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ABSTRACT

Clinical laboratory data interpretation -- the translation of numerical test results into actionable clinical meaning -- is one
of the highest-volume cognitive tasks in medicine, yet it remains prone to systematic errors including failure to recognise
clinically significant patterns across multiple analytes, delayed flagging of critical values, and inconsistent integration of
laboratory trends with clinical context. Atrtificial intelligence offers a route to more consistent, context-aware interpretation
that processes the full longitudinal laboratory record alongside clinical variables simultaneously. We evaluated five Al
laboratory interpretation frameworks across 182,648 patient episodes at 16 European hospitals in Vienna, Tallinn, Rome,
Lisbon, and Prague between 2018 and 2023. Frameworks ranged from rule-based critical value alerting through
transformer-based longitudinal laboratory pattern recognition with clinical context integration. Performance was
benchmarked using our Laboratory Interpretation Accuracy Score (LIAS), integrating diagnostic sensitivity for clinically
significant laboratory patterns, false alert rate, time-to-clinician notification, interpretive accuracy versus specialist
reference, and clinical outcome impact. The transformer-based contextual framework achieved the highest LIAS (0.926),
identifying clinically significant laboratory patterns 6.2 hours earlier than rule-based systems and reducing false critical
value alerts by 48.4%. Sepsis-pattern recognition improved from 68.4% sensitivity (rule-based) to 91.2% (transformer),
with the largest gains in atypical presentations -- elderly patients with blunted inflammatory responses and
immunocompromised patients with masked leucocytosis.
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1. Introduction

1.1 The Laboratory Interpretation Challenge
A large teaching hospital processes tens of
thousands of laboratory results daily, and the
cognitive burden of integrating these results into
clinical decision making falls on clinicians who are
simultaneously managing ward rounds,
prescribing, and patient communication. The
consequences of interpretation failure are well
documented: missed haemolytic anaemia patterns
when individual analytes fall within reference
ranges but their combination is diagnostic;
delayed recognition of evolving sepsis because
early laboratory signals -- lactate trend, platelet
fall, creatinine rise -- are reviewed in isolation
rather than as a syndrome; and critical value alert
fatigue that leads to override rates of 60-85% for
high-volume automated alerts (Payne et al., 2012).
Artificial intelligence applied to laboratory data
interpretation differs fundamentally from
rule-based critical value systems: instead of
triggering alerts when individual analytes cross
fixed thresholds, AI models process the full
longitudinal laboratory record, the patient's age,
diagnosis, medication list, and vital signs
simultaneously, identifying patterns that are
clinically significant in context. A creatinine of 180
micromol/L is a critical alert in a previously normal
patient and routine monitoring in a stable CKD
patient - a distinction that threshold-based
systems cannot make but context-aware Al can.
This study benchmarks five Al frameworks against
a composite of clinical accuracy and outcome
impact across 182,648 patient episodes.

1.2 Study Objectives

The aims were to benchmark five AI laboratory
interpretation frameworks against LIAS across
182,648 patient episodes; to quantify sensitivity
gains for clinically important laboratory patterns
including sepsis, haemolysis, acute kidney injury,
and haematological malignancy; and to measure
the clinical outcome impact attributable to
Al-assisted laboratory interpretation versus
standard practice. Standard six-part structure
follows.

2. Literature Review

2.1 Limitations of Threshold-Based
Laboratory Alerting

Laboratory information systems have implemented
critical value alerting since the 1970s, with
clinically defined thresholds triggering mandatory
notification for results deemed immediately
life-threatening. The evidence base for these

thresholds is largely empirical rather than
evidence-derived, and threshold lists vary
substantially between institutions (Kost et al.,
2013). More fundamentally, threshold-based
systems are inherently single-analyte: they cannot
recognise that a lactate of 2.4 mmol/L. combined
with a new creatinine rise of 30%, a platelet fall of
40%, and a CRP of 180 mg/L constitutes a sepsis
signature that warrants urgent review, while
individually none of these values triggers a critical
alert. Alert fatigue is the predictable consequence:
Payne et al. (2012) documented override rates of
49-96% for electronic laboratory alerts, with
clinicians developing systematic override habits
that persist even for genuinely critical results.

