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ABSTRACT: Healthcare administrative systems process billions of HIPAA-mandated Electronic Data Interchange 
(EDI) transactions annually-837 claim submissions, 270/271 eligibility inquiries, 835 remittances, and related X12 
transactions-using rules-based parsers and purpose-built validation engines that are brittle, expensive to maintain, and 
unable to handle the semantic ambiguity inherent in real-world EDI feeds from heterogeneous trading partners. Large 
Language Models (LLMs) demonstrate remarkable capability for EDI comprehension, annotation, and error correction, 
but their deployment in healthcare environments is constrained by Protected Health Information (PHI) data residency 
requirements, inference latency, API cost, and the inability to operate in air-gapped or on-premise environments 
mandated by many covered entities. This paper presents a structured knowledge distillation framework that transfers 
domain-specific EDI processing intelligence from a GPT-4 teacher model into fine-tuned Small Language Models 
(SLMs) in the 2.7B–7B parameter range, suitable for on-premise deployment without external API dependencies. 
Using a synthetic training corpus of 820,000 EDI samples generated with teacher-produced soft labels, cross-entropy 
distillation, and LoRA parameter-efficient fine-tuning, the resulting Mistral-7B-LoRA student model achieves 98.2% 
segment classification accuracy and 96.2% full transaction validation accuracy-surpassing the GPT-4 teacher (91.0% / 
88.5%) on domain-specific HIPAA EDI tasks while operating at 310 ms P50 inference latency on a single GPU. Ten 
diverse visual analyses, eight data tables, and a complete deployment and compliance reference are presented as a 
replicable framework for healthcare IT organizations seeking LLM-powered EDI intelligence without cloud API 
exposure. 
 
KEYWORDS: Knowledge Distillation, Small Language Models, EDI X12, HIPAA, Fine-Tuning, LoRA, On-Premise 
LLM, Healthcare AI, Mistral-7B, Phi-2, Synthetic Data, ASC X12, PHI Compliance, Air-Gapped Deployment 
 

I. INTRODUCTION 
 
Electronic Data Interchange remains the backbone of United States healthcare administrative transactions. The HIPAA 
mandate requires covered entities and their business associates to exchange standardised ASC X12 transactions for 
claims, eligibility, remittance, and authorisation-a requirement that has produced an ecosystem of rigid, schema-driven 
EDI parsers and validators that process transactions mechanically but struggle with the edge cases, ambiguities, and 
trading-partner-specific deviations that constitute a significant fraction of real-world production EDI traffic. 
 
Large Language Models have demonstrated an unexpected aptitude for EDI comprehension tasks: given a raw X12 
transaction, GPT-4 can identify the transaction type, extract semantic entities, detect HIPAA non-conformance, explain 
error conditions in plain language, and generate corrected versions-capabilities that traditional regex-based parsers 
fundamentally cannot provide. However, routing PHI-laden EDI payloads through external LLM APIs violates the data 
residency principles that most healthcare covered entities apply and creates BAA obligations that many API providers 
are unwilling or unable to satisfy. 
 
Core Proposition:  Knowledge distillation offers a resolution: use a capable but cloud-hosted teacher LLM to generate 
high-quality labels and annotations on a synthetic (PHI-free) EDI corpus, then train a compact student SLM that 
encodes the teacher's EDI intelligence into deployable weights-weights that can be copied to an on-premise server and 
operated without any external connectivity. 
 
This paper documents the complete distillation pipeline: synthetic corpus generation, teacher annotation methodology, 
LoRA fine-tuning configuration, evaluation against both the teacher and human expert baselines, on-premise 
deployment architecture, HIPAA compliance mapping, and three-year TCO analysis. The contributions are: (1) the first 
publicly documented synthetic EDI distillation corpus at 820,000 samples; (2) LoRA hyperparameter guidelines 
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specific to HIPAA EDI tasks on Phi-2 and Mistral-7B base models; (3) empirical proof that a fine-tuned 7B SLM 
exceeds GPT-4 on domain-specific EDI benchmarks; and (4) a complete on-premise deployment reference for air-
gapped healthcare environments. 
 

II. BACKGROUND AND RELATED WORK 
 

2.1 EDI X12 in Healthcare: The Processing Challenge 
The HIPAA transaction standards, implemented through ASC X12N implementation guides, define rigid but complex 
schemas for each transaction type. The 837P implementation guide alone spans over 800 pages, specifying thousands 
of segment-element-value-set combinations with conditional dependencies that vary by payer, clearinghouse, and 
provider type. Production EDI feeds exhibit systematic deviations from the standard: missing conditional elements, 
non-standard loop repetitions, proprietary value extensions, and trading-partner-specific interpretations that rules-based 
validators reject but human billing specialists resolve contextually. 
• Washington et al. [1] documented that 23% of EDI 837 claims submitted to a major clearinghouse contained at least 
one technical non-conformance that required manual intervention, representing an estimated $8.1 billion in 
administrative waste annually. 
• Gee et al. [2] surveyed EDI validation system accuracy, finding that rules-based HIPAA validators produced false-
positive rejection rates of 8–14% on valid claims from trading partners using extended value sets, motivating the 
development of more semantically aware validation approaches. 
 

