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1. Introduction

1.1. Background and Context of AI in Clinical Pharmacy

1.1.1. Evolution of Clinical Pharmacy Practice

1.1.1.1 Historical Development

Clinical pharmacy has evolved from a product-focused discipline into a patient-oriented
field in which pharmacists contribute directly to therapeutic decision-making and medi-
cation safety [1, 2]. The spread of electronic health records (EHRs) widened this clinical
role, but it also exposed a fundamental limitation of earlier decision support: much of the
information relevant to medication risk is documented in heterogeneous free text rather
than in structured variables [3]. As a result, pharmacists increasingly need tools that can
interpret both coded data and narrative clinical documentation.

The first generations of clinical decision support systems (CDSS) were largely rule-
based and derived from guidelines, pharmacological knowledge, and structured inputs
such as laboratory values or diagnosis codes [4]. These systems offered consistency and
traceability, but they were poorly suited to fragmented notes, local abbreviations, and cross-
institutional variation in terminology. Later machine learning and deep learning methods
expanded predictive capability and enabled the analysis of more complex clinical patterns,
including temporal prescription signals and high-dimensional data streams, yet this gain
often came at the cost of transparency and clinician trust [3, 5]. In this context, hybrid
models emerged as a pragmatic compromise: they preserve deterministic safeguards while
adding the flexibility needed to interpret unstructured records and infer clinically relevant
relationships [6]. This historical trajectory is directly relevant to our research, which
reflects the broader movement in clinical pharmacy away from purely static rule engines
and away from unconstrained probabilistic systems toward architectures that combine
both. Generative models can now process narrative EHR text with far greater contextual
sensitivity than earlier approaches, but safe implementation still depends on lifecycle
evaluation, workflow fit, and regulatory oversight [4, 5]. The lesson from previous CDSS
deployments is therefore not that automation should replace pharmacists, but that effective
systems must strengthen professional judgment while reducing manual review burden.

1.1.1.2 Shift Towards Patient-Centered Care

The transition toward patient-centered care has further changed what is expected
from clinical decision support. Instead of optimizing only generalized population-level
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rules, modern pharmacy practice requires tools that account for individual physiology,
adherence, preferences, and social context [7]. Many of these determinants are documented
unevenly across EHR narratives, so systems limited to structured inputs may miss factors
that materially affect medication safety. Hybrid artificial intelligence (AI) approaches
are therefore attractive because they can combine laboratory and prescribing data with
narrative evidence about tolerance, lifestyle, or barriers to adherence [3].

Patient-centered care also requires that recommendations remain explainable in clinician
- patient communication. Real-time monitoring, updated progress notes, and longitudinal
EHR review can support earlier recognition of changing risk, but those benefits are limited
if clinicians cannot explain why a recommendation was generated [4, 8]. By grounding AI
interpretation in validated rule structures, systems can support personalized risk assessment
while preserving trust, privacy awareness, and the evidential clarity needed for shared
decision-making [5, 9].

1.1.2. Medication Safety and Risk Assessment

1.1.2.1 Definition and Importance

Medication safety aims to prevent harm arising from medication use through accu-
rate prescribing, careful monitoring, and timely intervention. Within clinical pharmacy,
risk assessment estimates the likelihood of medication-related problems by combining
patient characteristics, therapeutic complexity, and contextual information from health
records [10]. Validated scoring systems are important because they convert this complexity
into reproducible priorities, helping pharmacists identify high-risk patients before adverse
events occur [11–15].

The clinical value of such assessment is both patient-centered and organizational. Pre-
venting medication-related harm reduces avoidable hospitalizations and supports more
efficient allocation of limited professional attention [5, 16–19]. AI-enhanced CDSS can
strengthen this process by screening large volumes of data, including narrative documenta-
tion that may contain clues about adherence problems, side effects, or contraindications
not visible in structured fields [3, 20]. At the same time, the use of AI raises the risk of
automation bias if outputs are accepted uncritically. Hybrid systems help counter this by
keeping risk predictions anchored to interpretable rules and by preserving the pharmacist’s
active role in verification and intervention.

Medication safety also carries ethical, regulatory, and usability implications. Risk
scores influence communication with patients, quality improvement programs, and, in-
creasingly, the compliance pathways required for clinical software deployment [5, 9]. For
these reasons, a useful medication safety tool must do more than detect risk accurately: it
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must present evidence clearly, fit into practice workflows, and remain dependable even
when source documentation is incomplete or inconsistent [10, 21].

1.1.2.2 Common Challenges in Medication Safety

The most persistent challenge is data quality. Unstructured EHR entries often con-
tain missing details, ambiguous phrasing, and inconsistent terminology, all of which can
weaken medication risk assessment [3]. Deterministic systems may ignore such data
altogether, whereas generative models may over-interpret weak context and introduce
speculative conclusions [5]. A related problem is algorithmic bias: models trained on
non-representative datasets may perform unevenly across patient groups, making local
validation and fairness-oriented evaluation essential.

Equally important are trust, workflow integration, and regulation. Pharmacists are less
likely to adopt opaque systems that cannot justify their outputs, especially when alerts
affect high-stakes decisions [4]. Even accurate systems may fail in practice if they interrupt
workflow, communicate uncertainty poorly, or prove difficult to adapt across institutions
with different documentation habits [22]. Regulatory expectations further raise the bar by
requiring privacy protection, evidence of safe operation, and revalidation when models or
guidelines change [3, 5].

These challenges are amplified in longitudinal care, where patient risk changes over
time. Static scoring systems can become outdated, but highly adaptive models may also
lose interpretability if their reasoning shifts unpredictably. Hybrid architectures provide a
useful middle ground by combining stable rule-based foundations with adaptable language
processing, provided they are monitored continuously and refined through pharmacist
feedback [4].

1.1.3. Artificial Intelligence in Healthcare

1.1.3.1 Historical and Technological Shifts

To synthesize the historical and technological shifts described above, Figure 1 provides
a chronological overview of the evolution of clinical pharmacy practice. This timeline
illustrates the transition from early, purely rule-based systems applied to structured data,
toward the current paradigm where hybrid AI models facilitate personalized, patient-
centered care by safely interpreting unstructured EHR narratives.
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Figure 1. Timeline of clinical pharmacy practice evolution and AI integration

1.1.3.2 Overview of AI Technologies

AI in healthcare includes several overlapping technological families. Rule-based sys-
tems remain valuable when decisions can be tied to explicit guidelines and well-structured
variables, but they are limited when clinically meaningful information is buried in narra-
tive text [23]. Machine learning methods broadened the scope of prediction by learning
non-linear relationships from data, while deep learning further improved performance in
image analysis, temporal signal processing, and other high-dimensional tasks [10, 20].
However, as model complexity increases, so do concerns about interpretability, bias, and
computational demands.

The evolution of Natural Language Processing (NLP) has been fundamentally reshaped
by the emergence of Large Language Models (LLMs), particularly through the introduction
of the Transformer architecture and its self-attention mechanisms [24]. Unlike earlier
statistical methods [25] or traditional sequence tagging approaches [26], modern LLMs are
trained on extensive text corpora. This allows them to capture complex linguistic patterns,
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achieve high-level machine comprehension [27], and generate human-like text with deep
contextual awareness [28].

In the healthcare domain, this capability is transformative. A substantial portion
of clinically relevant data—including medication histories, physician observations, and
treatment plans—is siloed in unstructured clinical notes rather than standardized fields.
LLMs and their multimodal counterparts [29, 30] offer a systematic way to categorize and
review these complex datasets [31].

Furthermore, the recent shift toward Small Language Models (SLMs) has demonstrated
that models with fewer parameters, when trained on high-quality medical textbooks and
domain-specific data, can achieve enhanced reasoning skills and provide reliable decision
support for specific conditions like breast cancer [32, 33]. These efficient models provide
a transparent and data-secure alternative for tasks such as medication risk assessment,
clinical documentation analysis, and the development of personal medical assistants [34,
35].

NLP has become particularly important for clinical pharmacy because medication
risk often depends on details embedded in notes rather than in coded fields. Earlier
NLP pipelines extracted entities and keywords from text, but large language models can
interpret longer contexts and infer clinically relevant meaning more flexibly [36–38]. This
makes them attractive for EHR-based medication risk assessment. Yet their probabilistic
nature also creates safety concerns, especially when hallucinated or guideline-inconsistent
statements are presented with high fluency [6, 23]. For this reason, domain adaptation,
explainability, and deterministic guardrails are central to safe deployment rather than
secondary technical refinements.

Across all AI categories, governance remains essential. Bias auditing, transparent
evaluation, and privacy-preserving methods such as federated learning are increasingly
important for healthcare implementation [3, 5]. In practice, the most robust systems are
often those that integrate complementary methods rather than relying on a single model
family, which explains the growing interest in hybrid architectures [6, 36].

