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Abstract

Automating ICD-10 coding from discharge summaries remains demanding because coders analyze
clinical narratives while justifying decisions. This study compares three automation patterns: PLM-
ICD as a standalone deep learning system emitting 15 codes per case, LLM-only generation with full
autonomy, and a hybrid approach where PLM-ICD drafts candidates for an agentic LLM filter to accept
or reject. All strategies were evaluated on 19,801 MIMIC-IV summaries using four LLMs spanning
compact (Qwen2.5-3B, Llama-3.2-3B, Phi-4-mini) through large scale (Sonnet-4.5). Precision guided
evaluation because coders still supply any missing diagnoses. PLM-ICD alone reached 55.8% precision
while always surfacing 15 suggestions. LLM-only generation lagged severely (1.5-34.6% precision)
and produced inconsistent output sizes. The agentic filter delivered the best trade-off: compact LLMs
reviewed the 15 candidates, discarded weak evidence, and returned 2-8 high-confidence codes. Llama-
3.2-3B, for example, improved from 1.5% as a generator to 55.1% as a verifier while trimming false
positives by 73%. These results show that positioning LLMs as quality controllers, rather than primary
generators, yields reliable support for clinical coding teams, while formal recall/F1 reporting remains
future work for fully autonomous implementations.

Keywords: agentic Al; medical coding automation; ICD-10 classification; large language models;
automation strategies; clinical natural language processing

1. Introduction

Medical coding converts clinical diagnoses and procedures into standardized codes. This function
is critical for modern healthcare systems [1,2]. The International Classification of Diseases, 10th
Revision (ICD-10), serves as the global standard, supporting systematic documentation, insurance
reimbursement, disease tracking, and quality assessment.

Manual ICD-10 coding, though, remains labor-intensive and error-prone. Clinical documentation
keeps growing more complex. The challenge intensifies [3]. The process directly affects hospital
reimbursement and revenue management. For healthcare institutions, reliance on automated coding
systems has become a financial necessity rather than a convenience. Professional coders need extensive
domain knowledge and significant time to extract diagnostic information from discharge summaries,
which often contain thousands of words of specialized terminology.

Research on automated ICD coding over the past decade has leaned heavily on natural language
processing and machine learning [4]. Systems built on pretrained language models [5-8]—notably
the Pre-trained Language Model for ICD coding (PLM-ICD) [9]—extract patterns directly from large
clinical corpora, with the resulting recommendations handed to coders as decision aids. In routine
practice, these recommendations still flow through human-in-the-loop pipelines [10] in which expert
coders confirm correctness and supplement any omitted diagnoses.
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Even the strongest deep learning pipelines inherit structural constraints: a fixed number of
predictions is emitted, little insight into why a code was suggested is provided, and infrequent
diagnoses are rarely surfaced. Those shortcomings motivate a search for new automation blueprints.

The rapid growth of large language models (LLMs) [11-13] introduces a different path. LLMs
can parse long-form narratives and evaluate clinical text coherence; however, uncertainty persists
regarding whether specialized models should be replaced outright or integrated into cooperative
workflows. The central question becomes: What is the right role for agentic Artificial Intelligence (AI)
in ICD automation—fully autonomous generation, or a cooperative design that blends LLM verification with
established classifiers?

Research Focus: This work compares three agentic automation strategies for ICD-10 prediction
and analyzes how each one influences accuracy and implementability in coder workflows.

The following designs are evaluated:

1.  Deep Learning Automation: Specialized PLM-ICD models generate 15-code lists directly from
discharge summaries, mirroring conventional fixed-output automation.

2. Direct LLM Automation: Standalone LLMs attempt to write complete ICD code sets from raw
text, selecting both the codes and the number of predictions without outside assistance.

3.  Agentic Filtering Automation: A filtering-centric workflow in which candidate codes are pro-
posed by a deep learning model and then validated or discarded by an LLM agent, shifting LLM
effort toward quality assurance rather than generation.

Figure 1 depicts this division of labor: candidates are drafted at scale by PLM-ICD, and un-
supported items are removed by an LLM reviewer through clinical text verification. By assigning
pattern recall to the baseline and filtering to the LLM, the pipeline yields concise, higher-confidence
suggestions without incurring the expense of end-to-end LLM generation.

