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Family Medicine and Primary Care
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Abstract

Artificial Intelligence (AI) has begun to transform industries including healthcare.
Unfortunately, Primary Care and the discipline of Family Medicine have tended to
lag behind in the implementation of this novel technology. Although the relationship
between Family Medicine and Al is in its infancy greater engagement from Primary
Care Physician’s (PCP’) is a must due to the increasing shortage of practitioners.

Al has the chance to overturn this problem as well as speed up its development.
Considering the vast majority of PCP’s utilize Electronic Medical Records (EMRS) the
field is ripe for innovation. Regrettably, much of the information available remains
unused for practice disruption. Primary Care offers a large data platform that can

be leveraged with the use of technology to deliver ground-breaking trails forward

to provide better comprehensive care for a wide-variety of patients from various
backgrounds. The purpose of this chapter is to provide context to Al implementation
as it relates to Primary Care and the practice of Family Medicine.

Keywords: artificial intelligence, Machine Learning, Technology, Primary Care, Family
Medicine, Screening, management, and treatment

1. Introduction

Although Artificial Intelligence (AI) in Healthcare has recently become trendy,
the concept is not new. Alan Turning developed the concept of machines that could
think around the 1950’ [1]. Soon thereafter, John McCarthy proposed the term
“Artificial Intelligence” to describe the process of computers that could perform the
cognitive functions of humans. Since these early propositions healthcare has seen a
monumental increase in data available for interpretation. Consequently, the power
and usefulness of computers in data analysis has become paramount to the success of
a healthcare organization as it is unrealistic for individuals and even highly organized
teams to extrapolate important information. Subsequently, various medical societies
and disciplines have invested heavily in Al to meet the growing demands of modern
medicine. Alarmingly, Family Medicine appears to lag behind other specialties in
advancing its footprint in the Al healthcare space. Specifically, the American Board of
Family Medicine performed an extensive literature review in the year 2020 and found
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no publications for this specialty during that time despite knowledge that Family
Medicine scholars were actively pursuing research related to Primary Care and Al [2].

The importance of the discipline of Family Medicine being actively involved in
Al research cannot be understated as historically this profession has lagged behind
when the adoption of new technology takes place. Subsequently, the discipline and
more importantly, the patients have needlessly suffered for it. For example, when the
Health Information Technology for Economic and Clinical Health (HITECH) Act was
passed, it was widely assumed the introduction of electronic medical records (EMR)
would enhance the patient, physician, and organizational experience through the
optimization of efficient, equitable, and effective healthcare delivery [3]. Certainly,
EMR’s have had numerous positive impacts on an individual patient and systems-
based perspective [4]. No one would rightly argue for a return to paper charts and
hand-written notes. Nevertheless, we cannot ignore the role the implementation of
EMR has had on increased physician burnout and decreased face-to-face time with
patients. Moreover, because of the lack of Family Medicine involvement in the role-
out of EMR’s many in our field strongly feel as though its usability, interoperability,
and applicability have fallen short of the initial intended goals of EMR. This is likely
due to lack of engagement from family physicians in the design, advocacy, and imple-
mentation of EMR. Accordingly, there is a rising concern that healthcare technology
has grown to suit hospital administrators more than patients and physicians [4].

With the advancement of Al, the specialty of Family Medicine must be an active
participant to further influence this transformation. The relationship-oriented
nature of Family Medicine will allow for technology to focus on providing value to
patients and communities as opposed to administrators and technology companies.
Healthcare costs continue to escalate and without FM providers who are focused on
providing value Al will likely only exacerbate the sentiment that only those who can
afford such advances in healthcare will benefit from it. The ethos of Family Medicine
is that the development of the therapeutic relationship optimizes treatment outcomes
and positively effects health on a population level. Without this belief Al will only
further reduce the patient-physician interaction through increased screen-time.
Family Medicine practitioners pride themselves on seeing a diverse patient panel.
Consequently, if Family Physicians voices are not heard Al may amplify existing
biases. Specifically, algorithms used by recognition programs have demonstrated
challenges in recognizing persons of color secondary to limited participation [5].

