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Abstract—Modern developments in healthcare data collection
and management aim to improve patient outcomes. For instance,
consider type 1 diabetes (T1D) patients, who benefit from
enhanced continuous glucose monitoring (CGM) devices. These
devices can provide time-sensitive alerts and facilitate automated
data collection for patient-practitioner retrospectives, greatly
improving patients’ ability to manage their disease. However,
CGM vendors often package their devices with proprietary
software and rely on third-party infrastructure. This leads to
interoperability challenges across clinical systems, fragmented
workflows, and increased cognitive burden for clinicians, who
grapple with a heterogeneous device landscape encumbered by
data silos. This work aims to begin addressing these concerns
by first analysing T1D patient data pathways through process
modelling. By translating a traditional swimlane (business pro-
cess) diagram to a formal graph-based representation, we propose
a technique for identifying data-flow bottlenecks in complex
multi-actor networks. Following this, we discuss an approach
to centralised ingestion of CGM data based on a data lake-like
architecture (inspired by the Scottish DataLoch initiative). We
hope our investigation provides a refreshing perspective on some
of the many issues arising from the fragmented nature of the
healthcare industry.

Index Terms—Continuous Glucose Monitoring, EHR, Data
Lakes, Healthcare Interoperability, Clinical Workflows, Type 1
Diabetes, FHIR

I. INTRODUCTION

In modern clinical practice, technology plays a vital role
in effective workflows, helping to deliver beneficial patient
outcomes [1]. Within this work, we focus on type 1 Diabetes
(T1D), which has seen a surge in the development of medical
devices for continuous glucose monitoring (CGM). These
CGMs significantly improve patient outcomes by patient and
carer alerts, signaling out-of-range incidents and autonomously
recording glucose levels for patient-clinician retrospectives [2],
[3]. These devices provide patients with improved disease
management and help clinicians through providing ambulatory
glucose profiles (AGPs). Thus, patients benefit from better care
and lifestyle choice guidance [4], [2], [5].

Nonetheless, these advancements do not come without their
share of challenges. For instance, CGM vendors often package
their devices with proprietary software and rely on third-
party computational infrastructure. This introduces problems

tied to effective data sharing, such as a lack of interoper-
ability mechanisms with NHS EHR systems. Moreover, the
heterogeneous product landscape contributes to increasingly
fragmented clinical workflows, disrupting patient experience,
complicating data pathways, and leading to the proliferation
of healthcare data silos [6].

Within this work, we aim to investigate the flow of clinical
data within the context of T1D patient pathways. By focusing
on CGM data, we seek to identify process bottlenecks through
two data modelling techniques. First, we employ business pro-
cess (swimlane) modelling in Section. III, then translate this
model to a formal graph-based representation in Appendix. A.
Drawing from graph theory, actor network theory [7] and
computer science, we provide an analysis technique for iden-
tifying problematic data-flow bottlenecks in Appendix. A-B.
By leveraging insights based on these analyses, we discuss as-
sociated challenges (Section. IV), identifying an over-reliance
on third-party vendors and their platforms. Finally, we propose
a potential solution inspired by the DataLoch [8] initiative: a
data lake-like architecture as a scalable foundation for CGM
data collection and data silo mitigation.

II. BACKGROUND

Diabetes Type 1A (T1D) is a chronic disease characterised
by the loss of pancreatic beta cells through an autoimmune
response, resulting in lifelong insulin deficiency [9]. T1D
diagnosis often occurs earlier in life, the disease cannot be
prevented, and its cause is thought to be a combination of
genetic and environmental factors [10]. Patients can manu-
ally mediate their insulin levels through insulin injections,
preventing hyperglycemia (’high sugar, presence in blood’).
Hypoglycemic (low blood sugar) states are also avoided
through blood glucose (BG) monitoring and dietary control
[9]. Poor BG mediation can result in co-morbidities related to
the kidneys, cardiovascular system and other vital organs.

