VOLUME: 04 ISSUE: 02

RECEIVED: APRIL 85 REVISED: APRIL 24

ISSN: 3067-4190

) AMERICAN ADVANCED
JOURNAL FOR EMERGING
DISCIPLINARIES

ACCEPTED: MAY 68

PUBLISHED: MAY 21

Linked Clinical Knowledge for Adaptive Coding and Risk Tiering

Thomas Miiller
Junior Researcher

Abstract

A clinical knowledge network integrates clinical data
sources, a risk model calculation, and an adaptive coding
function. Adaptive coding adjusts the risk profiles of
patients in a diverse cohort, up-coding or down-coding them
according to each patient's clinical history. The adjusted risk
profile then triggers coding mechanisms designed to address
specific risk factors or signs of patient deterioration. These
mechanisms query data sources external to the cohort to
identify care processes and interventions known to influence
the down-coded risk factors.

A clear understanding of the adaptive coding framework and
its patient risk stratification methods is essential for
applying adaptive coding successfully and for judging its
expected benefits in the right context. Adaptive coding is
intended to improve the performance of data mining and
machine learning processes, especially those that draw on
historical cohort data and the scientific literature. By
adaptively coding a patient's risk profile, these processes can
focus on particular aspects of that patient's health. This
paper introduces the Connected Clinical Knowledge
Network (CCKN), which was developed to support adaptive
coding, together with its patient risk stratification methods.

Keywords : Connected Clinical Knowledge Network,Adapti
ve Clinical Coding,Patient Risk Stratification,Clinical Know
ledge Graphs,Healthcare Data Interoperability,Predictive He
alth Analytics,Electronic Health Records,Intelligent Medical
Coding,Clinical Decision Support,Patient Risk Prediction.

1. INTRODUCTION

Emerging patient-centered, mobile-enabled, connected,
and cloud-based models of healthcare will require increased
clinical capacity across the globe. Key challenges include
access to high-quality healthcare for older and chronically ill
patients, the demand for more cost-effective healthcare, and
rising patient expectations. The future healthcare system will
hinge on integrating these coping mechanisms into the usual
health services. A Connected Clinical Knowledge Network
(CCKN) using data continuum-enabled adaptive coding has
the potential to complement current community and hospital-
based models of care. Healthcare providers will thus be able
to fulfil various Quality and Safety in Healthcare (QSH)
domains, including (1) Preventive Health, (2) Safe
Prescribing, (3) Leave Nothing on the Table, (4)
Communication with Patients, (5) Patient-Centered Care, and
(6) Specialty Feedback.

The CCKN aligns with emerging approaches in Adaptive
Coding which considers patient cohort stratification and
associated risk modelling approaches from a coding point of
view energetically. Adaptive Coding encapsulates a broad
class of information—representation mechanisms that
dynamically modulate a predictor or model’s density via
direct access to connectivity via experience. Real-World Data
(RWD) are continuously ingested into a CCKN from multiple
data sources with broad domain authority. A CCKN is similar
in concept to a Connected Clinical Data Network (CCDN)
but is focused primarily on knowledge creation rather than
risk-relatios based stratifies and advanced generic services on
demand functionalities.
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TABLEII
COMPARISON OF ADAPTIVE CODING MECHANISMS
(SECTION V)
Mechanism Trigger Code Maintenance
Basis Specificity Effort
Static Fixed Broad / Low — domain
coding catalog for generalized specialist
maintainers a review
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knowledge
domain
Dynamic Real-time Narrow / case- Higher —
coding deviation specific continuous
maintainers in rolling update
patient risk
profile
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trained) model with periodic
maintainers retraining review
+ trigger
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2. Theoretical Foundations of Adaptive
Coding