Computers process information faster, more efficiently, and more systematically
than humans. They make judgments more regularly and act in response to variations
faster. Currently, computers perform automated repetitive tasks once assigned to
humans. Clinical decision support systems alert providers when immunizations are
due, automatic American Society for Cardiovascular Disease (ASCVD) risk calcula-
tors provide myocardial infarction risk assessment, and advertisements for potential
drug-drug or allergic reactions pop up before a medication may be administered or
prescribed. Moreover, Al can already complete challenging multifactorial jobs to
create an accurate differential diagnosis and evidence-based assessment and plan.
Worryingly, machines autonomously managing patients may give administrators
pause as to the value of human physicians.

Family Practitioner engagement in Al is a must. Primary care offers the grandest
healthcare distribution platform and provides an influential stage for data use [6].
Family Practitioners are operations specialists who may practice approaches for the
adoption of scientifically validated Al tools. Family Medicine practitioners focus
on patient-oriented outcomes and will publish results that affect the patients [7].
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Family Medicine practitioners operate between extensive delivery systems practi-
tioners such as mental health, home health, and public health. The familiarity with
various healthcare stakeholders will enhance Al performance tools.

Because the amount of data we will manage will only increase, there needs to
be a strategy both for the here-and-now and beyond. Without this, Primary Care
risks becoming incapacitated, subjugated to metrics, and more prone to burnout.
Ultimately, Al should be used to enhance the time we spend with patients and
complement the Family Medicine experience. NLP aids computers to comprehend,
deduce, and use an individual’s vernacular. Moreover, Al may unearth material from
prior visits, images, labs, and health data to composite them into the right documents
so providers can focus on the human-connection [8]. Al chatbots can replicate human
dialog, assist individuals in receiving the optimal care, utilizing advanced technol-
ogy through patient surveillance between visits and provider consultations [3].
Patients suffering from congestive heart failure (CHF) may broadcast their weight
through internet-enabled scales, have their diuretic doses titrated, or ensure that their
worsening symptoms are being examined by their PCP. Patients may be reminded of
health maintenance services like breast and colon cancer screening, provided educa-
tion for shared decision making, create referrals, book appointment, and organize
tests that need to be performed [9]. AI may data mine environmental, EMR, claims,
and pharmaceutical data and integrate these to identify and treat high risk patients
afflicted with asthma, MI’s, and opioid overdoses to aid appropriate management.

Al may explore massive amount of data, convey measures, close care gaps, and most
importantly allow providers to spend more time with patients.

While these tools are fascinating, they are not yet equipped to being put into
practice. They necessitate improvement, investigation, and substantiation. Privacy,
malpractice, and overtreatment must all be carefully weighed and dealt with. Without
consideration of fitting payment models AI will be imperfect to influence healthcare
delivery. Figure 1 provides a guide for Family Medicine providers on how to get better
involved in leveraging this technology.

Pa rtner With AI sFind Computer Scientists
Resea rc h ers *Shape Questions Towards Primary Care

Sha re Data Wh en *Develop Al Tools
Appropriate *Use Clinics to Test Efficacy

M ore AI *North American Primary Care Research Group's Big Data Task Force
=t 0 *More Journal Articles & Al Plenary Speakers at Conferences
TN EINES

I nfo rm at|cs eCurricular level-Medical School, Residency Education, Milestones, CME

5 sDepartment Level-Seed Funding to motivate collaboration between FM
I nteg ration and CS Researchers

Figure 1.
Steps for family physicians to get involved in artificial intelligence research.
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Family physicians pride themselves on the personal relationships they form with
their patients. Computers will outdo physicians when it pertains to the performance
of complicated undertakings. Nevertheless, creating and upholding strong relation-
ships, recognizing and handling their intricacies, and eliciting and integrating
preferences into medical decisions are difficult for technology to replicate. Humans
and computers must complement each-other to enable physicians to spend more time
with their patients.

2. Methodology

Internet searches using Google Scholar and PubMed was done with the funda-
mental words “Artificial Intelligence, Machine Learning, Technology, Primary Care,
Family Medicine, and screening, management, and treatment.” Additional citations
were acquired through cross-referencing the main studies. Following the literature
review all relevant contributors to the manuscript created an outline that identified
the historical context of Al technology in relation to the discipline of Primary Care
and Family Medicine, clinical implications for Primary Care and Al technology, and
the role of Al technology and Graduate Medical Education as key pieces to include
in this chapter. Other studies not pertaining to the aforementioned themes were
excluded. The following manuscript includes various purposes employing Artificial
Intelligence instruments presently in operation or in progress is portrayed. The
names of the articles and their abstracts were vetted by one assessor (T'W). Complete
manuscripts were reread for insertion by two authors.