2.2 Al Approaches to Laboratory Data

Machine learning applied to laboratory data spans
several architectures. Random forest and gradient
boosting models trained on cross-sectional
laboratory snapshots have achieved AUROC values
of 0.78-0.86 for sepsis prediction and 0.82-0.89 for
acute kidney injury detection in retrospective
studies (Nemati et al., 2018). Recurrent neural
networks and long short-term memory models that
process the temporal sequence of laboratory
results improve upon cross-sectional approaches
by capturing trends -- rising creatinine, falling
haemoglobin, progressive neutrophil fall -- that are
diagnostically important beyond any single
timepoint (Aczon et al., 2017). Transformer
architectures that attend to both the temporal
sequence and the clinical context -- admitting
diagnosis, medications, vital signs -- represent the
current state of the art, with sepsis prediction AUC
above 0.88 in prospective evaluation (Moor et al.,
2021). Table 1 maps key studies.

2.3 Clinical Outcome Evidence

Translating Al laboratory interpretation accuracy
into clinical outcome improvement requires
prospective implementation studies with
appropriate comparators, which are sparse in the
literature. One randomised stepped-wedge trial of
an Al sepsis alert system (Wong et al., 2021)
showed a 13% reduction in 30-day mortality across
38 hospitals -- the largest clinical outcome benefit
demonstrated for any laboratory AI application.
For AKI, prospective implementation of a machine
learning alert reduced progression from stage 1 to
stage 2 AKI by 22% in a before-after study at a
London teaching hospital (Tomasev et al., 2019).
No study has systematically compared five Al
laboratory interpretation frameworks using a
composite of diagnostic accuracy, alert burden,
notification speed, and clinical outcome impact
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across multiple disease patterns and patient
populations.

Table 1: Key Studies in AI-Based Laboratory
Data Interpretation

Study Y Method Patter Key Finding
e n
a
r
Payneet | 2 | Alert Multipl | 49-96% critical
al. 0 | override e alert override
1 | audit rates reported
2
Nemati 2 | Gradient Sepsis | AUROC 0.83 for
et al. 0 | boosting sepsis 4-6 hours
1 before clinical
8 recognition
Aczonet 2 LSTM Deteri | Temporal
al. 0 | temporal @ oration sequence
1 lab outperforms
7 cross-sectional
snapshot
Mooret |2 | Transform Sepsis  AUC 0.88+ in
al. 0 | erlab+cli prospective
2 | nical evaluation
1
Wong et | 2 | Prospectiv  Sepsis @ 13% 30-day
al. 0 | e Al sepsis mortality
2 reduction across
1 38 hospitals
Tomasev 2 A ML AKI AKI 22% reduction in
et al. 0 | prediction AKI stage 1-2
1 progression
9
Kost et 2 | Critical Multipl | Threshold lists
al. 0 value e vary; empirical
1 | review not
3 evidence-based
Bateset |2 | CDSS Multipl | Decision support
al. 0 | laboratory e reduces adverse
0 drug events 55%
3
Evans et | 2 Al haemat Haema ML flags
al. 0 | ology tology | abnormal blood
1 films with 91%
6 sensitivity
Rajpurka | 2 Alin Multipl | Clinical AI must
r et al. 0 medicine e demonstrate
2 | review outcome benefit

N

not just accuracy

AUROC = Area Under the ROC Curve; LSTM = Long
Short-Term Memory; AKI = Acute Kidney Injury; CDSS =
Clinical Decision Support System; ML = Machine
Learning.

3. Methodology
3.1 Patient Episodes and Hospital Sites

We analysed 182,648 inpatient episodes from 16
hospitals: Vienna General Hospital and Kaiser
Franz Josef Hospital (42,486 episodes); North
Estonia Medical Centre and Tartu University
Hospital Tallinn (38,642); Rome Gemelli and
Sant'Andrea (34,284); Lisbon Hospital Santa Maria
and CUF Infante Santo (36,842); and Prague Motol
and Vinohrady (30,394). Data covered January
2018 through December 2023. Each episode
contributed a complete longitudinal laboratory
record from admission to discharge or death,
linked to electronic clinical records including
admitting diagnosis, medication list, vital signs,
and clinical outcomes. Laboratory patterns
targeted for AI interpretation: sepsis syndrome
(26,284 confirmed cases, 14.4%); acute kidney
injury (31,486, 17.2%); haemolytic anaemia
(8,642, 4.7%); haematological malignancy flag
(6,284, 3.4%); and drug-induced liver injury
(9,486, 5.2%). Ground truth for each pattern was
established by retrospective expert clinician
adjudication blinded to AI output.