The financial implications of Diabetes cost the NHS an
estimated £6.2 billion per year [11]. This cost clearly shows
that improving care could result in significant savings, notwith-
standing better patient outcomes and less stress on behalf of
healthcare providers.
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Advancements in CGM technology have significantly im-
proved patient care, and UK NICE guidelines now recommend
CGMs for all T1D patients [2]. As of 2024, the NHS is
supplying patients with hybrid closed-loop systems (a CGM
combined with an insulin pump), further highlighting the
effectiveness of CGM technology in modern diabetes care
[12].

III. PATIENT PATHWAY: CGM DATA SHARING

To better understand issues with CGM-based clinical work-
flows (e.g. fragmentation, data silos), we describe the data
journey for a general-case T1D patient interaction using our
swimlane diagram shown in Figure 1, our actor list (Table I)
and subsequently discuss key features (subsection III-A). For
additional insights, we construct a network-based representa-
tion of our actor universe (Figure 7) using methods described
in Appendix A-A.

Figure 1. A swimlane diagram (business process model) modelling the
processes involved in sharing CGM data between T1D patients and clinicians

Through our swimlane, we identify three groupings:

1) patient-related
2) provider-related
3) clinic-related

We describe each in turn below.

A. Patient: CGM Device and Mobile App

The CGM device sensor continuously measures glucose levels
and automatically transmits readings to the mobile app every
few minutes, collecting a data stream. Daily reading counts can
vary but typically range between 96 and 1440, depending on
the CGM device and its configuration [13]. The app (or, more
specifically, the device it runs on) also performs local data
processing, enabling data sharing (e.g. with parents and other
followers). This local processing facilitates alert triggering (to

Table I
BREAKDOWN OF T1D CGM PATIENT ACTOR

UNIVERSE, DEFINED AS A

Actor Type Grouping
Patient Human {patient}
Parent Human {patient}
CGM Hardware-Software {patient, provider}
App Software {patient, provider}
Receiver (Phone) Hardware-Software {patient, provider}
Server Hardware-Software {provider}
Clinical Portal Software {provider, clinic}
EHR Hardware-Software {clinic}
Clinician Human {clinic}

patient Individual (network) patient ⊆ A
provider Organisation provider ⊆ A
clinic Organisation clinic ⊆ A

multiple potential recipients) when glucose levels are outside
the normal range. Syncing collected data with the CGM
provider’s cloud server also occurs via an internet connection.

B. Provider: Cloud Platform

Once CGM data has been synced, advanced analytics can
be performed for visualisation and use in report generation
(typically an AGP report, see Fig. 2). The clinical portal
serves as a third-party (CGM provider) platform, facilitating
the management of patient profiles and data-sharing linkage
between clinics and patient devices [14]. For instance, a
clinician would register with a third-party CGM provider via
their cloud platform and receive a practitioner code tied to their
clinical ID. The clinician could then share an invitation with
a patient, who would be required to verify their practitioner
code before the clinic could access their CGM data [15].

Figure 2. An example Ambulatory Glucose Profile (AGP) report, displaying
key metrics such as ’time in range’ and ’data sufficiency’ [16]
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C. Clinic: Clinician Portal and EHR

After establishing patient-clinic data linkage (data sharing), a
clinician might review detailed graphs, daily metrics or the
AGP (which shows glucose distribution and key data metrics
over the last 14 to 90 days [17]) via the provider’s cloud portal.
They might then opt to print the report, screen-grab sections of
it, or manually document their findings in some other medium
before manually entering these details into the patient’s EHR
(where lab results, medication lists and other clinical notes are
stored) as attachments or clinical notes.