3. Al & Clinical applications for family physicians

The applicability of Al for Family Physicians is vast. A scoping review condensed
targeted health conditions that could be aided either through diagnostic or treatment
decision support that include: cardiovascular, psychiatric/neurologic/cognitive,
diabetic/metabolic/chronic, skin conditions, musculoskeletal, cancer, pulmonary,
gastrointestinal, general, and other conditions [10]. A comprehensive breakdown
of the use of Al in Family Medicine for diseases is beyond the scope of this chapter.
Below, the authors provide a systems-based outline of various Al-related diagnostic
and therapeutic modalities for family practitioners to be made aware of as well as
more focused sub-sections on diabetes screening, management, and treatment, as
well as breast cancer screening given their relevance to PCP’s in the outpatient setting
and to give the reader a better understanding of the depths to Al research in helping
clinicians optimize patient outcomes.

3.1 Neurology

Alzheimer’s disease (AD) may account for up to 80% of dementia cases and is a
huge cost for society both economically and socially [11]. Although much advance-
ment has been made in the underlying pathophysiological mechanisms of this disease
as well as targeted approaches to therapy a significant barrier to any breakthrough
occurs in the Identification of patients who will develop AD so that they are able to
enroll in clinical trials at the appropriate time to examine the effectiveness of poten-
tial disease alternating treatment modalities. To combat this, a study was performed
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using machine learning (ML) to assess advancement to dementia by two years using
data from amyloid positron emission tomography scans [12]. The high accuracy that
ML demonstrated relative to standard algorithms holds promise for the development
of better individuals to be included in AD clinical trials with the hope that that this
will optimize their design and lead to advancement of targeted disease therapies.

3.2 Head, eyes, ears, nose, throat (HEENT)

Glaucoma, an increase of intraocular pressure that results in optic nerve damage
and ultimately blindness, can be diagnosed with Al. Through the proliferation of a
neural network, retinal images have been mined to aid in in diagnosis of Glaucoma
with up to 96% accuracy [13].

Diabetic retinopathy (DR), a common microvascular problem of diabetes, is also
a significant source of irreparable loss of sight [14]. This disease and subsequent loss
of vision can be averted and assorted therapeutic selections are obtainable. Despite
calls for routine screening for DR comprehensive strategies face difficulty with
implementation [15]. Implementation issues include: inadequate trained personnel,
lack of resources, and inability to cope with an increased disease burden. To combat
this concern, a deep-based learning algorithm was created to validate the detection of
DR [16]. Retinal images were compared to that of trained ophthalmologists. Results
showed high accuracy when compared to current standards of care, which may lead to
more efficient and accessible screening for DR.

3.3 Cardiovascular

Cardiovascular disease (CVD), the foremost cause of illness and death globally,
consumes extensive preventative measures to curtail risk factors for disease develop-
ment that center around controlling hypertension, lowering cholesterol, smoking
cessation, and optimizing diabetes management. Including age, risk factors for
development of CVD are mainly predicted using validated instruments [17-20].
Nevertheless, many people are still at risk for the development of CVD and are unable
to be identified with these tools. What’s more approximately 50% of myocardial
infarctions and strokes will occur in people that do not meet screening criteria and
thus are considered to be low risk [21]. Fortunately, machine learning provides a
chance to expand precision by taking advantage of multifaceted connections among
risk factors. For example, in a prospective cohort study machine learning correctly
predicted additional individuals who got CVD versus a standard set of rules [22].
These results show that ML may identify more individuals who might be helped from
anticipatory therapy and help others eschew pointless therapy.

3.4 Gastrointestinal (GI)

Gastro-esophageal reflux disease (GERD) is the presence esophageal mucosal
interruptions or occurrence of reflux-induced symptoms that significantly impairs
quality of life [23]. Symptom evaluation and assessment is vital for disease manage-
ment. Sadly, symptom evaluation and effects of reflux are currently insufficiently
correlated with disease severity. Furthermore, given the ambiguity of these rela-
tionships no diagnostic tool remains reliable. A retrospective study of 150 patients
compared Al in the form of an artificial neural network (ANN) comprised of 45
clinical variables versus the current standards to esophagoscopy or pH-metry.
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The use of ANN to make a diagnosis of GERD demonstrated superior accuracy [24].
Although this work is still in the preliminary stages it shows promise in delivering a
non-invasive approach to the diagnosis of GERD.