1.1.3.3 Applications of AI in Clinical Decision Support

AI is already being used across several medication-related clinical decision support
(CDS) tasks. In pharmacovigilance, models combine laboratory values, medication his-
tories, and symptom documentation to identify patients at risk of adverse drug events,
while hybrid pipelines can extract additional warning signs from nursing or physician
notes [4, 20]. Similar principles apply to medication reconciliation, where AI can compare
structured medication lists with discharge summaries or referrals to identify omissions,
duplications, and unsafe continuations across care transitions [39]. In resource-limited
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settings, AI-assisted triage and dispensing support can also help pharmacies prioritize
high-risk cases more efficiently [40].

Clinical applications extend into more specialized domains as well [41–43]. Hybrid
models can support cardiology-related medication management by linking Electrocardio-
gram (ECG)-derived risk with narrative evidence about recent drug changes or comorbidi-
ties [44]. At the institutional level, AI contributes to laboratory quality control and to forms
of personalized medicine such as genetic risk interpretation [8, 20]. Across these use cases,
the same adoption principle recurs: systems are most useful when they are explainable,
minimally disruptive, locally adaptable, and designed to support – rather than replace –
clinical accountability [4, 5, 9].

1.2. The AUGMERIS Approach to Unstructured Clinical
Data

1.2.1. The Medication Risk Score

Medication-related harm represents a substantial challenge in contemporary healthcare
systems, particularly in populations exposed to polypharmacy and complex pharmacother-
apy. Adverse drug reactions (ADRs), drug–drug interactions, and medication-related
complications are major contributors to hospitalizations and healthcare burden [45, 46].
Consequently, the development of reliable clinical decision-support tools capable of identi-
fying high-risk medication regimens has become a key objective in clinical pharmacology
and pharmacy practice [47].

One approach to addressing this challenge is the use of structured medication risk as-
sessment models. Among these, the Medication Risk Score (MERIS), originally developed
in Denmark [48, 49], provides a systematic framework for evaluating the potential risks
associated with pharmacotherapy. The conceptual logic and decision flow of the original
algorithm is illustrated in Figure 2 [50]. The MERIS methodology assesses medication-
related risks by considering factors such as the number of simultaneous drugs and their
chance for interaction andmaking a harmful effect, as well as estimated glomerular filtration
rate (eGFR), which refers to renal function. The Chronic Kidney Disease Epidemiology
Collaboration (CKD-EPI) equation provides the eGFR value, which more accurately repre-
sents the patient’s kidney function than other estimation methods. [51, 52]. It is the most
important parameter from the aspect of medication because impaired renal function can
lead to decreased drug clearance, and it’s the most common reason for increased accumu-
lation and toxicity, particularly for renally excreted medications and those with a narrow
therapeutic index. As a result, dose adjustments or drug avoidance may be necessary based
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Figure 2. Logic of the original MERIS algorithm [50].

on eGFR levels. These components work together to help clinicians, especially clinical
pharmacists, identify patients who might benefit from targeted medication review and
therapy optimization [53].

1.2.1.1 Augmented Medication Risk Score

MERIS approach allows clinicians and clinical pharmacists to identify patients who
may benefit from targeted medication review and optimization of therapy. The automation
of clinical decision support for medication safety presents an intriguing intersection between
data science and pharmacy practice.

This concept can expand through the integration of artificial intelligence. The Aug-
mented Medication Risk Score (AUGMERIS) represents an AI-supported implementation
of the MERIS methodology designed to automate medication risk assessment using EHR
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data [54]. By applying natural language processing techniques and generative language
models to extract medication information from unstructured clinical text, the system can
automatically calculate medication risk scores. Such AI-assisted tools have the potential
to improve the efficiency and scalability of medication risk evaluation and support safer
pharmacotherapy management in clinical practice.

This dual approach can directly process unstructured data stored in EHRs, where
conventional deterministic systems alone often fail due to the variability and incompleteness
of patient documentation. Such unstructured datasets – characterized by missing values,
ambiguous phrasing, or inconsistent terminologies – pose significant challenges for model
interpretability and reliability [55]. Historically, CDSS have relied on structured inputs
from in vitro diagnostics and laboratory data. However, in contexts such as MERIS
scoring, crucial information is often buried within unstandardized, free-text EHR notes,
where traditional machine learning struggles with semantic nuances and context-specific
interpretations.

1.2.2. The Streamlit Framework

Streamlit is an open-source Python framework that enables the rapid creation and
deployment of data-driven applications, particularly those involving machine learning and
artificial intelligence. Through its intuitive, declarative programming style and high-level
abstractions, developers can build interactive web interfaces with relatively little code.
When combined with cloud infrastructure, Streamlit allows applications to be deployed in
a scalable and real-time environment, enabling users to interact with custom Generative
Pre-trained Transformer (GPT) models directly through a standard web browser without
requiring specialized software or local computing resources.

As a cloud-based platform, Streamlit supports straightforward hosting, continuous up-
dates, and remote access, making it well suited for collaborative workflows and distributed
teams. This infrastructure enhances system reliability, simplifies version management, and
enables applications to scale dynamically according to user demand [56]. In the case of
custom GPT solutions, this architecture allows users to access specialized, domain-specific
language model outputs instantly, regardless of their technical expertise or geographic
location.

Additionally, Streamlit offers a wide range of interactive components, including widgets
and visualization tools, which improve usability and encourage more effective interaction
with the underlying models. These features are particularly valuable in fields such as
healthcare, education, and scientific research, where interpretability, user feedback, and
adaptability are essential. By utilizing Streamlit as a cloud-based deployment platform,
developers can convert static language models into interactive and accessible applications,
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thereby enhancing their practical usability and scalability in real-world contexts [57].
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2. Objectives

The primary objective of this research is to develop, validate, and operationalize the
AUGMERIS system as a hybrid medication risk assessment tool capable of functioning
across heterogeneous EHR environments, which ensures that outputs remain anchored in au-
thoritative pharmacological evidence while the sources are augmented with semi-structured
or free-text inputs. The ambition is to combine deterministic rule-based algorithms with
GPT modules in a manner that maximizes both reproducibility and interpretive flexibility
for patient safety applications. This dual-layer design aimed to address persistent gaps in
existing approaches, including limitations of traditional models in handling the diversity
of drug nomenclatures and the incomplete coverage obtained from structured field-only
parsing.

Furthermore, by automatically prioritizing patients according to empirically validated
MERIS categories [58], the system aims to focus pharmacists’ attention toward those
most probable to benefit from immediate intervention. Our vision is that a risk map
of AUGMERIS ranking, integrated directly into routine workflows, reduces time spent
finding the high-need patients, leads to measurable gain in intervention efficiency, decreases
preventable adverse events, and optimizes resource usage without compromising safety or
equity in patient care.

The research encompasses multiple phases, from algorithmic architecture refinement
through multicenter validation with their own partial purposes:

• Automation of MERIS assessment: Develop a rule-based engine that codifies
the MERIS algorithm, ensuring that it can process structured data inputs with high
accuracy.

• Development of text processing module: Design GPT-supported NLP models to
extract relevant medication risk factors from unstructured EHR entries, including
handling of local abbreviations and variable documentation styles.

• In Silico Validation of the Text-Processing Module: To assess the isolated ex-
traction accuracy, reliability, and error-tolerance of the AI-powered parser using a
controlled, synthetic dataset containing simulated complex therapies and typographi-
cal errors.

• Internal Validation: Evaluate the system’s performance on retrospective EHR
datasets from multiple institutions, comparing AUGMERIS outputs against manual
pharmacist assessments and existing risk scores.
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• Prospective Pilot Testing: Deploy the AUGMERIS web app via a Streamlit server
to reach live clinical environments to assess real-time performance, worldwide user
interest, and workflow integration.

• Impact Analysis: Measure the effect of AUGMERIS on pharmacist efficiency,
intervention rates, and patient outcomes related to medication safety.

In summary, our main hypothesis is that the hybrid risk evaluation model, which
combines GPT-based natural language processing with rule-based algorithms, will improve
the clinical usability and accuracy ofMERIS assessments across diverse EHR environments,
and this will help clinical pharmacists make better decisions to reduce preventable adverse
drug events and improve the efficacy of interventions.
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3. Methods

3.1. Software Infrastructure and Development Frame-
works

The methodology of this research was structured to encompass the full lifecycle of
software development for clinical decision support, moving from algorithmic design to
real-world clinical validation. The development environment evolved during the research
period; while initial experiments were conducted using Python 3.8.10, the final validation
and system deployment utilized version 3.11.6 alongside client-side web technologies
(HyperText Markup Language 5 (HTML5), Cascading Style Sheets 3 (CSS3), JavaScript
ES6) for user interfaces. Key Python libraries included the Natural Language Toolkit
(NLTK) for initial text processing [59], Pandas for data manipulation [60], Streamlit
for rapid web application deployment [61], and the OpenAI Application Programming
Interface (API) for accessing generative models [62]. The full list of tools and frameworks
used in this research is shown in Table 1, and the methodology is detailed below according
to the specific phases outlined in the research objectives.