Theoretical notions of adaptive coding in the CNS are
well established and relate to both neuronal representation of
the environment and also to the risk prediction capacity of a
cognitive model, adaptive coding should act to improve these
two capacities. As there are several types of stimuli presented
to the brain and, more importantly, several types of tasks that
reveal variations in behavior and oscillatory and
hemodynamic activity patterns, the introduction of task-
related coding evaluation and specification functions
becomes necessary. Coding for a single object or a class of
objects can therefore take place, but also the coding for
luminance, shape, color, size, motion, speed or a combination
of them can emerge according to the presented training set
and the specification functions. Based on a splitted-agent
system model, similar mechanisms are expected for the
multiple agents of the system, revealing different capacities
in different contexts, moving the focus on the agent-network
interaction under jointly learnt models.

It has been reported that there is an increase of activities
in the lateral regions of the prefrontal cortex of the right
hemisphere for unexpected stimuli and for stimuli which are
task-irrelevant during the execution of attention tasks or
working memory tasks. The neurons in these regions of the
prefrontal lobe appear to be functionally connected to those
of the ventral visual areas and the electronic dining table
experiment suggests that there may be task-inappropriate
central bias signals that modulate the gain of sensory input
coming into the attention network. These results show Neural
Encoding Map that remain at the center of the task while
peripheral stimuli also enter the visual field, and coding for
the center occurs continuously, having fusion or evocation or
odor or tragedy as task-appropriate modality, and activity in
the task-appropriate tasks allocates neural resources while
other peripheral stimuli, which are correlated during the
training moments, are visually encoded but not necessarily
processed.
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Fig. 1. Data flow within the Connected Clinical Knowledge Network (CCKN),
from data ingestion through adaptive coding to QSH outcomes.
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Fig. 2. Conceptual comparison of the three risk-modeling categories described
in Section 4 (qualitative ratings for illustration; not empirical benchmark results).

3. Architecture of a Connected Clinical
Knowledge Network

The proposed Connected Clinical Knowledge Network
architecture is organized around the ingest, storage and
processing of electronic health record (EHR) data, resulting
in the distillation of clinical knowledge at various levels, from
tactical operational knowledge to proactive strategic
knowledge. The particular focus here is the development of
risk stratification models for patients presenting with
particular symptoms or conditions, building on previously
implemented data provenance techniques.

Through output of these modelling approaches the risk
stratification models become continually refined without
need for explicit retraining. Thus these models form a subset
of a larger connected clinical knowledge network, a set of
models which predict outcome of a process rather than



determine an application risk, providing an alternative
cognitive approach to generating those adaptive organ
systems of living creatures capable of responding
intelligently to new situations, the dynamic coding
recognitively maintaining adaptive memory variables that
prompt responses triggered by sources of agent concern to
buffer behaviour and thus provide appropriate ongoing
internal physiological conditions to prevail while dealing
with that concern source.

A. Data Ingestion and Provenance

A Connected Clinical Knowledge Network based on
Adaptive Coding requires various sources of clinical and
social/behavioural data. Sources of rich temporal data include
EHRs, a hospital's clinical data warehouse, publicly available
risk models, and claims and encounter data. Important
social/behavioural features can be obtained from the Census
Bureau if available for the region. Optional data sources
include social media (Twitter, Reddit, and YouTube) and also
news articles and journal publications accessed from the
Internet.

The Data Provenance layer collects data from multiple
sources and manages the data format with the provenance of
social/behavioural data. Distinct features of the Data
Provenance layer are: (1) rich temporal data; (2) clinical data
with some grounded evidence; and (3) social/behavioural
data sourced from online social...

Mathematical Formulas:

The following equations formalize the risk-stratification and
adaptive-coding mechanisms described qualitatively in Sections IV
and V, for use as numbered equations in the main text.

A. Composite Patient Risk Score

R_p =21 W f,(X_p) , Yiwi=1 (1)
where R_p is the composite risk score for patient p, f_i(x_p) is the
normalized score from the i-th risk feature (clinical, demographic,
or social/behavioural), and w_i is the weight assigned to that
feature by the risk model.