Agentic Filtering Method: Conceptual Framework

N
-
EE ) EE Case 1: A Diabetic Patient with a Foot Ulcer
= 014.1
The patient is a 58-year-old male with a 10-year J18.9
history of type 2 diabetes mellitus, managed withoral ~______ . .. _ ... __ > 4V -
hypoglycemic medications. He presented to the clinic K29.70
due to a chronic foot ulcer, which displayed signs of M54.' 5

inflammation, including redness, swelling, and purulent
discharge. The attending physician diagnosed the
condition as a diabetic foot ulcer complicated by

infection, a known complication of diabetes. Expert Reviewer

Figure 1. Two-stage agentic workflow in which PLM-ICD proposes ICD-10 candidates and an LLM validator
retains only the clinically supported codes.

All approaches are benchmarked on 19,801 Medical Information Mart for Intensive Care IV
(MIMIC-1V) discharge summaries with four LLM checkpoints spanning compact to large scales
(Qwen2.5-3B-Instruct, Llama-3.2-3B-Instruct, Phi-4-mini-instruct, and Sonnet-4.5). Results are stratified
by document length to identify which workflow should be implemented in different clinical scenarios.

Key contributions include:

*  Head-to-head evaluation of three automation paradigms: The comparative behavior of conven-
tional deep learning, direct LLM generation, and agentic filtering is quantified on a shared dataset
with consistent metrics.

*  Guidelines for document-length-aware implementation: Performance is mapped across short,
medium, and long discharge summaries, providing operational guidance on when each approach
is preferable.

e  Evidence for filtering-centric agentic design: The study demonstrates that decomposing tasks
and assigning LLMs to verification delivers the largest quality gains while preserving inter-
pretability.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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2. Related Work

Automated ICD coding has evolved through multiple technological waves. Each wave addressed
limitations of earlier methods—while introducing new challenges of its own. This section reviews the
relevant literature across three major approaches: traditional machine learning, deep learning, and
recent large language models.

2.1. Traditional Machine Learning Approaches

Early automated ICD coding systems relied on rule-based methods and traditional machine
learning [14,15]. These systems used pipelines that engineered features from clinical text using
bag-of-words representations, term frequency-inverse document frequency (TF-IDF) weighting, and
pseudo-relevance feedback [16] from information retrieval [17]. Common classifiers included Support
Vector Machines, logistic regression, and decision trees applied to multi-label formulations. Some
enhanced these with word2vec embeddings [18].

Clear advantages were possessed by these traditional approaches. Easy to understand. Computa-
tionally efficient. However, serious limitations were also present. Complex meaning relationships in
clinical narratives were struggled to be captured. Extensive domain-specific feature engineering was
required. The explosion of ICD-10 code space—exceeding 70,000 codes—further challenged the ability
to scale and generalize.

2.2. Deep Learning for ICD Coding

Everything was changed by deep learning through enabling end-to-end learning from raw
clinical text—no manual feature engineering required [19]. Improved performance was shown by
convolutional neural networks (CNNSs) [15] and recurrent neural networks (RNNSs) [20]. Hierarchical
text representations were learned automatically. Joint attention mechanisms over labels and document
structure were introduced by early neural architectures tailored for ICD coding [21].

Attention mechanisms [22] proved particularly valuable. CAML [23] and LAAT [24] could identify
which text segments mattered for specific diagnostic codes. This improved interpretability significantly.
Hierarchical transformer variants pushed interpretability further [25].

Meanwhile, other approaches focused on performance gains. MultiResCNN [26] used multi-
filter residual architectures. DILM-ICD [27] employed iterative refinement with curriculum-style
optimization. Both advanced the state of the art through different architectural innovations.

Then came pretrained language models [5,6]. BERT-based architectures [7,8] adapted for extreme
multi-label classification [28] achieved state-of-the-art results through transfer learning. PLM-ICD [9]
achieved strong performance, reaching approximately 55

Despite these advances, deep learning models face persistent challenges:

¢ Limited interpretability: Neural architectures work as black boxes, providing minimal insight
into coding reasoning.