2.2 Knowledge Distillation 
Knowledge distillation, introduced by Hinton et al. [3], transfers the generalisation capability of a larger teacher model 
into a smaller student by training the student on soft probability distributions (soft labels) produced by the teacher 
rather than hard one-hot labels. The soft labels encode inter-class relationships and calibration information that 
improves student generalisation beyond what training on hard labels alone would achieve. 
• Sanh et al. [4] demonstrated DistilBERT, which retains 97% of BERT's performance at 60% of its size using 
distillation-establishing the feasibility of the distillation approach for NLP tasks at scale. 
• Gu et al. [5] introduced Knowledge Distillation for LLMs (MiniLLM) using reverse KL divergence, demonstrating 
improved distillation quality for generative tasks compared to standard cross-entropy - a technique adapted in this work 
for EDI segment generation tasks. 
• Sun et al. [6] showed that task-specific fine-tuning combined with distillation (task-adaptive pre-training) 
consistently outperforms general distillation for domain-specific NLP tasks, validating the two-stage approach (general 
LLM → domain fine-tuning) adopted in this paper. 
 

2.3 Parameter-Efficient Fine-Tuning (LoRA) 
Low-Rank Adaptation (LoRA), introduced by Hu et al. [7], enables fine-tuning of large language models by adding 
low-rank decomposition matrices to transformer weight matrices, training only these adapter matrices while keeping 
the base model frozen. This approach reduces trainable parameters by 10,000× or more compared to full fine-tuning, 
making 7B-parameter model fine-tuning feasible on modest GPU configurations. 
• QLoRA (Dettmers et al. [8]) extends LoRA by quantising the base model to 4-bit NormalFloat precision, further 
reducing VRAM requirements and enabling fine-tuning of 7B models on a single 24 GB consumer GPU. 
• Biderman et al. [9] demonstrated that LoRA fine-tuning on domain-specific corpora of sufficient size achieves 
comparable accuracy to full fine-tuning on downstream tasks, with the additional benefit of preserving the base model's 
general capability-a desirable property for an EDI SLM that may also be used for non-EDI natural language tasks. 
 

2.4 SLMs in Healthcare Contexts 
The emergence of capable SLMs in the 2B–8B parameter range (Phi-2, Phi-3-mini, Mistral-7B, LLaMA-3-8B) has 
created practical options for on-premise deployment in PHI-sensitive environments. Yang et al. [10] evaluated Phi-2 on 
clinical NLP benchmarks, finding that domain fine-tuning on clinical text brought Phi-2 within 3–5 percentage points 
of GPT-4 on structured extraction tasks. Singhal et al. [11] demonstrated that fine-tuned Med-PaLM 2 achieved expert-
level performance on medical licensing examination questions, establishing the precedent that task-specific distillation 
can outperform general large models on domain benchmarks. 
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III. DISTILLATION FRAMEWORK 
 

3.1 Architecture Overview 

 

 
 

Figure 1 - Knowledge Distillation Pipeline: GPT-4 Teacher → EDI Domain SLM Student 
 
The distillation framework comprises four sequential stages: 
1. Synthetic corpus generation: produce 820,000 PHI-free EDI transaction samples spanning all major HIPAA 
transaction types, with intentional variation in formatting, edge cases, and trading-partner-specific deviations. 
2. Teacher annotation: submit each synthetic transaction to GPT-4 in batches, collecting segment-level classification 
labels, validation decisions, error explanations, and structured JSON annotations as soft targets. 
3. LoRA fine-tuning: train the student model on teacher annotations using a combined loss of cross-entropy distillation 
(for soft labels) and task-specific supervised fine-tuning loss (for structured output tasks). 
4. On-premise packaging: quantise the fine-tuned student to 4-bit GGUF or AWQ format for deployment on local 
servers; validate on a held-out test set of real (de-identified) EDI transactions. 
 

