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Abstract
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a lab (discrete) was ordered for a patient. This paper is proposed by Aurora, a group of people working on resolving these
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Abstract— Given the increasing complexity of patient cases
due to an aging population and multimorbidity, it has become
essential to capture encounters between patients and physicians
with greater nuance. The current method of using Electronic
Health Records (EHRs) is limited in its ability to do so. This is
because EHRs mostly arrange discrete concepts using static
spatial allocation of widgets to denote data types which are
navigated by physicians in order to cognitively formulate their
relationships between elements on the go. This results in
cognitive overload experienced by physicians as well as data
fragmentation. Moreover, it lacks the ability to express the
discrete elements with the non-discrete. For example, expressing
why (non-discrete) a lab (discrete) was ordered for a patient.
This paper is proposed by Aurora, a group of people working on
resolving these challenges with the proposed framework. The
Aurora framework introduces the ideal properties for modeling
and design in healthcare such as expressiveness and information
synthesis. Moreover, it builds a solution using domain specific
languages to achieve these properties.

Keywords—Healthcare Design Discipline, EHRs, Aurora,
Physician Orders,

1. PATIENT CASE REPRESENTATION SPACE IN
HEALTHCARE

Complex clinical decision-making is at the
forefront of modern medicine. Patient heterogeneity can
now be captured with greater nuance, propelling a shift
towards more individualized evidence-based care, or
precision medicine [1]. For example, advancements in
molecular genetics have enabled indicators such as
genetic predisposition and biomarker identification to
deeply stratify the patient profile [1]. As such, the
construction of an optimal treatment plan is predicated on
a thorough understanding of all these elements as they
relate to each other and as they interact with one another.
Moreover, the aging population in North America tends to
contribute another layer of complexity to the clinical
reasoning process, where there is an influx of patients
with chronic conditions that necessitate ongoing
management. Multimorbidity is to be expected in
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members of this age group, and they are more likely to be
admitted (and readmitted) to the hospital with longer
lengths of stay and greater instances of polypharmacy [2].
All of these dynamic components constitute the ever-
evolving patient chart, and all need to be considered when
developing, or designing, a treatment plan.

That being said, there is more to the patient
portfolio than empirical observations. In fact, healthcare
providers use many non-discrete’ elements, ranging
from body language to tone of voice when
shaping a holistic understanding of their
patients. These kinds of observations resist
traditional modes of measurement because
they are difficult to quantify. In fact, there has
always been doubt as to whether notions like
quality of life or happiness can be truly
captured using a numerical scale. In this way,
medicine is a human science in both the
literal and figurative senses of the phrase [J
both a science and an art. Reconciling
between these two very different spheres is
both the Ilabor and fruit of medicine.
Healthcare providers continuously juggle the
increasingly elaborate genetic screenings,
laboratory  test results, and clinical
observations with the uncertainty and
ambiguity concomitant with the discipline.
This makes the compounding complexity of
medical data an inevitable part of the clinical
workflow.

During the diagnosis, treatment and management
of medical conditions, the sheer volume of information
that a healthcare provider must consider is colossal. It
seems as though there is no feasible way to condense it all
onto one small computer screen, and any attempt to do so

1 In healthcare, discrete elements are quantifiable such as vital
signs, lab results, standardized terminology but non-discrete
elements are subjective such as doctor’s notes and reports.
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would be similar to trying to view a large room from a
keyhole. This is because EHRs present discrete concepts
using static spatial allocation of widgets to represent data
types. Accessing all the information needed in order to 1)
construct a sound image of the patient and 2) design an
optimal treatment plan, is therefore an example of the
keyhole effect [3]. The healthcare provider is unable to
see the big picture because the widgets reduce the amount
of information that can be viewed at a particular moment
in time [3].

Since one screen does not provide sufficient
space for even all the laboratory test results (let alone for
documentation or any notes the provider wishes to
highlight), modern electronic health records (EHRs)
distribute medical data across multiple pages. This is a
problematic workaround. Information fragmentation
causes relevant content to be spread out, both within an
EHR and beyond [4]. The dispersion of information in
this manner necessarily conceals any relationships that
may exist therein. Such highly fragmented medical data is
difficult to access at point-of-care, which impairs the
clinical decision-making process and leads to a disrupted
clinical workflow [4]. Since healthcare providers need to
constantly consult multiple screens, or frequently navigate
to different parts of screens, in order to view all the
relevant clinical information, they suffer from severe
display fragmentation [4].