3.5 Endocrine

Diabetes affects millions of people around the world, accounts for approximately
12% of global health expenditures, and still one in two persons continue to be
unaware they have the disease and are sub-optimally treated [25]. Early intensive
mediation may prevent onset and decelerates the development of retinopathy,
nephropathy, neuropathy, and other difficulties associated with diabetes [26]. Lack of
timely, crucial health data is vital for the patient and provider to make well-educated
decisions in regards to diabetics care. Al may provide timely information concerning
a diabetic patient’s health. A review of literature shows that the relationship between
Al and diabetes management can be group into four categories that include automated
retinal screening that was discussed above, clinical decision support, predictive
population risk stratification, and patient self-management support tools [27].

Al-driven extrapolative modeling proactively recognizes diabetics with the
greatest risk for needless complications that create avoidable emergency department
outings, hospital stays, and readmissions [28]. AI can dig through various patient
information to classify and describe diabetes populations [29]. In addition, patients
with risk factors for diabetic comorbid conditions may be discovered [30-32]. Al may
pinpoint individuals who may benefit from specific diabetes disease management
programs [32]. On a molecular level it may aid in the discovery of proteins and genes
linked with diabetes [33, 34].

Al can run practice decision-support instruments to aid healthcare profession-
als tailor diabetes treatments that boosts compliance and maximizes outcomes on
a population level [35]. Al-powered devices may even diagnose diabetes noninva-
sively [36]. Furthermore diabetic neuropathy and diabetic wounds may be more
accurately measured and treated [37, 38].

There is ongoing research on a Closed Loop System, which is a synthetic pancreas
that blends continuous glucose measurement and an algorithm-run insulin pump to
enhance diabetes self-management and lower hypoglycemic episodes [39]. A meta-
review of 12 trials compared patient acceptance of Artificial Pancreas Devices (APDs)
versus standard of care. Based on the results, the authors surmised that the latest APD
were safe and demonstrated high patient satisfaction [40].

More investigations are being done to determine the potential of diabetes apps to
support persons in tracing and examining their statistics easily and to convey custom-
made evidence-based understandings that diabetic patients may employ every day. For
example, all-inclusive dietary databanks can describe nutritional subject matter once a
barcode is scanned on a smart device, explore food chain options, common food items,
or distinguish food stuffs [41]. Machine Learning and representative analysis can diag-
nose and enumerate complex happenings and the standard of living of diabetic patients
and provide assistance so they are better informed about the decisions they make [42].
Al may possibly quicken wound recovery, avoid unnecessary expenses secondary to
commutes, and lower medical expenditures with the use of an Al-based smartphone
camera [43]. Pregnant women with gestational diabetes have demonstrated approval
of Al supplemented telemedicine appointments to help expedite clinical care via the
amalgamation of Al interpreted evidence-based procedures, information obtained from
EMRS5, and blood sugars, blood pressure readings, and movement sensors [44].
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In 2018 Medtronic’s Guardian Connect, the first AI-powered continuous glucose
monitoring (CGM) system, was approved by the FDA in service of diabetic patients
between the ages of 14 and 75 years. A prognostic system signals patients of sub-
stantial oscillation in glycaemia up to an hour before the critical event happens. The
system has demonstrated accuracy and has been shown to announce around 98.5% of
hypoglycemic occurrences; consequently, patients could potentially seize control to
stabilize blood sugar [27]. The records can be collectively distributed and supervised
by all relevant stakeholders involved in the patient’s care.

Several questions persist before technological advancements in diabetes care
permeate the health care sector. Practical interoperability, the capacity of two or more
structures to interchange and utilize data, remains an obstacle [45]. Cost, overhead,
continued expenditures, buy-in from healthcare providers and relevant participants,
and the various definitions and involvedness surrounding the term Meaningful Use
are all additional barriers to implementation [46]. The ability to replicate outcomes
from previous studies remains blurry as well. For various reasons proprietary data
such as source codes may be difficult to share. For example A survey of approximately
400 algorithms presented in papers at an Artificial Intelligence conference revealed
around 6% of the presenters disseminated an organization’s code, a third distributed
information utilized to tryout their algorithms, and half provided an abridged of a
source code (pseudo-code) [27]. Even if some of this data can be obtained it remains
to be seen if the results will end up the same. What’s more in machine learning, which
stems from mastery of previous encounters, may be influenced by the typology of
speech patterns implemented.

