randomized, controlled design®®-66-84—

show improvements in exam scores or clinical
performance among EF learners. A dose-dependent effect of EF use is suggested by recent
studies, which generally found positive and significant correlations between academic outcomes
and specific usage metrics—such as time spent using EFs or the number of new cards reviewed.?*-
27

Nevertheless, the interpretation, extensibility, and replicability of the growing EF
literature remains challenging because many studies do not report the details of the design,
content, and scope of EFs used by learners. Just as an educational intervention involving ten
multiple-choice questions may not have similar impacts to 30 vignette-based short answer

questions, different collections of EFs may yield different impacts on learners. Clear reporting of

EF-based educational interventions using shared terminologies, such as the framework proposed
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in this manuscript, could clarify design best-practices for different populations of learners or

curricular objectives.

2.3.2 What is The New Taxonomy of Educational Objectives?

Bloom’s Taxonomy (BT) is often the de facto choice to characterize the types of thinking
elicited by learning objectives and assessment items. However, a known limitation of BT is that
its six levels contain a mix of types of knowledge and ways of thinking with that knowledge.3¢
To address this limitation and others, several updates to Bloom s have been proposed, including
The New Taxonomy of Educational Objectives (NT)® which contains two different domains that
separately describe knowledge types and cognitive processes. EFs themselves may elicit

28,52-54.67.68 and, therefore, benefit from a

different types of knowledge®’” and thinking skills
description by the NT”s two-dimensional structure.

Marzano and Kendall suggest that “assessments are the logical consequence of well-
articulated objectives” and furnish abundant examples converting learning objectives to example
questions.*+* In one example of this, Dubas and Toledo created assessments from N7-based
learning objectives for undergraduate chemistry and economics courses; in the process of
assessment creation, they successfully “mapped each question/exercise/problem ... to the
corresponding [type of knowledge] and cognitive level” in the NT.%%3° This suggests that, with
some understanding of the context in which an assessment is developed and deployed,
assessment items like EFs could be categorized by the N7. While we were unable to identify any
studies that applied the NT fully post hoc to an assessment to draw conclusions about the types of
learning objectives addressed by that assessment, we propose such a reversal is possible. In this

manuscript, we explore the capacity of the NT to be adapted for this purpose, in the hope that it

could support future work into the alignment of EFs with medical education curricula.
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2.4 Method

To develop a framework that comprehensively and clearly formalizes the key design
features in individual EFs, we assembled a team of experts in qualitative research, education, and
medical education. This team incorporated inductive category generation, inductive and
deductive code generation, and codebook reconciliation in a four-phase study design (Figure
2.1). Our approach was guided by the principles of thematic analysis, which Braun & Clarke
define as “searching across a data set to find repeated patterns of meaning.”° This effort resulted
in a framework built upon a codebook that defines (i) categories that thematically group sets of
(i) codes that detail specific design features of individual EFs. During the development of the
framework, we prioritized comprehensive category development over individual codes so that
categories could be inclusive of code extensions dependent on the wide degree of variability in
EF decks and platforms.

To develop the framework, we chose six Anki decks based on their routine use in UME;
five were recommended by learners on Reddit, one is commonly used at our institution, and

several have appeared in studies of EF use in UME."!-%2

The decks vary in structure, size, origin,
and targeted learner (Table 2.1). We randomly sampled notes from each deck. A note is the Anki
terminology for the base unit of card creation, and one note may give rise to multiple flashcards
(Figure 2.2). We analyzed code applications using the Dedoose qualitative coding software and
the R programming language.®*>* Because one of our categories, Card Organization, only
differed substantially between decks and did not benefit from continuous cycles of evaluating

individual cards, we used only a single round of induction and deduction to develop it as

described in Appendix A.
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Our study was determined exempt from ongoing review by the University of Michigan

IRBMED (HUMO00222432).

2.4.1 Phase 1 - Initial Framework

Two researchers (EB and PB) engaged in several rounds of open coding on proportional
amounts of notes from each of the six study decks, totaling 290 notes. After a completed round
of coding, we reconciled code applications and memos, exploring overlap and incongruity in the
meaning of categories and codes. We explored several theoretical frameworks for knowledge
representation, including Bloom’s and the Alavi and Leidner” conceptualization of knowledge,
and settled on the NT as the best fit for our study aims and observations from open coding. After
creating a draft codebook with inductively generated categories and inductively and deductively
generated codes, we completed a fully deductive round of coding on 100 notes from a single
deck (UMMS Preclinical). Discussion after this deductive round yielded 1) no new categories
and 2) no consensus on changes to category and code definitions, suggesting a need to expand

the coding team to encompass more perspectives. Therefore, we trained new coders in Phase 2.

2.4.2 Phase 2 - Code Team Expansion

To challenge the codes and categories in the developing framework, we assembled a team
of additional coders. Four medical students (MS, AR, KF, PV) with pre-clinical and clinical
training and experience with the Anki platform were selected to enrich codebook development.
The initial training process consisted of two 2-hour live sessions that provided definitions,
examples, active learning questions, and open discussion of codebook categories and codes.
Training sessions were recorded, and training materials—including training session slide decks
and primary sources for deductive codes—were deposited in a shared drive for reference. After

initial training, coders participated in five training sets with 5-50 notes to code, totaling 145
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notes; office hours to discuss the coding process or specific codes were offered by EB and PB
once weekly. Additionally, each training set was followed by verbal and/or written feedback
from EB and PB. Category and code definitions were adjusted throughout the training by
incorporating coder feedback from open discussion, deliberation, and memoing. Ongoing code
application fidelity was monitored by calculating ICR coefficients (Fleiss’ Kappa for more than
two coders and Cohen’s Kappa for two coders).”® After thorough training and team discussions
in Phase 2, we established that discrepancies in code application were due to weaknesses in the
code definitions, not due to coders misapplying codes per se. Therefore, we proceeded to Phase 3

to explore these weaknesses and produce a refined framework.

2.4.3 Phase 3 - Refined Framework

Following the successful onboarding of new coders, we split our full coding team into
two small groups (group 1: EB, PB, AR, KF; group 2: EB, PB, MS, PV) to encourage active
discussion around weak areas of the codebook. Each group had regular reconciliation meetings
on a set of 30-50 notes, for a total of 290 notes in Phase 3. Discussions were guided by coder
feedback on coding challenges, ICR calculations suggesting disagreement and manual inspection
of note-level coding disagreements.

We continued coding rounds and discussions until we agreed that we had reached
theoretical sufficiency for categories and meaning saturation for codes in the framework °7%, We
assessed the theoretical sufficiency of framework categories through small and large group
discussions with the study team. We assessed meaning saturation with small and large group
discussions, logs of codebook changes, and memoing. When coders agreed that a) no new
categories should be added, and b) the existing codes were as reasonable as possible given 1) the

challenges of sampling such large decks for sometimes rare phenomena, and 2) the limitations of
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studying, e.g., thought processes with this methodology, we completed one final round of coding

to assess agreement and proceeded to phase 4.

2.4.4 Phase 4 - Final Framework

All coders read and commented on the final codebook and code examples document.
When all comments were addressed, coders certified that they agreed with the contents of the
codebook and felt as if it reflected the research team's work. Training materials, memos,
category/code change logs, and meeting notes were reviewed to assess that their content was
reflected in the final code dictionary. Though the coding team agreed that saturation had been
reached, due to the large size of these decks, two coders (EB and AR) applied the final codebook

to a further sample of 520 notes and reached a consensus on every card in the sample.

2.5 Results

Due to the recency of EF’s rise among medical learners, many medical educators may
lack a robust, confident understanding of EFs. Therefore, the primary goal of this manuscript is
to present the DEAME Framework to medical educators to empower their involvement in the
study and design of EFs. The framework was developed from a detailed, theory-informed,
inductive-deductive process that draws on state-of-the-art learning theory by incorporating the
NT. As such, the framework is substantial and highly granular, containing seven categories and
48 codes, many of which will apply to every EF (see Table 2.2 for a complete overview of the
framework and Figure 2.3 for an example application of the complete framework to a single
example flashcard). In the following section, we present each of the seven categories in the
framework with a visual aid containing definitions and examples of codes in that category, as
well as commentary on possible student-centered design implications. Further description of the

framework may be found in our final codebook (Appendix B) and examples document
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(Appendix C). At the end of this section, we discuss challenges with the framework, including

limitations in using the NT to classify EFs.

2.5.1 Framework Description

2.5.1.1 Note Components

The Note Components category describes the multimedia elements present on an EF and
has two subcategories: Question Components and Extra Components (Table 2.3). In practice,
Question Components are multimedia elements on the front of an EF that are necessary or
supportive to the learner in answering the question. For example, image-based Question Formats
described in the next section would require an /mage in the question to be answerable by a
learner. In contrast, Text Emphasis is not required by any question types but could help the
learner quickly identify the key elements of the question. After the learner reveals the answer on
the back of the card, Extra Components can elaborate on why an answer is correct or connect
learners to helpful resources.

The variety of Note Components offers significant potential to support learners. For
example, to arrive at a medical diagnosis, clinicians need to gather and integrate many types of
information, such as patient history, physical exam findings, and laboratory tests. EFs that ask
learners to diagnose an illness could replicate this real-life scenario by containing any or all of
the following: a text summary of the patient history, a video of key physical exam findings, and
tables with laboratory findings. Additionally, many students use pre-made decks and therefore
may encounter EFs with new material. Abundant explanation via Extra Components may allow
them to successfully integrate novel material without seeking additional sources. However, when
including Note Components on an EF, accessibility is a key consideration. Screen readers may be

unable to parse content within images and, therefore, exclude visually impaired learners from
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fully engaging with image-containing EFs. Likewise, audio recordings could increase

accessibility for this same group.

2.5.1.2 Question Format

The Question Format category jointly describes the kind of question on an EF (“question
type”) and the syntax through which the Anki platform encodes that question (“question
encoding”) (Table 2.4). A key observation is that every type of question can be encoded with at
least two different syntaxes. The choice of encoding impacts what the learner sees on the front
and back of the card, as well as the process of card creation. For example, the Basic format is
similar to a traditional paper flashcard in which only the answer, not the question and answer,
appears on the back—and must additionally be created by inputting the question and answer into
separate text boxes called fields. Conversely, the Basic Cloze format uses a single field for card
creation and the special syntax “{{c[cloze #]::answer shown on card back::optional answer hint
shown on card front} }” such that the question and answer are both visible on the card back (see
Figure 2.2 for an example flashcard which uses the cloze syntax). In this way, the Basic Cloze
format may streamline card review—such that learners do not need to switch back and forth
between the question/front and answer/back to review the card fully—and card creation—which
may be done in a single field.

The construction of this category as a cross-section between question type and encoding
hints at a key observation about EF design: form influences function and vice versa. For
example, an EF deck that aims to support learner’s identification of anatomical structures could
heavily incorporate Image Occlusion and Image Selection cards. Therefore, this category can
complement the N7-derived categories below in guiding the alignment of EF design with

curricular goals. Finally, the Information Only code in Question Type suggests that EFs may be
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used for information storage and passive learning instead of active learning alone; other design
features like Card Organization described below may be explored to support learners in this

particular use of EFs.

2.5.1.3 Answer Format

The Answer Format category describes an answer's overall length and grammatical
complexity (Table 2.5). Of these formats, Forced-Choice is unique in that it does not require the
learner to form the answer in their own words but merely choose between already provided
answers. The other Answer Formats, however, require the learner to craft their answers with
varying levels of length and complexity (ranging from short, simple Partial Complex Nominals
to longer, more complex Short Answers and Lists). In this way, different Answer Formats can
likely be used to moderate the average difficulty and time required to answer a question. Indeed,
this observation is supported by the fact that Forced-Choice answers, by definition, map to the
lowest level Cognitive Process described by the N7, as discussed further below, while higher
level Cognitive Processes often use Short Answers. Therefore, Answer Formats, alongside
Question Formats, can complement the N7-derived categories below to align EF design with
curricular goals. Together, these two categories can also represent known types of assessment
questions. For example, a text-based free response question would have a Basic or Basic Cloze
Question Format and a Short Answer Answer Format. By considering the Question Format and
Answer Format in tandem, card creators can incorporate existing literature on known types of

assessment questions and additionally gain insight into rendering them in the Anki platform.

2.5.1.4 Cueing
The category of Cueing describes how or whether the question communicates to the

learner from what class of knowledge the answer should be drawn (Figure 2.4). When questions
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are syntactically interrogative or imperative, they typically necessitate the inclusion of a Cue due
to their grammatical construction. For example, “Which medication commonly causes chronic
cough?” or “Name a medication that commonly causes chronic cough” both suggest that the
answer should be drawn from the class of knowledge “medications.” However, when the front of
a card instead contains a declarative statement with a fill-in-the-blank/Cloze question, a Cue may
not be present. For example, the Cloze question “{{c1::ACE inhibitors}} commonly cause
chronic cough” does not contain a Cue for the answer “ACE inhibitors,” which are a type of
medication. When no or limited assistance is given, we say a question has no Cueing. When
more robust assistance is given, we describe two types of Cueing: Direct and Parallel.

In practice, Cueing represents the degree and type of assistance the question provides the
learner in knowing what kind of answer the question requires. When questions lack this
assistance, they can be challenging (which may be a useful tool for testing a more expert
audience), frustrating (because the learner must spend time figuring out what the question is
asking, instead of what the answer is), or useless (because the learner cannot figure out what the
question is asking, and must reveal the answer to figure it out). Questions with stronger Cueing,
especially Parallel Cueing, may help trigger the answer by encouraging “cued recall,” in which

encountering related terms helps learners remember missing information.””

2.5.1.5 Knowledge Domain

The category of Knowledge Domain describes the type of knowledge encapsulated in the
question and answer (Table 2.6). This category is derived from the N7 and has three
subcategories: Information, Mental Procedure, and Psychomotor Procedure. This distinction
between informational and procedural knowledge is present not only in the N7, but also in

curricular design and assessment for medical education.!®® While procedural knowledge might
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seem challenging to encode in an EF, the N7 recognizes an overlap between how brains store
and engage with Information and Psychomotor or Mental Procedure Knowledge Domains; when
a learner first encounters Procedural knowledge, they will often encode it in words, similar to
Information. As they become more expert, they may engage with this knowledge automatically.
Therefore, to distinguish Procedure from Information, the coding team was instructed to use
their medical expertise to infer from textual descriptions when a “doer” was present in the
question or answer. For example, we coded “What is the definitive diagnostic test for pulmonary
embolism?” as a Mental Procedural question because it implies that an unnamed clinician must
perform a cognitive action to choose the correct diagnostic test, “Pulmonary angiogram.”
Medical learners must engage with many different types of knowledge during their
studies. By recognizing the presence of Information, Mental Procedures, and Psychomotor
Procedures in EFs, educators may better be able to target specific learning objectives and select

complementary design elements to encourage their mastery.

