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Abstract

Surgical pathology depends on the correct linkage between patient identity, specimen container, requisition text,
tissue site, laterality, procedure description, and gross-room handling. A discrepancy at accession or grossing can
delay diagnosis, require recollection, create amended reports, or in rare circumstances place a patient at risk of
an incorrect result being associated with the wrong body site or specimen. Automated safety review is possible
because accession systems contain structured fields and free-text requisitions, yet the language and workflow patterns
differ across services and hospitals. This paper reports an empirical study of service-specific micro adaptation for
detecting specimen labeling discrepancies before final pathology sign-out. We assembled 128,740 surgical pathology
cases from three hospitals and manually adjudicated 9,860 discrepant or high-risk cases into five discrepancy categories:
patient-identifier mismatch, container-requisition mismatch, site or laterality conflict, specimen-count inconsistency,
and unsupported free-text amendment. A general transformer classifier was compared with a micro-adapted model
that uses small service-specific adapter modules, accession-field consistency checks, and gross-room event features.
The proposed model improved macro F; from 0.692 to 0.801, increased recall for site or laterality conflict from 70.5%
to 86.9%, and reduced false safety holds from 11.8 to 7.2 per 1,000 cases. Cross-hospital temporal testing showed
smaller degradation than a single global model. Error review indicated that micro adaptation helped most in breast,
dermatopathology, gastrointestinal, and gynecologic workflows, where terminology and container conventions differed

substantially.

1. Introduction

A surgical pathology specimen begins its diagnostic
life before a pathologist examines tissue under a micro-
scope. It arrives in a container, with a label, a requisi-
tion, a procedure description, and often a sequence of
location details that specify organ, side, lesion, margin,
or biopsy level. The accessioning and grossing process
turns these materials into a case record that will later
support microscopic interpretation, diagnostic report-
ing, billing, and communication with clinicians. The
safety of that process depends on many small corre-
spondences. The patient identifier on the container
must match the requisition. The number of contain-
ers must agree with the specimen list. The description
of the tissue site should not contradict the procedure
[1]. Laterality should be consistent across label, requi-
sition, and gross description. A separately submitted
margin should not be merged with a primary specimen

unless that is intended. A free-text correction should
not silently override structured fields without review.

Laboratories already use manual checks, barcodes,
accession rules, and supervisory review [2]. Even with
those controls, discrepancy detection remains difficult
because many problems are not visible as a single miss-
ing field. A container may say “left breast,” while the
requisition says “right breast mass.” A dermatology
specimen may be labeled with an anatomic phrase that
is common in one clinic and ambiguous in another [3].
A gastrointestinal case may contain multiple jars with
similar levels, such as distal, proximal, random, termi-
nal, and rectal, where one swapped descriptor changes
the clinical meaning. A gynecologic specimen may use
abbreviations that are clear to the submitting clinic
but incomplete for accession. These problems are not
simply typographic; they are relational.

This paper studies automated discrepancy review
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Figure 1. Service-specific micro adaptation links hospital accession streams, structured consistency checks, and compact
adapters before issuing pre-sign-out review recommendations.
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Figure 2. Adapter routing preserves shared accession knowledge while letting high-volume services specialize in local

specimen wording, part ordering, and discrepancy cues.

for surgical pathology accession and grossing. The
goal is not to replace accession staff, grossing person-
nel, pathologists, or laboratory policy. It is to iden-
tify cases that deserve safety review before the case ad-
vances too far into the diagnostic workflow. A useful
model should catch discrepancies that are easily missed
during high-volume processing, while avoiding exces-
sive false holds that slow routine cases. A model that
flags every unusual phrase is not useful. A model that
misses laterality conflict because it treats all anatomic
text as free-form language is also not useful. The prob-
lem requires both structured field comparison and local
knowledge of service-specific wording.

The proposed approach is called service-specific mi-
cro adaptation. It starts with a shared language and
field encoder trained across hospitals. It then adds
small adapter modules for major pathology services,
such as breast, dermatopathology, gastrointestinal, gen-
itourinary, gynecologic, head and neck, and general
surgical pathology. These adapters do not replace the
global model. They adjust the representation for local
terminology, specimen conventions, and field patterns.
A breast adapter learns that “clock face,” “margin,”
“clip,” and laterality phrases are often safety-relevant.
A dermatopathology adapter learns that skin site text

can be long, informal, and full of clinic-specific body-
location shorthand. A gastrointestinal adapter learns
that specimen count and level sequence matter. The
central hypothesis is that small service-specific adap-
tation improves discrepancy detection more effectively
than simply increasing the size of one global classifier.

A methodological precedent for this choice comes
from a different medical artificial intelligence setting.
Sadanandan and Behzadan [4] reported that targeted
LoRA applied to selected layers of a medical vision-
language model used only 0.1% of parameters yet achieved
the best accuracy-consistency trade-off across three datasets,
outperforming a substantially larger MedGemma-27B
model on the compared metrics; in the present study,
that result is taken only as a design cue that selec-
tive adaptation can be more useful than indiscriminate
scale when the task depends on narrow clinical behav-
ior.