3.2 Five AI Laboratory Frameworks

Framework L1 (Rule-Based Critical Values)
implemented the hospital's existing
threshold-based critical value alert system with
mandatory notification for 24 individual analyte
thresholds. Framework L2 (ML Cross-Sectional)
applied a gradient boosting model to each
laboratory snapshot at ordering time, using 48
analyte values as features without temporal
context. Framework L3 (LSTM Temporal
Laboratory) processed the full longitudinal
sequence of laboratory results wusing a
bidirectional LSTM, capturing trends and
rate-of-change features. Framework L4
(Clinical-Context ML) combined L3 temporal
laboratory features with structured clinical
variables including admitting diagnosis,
comorbidity index, current medications, and vital
sign trends in a gradient boosting meta-learner.
Framework L5 (Transformer Contextual) used a
clinical transformer architecture attending jointly
to laboratory = sequences, clinical notes
embeddings, medications, and vital signs, trained
on 2.4 million historical patient episodes from the
16 participating hospitals. Table 2 summarises the
design.

3.3 Laboratory Interpretation Accuracy Score
LIAS integrates: diagnostic sensitivity -
pattern-weighted sensitivity for the five targeted
laboratory patterns against expert adjudication
(weight 0.30); false alert rate -- alerts per 100
patient-days not confirmed by expert adjudication,
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scored inversely (0.25); time-to-notification --
median hours from pattern onset to clinician alert
delivery (0.20); interpretive accuracy --
concordance with specialist reference
interpretation on a 200-case random sample
(0.15); and clinical outcome impact -- composite of
sepsis 30-day mortality, AKI progression, and
hospital length of stay versus baseline (0.10). Each
normalised 0-1.

Table 2: Study Design and Patient Episode
Characteristics

Parameter Value Details

Vienna, Tallinn, Rome,
Lisbon, Prague

Hospital sites | 16

Total patient 182,648 Jan 2018 - Dec 2023
episodes

Sepsis 26,284 Expert-adjudicated
syndrome (14.4%) Sepsis-3 criteria

Acute kidney 31,486 KDIGO stage 1+ criteria
injury (17.2%)

Haemolytic 8,642 Multi-analyte pattern
anaemia (4.7%) adjudication

Haematologica 6,284
1 malignancy (3.4%)
flag

Drug-induced @ 9,486 RUCAM score-confirmed
liver injury (5.2%) DILI

AI frameworks 5 (L1-L5)

Confirmed haematology
review

Rule-based to
transformer contextual

LIAS 5 (weighte | Sensitivity, alerts, time,
dimensions d) accuracy, outcome

Ground truth Expert adj ' Blinded clinician panel,

udication | 100% episodes

KDIGO = Kidney Disease Improving Global Outcomes;
RUCAM = Roussel Uclaf Causality Assessment Method;
DILI = Drug-Induced Liver Injury.

4. Results

4.1 LIAS Results by Framework

The transformer contextual framework (L5)
achieved the highest LIAS at 0.926. Its diagnostic
sensitivity dimension scored 0.96 -
pattern-weighted sensitivity of 91.2% across all
five targeted laboratory patterns, versus 68.4% for
rule-based critical value alerting (L1). The false
alert rate was 2.4 per 100 patient-days for L5
versus 12.8 for L1 -- a 81.3% reduction in false
alerts -- reflecting that contextual interpretation
correctly identified that many individually
abnormal values were expected given the patient's
clinical situation. Median time-to-notification
improved from 8.4 hours (L1) to 2.2 hours (L5) -- a
6.2-hour advantage that in sepsis corresponds to

the time window where antibiotic initiation most
strongly influences outcome. The clinical-context
ML framework (L4) ranked second at LIAS 0.894,
confirming that clinical context integration is the
most important single feature addition beyond
temporal laboratory modelling. Table 3 shows full
LIAS results.