Screens

Figure 1: Screen fragmentation and lack of synthesis of
relationships (Problem)

This is taxing on the healthcare provider in two
ways: Firstly, there is a manual component, which
involves repeated clicking, scrolling, as well as data entry
and retrieval. While this may seem insignificant, many
healthcare providers report spending more time with pull-
down menus than with patients [5]. These manual
searches are also pain points during the clinical workflow
because they prevent the healthcare provider from
completing the task more efficiently.

Next, and perhaps even more importantly, there
is the cognitive component. Here, the disjointed nature of
medical data shown in figure 1, forces healthcare
providers to retain information pertaining to the case in
working memory, even as they continue to search for
other points of relevance. This is known as cognitive load
[3]. Since display fragmentation purges medical data of
the relationships that may exist therein, healthcare
providers are expected to perform information retrieval
and synthesis in parallel, often in highly stressful and
time-sensitive situations. Over time, such cognitively-
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straining activities can lead to dissatisfaction, frustration,
and ultimately burnout [4].

The current EHR setup is incompatible with the
clinical workflow. In other words, there is a task-system
mismatch, so the attention that should be dedicated to
performing the task at hand (i.e., designing the medical
plan) is regularly interrupted due to system navigation [4].
Instead of facilitating task completion, the system actually
impedes it. There is an opportunity here to draw some
similarities between the goals of healthcare providers and
those of engineers and artists: Healthcare providers are
architects of the patient’s treatment plan. Their job is to
draft, propose, adapt, and revise medical plans, following
the same iterative cycle used by other domains (e.g., an
engineer preparing drafts for a bridge, a graphic designer
sketching a three-dimensional model). One cannot help
but notice, however, there is a glaring toolkit disparity in
healthcare. Considering that engineers can use AutoCad
and graphic artists can make use of Photoshop, there is a
marked robustness gap in the tools currently used by
healthcare providers. These tools help engineers and
artists draw relationships between elements and priorities
synthesis of information.

Like other disciplines, medicine is profoundly
collaborative. However, where other industries have
streamlined the joint drafting capabilities of a
multidisciplinary team, healthcare is lagging sorely
behind. In a field where non-discrete elements like patient
wishes are evaluated just as importantly as laboratory test
results, there is a marked complexity in striving to achieve
a coherent synthesis between members of the primary care
unit. As a matter of fact, continuity of care is near
impossible to achieve without the ability for team
members to recognize and develop an overarching
synthesis in their treatment planning. There is therefore a
desperate need for a design space conducive to the
complex clinical tasks cape, but this would necessitate a
complete shift in paradigm.

To give you an example, let us take a care
scenario that illustrates the difficulty of using EHRs.
Assume that all discrete concepts represented here are
already pre-mapped to established ontologies elsewhere
for the sake of simplicity:

Scenario: A physician must represent their impressions
and orders on a patient presenting with CHF. It is
suspected to be 2ndary to a type2 NSTEMI. The patient
also presented with atrial fibrillation. The physician
decides to order a cardiology consult, medicines - asa 160
mgq, furosemide 20 mq 1V, metoprolol 25mg and oxygen to
keep saturation above 94%. They are uncertain about
metoprolol and suggest waiting for bp to stabilize.

Modern day EHRs are limited in their ability to
represent this scenario with discrete data using the variety
of data attributes available within the EHRs system. In
this scenario, the physician wishes to note the
observations made on admitting the patient and the orders
they gave while also building relationships between these
observations and orders. We face the challenge of adding

[unpublished, non-peer-reviewed preprint]
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subjective to the objective such as providing nuance for
why a certain medicine is prescribed or how long doctors
should wait before administering another medication.

Figure 2 illustrates this scenario in greater detail.
The symbol ‘?° represents lack of certainty and “!”
represents negation. The patient presents with chest pain
and on examining the issues are classified as chf and afib.
The issue nstemi is unsure and needs to be verified with
the opinion of the cardiology department. This diagram
draws a relationship between all issues as chf and dfib are
linked to nstemi, showing that these issues occur due to
nstemi. Moreover, it also adds narrative to issues and
orders to help understand them better. For example, the
narrative  attached to metoprolol warns against
administering the medicine before blood pressure
stabilizes. EHRs have limited capability to draw these
relationships, limiting their expressiveness. Instead, data
is fragmented and these relationships are built by
healthcare workers in real time.