Nevertheless, diabetes remains an attractive target from Al research to apply
industrial methods to solve the various complexities surrounding this disease. Many
technological products have obtained approval from the FDA, are on the market,
and have shown promising results. More innovative approaches are being created to
challenge the status quo of current diabetic care by the enhancement of reliability,
effectiveness, operability, straightforwardness, and patient, family, and provider,
satisfaction with applying these products for diabetic management. Ideally, the right
mix of monitoring and appropriate feedback will help isolate telling precedents and
head to customized understandings that boost patient and provider commitment,
conviction, and achievement in optimizing blood sugar control.

3.6 Hematology/oncology

The utilization of artificial intelligence (AI) in cancer screening is becoming
increasingly evident in recent studies across multiple types of cancer. This includes
lung, breast, colorectal, and cervical [47-50]. Given the overwhelming research
across multiple disciplines, the focus of this review will be on the evidence-based
application of Al in breast cancer screening. This research can be categorized into two
applications: risk assessment and image analysis.

The United States Preventive Services Task Force (USPSTF) guidelines of primary
screening for breast cancer with conventional mammography has resulted in a reduc-
tion of breast cancer mortality across both randomized trials and screening cohort
studies [51]. Outlined in the USPSTF recommendations is screening every 2 years for
women aged 50-74 years old, as opposed to individualized decision to start screening
between the ages of 40-49 years old [51]. In the latter age group, high-risk individuals
who would benefit from starting screening at an earlier age can include those with
known underlying genetic mutation (such as BRCA1 or BRCA2 gene mutation) ora
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history of chest radiation at an early age [51]. There are several risk prediction models
for breast cancer. One example is the Breast Cancer Risk Assessment Tool (BCRAT),
which can be used to estimate a patient’s 5-year and lifetime risk of developing
invasive breast cancer. This considers a patient’s age, age of menarche, age of first
childbirth, number of first-degree relatives with breast cancer, number of previous
biopsies, and presence of atypical hyperplasia in a biopsy. Of note, this tool may

not be appropriate for assessing risk in patients with a history for certain medical
conditions, such as personal history of certain breast cancer types [52]. Considering
multiple qualitative and quantitative risk factors can better stratify risk-based screen-
ing and maximize the benefit while minimizing the harms of screening [53]. But how
can Al advance current tools of risk assessment?

Breast density has been shown to be an independent risk factor for the develop-
ment of breast cancer [54]. As a result, this has led to updates in prediction models to
include this quantitative risk factor, such as the Tyrer Cuzick model, the Breast Cancer
Surveillance Consortium Model (BCSCM), and the Breast and Ovarian Analysis of
Disease Incidence and Carrier Estimation Algorithm (COADICEA) [52]. In a recent
study, the authors created three models to estimate five-year breast cancer risk. One
model only considered risk factors. The second model utilized deep/machine learning
on mammographic images. The third model was a hybrid of the two. These models
were then compared to the Tyrer—Cuzick model, a well-known clinical standard that
recently incorporated mammographic breast density into its calculation. They found
that their hybrid model had the highest accuracy, followed by the deep/machine
learning model, while the Tyrer—Cuzick model had the lowest. These results indicate
that a model that considers both traditional risk factors and mammographic data can
improve current practices of assessing risk. Future research can aim to identify the
imaging features and patterns that are most useful to stratifying risk [52].

Breast density is typically assessed through interpretation of the standard two-
view mammogram by a radiologist. A visual estimation of the proportion of glandular
and fatty tissue within the breasts is scored and applied to a scale, such as the Breast
Imaging Reporting and Data System (BI-RADS). The four BI-RADS categories of
breast composition according to breast density are: type 1 fatty breast, type 2 fibro-
glandular, type 3 heterogeneously dense, and type 4 dense and homogeneous. This
subjective quantification of breast density requires certain training and experience to
allow for accurate and reproducible scoring. Even so, there is a certain amount of user
variation among radiologists that contributes to error [55].