2.5.1.6 Cognitive Process

The Cognitive Process category, also adapted from the N7, describes the type of thinking
a learner might engage to generate the answer (Table 2.7). In other words, how does a question
test knowledge? Retrieval is the least complex subcategory requiring the learner to generate an
answer but not demonstrate an “in-depth” understanding of the “basic structure...or critical and
noncritical elements” of the knowledge.®® The next most complex Cognitive Process,
Comprehension, requires the learner to demonstrate this “in-depth” understanding of the
concepts underlying the answer, such as how concepts of Information are related or why a
Procedure works. The final two Cognitive Process subcategories require using this “in-depth”

knowledge to reason and generate new knowledge. The subcategory Analysis requires the learner
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to reason to “generate new conclusions,” and the subcategory Knowledge Utilization requires the
learner to reason to “apply...knowledge in specific situations.” Of the 13 codes shared between
these four subcategories, we include nine in the DEAME Framework. Of the four excluded
codes, we constructed draft definitions in our codebook for three that we felt could reasonably be
rendered in the EF format but did not encounter in our sample (Appendix D).

Several important observations emerged while applying the NT Cognitive Processes to
EFs. First, different students may employ different Cognitive Processes on the same card
depending on their prior experience with the material. For example, if a student already knows
that Myasthenia Gravis and Lambert-Eaton Syndrome belong to the category Neuromuscular
Junction Diseases, then they may simply Recall that relationship instead of newly creating it in
their minds with the Classifying Cognitive Process. When multiple Cognitive Processes were
possible for a given card—typically a Retrieval and a higher-level Process—we selected the most
complex one. A related observation is that while these Cognitive Processes are ordered by
complexity, that does not mean they are ordered by difficulty. For example, using a Retrieval
process in a multiple-choice question about advanced clinical material a learner is unfamiliar
with may be easier than using a more complex Cognitive Process on more foundational
information she learned recently.® Nonetheless, the two NT-derived categories of the framework
provide exciting avenues for student-centered and curriculum-aligned EF design. For one, the
presence of cards, which may elicit higher-order thinking like Decision Making, suggests that
EFs may be able to support more advanced medical learners in graduate medical education

(GME) or continuing medical education (CME).
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2.5.1.7 Card Organization

The Card Organization category describes the two hierarchical labeling systems that can
classify, arrange, or order EFs (Table 2.8). In Anki, each EF is assigned on creation to a location
in an EF deck or subdeck (i.e., Deck/Subdeck Structure) and may optionally be assigned
Metadata Tags. Neither organizational system appears by default to the learner on either the
front or back of individual flashcards but may be used to select specific cards for review. Indeed,
this function may be very valuable to support learners given the expansive size of some popular
EF decks (in our study, ranging from approximately 15,000-31,000 cards as shown in Table 2.1).
Different populations of learners may benefit from using Card Organization labels to review
decks in specific and measured ways, including selecting cards relevant to their current
curriculum (e.g., through Content Area and Curricular Exam or Division labels) or prioritizing
important cards for emergent review (e.g., through Importance labels). Additionally, Card
Organization labels that serve more clerical functions (e.g., Status and Provenance) could help

support the ongoing improvement of EFs deck, particularly through crowd-sourcing models.

2.5.2 Framework Challenges

All frameworks represent an artificial way to apply organized representations to complex
real-world phenomena. Frameworks are, by definition, never complete and may need consistent
refining to continue to achieve their stated goals. In this way, the framework presented in this
manuscript was designed in such a way as to allow for its future modification and extension.
This section outlines the challenges we faced in developing the framework.

For elements of the framework that were derived from the N7, some of the subcategories
and codes in the N7 did not apply to the EF formats observed. For example, the only

Psychomotor Procedure code that the coding team agreed could appear on a flashcard is a
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Simple Combination Procedure, which describes physical motions performed together to
complete a simple task; other codes in the NT for Psychomotor Procedure felt either too
embodied (e.g., a Complex Combination Procedure, like playing basketball) or too basic (e.g.,
Foundational Procedure, like body posture or balance) to be reasonably assessed through the
flashcard medium. Additionally, the N7 contains two high-level Cognitive Processes—Self-system
Thinking and Metacognition—describing the relationship between knowledge and a learner’s
motivations, emotions, and beliefs. While EF platforms themselves may support engagement
with these Cognitive Processes, the coding team concluded that individual questions and answers
on EFs were unlikely to support these ways of thinking.

Additionally, some elements of the framework appeared to apply to EFs but offered
barriers to consensus building among the coding team. The Cueing category, for example,
presented challenges in creating a clear boundary between Cues specific enough to be Direct
Cues and Cues that offered no Cueing. Indeed, this boundary may change depending on the
expertise of the learner. For example, a cardiologist may not have trouble selecting a limited
number of likely candidate answer classes for “What do you do for heart failure?”, but a medical
student might. We encountered similar challenges creating boundaries between the N7"s types of
Information, specifically of Facts (a kind of Detail) and Generalizations/Principles (two kinds of
Organizing Ideas), as they applied to EFs. A key challenge here was the tension between the
semantics of the question and our team’s understanding of the content. For example, imagine a
card that tests symptoms of upper respiratory infections (URIs). This card could be worded as
“Rhinorrhea is a symptom of {{c1::URIs}} in >80% of cases,” which is a Fact; this statement
illustrates a specific characteristic of a person, place, or thing (in this case, a symptom,

rhinorrhea). However, worded another way, “Most (>80%) {{c1::URIs}} cause rhinorrhea”
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reads as a Principle, which is a specific type of Generalization that describes cause and effect
relationships. This tension between the semantics of how content is represented, and the content
itself is difficult to resolve in flashcards, which often contain short questions, and between coders
who may have a different subjective understanding of the content. Despite this lack of overall
agreement, subsets of coders could consistently apply these codes with moderate or high
agreement.

In both examples, Direct vs. no Cueing and Details vs. Organizing Ideas, the coding
team felt as if there were some palpable differences in how each could impact an EF learner,
though we could not reach an absolute agreement. Therefore, we have retained the codes in the
framework and encourage future work to improve their definitions using methods suited to this

task.

2.6 Discussion

In recent years, EF use has exploded among medical learners. This popularity merits
substantial involvement of educational stakeholders, so that learners may feel adequately
supported in EF use. A key area of need is alignment of EFs with curricular resources, but
hitherto EFs have been minimally connected to theories of learning which might support that
alignment. Therefore, we propose the Design Elements for Anki in Medical Education
(DEAME) Framework which offers a comprehensive terminology, including an extension of the
NT, for learners and educational stakeholders to explore student-centered EF design principles.
DEAME contains seven categories that describe overarching themes of flashcard design:

® One category—Note Components—describes the audiovisual elements of questions,

answers, and explanatory information
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e Three categories—Question Format, Answer Format, and Cueing—describe the formulation
of questions and answers

e Two categories—Knowledge Domain and Cognitive Process—are derived from the N7 and
describe knowledge representation in EFs

e One category—Card Organization—describes how EFs are organized into decks and

subdecks and assigned metadata labels

These seven categories demonstrate that EFs may display significant variety in their
design. This simultaneously supports the value of a unifying framework like DEAME and
highlights the significant challenge of optimizing this medium for student use. Nonetheless, each
section of the DEAME Framework suggests possible avenues for exploration to develop student-
centered, high-quality EFs. For example, which Question Type is most effective in teaching
recall of anatomical structures? The framework could support exploration of research questions
by providing a missing terminology to communicate EF design choices and thereby enhance the
interpretability and replicability of EF studies. Because EF platforms like Anki generally contain
highly empirical and granular usage metrics,”? such exploration can likely be performed quickly
and in parallel without relying on protected educational data. Notably, DEAME Framework is
flexible and could be further extended alongside new understandings about EF design.
Additionally, the framework borrows minimally from Anki- or medicine-specific terms and may
apply to other EF platforms or fields of study.

A key strength of the terminology is that it connects EFs to a rich tradition of educational
thought and research by its extension of the N7. Notably, this extension is a novel one, in that it

represents the first time, to our understanding, that assessment items have been aligned fully post
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hoc to the NT”s domains. We found this application of the N7 to EFs for UME, overall, to be
reasonably simple and highly powerful. For example, we feel the granularity of the Cognitive
Processes in the NT, as compared to other taxonomies like Bloom’s, appropriately captured the
breadth of questions that we encountered in our decks. Our application of the N7 to EFs was
eased by the NT"s rich description and abundant examples,** particularly because these were
done in cross-section between Knowledge Domains and Learning Processes. However, our team
noted that 1) few examples provided by the N7 were directly related to medical-school content
and 2) the extreme brevity of some flashcards relative to other assessment items occasionally
complicated this abstraction, particularly in distinguishing the sub-types of Information. While
our team was largely able to overcome these challenges through discussion and familiarity with
both EFs and the N7, researchers attempting a similar application of the N7 should consider how
the NT’s example assessment items may differ from their own.

The DEAME Framework represents a new connection forged between EFs and learning
theory that motivates future work into curriculum-aligned EFs. Existing EF decks could be
assessed for their current alignment with the educational goals of courses, institutions, or
national/international organizations (e.g., the United States Medical Licensing Examinations)
and updated to improve alignment. To enable this alignment, future work may leverage all
aspects of the framework into a formal process for converting learning objectives and course
outlines into flashcard decks. The development of such a formal process could rest on a
qualitative observation about EFs which the terminology surfaces: that elements in the
terminology are highly connected. For example, if a card creator desires a card with a

Recognizing Cognitive Process, they must necessarily create a card with a Forced-choice Answer
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Type. Relationships between elements could be further explored with quantitative or other
qualitative methodologies to inform guidelines for EF alignment with curricula.

Our study has several limitations that motivate continued development. While we aimed
to sample a variety of decks which are widely used by the UME population, we may have
omitted decks with important or unique design elements. Similarly, the scope of our project
excluded aspects of EFs, such as the spaced repetition algorithms integrated in EF platforms,
which may meaningfully impact learner outcomes, and which educators may wish to consider
when designing educational interventions with EFs. Additionally, more specific methodologies
may be needed to explore the relationship of the N7”s domains to EFs, as learners may
contextualize and engage with knowledge differently between individuals and across time. Such
exploration could additionally clarify which types of medical skills and knowledge are best
taught and reinforced by the EF medium.

Use of EFs among medical learners is substantial and continues to rise every year. Given
that medical students who use EFs typically use them for hundreds to thousands of hours across
their years of training, EFs represent a promising opportunity to improve the capacity of our
future physician workforce. We hope that the DEAME framework offers important and
foundational work to encourage the involvement of expert educators, researchers, and clinicians

into the development and evaluation of EFs for the next generation of medical learners.
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2.7 Figures and Tables

Phase 1 Phase 2 Phase 3 Phase 4
Study Team Study Team Study Team Study Team
EB, PB, AV EB, PB, AV, EB, PB, AV, EB, PB, AV,

AR, KF, MS, PV AR, KF, MS, PV AR, KF, MS, PV
Methods Methods Methods Methods
Induction Training Induction Reconciliation
Deduction Deduction

Reconciliation

Reconciliation

Notes Analyzed Notes Analyzed Notes Analyzed Notes Analyzed
n =390 n =145 n =290 n =520
Outcome Outcome Outcome Outcome

Draft framework

Larger coding team

Refined framework

Final framework

August 2022 -
June 2023

July 2023 -
October 2023

November 2023 -
March 2024

April 2023 -
May 2024

Figure 2.1 Study overview. Each phase of the four-phase study design lists the study team members involved, the methods used, the number of notes analyzed in
the study sample, and the outcome of the study phase.
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Note Card Front

Field

— TEXT:
Name

This single note creates 2
cards. Here is the [...]
answer and here is the
second answer.

This single note creates 2
. cards. Here is the {{c1::first}}
Field answer and here is the
{{c2::second}} answer.

EXTRAFIELD 1:

Extra information here.
This single note creates 2

TAGS: cards. Here is the first
answer and here is the
Tag level 1::Tag level 2 [...] answer.

Card Back

This single note creates 2
cards. Here is the first
answer and here is the
second answer.

Extra information here.

This single note creates 2
cards. Here is the first
answer and here is the
second answer.

Extra information here.

Figure 2.2 Simplified schematic of an Anki flashcard. Notes are the base unit of flashcard creation, composed of one or more fields, and each may generate more
than one card. Fields are named boxes that contain text and/or multimedia, are fully customizable, and can be shown or not shown to users on the front and/or
back of a flashcard. Flashcards or cards are the objects that Anki users see when they review content on the Anki platform. Cards have a frontside which shows
the question and a backside that shows the answer and any extra information. This example flashcard is a fill-in-the-blank question which uses the special cloze

syntax: “{{c[cloze #]::answer shown on card back::optional answer hint shown on card front} }”.
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fWhat is the next step in management for a welb
appearing infant with a harsh, grade Il
holosystolic murmur heard best over the left
lower sternal border?

[..]

J

(What is the next step in management for a well-)
appearing infant with a harsh, grade lll
holosystolic murmur heard best over the left
lower sternal border?

e P

Knowledge Domain >
Mental Procedure >
Single Rule

Cognitive Process >
Knowledge Utilization >
Decision Making

Echocardiography

This patient likely has a small VSD, but imaging
is needed to determine the size and location and
r/o other defects; small VSDs typically close
spontaneously with no treatment

Medtd

N J

Cueing >
Direct Cueing

Note Components >
Question Components >
Text Emphasis

Question Format >
Basic Cloze

Answer Format >
Full Complex Nominal
or Other

Note Components >
Extra Components >
Text

Note Components >
Extra Components >
Link to External
Resource

Figure 2.3 Example framework application. Example of a fully annotated Anki note, which generates a single flashcard front (rounded rectangle at top of figure)
and back (rounded rectangle at bottom of figure). The colored highlights show the parts of the flashcard that were most helpful in determining applications of
framework codes. The green arrow signifies the relationship between the question on the card front and answer on the card back.
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Direct Cueing No Cueing

Most Specific Least Specific
I I I I I I
I I I I I I
What is the firstline ~ Which SSRl is Which Which treatment What do you do bulimia =
SSRI for bulimia? first line for medication is is first line for for patients with {{c1::CBT,
{{c1::fluoxetine:: bulimia? first line for bulimia? bulimia? nutritional
fluoxetine or {{c1::fluoxetine}} bulimia? {{c1::CBT}} {{c1::CBT, counseling,
sertraline}} {{c1::fluoxetine}} nutritional antidepressants}}
counseling,
antidepressants}}

Parallel Cueing

Fluoxetine is first  Fluoxetine is first ~ Fluoxetine causes
line therapy for line therapy for restlessness,
OCD and {{c1::0CD}} and rashes, and
{{c1::bulimia}}. {{c2::bulimia}}. {{c1::joint pain}}.