¢  Fixed prediction number: A predetermined list length (e.g., the top 15 codes) is still emitted by
most models, even when the case clearly calls for more or fewer predictions.

¢  Difficulty with rare codes: Models struggle with long-tail distribution of infrequent diagnostic
codes [29].

e Lack of uncertainty measurement: Predictions lack calibrated confidence estimates for clinical
decision support.

2.3. Large Language Models in Healthcare

Remarkable abilities are shown by recent large language models—GPT-4 [12], Llama [30], Phi [31],
and Claude [32]. Excellence is demonstrated at clinical text understanding, medical reasoning, and
knowledge synthesis. Where have these models been applied by researchers? Across various healthcare
domains. Clinical question answering. Medical dialogue generation. Clinical note summarization.
Differential diagnosis assistance [33]. The applications keep expanding,.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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For medical coding specifically, reasonable ICD codes from discharge summaries can be generated
by LLMs according to early investigations. Interpretation of complex clinical narratives is enabled by
the natural language understanding inherent to LLMs. Diagnostic relationships can be reasoned about
and coding decisions can be explained.

But careful evaluation for production medical coding remains limited. Key questions persist:

®  Precision and reliability: Do LLMs achieve precision comparable to specialized models trained
on large-scale clinical coding datasets?

e  Consistency and determinism: Do LLM outputs remain stable across identical inputs—critical
for clinical implementation?

e  Optimal integration strategies: Should LLMs replace or complement existing specialized models?

2.4. Prompt Engineering for Medical Validation

Hierarchical multi-agent frameworks modeled after hospital workflows have recently improved
clinical Al safety by routing tasks toward specialized agents and yielding up to 8.2% performance gains
compared with single-agent pipelines [34]. Such architectures only succeed when prompts provide
unambiguous contracts between collaborating agents. In medical coding scenarios, upstream retrieval
agents must feed structured evidence, while downstream validation agents must explain accept/reject
decisions in a standardized format.

Consequently, prompt engineering has become central to ICD validation. Prior studies targeting
medical professionals have shown that carefully scoped prompts can substantially improve the accu-
racy and reliability of clinical NLP systems [35-37]. In this work, validation prompts are deliberately
designed to:

®  C(Clearly define the validation task and decision rules.

®  Supply the necessary clinical snippets and ICD-10 descriptions so evidence remains localized.

®  Request structured outputs (for example, Accept/Reject plus justification) so downstream parsers
can automate follow-up actions.

e Provide few-shot exemplars that demonstrate correct validation logic.

e  Constrain formatting for consistent, machine-checkable responses.

Recent reviews catalog zero-shot, few-shot, and chain-of-thought prompting paradigms that can
be adapted to these requirements [38,39]. Figure 2 illustrates the standardized template employed so
that autonomous validation agents generate machine-readable rationales aligned with clinical quality
checks.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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You are an expert medical coding specialist. Review predicted
ICD-10 codes from machine learning output and keep only those
supported by the discharge summary.

INSTRUCTIONS:

1. Analyze the discharge summary

2. Review each predicted ICD-10 code

3. Keep codes with clear evidence in the summary
4. Remove unsupported or irrelevant codes

OUTPUT FORMAT (JSON):

{

"relevant_codes": {

"E11.9": "Type 2 diabetes without complications (0.95)",
"I25.9": "Chronic ischemic heart disease (0.87)"

}’

"removed_codes": ["N18.6", "J44.1"],
"total_kept": 2,
"total_removed": 2

}

Figure 2. Validation prompt template used in this study, outlining the expert role, structured instructions, and
JSON output format for filtering ML-predicted ICD-10 codes.

2.5. Research Gap and Contribution

Existing literature reveals that moderate accuracy for automated ICD coding is achieved by
specialized deep learning models, though interpretability is lacked. Strong medical reasoning is
demonstrated by LLMs; however, careful evaluation for coding tasks has not been performed.

A fundamental question remains unanswered: should specialized models be replaced outright by
LLMs or deployed in complementary roles? Under what circumstances does each method work best?
How can agentic Al be effectively utilized to automate medical coding workflows? These questions
matter for clinical implementation and remain insufficiently explored in current literature.