B. CART Fusion of Supervised Outcome Probabilities
P_fuse(p) = @[ Pi(yix_p), Pa(y2lx_p), ..., P k(y kix p)] (2

where P_j(y_j|x_p) is the posterior probability of outcome j (e.g.,
in-hospital mortality, unplanned ICU admission, 30-day
readmission) produced by supervised model j, and @(+) is the
classification-and-regression-tree (CART) function that fuses the k
outcome probabilities into a single hierarchical risk tier.

C. Elastic-Net Dictionary Selection
D* =argmin_D IHRW — DI + Mlpl + (3)
A2lplZ

where D is a candidate dictionary of clinical-condition
combinations, HRW is the vector of health-care resource weighting
scores, and A1, A2 control the L1/L2 penalty balance used to retain
the dictionary subset D* with the greatest HRW coverage.

D. Semantic-Similarity Risk Relation
S(p, @) = Zic ok - sime(a(p), a(q)) 4)

where S(p, q) is the semantic similarity between patient p and a
reference cohort member g across k attribute classes
(demographics, geography, prior history, imaging findings),
sim_k(-) is an attribute-specific similarity function, and »_k is its
contribution weight; S(p, q) is used to relate an individual patient's
risk to a comparable cohort (e.g., COVID-19 severity risk).

E. Adaptive Coding Trigger Function

c_p(tr) =c_p(t) + A(t) - IL R _p(t) — R_p(t-1)|>

where ¢_p(t) is patient p's clinical code state at time t, A(t) is the
up-/down-coding adjustment produced by the coding maintainer,
I[] is the indicator function, and t is the sensitivity threshold
beyond which a change in R_p triggers dynamic (rather than static)
recoding.

4. Methods for Patient Risk Stratification

A Connected Clinical Knowledge Network analyzes
patient data and predicts future health events. These
capabilities can be employed directly—for example, when
generating a report for a patient with a complex blend of
health issues—or indirectly as an adaptive coding mechanism
to connect patients with a network of knowledge, experts, and
resources who can assist in their care. This section outlines
methods for stratifying patients by risk—both conceptually
and by providing a list of risks that become available through
such modeling approaches—focusing on classically defined
probabilistic risk stratification methods.

A. Risk Modeling Approaches

One group of patient risk stratification methods uses
supervised learning to estimate the posterior probabilities of
outcome labels, conditioned on clinical codes. Within this
framework, binary outcome vectors from secondary use are
combined with diagnosis and procedure codes from the
original hospitalization, to train a variety of supervised
machine learning models. Potential candidate outcomes
include in-hospital mortality, unplanned ICU admission,
unplanned reoperation, and 30-day readmission. The
supervised model routinely updates through a rolling-
window mechanism, maintaining relevant and current splits
across code segments, as well as the associated model
metadata.

An integrated classification and regression tree (CART)
method fuses the probabilities of these supervised models
into a hierarchical tree structure, enabling the discharge
physician to identify patients at high risk of one or more of
these outcomes. A complementary dictionary approach
provides explanations by identifying underlying clinical
conditions detected during previous hospitalizations. Such
explanations rely on CIHI data, where respective health-care
resource weighting (HRW) scores indicate the weight of
resource use for profile definition. In areas where multiple
dictionaries are generated across a coding segment, elastic net
penalization recursively subsets the primary list, retaining the
dictionary combinations that yield the greatest HRW
coverage.