Figure 2.4 Cueing schematic. Graphic representation of the two types of Cueing—Direct and Parallel-which tell the user what class of knowledge the answer
should belong to, as well as the absence of Cueing—no Cueing. Direct Cueing and no Cueing are situated at opposite ends of a continuum of specificity of Cue,
with examples of Cues (bolded) provided along that continuum. Parallel Cueing does not exist on this same spectrum, and instead relies on words related to the
answer to provide the user with a Cue. One may note that each example may have multiple Cues with similar or different types. For example, the first example of
Parallel Cueing has a Direct Cue (‘therapy’) as well as a Parallel Cue (‘OCD”).
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Deck Nam Component Curricular | Country | Crowd- | Number | Download | Download | Upload | Deck
cc © Subdecks Phase of Origin | sourced | of Cards Source Date Date Version
. Lolnotacop, Zanki Reddit -> 11
Asrt’f“;g Step 1 & Step1 | USA X 31475 | MEGA | January 1290231’ 1
P Pharmacology Drive 2023
. Zanki Step 2, Reddit -> 11
Asrt’K“;g Cheesy Dorian, Step 2 USA X 11777 MEGA | January 129 Ogﬁz’b 11
°p MedicalArk Drive 2023
Dope: Reddit -> 26 1 Ma
Medical Bros Step 1 Australia 21933 Google October 201 8y 1
Science Drive 2022
Dope: Reddit -> 26 1 Ma
Clinical Bros Step 2 Australia 15752 Google October 201 8y 1
Medicine Drive 2022
. Reddit -> 26
Foundations Preghmcal UsA 15154 | Google | October 2210{‘;1 I
Ceyear Drive 2022
. 16
UMMS Preclinical | ;g\ 28165 N/A January | 2920 1
Preclinical - 1 year 2023 2021

Table 2.1 Study deck information. Details about creation, intended audience, and download of the six study decks in our sample.
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Category Subcategory Codes Inductive | Deductive | Deductive Source
Text Emphasis
. Image
Note Components Question Components Table
Audio
What multimedia Text
X
elements are on the Image
front and back of a Table
fashcard? Extra Components Audio
Link to External Resource
Extra Component in Answer
Basic
Question Format g?j;: Cloze Basic, Cloze, and
) Image Occlusion
What type of question Image Occluspn Cloze X X from the Anki
. Image Occlusion
is on the flashcard? . platform
Image Selection
Information Only
Forced-Choice
Answer Format i .
Partial Complex Nominal .
Full Complex Nominal or Other X X Forced-Choice
Which form must the from the NT
Short Answer
answer take? .
List
Cueing
How does the Direct X
question inform the Parallel
user which form their
answer should take?
Knowledge Domain Information Details X All from the NT

Organizing Ideas
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Deck/Subdeck Structure (for
Metadata Tags only)

Category Subcategory Codes Inductive | Deductive | Deductive Source
What kind of Single Rule
knowledge is the card | Mental Procedure Tactic
testing? Algorithm
Psychomotor Procedure | Simple Combination Procedure
Recognizing
Retrieval Recalling
Cognitive Process Executing
Comprehension Integrating
How is the flashcard Classifying X All from the NT
testing a given piece . Matchin
of knc;gwlfdge? . Analysis Generaliiing
Analyzing Errors
Knowledge Utilization | Decision Making
Content Area
Curricular Exam or Division
Card Organization Third-Party Resource Names inductively
Deck/Subdeck Difficulty generated from
How do flashcard Structure Importance x x examples and
decks store and OR Status descriptions in
categorize Metadata Tags Format documentation of
information? Provenance the six study decks

Table 2.2 Overview of the complete Design Elements of Anki for Medical Education (DEAME) Framework. Abbreviations: NT = The New Taxonomy of
Educational Objectives by Marzano and Kendall (2008).
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Subcategory | Codes Definition Example Card Front | Example Card Back
Question Text Emphasis | Text in the question has "What class of drugs
Components formatting like bolding or does bisoprolol
italics, generally to emphasize | belong to?"
keywords
Image A media object (i.e., image, "What class of drugs
Table table, or audio) is present in does bisoprolol
Audio the question belong to?" Audio
recording
pronouncing
bisoprolol
Extra Text Text is present in the answer Answer: "Beta-blockers "
Components or extra fields to provide Extra Fields: "Beta-blockers
explanation or context for the have the suffix -lol"
answer
Image A media object (i.e., image, Answer: "Beta-blockers"
Table table, or audio) is present in Extra Fields: Table
Audio the answer or extra fields summarizing the indications

and side effects of Beta-
blockers

Link to External

A link/URL is present in the

Answer: "Beta-blockers"

Resource answer or extra fields Extra Fields: Video link to
YouTube video about Beta-
blockers

Extra Any of the above Extra Answer: "Beta-blockers (suffix

Component in Components is present in the = -lol)"

Answer answer itself, instead of extra

fields

Table 2.3 Note Components definitions and examples. Question Components are present on the front side and Extra Components are present on the back side of
an EF. One or more extra fields may appear below the answer on the back side of the card. Of note, the Anki platform supports video files, though none were

encountered in our sample and are therefore excluded from the framework.

40




the-blank

front and answer
on card back

below?"
Image of a red blood cell

Codes Question Type Question Example Card Front Example Card Back
Encoding
Basic Any except fill-in- | Question on card | "What cell type is in the image "Red blood cell"

cells has a green circle drawn around
a red blood cell.

Basic Cloze Any except fill-in- | Cloze "What cell type is in the image below? | "What cell type is in the image
the-blank [..]" below? Red blood cell"
Image of a red blood cell Image of a red blood cell
Cloze Fill-in-the-blank Cloze "There is a [...] in the image below." "There is a red blood cell in
Image of a red blood cell the image below."
Image of a red blood cell
Image Fill-in-the-blank Image mask(s) An image contains a red blood cell An image contains a red blood
Occlusion and text reading "Red blood cell: cell and text reading "Red
Cloze average lifespan of 28 days." The blood cell: average lifespan of
first three words, "Red blood cell” are | 28 days."
obscured by a colored rectangle.
Image Identification Image mask(s) An image of a red blood cell has an An image of a red blood cell
Occlusion arrow pointing from an image label has an arrow pointing from an
which reads "red blood cell” to the image label which reads "red
red blood cell. The image label is blood cell” to the red blood
obscured by a colored rectangle. cell.
Image Selection | Identification Image outline(s) | An image of several types of blood An image of several types of

blood cells has a green circle
drawn around a red blood
cell.

"Red blood cell"

Information
Only

Information only

Any

"Red blood cell: Average lifespan 28
days, lack nucleus, use hemoglobin to
transport oxygen and carbon dioxide."

Same as card front

Table 2.4 Question Format question types, encodings, and examples. Fill-in-the-blank = question asks the learner to impute missing text; identification =
question asks the learner to identify all or part of an image; information only = no question is asked; cloze = special syntax “{{c[cloze #]::answer shown on card
back::optional answer hint shown on card front} }” which appears to learners as “[...]” or “[optional answer hint]” on the front of the card and “answer” on the
back; image mask = a colored rectangle that covers part of an image, typically a label of a structure; image outline = a colored outline overlaid on part of an
image, typically a structure.
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(e.g., multiple-choice) or implied
by the question (e.g., yes/no)

- Erb's palsy
- Amyotrophic lateral sclerosis
- Myasthenia gravis"

Codes Definition Example Card Front Example Card Back
"Which of the following describes
Answer is chosen from fixed set of | paralysis caused by damage to the
. options, either directly enumerated | brachial plexus? I "
Forced-Choice Erb's palsy

Partial Complex

Answer is a subset of a complex

"[...] palsy is paralysis caused by

"Erb's palsy is paralysis caused
by damage to the brachial

indicated by numbers/letters,
punctuation, or spacing

Erb's palsy? [Top 3]"

Nominal nominal damage to the brachial plexus" "
plexus
: n | 3 3
Full Complex Answer is a complete complex' "[..] is paralysis caused by damage to Erb's palsy is paralys%s caused
. nominal or other short phrase like . " by damage to the brachial

Nominal or Other . oo the brachial plexus "

a single noun, adjective, or adverb plexus

Answer contains long phrases or
Short Answer sen.tences w1th‘ cpmplex rammar, |y oo palsy?" Paraly51§ caused bny damage to

typically, at minimum, a noun or the brachial plexus

noun phrase and verb

Answer contains multiple of any "What is the differential

of the other Answer Types and " . . C . diagnosis of Erb's palsy?
List typically has a list-like structure What is the differential diagnosis of 1) clavicular fracture

2) osteomyelitis
3) septic arthritis"

Table 2.5 Answer Format definitions and examples. Complex nominal = a phrase with a noun and a collection of adjectives or nouns representing a single

existing entity which we expect a general medical audience to recognize.

101
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performed

Subcategory | Codes Definition Example Card Front Example Card Back
Information Details Definitions and characteristics of specific "Gout is characterized by | "Gout is characterized by
persons, places, living and nonliving things, | [...] erystals in the joint monosodium urate crystals in
and events fluid." the joint fluid."
Organizing General statements for which examples "Men over 65 with CKD | "Gout"
Ideas could be provided about are likely to develop what
classes/categories/abstractions of persons, rheumatic joint
places, living and nonliving things, and condition?"
events; includes associations and cause-
effect relationships
Mental Single Rule A single cognitive action OR the "What definitive "Joint fluid analysis"
Procedure circumstance in which that single cognitive | diagnostic test should be
action should be performed; an action ordered for suspected
requires a "doer" of that action, thorugh the | gout?"
"doer" may not be explicitly stated
Tactic Multiple Single Rules which combine inno | "What panel of "- Joint fluid analysis
prescribed order to form a complete process | diagnostic tests should be | - Blood/urine uric acid
for completing a cognitive task OR the ordered for suspected - ESR/CRP
circumstance in which those rules should be | gout?" - Joint imaging"
used
Algorithm Multiple Single Rules which combine in a "What is the treatment "If no NSAID risk factors ->
prescribed order to form a complete process | algorithm for gout?" NSAIDS, otherwise:
for completing a cognitive task OR the Monoarticular + injectible joint ->
circumstance in which those rules should be intra-articular corticosteroids
used Polyarticular or non-injectible
joint -> oral steroids/colchicine"
Psychomotor | Simple The steps to perform a simple task "What are the steps to "- Seat/recline patient
Procedure Combination | comprised of physical motions OR the perform the Babinski - Hold heel in one hand
Procedure circumstance in which that task should be maneuver?" - Dirmly stroke bottom of the foot

from heel to big toe with bottom
of reflex hammer"

Table 2.6 Knowledge Domain definitions and examples. Subcategories and codes are derived from the New Taxonomy of Educational Objectives by Marzano and

Kendall.

43




Subcategory Codes Definition Example Card Front | Example Card Back
The user selects the
answer from a set of | "Is gout characterized
Recognizing provided or 1mp1}ed by monosodlum "Yes"
answer choices (i.e, a | urate crystals in the
Forced-Choice joint fluid?"
answer)
The user produces an
answer from memory,
but does not "Gout is characterized | ,, . . .
: . . Gout is characterized by monosodium urate
. Recalling necessarily by [...] crystals in the . . -
Retrieval 7 7 crystals in the joint fluid.
understand how or joint fluid.
why that answer is
correct
The user performs a "Compute the
procedure without .
e corrected calcium for
significant error but
: 3 the CBC results " "
Executing does not necessarily below." 12.2 mcg/ml
tand h .
understand how or Table with CBC
why the procedure
results
works
The user identifies "What is the ) o .
: . how or why two . Elevated uric acid -> monosodium urate crystal
Comprehension | Integrating . pathophysiology of e - o 27
pieces of knowledge " deposition in joints -> joint pain/inflammation
gout?
are connected
The user identifies "Rheumatoid arthritis,
superordinate and/or | systemic lupus
o subordinate erythematosis, and " -
Classifying categories related to | gout all belong to Inflammatory arthropathies
Analysis multiple pieces of which group of
knowledge diseases?"
The user identifies " " ) . ..
Matching important similarities How do you Gout: monosodium urate crystals, small joint

and differences

distinguish between

44
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Subcategory Codes Definition Example Card Front | Example Card Back
between multiple gout and Pseudogout: calcium pyrophosphate crystals,
pieces of knowledge | pseudogout?" large joint distribution, normal uric acid levels
"What can the
The user constructs pathophysiology of
new "rules-of-thumb" gout and rheumatoid | "Damage to joint epithelial cells causes release of
Generalizin or\:ssocia tive /callllsal arthritis likely tell you | pro-inflammatory mediators like cytokines which
£ relationshios from about how all can create a positive-feedback cycle of further
existin kn% wledoe inflammatory joint destruction and inflammation"
& & arthropathies
develop?"
The user identifies "Pseudoeout is
. whether something is | 1o OS5l "False. Gout is characterized by elevated uric
g y

Analyzing characterized by . )

Errors true/correct or clevated uric acid a01d‘ levels. Pseudogout may have? e eyated
false/incorrect and on | calcium levels, but has normal uric acid levels.
explains why levels. T/F and why?

"A 65yo man with
The user uses existing diz]::;etz ?x?i?h?jie
Knowledge Decision knowledge to make a Ewellin ain. and "Gout"
Utilization Making decision in a specific &, pain,

context

warmth in his right
DIP joint. What is the
likely diagnosis?"