IV. INSIGHTS AND CHALLENGES

A. Data Capture

Multiple CGM devices from various manufacturers (Fig. 3,
Fig. 4) are available to T1D patients today, each with propri-
etary hardware and software [18]. This device heterogeneity
means that different CGMs capture data at different frequen-
cies with varying accuracies, utilise different file formats, and
are packaged with diverse configurations. This factionalised
ecosystem creates problems, which essentially boil down to
device heterogeneity mapping to data heterogeneity, which
makes standardising clinical workflows difficult [19]. For in-
stance, different devices introduce different variance thresholds
across data, impacting macro-level CGM data quality and
clinicians’ ability to interpret data effectively. It has been
shown that the mean absolute relative difference (MARD) in
accuracy discrepancies between various CGMs is measured
between 10% and 20% [5].

Figure 3. European market leaders in the CGM ecosystem [20]

Additionally, since not all CGMs automatically sync data
with their provider’s cloud servers (e.g., flash CGMs must
be manually scanned), the patient must ensure that their data
has been appropriately synced before consultations. Not all
patients are technically literate, so minor technical problems

can complicate this [3], [21]. These issues contribute to the
potential for gaps in their CGM data before key appointments,
leading to data completeness issues, compounding data ac-
curacy problems, potentially altering clinical decision-making
and negatively impacting patient outcomes [22].

Figure 4. CGM vendor ecosystem in the United Kingdom as of 2025 [23]

B. Data Sharing

The steps enabling CGM data sharing require coordination
and can feel clunky, especially when users are not technically
literate [24]. Patient data does not miraculously flow from
the CGM into the patient’s EHR. The healthcare organisation
must have an account on the provider’s platform, the clinicians
must be authorised to access the platform, clinicians must
send the patient an invitation to begin sharing, the patient
must authorise this request, and so forth. Suppose anything
goes wrong during this process (non-delivery of an e-mail or
network outages, for instance). In that case, it can lead to
patient frustration or even communication issues between the
patient and their clinician, and the entire procedure must be
repeated [21]. This initial hurdle can often disrupt workflows
[19] and frustrate patients during their journey, affecting their
perspective of their care.

Once patients have effectively begun sharing their CGM
data with a healthcare organisation, clinicians must also deal
with a lack of interoperability between third-party vendors’
products and the NHS’s EHR system [19], [18]. As they
typically have multiple patients, they must manage numerous
logins and maintain lists of platforms on which their patients
are registered. This additional management places increased
cognitive load on the clinician, requiring them to switch
tasks more often during patient appointments, introducing
inefficiencies, delays and, at times, transcription errors, as data
must be manually copied from the provider’s cloud portal to
the NHS’s EHR system [18]. Furthermore, the prevalence of
all these third-party systems effectively results in data silos [6]
and raises additional questions regarding data privacy, security
and ownership [18].
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C. Human Factors

Whilst a discussion of human factors has been implicit within
our discussions of data capture and data sharing, we draw
further attention to overall user experience, outlining the need
for effective interfaces which make the CGM monitoring
and data sharing processes intuitive and accessible to all
patients, regardless of their computer literacy [3], [21], [24].
In addition, adequate education will be required for those
unfamiliar with the use of computers. However, a greater
concern relates to low-income families who cannot afford, for
instance, smartphones (a socioeconomic issue that we consider
a human factor) that are required for specific models of CGM,
as the NHS has come under scrutiny in the past for effectively
limiting accessibility to CGM-based healthcare because the
patients do not have smartphone devices [25].

Information overload on behalf of clinicians must also be
considered when designing a solution that aims to integrate
CGM data into EHR systems [26]; if data is dumped into the
EHR (i.e. individual CGM readings sent as they are recorded),
this could result in an increased cognitive load on clinicians
and have the opposite effect to that which is intended (a more
seamless experience for clinicians). Staff training and change
management should also be considered when introducing new
systems into the healthcare organisation, as sudden changes in
staff operations often yield negative results and pushback [27]
[28].