3. Materials & Methods

This study investigates three distinct approaches for utilizing agentic Al to automate ICD-10 code
prediction. Each approach represents a different automation strategy with distinct characteristics in
terms of prediction generation, output determination, and quality control mechanisms.

3.1. Deep Learning Automation

PLM-ICD [9] was selected to represent conventional deep learning automation for several reasons.
First, Specialized deep learning model designed specifically to automate ICD coding tasks. Second,
it demonstrates strong performance on the MIMIC-IV dataset. Third, modern pretrained language
models are used, making it a representative baseline for evaluating how agentic Al-based automation
approaches compare against established deep learning automation methods.

PLM-ICD is a deep learning model based on pretrained language models. PLM-ICD is built on
RoBERTa [6], a pretrained language model that employs Byte Pair Encoding [40] to reduce vocabulary
size by merging frequently occurring subword units during training. The model is specifically designed
for multi-label ICD code prediction from clinical text [28]. The dataset was partitioned 74%/11%/15%
for training, validation, and testing, respectively, using iterative stratification to preserve the ICD
label distribution across splits. Each discharge summary was then tokenized and mapped into contex-
tual embeddings so that the network consumed structured input while retaining clinical semantics.
Optimization of the multi-label objective minimized the summed binary cross-entropy over all code
positions.

N C
Lpce = *% Y ) [yijlog(7i) + (1 — yi) log(1 — 9;7)] (1)

i=1j=1
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where N is the number of samples, C is the number of classes (ICD-10 codes), y;; is the true binary
label for sample i and class j, and J;; is the predicted probability for sample i and class j.

To improve model results and avoid overfitting, Mean Average Precision (mAP) was used as
the Early Stopping criterion. mAP is critical in multi-label tasks as both precision and recall across
multiple thresholds are checked. During training, validation mAP@k was monitored, with training
being stopped if no progress was observed for several epochs. This approach provided more stable
training, better generalization, and stronger performance in multi-label ICD-10 coding.

This deep learning automation approach processes discharge summaries and automatically
generates a fixed set of 15 ICD code predictions. All 15 automated predictions are retained and
evaluated using Precision@15 (P@15), representing a comprehensive coverage automation strategy.

3.2. Direct LLM Automation

This approach utilizes large language models to directly automate the entire coding process.
LLMs receive discharge summaries as input and autonomously generate ICD codes without external
guidance or candidate sets. The automation is fully autonomous—output size is decided dynamically
by the model based on its assessment. Performance is evaluated using Precision (P), reflecting the
variable-output nature of this automation strategy.

3.3. Agentic Filtering Automation

This novel approach utilizes agentic Al to automate ICD coding through intelligent integration of
deep learning and LLM capabilities. The automation operates in two stages: First, the PLM-ICD model
automatically generates 15 candidate predictions. Second, an LLM agent automatically evaluates and
filters these candidates, checking each code’s clinical relevance, semantic coherence, and confidence
level. Low-confidence predictions are automatically filtered out. The final automated output contains
a variable number of high-confidence codes selected from the original 15 candidates, evaluated using
Precision (P).

Unlike direct LLM automation, this agentic approach automates coding through strategic task
decomposition—utilizing deep learning for automated candidate generation and LLM-based agentic
intelligence for automated verification and selection. Figure 3 illustrates the architectural differences
between all three automation approaches.

Figure 3 demonstrates the distinct automation architectures employed by each approach. Deep
learning automation produces fixed 15-code output through direct automated prediction. Direct
LLM automation autonomously generates variable output sizes. Agentic filtering automation utilizes
agentic Al to integrate automated candidate generation with LLM-based automated quality assessment

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Approach 1: Baseline Deep Learning (PLM-ICD)

Top 15 candidates

Approach 2: LLM-Only Generation
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Figure 3. Structural comparison of the evaluated pipelines: fixed-output PLM-ICD baseline, unconstrained LLM
generation, and the two-stage agentic filtering design.