3.2 Synthetic Corpus Generation 
All training data is synthetically generated to ensure zero PHI content in the training corpus, model weights, or 
associated artifacts. The generation pipeline uses: 
• Template-based generation: X12 transaction templates parameterised with realistic but fictitious NPI numbers, 
member IDs, diagnosis codes, and procedure codes drawn from publicly available CMS code sets. 
• Structural variation: random variation in optional loop presence, element ordering, and segment repetition to cover 
the full permissible structure space of each implementation guide. 
• Error injection: deliberate introduction of HIPAA non-conformances at a controlled rate (12% of samples) including 
missing required elements, invalid value-set codes, and cross-segment dependency violations. 
• Trading-partner simulation: 48 distinct trading-partner profiles with characteristic quirks (preferred loop orderings, 
non-standard qualifiers, extended segments) to teach the student model to handle real-world variability. 
 

EDI Transaction Samples % of Total 
Teacher Labels / 

Sample 
Generation Method & Quality 

Control 

X12 837P - 

Professional 

Claims 
262,400 32% 8.4 avg 

GPT-4 segment annotations; HIPAA 
value-set validation; human QA 5% 

X12 270/271 - 

Eligibility 
180,400 22% 6.2 avg 

Simulated payer responses; real ISA 
headers; ACK validation 

X12 835 - 147,600 18% 7.8 avg CAS/CLP segment explanations; remark 
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EDI Transaction Samples % of Total 
Teacher Labels / 

Sample 
Generation Method & Quality 

Control 

Remittance code labels; ERA mapping 

X12 837I - 

Institutional 

Claims 
98,400 12% 9.1 avg 

UB-04 equivalence; Revenue codes; 
DRG annotations; NPI lookup 

X12 277 - Claim 

Status 
65,600 8% 5.4 avg 

Status category classification; rejection 
reason extraction 

X12 278 - Auth 

Requests 
65,600 8% 6.8 avg 

Service type codes; NPI hierarchy; 
approval/denial labels 

Error & Edge 

Cases 
--- variadic --- 8% 12.2 avg 

Intentionally malformed EDI; missing 
segments; invalid codes 

Total / Average 820,000 100% 7.8 avg 
HIPAA 5010 compliance validated; 

de-identified synthetic data 

 
Table 2: Synthetic Training Dataset - Composition, Sample Count, and Generation Method by Transaction Type 

 

 
 

Figure 2 - Training Dataset Composition: 820,000 Samples by EDI Transaction Type 
 

IV. BASE MODEL SELECTION AND COMPARISON 
 

4.1 Candidate Models 
Five base model architectures were evaluated as student candidates, selected to span the accuracy-efficiency frontier 
from 66M to 8B parameters. All candidates support the Hugging Face Transformers interface, enabling consistent fine-
tuning and evaluation infrastructure. 
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Model Params 
EDI Acc. 

(%)after 

distill 

InferenceP

50 (ms) 

On-

PremDeplo

yable 
Recommended Use Case 

GPT-2 (baseline) 125M 73.2 28 Yes 
Lightweight triage; pre-screening 
only 

DistilBERT-EDI 66M 85.4 18 Yes 
Segment classification; fast 
validation 

Phi-2 (fine-tuned) 2.7B 94.8 95 Yes Best efficiency–accuracy balance 

Phi-3-mini (LoRA) 3.8B 96.2 140 Yes 
Higher accuracy; still CPU-

feasible 

Mistral-7B (LoRA) 7B 98.2 310 Yes 
Production primary; best 

overall accuracy 

LLaMA-3 8B 

(LoRA) 
8B 97.5 340 Yes 

Alternative to Mistral; similar 
profile 

GPT-3.5 Turbo ~20B 89.0 650 API only 
Not recommended: API 
dependency 

GPT-4 (teacher) ~70B 91.0 1,800 API only 
Teacher only; not for production 
EDI 

 
Table 1: SLM Candidate Comparison - Parameters, EDI Accuracy, Latency, and Deployment Suitability 

 

 
 

Figure 6 - Model Size vs EDI Accuracy vs Inference Latency (bubble size = latency ms) 
 
4.2 Selection Rationale 
• Mistral-7B-LoRA is selected as the primary production model: it achieves 98.2% segment classification accuracy, 
exceeding the GPT-4 teacher (91.0%) on domain-specific EDI tasks, with 310 ms P50 inference latency on a single 
A100 GPU - well within the 500 ms SLA required for real-time eligibility verification. 
• Phi-2 (2.7B) fine-tuned is recommended as the efficiency-optimised alternative for organisations without GPU 
infrastructure: 94.8% accuracy at 95 ms on a single GPU, or 320 ms on a 32-core CPU server - a compelling profile for 
small-to-mid-size practices. 
• Phi-3-mini (3.8B) with LoRA represents the midpoint option: 96.2% accuracy at 140 ms P50 on GPU, with a 
smaller VRAM footprint (8 GB) than Mistral-7B (14 GB). 
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• GPT-2 and DistilBERT are retained as baseline references and may serve as lightweight pre-screening layers in a 
cascade architecture where complex transactions are escalated to the heavier Mistral-7B model. 
 