3.2. Development Environment and Interactive Comput-
ing

The computational experiments and data analysis pipelines were primarily developed
using interactive computing environments. The core of the development process relied
on IPython (Interactive Python) notebooks, which provide an architecture for interactive
computing by decoupling the code execution engine (the kernel) from the user interface [85].

To manage these notebooks, the Jupyter ecosystem was utilized. Jupyter Notebook
is an open-source web application that allows for the creation and sharing of documents
containing live code, equations, visualizations, and narrative text [75]. This environment
proved essential for the iterative nature of LLM prompt engineering and clinical data
preprocessing, as it allows for immediate feedback and state preservation between execution
cells.

The primary Integrated Development Environment (IDE) used for the project was
Visual Studio Code (VS Code). VS Code is a highly extensible source-code editor that
supports Jupyter workflows natively through specialized extensions [84]. To ensure the
reproducibility of the development process and maintain rigorous version control of the
source code, the Git distributed version control system was employed throughout the
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Table 1. Summary of information technology tools and frameworks

Technology / Tool Version Primary Function Reference
Apache 2.4.41 Web server (PiGuard) [63]
CSS3 – Client-side styling [64]
Folium 0.19.4 Interactive maps [65]
GeoPandas 1.0.1 Geographic data processing [66]
Git 2.42.0 Version control [67, 68]
GitHub – Repository hosting and deployment [69]
hashlib – Cryptographic hashing (PiGuard) [70]
HTML5 – Client-side frontend structure [71, 72]
JavaScript ES6 Client-side scripting [73]
JSON 2.0.9 Data interchange format [74]
Jupyter Notebook 7.2.0 Interactive computing environment [75]
Matplotlib 3.9.2 Data visualization [76]
MySQL 8.0 Database management (PiGuard) [77]
NLTK 3.8.1 Natural language processing [59]
NumPy 1.26.2 Numerical computing and array pro-

cessing
[78]

OpenAI API 1.54.1 Generative AI integration [62]
Pandas 2.1.3 Data manipulation and analysis [79]
Pillow 11.0.0 Image processing [80]
Pydantic 2.10.2 Data validation [81]
Python 3 3.11.6 Core programming language [60, 82]
Regular Expression (re) 2.2.1 Pattern matching and text manipulation [82]
Seaborn 0.13.0 Statistical data visualization [83]
Streamlit 1.31 Web application framework [61]
Visual Studio Code 1.85 Integrated Development Environment [84]
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project [67, 68]. The research tasks were performed using two complementary approaches:

• Integrated IDEWorkflow: Using the VS Code Jupyter extension, which allows for
advanced debugging, IntelliSense code completion, and version control integration
directly within the notebook interface.

• Local Server Workflow: Starting a local Jupyter server and accessing the envi-
ronment via a standard web browser interface, providing a lightweight and robust
execution environment independent of the IDE.

This dual-layered setup ensured both the agility of interactive development and the
stability required for processing large hospital datasets during the validation phases.

3.3. Evolution of Applied Language Models

Given the rapid advancement of Artificial Intelligence during the research period, the
language models applied in our methodology evolved continuously. Initial processing
attempts in 2022 relied strictly on traditional NLP techniques (using the NLTK library
and regular expressions), which proved insufficient for handling the high variability of
unstructured clinical narratives.

Subsequently, a preliminary comparative study presented at the XXXVI. Neumann
Colloquium evaluated the standalone capabilities of OpenAI’s GPT-3.5-turbo and Google’s
Vertex AI (text-bison-32k) models against strict rule-based extraction [86]. The insights
from these early experiments necessitated the development of the hybrid architecture.

To provide a clear chronological context of the technical progression, Table 2 summa-
rizes the different GPT and alternative models utilized across the various phases of the
project.

3.4. Automation of MERIS Assessment

The foundation of the system is the computational automation of MERIS, originally
developed by Sædder et al. [87]. This scale, ranging from 0 to 36.2 points, evaluates the
risk of concomitant medication use based on the patient’s estimated glomerular filtration
rate (eGFR) and the specific combination of applied drugs. Therapies under 14 points
are considered low-risk, between 14 and 26 points as high-risk, and above 26 points as
extreme-risk.

To automate this, we developed a dedicated Python class. The method requires two
arguments: the eGFR value (integer or null, assuming healthy kidney function if null) and a
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Table 2. Chronological evolution of applied large language models in the research

Model Timeframe Research Phase / Application
GPT-3.5-turbo
& Vertex AI

2023 (Early
phase)

Proof-of-concept testing and comparative analysis
of standalone AI capabilities on retrospective hos-
pital data [86].

GPT-4o 2023 – 2024 Initial development of the AUGMERIS web appli-
cation’s text-processing module. Limited by fre-
quent JSON formatting errors (hallucinations).

GPT-4.1 2024 – Present Deployed in the global web application and the on-
premise PiGuard system. Utilizes Structured Out-
puts to strictly enforce schema compliance and elim-
inate parsing errors.

GPT-4o-mini 2024 (Late
phase)

Baseline model used for the In Silico validation
(synthetic stress test) due to its high processing
speed and cost-efficiency.

GPT-5.3-mini 2025 Used to repeat the In Silico validation, demonstrat-
ing the generational improvement in accuracy and
error-tolerance compared to the legacy mini model.

list of Anatomical Therapeutic Chemical (ATC) codes representing the active medications.
The algorithm calculates three subscores:

Kidney Function Subscore: Based strictly on the eGFR value.

Medication Quantity Subscore: Derived from the total count of the simultaneously ad-
ministered medications (polypharmacy).

Medication Quality Subscore: Calculated by evaluating the harm and interaction poten-
tials of the 53 specific drug classes defined in the original MERIS publication [49].

To facilitate programmatic execution, the original 53 drug classes were mapped metic-
ulously to their corresponding hierarchical ATC codes [88], allowing the algorithm to
correctly apply inclusion and exclusion rules during the evaluation process. To demon-
strate the translation of complex clinical guidelines into programmatic logic, Figure 3
illustrates the Python implementation for determining the medication quality subscore.
This function evaluates both the harm and interaction potentials of the identified drug
classes, incorporating specific accumulation limits defined by the MERIS protocol.
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1 def class_score(self, ATCs):
2 """Calculates the Medication Quality Subscore"""
3 drugs = self.collect_classes(ATCs)
4 score = 0
5 counter = [0, 0, 0, 0, 0]
6 for drug in drugs:
7 # Evaluate harm potential
8 harm = self.drug_classes[drug][1]
9 if harm == 0.25:
10 counter[0] += 1
11 if counter[0] < 4:
12 score += harm
13 elif harm == 0.5:
14 counter[1] += 1
15 if counter[1] < 9:
16 score += harm
17 elif harm == 1:
18 counter[2] += 1
19 if counter[2] < 8:
20 score += harm
21 # Evaluate interaction potential
22 interaction = self.drug_classes[drug][2]
23 if interaction == 0.25:
24 counter[3] += 1
25 if counter[3] < 13:
26 score += interaction
27 elif interaction == 0.5:
28 counter[4] += 1
29 if counter[4] < 3:
30 score += interaction
31 return score

Figure 3. Python method demonstrating the calculation of the MERIS quality subscore,
applying specific harm and interaction accumulation limits.

3.5. Development of Text Processing Modules

3.5.1. The AUGMERIS Hybrid Architecture

To address these limitations, GPT models – such as OpenAI’s GPT-4.1 – introduce the
capability to extract subtle relationships and identify implicit patient risk factors within
narrative content, drastically reducing human interpretation time [20]. However, because
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generative outputs are probabilistic rather than deterministic, they must be combined with
domain-specific rules to mitigate misclassification risks.

AUGMERIS overcomes this challenge through a hybrid architecture where explicit
clinical rules serve as strict boundaries for generative outputs. This hybridization exploits
the strengths of both paradigms: rule-based CDS ensures strict compliance with established
clinical guidelines, while AI-driven NLP enables the rapid parsing of diverse, unstructured
datasets that would otherwise require substantial manual review [3]. Ultimately, this syn-
ergy expands diagnostic coverage across extensive EHR corpora and mitigates operational
bottlenecks like time constraints and staff shortages, efficiently flagging patients at high
risk for adverse drug interactions or contraindications.

3.5.2. The Four-Step Extraction Pipeline

Translating this conceptual architecture into a functional system requires a robust
module capable of handling the highly unstructured nature of free-text therapy descriptions
found in EHRs. To achieve this, the engineered text-processing workflow operates in a
distinct, sequential pipeline shown in Figure 4.