3.4. Hardware Configuration

All experiments were executed on a workstation equipped with NVIDIA RTX 4090 graphics
processing units (GPUs). The 24 GB of GPU memory provided for PLM-ICD fine-tuning, batched
inference, and the multiple passes required for the agentic filtering setup. Keeping every run on the
same hardware ensured consistent computational conditions across approaches.

3.5. Language Models Evaluated

Four different large language models with different abilities and computational requirements
were tested. Qwen2.5-3B-Instruct [41] is a compact open-source model optimized for instruction
following. Llama-3.2-3B-Instruct [30] represents Meta’s lightweight instruction-tuned model. Phi-
4-mini-instruct [31] is Microsoft’s efficient small-scale language model. Finally, Sonnet-4.5 [32] is
an advanced large-scale model with extensive language understanding capabilities. Note that the
selected LLMs show substantial design diversity [30-32,41], making it difficult to isolate performance
differences between fundamental methodological approaches and model-specific implementation
factors.

3.6. Evaluation Metrics and Research Scope

This study specifically focuses on precision-oriented evaluation of ICD code predictions. The
research question centers on whether the reliability and accuracy of predicted codes can be improved
by LLM-based agentic filtering, rather than maximizing code coverage or completeness.

The agentic filtering stage functions strictly as a quality gate: the baseline’s 15 candidates are
re-examined and only those with clear textual support are retained, rather than attempting full code
generation. This structure matches day-to-day coder workflows, where short, dependable suggestion
lists are far more useful than sprawling sets that require heavy triage. In human-in-the-loop settings,
precision directly determines whether teams will trust the system—false positives waste coder time
and create audit exposure, whereas missing codes are typically added during routine review.

Evaluation Metrics:

Two complementary precision metrics were used to suit the different output characteristics of
each approach:

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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e  Precision@15 (P@15): Applied to the baseline approach which produces exactly 15 predictions. It
measures the proportion of correct codes among the 15 outputs:

Number of correct codes in top-15 predictions

P@15 =
@15 15

2)

¢  Precision (P): Applied to approaches with variable output sizes (LLM-only and agentic). It
measures the proportion of correct predictions:

_ Number of correct predictions
Total number of predictions

3)

Metric rationale: Precision-focused analysis provides more sensitivity than accuracy or Receiver
Operating Characteristic (ROC) based reporting when dealing with extreme class imbalance, comple-
menting prior findings on precision-recall behavior in imbalanced settings [42].

This study does not aim to develop a comprehensive automated coding system that captures all
possible ICD codes for a discharge summary. This study investigates LLM-based filtering can improve
prediction reliability by reducing false positives while maintaining competitive accuracy on correctly
identified codes. Recall and coverage metrics are important for fully automated coding systems that
operate without human oversight; however, they are outside the scope of this study, which focuses on
improving precision within coder-assistance workflows. In such human-in-the-loop settings, omitted
codes are typically identified and added during routine coding review.. In future work, recall and
F1-score should also be reported in accordance with established clinical prediction model reporting
guidelines [43] to improve both reproducibility and transparency.

Key methodological differences:

*  Baseline: Fixed output of 15 codes (evaluated with P@15)

e  LLM-only: Variable output size decided autonomously by the model (evaluated with P)

*  Agentic: Selects variable number of codes from baseline’s 15 candidates through LLM-based
filtering (evaluated with P)

Note that these methodological differences reflect each approach’s natural working characteristics.
The baseline approach uses P@15 with fixed 15-code output, while LLM-only and agentic approaches
use standard precision with variable output sizes. This makes direct numerical comparisons challeng-
ing but represents how each automation strategy operates in practice.

4. Results
4.1. Dataset and Experimental Setup

Access to Medical Information Mart for Intensive Care IV Note (MIMIC-IV-Note) was granted
under the Data Use Agreement (DUA) from the PhysioNet Credentialed Health Data License (Version
1.5.0). All required steps were completed, including Collaborative Institutional Training Initiative
(CITI) Data or Specimens Only Research training, with agreement to use the data only for academic
purposes following best practices for de-identified data handling.