5. Adaptive Coding Mechanisms



Adaptive Coding Mechanisms
Dynamics and Triggers

Non-Static Coding

The initial implementation of adaptive coding
methodologies presented in !A-02~break! was conceived as
static coding maintainers and triggers for cataloged models of
particular clinical knowledge domains. The methods'
architecture and general functionality enables the associated
coding maintainers and triggers of a coding item to be
extendible by domain specialists and adaptive coding
deployers — non-specialist medical staff with a basic
understanding of a clinical domain for risk modeling together
with knowledge of patient assessment and therapy. This
capability extends beyond static coding maintainers and
triggers and includes coding maintainers (and associated
coding maintainers and triggers) dependent on model training
during the Adaptive Coding agnostic phase of station-
keeping during Adaptive Coding PHP-CNA protein Contact
Structural change filtering. Domains include patient vitals,
laboratory and radiological investigations, diagnostic
findings, therapeutic prescriptions, prognostic indicators,
symptom  modification  (expansion, emergence, or
resolution), risk modeling, and Clinical Decision Support tool
results.

Henderson—Paine (Henderson _et al. 2015) promote
status induction as a regression-based multivariable
modelling approach to estimating the risk of a health outcome
for which multiple choices of model specification are likely
to be made. Recursive partitioning analysis methods such as
Classification and Regression Trees (CART) are particularly
suited to explore the choices open to the user; they are simple
to communicate to non-experts and highly effective —
especially when they contribute to clinical practice
guidelines. Nonetheless, adaptive coding mechanisms for
Risk Stratification Classification Trees or Response Type
Classification Multiplexes require specification.

A. Dynamic Coding Mutants and Triggers

Dynamic coding maintains and triggers. With rapidly
changing health information and constantly evolving
treatments, clinical coding systems require the capability to
adapt quickly by altering the clinical codes assigned to cases
dynamically. Established these mechanisms to ensure clinical
codes reflect the case most likely to respond to adaptive
coding mechanisms. The most clinically important
implications of changing clinical codes are: (1)the group of
cases matching this code with their means, (2) the
combination of new conditions with meaningful historical
partits etc. An event that pushes a case rate to zero typically
has one of three important phases: extinction of the condition;
occurrence of any unrelated condition; or modulation of a
connected movement.

Clinical codes that are too specific can often lead to
informative but limited adaptive coding conclusions, as they
characterize an extreme case (high or low) with few similar
examples. Conversely, overly general codes diminish
hypothesis testing power. Importantly, the adaptation
mechanism usually generates new clinical codes that are
more related to the extreme case source than with the more
common central case pattern, thus becoming more niche than
broad. When interest in the event passes, the cases with

additional or missing combinations soon fade and cases
where adaptations fail become again the most common.

6. Conclusion

The work articulated a novel framework for the use of a
CKN with the specific aim of Adaptive Coding tailored to
Risk Stratification. The framework development drew upon
the Adaptive Coding conceptual foundation, for which the
dimensions of coding rationalisation, including mechanism
and maintenance, were underlined. Related methodology for
Risk Stratification modelling was assessed, considering three
types of stratification approach—non-supervised alignment,
supervised risk modelling and prediction, and risk
profiling—featuring a breadth of model types and
applications. By combining these aspects, critical data-
generated elements, mappings, and triggered actions, the
foundation for the CKN framework was established. Future
work includes the implementation of the CKN and associated
Adaptive Coding to enhance Text Mining.

Zhao and Hu detailed the predictable development of a
machine-readable 1CD-10 code system with proposed
dynamic approach for coding maintenance. The foundations
of a CKN targeting Adaptive Coding within Health
Information Systems were subsequently formed through the
integration of Zhao and Hu’s research, Adaptive Coding
(links to article) detailing coding mechanisms, and clinical
Machine Learning exploring Risk Stratification. Zhao and Hu
first presented a Connected Clinical Knowledge Network—
together with requisite data-generation, mapping and action-
triggers—featuring a Data Provenance element that enabled
transparent coding support. The CKN enables organised ICD
coding, separates design from Machine Learning, maintains
a completed Dynamic Continuous Coding Coding variable
for stratification, and reduces the risk of multiple
comparisons. The objective of coding support is to facilitate
the accurate application of Adaptive Coding principles in
Health Information Systems.
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