Table 2.7 Cognitive Process definitions and examples. Subcategories and codes are derived from the New Taxonomy of Educational Objectives by Marzano and

Kendall
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Subcategory Codes Definition Example
Labels that suggest content is related to Rheumatology >
Content Area | general (e.g., medical specialties) or specific | Inflammatory
(e.g., classes of drugs) content areas Arthropathies > Gout
Curricular Labqls that suggest content is related to
Exam or speqlﬁc exams (e. g., medical bpqrds) or Step .2 > Internal
Division curricular divisions (e.g., preclinical Medicine Shelf
sequences/courses)
Third-Party La}bels that suggest cqntent i§ related to Sketchy Pharmacology
Deck/Subdeck | Resource thlrd-pa.rty resources, including specific > Anti-inflammatory
pages/videos/aspects of those resources Drugs > Gout Drugs
Structure . Labels that suggest content has a certain )
Difficulty . . . . Foundational
OR anticipated difficulty or rudimentariness
Importance Labels thgt suggest content has more or less High-Yield
et
abels that suggest content should be :
Tags Status managed in a certain way, (e.g., be deleted) Duplicated > Delete
Labels that suggest content is rendered in a .
Format . . Image Selection
particular format (esp. a proprietary format)
Provenance Labels that suggest which user or group of Zanki
users created or edited a card
Deck/Subdeck
Structure Metadata Tags which duplicate all or part of . )
(Metadata the Deck/Subgdeck Strucn?re ’ AnKing > Zanki
Tags Only)

Table 2.8 Card Organization definitions and examples. A label may appear in a hierarchical tree that describes the location of an EF (Deck/Subdeck Structure) or
connect it to cards with similar labels across decks/subdecks (Metadata Tags) Any one label may serve more than one purpose, such as the label “Low-yield
Surgery” suggesting a Content Area (“Surgery”), Curricular Exam or Division (“Surgery”, e.g., a Shelf exam), and Importance (“Low-yield”).
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2.8 Appendices

2.8.1 Appendix A. Methods for Card Organization.

The codes for Card Organization were inductively generated by EB and PB. These codes were
discussed with a research librarian to evaluate whether types of metadata which commonly group
biomedical knowledge were omitted; no new categories or codes surfaced in this discussion, but
it was determined that Curricular Division and Exam should be grouped into a single code,
because most curricular divisions require some form of exam or assessment. EB, PB, and AR
memoed independently on the alignment with these draft codes and code definitions of 1)
metadata tags in a random sample of 12 notes (two from each deck) and 2) documentation from
deck creators on the organizational structures in their decks. They met to discuss their memos
and reconcile these definitions. During this meeting, several general observations were made,
including: 1) sometimes one descriptor for a card ended up in multiple places in the tree of
Metadata Tags, the Deck/Subdeck Structure, or both (i.e., Card Organization elements can be
redundant) 2) the AnKing decks had more mechanisms for ordering and sorting cards than other
decks, and 3) we as users of some of these decks previously wish we had known about some of
the tags (i.e., we would have found them useful). The only new code added as a result of these
discussions was Provenance, which was discovered by PB in the AnKing tagging

documentation.

2.8.2 Appendix B. Codebook.
The full codebook for the Design Elements in Anki for Medical Education (DEAME)

Framework may be found in the DeepBlue Data Repository at the following URL:

https://hdl.handle.net/2027.42/196329
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https://nam02.safelinks.protection.outlook.com/?url=https%3A%2F%2Fhdl.handle.net%2F2027.42%2F196329&data=05%7C02%7Cebalczew%40med.umich.edu%7C4115c353dd2d474ff3dc08dd3cc87778%7C1f41d613d3a14ead918d2a25b10de330%7C0%7C0%7C638733553899480555%7CUnknown%7CTWFpbGZsb3d8eyJFbXB0eU1hcGkiOnRydWUsIlYiOiIwLjAuMDAwMCIsIlAiOiJXaW4zMiIsIkFOIjoiTWFpbCIsIldUIjoyfQ%3D%3D%7C0%7C%7C%7C&sdata=SKeNaDShm1g4X9TVzS7Ib3%2F0CQZfKZi9yft8qRYawIs%3D&reserved=0

2.8.3 Appendix C. Codebook Examples.
Examples for every code in the Design Elements in Ankie for Medical Education (DEAME)

Framework may be found in the DeepBlue Data Repository at the following URL:

https://hdl.handle.net/2027.42/196329

2.8.4 Appendix D. Preliminary definitions for unseen codes.
All codes derived from the New Taxonomy of Educational Objectives by Marzano and Kendall

(2008).

Comprehension

Symbolizing

When the learner identifies why or how two knowledge objects are connected through a

symbolic explanation, such as a visual schematic of the knowledge.

Example: Draw a graphic organizer containing the screening guidelines for diabetes in

adults.

Analysis
Specifying
When the learner identifies a new application of known generalizations. In contrast to
Generalizing, this is primarily a deductive process, not an inductive or mixed

inductive/deductive process.
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https://nam02.safelinks.protection.outlook.com/?url=https%3A%2F%2Fhdl.handle.net%2F2027.42%2F196329&data=05%7C02%7Cebalczew%40med.umich.edu%7C4115c353dd2d474ff3dc08dd3cc87778%7C1f41d613d3a14ead918d2a25b10de330%7C0%7C0%7C638733553899480555%7CUnknown%7CTWFpbGZsb3d8eyJFbXB0eU1hcGkiOnRydWUsIlYiOiIwLjAuMDAwMCIsIlAiOiJXaW4zMiIsIkFOIjoiTWFpbCIsIldUIjoyfQ%3D%3D%7C0%7C%7C%7C&sdata=SKeNaDShm1g4X9TVzS7Ib3%2F0CQZfKZi9yft8qRYawIs%3D&reserved=0

Example: What can we assume about diabetes management, knowing that it is a chronic
disease? {{cl::few or no definitive treatments exist, even with treatment may progress

over time} }

Knowledge Utilization

Problem Solving

When the learner uses existing knowledge to overcome a barrier to typical

action/behavior in a specific context.

Example: An 89 year-old man presents to the ED with shortness of breath. He has a
history of hypertension and aortic valve disease. On physical exam he has notable
swelling in his lower extremities and a systolic murmur. You would like to get an
echocardiogram, but the machine is not working today. What other test could you use

instead? {{cl::cardiac MRI}}
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Chapter 3 What is in the Black Box of Learner-Created Electronic Flashcards?

3.1 Abstract

Purpose: EFs are an increasingly popular active learning tool among medical learners. Many
learners use EFs created by other learners—the content and quality of which may go unchecked
by experts and educators. Of central concern is whether learner-created flashcards adequately
support competency and skill development in addition to facilitating knowledge acquisition.
However, no prior research has empirically evaluated the knowledge and means of testing

knowledge present in learner-created EF decks and their relation to skill development.

Method: Our mixed-methods study applied an inductively and deductively developed
framework for EF design to a random sample of 1,179 flashcards from popular learner-created
EF decks for undergraduate medical education (UME). We categorized each flashcard across
four different dimensions: Content Area (e.g., flashcard is relevant to clinical vs. basic science
fields), Clinical Reasoning Domain (e.g., flashcard supports reasoning like diagnosis),
Knowledge Domain (e.g., flashcard tests procedural vs. informational knowledge), and

Cognitive Process (e.g., flashcard involves recalling vs. applying knowledge).

Results: EFs in our sample tested a wide variety of knowledge in a variety of ways beyond
simple factual recall. We report learner-created EFs can likely elicit higher-order thinking skills
and test clinically relevant knowledge which may support clinical reasoning and procedural skill

development. However, while Step 2 decks contained more clinically relevant and complex
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flashcards than Step 1 or preclinical decks, overall clinical relevance and complexity in learner-

created EFs was limited.

Conclusion: EFs have the potential to support learners in both knowledge acquisition and
development of critical skills and competencies. However, learner-created EF decks may benefit
from oversight by expert-educators to ensure their content and quality aligns with educational

goals.
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3.2 Introduction
In recent years, medical learners have adapted their learning to include a variety of third-

%-11 Because these resources exist outside of school-

party, “parallel curriculum” study resources.
sanctioned curricula, many educators may be “unaware of the types and amounts ... [that]
students are using.”!%> One such parallel curriculum resource, electronic flashcards (EFs), have
emerged as a highly popular active learning tool, with some studies showing adoption rates in
undergraduate medical education (UME) cohorts as high as 85%,% rivaling the use of traditional
curricular resources like lectures.*” However, unlike curricular resources, EFs are often
developed and maintained by learners themselves.’! For example, several studies suggest that
learners typically use EF decks which have been crowdsourced by other learners and distributed
digitally on software platforms like Anki.6>-6+70:192 Ag such, popular EF decks may not have been
“vetted for either quality or content by the medical school establishment.”3%3! To meet Liaison
Committee on Medical Education (LCME) requirements for educational oversight and robustly
support their learners, medical educators must explore what knowledge is tested and how that
knowledge is tested in learner-created EFs.>!

Clarifying the educational quality and content of learner-created EFs is critical to define
their role alongside other learning modalities in medical education. In particular, EFs should be
evaluated for their potential to close the classroom-clinic gap, wherein clinical aptitude—not
exam scores or other measures of academic performance—is the primary benchmark of
success.*? For a resource to support clinical performance, the resource should engage the types of

knowledge and ways of thinking routinely required of physicians.!%

For example, resources
should prepare students for clinical reasoning tasks such as diagnosis, which requires both

knowledge about diseases and their presentations as well as cognitive and procedural skills to
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gather and act upon information in the clinical context.!%® EFs, including learner-created EFs,
have largely been shown in literature as effective in facilitating the former: knowledge
acquisition as reflected by exam scores.!” However, can EFs contribute to development of
complex cognitive and procedural skills which underlie clinical performance?
Several studies suggest that expert-created EF decks may engage with such skills. Spicer et al
created curriculum-aligned EFs that “promoted higher order cognitive processes, like explaining
concepts, applying content to new problems, and comparing/contrasting course material.”!* Such
higher-order thinking skills (HOTS) have also been incorporated into EF creation by other
groups of experts/educators.’*3+6768 Additionally, Schmidmeier et al found that an expert-
created EF deck could facilitate acquisition and application of procedural knowledge in addition
to factual or informational knowledge.®” However, no studies, to our understanding, examine
whether commonly used, learner-created decks might contain comparable or appropriate
complexity. In fact, Spicer et al pursued expert creation of EFs because they noted that learner-
created decks used at their US medical school too often focused on “factual recall” and
“unimportant minutiae.”!3

EFs are an increasingly popular parallel curriculum resource among medical learners.
Existing research on EFs has largely examined whether—not how—EFs work, making EFs feel
like a “black box” to many educators. In this study, we aim to shed light on this “black box,”
with a particular focus on whether EFs might promote skill development in addition to
knowledge acquisition. Using a theory-informed, inductively and deductively developed
framework (described in Chapter II), this mixed-methods study quantifies the types of content,

knowledge, and cognitive skills which may be facilitated by EFs and their relevance to clinical

reasoning tasks like diagnosis.
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3.3 Method
Our study was determined exempt from ongoing review by the University of Michigan

IRBMED (HUMO00222432).

3.3.1 Sampling

Our study sampled six Anki decks chosen for their routine use in UME. Five decks (all
but the Michigan deck) are top recommendations in the popular “Med School Anki” community
on the social media website Reddit,”! and two of these (AnKing Step 1 and AnKing Step 2) have
been reported in prior studies of EF use.”!*? The final deck (Michigan) is commonly used at our
institution. The study decks focus on three different phases of UME: preclinical curriculum
(Michigan and Foundations), Step 1 exam (AnKing Step 1 and Dope Medical Science), and Step
2 exam (AnKing Step 2 and Dope Clinical Science). Further details about the structure, size, and
origin of these decks may be found in Table 3.1.

Within each deck, we randomly sampled 150 notes, where “note” is the terminology in
the Anki platform for the base unit of flashcard creation. Because a single note can give rise to
multiple flashcards, the number of flashcards analyzed in each deck ranged between 164 and
264. Three flashcards in the Foundations deck have been excluded from subsequent analysis,
because they simply provided information and did not ask a question, and, therefore, many

aspects of our framework did not apply.

3.3.2 Framework Development

The characteristics of EFs analyzed in this study were developed through a prior
qualitative study which levied a flexible approach to thematic analysis to create a framework
describing the design elements in Anki flashcards for UME (see Chapter II for a description of

this study). The development of two categories of EF characteristics-Knowledge Domain and
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Cognitive Process—through application of the New Taxonomy of Educational Objectives (NT) by
Marzano and Kendall® is comprehensively discussed in Chapter II. The remaining two
categories of EF characteristic—Content Area and Clinical Reasoning Domain—were analogously
developed during this study but excluded from the Design Elements of Anki for Medical
Education (DEAME) framework enumerated in Chapter II because they are features of
knowledge, not elements of EF design. Therefore, specifics regarding the development of

Content Area and Clinical Reasoning Domain are described in Results below.

3.3.3 Framework Quantification

Once thematic saturation was determined to have been reached in the DEAME
framework qualitative study, a quantification of framework categories was undertaken by EB
and AR on a novel sample of EFs.”® Notably, EB and AR participated critically throughout the
prior qualitative study and had substantial experience with framework categories and their
application to EFs. EB and AR each coded half of the study sample independently and then met
to reconcile code applications. Through discussion, they were able to reach consensus on all code
applications without necessitating substantial changes to framework definitions. Codes were
applied in the Dedoose qualitative coding software and analyzed in the R programming
language.”>** For each deck, we report the number and percentage of flashcards with a given
characteristic. When comparing groups of decks (e.g., preclinical vs. Step 1 decks) during

analysis, we report the mean of percentages for each group.

3.4 Results
A total of 1,179 electronic flashcards were analyzed across six commonly used EF decks for

UME.
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3.4.1 Content Area

All study decks covered a variety of content areas across different basic science and
clinical fields (Table 3.2) Fields were identified inductively when flashcards with novel content
were encountered and named according to standard terminology (e.g., medical fellowships)
where appropriate, resulting in a total of 45 fields. Fields which are established areas of clinical
practice were classified as “Clinical Fields” (n = 29), excepting Histology and Pathology,
Nutrition, Radiology, and Toxicology which were included as “Basic Science Fields” because
they are cross-cutting, foundational, and often incorporated early in preclinical curricula. The
remaining fields were classified as “Basic Science Fields” (n = 16). The most common Basic
Science Fields among all decks were Anatomy (mean = 17%), Histology and Pathology (mean =
14%), and Pharmacology (mean = 10%) and the most common Clinical Fields across all decks
were Neurology (mean = 16%), Gastroenterology (mean = 13%), and Infectious Disease (mean =
16%). The fields of Internal Medicine, Family Medicine, and Geriatrics were collapsed into a
single code of exclusion called “General Adult Medicine” due to their broad applicability and
substantial overlap with related fields like Cardiology. As such, relevant subspecialties may be
combined with General Adult Medicine to roughly correlate the relevance of our study sample to
these general fields. For example, 83% of all flashcards in our study sample may pertain to
Internal Medicine after combining the observed frequencies of General Adult Medicine and 11
related subspecialties.