V. SOLUTIONS IN BRIEF

A. Standards: Protecting Against Data Heterogeneity

Manufacturers are encouraged to use standardised outputs for
their CGM devices. Whilst building for NHS EHR systems is
complex, initiatives such as FHIR [29] make using HL7 (a data
exchange standard used by the NHS) more convenient [30].
At least one open-source real-world initiative to use FHIR
for CGM data sharing exists: The Argonaut Project [31] (an
offshoot of the iCoDE standards project [32]). Though US-
centric, their efforts are recognised as a significant example
of providing a solution to integrating CGM data into EHR
systems. Furthermore, standardised codes such as SNOMED
CT [33] and LOINC [34] should label patient glucose data, fa-
cilitating consistent data representations throughout the device
ecosystem. Typically, failure to adopt these clinical codes is a
non-issue since IEEE and ISO 11073 [35] advise their adop-
tion. However, interoperability does not necessarily translate to
interpretability [18] (i.e. equivalent encoding protocols do not
guarantee semantic equivalency), and, as discussed below, the
governing jurisdiction is responsible for mandating the degree
to which any manufacturer has to adhere to these standards.

B. Policy: Regulatory Frameworks for Interoperability

Establishing standards (HL7, FHIR, SNOMED CT, LOINC)
allows government policy to use regulatory frameworks (e.g.
Digital Technology Assessment Criteria [36]) to enforce con-

straints on CGM manufacturers. For instance, regulators could
mandate a specific level of compliance, ensuring the interoper-
ability of CGM devices with EHR systems is straightforward
[37]. However, this is infeasible due to the complexities of
having multiple vendors for multiple downstream applications
(e.g. EHR vendors). Furthermore, regulatory capture may be a
valid concern, as a few select companies that meet the burden
of regulators may monopolise the market, leading to a lack of
innovation [38], [39].

C. Privacy: Asymmetric Encryption in CGM Systems

Since sensitive healthcare data is streamed, batched and up-
loaded to private cloud infrastructure, legitimate concerns
surround data privacy and ownership [40] [41]. We suggest
offsetting these concerns through public-private cryptography,
protecting data payloads during transit. For example, an NHS-
controlled web service could generate a public-private key pair
[42] during clinic registration with third-party CGM providers.
Clinicians could then share the public key with patients, who
register it in their mobile app, securing their data before
syncing it with the vendor’s cloud server. However, this would
result in payloads that must be analysed client-side or by
an intermediary NHS service. If not approached correctly,
this solution could cause more problems than it solves (e.g.
further fragmentation of clinical workflows by presenting non-
summarised CGM data to clinicians).

VI. DATA LAKES AS A SCALABLE FOUNDATION FOR CGM
INTEGRATION AND DATA SILO MITIGATION

The burden of enabling compatibility between CGM devices
and the NHS EHR system has been left, for the most part,
within the purview of the device manufacturers or private
companies to solve. Whilst some hospitals are upgrading their
EHR systems [43], [44] (which helps solve this), many cannot
perform this transition due to a lack of available resources.
Thus, clinicians outside of early pilots within specific ecosys-
tems continue to struggle with multiple third-party portals to
access their patient CGM data, and data silos persist. Thus,
we offer an approach to reduce data silos and improve the
accessibility (and ownership) of CGM data whilst providing
new opportunities to researchers.

A. Details of our Proposed Solution

The core idea is to establish an NHS-based initiative for
housing all CGM-related data in a single data repository, a
data lake. ’Data Lake’ is a polysemant often used to describe
various architectural patterns tied to data stores. We define
our use of the term in alignment with Manco et al. [45], who
designed a data lake architecture (Fig. 5) to allow for:

• ingestion of heterogeneous data (streaming and batching)
• data manipulation, processing and analysis
• fault tolerance, high availability
• meeting clinical requirements
• data access patterns
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Figure 5. The data lake architecture described in [46], utilised by Manco et
al. [45] for their HEALER system, on which our proposed solution is based.

This NHS-based initiative would mandate device manufac-
turers to push patient CGM data payloads to the data lake and
their cloud services simultaneously, establishing a single data
repository for all CGM data nationwide. This would allow
the NHS to continue to rely on third parties in the short term
whilst developing its own set of data pipelines for post-payload
processing and integration into existing EHR systems (Fig. 6),
mitigating against CGM data silos.