Figure 2: Diagram for patient care scenario

Healthcare is challenged by an increasingly
complex discrete concept space, knowledge space, while
also having to incorporate concepts and ideas that resist
discretization thus the utility of narrative. Relationships
between these spaces are paramount for wvalidation,
minimizing cognitive load, team collaboration,
automation and data analytics. Historically, healthcare's
representation space is heavily dependent on statically
arranged widgets to delineate data types, and
documentation (which captures the indiscrete but is also
used as weak substrate for expressing relationships).

To address these challenges, it is important to
recognize the need for representing not only discrete ( i.e.
labs, medicines and orders) but also the non-discrete (i.e.
the rationale, narrative and care orders flow) elements
especially from the perspective of the caregiver according
to the patient case progression. However, given the
excessive workload healthcare providers face, complex
softwares that require coding or technical expertise are
often resisted. Clinical practice provides primitive tools to
express issues, medicine, diagnosis et cetera and asks
clinicians to synthesize on the go. Therefore it is essential
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to move to solutions that capture relationships between
components of the patient care model with a low code
approach. Therefore, Aurora ( the term ‘Aurora’ is used in
this paper to represent the proposed solution as well as the
group of researchers who came up with this approach)
achieves this feat largely using the power of domain
specific languages. Domain-specific languages (DSLs) are
versatile tools that offer a blend of structured
representation and expressive capabilities. DSL is a
mechanism for synthesizing the information clinicians
compose. Using DSL, we can generate a language specific
to healthcare that not only captures what doctors do but is
also machine understandable. It is essential that the design
environment facilitates both the rapid learning of the DSL
as well as overall being able to achieve complex design
objectives.

To explain this solution in detail and provide a
clear understanding of this approach, this paper is
organized in the following manner. Section II highlights
the list of ideal properties for modeling and design,
Section III explains the patient care model as a DSL using
Aurora language, Section IV outlines the benefits of
Aurora. Section V is about the impact on teaching and
learning. Finally Section V presents the conclusion with
limitations and future directions.

1I. IDEAL PROPERTIES FOR MODELING AND
DESIGN
Before we discuss the solutions to the

aforementioned problems, it is important to outline the
principles on which any designing solution should be
based. The solution proposed by Aurora focuses on the
following principles:
1. Expressiveness

EHRs record both structured and unstructured
data. Structured refers to numerical or categorical values
from diagnosis, medication, and laboratory values. On the
other hand, unstructured data exists in the form of free-
form text such as clinician notes and discharge summaries
[6]. Unstructured data makes up 80% of the total data in
EHRs but it is largely under-utilized due to difficulty in
extracting relevant data from documentation [6]. This is
because it is difficult to form relationships between
elements in unstructured data without extracting them.
While Natural Language Processing (NLP) and Deep
Learning have shown promise in extracting information,
the nature of unstructured data is becoming more
complicated. Due to increasing complexity, EHR will
contain information never seen before by these models.
Therefore, it is essential to find tools that efficiently
manage unstructured data [7]. Therefore, the model
should be able to represent patient data, incorporating
both discrete and non-discrete elements in a manner that
both humans and machines can understand. It should
make it easier to extract information from unstructured
data. This level of expressiveness can be achieved through
a fluid design space that supports dynamic change and
iterative exploration. Such a design space should consist
of adaptable elements to represent the patient care model.

[unpublished, non-peer-reviewed preprint]
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2. Synthesis of Information

In an EHR system, users have to click through
varying screens to view all the information. They have to
go through information sequentially and keep information
in memory to draw relationships between different
components scattered between screens [4]. Such
fragmentation of information can lead to inaccuracies and
suboptimal diagnostic reasoning [4]. Moreover, it leads to
cognitive load. It is important to model information in a
way that makes it easier to draw relationships between
components. This can be achieved by modeling
information in a composable manner, where clinical
components of the patient care model can be represented
modularly, combined and also visualized. This supports
rapid construction towards synthesis.

3. Collaborative Drafting

Healthcare requires active collaboration between
departments,allied health teams, and clinicians while
updating a patient case. For example, clinicians presented
with the patient case outlined in Figure B would have to
collaborate confirming nstemi diagnosis with the
cardiology team. However, EHR “does not facilitate
shared documentation that could be incrementally added
between and across roles and specialties for the same
patient.[8]”

Members of the primary care unit should have access to
the evolving status of the patient, as well as to the
opinions of their colleagues, without needing to manually
screen pages of documentation and charts.