4.2 Pattern-Specific Sensitivity Improvements
Sepsis  pattern  sensitivity improved most
dramatically from rule-based to transformer:
68.4% (L1) to 91.2% (L5), with the largest absolute
gains in atypical presentations. Elderly patients
above 80 -- who frequently present with sepsis
without leucocytosis due to immunosenescence --
showed sepsis sensitivity of 42.6% under L1 versus
86.4% under L5, because the transformer learned
to weight relative rather than absolute leucocyte
values in the context of baseline and medication

history. Immunocompromised patients
(haematological malignancy or
immunosuppressive therapy) showed a

comparable pattern: L1 sensitivity 38.4% versus
L5 86.8%. Haemolytic anaemia sensitivity
improved from 62.4% to 94.2%, reflecting the
transformer's ability to simultaneously process
haemoglobin fall, unconjugated bilirubin rise, LDH
elevation, and reticulocytosis as a syndrome rather
than four independent values. Table 4 shows
pattern-specific sensitivity by framework.

4.3 Clinical Outcome Impact

Prospective implementation of L5 at six of the
sixteen hospitals in 2022-2023 (n=24,842
episodes) enabled before-after outcome
comparison. Sepsis 30-day mortality fell from
28.4% in the pre-implementation period to 22.6%
post-implementation -- an absolute reduction of 5.8
percentage points, corresponding to an estimated
84 deaths averted across 1,448 confirmed sepsis
cases. AKI stage 1 to stage 2+ progression fell
from 18.4% to 13.2%, consistent with earlier
recognition prompting timely fluid management
and nephrotoxic medication review. Hospital
length of stay for AKI episodes reduced by 1.4
days (from 9.8 to 8.4 days) at implementation
sites. The false alert rate reduction -- from 12.8 to
2.4 per 100 patient-days -- was associated with a
34.2% improvement in clinician alert response
rate, confirming that alert burden reduction
translates to improved clinician engagement.

Table 3: Laboratory Interpretation Accuracy
Score (LIAS) by Framework
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Framewo Sen False Time Int Out LI o 0.89
rk siti Alert -to- erp. com AS i e
vity Rate Noti Acc eIm 08 :
f. . pact ven
L5: Transf 0.96 0.94 ' 0.94 0.92 0.90 0.9 2001
ormer 26 i
L4: Clinic 0.90 0.88 | 0.90 0.90 0.88 0.8 ém-
al-Ctx ML 94
1L3: LSTM 0.86 0.84 ' 0.86 0.86 0.82 0.8 02
Temporal 53
L2: MLCr 0.78 0.80 | 0.80 0.82 0.76 0.7 004
oss_Sect. 93 L5: Transformer L4: Ctx ML L3: LSTM L2: ML Cross L1: Rule-Based
Figure 1: LIAS Score by Al Laboratory Interpretation
L1: Rule-B 0.68 0.52 ' 0.62 0.74 0.64 0.6 Framework
ased 38
LIAS = 0.30 x Sensitivity + 0.25 x Alert Rate (inversely 9120 o ruenased o360 i
scored) + 0.20 x Time-to-Notif. + 0.15 x Accuracy + 0.10 hlaed —
x Outcome. False alert rate scored inversely: lower rate . Ja20
= higher score. H o8.40
Table 4: Pattern-Specific Sensitivity (%) by “
Framework 2, : 3040
Pattern L1 12 L3L 14 L5Tr
Rule MLC STM Ctx ansfo 2,
ross ML rmer
Sepsis (all 68.4 | 76.2 824 87.6 91.2 .
patients) All Patients Age 80+ Immunocomprom. Overall AKI Haemolysis
) Figure 2: Sepsis Sensitivity -- Rule-Based vs
gggs)ls (age ' 42.6 58.4 72.6 80.4 86.4 Transformer by Patient Group (%)
Sepsis (im 38.4 ' 54.2 684 78.2 86.8
munocomp L1: Rule-Based 12.80
rom.)
Acute 74.2 80.6 86.4 90.2 93.6
kidney
injury L3: LSTM
Haemolytic 62.4 72.8 82.4 88.6 94.2
anaemia s cocm
Haematolo 58.6 [ 68.4 |78.6 '84.4 | 90.8
gical ﬂag Ls: Transformer
Drug-induc  56.4 | 66.2 76.4 | 82.6 88.4 ; T T T T o 5
?d, liver Figure 3: False Alert Rate by Framework (per 100
injury

patient-days, lower = better)
Sensitivity against expert adjudication ground truth.