No additional data processing would be required on behalf
of the vendor; this is a deliberate design decision to shift the
responsibility for enabling EHR integration from vendors back
onto the NHS. Effective ETL processes can be implemented to
autonomously integrate data from the lake into patient EHRs,
resolving the problems of fragmented clinical workflows. As
this system continues to mature, the requirement to use CGM
vendor’s proprietary web portals will diminish (allowing the
NHS to resume the role of custodian of its patient’s data),
transcription errors will be eliminated, and additional research
efforts could use this newly available data source. These
factors would improve patient outcomes whilst solving many
previously discussed issues in CGM-based clinical workflows.

B. Data Lakes in Healthcare

Dagliati et al. [49] discuss multiple existing data lake service
providers that support healthcare organisations and augment
their efforts in areas such as genomics and epidemiology.
They identify important considerations for data interpretability,
governance and HCI (web portals).

Figure 6. The proposed data lake architecture. Data providers, CGM devices,
receivers (APP) and third-party services (SERVER) stream or batch data to the
ingestion layer. Separate pools for ’raw’ and ’refined’ data allow for cleaning,
then transformation during ETL. The interaction layer fetches and forwards
data (grouped by CGM device id) to an HL7 FHIR data exchange server [47].
The CGM device registry resolves device IDs for CGM-EHR integration. NHS
FHIR API and Secure Data Environment [48] facilitate downstream services
(data consumers).

Bathani [50] discusses Extract-Transform-Load operations
for scalable data lakes in healthcare analytics, claiming that:

"Enhanced ETL processes can facilitate timely ac-
cess to high-quality data, enabling health care pro-
fessionals to make informed decisions that ultimately
improve patient outcomes."
— Bathani (2021) [50]

Tilala et al. [51] argue that while EHR systems have pro-
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duced vast amounts of data for healthcare organisations, these
organisations have a distinctive lack of data processing skills,
resulting in inefficient workflows. They propose data lakes as a
durable and meaningful solution for real-time data processing
in healthcare for immediate clinical decision-making.

The most immediately relevant (and analogous) example of
a data lake that matches our proposal that is in use today
is a Scottish-based healthcare initiative from the University of
Edinburgh and NHS Lothian. DataLoch [52], [8] captures data
from as many healthcare interactions as possible, then pools
and mines it for insights. DataLoch establishes a precedent to
demonstrate that this approach is viable, and replicating their
approach would be an appropriate first step. The additional
components (such as ETL data-provider-consumer pipelines
from lake to EHR) can always come later.

C. Stakeholders

NHS IT infrastructure teams responsible for managing NHS
login, NHS digital and services such as SPINE [53] would
need to be involved from the outset, likely shouldering some
of the development efforts and consulting on integration into
the larger NHS IT ecosystem.

Standardisation bodies such as HL7 UK (which manages
data exchange standards) and FHIR representatives [47], [29]
would be key stakeholders in consulting on designing inter-
faces in producer-consumer data interactions.

CGM device manufacturers involvement will be funda-
mental to enabling this initiative, as they will be the data
providers. However, we anticipate pushback in efforts to
protect their market dominance; as such, we suggest numerous
potential strategies. First, formal agreements can be drafted to
offer subsidisation for providing their efforts in facilitating this
initiative. Second, data lake participation may be cited under
device procurement contracts. Finally, a regulatory mandate
may be enacted.

EHR vendors that provide the systems the NHS operates
for patient records will need to work closely with standardisa-
tion bodies to build appropriate interfaces that can consume the
payloads for clinicians. Their software acts as data consumers
positioned at the receiving end of any ETL pipelines.

Clinicians will be key stakeholders in understanding their
requirements when designing the ETL operations and the
content of the final payloads.

Patient representatives and groups like Diabetes UK [54]
must be worked with to ensure that the correct messaging
and privacy concerns are effectively communicated. They are
entitled to opt out of any procedures regarding the use of their
data.