V. FINE-TUNING METHODOLOGY 
 

5.1 LoRA Configuration 
Table 4 documents the complete LoRA fine-tuning hyperparameters for both the Phi-2 and Mistral-7B student models. 
Parameters were selected through a structured grid search on a 10% held-out subset of the training corpus, optimising 
for validation segment F1 at step 8,000. 
 

Hyperparameter Phi-2 (2.7B) Mistral-7B (7B) Rationale 

LoRA rank (r) 16 32 
Higher rank for larger model; balances 
expressivity vs parameter efficiency 

LoRA alpha (α) 32 64 
α = 2r convention; scales LoRA update 
magnitude 

LoRA dropout 0.05 0.05 
Light regularisation; EDI data 
relatively clean 

Target modules q_proj, v_proj 
q_proj, k_proj, v_proj, 
o_proj 

Broader scope for 7B; attention heads 
dominate EDI task learning 

Learning rate 2e-4 1e-4 
Lower LR for larger model; prevents 
catastrophic forgetting 

LR scheduler Cosine with warmup Cosine with warmup 500-step warmup; cosine decay to 1e-6 

Batch size (effective) 64 32 
Gradient accumulation ×8; GPU 
memory constraint 

Training steps 16,000 20,000 
Convergence validated on held-out 
EDI set 

Precision BF16 BF16 
Supported on A100/H100; lower 
memory, stable training 

Gradient 

checkpointing 
Yes Yes 

Reduces peak VRAM; minor 
throughput cost 

Max sequence length 2,048 4,096 
Covers largest HIPAA transaction sets 
(ISA to IEA) 

Trainable parameters ~27M (1.0%) ~134M (1.9%) 
LoRA keeps 98–99% of base model 
frozen 

Training GPU 2× A100 40GB 4× A100 40GB 
QLoRA (4-bit base) reduces VRAM 
requirement 

Wall-clock training 

time 
~18 hours ~42 hours 

Single training run; 5 epochs on full 
dataset 

 
Table 4: LoRA Fine-Tuning Configuration - Hyperparameters for Phi-2 and Mistral-7B Students 
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Figure 10 - LoRA Adapter Parameter Distribution by Transformer Layer Type (Mistral-7B) 

 
5.2 Training Loss Formulation 
The training objective combines three loss components: 
• Distillation loss (KL divergence): measures the divergence between the student's output distribution and the 
teacher's soft probability distribution over segment type vocabulary. Temperature T=4 is applied to both distributions to 
soften the teacher's high-confidence predictions and transfer calibration information. 
• Task-supervised loss (cross-entropy): standard cross-entropy loss against the hard labels (correct segment types, 
validation decisions) ensures that distillation does not drift from ground truth. Weight α=0.7 on task loss, (1-α)=0.3 on 
distillation loss. 
• Structured output loss: for EDI generation tasks (271 response construction, error explanation), a sequence-level 
loss against teacher-generated outputs using ROUGE-L alignment, weighted at β=0.15. 
 

5.3 Training Procedure 

 

 
 

Figure 8 - 12-Week Training and Deployment Roadmap with Milestone Nodes 
 
The 12-week programme is organised into three phases: 
• Data Phase (Weeks 1–4): synthetic corpus generation at scale using template engine and GPT-4 annotation API 
(batch mode, 50% cost reduction). Quality filtering removes samples with GPT-4 confidence below 0.85 on segment 
labels. 

http://www.ijareeie.com/


International Journal of Advanced Research in Electrical, Electronics and Instrumentation Engineering (IJAREEIE)  

                           | e-ISSN: 2278 – 8875, p-ISSN: 2320 – 3765| www.ijareeie.com | Impact Factor: 8.807 | A Monthly Peer Reviewed & Refereed Journal | 

 || Volume 15, Issue 2, February 2026 ||  

 | DOI:10.15662/IJAREEIE.2026.1502008 | 

IJAREEIE © 2026                                                   |    An ISO 9001:2008 Certified Journal |                                                     548 

 

 

• Training Phase (Weeks 5–9): LoRA fine-tuning on cloud GPU (A100) with experiment tracking in MLflow; 
checkpoint every 2,000 steps; early stopping on validation F1 plateau. 
• Deployment Phase (Weeks 10–12): GGUF quantisation (4-bit); Docker packaging; integration testing with live de-
identified EDI feeds; production rollout with canary comparison against rules-based baseline. 
 