4. Magnification of Detail

Toggling between high-level and low-level views
enables clinicians to continuously check in on the big
picture all the while making adjustments in highly
localized areas of the patient plan. High-level views make
the relationships between coordinates of care more
explicit (presenting them as constellations if you will),
lowering the cognitive burden and centering the workflow
on design.

5. Don't Repeat Yourself (DRY) Principle
The DRY principle was introduced in software
development to minimize the repetition of code and
promote a modular approach. In EHRs, this would mean
standardizing the unstructured data in documentations.
This is because documentation is a free-form text format
which can often repeat itself without forming
relationships between the elements [6]. To design an
efficient system, the DRY principle should be applied to
modularize the EHR into reusable concepts that can be
combined and reused.
6. Contemporaneous Decision
Support
The design solution should be able to help users
learn and navigate the system on the go. For example,

Learning and
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Integrated Development Environments (IDE) help
programmers understand and debug their code as they are
coding. Similarly, EHRs should be able to explain patient
issues, medicines, results et cetera to the user. This would
reduce the cognitive load for physicians as they can
dedicate time to more pressing tasks rather than trying to
understand basic treatment policies.

II1. ENVISIONING PATIENT CARE MODEL AS
DOMAIN SPECIFIC LANGUAGE (DSL)

Let us examine how these design principles are
achieved by the Aurora framework by building the patient
care model as a DSL. This section presents a simple
patient case represented through the Aurora framework
and builds upon that to present a patient case progression.

1.  Aurora Framework

The Aurora framework makes use of Langium to
write grammar specific to the patient care model. This
consists of important elements like ‘Issues’, ‘Orders’ and,
‘Narratives’ to represent the patient encounter. In a regular
patient-physician encounter, the patient discusses issues
with the physician. Then, the physician investigates to
confirm these issues and gives orders to draw up a
treatment plan. Some orders may need subjective
information, which is highlighted as ‘narratives’ in Aurora
language. In the solution proposed by Aurora, the
protocols needed to construct a treatment plan are part of
the policy. Upon entering the patient issues, a medical
plan is rapidly constructed from the policy for the
physician. This workflow is also demonstrated through
the diagram in Figure 3. _

e,
Talmsi sobni of Lia=id

— gy et

—

|
| g it IR

Figure 3: Drafting a treatment plan

In the Aurora language, this is presented as the following
pseudo code:

Issues:

chf

Orders:
furosemide[chf]

It is important to note that this solution builds a
relationship between the order and issue, linking
furosemide to chf. Using this pseudocode, the Aurora
language generates an abstract syntax tree (AST) for this
scenario. An AST represents the syntax of a language
without going into the details such as white spaces or
parenthesis, et cetera. This AST exists as a “.ts’ file but
when parsed, it can be visualized as shown:

[unpublished, non-peer-reviewed preprint]
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This representation can be further expanded by
adding more links and paths such as adding narratives to
orders or adding more issues. This solution aligns with the
design principles outlined in section II as it not only helps
express discrete and non-discrete concepts together but

also builds relationships between elements drawing cross-
references between nodes of the AST.

This illustrates how multiple discrete concepts
can be laid out in a manner where their data types are
delineated by syntax and not just by the static
arrangement of  widgets. = Moreover, relationships
between various data types are explicitly encoded as each
order is connected to a certain care problem in the
problem list.

Other than building relationships between
problems and orders, this combines the discrete and non-
discrete using double slashes. The double slashes are
inspired by the classical comments used in programming
and provide narrative to add to the discrete concept map
that emerges. Is this documentation, orders or data entry?
Arguably this is all of the above. It is both machine and
human readable. In this way clinical documentation could
exist in-line with medical orders and prescriptions. The
immediate effect is access to the clinical reasoning
process of other members of the primary care team, and
the elimination of possible confusion resulting from
unexplained orders.

Arranging information in this way also reduces
data fragmentation and the cognitive load of frontline
healthcare workers. Rather than navigating between
widgets to gather information, this reshapes the design
space to make information more accessible and easily
readable.

Let us understand the solution in more depth using a
patient case progression example:

2. Patient Case Progression
For the sake of simplicity, let us assume that all
shorthand and terms such as nstemi, chf, furosemide and
asa are mapped to appropriate ontology terms by the
author of the local policy elsewhere.

Each step below presents the progression of the
case with a pseudocode of the DSL along with a reference
to the visualization of the abstract syntax tree.