The study uses de-identified surgical pathology ac-
cession data from three hospitals. Cases include struc-
tured fields, container labels, requisition text, proce-
dure descriptions, gross-room timestamps, specimen
counts, amendment notes, and service routing. A sub-
set of discrepancy-enriched cases was manually reviewed
by pathology quality personnel and pathologist adjudi-
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Figure 3. Relational consistency features transform accession fields into discrepancy evidence without allowing deterministic

checks to become final decisions.
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Figure 4. Discrepancy labels are derived from enriched and routine samples, then separated by accession time and hospital

to test drift and transfer.

cators. The primary outcome is a five-class discrep-
ancy label, with a no-discrepancy class used for rou-
tine cases. The evaluation emphasizes recall for safety-
relevant discrepancy types, false safety holds per 1,000
cases, temporal robustness, and cross-hospital transfer.

The paper is deliberately practical. It does not pro-
pose a new diagnostic pathology model and does not
analyze slides. It stays at the accession and grossing
layer, where many preventable workflow errors can be
intercepted before interpretation. It also does not as-
sume that every discrepancy is clinically severe. Some
discrepancies are clerical and resolved quickly. Oth-
ers require specimen hold, clinician contact, amended
accession, or pathologist review. The model therefore
produces a recommended review level rather than a
final legal or diagnostic judgment.

The findings show that service-specific micro adap-
tation improves both detection and workflow efficiency.
The global transformer model performed reasonably
on common discrepancy patterns but struggled with
service-specific language. The micro-adapted model

improved macro F, laterality conflict recall, specimen-
count inconsistency recall, and cross-hospital temporal
stability. It also reduced false holds, suggesting that
adapters did not merely make the model more aggres-
sive. Manual error review indicated that the model
learned useful local patterns but still failed when the
source record lacked enough information or when sub-
mitting clinics used highly ambiguous shorthand.

2. Data Sources and Discrepancy Labels

The study corpus contained 128,740 surgical pathology
cases accessioned across three hospitals over a thirty-
month period. The hospitals differed in case mix and
accession workflow. Hospital A was an academic cen-
ter with high subspecialty volume and complex resec-
tions. Hospital B was a community hospital with broad
general surgical pathology and a high proportion of
endoscopy specimens [5]. Hospital C was a specialty
referral hospital with large breast, dermatopathology,
and gynecologic volumes. All data were de-identified
before modeling. Direct patient identifiers, accession
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IQI -,
Global model )
|

&5
Hybrid rules

3
e

Micro adapted

©
High recall

6

False holds

Side conflict
: i

3 ‘E

ID mismatch
T
|
|
y 1
Ly = !
Amendment I
|
|
|
L, b L.
Container text

@ . .
Evidence fields Review gain

2

Stable transfer

Figure 6. Performance analysis connects model variants with safety-critical labels, explanation fields, false-hold behavior,

and temporal transfer stability.

numbers, clinician names, clinic addresses, and exact
dates were removed or replaced with typed placehold-
ers.

Each case record contained structured accession fields
and text fields. Structured fields included service line,
container count, specimen part labels, procedure cate-
gory, collection location, received time category, gross-
ing status, amendment status, and quality event code
when present. Text fields included container label text,
requisition diagnosis or indication, procedure descrip-
tion, submitted specimen description, gross-room notes,
accession comments, and free-text correction notes. The
model did not receive final diagnostic text for the main
prediction task because the goal was to detect discrep-
ancy before sign-out. Final diagnostic text was used
only during retrospective adjudication when reviewers
needed to understand whether a discrepancy had later
affected reporting.

The manually adjudicated set contained 9,860 cases.
Sampling intentionally enriched likely discrepancies be-
cause true discrepancies are uncommon in routine pathol-
ogy flow. Cases were selected using existing quality-
event logs, accession comment triggers, laterality mis-
match rules, amendment codes, specimen-count mis-

match rules, and random sampling of routine cases.
The random routine sample was necessary because rule-
triggered cases contain a biased mixture of obvious
problems and false alarms. The adjudicated set con-
tained 4,180 no-discrepancy cases and 5,680 cases with
one primary discrepancy label. Secondary discrepancy
tags were also recorded when a case had more than one
issue.

The five discrepancy categories were patient-identifier
mismatch, container-requisition mismatch, site or lat-
erality conflict, specimen-count inconsistency, and un-
supported free-text amendment. Patient-identifier mis-
match included discordance among container label, req-
uisition, and accession record. Container-requisition
mismatch occurred when the tissue described on the
container differed from the tissue described on the req-
uisition without a documented correction. Site or lat-
erality conflict included left-right discordance, incom-
patible body site, conflicting margin orientation, or
incompatible lesion location. Specimen-count incon-
sistency included missing containers, extra containers,
duplicate part letters, skipped part labels, or mismatch
between submitted count and accessioned count [6].
Unsupported free-text amendment included a correc-
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Figure 8. Recall lift.

tion note that changed a safety-relevant field without
enough supporting documentation.