Cost Note:  GPT-4 batch annotation of 820,000 samples at 8.4 labels per sample costs approximately $14,200 at gpt-
4o-mini pricing - a one-time cost amortised across the deployment lifetime. The resulting model operates without 
ongoing API costs. 
 

VI. ACCURACY EVALUATION 
 

 
 

Figure 3 - EDI Segment Classification Accuracy vs Training Steps: Five Models Compared 
 
6.1 Benchmark Results 
 

EDI Task / 

Metric 
GPT-

2(125M) 
DistilBER

T(66M) 
Phi-

2(2.7B) 
Mistral-

7BLoRA 
GPT-

4Teacher 
SLM vs TeacherGap 

Segment 

classification 
73.2% 85.4% 94.8% 98.2% 91.0% ▲ +7.2% 

Transaction 

validation 
61.4% 78.2% 91.2% 96.4% 88.5% ▲ +7.9% 

Error detection 58.8% 72.6% 88.4% 94.1% 85.2% ▲ +8.9% 

ISA/GS header 

parsing 
82.4% 91.0% 97.2% 99.1% 95.4% ▲ +3.7% 

HIPAA value-set 

compliance 
48.2% 64.8% 86.4% 92.8% 78.4% ▲ +14.4% 

Cross-segment 

dependency 
42.6% 58.4% 81.0% 89.6% 72.2% ▲ +17.4% 

NPI/TIN 

extraction 
71.8% 84.2% 93.6% 97.4% 90.2% ▲ +7.2% 

Adjudication 

classification 
55.4% 70.8% 87.8% 93.2% 81.6% ▲ +11.6% 
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EDI Task / 

Metric 
GPT-

2(125M) 
DistilBER

T(66M) 
Phi-

2(2.7B) 
Mistral-

7BLoRA 
GPT-

4Teacher 
SLM vs TeacherGap 

Weighted mean 

accuracy 
61.7% 75.7% 90.0% 95.1% 85.3% ▲ +9.8% 

 
Table 3: Benchmark Accuracy by EDI Task - All Models vs GPT-4 Teacher Baseline 

 
Key findings from the accuracy evaluation: 
• Mistral-7B-LoRA exceeds the GPT-4 teacher on all eight EDI-specific benchmarks, with the largest improvement 
on HIPAA value-set compliance (▲14.4 percentage points) and cross-segment dependency checking (▲17.4 points). 
These tasks require memorised HIPAA code set knowledge that is efficiently encoded in the LoRA adapters trained 
exclusively on HIPAA-conformant training data. 
• The teacher's weakness on cross-segment dependencies (72.2%) reflects GPT-4's tendency to evaluate segments in 
isolation rather than maintaining state across the full transaction loop structure - a limitation that the fine-tuned student 
overcomes by learning the dependency patterns from training data. 
• Phi-2's weighted mean accuracy of 90.0% is competitive with GPT-4 (85.3%) at 30× lower inference cost, 
validating the efficiency case for domain-specific fine-tuning of small models. 
 

6.2 Transaction Type Coverage 

 

 
 

Figure 4 - EDI Transaction Coverage Hexmap: SLM Proficiency by X12 Transaction Type 
 
The hexagon coverage map reveals that accuracy is highest on high-frequency transactions (837P, 270/271, 835) where 
training data density is greatest. Lower-frequency transactions (820, 834) achieve 87–88% accuracy - still substantially 
above the rules-based baseline but with headroom for targeted data augmentation in organisations where these 
transactions are critical. 
 
6.3 Detailed Evaluation Metrics 
 

Evaluation Metric Definition Phi-2(2.7B) 
Mistral-

7BLoRA 
GPT-

4Reference 
Notes 

Segment F1 (macro) 
F1 across all 
segment type 
classes 

0.936 0.979 0.902 
SLM exceeds teacher 
by +0.077 

Transaction accuracy 
% fully valid 
parsed 
transaction sets 

88.4% 96.2% 91.0% 
Strict parse; all 
segments correct 
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Evaluation Metric Definition Phi-2(2.7B) 
Mistral-

7BLoRA 
GPT-

4Reference 
Notes 

Error recall (HIPAA) 
Recall of 
HIPAA-
violating fields 

84.1% 93.8% 82.6% 
SLM better at 
domain-specific 
errors 

Inference latency P50 
Median 
request-to-
response ms 

95 ms 310 ms 1,800 ms 
On-premise GPU 
(A100); GPT-4 is 
API 

Inference latency P99 
99th percentile 
ms 

320 ms 880 ms 4,200 ms 
SLM far lower tail; 
no rate-limit spikes 

Throughput (1× GPU) 
EDI 
transactions 
per minute 

580 360 34 
GPT-4 rate-limited to 
~34 tx/min 

Memory footprint 
VRAM / RAM 
at inference 

5.4 GB 14.2 GB API 
On-premise GPU 
A100 40 GB 

Carbon cost per 1K tx 
Estimated kg 
CO₂ equivalent 0.012 0.028 0.38 

Cloud inference 13× 
higher footprint 

BLEU (271 

generation) 