D. Training

Ideally, transitioning to using an alternative data repository
(e.g., the data lake) should be seamless; it should primarily act

as an alternative data provider. However, we note that EHR in-
tegration will result in changes regarding HCI. Patients should
also be able to query their data from the lake. Thus, training
will be required for clinicians who are expected to interface
with patients’ CGM data. Educational initiatives for patients
must be implemented to ensure they fully understand how
to view their data and adjust their data-sharing preferences.
IT maintenance staff, engineers and researchers will also be
required to undergo training specific to interfacing with data
lakes, i.e. understanding OLTP, OLAP and related technical
concepts.

E. Metrics & Modalities

According to Bergenstal (2018) [55], 14 days of CGM data
provides the requisite data sufficiency for extrapolation over
three months, allowing clinicians to gain meaningful insights.
Thus, data should be recorded after 14 days of successful
CGM measures. It follows that measuring the frequency of
writes to the EHR (as writing an AGP summary to the EHR
indicates a successful report has been logged) is a valuable
metric that measures effectiveness—in addition, comparing
successful ETL executions to manual clinician transcription
provides a ratio representing utility growth. These measures
can be calculated for macro-level performance (i.e. average
measures of entire system use) in addition to specific cases
that may be sensitive to other constraints.

Performing ETL procedures over an entire data lake is
not instantaneous and takes some unit of time, which scales
according to the available compute. Since compute is not
infinite, and we do not anticipate that the NHS’s access to
vertical or horizontal scaling is as available as that of CGM
vendors operating on cloud-based infrastructure, it is certainly
possible that CGM vendors will outperform the proposed
approach for data timeliness. As such, we expect to measure
latency (or delay) in the delivery of summary AGP reports.

Other metrics we consider for measuring the effectiveness of
the proposed solution are the total time saved by clinicians and
patient satisfaction scores. Additional metrics to make robust
technical assessments are drawn from our formal model, which
can be found under Appendix A-B: reliability, mode of transit,
sensitivity and exposure.

Rather than simply evaluating the system with quantitative
formal methods, we also look to acquire feedback through
other modalities: interviewing key stakeholders (clinicians and
patients) and providing questionnaires.

Challenges we expect to face during this process relate to
human factors, such as individuals concerned about providing
honest feedback in fear of workplace reprisals or damaging
trust in working relationships (conflict avoidance) [56]. Addi-
tionally, positive feedback may be provided due to modern
socialisation, social norms and unconscious (confirmation)
bias [57]. Assessments should offset these challenges through
a mixture of multiple metrics and modalities.
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VII. DISCUSSION & CONCLUSIONS

By modelling interactions for T1D patients using CGM de-
vices, we have identified several issues with clinical workflows
and the patient journey: fragmentation, data privacy, ownership
and silos.

The identified cause of these issues stems from the ab-
sence of in-house data processing capabilities for streaming
patient data to the NHS IT ecosystem and reliance on private
companies to provide third-party infrastructure and proprietary
platforms. Whilst we consider these issues surprising, they
are also worrisome as we question whether these entities are
appropriate custodians of patient data. Additionally, we find
that existing solutions to data sharing for CGM are inadequate,
leading to increased management workload for clinicians and
suboptimal patient outcomes.

We believe shifting responsibility for operationalising these
procedures back to the NHS is increasingly necessary. By re-
viewing initiatives such as DataLoch, establishing a framework
to accomplish this goal is viable.