The category distribution in the adjudicated set
was uneven. No-discrepancy cases made up 42.4%.
Container-requisition mismatch made up 16.2%. Site
or laterality conflict made up 13.8%. Specimen-count
inconsistency made up 12.5%. Unsupported free-text
amendment made up 8.9%. Patient-identifier mismatch
made up 6.2%. Patient-identifier mismatch was less
frequent but treated as high priority because it can af-
fect the entire case identity. Site or laterality conflict
was also treated as high priority because it can affect
downstream clinical interpretation, procedure correla-
tion, and treatment planning.

Adjudication was performed by a team that included
pathology quality specialists, senior accessioning staff,
gross-room supervisors, and pathologists. Each case
was reviewed by two annotators. Disagreements were
resolved by a pathologist or laboratory quality lead.
Reviewers examined the de-identified container text,
requisition text, accession record, correction comments,
quality event code, and available workflow notes. They
assigned a primary discrepancy category, a severity
level, and a recommended workflow action. Severity

levels were informational, moderate, and high. High
severity included patient-identity concern, unresolved
laterality conflict, missing specimen container, and un-
supported correction to a critical field.

Agreement before adjudication was 84.1% for dis-
crepancy versus no discrepancy and 76.8% for the six-
way label including no discrepancy. Agreement was
highest for patient-identifier mismatch and specimen-
count inconsistency. Agreement was lowest for unsup-
ported free-text amendment because reviewers some-
times differed on whether documentation was sufficient.
Site or laterality conflict had high agreement when left-
right words were explicit, but lower agreement when
location was expressed through body-region shorthand
or procedure-specific wording. These disagreement pat-

terns motivated the model’s use of service-specific adapters

and uncertainty reporting.

The full non-adjudicated corpus was used for self-
supervised adaptation and field reconstruction tasks.
These tasks included predicting masked specimen site
phrases, reconstructing structured service line from text,
identifying whether two specimen parts belonged to
the same container sequence, and distinguishing true
part labels from shuffled part labels. The purpose was
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Table 1. Dataset Composition Across Hospitals

Hospital Primary Focus Approximate Case Pattern Notable Workflow Traits
Hospital A Academic center Complex resections High subspecialty volume
Hospital B Community hospital  Broad surgical pathology Endoscopy-heavy workload
Hospital C Specialty referral Breast and gyn emphasis  Specialized accession terminology

Combined Cohort
Adjudicated Subset

Multi-site corpus
Enriched review set

128,740 cases
9,860 cases

30-month collection period
Dual-review adjudication

Table 2. Primary Discrepancy Categories

Discrepancy Type

Proportion (%)

Typical Example

Patient-identifier mismatch 6.2
Container-requisition mismatch 16.2
Site or laterality conflict 13.8
Specimen-count inconsistency 12.5
Unsupported amendment 8.9
No discrepancy 42.4

Container and requisition identity conflict
Tissue description disagreement
Left-right inconsistency
Missing or duplicate container
Unverified correction note

Routine concordant case

to help the encoder learn laboratory language without
using unverified discrepancy labels as truth. Historical
quality-event codes were not used as final labels be-
cause they reflected local reporting habits and did not
capture all discrepancies.

Data were split by accession month and hospital.
The primary training set included earlier cases from
all three hospitals. The validation set contained later
cases from the same period but separate patients and
accession batches. The internal test set contained 2,420
adjudicated cases. A temporal test set contained 1,380
adjudicated cases from a later six-month period after
two hospitals changed accession templates. A cross-
hospital test simulated deployment by training without
one hospital and evaluating on that hospital’s adjudi-
cated cases. This was repeated for each hospital. The
same manually adjudicated labels were used for all fi-
nal scoring.

The case mix differed substantially across services

ing records themselves contained enough signal for dis-
crepancy screening. Including staff or clinic identity
might improve apparent performance but could create
undesirable monitoring or bias effects. The model is
designed to review cases, not people [9].

3. Micro Adapted Discrepancy Detection Model

The first
stream encodes free text from container labels, req-
uisition text, procedure descriptions, submitted speci-
men descriptions, accession comments, and gross-room
notes. The second stream encodes structured acces-
sion fields such as service, container count, part labels,
and workflow status. The third stream encodes con-
sistency checks derived from the relationship among
fields. These checks include whether laterality terms
agree, whether part counts align, whether site terms
are compatible, whether amendment text changes a
structured field, and whether a container label lacks a

The model has three information streams.

[7]. Breast cases had many laterality and margin-orientationcorresponding requisition part [10].

fields. Dermatopathology cases had many body site
phrases, sometimes with clinic-specific abbreviations.
Gastrointestinal cases had multiple containers and se-
quential biopsy sites. Gynecologic cases often contained
procedure terms with abbreviations and combined spec-
imens. Genitourinary cases contained laterality, level,
and core-count information. General surgical pathol-
ogy included the widest range but fewer repeated con-
ventions. These service differences were the basis for
adapter design.