Most flashcards in our sample (86%) contained more than relevant content area.
Therefore, we additionally identified the most prominent (i.e., “primary”’) content area among
these (Table 3.3).When making this determination, we considered the direct clinical applicability

of the flashcard’s content. For example, a flashcard which tested the general mechanism of
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action of a diabetes drug should have a primary content area of Pharmacology (a Basic Science
Field) while a flashcard which tested the clinical context in which that drug should be prescribed
(i.e., diabetes) should have a primary content area of Endocrinology (a Clinical Field).
Preclinical decks largely had a Basic Science Field as a primary content area (mean Primary
Basic Science Field = 81%; mean Primary Clinical Field = 19%), while Step 1 decks had a
roughly even representation of primary content areas (mean Primary Basic Science Field = 55%,
mean Primary Clinical Field = 46%). Step 2 decks predominantly pertained to Clinical Fields

(mean Primary Basic Science Field = 27%, mean Primary Clinical Field = 73%)).

3.4.2 Clinical Reasoning Domain
To support clinical reasoning, physicians have “information needs” relating to the
following mutually exclusive categories—Diagnosis, Etiology, Management, and Prognosis—

104-106 T¢ clarify the boundaries between these

which we call Clinical Reasoning Domains.
categories, we considered the category Etiology to include risk factors in addition to known
cause-effect relationships, Management to include preventative management in addition to
reactive management, and Prognosis to include complications resulting from an intervention in
addition to outcomes resulting from a disease process. Additionally, we added a further
category—FEthics—after encountering a single flashcard in the Foundations preclinical deck which
engaged with ethical principles foundational to clinical reasoning. Notably, to be assigned a
Clinical Reasoning Domain, a flashcard need not require the completion of a clinical reasoning
skill, but simply provide information directly relevant to its execution. For example, a flashcard
which correlated a histological finding to a disease would support “Diagnosis,” without

necessitating that the user diagnose that disease from, e.g., a clinical vignette. Likewise, a

flashcard which tested general steps for histological analysis without correlation to a specific
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disease would not be assigned a Clinical Reasoning Domain. All decks contained flashcards
(mean = 54%) that furnished information supportive of clinical reasoning (Table 3.3). Step 2
decks had the highest percentage of flashcards relevant to Clinical Reasoning Domains (mean =
82%), followed by Step 1 (mean = 55%) and preclinical decks (mean = 25%). The most common

Clinical Reasoning Domains were Diagnosis (mean = 24%) and Etiology (mean = 14%).

3.4.3 Knowledge Domain

The Knowledge Domain category is adapted from the NT and describes three types of
knowledge which a flashcard might prompt: Information, Mental Procedure, and Psychomotor
Procedure (see Chapter II for full definitions and examples). Information describes
“characteristics” of and “relationships” between “persons, places, living and nonliving things,
and events.”® Most flashcards across all decks (mean = 85%) tested Informational knowledge
(Table 3.3). Therefore, a minority of flashcards across all decks (mean = 15%) tested Procedural
knowledge which describes how or why a task or action should be performed.®® Notably, almost
1/3 of flashcards in the Step 2 decks (mean = 30%) incorporated Procedural knowledge, in
contrast to preclinical (mean = 8%) and Step 1 (mean = 7%) decks. Across all decks, Mental
Procedures (mean = 14%), which include cognitive actions like diagnosis and management, were
remarkably more common than Psychomotor Procedures (mean = 1%), which include physical

actions like physical exam maneuvers.

3.4.4 Cognitive Process

The Cognitive Process category is also adapted from the NT and describes the type of
thinking a learner might engage to generate an EF answer.® The four codes are roughly ordered
by cognitive complexity from the least complex, Retrieval, to the most complex, Knowledge

Utilization. Retrieval requires the learner to generate an answer but not demonstrate an “in-
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depth” understanding of the knowledge’s “basic structure...or critical and noncritical elements”*’

and can be considered a lower-order thinking skill (LOTS).%” The remaining three levels can
likewise be considered higher-order thinking skills (HOTS). Comprehension requires the learner
to demonstrate an “in-depth” understanding of pieces of knowledge by understanding their whys
or hows.%° Finally, Analysis requires the generation of “new conclusions” from existing
knowledge and Knowledge Utilization requires application of existing knowledge to “specific
situations.”® Of note, we coded the highest Cognitive Process a flashcard might elicit when it is
first seen, though multiple may be possible over time and across learners. Retrieval was the most
common Cognitive Process across all study decks (mean = 80%), but all decks contained a
minority of HOTS (mean = 20%) (Table 3.3). HOTS were most prominent in the Step 2 decks

(mean = 29%) compared to the Step 1 (mean = 16%) and preclinical decks (mean = 17%)).

3.5 Discussion

Preliminary research suggests EFs are an effective learning strategy, but little is known
about the content and quality of EF decks for medical education. Of particular concern is
whether popular learner-created EFs support clinical skill development, in addition to knowledge
acquisition. This mixed methods study explores the content areas, types of knowledge, and
thinking skills tested in six popular learner-created Anki decks for UME. We show that EFs in
our sample display significant variety across these dimensions, testing three different types of
knowledge relevant to 45 clinical and basic science fields and five clinical reasoning tasks with
four levels of likely elicited cognitive processes. In other words, learner-created EFs may support
more than simple “factual recall” of limited content areas.!?

Indeed, we find that the types of knowledge grow in clinical relevance and the ways of

testing knowledge grow increasingly complex when learner-created EFs target later (i.e., the
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Step 2 exam) vs. earlier (i.e., the Step 1 exam and preclinical curricula) phases of the UME
curriculum. In this way, learner-created EFs appear to mimic the changing goals and
expectations of learners as they progress through training. However, are these learner-created
EFs sufficient to support learners in achieving mastery in the clinic as well as the classroom?

Indeed, while we show that learner-created EFs in our sample can engage with complex
and clinical content, we still find that many EFs do not. For example, over half of all EFs in our
sample focused primarily on testing basic science rather than clinical content. Additionally,
about half of all flashcards did not have direct relevance to clinical reasoning tasks like diagnosis
and management. Similarly, while we show that EFs are able to test procedural knowledge,
which can facilitate these same clinical reasoning tasks, only the Step 2 decks do this with a
substantial frequency. Lastly, we find that less than a quarter of EFs in our sample likely elicit
HOTS like applying knowledge to make decisions in novel situations.

A variety of factors could explain these observations, including student preference to use
EFs for rehearsing simple and factual knowledge and other learning tools for engaging with more
clinical and complex concepts. However, as both learners and educators, we feel the potential of
EFs to facilitate active learning of the full spectrum of knowledge and skills required of
physicians should be explored. This exploration may benefit from learner-educator co-creation
schemes which merge students’ enthusiasm for and knowledge of the EF format with educators’
expertise in both content and pedagogy.!® In this way, we could better align EFs’ ability to test a
variety of content in a variety of ways with the specific goals and objectives of medical
education.

To enable this alignment, further work is needed to understand how EF design impacts

how learners experience and learn from EFs. Indeed, a limitation of our study is that it used
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qualitative consensus building to map EFs to, e.g. likely elicited Cognitive Processes, but did not
validate these mappings with more advanced methodologies like think-aloud studies. Were such
mappings validated, templates and guidelines for flashcard design to target each of the areas in
our study could be developed. Such efforts may benefit from exploration of a wider sample of
EFs, including expert-created EFs or EFs on other platforms than Anki, than the limited sample
our study included.

In recent years, learners have been the leaders in advancing EFs as an effective active
learning tool for medical education. However, to enhance the capacity of EFs to more holistically
develop our future physician workforce, we suggest that educators must partner with students in
these efforts. We hope this mixed-methods study sheds light on the “black box” of learner-

created EFs and motivates educators towards this necessary engagement with EFs.
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3.6 Tables

Deck Name Component Curricular | Country | Crowd- | Number | Download | Download | Upload | Deck
Subdecks Phase of Origin | sourced | of Cards Source Date Date Version
. Lolnotacop, Zanki Reddit -> 11
Asrt’K“;g Step 1 & Step1 | USA X 31475 | MEGA | January 1290231’ 1
°p Pharmacology Drive 2023
. Zanki Step 2, Reddit -> 11
Asrt’K“;g Cheesy Dorian, Step 2 USA X 11777 MEGA | January 129 Ogﬁz’b 11
P MedicalArk Drive 2023
Dope: Reddit -> 26 1 Ma
Medical Bros Step 1 Australia 21933 Google October 201 8y 1
Science Drive 2022
Dope: Reddit -> 26 1 Ma
Clinical Bros Step 2 Australia 15752 Google October 201 8y 1
Medicine Drive 2022
. Reddit -> 26
Foundations Prechinical | yga 15154 | Google | October 2210{‘;1 I
“oe Drive 2022
. 16
UMMS Preclinical | 5 28165 N/A January | 2020- 1
Preclinical - 1 year 2023 2021

Table 3.1 Study deck information. Details about creation, intended audience, and download of the six study decks in our sample.
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Preclinical Step 1 Step 2
AnKing Dope Medical AnKing Dope Clinical
Michigan Foundations Step 1 Science Step 2 Science
Content Area N=211 N =264* N=189 N=164 =170 N=181
Basic Science
Field Any Primary Any Primary Any Primary Any Primary | Any | Primary| Any Primary
Anatomy 27 (13%) 21 (11%) | 150 (57%) 129 (51%) | 16 (8%) 10 (5%)| 19 (12%) 12(8%)| 4(2%) 0(0%) | 17(9%) 15(9%)
Biochemistry | 28 (13%) 12 (7%) | 4 (2%) 4 (2%) | 15(8%) @ 8(4%) | 14 (9%) | 7 (5%) | 3(2%)  3(2%) | 3 (2%) 0 (0%)
Biostatistics | 2 (1%) 2 (1%) | 5 (2%) 5(2%) | 1 (1%) 1 (1%) | 0 (0%) 0 (0%) | 0(0%) 0 (0%) | 0 (0%) 0 (0%)
Cell Biology | 13 (6%) 0 (0%) | 10 (4%) 0 (0%) | 15(8%) @ 8(4%) | 8 (5%) 6 (4%) | 0(0%)  0(0%) | 1 (1%) 1 (1%)
Embryology | 5(2%) 5 (3%) | 0 (0%) 0 (0%) | 3 (2%) 1 (1%) | 4 (2%) 4 (3%) | 2(1%) 0 (0%) | 0 (0%) 0 (0%)
Genetics | 7 (3%) 3 (2%) | 2 (1%) 0 (0%) | 8 (4%) 1 (1%) | 9 (5%) 4 (3%) | 0(0%)  0(0%) | 2 (1%) 0 (0%)
Health Systems
and Safety 0 (0%) 0 (0%) 13 (5%) 11 (4%) 0(0%) | 0(0%) 0 (0%) 0(0%) | 0(0%) 0(0%) [ 0(0%) 0 (0%)
Histology and
Pathology 37 (18%) 27 (15%) | 49 (19%) @ 35(14%) | 26 (14%) 12(6%)| 28 (17%) 10 (7%) |14 (8%) 1 (1%) | 13 (7%) 7 (4%)
Immunology | 17 (8%) 10 (5%) | 4 (2%) 0 (0%) | 42%)  3(2%) | 8 (5%) 2 (1%) | 2(1%) 0 (0%) | 2 (1%) 1 (1%)
Microbiology | 14 (7%) 5 (3%) | 3 (1%) 2 (1%) | 21 (11%) 17 (9%)| 16 (10%) = 9 (6%) | 4(2%)  2(1%) | 1 (1%) 0 (0%)
Nutrition | 1 (0%) 0 (0%) | 0 (0%) 0 (0%) | 6(3%) 4(2%) | 2 (1%) 1 (1%) | 1 (1%) 1(1%) | 1 (1%) 0 (0%)
18 19 21
Pharmacology ‘ 23 (11%) 20 (11%) 3 (1%) 1 (0%) ‘ 26 (14%)  (10%) | 22 (13%) = (12%) | (12%) 8 (5%) | 12(7%) 4 (3%)
Physiology | 33 (16%) 19 (10%) | 18 (7%) 15 (6%) | 19 (10%) 11(6%)| 13(8%)  7(5%) | 2(1%) 1(1%) | 8 (4%) 3 (2%)
Public Health | 1 (0%) 1 (1%) | 9 (3%) 5 (2%) | 11 (6%) 1(1%) | 6 (4%) 1 (1%) | 4 (2%)  0(0%) | 5(3%) 2 (1%)
Radiology | 0 (0%) 0 (0%) | 24 (9%) 17 (7%) | 1 (1%) 1 (1%) | 5(3%) 1 (1%) | 12 (7%) 6 (4%) | 5(3%) 1 (1%)
Toxicology 0 (0%) 0 (0%) 2 (1%) 2 (1%) 2(1%) | 0(0%) 1 (1%) 0(0%) | 0(0%) 0(0%) [ 0(0%) 0 (0%)
Clinical Field Any . Primary Any Primary Any . Primary Any . Primary | Any . Primary|  Any . Primary
Allergy and
Immunology 1 (0%) 0 (0%) 0 (0%) 0 (0%) 2(1%)  0(0%) 0 (0%) 0(0%) | 1(1%) 0(0%) [ 0(0%) 0 (0%)
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Preclinical Step 1 Step 2
AnKing Dope Medical AnKing Dope Clinical
Michigan Foundations Step 1 Science Step 2 Science

Content Area N=211 N =264* N=189 N=164 N=170 N=181

Anesthesiology 1 (0%) 0 (0%) 2 (1%) 0 (0%) 0(0%) @ 0(0%) 0 (0%) 0(0%) | 3(2%) 2(1%) | 2(1%) 0 (0%)
26

Cardiology 27 (13%) 4 (2%) 7 (3%) 0 (0%) 17 (9%) 5(3B%) 7 (4%) 32%) | (15%) 11 (7%) |22 (12%) 14 (9%)

Clinical Genetics | 2 (1%) 1 (1%) | 0 (0%) 0 (0%) | 3 (2%) 1 (1%) | 1 (1%) 0 (0%) | 6 (4%) 0 (0%) | 1 (1%) 1 (1%)

Dentistry | 0 (0%) 0 (0%) | 0 (0%) 0 (0%) | 32%) @ 0(0%) | 1 (1%) 1 (1%) | 0(0%) 0 (0%) | 0 (0%) 0 (0%)