The collection of patient data and database construction were approved by the Institutional
Review Board (IRB) of Beth Israel Deaconess Medical Center. Patient consent was waived as the
dataset is fully de-identified and contains no personal information.The MIMIC-IV Note dataset [44,45]
has a large collection of de-identified free-text clinical records, including admission and discharge
notes, radiology reports, and other clinical narratives describing patient history, treatments, follow-
ups, and clinical course. Note that MIMIC-IV may contain imbalances in disease distribution, case
complexity, and clinical documentation patterns, which could limit generalizability across diverse
healthcare settings and patient populations.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4.2. Evaluation Dataset

All three approaches were evaluated on the same test set of 19,801 discharge summaries from
MIMIC-IV [45] to ensure fair comparison across methodologies.

4.3. Overall Performance Comparison

Table 1 provides detailed performance metrics for all model configurations tested in this study.

Table 1. Precision and output-size statistics for baseline, LLM-only, and agentic filtering approaches on the shared
MIMIC-1V evaluation set.

Approach Model Metric | Precision (%) | Avg Out
Baseline PLM-ICD P@15 55.8 15.0
Qwen2.5-3B-Instruct P 49 49
LLM-Only | Llama-3.2-3B-Instruct P 1.5 5.9
Generation | Phi-4-mini-instruct P 12.4 7.0
Sonnet-4.5 P 34.6 9.8
PLM-ICD + Qwen2.5-3B P 37.0 2.0
Agentic PLM-ICD + Llama-3.2-3B P 55.1 4.0
Filtering PLM-ICD + Phi-4-mini-instruct P 45.5 7.0
PLM-ICD + Sonnet-4.5 P 52.6 7.9

4.3.1. Key Performance Observations

Table 1 surfaces three patterns that mirror the intent behind each methodology. The baseline P@15
system always emits fifteen codes, leaning into breadth so downstream reviewers see a wide pool of
candidates. Agentic pipelines, by contrast, return only two to eight codes on average because they
filter aggressively for confidence. In practice that means blanket coverage is traded for higher-quality,
better justified suggestions.

Baseline deep learning therefore serves as a coverage-oriented reference point. PLM-ICD achieved
a P@15 of 55.8

LLM-only generation showed complete failure across all model scales.Compact models demon-
strated near-zero performance (Llama-3.2-3B: 1.5 percent, Qwen2.5-3B: 4.9 percent, Phi-4-mini-instruct:
12.4 percent). Even Sonnet-4.5 managed only 34.6 percent precision, demonstrating that increased
model scale does not guarantee adequate performance for specialized medical coding tasks.

Agentic filtering transformed failing LLMs into competitive precision-focused systems by lever-
aging the models as verification mechanisms rather than code generators. Llama-3.2-3B improved
from 1.5 percent to 55.1 percent precision (36.7 x improvement), Qwen2.5-3B from 4.9 percent to 37.0
percent (7.6 ), Phi-4-mini-instruct from 12.4 percent to 45.5 percent (3.7 x), and Sonnet-4.5 from 34.6
percent to 52.6 percent (1.5x). The improvements were achieved through selective output (2.0 to 7.9
codes) that prioritized suggestion reliability over exhaustive coverage.

4.3.2. Document-Length Sensitivity

Document length emerged as a critical factor influencing relative approach performance (Figure 4
and Figure 5). This sensitivity mirrors broader observations that transformer-based models struggle
with very long contexts despite architectural adaptations [46]. Three different performance zones were
identified:

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 4. Precision trends for the three automation paradigms across short (0-3K), medium (3-15K), and long
(>15K) discharge summaries.

Performance Comparison Across Document Length Zones
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Figure 5. Per-model precision within each document-length zone, highlighting how agentic filtering alters the
ranking of compact and large LLMs.

Figure 5 provides a detailed breakdown of performance across document length zones. Compact
LLMs show dramatic improvement with agentic filtering: Llama-3.2-3B improves from 0.8-1.6 percent
standalone to 26.9-64.6 percent agentic across zones. The visualization demonstrates how agentic
filtering transforms failing standalone LLMs into competitive medical coding systems by leveraging
baseline candidates for verification rather than generating codes from scratch.Zone 1: Short Documents
(0 to 3K characters). Agentic filtering achieved the best performance with 50 to 60 percent precision for
well-configured systems. In contrast, LLM-only generation showed severe degradation (1.5 to 12.4
percent for compact models; 34.6 percent for Sonnet-4.5), while baseline achieved 18 to 25 percent
precision.