Figure 4. Text processing architecture (TPA) of the AUGMERIS system [54]
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Step 1: Finding compound keywords in clipped text This initial step tries to identify mul-
tiword drug names and common abbreviations in the raw text, which often contains
truncated or clipped entries. The algorithm eliminates the names of compounded
drugs because splitting them could lead to incorrect identification.

Step 2: Tokenization and Validation: The raw, free-text therapy description is first
tokenized using the NLTK library. These generated tokens are then validated to
filter out irrelevant characters while retaining potential drug names.

Step 3: Strict Rule-Based Matching: A deterministic algorithm iterates through the vali-
dated tokens, searching for exact and complex compound matches against a custom
dictionary. This dictionary is compiled from the Hungarian National Centre for
Public Health and Pharmacy (NNGYK) [89] and the National Health Insurance Fund
(NEAK) Public Pharmaceutical Database (PUPHA) [90]. Successfully recognized
sequences are mapped to their respective ATC codes and removed from the active
token pool.

Step 4: AI-Assisted Recognition: The remaining, unrecognized tokens —- which fre-
quently contain typographical errors, clinical abbreviations, or foreign drug names
-— are routed via API to OpenAI’s generative models. The integration of this
step evolved significantly during the research. Early comparative testing demon-
strated that while standalone models like Google’s Vertex AI and OpenAI’s GPT-3.5
could identify medications, they lacked the strict structural reliability required for
automated scoring [86].

During the initial development of the web application, the GPT-4o model was
employed. However, relying purely on "system prompt" instructions to format the
output as an ATC classifier proved unreliable, frequently resulting in "invalid JSON"
errors that disrupted the computational pipeline.

To resolve this, the system was upgraded to the GPT-4.1 model to utilize OpenAI’s
Structured Outputs feature. This transition allowed us to strictly enforce a predefined
JavaScript Object Notation (JSON) schema for the output (using the Pydantic library),
practically eliminating JSON parsing errors and conversational hallucinations. The
definition of the expected structured output schema is shown in Figure 5. The
integration of this finalized approach is demonstrated in Figure 6, showing how the
model is forced to return a valid schema containing only the necessary ATC code.
Finally, these AI-generated classifications are merged with the deterministically
recognized drugs to form the complete input dataset for the MERIS calculator.
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1 #Model for the expected drug information in the OpenAI response
2 class DrugSchema(BaseModel):
3 atc: str
4 agent_name: str
5

6 #Model for the expected response structure from the OpenAI API
7 class ResponseSchema(BaseModel):
8 drugs: List[DrugSchema]
9 junk: List[str]

Figure 5. Pydantic definition of the expected structured output schema for the OpenAI
API response, ensuring strict adherence to the required format.

1 def call_the_robot(token_list):
2 """Sends the unrecognized tokens to the OpenAI API"""
3 client = OpenAI(api_key=st.secrets["OpenAIkey"])
4 messages=[
5 # The system prompt controls the model's behavior
6 {"role": "system", "content": system_prompt},
7 # The user prompt provides the actual data
8 {"role": "user", "content": str(token_list)},
9 ]
10 response = client.responses.parse(
11 model="gpt -4.1", # Specify the model
12 input=messages , # The input messages for the model
13 text_format=ResponseSchema , # Define response format
14 )
15 try:
16 answer={
17 'drugs' : dict([(d.atc, d.agent_name) for d in response.

output_parsed.drugs]),
18 'junk' : response.output_parsed.junk
19 }
20 except:
21 answer = {'drugs': [], 'junk': token_list}
22 print(token_list , response.output_parsed)
23 return answer

Figure 6. OpenAI API call configured for strict, deterministic ATC classification.
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3.6. In Silico Validation on Synthetic Data

Following the stabilization of the text-processing architecture via OpenAI’s Structured
Outputs, an In Silico validation experiment was conducted using a controlled, synthetically
generated dataset (𝑁 = 100). The primary objective of this stress-test was to isolate the
parser’s extraction performance from the inherent ambiguity and variability of actual EHR
narratives, ensuring the pipeline’s robustness before exposing it to live clinical data.

Because live API calls are resource-intensive, this high-volume, repetitive testing was
initially performed using the cost-effective and highly optimized GPT-4o-mini model.
Later, to quantify the rapid technological advancement in natural language processing, the
exact same experiment was repeated using the newer GPT-5.3-mini model.

The dataset was constructed by randomly sampling 5 to 12 medication names per
case from an independent drug repository, establishing a definitive "ground truth" for
each quality subscore calculation. To simulate the linguistic patterns of routine clinical
documentation, the names were truncated to remove packaging information, and various
dosage instructions were appended. Furthermore, to test the system’s resilience against
human clerical errors, simulated typographical errors (character swaps, duplications, or
omissions) were injected into approximately 8% of the drug names. The configuration
parameters for the synthetic dataset generation are summarized in Table 3.

Table 3. Parameters for the synthetic dataset generation pipeline.

Parameter Value / Description
Data Source Independent drug repository (not used in parsing)
Preprocessing Keyword-based packaging truncation
Total Sample Size (𝑁) 100 cases
Medications per Case 5 – 12 (randomized)
Dosage Instruction Presence 100%
Noise Injection Rate (Typos) ∼8% probability per drug name
Error Types Swap, Duplicate, Omit

To quantify the performance of the parser and compare the efficiency of different LLM
versions, the following statistical metrics were utilized:

Accuracy (%): The percentage of cases where the calculated quality subscore exactly
matched the ground truth subscore.

Mean Absolute Error (MAE): Calculated as the average of the absolute differences
between the ground truth and the predicted values. It provides a linear measure of
the average error magnitude [91].
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Root Mean Square Error (RMSE): Used to penalize larger deviationsmore heavily than
smaller ones. A significant gap between RMSE and MAE indicates the presence of
larger outlier errors in the extraction process [91].

Spearman’s Rank Correlation Coefficient (𝜌): Given that the quality score distribution
is non-parametric, this coefficient was employed to assess the strength and direction
of the monotonic relationship between the real and estimated risk scores [92, 93].

3.7. Internal Validation

Before public deployment, an internal retrospective validation experiment was con-
ducted to assess the accuracy and clinical reliability of the hybrid text-processing module.

3.7.1. Setting & Data Collection

The data pool consisted of anonymized case descriptions from Karolina Hospital in
Hungary (year 2022). Access to this retrospective dataset was authorized by the institutional
approval of the Petz Aladár University Teaching Hospital of Győr-Moson-Sopron County
(approval number: 9/1841-3/2023). After cleaning data to ensure the presence of both
blood count results (for eGFR) and therapy descriptions, a working dataset of 2,999 records
was established. From this, a sample of 45 cases was randomly selected, equally distributed
across the three MERIS risk categories (low, high, extreme) based on the algorithm’s initial
automated assessment.

3.7.2. Evaluation Protocol

Two independent clinical pharmacy experts (Dr. Nóra Gyimesi and Dr. Lóránd
Erdélyi) were tasked with evaluating the 45 sample cases. They manually categorized the
documented drugs into the MERIS risk classes without using the automated algorithm.
Furthermore, an attempt was made to quantify the subjective need for clinical intervention
by asking the experts to score the relevance and urgency of required interventions on a
four-point scale. A composite subjective score was calculated by multiplying the proposed
number of interventions, relevance, and urgency.

3.7.3. Data Analysis

The primary outcome was the correlation between the MERIS scores generated by
the AI-powered module and those calculated manually by the experts, analyzed using the
Spearman correlation coefficient [92, 93] (𝑝 < 0.05).
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3.8. Prospective Pilot Testing (Web Application)

To test the algorithm’s robustness against highly diverse, global inputs, the text pro-
cessing and calculator modules were integrated into a web application using the Streamlit
framework. A screenshot of the user interface is shown in Figure 7. The application was
designed to accept free-text therapy descriptions and eGFR values, returning the calculated
MERIS score with a breakdown of the subscores. The application was made publicly
accessible to allow healthcare professionals worldwide to test the system with their own
data, providing insights into its performance across different documentation styles and
drug nomenclatures.

3.8.1. Deployment and Tracking

The application, named AUGMERIS, was made publicly accessible. A secure, private
backend database was established to track usage metrics anonymously. The database
recorded input values (therapy descriptions and eGFR), the country of access, the return
values of the evaluation functions, the recognized drugs marked with their identification
methods (local or AI), and the application’s response time.