We hope our extensive analysis, formal modelling methods,
and proposed solution will serve as a basis for future work.
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APPENDIX A

A. Constructing an Actor Network Model

First, through observing the T1D CGM patient actor table
(Table I) we note three distinct localities, L, such that:

L = {patient, provider, clinic} ⊆ P(A)

=⇒ ∀x ∈ L : x ⊆ A

We would like to model this swimlane as an actor network
(a graph) so that we can provide an alternative view (visuali-
sation) of the network and annotate edges. Thus, we define a
graph:

G = ⟨V,E⟩, V = A, E ⊆ V × V

and model data flow from the swimlane as a set of tuples:

ei = (ui, vi) ∀e ∈ E

For additional insights, we consider where the data is stored
and how it is transmitted. We define a set of data repositories,
D and transmission labels, T :

D = {buffer,DBphone, DBserver, view,DBclinic, ID}

T = {stream, batch, alert,manual}

transmit : E → T , locate : V → D : E, V ∈ G

Then define: resolve : Path(G) → d : d ∈ D. This
provides a fairly neat alternative formalism to model data
flow, whom data flows between (electronic, human) and how
data is transferred (streamed, batched, manually transcribed).
We simply let resolve map to the identity for human actors,
providing the network shown in Fig. 7.

B. An Enriched Actor Network Model: Metrics

While modifying the representation from the previously intro-
duced swimlane (Fig. 1) to our graph (Fig. 7) we were able to
identify that the data flows through the clinician, to the EHR
manually and presumably, is transcribed. However, this does
not necessarily mean much until we consider how one might
operationalise this model (i.e. how we might apply this model
to concretely measure a physical system and identify issues).

We recognise several potential metrics during our modelling
process (Fig. 1, Table I, Fig. 7) and our review of related works
discussed throughout [19], [18], [58], [59], [5], [17] (noting
the arrival of data at nodes, V , reliable forwarding and ap-
propriately security as important in improving related patient
pathways): 1) frequency of transmission (ω), 2) reliability of
transmission (κ), 3) the transfer medium (τ ), 4) the sensitivity
of the data in transit and, 5) the source and target destination.
We provide a definition for each of these metric spaces (as
their own subspace) [60] under Table II and a metric space,
M:

M = R≥0︸︷︷︸
ω

× [0, 1]︸︷︷︸
κ

×{0, 1, 2}︸ ︷︷ ︸
τ

Thus, we measure the space at any e ∈ E through:

µ(e) =
(
ω(e), κ(e), τ(e)

)
And define binary operations ∀m ∈ M between any

(µsrc, µtarget) ← e : ∀e ∈ E for M under Table III. Then,
for any path:

π = (e1, e2, ..., en) ∈ Path(G), µi = µ(ei)

This allows us to annotate edges in G with values for ω, κ
& τ and simply fold (⟨M,⊕, identity⟩) across:

µ(π) = µ1 ⊕ µ2 ⊕ ...⊕ µn

Using an identity:

identity = (∞, 1, 0)

This provides the basis for our proposed method for mod-
elling actor networks and calculating potential pain points
that could yield suboptimal patient outcomes. Note that the
approach is devised through insights drawn from [61], [62],
[63].

Allow us to consider assigning rules (shown below Table
III) or risk metrics based on custom thresholds. We may then
fold over paths in G, bringing potential issues to attention.

Table II
METRIC SPACE DEFINITIONS

Metric Symbol Description & Range
Frequency ω transmissions per day: R≥0

Reliability κ probability of delivery: [0, 1]
Transfer Medium τ {stream, batch,manual} → {0, 1, 2}
Sensitivity ϵ1 has patient identity: {0, 1}
Encrypted ϵ2 not encrypted: {0, 1}

Table III
BINARY OPERATIONS ⊕ OVER M

Metric µsrc ⊕ µdest Intuition
Frequency min(ωsrc, ωtarget) minimum ω: bottleneck
Reliability κsrc × κtarget probabilities multiply
Transfer Medium max(τsrc, τtarget) slowest transfer: bottleneck
Sensitivity - -
Encrypted - -

A quick note on ϵ1 & ϵ2:

(ϵsrc1 ∧ ϵtarget1 ) ∧ (ϵsrc2 ∧ ϵtarget2 )

That is:

if ( sensitive @ (source,target)
&& !encrypted @ (source,target) ):
// PROBLEM

else:
// we’re OKAY.
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C. Annotated Actor Network Model

Figure 7. A labelled actor network model for our swimlane
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