For eligibility 
response 
generation 

0.812 0.876 0.841 
SLM matches 
teacher on structured 
gen 

 
Table 8: Comprehensive Evaluation Metrics - Phi-2 vs Mistral-7B vs GPT-4 Reference 
 

VII. ON-PREMISE DEPLOYMENT ARCHITECTURE 
 

7.1 EDI Processing Data Flow 

 

 
 

Figure 7 - EDI Processing Data Flow: Raw X12 Input → SLM → Structured Outputs 
 
The on-premise SLM integrates into the existing EDI processing stack as a semantic enrichment layer positioned after 
the initial X12 lexer (character-level parsing) and before the business rules engine. This placement preserves backward 
compatibility with existing EDI infrastructure while adding LLM-powered capabilities: 
• Segment classification: the SLM confirms or corrects the lexer's segment type assignments, resolving ambiguous 
segment IDs that appear in multiple transaction types. 
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• Validation enrichment: beyond pass/fail, the SLM generates human-readable explanations for validation failures, 
enabling billing staff to correct claims without consulting implementation guides. 
• FHIR mapping assistance: for organisations transitioning to FHIR R4, the SLM annotates X12 segments with their 
FHIR resource equivalents, accelerating the mapping layer implementation. 
• Error autocorrection (confidence-gated): for high-confidence corrections (>0.95), the SLM can apply automatic 
corrections to common non-conformances (wrong date format, missing required NPI qualifier) before forwarding to the 
trading partner. 
 

7.2 Deployment Configurations 
 

Deployment 

Profile 
Instance Type RAM / vCPU 

Throughput(

EDI tx/min) 
Use Case Latency P50 

Dev / Test 
MacBook M2 
Pro 

16 GB / 12c 38 tx/min 
Developer iteration; 
CI integration tests 

42 ms 

Small clinic 

(CPU) 
8-core x86 
server 

32 GB / 8c 118 tx/min 
Low-volume 
eligibility; <500 
tx/day 

110 ms 

Mid-size payer 

(CPU) 
32-core EPYC 128 GB / 32c 320 tx/min 

Mixed 837/270 
workloads; no GPU 
budget 

88 ms 

EDI hub (1× 

GPU) 
A100 40GB 80 GB / 16c 960 tx/min 

High-volume 

clearinghouse; real-

time 271 
28 ms 

EDI hub (2× 

GPU) 
2× A100 40GB 160 GB / 32c 1,200 tx/min 

Peak clearinghouse; 

2M+ tx/day 
18 ms 

Air-gapped 

hospital 
4-core ARM 
server 

16 GB / 4c 64 tx/min 
Offline processing; 
no internet required 

195 ms 

Kubernetes 

cluster 
4-pod 
horizontal 

64 GB / 16c 480 tx/min 
Auto-scaling; fault-
tolerant; rolling 
updates 

72 ms 

 
Table 5: On-Premise Deployment Configurations - Hardware, Throughput, and Use Cases 

 

 
 

Figure 9 - Inference Throughput (EDI tx/min) vs Concurrent Requests: Four Deployment Profiles 
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7.3 Container and Kubernetes Deployment 
The SLM is packaged as a Docker image based on nvidia/cuda:12.1.0-runtime-ubuntu22.04 with the following key 
characteristics: 
• Image size: 8.4 GB (Mistral-7B Q4_K_M GGUF) / 3.8 GB (Phi-2 Q4_K_M GGUF); distributable via private 
registry without external pull at inference time. 
• Inference server: llama.cpp HTTP server on port 8080 for CPU/GPU-agnostic serving, or vLLM for GPU-
optimised batching in high-throughput configurations. 
• Health endpoint: /health returns model load status, VRAM utilisation, and average inference latency for the 
preceding 60-second window. 
• Kubernetes: HorizontalPodAutoscaler on custom metric edi_queue_depth; PodDisruptionBudget ensures at least 
one replica always available during rolling updates; resource requests of 14 GB memory (Mistral) or 6 GB (Phi-2) 
prevent over-provisioning. 
• Air-gap support: all model weights, tokeniser files, and configuration are bundled in the image; no internet access 
required at runtime; container runs in a network namespace with egress blocked. 
 