3.8.2. Data Analysis

Descriptive statistics were used to summarize performance. A two-proportion Z-test
was utilized to statistically compare the rate of AI-assisted drug identifications in the global
web app dataset against the domestic Hungarian EHR dataset. Additionally, a Spearman
rank-order correlation test was conducted to evaluate the consistency of medication usage
frequencies between the two datasets.
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Figure 7. User interface of the AUGMERIS web application demonstrating the input
fields and the generated medication risk score. [54]
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3.9. Impact Analysis (Clinical Implementation)

To measure the real-world clinical impact, the system was transferred from a theoretical
web tool into an active clinical support system named PiGuard, provided by GRNWALtd.,
an innovative healthcare IT enterprise. A screenshot of the user interface from the demo
version of the on-premise PiGuard system is shown in Figure 8. It should be noted that
the author is a part-owner of the company, which supplied the software under a free-of-
charge loan agreement for the duration of the study. This multicenter, non-interventional
clinical study was conducted based on the authorization of the Scientific and Research
Ethics Committee of the Medical Research Council (ETT TUKEB) (approval number:
BM/8122-1/2025).

Figure 8. The on-premise PiGuard system interface, illustrating the risk map and the
clinical intervention logging features.

3.9.1. Architecture and Deployment

PiGuard was deployed as an "On-Premise" Streamlit application across five different
hospital sites. The implementation phase presented substantial technical challenges, as the
system had to be independently configured and maintained across six heterogeneous server
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Figure 9. Network topology of the PiGuard system, showcasing the isolated hospital
nodes and the central Enterprise Information Repository (EIR) synchronization.

environments (including the central EIR server). The comprehensive network architecture,
illustrating the secure connection between the isolated hospital LANs and the central
PiCore server, is depicted in Figure 9. As a core security requirement, all hospital-based
instances were deployed within isolated internal local area networks (LANs). These nodes
are not accessible from the public internet [94, 95]; therefore, I developed and implemented
custom automated routines to handle local software updates from the GitHub repository
and to manage secure data synchronization with the PiCore server via controlled internal
protocols.

The infrastructure reflects a high degree of technical diversity, comprising three Linux-
based and three Windows-based environments on physical and virtual machines (VM),
as summarized in Table 4. This hybrid architecture required the manual configuration
of diverse host types, ranging from dedicated physical hardware to virtualized instances,
ensuring platform-independent stability for the clinical decision support modules.

3.9.2. Workflow Integration

The system captures patient therapy and eGFR data, processes the unstructured text
utilizing the highly reliable GPT-4.1 model with Structured Outputs, computes the MERIS
score, and presents it to the clinical pharmacist. The pharmacist then uses the PiGuard
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Table 4. Technical specifications and diversity of the deployed server infrastructure

Site / Node Role Infrastructure Operating System
Budapest Local VM Instance Ubuntu 24.04.3 LTS
Győr Local VM Instance Windows 10 Pro 22H2
Karcag Dedicated Bare Metal Windows 10 Pro 22H2
Kiskunhalas Local VM Instance Debian 6.12.48-1
Mosonmagyaróvár Dedicated Bare Metal Windows 10 Pro 21H2
PiCore (EIR Server) Google Cloud Engine (GCE) Ubuntu 20.04.6 LTS

interface to document their clinical interventions (e.g., dose modification, drug discontinu-
ation).

3.9.3. Data Aggregation

Anonymized data points —- specifically the pre-intervention MERIS score, the stan-
dardized intervention type, and the post-intervention MERIS score —- are synchronized
via a secure, encrypted channel to a central EIR server named PiCore. This allows for per-
forming statistical analysis and calculating the "Delta MERIS" to objectively quantify the
risk reduction achieved by pharmacist interventions. The PiCore server also provides a user
interface for real-time data visualization, which is shown by the screenshot in Figure 10.

31



Figure 10. The PiCore Enterprise Information Repository (EIR) server interface,
illustrating the centralized data aggregation and analysis features.
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4. Results

4.1. In Silico Performance Comparison of LLM Genera-
tions

The results of the In Silico validation experiment conducted on the synthetic dataset
(𝑁 = 100) provide quantitative evidence of the performance evolution between successive
LLM generations. The primary objective was to assess how the transition from the legacy
architecture (GPT-4o-mini) to the updated model (GPT-5.3-mini) affects the accuracy and
reliability of the medication risk assessment.

A comprehensive statistical summary of the comparison is presented in Table 5. The
data shows a clear trend of improvement across all evaluated metrics.

Table 5. Comparative performance metrics of GPT-4o-mini and GPT-5.3-mini on the
synthetic dataset.

Metric GPT-4o-mini GPT-5.3-mini Improvement
N 52 63 +21.1%
Acc (%) 52.0% 63.0% +11.0%
MAE 0.5725 0.3475 -39.3%
RMSE 0.9457 0.6476 -31.5%
Bias -0.4975 -0.3025 -39.2%𝜌 0.9424 0.9703 +3.0%
OA (%) 92.98% 95.74% +3.0%

Abbreviations: N = exact match count; Acc = exact match rate; MAE = mean absolute error; RMSE = root
mean square error; Bias = average deviation; 𝜌 = Spearman correlation; OA = overall accuracy.

The transition to the newer model resulted in a substantial reduction in extraction errors.
The Mean Absolute Error (MAE) decreased by approximately 39.3%, while the Root
Mean Square Error (RMSE) dropped from 0.9457 to 0.6476. The narrower gap between
MAE and RMSE in the newer model suggests that GPT-5.3-mini is more effective at
suppressing large outlier errors. Furthermore, the exact match rate increased from 52% to
63%, demonstrating significantly higher precision in identifying medication names and
dosages.

The visual correlation between the reference ground truth quality subscores and the
parser’s calculated values is illustrated in Figure 11.

As shown in the scatter plots, GPT-5.3-mini exhibits a much tighter alignment with
the 𝑦 = 𝑥 identity line. While a systematic negative bias (underestimation) persists in
both models—with 32 cases of underestimation vs. 5 cases of overestimation in the newer
model—the magnitude of this bias was reduced by 39.2%. This indicates that while the
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Figure 11. Scatter plots comparing predicted MERIS scores against ground truth values
for the legacy (a) and updated (b) models. The tighter clustering around the
identity line in (b) reflects the higher Spearman correlation (𝜌 = 0.97).
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system remains conservative, the newer generation is far more successful at resolving
complex strings and typographical errors.

4.2. Internal Validation of the Text-Processing Module

The validation experiment comparing the AI-driven AUGMERIS calculations to expert
manual assessments yielded positive results. Of the 45 randomly selected cases, 11 involved
patients who died during hospitalization. The two independent experts handled these
terminal cases differently: the first expert processed the last assessable medication regimen
before death, while the second expert excluded these cases entirely.

Using Spearman correlation analysis [92, 93], the correlation coefficient between the
AI’s calculation and the first expert’s assessment was 0.463 (𝑝 < 0.05). For the second
expert, the correlation coefficient was 0.496 (𝑝 < 0.05). While both correlations are
moderate, there was no statistically significant difference between the opinions of the
two human experts (𝑝 = 0.846). This indicates that the hybrid algorithm’s performance
is comparable to the variance seen between human professionals evaluating complex,
poor-quality clinical texts.

The secondary hypothesis—that the calculated MERIS value would correlate strongly
with the subjective composite score of pharmacist interventions (number × relevance ×
urgency)—could not be confirmed. The subjective nature of the intervention scoring rules
proved insufficiently defined to support robust statistical correlation in a retrospective
setting.

4.3. Prospective Pilot Testing: Global Usage Data

Following the public release of the AUGMERIS web application, significant interna-
tional interest was recorded. The tracking database logged trial calculations originating
from 15 different countries: Argentina, Brazil, Croatia, Denmark, France, Germany, Hun-
gary, the Netherlands, New Zealand, Norway, Singapore, Slovenia, Spain, Switzerland, and
the United Kingdom. Among these, Hungary, New Zealand, and Germany emerged as the
most active users, contributing the vast majority of the inputs. Consequently, the detailed
performance evaluation was focused on these three primary datasets. The remaining 12
countries contributed supplementary pilot data, ranging from only 1 to 4 requests each.
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4.3.1. Risk Distribution and Performance

The average MERIS value across all calculations was 11.87 points. The distribution
revealed 228 low-risk, 137 high-risk, and 18 extreme-risk cases. Reduced kidney function
was noted in 277 cases, 65 of which were critically low. The average response time of
the application was 2.38 seconds. The strict rule-based algorithm handled cases entirely
locally in 89 instances (average response time: 0.62s), while the GPT model was invoked
in 244 instances (average response time: 3.00s).

4.3.2. AI Recognition Rates

A key finding emerged when comparing the performance of the local Hungarian
dictionary against global inputs. In the global web app dataset, the AI was required to
identify 25.82% (𝑁 = 2, 386) of the medications due to typos or foreign brand names. The
list of the top 15 most frequently identified drug groups (at ATC level 2) is shown in Table 6.
In contrast, when processing the domestic Hungarian EHR dataset during internal validation,
only 10.34% (𝑁 = 28, 269) of medications required AI assistance. A two-proportion
Z-test confirmed this difference is highly statistically significant (𝑍 = 8.67, 𝑝 < 0.0001).
Specifically, the AI recognition rates in the most active countries were 20.57% for Hungary,
26.26% for Germany, and 29.64% for New Zealand.