Dermatology | 20 (9%) 1 (1%) | 10 (4%) 4 (2%) | 10 (5%) 4 (2%) | 4 (2%) 4 (3%) | 11 (6%) 4 (3%) | 8 (4%) 2 (1%)

Emergency

Medicine 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0(0%) @ 0(0%) 0 (0%) 000%) | 1 (1%) 0(0%) | 1(1%) 0 (0%)
19

Endocrinology 12 (6%) 5 (3%) 13 (5%) 0 (0%) 17 (9%) 10(5%)| 14 (9%) 1 (1%) | (11%) 6(4%) | 8 (4%) 3 (2%)
23

Gastroenterology | 22 (10%) 1 (1%) 15 (6%) 0 (0%) 21 (11%) 9 (5%) | 17(10%) 53B%) | (14%) 8 (5%) |49 (27%) 20 (13%)

General Adult

Medicine 0 (0%) 0 (0%) 2 (1%) 1 (0%) 3 (2%) 1 (1%) 0 (0%) 0(0%) | 4(2%) 1(1%) | 7 (4%) 2 (1%)

General and 19

Trauma Surgery 12 (6%) 4 (2%) 53 (20%) 0 (0%) 4(2%) 2(1%) 2 (1%) 1 (1%) | (11%) 13 (9%) |29 (16%) 21 (13%)

Pediatrics 2 (1%) 1 (1%) 5 (2%) 0 (0%) 10 (5%) 1(1%) 5 (3%) 1 (1%) |16 (9%) 6(4%) | 16 (9%) 9 (6%)
17

Hematology 14 (7%) 6 (3%) 13 (5%) 2 (1%) 28 (15%) 5@3%) | 27(16%) 9(6%) | (10%) 4 (3%) | 11(6%) 2 (1%)
28

Infectious Disease | 19 (9%) = 13 (7%) 4 (2%) 0 (0%) 32(17%) 10 (5%)| 26 (16%) 11 (7%)| (16%) 12 (8%) |20 (11%) 3 (2%)

Nephrology 19 (9%) 1 (1%) | 7 (3%) 0 (0%) | 14 (7%) 2 (1%) | 8 (5%) 1 (1%) | 11 (6%) 4 (3%) | 4 (2%) 1 (1%)
18

Neurology 27 (13%) 4 (2%) 59 (22%) 5 (2%) 31(16%) 6(3%) | 23(14%)  9(6%) | (11%) 8 (5%) |38 (21%) 8 (5%)

Neurosurgery | 0 (0%) 0 (0%) | 33 (13%) 0 (0%) | 1 (1%) @ 0(0%) | 3 (2%) 1 (1%) | 3(2%) 0(0%) | 8 (4%) 3 (2%)

Obstetrics and 29

Gynecology 15 (7%) 5 (3%) 32 (12%) 3 (1%) 13(7%)  5(3%) 8 (5%) 32%) | (17%) 14 (9%)| 9 (5%) 2 (1%)

64




Preclinical Step 1 Step 2
AnKing Dope Medical AnKing Dope Clinical

Michigan Foundations Step 1 Science Step 2 Science

Content Area N=211 N =264* N=189 N=164 =170 N=181
15 15

Oncology 7 (3%) 3 (2%) 10 (4%) 7 (3%) 21 (11%) 11(6%)| 33 (20%) @ (10%) |16 (9%) (10%) |19 (10%) 8 (5%)
Ophthalmology | 8 (4%) 0 (0%) | 3 (1%) 0 (0%) | 1 (1%) 1 (1%) | 0 (0%) 0 (0%) | 32%) 1(1%) | 4 (2%) 3 (2%)
Orthopedic
Surgery 6 (3%) 1 (1%) 43 (16%) 1 (0%) 11 (6%) 2 (1%) 5(3%) 0(0%) | 6(4%) 4(3%) | 6(3%) 4 (3%)
Otolaryngology | 6 (3%) 0 (0%) | 37 (14%) 0 (0%) | 7(4%) | 2(1%) | 2 (1%) 0 (0%) | 1(1%)  1(1%) | 9 (5%) 6 (4%)
Pediatric Surgery | 0 (0%) 0 (0%) | 0 (0%) 0 (0%) | 0(0%) | 0(0%) | 0 (0%) 0 (0%) | 0(0%) 0 (0%) | 1 (1%) 0 (0%)
Physical Medicine
and Rehabilitation | 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (1%) | 0(0%) 0 (0%) 0(0%) | 0(0%) 0(0%) [ 0(0%) 0 (0%)
Plastic Surgery | 0 (0%) 0 (0%) | 0 (0%) 0 (0%) | 0(0%) | 0(0%) | 0 (0%) 0 (0%) | 0(0%) 0 (0%) | 0 (0%) 0 (0%)
Psychiatry | 11 (5%) 0 (0%) | 14 (5%) 4 (2%) | 7(4%) | 2(1%) | 7 (4%) 2 (1%) | 9(5%) 3(2%) | 7 (4%) 2 (1%)
Pulmonology and 25
Acute Care 11 (5%) 5 (3%) 13 (5%) 0 (0%) 18 (10%) 3 (2%) 10 (6%) 1 (1%) | (15%) @ 5(3%) [25(14%) 10 (6%)
Rheumatology | 14 (7%) 4 (2%) | 0 (0%) 0 (0%) | 9(5%) | 7(4%) | 9 (5%) 2 (1%) | 13 (8%) 5(3%) | 6 (3%) 1 (1%)
Urology | 8 (4%) 0 (0%) | 13 (5%) 0 (0%) | 6 (3%) | 0(0%) | 2 (1%) 0 (0%) | 4 (2%) 0(0%) | 10 (6%)  0(0%)

Table 3.2. Quantification of content areas in electronic flashcards (EFs). All content areas (“any”) and the most prominent (“primary’’) content area relevant to

EFs reported in n (%) cards.
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Preclinical Step 1 Step 2

Characteristic Michigan Foundations AnKing Dope AnKing Dope
N=211 N =264* Step 1 Medical Step 2 Clinical
N=189 Science N=170 Science
N=164 N=181

Primary Content Area

Basic Science Field 152 (72%) | 237(90%) | 99 (52%) | 94 (57%) 40 (24%) 55 (30%)
Clinical Field 59 (28%) 27 (10%) 90 (48%) | 70 (43%) | 130(76%) | 126 (70%)
Clinical Reasoning

Skill

Diagnosis | 37 (18%) | 24 (9%) | 35 (19%) | 37 (23%) | 66 (39%) | 63 (35%)
Etiology | 18 (9%) | 6 (2%) | 35 (19%) | 36 (22%) | 17 (10%) | 34 (19%)
Management 13 (6%) 3 (1%) 19 (10%) 5 (3%) 47 (28%) 29 (16%)
Prognosis | 11 (5%) | 4 (1%) | 17 (9%) | 12 (7%) | 21 (12%) | 9 (5%)
Ethics 0 (0%) 1 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
None 132 (63%) | 226(86%) | 83(44%) | 74 (45%) 19 (11%) 46 (25%)
Knowledge Domain

Information 185 (88%) | 255(97%) | 170 (90%) | 157 (96%) | 118 (69%) | 131 (72%)
Mental Procedure 24 (11%) 8 (3%) 19 (10%) 7 (4%) 52 (31%) 47 (26%)
Psychomotor 2 (1%) 1 (0%) 0 (0%) 0 (0%) 0 (0%) 3 (2%)
Procedure

Cognitive Process

Retrieval 161 (76%) | 241(91%) | 165 (87%) | 135(82%) | 122 (72%) | 130 (72%)
Comprehension 9 (4%) 4 (2%) 0 (0%) 7 (4%) 1 (1%) 1 (1%)
Analysis 40 (19%) 16 (6%) 23 (12%) | 21 (13%) 26 (15%) 36 (20%)
Knowledge Utilization 1 (0%) 3 (1%) 1 (1%) 1 (1%) 21 (12%) 14 (8%)

Table 3.3. Quantification of characteristics of electronic flashcards (EFs). Reported in n (%) flashcards. Primary
Content Area = the EF was most pertinent to a field with a Basic Science vs. Clinical focus; Clinical Reasoning Skill
= the EF contained information directly supportive for executing a clinical reasoning task; Knowledge Domain = the
EF tested knowledge in any of three categories derived from the New Taxonomy of Educational Objectives by
Marzano and Kendall®®; Cognitive Process = the EF likely elicited thinking process in any of four categories derived
from the New Taxonomy of Educational Objectives by Marzano and Kendall.*’
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Chapter 4 Feasibility of Estimating Cardiac Indices Using Cardiac Surgery Anesthesia
Records in a Multicenter Cohort

4.1 Abstract

Purpose: Cardiac indices (Cls) are an important, modifiable physiologic measure correlated to
end-organ perfusion and complication rates among cardiac surgical patients. However, most
patients do not have invasive monitors placed as necessary for computing Cls. Cardiac surgical
patients with such monitors present an opportunity to evaluate the extent to which other routinely

collected physiologic, patient, and procedure data may be used to predict Cls.

Method: Anesthesia records from 5,989 patients with CI measurements during cardiac surgery
across 7 US institutions were available for study. Generalized linear models were constructed to
estimate CI from four previously published estimators using intraoperative blood pressure and
heart rate data, adjusted for perioperative patient and procedure factors. A Bland-Altman analysis
was performed comparing estimates to true CI measurements. Additionally, the concordance
between CI values and estimates in classifying patients as having low CI (<2.2 L/min/m?) was

measured.

Results: All four adjusted estimators of CI were moderately correlated with CI (Spearman
correlation range = 0.31-0.44) and had reasonable performance in the study population (bias
range = <0.0001-<0.0001 L/min/m?; percentage error range = 4.0-7.9%; Mean Absolute Error

(MAE) range = 0.45-0.48 L/min/m?), with the Liljestrand and Zander estimator having the
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strongest overall performance. Nevertheless, patient-level estimates had limited reliability in
classifying patients as having low CI (Cohen’s kappa = 0.20 and 0.26 for pre- and post-

cardiopulmonary bypass values, respectively).

Conclusion: This multicenter study demonstrates the significant association of physiologic CI
estimators and CI when controlling for routinely collected patient and procedure factors in the
anesthesia record. However, CI estimates require calibration for prediction and classification at

the patient level.
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4.2 Introduction

Cardiac indices (Cls) are an important, modifiable physiologic measure correlated to end-
organ perfusion as well as complications resulting from organ malperfusion among patients
undergoing cardiac surgery.*? Nonetheless, benefits of CI monitoring via pulmonary artery
catheters (PACs) are counterbalanced by risks associated with placement of such monitors (e.g.,
arrhythmia, thrombus formation, pulmonary artery rupture), precluding routine placement on
cardiac surgical patients.** Therefore, many techniques to estimate CI and cardiac output (CO)
with noninvasive measures have been explored.!?7:108

While some of these techniques show clinical promise, many of the higher performing
methods rely on proprietary physiological sensors or arterial waveforms which may not be easily
captured in the anesthesia record and compared between different healthcare sites.!% Studies
which instead use routinely-collected heart rate and blood pressure data to estimate CI have

largely shown limited reliability;!'0-117

one study in a small cohort of patients undergoing
coronary artery bypass graft (CABG) surgery reported a 49% error rate for its highest-
performing estimator (Liljestrand and Zander).!'® The limited performance of these simple
physiologic estimators is potentially explained by the complexity of physiology during cardiac
surgery, with measurement variation potentially attributable to patient demographics, concurrent
cardiac conditions, cardiovascular medication treatment interventions, and surgical procedure
details.!!?-12! Of the aforementioned studies of CI estimators, few have attempted to control for
such factors, although one found that inclusion of age and sex significantly improved the
performance of their CO estimates in a single center.!!°

Nonetheless, whereas physiologic estimators of CI have largely unproven utility to

inform clinical care decisions of individual patients, the usefulness of such estimators for
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population-level observational study remains unresolved. Specifically, opportunities may exist to
explore clinical care questions leveraging existing electronic health record (EHR) data to
understand fundamental relationships between low CI and malperfusion-related outcomes. In
such observational study designs, CI estimators — if found to be accurate at the population level —
may aid in uncovering relationships between hemodynamic management interventions and
outcomes mediated by low CI, even in the absence of direct CI measurements.

To address the limitations of previous studies and explore this line of clinical scientific
inquiry, we performed this multicenter observational study of cardiac surgical patients with
direct CI measurements undergoing a variety of procedures. We hypothesized that simple
physiologic CI estimators will be strongly and significantly associated with CI when adjusted for
important perioperative patient and procedure information which is routinely available in the

anesthesia record.

4.3 Method

4.3.1 Study Design

This study was deemed exempt by the University of Michigan IRBMED
(HUMO00206345). The inclusion/exclusion criteria, data collection/cleaning methods, and
statistical approaches of the study were approved a priori within a peer-review forum 22, The
study manuscript adheres to the REporting of studies Conducted using Observational Routinely-
collected health Data (RECORD) extension of the Strengthening the Reporting of Observational

Studies in Epidemiology (STROBE) guidelines.!?

4.3.2 Data Source
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Data were obtained from the Multicenter Perioperative Outcomes Group (MPOG) and
Society of Thoracic Surgeons Adult Cardiac Surgical Database (STS-ACSD) registries.
Procedures for acquiring, validating, and transferring data from participating sites to MPOG and
STS-ACSD have been previously described.!?*126 Additionally, MPOG and STS-ACSD handled
missing or invalid data according to registry-specific protocols.!?”-128 Data from seven US

hospitals who participate in both MPOG and STS-ACSD were integrated locally for this study.

4.3.3 Study Population

Adult patients undergoing cardiac surgery from January 1, 2014 to February 1, 2022 with
at least one intraoperative CI measurement were included. Cardiac surgical procedures included
coronary artery bypass grafts (CABG), valve repairs or replacements, thoracic aortic procedures,
or combinations thereof. The index case was used when patients underwent multiple procedures
in the study period. A complete case analysis was performed, due to low rates of missingness
(<95%) among model covariates. Additional exclusions are detailed in unpublished manuscript

by Mathis et al.!?’

4.3.4 Outcome Variable - Cardiac Index

The primary outcome was CI. Each case was randomly downsampled to two
intraoperative CI measurements (one before cardiopulmonary bypass [pre-CPB] and one after
[post-CPB] when available, or a single CI measurement when only pre-CPB or post-CPB
measurements were available. Start and end times of CPB were extended by 5 minutes to
account for possible data entry errors and exclude any measurements taken during CPB.
Measurements of CI and CO were obtained from the EHR as recorded from PA catheter-derived
measurements. CO measurements obtained from these sources were converted to CI

measurements by normalizing by estimates of body-surface area 313!, CI measurements were
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assessed for normality, symmetry, and potential outliers with histograms, Q-Q plots, violin plots,

and descriptive statistics.