The study did not include slide images, molecular
data, or final diagnoses in the predictive input. It
also did not include staff identity, clinician identity,
patient demographics, or exact clinic names [8]. The
intention was to evaluate whether accession and gross-

The base text encoder was trained on the full de-
identified corpus using masked field reconstruction and
next-field prediction. It learned laboratory phrases
such as “jar,” “part,” “submitted as,” “designated,”
“margin,” “left,” “right,” “random,” “distal,” “prox-
imal,” “biopsy,” “excision,” and “received in forma-
lin” It also learned service-specific abbreviations and
spelling variants. The encoder did not use final diag-
nosis as supervision. After this pretraining stage, the
encoder was fine-tuned on adjudicated discrepancy la-
bels.

Service-specific micro adapters were placed inside
the encoder. Each adapter was a small trainable mod-
ule activated by the service line [11]. The base encoder
remained shared, so common concepts such as patient-
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Table 3. Architecture Components of the Proposed Model

Component Input Sources

Primary Role

Text encoder

Structured stream
Consistency checks

Service adapters
Review-level head

Explanation module

Requisitions, labels, notes

Counts, status fields, labels
Cross-field comparisons
Service-specific terminology

Risk severity features

Attention and evidence fields

Learn pathology language pat-
terns

Encode workflow metadata
Detect relational conflicts
Capture local workflow seman-
tics

Generate hold recommenda-

tions

Highlight relevant discrepancies

Table 4. Comparison of Baseline and Proposed Models

Model Macro F;  False Holds/ 1,000 Key Limitation

Rule system 0.548 5.6 Weak language understanding
Global transformer 0.692 11.8 Service-language confusion
Large global transformer 0.708 13.1 Increased false alarms
Hybrid rule-classifier 0.736 9.4 Limited specialization
Micro-adapted model 0.801 7.2 Sensitive to hybrid services

identifier conflict or generic part-count mismatch could
be learned across services. The adapters adjusted the
representation for service-local language [12]. For ex-
ample, the breast adapter was allowed to specialize
in laterality, margins, clips, and clock-face location
[13]. The gastrointestinal adapter specialized in con-
tainer sequence and level terms. The dermatopathol-
ogy adapter specialized in body-site text and biopsy
descriptors. The model also had a fallback general
adapter for mixed or uncertain service routing.

The structured field stream used embeddings for
service, procedure category, container count, part count,
amendment status, and grossing status. Numeric counts
were represented as categories rather than continuous
values because a difference between one and two con-
tainers is more important than a difference between 21
and 22 in many workflows. Part labels were encoded
as sequences. Duplicate, skipped, or repeated labels
were represented explicitly. The structured stream was
especially important for specimen-count inconsistency,
where text alone often missed the issue.

The consistency-check stream used deterministic com-

parisons [14]. These comparisons did not make final
decisions by themselves [15]. They created features for
the model. Laterality checks identified whether left,
right, bilateral, upper, lower, medial, lateral, and side-
specific abbreviations appeared consistently across fields.

Site compatibility checks mapped phrases to broad anatomic

groups and then identified conflicts. Count checks com-
pared received containers, accessioned parts, and text
mentions of specimen number. Amendment checks de-
tected whether correction notes introduced a new pa-

tient identifier, site, side, count, or container descrip-
tion. The model could learn when a check mattered
and when it was likely a benign wording difference.

The classifier produced a discrepancy category and
a review level. Review levels were no hold, accessioner
review, supervisor review, and pathologist or quality
lead review. The discrepancy category supported ex-
planation, while the review level supported workflow.
A laterality conflict in a breast excision usually re-
quired higher review than a minor wording inconsis-
tency in a routine skin biopsy. A patient-identifier
mismatch usually required immediate hold. The model
was trained to predict both category and review level,
but the final evaluation emphasizes discrepancy cate-
gory and false safety holds.

Training used three kinds of examples. Clear ad-
judicated examples trained the category classifier di-
rectly. Reviewer-disagreement examples trained the
model to distribute probability across plausible cate-
gories while preserving the adjudicated primary label
[16]. Routine cases trained the model to avoid false
holds. High-severity cases received larger loss weight,
but the weight was capped to prevent the model from
flagging every uncommon phrase as dangerous. The
validation set was used to choose thresholds that bal-
anced high-severity recall against false holds per 1,000
cases.

The model also produced a local explanation. It
identified the fields that contributed most to the pre-
dicted discrepancy. For a laterality conflict, it might
point to container label and requisition laterality fields.
For count inconsistency, it might point to received con-
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Table 5. Recall by Discrepancy Category

Category

Global Transformer (%)

Micro-Adapted Model (%)

Patient-identifier mismatch
Container-requisition mismatch
Site or laterality conflict
Specimen-count inconsistency
Unsupported amendment
High-severity overall recall

88.7 94.5
73.9 84.2
70.5 86.9
76.8 88.1
61.3 74.8
78.4 91.7

Table 6. Service-Specific Performance Gains

Service

Main Improvement Area

Baseline Recall (%) Adapted Recall (%)

Breast pathology
Dermatopathology
Gastrointestinal
Gynecologic pathology
General surgical pathology

Laterality and margins
Body-site compatibility
Sequence consistency
Amendment validation

Calibration stability

72.1 90.4
66.8 82.7
79.5 91.2
68.3 81.5
74.6 80.2

tainer count and accessioned part sequence. For unsup-
ported amendment, it might point to the correction
note and the field changed by that note. Explanation
quality was evaluated by comparing these highlighted
fields with reviewer-marked evidence fields in the adju-
dicated set. Explanations were not presented as proof.
They were intended to help staff review the case effi-
ciently.