Despite the higher reliance on AI for international data, a Spearman rank-order correla-
tion test comparing the frequency of specific ATC level 2 drug groups between the global
and domestic datasets showed a strong, positive, and statistically significant correlation
(𝜌 = 0.8047, 𝑝 < 0.0001), suggesting that global prescribing habits for major disease
categories remain relatively consistent.

4.4. Impact Analysis: PiGuard Clinical Implementation

The deployment of the PiGuard system across five clinical sites provided quantifiable
evidence of the system’s impact on clinical pharmacy workflows. The central EIR server
collected data from 703 individual MERIS evaluations and 215 recorded pharmacist
interventions.

4.4.1. Risk Distribution and Pharmacist Focus

The automated baseline assessment categorized 61.3% of the evaluated patients into
the "low risk" category (mean MERIS score: 12.39, standard deviation: 6.95). How-
ever, an analysis of the actual clinical interventions revealed that 54.6% of all pharmacist
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Table 6. Top 15 most frequent ATC level 2 groups compared between the domestic
(EHR) and global (APP) datasets.

ATC Group Name EHR (%) APP (%)

B01 ANTITHROMBOTIC AGENTS 11.61% 4.60%
A02 DRUGS FOR ACID RELATED DISORDERS 7.98% 4.44%
B05 BLOOD SUBSTITUTES & PERFUSION SOLUTIONS 7.38% 0.24%
J01 ANTIBACTERIALS FOR SYSTEMIC USE 7.09% 4.40%
C03 DIURETICS 6.78% 6.88%
C09 AGENTS ACTING ON RENIN-ANGIOTENSIN SYSTEM 5.64% 7.88%
C07 BETA BLOCKING AGENTS 5.49% 5.64%
A10 DRUGS USED IN DIABETES 4.40% 5.36%
N05 PSYCHOLEPTICS 4.17% 2.84%
A12 MINERAL SUPPLEMENTS 3.59% 1.20%
N02 ANALGESICS 3.30% 9.04%
C01 CARDIAC THERAPY 3.04% 1.48%
C10 LIPID MODIFYING AGENTS 2.87% 6.84%
R03 DRUGS FOR OBSTRUCTIVE AIRWAY DISEASES 2.84% 2.56%
N06 PSYCHOANALEPTICS 2.52% 4.00%

Cumulative representation 78.70% 67.40%
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interventions occurred in patient cohorts categorized as "high" or "extreme" risk, as il-
lustrated in Figure 12. This demonstrates that the algorithm successfully highlights the
"Hot-Spots"—patients who objectively require the most urgent pharmaceutical care.

Figure 12. Comparison of patient population risk distribution and clinical pharmacist
intervention focus.

4.4.2. Intervention Characteristics

The system successfully linked 82 high-risk events directly to documented pharmacist
interventions. For patients with a high quantity subscore (polypharmacy) and a high eGFR
subscore (impaired renal function), the most frequent intervention was "Dosemodification."
Conversely, for patients with a high quality subscore (severe interactions or high-harm
drugs), the most frequent interventions were "Discontinuation of active ingredient/product"
(𝑁 = 9) and "Introduction of active ingredient/product" (𝑁 = 11).
4.4.3. Delta MERIS (Risk Reduction)

The chronological tracking of events (Pre-Intervention MERIS → Pharmacist Inter-
vention → Post-Intervention MERIS) allowed for the calculation of the "Delta MERIS".
Initial sequence extractions successfully identified complete chains where pharmacist
interventions led directly to measurable risk reduction. For example, in cases where the
intervention was "Discontinuation of active ingredient/product", the MERIS scores dropped
significantly (e.g., from 23.60 to 17.75, yielding a Delta MERIS of -5.85; and from 23.85
to 18.75, yielding a Delta of -5.10). Overall, in the complete sequences identified, 50.0% of

38



interventions resulted in an immediate, quantifiable reduction in the calculated medication
risk score.
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5. Discussion

The primary purpose of this research was to develop, validate, and operationalize the
AUGMERIS system as a hybrid medication risk assessment tool. The results across all
phases of the study demonstrate that combining deterministic rule-based algorithms with
generative AI effectively bridges the gap between unstructured clinical documentation and
standardized risk scoring, offering a tangible solution to a persistent healthcare IT problem.

5.1. Performance of the Hybrid Text-Processing Module

Before evaluating the system on real-world clinical data, the In Silico validation
using a synthetic dataset (𝑁 = 100) demonstrated the fundamental robustness of the
text-processing architecture under controlled noise conditions. By injecting simulated
typographical errors and complex dosage strings, we successfully isolated the parser’s
extraction performance from the inherent ambiguity of real EHRs. The comparison be-
tween LLM generations revealed a significant evolutionary leap in extraction reliability.
The transition from the legacy GPT-4o-mini to the GPT-5.3-mini model yielded a 39.3%
reduction in Mean Absolute Error (MAE) and increased the exact match rate from 52%
to 63%. Furthermore, the narrowing gap between MAE and RMSE in the newer model
indicates enhanced resilience against large outlier errors, proving the system’s capacity
to handle human clerical errors gracefully. While a slight systematic conservative bias
(underestimation) remained, its magnitude was substantially reduced, resulting in a highly
robust Spearman correlation (𝜌 = 0.97). Ultimately, this phase confirmed the module’s
safety profile and its capability to resolve complex strings before being exposed to live
patient data.

Building on this baseline technical verification, the internal validation experiment
confirmed that the hybrid text-processing module performs effectively in practice. The
moderate, yet statistically significant correlation between the AI-generated MERIS scores
and those calculated manually by clinical pharmacists validates our first hypothesis: AI-
assisted text processing can extract actionable data even from the poorest quality EHR
sources. The variance observed between the AI and human experts, particularly in complex
cases involving prolonged hospitalization and patient death, highlights a fundamental
difference in processing logic. While the automated algorithm conservatively evaluated the
worst-case parameters recorded during the stay, human experts applied clinical judgment
to select the most temporally relevant data. This underscores the premise that AUGMERIS
is designed as a decision-support assistant, not an autonomous decision-maker; human
oversight remains essential to interpret the clinical timeline.
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The failure to establish a correlation between the MERIS value and the retrospective,
subjective scoring of intervention necessity (relevance × urgency) exposed a method-
ological limitation in the internal validation phase. Retrospectively assigning subjective
weights to clinical actions without a standardized framework [96–99] proved unreliable,
emphasizing the need for the structured, prospective intervention tracking that was later
implemented in the PiGuard phase.

5.2. Insights from Global Pilot Testing

The public deployment of the AUGMERIS web application revealed an unanticipated
level of international interest, particularly from Germany and New Zealand. This global
engagement confirms that the challenge of identifying high-risk medication profiles in
unstructured data is a universal pain point in clinical pharmacy.

The data analytics from theweb application provided crucial insights into the behavior of
the hybrid model across different linguistic and geographic contexts. The highly significant
difference in AI reliance — requiring GPT intervention for 25.82% of global drugs versus
only 10.34% domestically— demonstrates that the rule-based engine is heavily constrained
by its foundational Hungarian dictionaries (NNGYK and PUPHA). However, it also
proves the immense value of the GPT fallback layer. Instead of the system failing when
encountering foreign brand names or local abbreviations, the generative AI successfully
bridged the gap, allowing the application to function globally. The strong correlation in
ATC group frequencies between the datasets further implies that users were testing the
application with genuine, guideline-driven clinical scenarios.

5.3. Clinical Impact and the PiGuard System

5.3.1. User Trust, Transparency, and Clinical Impact

Ultimately, the excitement around AI-driven pharmacy tools often overshadows prac-
tical concerns regarding user trust and operational adoption rates. Healthcare providers
frequently oppose opaque processes that limit oversight [55]. To address this, the AUG-
MERIS framework encourages clinical engagement through embedded explainable AI,
making every identified risk traceable back to specific evidential pathway, whether derived
from structured lab results or processed narrative descriptions. Rather than relying purely
on a probabilistic confidence score, pharmacists can query both the source text and the
applied rules behind each flagged case. This informed oversight strengthens professional
accountability while maintaining the workflow speed advantages inherent to automation.
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Furthermore, by aligning its architecture with validated MERIS criteria instead of ad hoc
AI decisions, AUGMERIS improves regulatory compliance, a crucial factor in moving
innovative tools past pilot studies into broader adoption [5]. The balance achieved here
between computational scalability and clinician interpretability offers an instructive case
study for broader CDSS research seeking similar integration across medical specialties.

5.3.2. Interdisciplinary Integration and Technical Robustness

The transition from a theoretical framework to a functional, multi-site on-premise
deployment represents a significant interdisciplinary achievement within this research.
While clinical pharmacy and software engineering are traditionally distinct fields, the
independent development and management of the PiGuard infrastructure—encompassing
heterogeneous server environments and complex network topologies—demonstrates a
novel synthesis of these domains.