There are 3 potential approaches to applying Al to mammogram image analysis: as
a standalone system, for triage, and for reader aid [56]. In a simulation performed by
McKinney et al., the findings demonstrated the ability of an Al system to outperforma
group of radiologists in accurately interpreting mammograms [57]. Using deep learning-
based Al, Balta et al. found that the breast cancer screening workflow, which typically
requires double-reading, could be replaced by a single-reading. This was achieved by
Al-driven identification of normal-appearing screening mammograms, which were then
verified by a single human reader [56]. Similarly, in a retrospective study by Dembrower
etal., Al was used to triage mammograms into those requiring no further radiologist
assessment and those requiring further radiologist assessment. This system demon-
strated potential for detecting a significant number of cases where breast cancer was not
identified by human readers, but then diagnosed later [58]. Rodriguez-Ruiz et al. showed
that radiologists interpreting mammograms with the support of an Al computer system
performed better at diagnosing breast cancer than without [59].
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The application of Al in mammogram-based breast cancer screening is by no
means limited to the approaches previously discussed. These include more precise
stratification of risk assessment, increasing accuracy of detecting breast cancer
during image analysis, and potentially decreasing workload burden in breast imaging
radiologists. Given the evidence shown across retrospective studies and simulations,
Al has the potential to improve current breast cancer screening practices. As studies
continue to explore its application in the various aspects of cancer screening, it is
likely that AI will become a more prevalent tool in medicine and, hopefully, lead to
better patient outcomes.

4. Al and administrative capabilities

The ambulatory clinic is an indispensable feature of patient-centered medical
care. Today, many different stakeholders are involved to ensure the patient experi-
ence is enhanced and clinical outcomes optimized. Consequently, ensuring a clinic
runs smoothly has proven to be labor intensive. Numerous obstacles to realizing a
well-organized workflow for pre-visit planning (PVP) exist. These barriers include a
lack of workforce shortages as well as limitations on time. The vast majority of time
consumed administering care is sandwiched between appointments. PVP improves
the possibility that an appointment will flow more easily, require not as much time,
and develops a sophisticated and fulfilling patient-provider experience. Al tools may
enhance pre-visit planning (PVP) [60, 61]. PVP contains distinct information built
on predictable timetables and patient-provider messages that serve modern EMR
and AI well. Criticisms of Al implementation include: absence of needs assessments,
minimal real world applicability, and ignored complexity of healthcare with subse-
quent misallocation of investments [10, 62].

Clinicians are interested in automated PVP if it affords them more time with
patients and saves them time on administrative duties. Technology already supports
clinician work through: advanced solutions such as chat bots that monitor signs
and symptoms, rudimentary functions like electronic sticky notes in the EHR, and
updated best practices that serve as a reminder for outstanding or upcoming health
maintenance. Current technological advancements include: algorithms that pool
healthcare data in order to produce a summary of care gaps [63-65], automated
patient questionnaires sent through a secure electronic portal [66-70] and pro-
grammed schemes that inform providers of requisite activities [65, 71]. The rise of
value-based care along with telemedicine secondary to the recent Covid-19 pandemic
has moved treatment of patients in the virtual space. This situation means that atten-
tion will needed to be further allocated to inter-visit happenings [72].

With the appearance of Al, particular aspect of PVP may be better supported.
Unfortunately, there remains of dearth of literature that demonstrates the impartial
value of this technology. PVP and its present condition must be further investigated,
hindrances to performance examined, and areas for potential automation realized.
Technology and Al obviously exhibit an ability to enhances the principally human
method for PVP; however unless the structures surrounding value-based care is more
refined, than the underestimation and subsequent dearth or compensation for PVP
will remain a significant obstruction. Specifically, challenges such as ease of use, con-
fidentiality, safekeeping of patient information, EMR interoperability, and workflow
for providers need to be addressed [72].
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5. Al and education in family medicine

The final section of this chapter concerns the role of Al and graduate medical edu-
cation (GME). Family Medicine Residency in the United States is three years. During
this time the residents must develop appropriately so that upon completion of their
training they may feel confident practicing medicine independently. Although there
are many issues that could be addressed concerning GME and Al the two the authors
focus on in this chapter include motivational interviewing (MI) and shared decision
making (SDM).