4.3.5 Exposure Variable - CI Estimators

Four estimators of CI were computed from the following routinely available
intraoperative hemodynamic factors: systolic blood pressure (SBP), mean arterial pressure
(MAP), diastolic blood pressure (DBP), and heart rate (HR) and normalized by body surface area
as analogous to CO versus CI measurements (Table 4.1). Measurements of these hemodynamic
factors were obtained in the same minute of cardiac index measurement. Where multiple
measurements were found in a single minute, the median value was used. Rarely, when no
hemodynamic measurements were obtained that minute, the most recent measurement was

carried forward.

4.3.6 Risk Adjustment Variables - Patient, Case, and Intraoperative Factors

In addition to CI estimators, to account for possible hospital-level variation in PAC
manufacturer used and anesthesiologist-level variation in CI measurement techniques, each CI
measurement was adjusted by hospital of case origin and primary anesthesia attending (Table
4.2). Additional control variables included (i) patient baseline characteristics (age, sex, race,
preoperative left ventricular ejection fraction, the presence of cardiogenic shock before surgery,
and type of surgical procedure(s)), (ii) intraoperative hemodynamic factors (central venous
pressure, O2 saturation), and (iii) intraoperative vasoactive-inotropic score (VIS).!3
Intraoperative hemodynamic factors and current doses of vasopressors and inotropes (for VIS)
were obtained in the same minute of CI measurement, and processed analogously to CI

estimators. Preoperative patient and surgical procedure data were collected via the STS-ACSD;
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additional pre- and intraoperative data were acquired from MPOG using validated, open-source

phenotypes.'?’

4.3.7 Statistical Analyses

Statistical analyses were performed using SAS version 9.4 (SAS Institute, USA) and R
version 4.2.1 (R Foundation for Statistical Computing, Vienna, Austria). Model selection
followed a multi-criteria approach, using a combination of clinical expertise and empirical
selection with least absolute shrinkage and selection operator (LASSO). A multilevel analysis
approach was selected after evaluating the modified intraclass correlation estimates of hospital
and primary anesthesia attending on the total variation of CI. Both levels were retained for
analysis after >1% of the total variance were explained within each level. Generalized linear
mixed models were constructed to estimate the adjusted cardiac index using the estimators in
Table 4.1, adjusted for pre- and intraoperative patient and case factors. The final model

specification is as follows:

Adjusted CI = CI estimator + patient- and case-level covariates + (1 | hospital) + (1 | primary

anesthesia attending) + error

A Bland-Altman analysis was performed for each model-adjusted CI estimator using the
95% confidence interval of the limits of agreement (+2.093V 3/n*s; s = is the standard deviation
of the bias; n = sample size) '*3. Performance of the model-produced CI estimates were
additionally assessed with an error analysis that included median absolute percentage error
(MAPE) and mean absolute error (MAE).!** The ability of CI estimates to discriminate between

clinically low CI (<2.2 L/min/m?) and normal or high CI was assessed with sensitivity,
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specificity, positive predictive value (PPV), negative predictive value (NPV), and Cohen’s

kappa.”®

4.4 Results

Of the 24,726 cardiac surgical cases eligible for inclusion, 7,169 (30.0%) contained at
least one CI measurement, among which 5,989 (83.7%) contained complete multivariable data
estimating CI values across 7 US hospitals. The cohort included 30.4% female and 85.3% white
patients with a median age of 65 years (interquartile range 55-72). Non-mutually exclusive
procedures included 26.0% thoracic aortic, 32.6% CABG, and 68.7% valve repair/replacement.
Additionally, the analysis cohort included patients with variable preoperative cardiac function
(LVEF median 58%, interquartile range 45-65%), including 4.0% of patients with cardiogenic
shock.

Among cases with complete data, 2,054 (34.3%) included CI values prior to CPB and
5,618 (93.8%; non-mutually exclusive) after CPB (Error! Reference source not found.). CI
models adjusted for perioperative factors converged for all four estimators and improved upon
the null model; full model results can be found in Appendix E. Notably, the Windkessel and
Herd estimators were perfectly correlated (1.00) with each other and highly correlated (0.89)
with the Liljestrand and Zander estimator and, therefore, produced similar model results (full
correlation matrix in Table 4.4). Hospital explained 8.00-9.62% of variation in CI measurements
across all models and primary anesthesia attending explained a further <0.0001-2.26%. Three of
four estimators (excluding MAP) were statistically significant (p < 0.05 by unpaired t-test) in all
pre- and post-CPB models. Significant covariates across all pre- and post-CPB models included:
age, sex, race, preoperative LVEF, and VIS. Significant covariates in only the post-CPB models

included aortic procedure type. Significant covariates in only the pre-CPB models included
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presence of preoperative cardiogenic shock and CABG procedure type (excluding MAP
estimator model).

Bland-Altman and error analysis are detailed in Table 4.5. Similar means and biases of
predictions were observed across estimators for pre-CPB (median range 2.20-2.22; bias range
<0.0001-<0.0001) and post-CPB (mean range 2.50-2.50; bias range <0.0001-<0.0001) models.
Spearman correlations were weak in the pre-CPB models (range 0.31-0.38) and weak to
moderate in the post-CPB models (range 0.38-0.44). Models had a low percent error with a 95%
confidence interval in both the pre-CPB models (range 4.0-4.3) and post-CPB models (range 7.6-
7.9). Similarly, error analysis of CI estimates showed a low MAPE (pre-CPB range 16.2-16.8;
post-CPB range 15.4-15.7) and MAE (pre-CPB range 0.45-0.47; post-CPB range 0.47-0.49).
Overall, the Liljestrand and Zander estimator had the strongest performance across three of four
comparison measures. The Bland-Altman plot for Liljestrand and Zander can be found Figure
4.1 and the remaining estimators in Figure 4.2.

Validity of CI estimates at discriminating patients with low (<2.2 L/min/m?) vs. not low
CI was assessed (Table 4.6). Confusion matrices for each model can be found in Table 4.7.
Agreement between CI estimates and CI measurements was low (kappa <0.4) across all models
pre- and post-CPB. Similarly to the Bland-Altman and error analysis, the Liljestrand and Zander
estimator had marginally better performance than other estimators in classifying patients as

having low CI.

4.5 Discussion
In this study of 5,989 cardiac surgical cases across 7 US hospitals, we investigated the
feasibility of estimating CI using data routinely available in the anesthesia record. We report that

four different estimators (MAP, Windkessel, Herd, and Liljestrand and Zander) are
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independently associated with CI in models that adjust for clinically relevant patient and
procedure characteristics. Therefore, these estimators could enable future efforts to estimate CI
among patients both with and without direct CI measurements. All four CI estimators had
strikingly similar performance, but the Liljestrand and Zander estimator had the strongest
Spearman correlation, MAPE, and MAE. The strength of the Liljestrand and Zander estimator
compared to other CI estimators has been reported previously, and attributed to the Liljestrand
and Zander estimator capturing the nonlinear relationship between vascular compliance and
arterial pressure.!'!8

Adjustment for expert-chosen patient and procedural factors improved model
performance over the null model. Future studies should consider inclusion of similar factors
when generating CI estimates. Additionally, several of these factors were significantly
independently associated with CI, including the presence of cardiogenic shock, a variable
frequently omitted from previous studies due to their exclusion of unstable patients. These
significant associations between patient/procedural factors and CI may inform further
exploration of the exact relationships between variable presentations of real-world patients and
cardiac physiology.

Overall, our multilevel generalized linear models provide adequate estimations of CI in
our study population, with low bias, percent error, and MAE. This is further supported by the
MAPE, which is lower across all models than the reported difference detection threshold (20-
26%) between serial thermodilution measurements.'*> However, as shown in the Bland-Altman
plots, our models typically underestimate high and overestimate low CI measurements.
Therefore, as expected, our estimates have limited value per Cohen’s kappa in discriminating

between patients with low vs. normal CI values—a determination with possible clinical and
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prognostic value for cardiac surgery patients.!3® For our models to allow for accurate prediction
and classification at the patient-level, they would benefit from calibration with an external
dataset through methods like those described in Mentz et al.'*’

Our study leveraged a representative, multicenter cohort of cardiac surgery patients to
identify physiological estimators, patient factors, and procedure factors which may inform future
modeling efforts to estimate CI among a wider variety of patients than those who typically
receive PAC-based measurements. Nonetheless, the inclusion of cardiac surgical cases alone
may limit generalization of our findings to other settings for which CI may be a valuable
diagnostic or prognostic tool, including other surgical and critical care domains. Additionally,
our cohort has limited representation of women, minoritized racial groups, and the elderly (>80
years), and may generate inaccurate or inequitable CI estimates for these groups. Finally, while
our model performed well across 7 US healthcare centers, we did not control for, e.g., different
vendors, manufacturers, and models for CI measurement devices among these sites, and may

have unmeasured confounding as a result.

4.6 Conclusion

This study explores the feasibility of CI estimation in a large, multicenter, representative
cardiac surgery cohort using routinely collected data in the anesthesia record. Models which
incorporated the Liljestrand and Zander formula for estimating CI with blood pressure and heart
rate performed the strongest. All models benefited from adjustment of CI estimates with patient
and procedural factors. Overall, our approach provides a strong foundation for future modeling
efforts to estimate CI across a variety of cardiac surgery patients for inclusion in future

observational studies that explore avoidance of hypoperfusion and adverse surgical outcomes.
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4.7 Figures
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Figure 4.1. Bland-Altman plots for the Liljestrand and Zander estimator pre- and post-CPB.

CPB = cardiopulmonary bypass.
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Figure 4.2. Bland-Altman plots for remaining estimators pre- and post-CPB.

CPB = cardiopulmonary bypass.
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4.8 Tables

Estimator of CI Formula

Mean Arterial Pressure (MAP) (1/3 SBP + 2/3 DBP) / BSA

Windkessel 38 (SBP - DBP) * HR / BSA

Herd '3° (MAP - DBP) * HR / BSA

Liljestrand and Zander '3 (SBP - DBP) / (SBP + DBP) * HR / BSA

Table 4.1. Evaluated estimators of cardiac index. CI = cardiac index; SBP = systolic blood pressure; DBP = diastolic
blood pressure; MAP = mean arterial pressure; HR = heart rate; BSA = body surface area.
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Hospital Pre-CPB Post-CPB Pre-CPB Primary | Pre-CPB Primary
Patients Patients Anesthesia Anesthesia
n (%) n (%) Attending Attending
n (%) n (%)
A -84 1,219 (59) 3,919 (70) 35(22) 36 (18)
B-36 598 (29) 613 (11) 45 (28) 46 (23)
C-19 73 (4) 496 (9) 29 (18) 38 (19)
D -57 105 (5) 193 (3) 22 (14) 23 (11)
E-23 22 (1) 271 (5) 10 (6) 22 (11)
F-78 33 (2) 45 (1) 15(9) 16 (8)
G-58 4(0) 81 (1) 3(22) 22 (11)

Table 4.2. Number of cases and primary anesthesia attendings by study hospital. Participating health systems are

Brigham and Women’s Hospital, Boston, Massachusetts; Massachusetts General Hospital, Boston, Massachusetts;

Oregon Health and Science University, Portland, Oregon; University of Michigan Health System, Ann Arbor,
Michigan; University of Washington Medical Center, Seattle, Washington; Washington University of St. Louis
School of Medicine, St. Louis, Missouri; Yale New Haven Hospital, New Haven, Connecticut.
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Variable |Pre—CPB (n=2,054) Pre-CPB (n = 5,618)
n (%) n (%)

Cardiac Index (median [IQR], L/min/m2) 2.1[1.8t02.6] 2.4[2.0t02.9]

Cardiac Index estimator

MAP (median [IQR], L/min/m2) |36.7 [32.0 to 42.0] |34.8 [30.6 to 39.3]

Windkessel (median [IQR], L/min/m2) | 1,624.9 [1,274.0 to 2,118.8] | 1,909.0 [1500.7 to 2,373.5]

Herd (median [IQR], L/min/m2) |541.6 [424.7 to 706.2] |636.3 [500.2 to 791.2]

Liljestrand and Zander

(median [IQR], L/min/m2) 10.0 [8.0 to 12.5] 12.2 [9.9 to 15.0]

Age (median [IQR], years) 65 [55to 72] 65 [55to 72]

Sex; male 1,430 (69.6%) 3,912 (69.6%)

Race

White 1,757 (85.5%) |4.793 (85.3%)

Black |152 (7.4%) |412 (7.3%)

Other/Multiracial | 145 (7.1%) |413 (7.4%)

Type of cardiothoracic procedure | |

Aortic |497 (24.2%) 1,467 (26.1%)

CABG | 758 (36.9%) 1,835 (32.7%)

Valve 1,356 (66.0%) |3.869 (68.9%)

Cardiac Shock 78 (3.8%) 219 (3.9%)

Preoperative LVEF (median [IQR], %) 58 [45 to 64] 58 [44 to 65]

CVP (median [IQR], cm H20) 11 [8to 15] 916 to 14]

Table 4.3. Pre- and post-CPB cohort characteristics.

CPB = cardiopulmonary bypass; MAP = mean arterial pressure; CABG = coronary artery bypass graft; LVEF = left
ventricular ejection fraction; CVP = central venous pressure.
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Liljestrand

MAP Windkessel Herd and Zander
MAP 1.00 0.49 0.49 0.18
Windkessel 0.49 1.00 1.00 0.89
Herd 0.49 1.00 1.00 0.89
Liljestrand and Zander 0.18 0.89 0.89 1.00

Table 4.4. Correlations between estimators. MAP = mean arterial pressure.
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Liljestrand and

MAP Windkessel Herd Zander
Pre-CPB | Post-CPB | Pre-CPB | Post-CPB | Pre-CPB | Post-CPB | Pre-CPB [ Post-CPB
Median (L/min/m2) 2.22 2.50 2.21 2.50 2.21 2.50 2.20 2.50
<0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
Bias +/- SD (L/min/m2) |(0.63) (0.66) (0.62) (0.65) (0.63) (0.66) (0.61) (0.64)
Spearman Correlation [0.31 0.38 0.36 0.42 0.31 0.40 0.38 0.44
Percent Error (%) 4.0 7.6 4.0 7.8 4.0 7.6 4.3 7.9
Median Absolute
Performance Error (%) |16.8 15.7 16.5 15.6 16.5 15.5 16.2 154
Mean Absolute Error
(L/min/m2) 0.47 0.49 0.46 0.48 0.46 0.48 0.45 0.47

Table 4.5. Bland-Altman and error analysis.