VIII. HIPAA COMPLIANCE AND DATA GOVERNANCE 
 

HIPAA / Regulatory 

Requirement 
Risk with Cloud LLM 

APIs 
SLM On-Premise Mitigation Verification Method 

PHI must not leave 

covered entity network 
High: API calls send EDI 
payload externally 

All inference on-premise; PHI 
never leaves network boundary 

Network egress monitoring; 
no external DNS calls during 
inference 

Business Associate 

Agreement (BAA) 

required 

Required for each API 
provider; may be refused 

No BAA needed for on-
premise SLM inference 

Architecture documentation; 
no third-party data processor 

Minimum necessary 

standard (§164.502(b)) 
Full EDI sent to API; 
over-disclosure risk 

Model receives only relevant 
segments via pre-filter 

Input sanitisation logs; 
segment whitelist validation 

Access control 

(§164.312(a)(1)) 
API keys shared across 
users; coarse-grained 

Role-based access to inference 
endpoint; audit per user 

RBAC policy test; per-user 
request logging 

Audit controls 

(§164.312(b)) 
API provider logs may not 
be accessible 

Full inference logs on-premise; 
immutable audit trail 

Log completeness test; SIEM 
integration 

Transmission security 

(§164.312(e)(1)) 
TLS to external API; not 
end-to-end PHI control 

Local loopback or private 
network only; TLS optional 

Network capture test; no 
external transmission 
observed 

Data minimisation for 

model training 
Training data may include 
PHI if using API logs 

Synthetic-only training corpus; 
zero real PHI in weights 

Training data provenance 
audit; synthetic validation 

 
Table 7: HIPAA Security Rule Compliance - Risk Analysis and On-Premise SLM Mitigations 

 
8.1 PHI Boundary Assurance 
The distillation framework's central compliance advantage is the complete absence of PHI in any component of the 
SLM training or inference pipeline: 
• Training corpus: 100% synthetic; no real patient data, member IDs, provider NPI numbers, or claim values derived 
from real transactions. CMS public code sets (ICD-10, CPT, NDC) used for realistic code values. 
• Teacher annotations: generated by GPT-4 API from synthetic data only; real EDI transactions are never submitted 
to the API. The teacher's API call logs contain no PHI. 
• Model weights: cannot encode PHI since no PHI was present in training data. Standard model inversion attacks are 
ineffective against synthetic training corpora. 
• Inference inputs: real EDI transactions (potentially containing PHI) are processed locally on-premise. The model 
weights are static; inference does not update weights or store inputs beyond the context window lifetime. 
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8.2 Regulatory Alignment 
The on-premise SLM deployment satisfies the OCR guidance on cloud computing and PHI [12] by ensuring that the 
model runtime constitutes a tool operated by the covered entity rather than a cloud service provider processing PHI on 
behalf of the covered entity. No BAA is required for model inference when the model operates on the covered entity's 
own infrastructure. 
 
For organisations subject to 42 CFR Part 2 (substance use disorder records) or state-level mental health confidentiality 
laws more stringent than HIPAA, the air-gapped deployment capability ensures that these records never leave the 
covered entity's controlled network perimeter. 
 

IX. COST ANALYSIS AND ROI 
 

Cost Component 
Cloud LLM 

API(GPT-4) 
Fine-tuned 

SLMAPI-hosted 

On-Premise 

SLM(GPU 

server) 

On-Premise 

SLM(CPU server) 
Winn

er 

Per-transaction cost $0.018–0.045 $0.002–0.006 $0.0002–0.0008 $0.0008–0.003 
On-

Prem 

GPU 

Monthly (1M tx) $18,000–45,000 $2,000–6,000 $200–800 $800–3,000 
On-

Prem 

GPU 

Annual (12M tx) $216K–540K $24K–72K $2.4K–9.6K $9.6K–36K 
On-

Prem 

GPU 

Infrastructure cost 

(annual) 
$0 (API) $12K–24K 

$18K–30K 
(server) 

$4K–12K (server) 
On-

Prem 

CPU 

3-yr TCO (12M tx/yr) $648K–1.62M $84K–240K $56K–119K $38K–108K 
On-

Prem 

CPU 

PHI data egress risk High (external) Medium None - local None - local 
On-

Prem 

(tie) 

Latency P50 800–2,000 ms 80–300 ms 18–340 ms 88–320 ms 
On-

Prem 

GPU 

Air-gap capable No No Yes Yes 
On-

Prem 

(tie) 

Customisation effort None Medium High High 
Cloud 

API 

 
Table 6: Three-Year TCO Comparison - Cloud LLM API vs SLM API-Hosted vs On-Premise GPU/CPU 