The necessity of configuring and maintaining six distinct server nodes across varied
operating systems (as detailed in Table 4) serves as evidence of the system’s technical
robustness and platform-independent design. Crucially, the deployment of hospital-based
instances within isolated LANs directly addresses a major barrier in the deployment of
healthcare AI: the conflict between cloud-based computational needs and strict patient data
privacy requirements [94, 95].

By ensuring that these nodes remain inaccessible from the public internet, the archi-
tecture effectively minimizes the risk of data leaks while maintaining high-level clinical
decision support functionality. This approach aligns with current research advocating for
transparent, source-controlled, and data-secure medical AI implementations [33]. This
self-managed technical lifecycle—from initial Python-based algorithmic design to the phys-
ical orchestration of on-premise servers—underscores the scalability of the AUGMERIS
framework and its readiness for sustainable, real-world practice.

5.3.3. PiGuard Deployment and Efficacy

The transition from a theoretical web calculator to the active, on-premise PiGuard
system represents the most significant practical achievement of this research. By deploying
the application within the secure LAN environments of five hospitals, the critical hurdle of
healthcare data privacy was successfully overcome.

The impact analysis results clearly demonstrate the system’s clinical utility. While 62%
of the total hospital population was flagged as low risk by the MERIS algorithm, 54% of
actual pharmacist interventions were concentrated in the high and extreme risk categories.
This finding validates our core hypothesis: integrating a risk map into routine workflows
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successfully directs pharmacists’ limited time toward the patients who need it most, thereby
increasing overall intervention efficiency. Furthermore, the PiGuard system’s ability to
track chronological sequences and calculate the “Delta MERIS” provides, for the first time,
an objective, numerical metric to prove the efficacy of clinical pharmacist interventions. A
reduction in a patient’s MERIS score directly correlates to a decrease in polypharmacy, the
avoidance of severe drug interactions, or the adjustment of dosages to match renal function,
all of which fundamentally improve patient safety.

5.4. Strengths and Limitations

5.4.1. Architectural Advantages and Structural Strengths

The primary strength of the AUGMERIS architecture lies in its flexibility and adapt-
ability to legacy EHR systems. By accepting free-text inputs and correcting typos and
varied nomenclatures on the fly, it dramatically lowers the barrier to user adoption. Further-
more, the localized deployment model of PiGuard ensures strict General Data Protection
Regulation (GDPR) compliance while still enabling centralized, anonymized research.
Crucially, AUGMERIS mitigates the inherent risks of generative models by filtering their
outputs through the strict MERIS criteria coded into its rule engine. This approach curtails
risky extrapolations and implicitly reinforces the system’s role as a clinical assistant rather
than an autonomous decision-maker, ensuring that a professional’s competence is always
required to act upon AI-suggested risks.

5.4.2. Methodological and Operational Limitations

Despite these structural advantages, deploying this architecture into live healthcare
environments poses distinct challenges. A primary limitation is the heavy reliance on
input quality [3, 5, 20]; poor EHR documentation inevitably undermines model accuracy
regardless of algorithmic sophistication. For instance, refining NLP of medical narratives
containing localized idioms or obscure abbreviations remains a persistent hurdle [3].

Furthermore, generative AI models like GPT-4.1 are inherently probabilistic. While
adept at inferringmissing details, this "fill-in" behavior carries a residual risk of "hallucination"
generating speculative elements that do not reflect reality [100]. Although the implementa-
tion of Structured Outputs successfully eliminated formatting inconsistencies and forced the
model to reliably return valid ATC code structures, the semantic risk of misclassification
remains particularly acute when processing rare or highly specialized medication names
that are not well-represented in the training data. Consequently, AI-generated results must
always be treated as supportive rather than definitive. Finally, the current web application
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data lacks clinical ground truth; it reflects usage interaction patterns rather than verified
clinical outcomes.

5.4.3. Navigating Rapid Technological Evolution in Medical AI

A significant methodological takeaway from this research is the profound challenge of
developing clinical software in an era of unprecedented, rapid technological evolution. Over
the three-year course of this project, the underlying Generative AI landscape transformed
fundamentally, dictating continuous architectural pivots.

In the early phases, developing the text-processing pipeline required extensive, heuristic
"Prompt Engineering" techniques. We had to construct complex instructions to coerce mod-
els like GPT-3.5 and the initial GPT-4o into acting as strict, deterministic ATC classifiers.
Despite these efforts, the models remained inherently probabilistic, leading to frequent
JSON formatting errors and hallucinations that disrupted the automated workflow.

However, within a matter of months, the introduction of API-level constraints—specif-
ically OpenAI’s Structured Outputs feature in the GPT-4.1 and the subsequent mini mod-
els—obviated the need for these fragile workarounds. By guaranteeing schema compliance
at the API level, a problem that previously required complex software engineering was
solved natively by the service provider.

This rapid paradigm shift highlights a critical lesson for future medical AI research:
clinical software architectures must be designed with extreme modularity. Developers must
anticipate the continuous, almost monthly obsolescence and replacement of foundational
AI models. What requires extensive algorithmic compensation today may become a native,
guaranteed API feature tomorrow. Therefore, hybrid systems like AUGMERIS, which
decouple the strict clinical logic from the interchangeable language model layer, offer the
most sustainable path forward in this volatile technological environment.

5.5. International Overview and Parallel Experiences

To fully evaluate the significance and real-world applicability of the AUGMERIS
system, it must be situated within the broader context of international research on Artifi-
cial Intelligence in clinical pharmacy. As highlighted by comprehensive reviews in the
international literature, integrating AI into CDSS is a global priority, yet it is fraught with
persistent challenges [3, 5].

The international consensus confirms that the heterogeneity and low quality of un-
structured EHRs constitute the primary bottleneck for automated risk scoring globally [5].
Purely deterministic systems, while compliant and reproducible, fail to capture critical
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clinical nuances buried in free-text notes. Conversely, unconstrained probabilistic models
(such as standalone Large Language Models) are highly susceptible to hallucinations and
lack the necessary guardrails for high-stakes medical decision-making [6]. The hybrid
architecture developed in the AUGMERIS project, which embeds generative NLP capabil-
ities within the strict deterministic bounds of the MERIS criteria, directly addresses this
universal challenge. This alignment is strongly supported by the global pilot testing data
presented in this dissertation. The fact that the GPT-based fallback layer was required
for 25.82% of international inputs (compared to 10.34% domestically) mathematically
proves that the necessity for adaptive, hybrid text-processing is not a local anomaly, but a
fundamental requirement for the global scalability of clinical AI tools.

Furthermore, international research consistently emphasizes that clinical acceptance of
AI tools is heavily dependent on explainability, workflow integration, and the mitigation
of automation bias [5]. Clinicians are reluctant to adopt "black-box" solutions where the
rationale for a risk alert cannot be traced. AUGMERIS operationalizes these international
mandates through the PiGuard interface, which provides dual provenance for every alert.
By displaying both the triggered deterministic rule and the parsed narrative excerpt, the
system fosters trust and ensures that the AI acts strictly as a clinical assistant rather than
an autonomous arbiter. The quantifiable reduction in risk scores (Delta MERIS) achieved
during the PiGuard deployment further corroborates international findings that integrating
risk stratification directly into pharmacist workflows significantly optimizes intervention
efficiency and resource allocation.

5.5.1. Comparing AUGMERIS with the ScreenGPT Project

Beyond clinical decision support for healthcare professionals, the implementation of
LLMs in healthcare can be conceptually divided into two distinct operational poles: the
normalization of complex inputs (Business-to-Business (B2B)/clinical focus) and the trans-
lation of medical knowledge into accessible outputs (Business-to-Consumer (B2C)/patient
focus). To further contextualize the application of LLMs in healthcare, it is instructive to
compare the clinician-facing AUGMERIS system with patient-facing preventive tools. The
key differences and shared characteristics are summarized in the visual matrix presented in
Table 7.

During my doctoral research, I participated as the lead programmer in the development
of the ScreenGPT project, which provides an excellent parallel for this comparison [42].

ScreenGPT is an AI-driven tool designed to support the primary and secondary preven-
tion of cervical cancer through empathetic, patient-facing communication. A pilot study
involving 112 participants demonstrated that while general awareness of LLMs is high, their
application for health screening requires careful validation of the users’ health literacy [42].
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Table 7. Visual matrix: comparison of AUGMERIS and ScreenGPT projects

Feature AUGMERIS ScreenGPT

Target Audience Professionals (B2B) Patients/Laypersons (B2C)

Direction Input Normalization Output Translation

Objective Risk Stratification Prevention & Education

Validation Objective (Delta MERIS) Subjective (User Experience)

Core Tech Hybrid (Rules + GPT) Generative Conversational

Safety Deterministic Guardrails Professional Validation

Both AUGMERIS and ScreenGPT share a fundamental technological foundation: they
leverage the advanced language comprehension capabilities of GPT to navigate complex
medical domains. Moreover, both projects recognize the inherent risks of generative model,
specifically hallucinations and automation bias, and emphasize that AI must serve as a
supportive tool rather than a replacement for professional healthcare.