Step 1: Patient is admitted to the hospital and an initial
charting is done by a student. They only identify issues
and add a consult to the patient chart.

Probleml ist:

?nstemil //could be type 2 nstemi being 2ndary to a.fib and chf.

https://preprints.jmir.org/preprint/82883
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need cardiology opinion
afib [?nstemil]
chf[nstemil ]

Orders:

consult cardiology stat [nstemil ,afib,chf]
02[chf] //try to keep sats > 94%

Step 2: After a cardiology consult confirms issues and
nstemil, the resident adds medicines to the orders. The
highlighted text reflects the changes that have been made.

ProblemlList:

nstemil //confirmed by cath
afib [nstemil]
chf[nstemil ]

Orders:

Diagnosis [nstemil ,afib,chf]

asa [nstemil ] 160 mg po now

furosemide [chf] 20 mg iv now //there was an initial dip in
blood pressure, however 02 sats are low and cxr showing
significant pulmonary edema, we need to monitor closely
Imetoprolol [afib,nstemil ] 25 mg po now //will await bp
showing more stability before starting this

02[chf] //try to keep sats > 94%

Step 3: The chart is concluded by the chief architect after
the blood pressure of the patient stabilizes

Probleml ist:

nstemil
afib [nstemil]
chf[nstemil ]

Orders:

Diagnosis [nstemil ,afib,chf]

asa [nstemil ] 160 mg po now

furosemide [chf] 20 mg iv now //there was an initial dip in
blood pressure, however 02 sats are low and cxr showing
significant pulmonary edema, we need to monitor closely
metoprolol [afib,nstemil ] 25 mg po now

02[chf] //try to keep sats > 94%

IV. BENEFITS OF THE AURORA SOLUTION

It is important to understand the benefits of this solution
in light of challenges faced by clinicians in daily practice.
This section outlines these challenges and also describes
how the Aurora solution rises to solve them.

1. Computerized Physician Order Entry
Order entry is a crucial part of the clinical
workflow. Physicians require the process to be simple,
promoting information synthesis and collaboration

[unpublished, non-peer-reviewed preprint]
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amongst staff. A study conducted by [9] collected 557
reports from clinicians to study safety challenges due to
EHRs. The challenges facing EHRs were divided into
‘usability’ and ‘clinical process’ categories. Among
usability issues, it highlights that “EHR data entry is
difficult and not possible” as it does not align with the
clinicians’ work process. The clinical example for this
problem mentions that the physician ended up entering the
wrong dosage frequency due to the data entry process
being confusing. Furthermore, clinicians find it hard to
interpret information as the information is “confusing and
cluttered. [9]”

The clinical process highlights a scenario in which the
order placed to administer a medicine to the patient
disappeared and was marked grey on the Medication
Administration Record without being completed by
anyone. The nurse remarked that this had previously been
happening with doctors’ orders on night shift [9]. These
scenarios not only help understand the challenges due to
EHRs but also show how important the Aurora solution is.
Aurora wishes to make the process of entering patient-
related information more intuitive. It addresses the
‘usability’ challenge as upon entering issues, the medical
treatment plan is built for the clinicians. For now, this
solution is limited to generic issues such as congestive
heart failure but in the future we hope to expand it so that
one can build reusable treatment plans on the go. It also
addresses clinical process scenarios as building visual
relationships between components would help clinicians
visualize the plan. This should help identify any unwanted
medicines or dosages in time.

2. Documentation

The same report [9] has also identified
documentation as clinical process related concern due to
EHRs. In the scenario it mentions that a patient with two
EHR encounters was admitted. The physician orders were
under one encounter whereas the documentation was on
another encounter. There was no way of combining these
documentations to see the orders on both encounters [9].
This scenario highlights that while it is true that current
EHRs support unit documentation, there isn’t a way to
extract relevant orders to help understand the patient’s
case across encounters. This leads to fragmentation, where
clinicians have to build the case themselves and it
contributes to the cognitive load. The solution proposed
by Aurora wishes to use narratives to link the discrete and
non-discrete. Rather than going through a large number of
documentations, clinicians should be able to add
subjective information and reasoning to their decisions on
the go. This would not only save time repeating
information (drug dosage, laboratory results, etc) but also
means that it is easier for other clinicians to understand
and carry out orders.