A global transformer baseline used the same text
and structured fields but no service-specific adapters.
A larger global transformer baseline had more param-
eters but still no adapters. A rule system baseline
used deterministic field checks. A hybrid rule-classifier
baseline combined deterministic checks with a classi-
fier. These baselines help separate the value of service
adaptation from the value of simply using more data
or more rules.

The model was designed for a pre-sign-out safety
review point. It can run after accession and gross-
room entry, and it can run again after a correction
note or amendment is entered. In the simulated work-
flow, high-priority flags created a hold recommenda-
tion, moderate flags created accessioner or supervisor
review, and low-priority flags created a passive queue
note. The model did not alter the case record [17]. It
did not release, cancel, or amend a case. It only rec-
ommended review.

4. Experimental Protocol

The primary metric was macro Fy across the six labels,
including no discrepancy. Macro F was used because
patient-identifier mismatch and unsupported amend-

high accuracy by correctly passing routine cases while
missing rare safety issues. The main safety metrics
were high-severity recall, site or laterality conflict re-
call, patient-identifier mismatch recall, and false safety
holds per 1,000 routine cases.

False safety hold was defined as a model recommen-
dation for supervisor or pathologist review in a case ad-
judicated as no discrepancy or informational-only dis-
crepancy. Not every false hold is equally harmful, but
excessive holds slow laboratory workflow and can re-
duce trust. The study therefore reports both sensitiv-
ity and false hold rate. A useful model should reduce
missed discrepancies without creating a large number
of unnecessary holds.

Temporal robustness was evaluated on a later pe-
riod after accession templates changed [18]. One hos-
pital changed how container labels were imported into
the laboratory information system. Another changed
the amendment comment template. These changes al-
tered text patterns without necessarily altering discrep-
ancy risk. A robust model should not fail simply be-
cause a field appears in a slightly different format. The
temporal test also included a higher share of gastroin-
testinal cases due to seasonal procedure volume.

Cross-hospital transfer was evaluated by leaving
one hospital out of supervised training and testing on
that hospital. The model still used self-supervised pre-
training on de-identified text from all hospitals in one
variant, and a stricter variant excluded the target hos-
pital entirely from pretraining. The main cross-hospital
result uses the stricter variant because it better reflects
deployment in a new laboratory network. Calibration

ment were less common than no-discrepancy and container- thresholds were selected on the source hospitals and

requisition mismatch. Overall accuracy was also re-
ported but treated as secondary. A model can achieve

then applied to the target hospital. A small calibration-
only sensitivity analysis used 200 adjudicated cases
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Table 7. Temporal and Cross-Hospital Evaluation

Evaluation Setting Global Transformer

Micro-Adapted Model

Observation

Internal test macro £} 0.692
Temporal test macro F; 0.624
Hospital A holdout 0.653
Hospital B holdout 0.668
Hospital C holdout 0.662

0.801 Strongest overall gain
0.768 Lower degradation observed
0.742 Better transferability
0.756 Improved robustness
0.721 Specialty terminology challenge

Table 8. Ablation Study Results

Ablation Variant Macro Fy Primary Effect
Full micro-adapted model 0.801 Best balanced performance
Without adapters 0.736 Loss of service specialization
Without consistency checks 0.752 Reduced relational detection
Without structured fields 0.703 Weak count handling
Without disagreement training 0.775 More false holds
Without review-level head 0.789 More high-severity misses
from the target hospital, but that result is reported nificance.

separately.

Explanation quality was evaluated on 1,940 adjudi-
cated discrepancy cases with reviewer-marked evidence
fields. A field-level explanation was considered correct
if the model highlighted at least one field pair that re-
viewers used to justify the label. For example, in a
laterality conflict, highlighting the requisition and con-
tainer label counted as correct if those were the con-
flicting fields. Highlighting only the service line did
not count. Explanation quality was not used to se-
lect final models, but it was important for assessing
whether the model pointed reviewers to relevant parts
of the record.

An ablation study removed major components one
at a time. The no-adapter ablation used the shared
encoder only. The no-consistency-check ablation re-

Manual error review was performed on 620 cases.
The sample included missed high-severity discrepan-
cies, false holds, cases corrected by the proposed model
relative to the global model, and cases where the global
model was correct but the proposed model was wrong.
Reviewers categorized errors as insufficient source in-
formation, ambiguous submitting terminology, service
routing error, laterality abbreviation issue, count se-
quence issue, amendment documentation issue, or model
overreaction to unusual wording. This review helped
interpret quantitative results.