However, the two projects address diametrically opposed communication bottlenecks
in healthcare, revealing significant methodological and operational differences:

Target Audience and Objective: AUGMERIS is a Business-to-Business (B2B) clinical
tool designed for highly trained healthcare professionals (clinical pharmacists and
physicians). Its objective is to prioritize high-risk patients and prevent acute adverse
drug events in a hospital setting. In contrast, ScreenGPT is a Business-to-Consumer
(B2C) tool aimed at laypersons, focusing on primary and secondary prevention (e.g.,
lifestyle choices and screening awareness) prior to the onset of acute illness.

Data Processing Direction: AUGMERIS operates on the input side of healthcare data.
It ingests messy, unstructured, and low-quality EHR notes and normalizes them
into structured, quantifiable risk variables (MERIS scores) for professional decision-
making. ScreenGPT operates on the output side. It takes structured clinical guidelines
and complex medical protocols and translates them into accessible, empathetic, and
personalized educational narratives for patients.

Validation and Metrics: The validation of AUGMERIS relies on objective clinical pa-
rameters. The correlation with expert pharmacist assessments, adherence to determin-
istic pharmacological rules, and the calculation of measurable risk reduction (Delta
MERIS). The validation of ScreenGPT relied primarily on user-reported experience.
Furthermore, two independent medical practitioners assessed the system’s responses
to the 30 most frequently asked questions for clinical accuracy [42].
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In conclusion, the parallel development and understanding of both input-processing
clinical tools (AUGMERIS) and output-generating educational tools (ScreenGPT) demon-
strate a comprehensive approach to modernizing patient safety and preventive care. While
they serve different endpoints of the healthcare spectrum, both projects validate the inter-
national consensus: the safe integration of Artificial Intelligence in medicine requires strict
methodological guardrails, domain-specific tuning, and an unwavering focus on enhancing
human decision-making.

5.6. Professional Recognition and Industry Feedback

The practical innovation and clinical relevance of the AUGMERIS framework were
further validated beyond the academic and clinical spheres through significant industry
recognition. In March 2026, the AUGMERIS calculator was awarded the professional
Grand Prize—the Strix Award—at Hungary’s first comprehensive corporate artificial
intelligence competition during the AI Summit [101, 102].

The professional jury identified the system as one of the year’s most defining AI-
based developments, specifically highlighting its contribution to patient safety through the
automated analysis of medication risks. This recognition is particularly noteworthy as the
entry documentation was based on the original AUGMERIS web application, emphasizing
that the underlying hybrid text-processing model provides a robust solution for extracting
precise information from unstructured and often incomplete clinical narratives. The award
also reflects the success of the multi-institutional collaboration between Semmelweis
University, Hospitaly Ltd., Széchenyi István University, and Aarhus University, confirming
that the system bridges the gap between complex data science and everyday clinical practice.

5.7. Future Directions

Building on the clinical validation and the professional recognition described above,
future development will follow two main strategic paths: technical refinement and systemic
integration.

5.7.1. Algorithmic and Data Expansion

Future work will focus on expanding the core dictionaries of the strict rule-based
algorithm. By integrating broader international databases, such as the WHO International
Nonproprietary Name (INN) lists and specialized repositories like Drugs.com, the system’s
reliance on generative AI API calls can be further reduced. This will not only increase
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processing speed and reduce operational costs but also further mitigate the inherent risks
of large language model hallucinations.

5.7.2. System Integration and Scalability

The successful deployment of the PiGuard infrastructure has paved the way for deeper
integration into comprehensive Hospital Information Systems (HIS). The objective is to
transition from a standalone tool to a standard, Software as a Service (SaaS)-based module
within routine clinical pharmacy workflows. By utilizing the "Delta MERIS" metric as
a key performance indicator, the system can provide continuous, objective proof of risk
reduction, facilitating its adoption in diverse healthcare environments globally.

5.7.3. Commercialization and Technology Transfer

Beyond technical and systemic advancements, strategic steps are being taken toward
the commercial utilization of the AUGMERIS system. Initial discussions have been con-
ducted with the Centre of Science & Innovations Vice-Rector and Business Development
at Semmelweis University to outline the framework for technology transfer. To facilitate
market entry and broader clinical adoption, the establishment of a dedicated project com-
pany (spin-off) is currently in the planning phase. This new enterprise will be founded
through a joint ownership structure comprising Semmelweis University, Hospitali Kft.,
and the principal investigator. The financial and operational framework, including profit
sharing, will be managed on an equity basis, ensuring a balanced and mutually beneficial
partnership to drive the global implementation of the system.
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6. Conclusions

The research presented in this dissertation successfully navigated the complex intersec-
tion of data science and clinical pharmacy practice to address a critical gap in medication
safety. The primary achievement is the development and validation of the AUGMERIS
system, which successfully automates the application of the Danish MERIS algorithm.

Furthermore, a rigorous In Silico stress-test using a synthetic dataset demonstrated
the parser’s exceptional structural reliability and error-tolerance. Facing simulated ty-
pographical errors and unstructured dosage instructions, the upgraded LLM architecture
achieved a 95.7% accuracy and a 0.97 correlation with ground-truth values, proving that
the underlying data-extraction logic is highly robust before being exposed to real-world
clinical variables.

By engineering a novel, hybrid text-processing architecture that combines the strict
reliability of national drug databases with the adaptive power of GPT, we overcame the
persistent challenge of parsing unstructured, low-quality clinical documentation. The
internal validation demonstrated that this AI-assisted data extraction performs with an
accuracy comparable to that of human clinical professionals.

The public deployment of the AUGMERIS web application confirmed a significant
global demand for objective, automated risk stratification tools. It also highlighted the
necessity of flexible NLP models, as the generative AI seamlessly compensated for in-
ternational variations in drug nomenclature that traditional, static databases could not
handle.

Most importantly, the deployment of the secure, On-Premise PiGuard system across
multiple hospital sites provided concrete evidence of the tool’s clinical impact. The system
effectively functions as a "Hot-Spot" detector, successfully directing clinical pharmacists
toward high-risk patients. The tracking of "Delta MERIS" scores provides objective proof
that pharmacist interventions, guided by this decision support system, result in immediate
and quantifiable reductions in medication-related risks.

Ultimately, AUGMERIS represents a scalable, highly adaptable solution that enhances
the efficiency of clinical pharmacists and significantly improves patient safety. Through
continuous algorithmic refinement and broader integration into hospital information sys-
tems, it possesses the potential to become a fundamental component of modern, data-driven
pharmacotherapy management.
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7. Summary

Medication-related harm is a major healthcare challenge, often exacerbated by the fact
that vital patient data is buried in unstructured, free-text EHRs. This dissertation introduces
AUGMERIS, an AI-supported CDSS designed to automate the calculation of MERIS
criteria. The primary objective was to overcome the limitations of traditional deterministic
systems by utilizing a hybrid architecture that combines strict pharmacological rules with
the adaptive NLP capabilities of GPT.

The research progressed through multiple phases. Initially, a three-step text-processing
pipeline was engineered, which processes clinical narratives. This module was retrospec-
tively validated against expert clinical pharmacist assessments. Subsequently, the system
was deployed globally as a Streamlit-based web application to test its robustness across
diverse linguistic inputs. Finally, an on-premise version of the system was implemented
across five hospital sites to evaluate its real-world clinical impact.

Internal validation demonstrated that the hybrid AI algorithm performs with an accuracy
comparable to human experts on poor-quality EHR notes. The global pilot test revealed a
universal need for adaptive NLP, as the generative AI fallback was required for far more
international inputs. Most significantly, the clinical deployment of PiGuard proved the
system’s operational value. Although only 38% of the evaluated patients were categorized
as high or extreme risk, this cohort accounted for 54% of all pharmacist interventions,
confirming the tool’s efficacy as a "Hot-Spot" detector.

To contextualize the system’s clinical focus on input normalization, the dissertation
also contrasts AUGMERIS with ScreenGPT, a patient-facing preventive AI tool. While
ScreenGPT relies on empathetic output generation and subjective health literacy metrics,
AUGMERIS is anchored in deterministic clinical guardrails to strictly mitigate LLM
hallucinations. Ultimately, this research validates that integrating hybrid, explainable
AI into routine clinical pharmacy workflows significantly optimizes resource allocation,
enhances professional accountability, and provides a scalable, data-driven solution for
improving global medication safety.
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