Best performing values for each comparison metric highlighted in gray. MAP = mean arterial pressure; CPB =
cardiopulmonary bypass; SD = standard deviation.
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MAP Windkessel Herd Liljestrand and Zander
Pre-CPB | Post-CPB | Pre-CPB | Post-CPB | Pre-CPB | Post-CPB | Pre-CPB | Post-CPB
Sensitivity 0.57 0.24 0.61 0.28 0.61 0.28 0.62 0.31
Specificity 0.66 0.89 0.65 0.88 0.65 0.88 0.65 0.87
PPV 0.67 0.55 0.68 0.58 0.68 0.58 0.68 0.59
NPV 0.56 0.67 0.58 0.68 0.58 0.68 0.58 0.68
Cohen's
Kappa 0.23 0.14 0.26 0.185 0.26 0.19 0.26 0.2

Table 4.6. Agreement of true CI and estimated CI for low CI <2.2 L/min/m2.

Best performing values for each comparison metric highlighted in gray. MAP = mean arterial pressure; CPB =

cardiopulmonary bypass; PPV = positive predictive value; NPV = negative predictive value.
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Pre-bypass Post-bypass
Predicted Predicted
Normal Low Normal Low
Normal| 608 317‘ Normal| 3143 398‘
Actual  Low| 484 645‘ Actual  Low| 1583 494‘
MAP
Predicted Predicted
Normal Low Normal Low
Normal| 605 320‘ Normal| 3119 422‘
Actual  Low| 445 684‘ Actual  Low| 1486 591‘
Windkessel
Predicted Predicted
Normal Low Normal Low
Normal| 605 320‘ Normal| 3119 422‘
Actual  Low| 445 684‘ Actual  Low| 1486 591‘
Herd
Predicted Predicted
Normal Low Normal Low
Normal| 599 326‘ Normal| 3094 447‘
Actual  Low| 430 699‘ Actual  Low| 1441 636‘
Liljestrand and Zander

Table 4.7. Confusion matrices for low cardiac index (CI) classification. MAP = mean arterial pressure. ff
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4.9 Appendices

4.9.1 Appendix E. Full cardiac index estimation model results.
Complete model results for all estimators of cardiac index (CI) before and after cardiopulmonary
bypass may be found in the DeepBlue Data Repository at the following URL:

https://hdl.handle.net/2027.42/196329
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Chapter 5 Conclusion

5.1 Overview

This thesis situates itself within the sweeping changes that the data era has brought to the
role of physicians. We suggest that several ingredients are necessary to support physicians
through their evolving role as “information managers” in addition to patient care providers.
These ingredients include changes to medical education by incorporating strategies for high-
volume knowledge acquisition, but not at the expense of the development of clinical reasoning
and higher-order thinking skills needed to manage information. These ingredients also include
changes to clinical practice by incorporating tools to help clinicians manage information, but
only if those tools demonstrate sufficient value to providers and patients.

In this integrated discussion, we first summarize the key findings from Chapters II-IV
which detail two projects in medical education and cardiac anesthesiology clinical practice. We
then explore the implications of these projects to facilitate the changes necessary to support
physicians in their roles as “information managers.” Throughout this discussion, we highlight the
impact of our work to the broader fields and theories which inspired it and discuss future

directions for continuing our work’s impact.

5.2 Summary of Key Findings
In Chapters II and III, we describe several contributions to the field of medical education

and medical education research regarding electronic flashcards (EFs).
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In Chapter II, we propose the Design Elements of Anki for Medical Education (DEAME)
Framework to enumerate design features in a sample of EFs for UME. This framework contains
seven categories that describe overarching themes of flashcard design and 48 codes that provide
example design choices for each theme. This framework offers the first terminology to describe
the significant heterogeneity in design that EFs can display. Additionally, the DEAME
Framework represents a novel connection between theories of learning and EFs, through
mapping the types of knowledge and ways of thinking likely tested by EFs to those described by
the New Taxonomy of Educational Objectives (NT).® Finally, mapping assessment items to the
NT post hoc is a novel application of the NT, and an application we largely found possible and
successful through deduction and qualitative consensus building.

In Chapter I1I, we offer the first comprehensive and empirical evaluation of the content of
learner-created EF decks for undergraduate medical education (UME). Through application of
the DEAME Framework in Chapter II, we show that a sample of EF decks for UME tests a
variety of knowledge in a variety of ways. While some cards contain clinically relevant and
complex knowledge which may support skills like clinical reasoning with diverse sources of
information, we find the overall prevalence of such cards low.

In Chapter IV, we describe contributions to the fields of medical informatics and cardiac
anesthesiology regarding estimation methods for cardiac index (CI). Using generalized linear
models, we show that several noninvasive, readily available physiologic estimators for CI are
independently associated with CI after adjustment for relevant patient and procedure factors in a
representative, multicenter cohort of cardiac surgery patients. This suggests that future CI
monitoring efforts could leverage these physiologic estimators, instead of the current gold-

standard invasive measures. Additionally, the statistical significance of many patient and
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procedure factors in these models suggests different patient contexts explain some variability in
CI measurements.
The following sections outline emergent themes from the contributions of this

dissertation to physician education and practice in the data era.

5.3 EFs test a variety of knowledge in a variety of ways, including ways which may support
knowledge acquisition at scale.

Previous studies have suggested that EFs are a learning strategy sought out by medical
learners to facilitate learning of vast amounts of knowledge.” Some educators suggest that EFs
fulfill this role by atomizing large concepts into smaller ones.!® Additionally, some students
perceive EFs to be most useful for knowledge acquisition when they contain high-quality
questions.!®?® However, existing literature offers limited insight to designing EFs with either of
these qualities—knowledge atomization or high-quality questions. Nonetheless, several categories
in the DEAME framework proposed in Chapter II suggest that EFs might be tailored to support
knowledge acquisition at scale.

In regard to atomization of knowledge, the Mental Procedures category of DEAME
framework shows that complex groups of procedural knowledge like Algorithms and Tactics can
be broken down into their smallest possible component pieces: Single Rules. Additionally, while
EFs may atomize knowledge for efficient testing, they also appear to offer mechanisms to
connect atomized pieces of knowledge, should the learner need such connections to learn or
integrate that knowledge. For example, flashcards may have metadata in the form of
Deck/Subdeck Structure and Metadata Tags which organize related flashcards. Additionally,

flashcards may contain answer explanations in the form of Extra Components which may situate
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knowledge within a larger context, including through Links to External Resources which connect
students to educational videos and other materials related to individual flashcards.

More broadly than knowledge atomization, the framework suggests EFs may offer other
strategies to design high-quality EFs for knowledge acquisition at scale. Namely, EFs appear to
demonstrate significant design flexibility, as evidenced by the many categories and codes within
the DEAME framework. This suggests that different design choices could be chosen to optimize
testing of certain knowledge. For example, testing of procedural knowledge could benefit from
highly multimedia EFs which replicate the physical world!**—such as videos demonstrating
physical exam findings. Additionally, EFs’ electronic format and significant flexibility may
enable the creation of new types of questions and other design features. For example, the Image
Selection question format could be reversed such that a structure name and image are provided
on the card front and an outline of that structure is overlaid on the image on the card back. In that
way, a user would be responsible not only for identifying a structure, but also for understanding
where it begins and ends in relation to surrounding structures. This potential new Question
Format might hold particular value for concepts like neuroanatomy, which may be challenging
for students given the relative lack of discrete boundaries in the brain relative to other tissues.!#!

The DEAME framework supports several future directions to understand design
principles of high-quality cards that might support knowledge at scale. Namely, the framework’s
terminology can be used as the foundation for future studies to selectively test the impact of
design choices on user experiences and outcomes. For example, researchers could perform A/B
testing to evaluate how quickly students learn and retain information presented by flashcards
with and without certain design elements.'*? Because EF platforms like Anki generally contain

highly empirical and granular usage metrics,” these experiments could be effectively performed
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without heavy reliance on protected educational data. We hypothesize that a small number of
card formats, which aggregate several intentional design choices, will be most effective in
creating or editing flashcards for specific learning goals or groups of learners. These formats can
then inform best-practice guidelines for EF creation by either learners or experts. Other
pedagogical and assessment tools, like summative exams, are intentionally created with mixes of
different content, question types, explanations, and other features to elicit certain outcomes in
target populations;* similarly, EFs should be approached with a critical, intentional, and

empirical mindset to serve the wide student population who use them.

5.4 EFs can test clinical and complex knowledge, but may need expert guidance and data
management tools for EF curation to adequately encourage skill development.

As a frequently learner-driven and -created resource, EFs may not prioritize the “right”
knowledge for learning, a feature of significant importance to both learners and educators.!3-28-31
In particular, prior literature argues that EFs may not adequately facilitate the development of
skills necessary for clinical practice.’? In the data era, skills of particular importance include
higher-order thinking skills which require integration of different streams of information.® For
example, borrowing from the clinical context in Chapter IV of this dissertation, cardiac
anesthesiologists wishing to manage patients’ cardiac function must not only consider direct
measures like cardiac index (CI) but also patients’ broader clinical contexts; as shown in our
models, many other factors may explain some variability in cardiac function, like demographics,
medication usage, and type of operative procedure. Weighing diverse and variable information
requires advanced reasoning skills honed through education and clinical experience.

As the DEAME Framework shows in Chapter II, EFs might serve as an educational

intervention to develop procedural knowledge and higher-order thinking skills which underlie
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such advanced clinical reasoning. Nonetheless, in Chapter III of this thesis, we find that popular,
learner-created EF decks may underutilize EFs’ capacity to encourage such development. As
learners spend increasingly more time using EFs than other resources, including curricular
resources which increasingly prioritize competencies like advanced clinical reasoning, this may
become a cause for concern.

In order to ensure EFs develop competencies in addition to allowing knowledge
acquisition, educators may wish to formally align EFs, and particularly learner-created EFs, with
curricular objectives. The connections between the NT and EFs which Chapter II discusses
provides an important substrate for future work to assess and engineer such alignment. However,
given the size of EF decks, educators may struggle to devote the time and resources necessary to
ensure such alignment. Indeed, Spicer et al reported that their expert curation of a learner-created
deck and other evidence-based learning materials was “time-intensive” and required at least 1
hour of curation for every 1 lecture hour on which materials were based.!® Therefore, creation of
high-quality, curriculum-aligned EFs—which may enhance education in the data era due to their
breaking down of concepts into many small pieces—may be significantly hampered by this very
characteristic.

To encourage the advancement of EFs as a learning tool through curricular alignment and
prioritization of complex and clinical thinking, educators may need to incorporate novel data
management tools. For example, generative Al tools have shown initial promise in categorizing
and creating EFs. Pendergrast and Chalmers describe an Anki add-on called AnkiTagger that
assigns metadata tags to EFs to group them by relevance to the content of didactic lectures.!#
They report that generative Al was highly effective at this task, reporting that >90% of the EFs

appeared “highly relevant” to the lectures to which they were assigned. Additionally, several
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add-ons like AnkiBrain have been published which allow EF creation via prompts to generative
AL Therefore, educators wishing to align EFs might first use AnkiTagger to identify
previously created cards which relate to their curricula and then use AnkiBrain to create new
cards missing for adequate alignment. Therefore, generative Al likely presents a powerful tool
for managing the size and scope of EFs. Indeed, for EFs to realize their full potential in training
the physician workforce, the status quo of EF creation management must increasingly extend

beyond learners themselves to encompass educators and advanced technologies.

5.5 Noninvasive cardiac index estimation shows initial promise, but needs future work to
provide value at the patient level.

Like many other kinds of clinicians, anesthesiologists must manage streams of
information to perform clinical care tasks.*® Tools like CDS systems and dashboards have arisen
to support clinicians in this information management, but have often been shown to offer limited
value to patient outcomes.*®* In Chapter IV, we propose foundational work that aims to increase
the value of CI monitoring to patients by estimating CI with noninvasive physiological
measurements, instead of invasive direct measurements. We report that our associational model
suggests that these noninvasive measurements are highly correlated with CI, even after
controlling for patient and procedure factors. However, our model has limited predictive value at
the patient level and would not yet offer value to clinicians seeking to understand their patients’
cardiac functioning.

In order to provide more accurate, valuable estimation at the patient level, several future
approaches could be explored. To increase the predictive capacity of our model at the individual
level, we could calibrate our estimates with a secondary dataset.!3” Additionally, we could

expand the covariate space to include other variables relevant to CI estimation. Literature
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suggests that additional measures of oxygen consumption and carbon dioxide production could
be likely candidates, some of which can be obtained with noninvasive monitors built into
standard anesthesia systems.!4>146 Finally, we could implement other functional forms for the
linear regression model—or consider other statistical or machine learning modeling approaches
altogether. Among the studies which use similar noninvasive CI physiologic estimators, the
random forest models by Ke et al showed among the lowest error.!!? Notably, all of these
approaches aim to improve the value of CI estimation from the modeling side. Nonetheless, even
when all possible modeling-focused approaches are employed to improve model performance, all
estimates produced by even the best specified and most accurate models are exactly that—
estimates. In other words, all output from models is imperfect, and must be interpreted with
consideration of the models’ biases, assumptions, etc. Indeed, a key challenged to “safe adoption
of artificial intelligence/machine learning-based methods in perioperative learning health
systems” includes “wide variations in the available clinician knowledge base regarding strengths
and limitations™ of such methods.!4’

Therefore, to maximize the value of advanced modeling approaches in the data era,
educating our medical workforce to understand and robustly reason with the outputs of these
models is of foremost importance. Initial efforts to teach ML/AI are underway, and will require
multifaceted educational approaches—including active learning modalities like EFs—to support

competencies in this space.>!43

5.6 Final Thoughts
This thesis embraces a diversity of research techniques applied to both medical education
and clinical practice. Across both projects outlined in this thesis, we explore how the whole

physician lifecycle, from education to practice, must be considered when preparing physicians
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for their roles as “information managers” in the data era. Additionally, the themes emerging from
these projects show how the convergence of novel technologies and evergreen human factors
presents both challenges and paths forward to such preparation. We hope that this research
output supports future advances in medical education and clinical practice but also underscores

the concerted need for interdisciplinary research to connect these silos.
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