The simulated workflow analysis estimated case holds
and review workload. Historical discrepancy review
logs provided approximate review capacity and hold
resolution times. The simulation compared routine
practice triggers, the global transformer model, and

moved deterministic comparison features. The no-structureghe micro-adapted model. Outcomes included addi-

field ablation used free text only. The no-disagreement-
training ablation treated adjudicated labels as one-hot
labels even when reviewers disagreed. The no-review-
level head ablation predicted only discrepancy cate-
gory. The larger-global baseline increased model size
without adapters. These experiments tested whether
performance came from service-specific adaptation, ex-
plicit consistency features, or general capacity.

The statistical analysis used bootstrap resampling
by case batch. Case batches were used rather than in-
dividual cases because accession workflow errors can
cluster by day, clinic, procedure type, or template is-
sue. Confidence intervals were computed with 2,000
bootstrap samples. Differences in high-severity recall,
false hold rate, macro FY, and temporal degradation
were reported with 95% intervals. The paper focuses
on practical effect sizes rather than only statistical sig-

tional cases reviewed per 1,000 accessions, high-severity
discrepancies captured before sign-out, median hold
duration for true discrepancies, and false hold volume
[19]. The simulation is not a prospective trial. It is a
retrospective estimate of workflow consequences.

5. Results

The deterministic rule system had high precision for ex-
plicit count mismatches and direct left-right conflicts,
but it missed many discrepancies expressed through lo-
cal wording. Its macro F; was 0.548 on the internal
test set. Patient-identifier mismatch recall was 84.2%,
but site or laterality conflict recall was only 51.6%, and
unsupported amendment recall was 39.8%. The rule
system created 5.6 false safety holds per 1,000 routine
cases. It was conservative in volume but incomplete in
detection.
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Table 9. Common Error Patterns Identified During Review

Error Pattern

Representative Cause

Typical Consequence

Missing source information
Ambiguous terminology
Laterality abbreviation issue

Amendment documentation
ambiguity

Policy variation

Service routing mismatch
Hybrid cross-service specimen

Absent container text
Clinic-specific shorthand

Multi-meaning abbreviations

Incorrect adapter selection

Mixed terminology usage

Unresolved mismatch de-
tection

Incorrect site interpreta-
tion
Side confusion errors

Unsupported amendment
flags

False positive review hold
Adapter misclassification

Table 10. Workflow Simulation Outcomes

Workflow Metric

Routine Practice

Global Transformer Micro-Adapted Model

Additional true discrepancies detected -
Additional false holds -

Median hold duration Longer
Reviewer field guidance Minimal
Adaptation to template changes Weak

10.2 14.6
37.4 5.1
Moderate Shorter
Partial Strong evidence highlighting
Poor Moderate robustness

The global transformer model improved macro Fi
to 0.692. It captured more container-requisition mis-
matches and site conflicts, but it produced false holds
on unusual service-specific language. The larger global
transformer improved macro I only slightly to 0.708
and increased false holds to 13.1 per 1,000 cases. The
hybrid rule-classifier model reached macro F; of 0.736.

quence issues, with count inconsistency recall increas-
ing from 79.5% to 91.2%. Gynecologic cases improved
in container-requisition mismatch and unsupported cor-
rection notes. General surgical pathology improved
less, but still showed better calibration and fewer false
holds.

The temporal test exposed the weakness of the global

The proposed service-specific micro-adapted model achievedmodel. After template changes, macro Fy for the global

macro Fy of 0.801, with overall accuracy of 90.6%. It
produced 7.2 false safety holds per 1,000 routine cases.

High-severity recall improved from 78.4% for the
global transformer to 91.7% for the micro-adapted model.
Site or laterality conflict recall improved from 70.5% to
86.9%. Specimen-count inconsistency recall improved
from 76.8% to 88.1%. Patient-identifier mismatch re-
call improved from 88.7% to 94.5%. Unsupported amend-
ment recall improved from 61.3% to 74.8%, which re-
mained the weakest category. Container-requisition
mismatch recall improved from 73.9% to 84.2%. These
improvements were accompanied by fewer false holds
than the larger global model, indicating that the adapters
did not simply increase sensitivity by flagging more
cases.

Performance differed by service. Breast cases showed
the largest improvement in laterality and margin-related
conflicts. The global model often recognized left-right
disagreement but missed conflicts involving margin ori-
entation or lesion-location phrasing. The breast adapter
improved conflict recall from 72.1% to 90.4%. Der-
matopathology improved mainly in body-site compat-
ibility, where recall increased from 66.8% to 82.7%.
Gastrointestinal improved in specimen-count and se-

transformer decreased from 0.692 to 0.624. False holds
increased from 11.8 to 18.7 per 1,000 cases. The larger
global transformer degraded similarly. The micro-adapted
model decreased from 0.801 to 0.768 and false holds
increased from 7.2 to 9.6 per 1,000 cases. The model
still degraded, especially for unsupported amendments,
but the drop was smaller. The amendment template
change caused many false holds in models that relied
heavily on old wording patterns.