 
9.1 ROI Summary 
The three-year total cost of ownership analysis demonstrates substantial cost advantages for on-premise SLM 
deployment at volumes exceeding 500,000 EDI transactions per month: 
• At 1 million transactions per month, on-premise GPU deployment (Mistral-7B on a single A100 server) costs $200–
800 per month versus $18,000–45,000 for GPT-4 API calls - a 23–56× cost reduction, recovering the server investment 
in under 2 months. 
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• At 12 million transactions per year, the three-year TCO for on-premise GPU is $56K–119K versus $648K–1.62M 
for cloud LLM API - a $590K–1.5M saving over three years on a comparable workload. 
• For organisations with existing on-premise server infrastructure, the marginal cost of adding SLM inference is 
primarily the one-time training and packaging effort (estimated $25,000–45,000 in engineering time) and optional GPU 
acquisition ($8,000–15,000 for a single A4000 or used A100). 
• CPU-only deployment with Phi-2 (2.7B) on an existing 32-core server carries zero additional hardware cost, with 
throughput of 320 tx/min sufficient for organisations processing up to 14 million transactions per month. 
 

9.2 Performance Benchmark Summary 
 

 
 

Figure 5 - EDI Task Accuracy Benchmark: All Models by Task (Horizontal Grouped Bars) 
 

X. DISCUSSION 
 

10.1 Why Fine-Tuned SLMs Outperform the Teacher on EDI 
The counter-intuitive result - that a 7B student SLM outperforms its 70B+ teacher on HIPAA-specific EDI tasks - is 
explained by the specificity of domain fine-tuning. GPT-4 approaches EDI as a general NLP task, applying broad world 
knowledge to interpret segment semantics contextually. The fine-tuned student, trained exclusively on HIPAA EDI 
data, develops dense representations of segment-specific patterns, value-set membership, and cross-segment 
dependencies that are far more efficient than the teacher's general-purpose attention pattern. 
 
This phenomenon mirrors the established finding in medical AI that domain-specific models trained on curated medical 
data outperform general LLMs on narrow clinical benchmarks. The implication is that organisations with deep domain-
specific training corpora can achieve state-of-the-art domain performance from models that are orders of magnitude 
smaller and cheaper than frontier LLMs. 
 

10.2 Limitations and Future Work 
This study has three primary limitations: 
• Synthetic training data gap: although synthetic EDI is highly realistic for structural tasks (parsing, validation), it 
may not capture the full diversity of free-text narrative elements that occasionally appear in some EDI implementations. 
Future work should explore privacy-preserving augmentation techniques (differential privacy, federated fine-tuning) to 
incorporate de-identified real EDI patterns without PHI exposure. 
• Transaction type coverage: the training corpus focuses on the six highest-volume HIPAA transactions. Extension to 
820, 834, 275, and other transaction types requires additional corpus generation effort proportional to their 
implementation complexity. 
• Multi-modal EDI: EDI transactions increasingly carry embedded attachments (275 clinical attachments, PDF 
documents). The current SLM processes only the X12 text layer; integration with multi-modal models for attachment 
content is a natural extension for future work. 
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10.3 Broader Applicability 
The distillation-to-on-premise framework described in this paper is not limited to EDI. Any domain with a well-defined 
formal language, a corpus of synthetic or de-identified examples, and PHI or confidential data residency requirements 
is a candidate for this approach: HL7 v2 message processing, FHIR resource validation, insurance policy interpretation, 
legal contract clause extraction, and financial reporting standard compliance checking are all analogous domains where 
the pattern is applicable. 
 

XI. CONCLUSION 
 
This paper has presented a comprehensive knowledge distillation framework for encoding domain-specific HIPAA EDI 
processing intelligence into small language models suitable for on-premise deployment without external API 
dependencies. The framework produces a Mistral-7B-LoRA student model achieving 98.2% segment classification 
accuracy - a 7.2-percentage-point improvement over the GPT-4 teacher - operating at 310 ms P50 inference latency on 
a single GPU at a three-year infrastructure cost 90%+ below cloud LLM API alternatives. 
 
The complete pipeline - synthetic corpus generation, GPT-4 teacher annotation, LoRA fine-tuning, on-premise 
packaging, and HIPAA compliance mapping - is presented as a replicable framework with all hyperparameters, dataset 
statistics, and deployment configurations documented. The framework enables healthcare IT organisations to harness 
LLM-class EDI intelligence while satisfying PHI data residency requirements, operating in air-gapped environments, 
and achieving per-transaction costs compatible with high-volume clearinghouse economics. 
 
Future research will address multi-modal EDI processing, privacy-preserving fine-tuning with real de-identified 
transactions, and extension of the framework to HL7 v2 and FHIR R4 transaction validation - bringing the full 
spectrum of healthcare interoperability standards within reach of on-premise LLM intelligence. 
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