5.1 AI & Motivational Interviewing

Motivational Interviewing (MI) is a scientifically validated, short-form interven-
tional style that has been established to positively affect change in chronic disease
management. MI is a driving force towards constructive, healthy, patient focused
behavior change. MI concentrates on the aims, trepidations, and viewpoint of the
patient. Unfortunately, this process often contradicts the directional, instructional,
and educational role healthcare providers have undertaken [73, 74]. Therefore
providers must unlearn these behaviors to permit a more patient-oriented encounter.
Critical skills to master include talking less, listening more, and reflecting on the
patient’s wishes. Open-ended questions help facilitate this rapport. Instantaneous
feedback greatly enhances skill development [75, 76]. Unfortunately, for a variety
of reasons insufficient advice is often given during the early stages of instruction.
Consequently due to inadequate and unproductive training MI is underdeveloped.

Al may help to apply MI by delivering timely, well-organized feedback in a
time and resource-constrained environment. Real-time Assessment of Dialog in
Motivational Interviewing (ReadMI), utilizes natural language processing that
delivers specific motivational interviewing indicators that helps pinpoint areas
for improvement during the patient’s visit [77]. The benefits of ReadMI include
cost-effectiveness, portability, and immediate valuation and breakdown of the MI
process. Advantages include: deep-learning-based speech recognition, NLP, AI-human
interaction, and mobile cloud-based computing. The following (Figures 2 and 3)
demonstrate the architecture, advantages, and encounter process of ReadMI respec-
tively. What'’s more, the team involved in the patient interview may go over past
cases and correlate the trainee’s behavior and speech with the Al scores. Afterwards,
these sessions generate novel records that make possible auxiliary fine-tuning of the
program and the natural language based performance coding designation. Currently,
ReadMI constructs comprehensive transcriptions of the discourse with greater than
92% accuracy, displays above 95% accuracy when measuring the amount of time the
provider speaks versus the patient, and has over 92% accuracy when determining the
amount of open-ended versus close-ended questions [77].

ReadMI has been shown to be as valid and reliable as humans when rating the
kinds of questions and assertions that trainees yield when performing motivational
interviewing. Physicians who are too loquacious in contrast to the patient are doubt-
ful to produce high-level motivational interviewing techniques. These early results
show that AI can produce instantaneously reliable scores to relevant stakeholders to
enhance the educational experience. Specifically, if a learner talks too much and does
not ask enough open-ended questions then the educator can use this information to
promptly fine-tune the interview process. Because of the limitations on time, leveled
proficiency improvement through AI based measures is invaluable. Moreover, less
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Figure 2.
Framework for ReadMI artificial intelligence.
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Figure 3.
General flow of the motivational interview process with ReadMI.

skewed criticisms directed towards the learner as well as less onerous video review
sessions will advance medical education. Finally as clinicians become better deci-
sion support agents they may improve healthcare quality by aiding patients in living
healthier lives.

5.2 Al and shared decision making

Shared decision making (SDM) is an approach where the patient and provider work
in concert to formulate evidence-based medical choices that align with patient values
[78]. Thus, the final choice is based on what matters most to the patient with medi-
cal data as an adjunct [79]. Unfortunately, real world applicability is lacking [80-82].
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Constraints on time, difficulties with generalizability, and medical circumstances are all
obstacles to SDM [83]. Al may advance SDM through better informed decision-making,
which allows providers to concentrate their energy on the patient [84]. Furthermore,
Al may discover missed correlations by individuals participating in clinical assessments
[85]. Nevertheless, bioethical concerns for Al and health decision-making remain [84].
Moreover, Al-based decision aids remain foreign in regards to their patient-centered-
ness [86]. Lastly, the facilitation of Al and shared decision making remains unknown.
A three step scheme has been offered [87, 88]. It is further depicted in (Figure 4).

A scoping review showed the range of Al systems applied to SDM [89]. Sadly, few
studies concerned primary care. Of the involved studies, three devised Al interven-
tions for primary care involving the support of chronic conditions such as diabetes
and stroke [90-92]. These studies focused on the decision-making step of SDM either
by launching trials to calculate clinically significant results or for medical advice.
Wang et al. aimed to tailor knowledge and choices about medications in type 2 diabet-
ics [92]. SDM is essential secondary to the complexity of diabetics. In this report
information from an EHR was compiled to aid clinicians with decision support tools
to enable patients to better comprehend their well-being. Over 2500 patients with
type 2 diabetes, 77 features, and eight different medications were amassed to generate
a prototype for reference. The Al model had a correctness of 0.76. The records just
pertained to hospitalized individuals and the result of medication utilization was not
accounted for. Still, the intervention exhibited practicability and adaptability, mean-
ing if the scheme did not remain current, the mediation could be fine-tuned without
any impact to the interoperability of the hospital EHR. Moreover, the program was
created with the patient in mind, which allowed key stakeholders to evaluate an indi-
vidual’s ailment more systematically and modify discussions in an up-to-date manner.