3. Manual Patient Handover
During a patient’s stay at the hospital, they may
be treated by several departments and various health-care
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practitioners. As hospitals today operate for 24 hours,
primary medical teams have to routinely transfer patients
to the team that is on-call [10]. This process of
transferring is called a handover. A study was conducted
at a hospital to study the challenges facing handovers
during a time where a single health-care provider is
overlooking a high number of patients. The quality of
handover was observed and one of the problems identified
was the inadequate transfer of critical information [10].
Despite some of the cases being serious, there was an
information loss. It was also noted that most of this loss
happened during verbal communication. On average, the
study shows that the primary team physicians and the on-
call team discuss 9.8 categories of information per patient
case but only 5.5 information categories were written
down. This meant that there was a risk of losing about
40% information regarding the patient as it is difficult for
healthcare providers to retain patient information in
memory [10].

The Aurora solution aims at making patient handovers
easier for clinicians. The idea behind this is to visualize
the patient case using the treatment plan. Unlike EHRs,
Aurora pulls up a treatment plan relevant to the issue,
visualizes the relationship and also adds narrative to
orders. Rather than concentrating a bulk of the
information about patients during handovers, it is easier to
add these components to the patient treatment plan as you
go. Even more important than visualization is the ability
to handover using the higher level views of the patient. If
more detail is needed, one can zoom in for a higher level
of detail.

4. Billing
Another complicated area of healthcare is patient
billing. It is vital to achieve accuracy in this arena as false
information could lead to serious complications like
claims being denied, patients being wrongfully over or
under charged, and even legal issues. The aforementioned
problems highlight that given the burden faced by
healthcare providers and the design flaws in EHRs, there
are bound to be billing discrepancies over time. As the
Aurora solution helps make order entry easier and more
efficient, it would directly contribute to an increase in

billing accuracy.

IV. IMPACT ON TEACHING AND LEARNING

There is a long road to teaching and learning design tools
in healthcare. Given the rigorous level of training
clinicians go through during their education, it can be
difficult to incorporate learning about EHRs or design
tools. Moreover, experienced clinicians are often too
burdened with their workload to learn new systems on
their own. However, it is important that senior clinicians
and students collaborate to overcome these challenges.
Therefore, a proposed solution to this problem is that
senior clinicians can provide their invaluable guidance as

[unpublished, non-peer-reviewed preprint]
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the senior architect in teaching environments (Clinical
Teaching Units). They can also direct students on
conducting further important research and innovation
towards building and learning these tools. Given that
students are often eager to learn and research, it would
introduce them to this concept at a stage where they are
willing to adapt to new ideas. On the other hand, senior
clinicians would also benefit from the collaboration by
furthering their knowledge on design tools.

Moreover, it is important to introduce contemporaneous
learning and decision support to modeling tools in
healthcare. Given this barrier to learning, it is crucial to
make physicians' lives easier so that they can learn about
key definitions, treatment plans, short codes, et cetera on
the go. This is incorporated in the Aurora solution as
hovering over an issue gives the physicians a short
definition of it. To understand this, let us look at the
following pseudocode:

ProblemlL.ist:

?nstemil

This pseudo code demonstrates that when a physician
hovers over item I they get the definition for it.

V. CONCLUSION

Aurora is a grass roots push towards adapting design tools
in health care through the academic community. If
successful we would create a new chapter in medical
informatics. This movement has resounding benefits in
terms of improving patient care and also easing the
workload on physicians and allied staff. We hope to
inspire the academic and health care industry to build a
better system based on what has been already learned in
the design disciplines.

As a part of the future work for this project, Aurora
endeavors add more design principles inspired by
other design disciplines in their design tools, to advance
the visualization and efficacy of the patient care design
experience and downstream effects. The solution provided
in this paper is only the first step in the right direction.
This project also has great potential in the field of
machine learning due to the rich structured data generated
on the frontline of healthcare. Finally this opens
significant opportunities for neuro-symbolic
implementations of AI to mix constraining and
deterministic composability to safeguard against non-
deterministic and hallucination related behaviors from
LLMs. This will improve the collaboration between
humans and machine representations of knowledge in
terms of human in the loop characteristics since DSLs are
understood both by humans and machine entities.

However, this project has also faced various challenges
during production. The most fundamental problem is to be
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able to scale this movement with more health care
academic centers and the industry. It is of vital importance
to  build a growing community for further development
of theory and prototypes to determine whether growing
evidence of superiority emerges. Should this occur, then
health care and other industries will be tasked with the
challenging change management journey of joining with
the design disciplines in their usage of modeling/design
tools. REFERENCES
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