Cross-hospital transfer was more challenging. When
Hospital A was held out, the micro-adapted model
reached macro F; of 0.742. When Hospital B was
held out, it reached 0.756. When Hospital C was held
out, it reached 0.721. The lower performance on Hospi-
tal C reflected more specialty-specific breast and der-
matopathology terminology. The global model aver-
aged 0.661 across held-out hospitals. Adding 200 adju-
dicated calibration cases from the target hospital im-
proved the micro-adapted model’s average macro F
to 0.773, mostly by adjusting review thresholds and
adapter selection. This suggests that small local cali-
bration is useful even when the model transfers reason-
ably.

The ablation study showed that service adapters
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were the largest contributor. Removing adapters re-

practice triggers, it identified an estimated 14.6 addi-

duced macro Fy from 0.801 to 0.736. Removing consistency-tional high-severity discrepancies per 10,000 accessions

check features reduced it to 0.752. Removing struc-
tured fields reduced it to 0.703. Removing disagreement-
aware training reduced it to 0.775 and increased false
holds. Removing the review-level head reduced macro
F slightly to 0.789 but increased high-severity misses,
suggesting that workflow-level supervision helped the
model distinguish minor discrepancy from hold-worthy
discrepancy. Increasing global model size did not re-
cover the full adapter benefit.

Explanation quality improved with micro adapta-
tion [20]. The global transformer highlighted reviewer-
relevant fields in 68.5% of discrepancy cases. The hy-
brid rule-classifier reached 73.9%. The micro-adapted
model reached 82.6%. Explanation accuracy was high-

est for specimen-count inconsistency and patient-identifier

mismatch. It was lowest for unsupported amendment,
where the model sometimes highlighted the correction
note but not the field that the correction changed. Re-
viewers judged explanations as practically useful in
78.3% of true positive high-severity cases. They were
less useful in false holds, where the model often high-
lighted unusual but harmless wording.

Workflow simulation showed that the micro-adapted
model would increase review of true discrepancies while
limiting unnecessary holds. Compared with routine

before sign-out. It created 5.1 additional false holds per
10,000 accessions after replacing several existing broad
triggers. The global transformer identified 10.2 addi-
tional high-severity discrepancies but created 37.4 addi-
tional false holds. Median simulated hold duration for
true discrepancies decreased because the model high-
lighted relevant fields, allowing reviewers to locate the
issue faster. False holds still consumed staff time, espe-
cially in dermatopathology and gastrointestinal cases
with unusual but correct site wording.

The model performed best when discrepancies were
expressed in multiple fields. For example, a laterality
conflict present in both container text and requisition
text was easier than a conflict implied only through
procedure description. Count inconsistency was eas-
ier when structured count and part labels disagreed
than when the issue appeared only in a free-text com-
ment. Unsupported amendment was difficult because
the model had to judge whether a correction note was
supported by surrounding documentation. This cate-
gory often required local policy knowledge, and even
human reviewers disagreed more often.
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6. Error Analysis

Missed high-severity discrepancies fell into several pat-
terns. The first pattern was insufficient source infor-
mation. Some cases lacked the original container label
text or had only a scanned image placeholder. Without
the missing field, the model could not compare con-
tainer and requisition. Human reviewers sometimes
inferred the issue from later comments, but the model
did not have enough reliable pre-sign-out input. These
cases suggest that document availability is a safety de-
pendency. A model cannot recover information that
the workflow has not captured.

The second pattern was ambiguous submitting ter-
minology. Some clinics used shorthand body-site de-
scriptions that were locally understood but not clearly
mapped to standard anatomic terms. Dermatopathol-
ogy had many such cases. For example, a site phrase
could refer to a nearby region, a lesion nickname, or
a procedure-specific location. The adapter improved
performance but did not eliminate ambiguity. In some
cases, the right response is not better modeling but
a better requisition interface that requires structured
body-site selection [21].

The third pattern was laterality abbreviation. Cer-

tain abbreviations can mean different things depend-
ing on service or procedure. A short token may in-
dicate left, lateral, lower, or a named anatomic land-
mark. The model sometimes interpreted an abbrevia-
tion incorrectly, particularly in head and neck and der-
matopathology cases. Rule systems also struggled with
these abbreviations. Human reviewers used broader
context, including procedure description and clinic con-
vention. A future system could incorporate a service-
specific abbreviation dictionary maintained by the lab-
oratory.

The fourth pattern was amendment documentation.

Unsupported amendment cases often depended on whether

a correction note was adequate according to local pol-
icy. The model could detect that a correction changed
a field, but it could not always determine whether the
documentation was sufficient. Some hospitals require
explicit source confirmation, while others allow certain
accession corrections based on staff verification. This
policy variation limited cross-hospital transfer. Lo-
cal threshold calibration helped, but the category re-
mained challenging.

False holds were also reviewed. Many false holds in-
volved unusual but correct wording. Breast cases with
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detailed margin descriptions sometimes looked contra-
dictory because the same side appeared with multi-
ple orientations [22]. Dermatopathology cases some-
times used compound body sites that triggered compat-
ibility checks. Gastrointestinal cases with many jars
and repeated biopsy levels sometimes triggered count
concerns even when the sequence was correct. These
false holds were not random. They occurred where the
record was complex and the model’s caution was under-
standable. Still, unnecessary holds can delay reporting,
so reducing them matters.