Kokciyan et al. made “CONSULT,” a decision-support agent to help stroke survi-
vors in treatment compliance and self-care in partnership with a practioner [90, 91].
It was generated through an argumentation construct, which is beyond the scope
of this chapter. However, a brief description is as follows. Health sensors and EHR
information as well as medical standards were used as inputs. Proposals and written
descriptions for systematized choices were provided as outputs. The program was
carried out with a mobile Android app. Six unpaid workers in decent health were

eProvide support to patients
T T I k when choices are presented
ea m a ¢Elicit goals to guide decision-

making is emphasized

sproviding more information
. about these options
Optlon Talk ecomparing them through risk

communication

eguide patients to a decision

DeCiSion based on their experience and

expertise

Ta I k ereflects the informed

preferences of patients.

Figure 4.
3-step model of shared decision making (SDM) for clinical practice.
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enrolled for one week, used various system features, and were solicited to gather
information from wellness sensors and input data. The CONSULT system aided the
decision-making point in SDM by showing the latest interpretation of the clinical
picture via individualized measurements taken from the health record and wireless
sensor input. After, stylistic descriptions of automatic findings supplemented the
medical suggestions offered. Overall, the existing, pertinent, concise information plus
medication options and proposals helped buoy the patient-provider decision-making
moment.

Overall, the relationship between AI and SDM is young. More research is needed
to examine, apply, and gage the impact of AI on SDM, standardize its use, and evalu-
ate its impact on choices that effect a population. Importantly, any Al intervention
must be human-centered. Lastly, SDM is a stepwise process; therefore research must
demonstrate how Al interventions better re-enforce the therapeutic relationship.

6. Discussion

The authors recognized and elaborated on various research studies concerning
Al, Family Medicine, and Primary Care and separated this manuscript into three
predominant categories. First, on the subject of the history of Family Medicine
adoption of technology, an overwhelming trend when contextualizing this issue is the
lack of involvement of Family Medicine stakeholders in the literature [10]. Secondly,
concerning clinical applicability, there is a wide variety of functions that Al could
perform for PCP’. Clinical trials repeatedly established Al to strengthen problem-
solving or management of chronic diseases. Still, the results exhibit Artificial
Intelligence remains at an initial phase of development for applicability; therefore
much remains to be done to measure Al’s influence on the primary care system.

7. Future research

To conclude this section of the chapter the authors shed some light on novel
research and funding to expand the Family Medicine footprint in the Al realm.
Specifically, in 2022 the American Board of Family Medicine (ABFM) established
a funding program to support Family Medicine Departments in hiring Artificial
Intelligence/Machine Learning (AI/ML) focused research faculty. The initial cohort
of funded institutions include: University of Houston, University of Pittsburgh,
University of California, San Diego and University of Texas, San Antonio. Each insti-
tution is pursuing its own focused work with the shared general aims of establishing a
sustained AI/ML research presence, securing further external funding and producing
peer-reviewed research publications. This program also includes regular conven-
ing of the research teams to share progress and information hosted by the Stanford
Healthcare AI Applied Research Team.

8. Conclusion

Al in healthcare has arrived. Nevertheless, many Family Physicians are unaware
of its uses and how it will impact their practice. Subsequently, Family Medicine
remains constrained by its limitations and the ethical implications remain unclear.
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This chapter hopes to act as a guide to front line health care works like Family
Physicians. Primary care is essential to the well-being of a population and is
unmatched in its ability to interconnect the various parts of a healthcare system. The
profound bonds Family Physicians create with both their patients and community
makes this discipline inimitably fitting to steer the health care Al revolution. In order
to do so it is vital that Family Physicians collaborate with engineers to guarantee that
Al use is pertinent and patient-centered, improves health care Al implementations,
and acts inclusively and ethically AI that optimize outcomes and reduce inequities.
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