Zone 2: Medium-length documents (3—-15K characters). In this range, baseline deep learning and
agentic approaches showed similar levels of performance, achieving precision between 50

Zone 3: Long Documents (15K+ characters). Baseline deep learning outperformed all alternatives
(56 to 58 percent precision), including Sonnet-4.5 in both standalone and agentic configurations. Agentic
filtering ranged from 38 to 60 percent precision, while LLM-only generation remained at 1 to 38 percent.
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5. Discussions
5.1. Interpretation of Findings

Why does agentic filtering automation succeed where direct LLM automation fails? The automa-
tion architecture explains this transformation. Automating code generation from scratch requires
both comprehensive medical knowledge and precise code-to-diagnosis mapping—a challenging au-
tomation task for general-purpose LLMs. Automating verification and filtering, in contrast, requires
evaluating candidate plausibility against clinical text. This automation task aligns well with LLMs’
natural language understanding capabilities, enabling effective utilization of agentic Al for quality
control.

Interestingly, model size correlates poorly with direct automation performance. This suggests that
automating specialized domain tasks needs more than computational scale. Training methodology,
instruction-following capability, and domain-specific fine-tuning may matter more than parameter
count for autonomous code generation. The agentic automation approach sidesteps these limitations
entirely by reframing the automation architecture from end-to-end generation to task-decomposed
verification, effectively utilizing agentic Al for what it does best.

The inter-model variability observed in LLM-only performance reinforces this point. Performance
showed extreme variance—from 1.5 percent (Llama-3.2-3B) to 34.6 percent (Sonnet-4.5), representing a
23 x differential. This substantial variation highlights that task-appropriate model selection matters
critically for specialized medical coding applications.

Document length emerged as a critical design parameter. The three-zone performance pattern
described in the Results section shows that optimal system configuration depends fundamentally
on input characteristics. Short documents lack sufficient context for pattern-based deep learning but
provide adequate information for LLM-guided filtering. Long documents, meanwhile, contain rich
patterns that specialized models exploit effectively—patterns that potentially overwhelm LLM context
processing capabilities. This challenges one-size-fits-all implementation strategies. A better approach?
Document-length-adaptive system architectures.

The consistent behavior of small models (Llama-3.2-3B, Qwen2.5-3B) in agentic configuration
addresses clinical concerns about reproducibility while maintaining computational efficiency, making
precision-focused ICD-10 coding assistance accessible even to resource-constrained healthcare settings.

5.2. Implications for Automating Clinical Workflows Using Agentic Al

Based on the findings, a document-length-adaptive automation strategy is proposed, optimizing
which automation approach to utilize according to input characteristics as detailed in the three-zone
performance analysis.

One clear recommendation: avoid direct LLM automation entirely for production medical coding.
The consistently inadequate precision across all document lengths and model scales makes autonomous
LLM generation unsuitable for clinical use.

The agentic filtering automation approach addresses a real clinical challenge. Manual ICD-10
coding consumes significant time and directly impacts hospital reimbursement and revenue cycle
management. By utilizing agentic Al to achieve competitive accuracy with compact models, this au-
tomation approach enables resource-constrained healthcare settings to implement effective automated
coding assistance.

5.3. Comparison with Related Work

This study extends prior medical coding automation research by systematically investigating
three distinct automation approaches: deep learning automation, direct LLM automation, and agentic
filtering automation utilizing agentic Al. Previous work showed moderate success with deep learning
automation (PLM-ICD) and explored LLM applications in healthcare. The findings add something
new—clear guidance on how to effectively utilize agentic Al for automation. The agentic filtering
automation approach represents a novel contribution, demonstrating that effective automation is
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achieved by utilizing agentic Al to strategically integrate specialized models with LLM verification,
rather than relying on autonomous LLM generation.