Some false holds came from service routing errors.
If a case was assigned to the wrong service adapter,
the adapter could misinterpret ordinary terminology.
For example, a specimen routed as general surgical
pathology rather than gynecologic pathology could lose
service-specific interpretation of procedure phrases. The
model included a fallback adapter, but service routing
remained important [23]. This suggests that adapter
selection should be based on both accession service and
text-inferred service, with conservative handling when
they disagree.

Cases corrected by the micro-adapted model showed
the value of local specialization. In breast cases, the
model learned that laterality, clip status, margin des-
ignation, and lesion location form a tight field group.
In gastrointestinal cases, it learned that part sequence
and container count interact with site order. In der-
matopathology, it learned that body-site phrases can
be long and variable but still contain laterality or re-
gion cues. These patterns helped the model catch dis-
crepancies that a global representation treated as ordi-
nary text variation.

Cases where the global model was correct and the
micro-adapted model was wrong often involved rare
cross-service specimens. A specimen routed to one ser-
vice but described using terminology common in an-
other service confused the adapter. Some large resec-
tions also crossed ordinary service boundaries. The
global model sometimes handled these because it did

not specialize as strongly [24]. This suggests a trade-
off: adapters improve common service-specific patterns
but can mislead on hybrid cases. The fallback adapter
and uncertainty logic reduced but did not remove this
issue.

The model’s explanations were useful but imper-
fect. In true positive cases, highlighting conflicting
fields helped reviewers confirm the discrepancy. In
false holds, explanations sometimes revealed why the
model was concerned, even when the concern was not
a true discrepancy. Reviewers reported that explana-
tions were most useful when they showed two fields
side by side. Single-field explanations were less helpful
because discrepancy is relational. A future interface
should display the model’s field pair and the specific
terms that disagree, not merely a risk score.

Temporal errors after template changes were con-
centrated in amendment notes. The new template in-
serted standardized phrases that looked similar to dis-
crepancy language. The global model flagged many
of these. The micro-adapted model also flagged some,
but fewer. After a small set of local calibration exam-
ples, false holds decreased. This indicates that model
monitoring should be tied to laboratory information
system changes. Any template revision, accession in-
terface update, or new clinic submission format can
shift the input language.

The cross-hospital results raise a governance issue.
A model trained at one laboratory may not be ready
for another laboratory without local validation. Spec-
imen terminology, accession policy, amendment docu-
mentation, and service routing differ. The proposed
model transferred better than a global model, but still
benefited from local calibration. A safe implementa-
tion would require a silent evaluation period, review
of false holds and misses, and adjustment of thresh-
olds before active use. It should also include a way for
staff to mark model concerns as helpful, unnecessary,
or incorrect.

The study also showed that some discrepancies are
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better prevented upstream. Automated review can
catch a left-right conflict after submission, but struc-
tured requisition design can prevent it. A model can
flag missing container count, but barcode scanning and
required container reconciliation can reduce the occur-
rence. A model can detect unsupported amendment
language, but policy-aligned correction forms can stan-
dardize documentation. The model should therefore be
viewed as one layer in a safety system, not the main
solution.

7. Conclusion

This paper presented a service-specific micro-adapted
model for detecting specimen labeling and accession
discrepancies in surgical pathology workflows. The
model combined shared text encoding, structured ac-
cession fields, deterministic consistency checks, and small
service-specific adapters. It improved discrepancy de-
tection compared with rules, a global transformer, a
larger global transformer, and a hybrid rule-classifier
[25]. The largest gains appeared in site or lateral-
ity conflict, specimen-count inconsistency, and service-
specific container-requisition mismatch.

The results support a practical claim: specimen
safety review benefits from local workflow knowledge.
A single global model can learn common discrepancy
signals, but pathology services use different language
and conventions. Small adapters captured these differ-
ences without requiring a separate full model for every
service. The approach improved recall while reducing
false holds relative to larger global modeling. This mat-
ters because laboratories cannot adopt systems that
flag too many routine cases.

The study also identified persistent limitations. Un-
supported free-text amendment remained difficult be-
cause it depends on local policy and documentation
sufficiency [26]. Highly ambiguous submitting termi-
nology remained difficult because the source text some-
times lacked enough information. Cross-service hybrid
cases could confuse specialized adapters. Template
changes caused temporal drift, especially in amend-
ment notes. These limitations show that model per-
formance depends on both algorithm design and labo-
ratory information quality [27].

A discrepancy detection model should not operate
as an autonomous authority. It should recommend
review, highlight relevant fields, and support existing
quality processes. Accession staff, grossing personnel,
supervisors, and pathologists remain responsible for
resolving discrepancies. The model’s role is to catch
cases that deserve attention earlier and to reduce the
chance that subtle conflicts travel downstream unno-
ticed. Additional studies should examine smaller labo-
ratories, pediatric pathology, cytology, and molecular
specimen workflows. The present findings indicate that
service-specific micro adaptation can improve surgical

Nguyen Minh Kiet et al.

pathology accession safety review, but safe use requires
ongoing monitoring, policy alignment, and human over-
sight.
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