How does this compare to traditional ensemble methods? Traditional ensembles typically improve
the baseline by 0.1-0.5 percent through model aggregation and voting. The agentic approach achieves
much larger gains for specific configurations—up to 36.7 times for Llama-3.2-3B. Keep in mind, though,
that improvements vary significantly across models and document lengths. Another advantage:
unlike ensembles requiring multiple trained models, the approach uses a single baseline model with
LLM-based filtering.

5.4. Precision-Oriented Design Rationale

This study explicitly focuses on precision-enhancing agentic filtering for human-in-the-loop
workflows rather than comprehensive autonomous coding. In real-world implementation, professional
coders review Al-generated suggestions, verify accuracy, and add missing codes based on clinical
judgment. Within this workflow, precision is prioritized because incorrect suggestions waste coder
time and create audit liability; broader coverage metrics such as recall are acknowledged conceptually
but were not measured in this evaluation.

The empirical results demonstrate this design choice quantitatively. Baseline PLM-ICD provides
15 code suggestions at 55.8 percent precision, while agentic Llama provides 4 selective suggestions
at 55.1 percent precision. The key advantage? A 73 percent reduction in false positives—from 6.6 to
1.8 incorrect suggestions per case. This precision-oriented design aligns with established practices in
clinical decision support systems [47], where high specificity prevents alert fatigue [48] and maintains
clinician trust.

6. Conclusions

This study addresses a practical question for clinical automation: how can agentic Al be deployed
to deliver reliable ICD-10 coding [1,2]? Three automation strategies were compared—deep learning
pipelines [9], direct LLM generation [49], and an agentic filtering workflow. The evidence points to the
latter: the most effective systems pair specialized predictors with LLM-based validation, producing
sizeable gains even when the base models remain compact.

These findings reach beyond ICD coding. They outline a general blueprint for automating clinical
workflows with agentic Al. Task decomposition that couples domain-specific candidate generators
with agentic verification can outperform monolithic, end-to-end LLM automation across other clinical
NLP settings as well.

The agentic filtering automation approach also provides pathways for more interpretable auto-
mated systems. LLMs can be prompted to output textual justifications for acceptance or rejection of
specific automated predictions, which could enhance clinical interpretability and trust in Al-driven
automation, though evaluating the quality and accuracy of such explanations remains future work.

Future work could build on these findings in several ways. Incorporating document-length—aware
routing may enable automatic selection of the most appropriate approach for each case. In addition,
adaptive confidence thresholding might better balance precision-recall trade-offs. Evaluation frame-
works should expand beyond precision to incorporate recall and F1-score metrics. Finally, explain-
ability mechanisms that prompt LLMs to generate textual justifications could enhance clinical trust,
though rigorous evaluation of such explanations’ accuracy and clinical validity would be essential.

What's the bottom line? The future of automating clinical coding doesn’t lie in end-to-end LLM
automation. Instead, strategic utilization of agentic Al through task decomposition works better.
Deep learning automation generates accurate candidates. Agentic Al provides intelligent automated
verification and filtering. This complementary automation architecture creates coding systems that are
more accurate and interpretable—exactly what real-world healthcare implementation demands.

Clinical Al automation will keep evolving, but one principle should stay constant: match each
automation approach to what it does best, then orchestrate them through agentic AL The aim is not to

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.2138.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 December 2025 d0i:10.20944/preprints202512.2138.v1

13 of 16

supplant clinicians; it is to build supportive systems whose agentic verification complements human
expertise and keeps workflows grounded in real-world practice.
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Abbreviations

The following abbreviations are used in this manuscript:

ICD International Classification of Diseases

ICD-10 International Classification of Diseases, 10th Revision
LLM Large Language Model

PLM Pretrained Language Model

PLM-ICD  Pretrained Language Model for ICD

Al Artificial Intelligence

NLP Natural Language Processing

MIMIC-IV  Medical Information Mart for Intensive Care IV
ML Machine Learning

DUA Data Use Agreement

CITI Collaborative Institutional Training Initiative
IRB Institutional Review Board

TF-IDF Term Frequency-Inverse Document Frequency
BPE Byte Pair Encoding

CNN Convolutional Neural Network

RNN Recurrent Neural Network

GPU Graphics Processing Unit

mAP Mean Average Precision

ROC Receiver Operating Characteristic
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