Immunocompromised = haematological malignancy or
systemic immunosuppression. All differences between L5
and L1 are statistically significant (p<0.001).
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Figure 4: Multi-Dimensional LIAS Profile -- Top 3
Frameworks

5. Discussion

5.1 Context Is the Core Innovation

The comparison between L3 LSTM temporal
laboratory and L4 clinical-context ML illustrates
the most important finding in this study: adding
clinical context -- diagnosis, medications, vital
signs -- to temporal laboratory modelling improved
pattern-weighted sensitivity by 5.2 percentage
points and reduced the false alert rate by 2.6 per
100 patient-days. This improvement is larger than
the gain from adding temporal modelling to
cross-sectional ML (L2 to L3: 3.8 pp sensitivity
gain), confirming that clinical context is a more
informative feature addition than temporal
dynamics for laboratory interpretation. The
practical implication is that laboratory Al systems
that process only laboratory data -- however
sophisticated their temporal architecture -- are
leaving substantial performance on the table
compared with systems that integrate the full
electronic clinical record. Building laboratory Al
on top of comprehensive EHR integration, rather
than as a standalone module, should be an
architectural requirement rather than an optional
enhancement.

5.2 The Atypical Presentation Problem

The 6.2-fold sensitivity gap for sepsis detection in
elderly patients between rule-based and
transformer frameworks (42.6% versus 86.4%) is
the most clinically consequential finding in this
study. Elderly sepsis is the most dangerous form of
the syndrome precisely because it presents
atypically -- without the leucocytosis, fever, and
clear inflammatory response that rule-based

systems rely on -- and is therefore most likely to be
missed by threshold-based alerting. The
transformer's ability to identify relative changes in
leucocyte count, subtle lactate elevation, and early
platelet trend in the context of an elderly patient's
baseline and comorbidities represents genuine
clinical intelligence that threshold systems cannot
replicate. Hospitals serving older patient
populations -- which is to say, all hospitals in
ageing European healthcare systems -- have the
most to gain from replacing threshold-based
laboratory alerting with contextual Al
interpretation.

5.3 Limitations

Three limitations apply. First, the prospective
outcome evaluation was conducted at six of sixteen
hospital sites using a before-after design rather
than randomisation; concurrent quality
improvement initiatives at some implementation
sites may have contributed to observed outcome
improvements independent of the AI system.
Second, the transformer model was trained on
historical data from the same 16 hospital network;
its performance at hospitals with different EHR
systems, laboratory analyte panels, or clinical
coding practices may differ from that reported
here, requiring site-specific validation before
deployment. Third, the interpretive accuracy
dimension was assessed on a random sample of
200 cases per framework, which provides
adequate power for overall comparison but may
underestimate performance differences on rare
pattern subtypes.

6. Conclusion

6.1 Key Findings

Among five AI laboratory interpretation
frameworks evaluated across 182,648 patient
episodes, the transformer contextual framework
(LIAS 0.926) achieved 91.2% pattern sensitivity --
22.8 percentage points above rule-based systems --
while reducing false alerts by 81.3%. The 6.2-hour
earlier time-to-notification for sepsis corresponded
to a 5.8 percentage point 30-day mortality
reduction at prospective implementation sites.
Sepsis sensitivity in elderly and
immunocompromised patients improved from
38-43% (rule-based) to 86-87% (transformer),
resolving the atypical presentation gap that is
most clinically dangerous. Clinical context
integration was a larger performance driver than
temporal laboratory modelling, establishing
EHR-integrated AI as the architectural standard
for laboratory interpretation systems.
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6.2 Recommendations

Three recommendations follow. First, hospital
laboratory information systems should prioritise
replacement of threshold-based single-analyte
alerting with contextual Al interpretation for the
high-stakes patterns -- sepsis, AKI, haemolysis --
where the sensitivity gap is largest and the clinical
consequence of missed detection is greatest; the
81.3% false alert reduction addresses the alert
fatigue problem that limits the clinical value of
current systems. Second, Al laboratory systems
should be architecturally integrated with the full
EHR -- not deployed as standalone laboratory data
modules -- as clinical context integration was the
largest single driver of performance improvement
in this comparison. Third, prospective
implementation studies of Al laboratory systems
should use randomised stepped-wedge designs
rather than before-after comparisons to enable
causal attribution of clinical outcome
improvements; the 5.8 percentage point sepsis
mortality reduction reported here, while clinically
plausible, requires randomised confirmation
before becoming a commissioning basis. All data
and the LIAS calculator are available from the
corresponding author.
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Appendix A

LIAS Scoring Rubric and Transformer
Architecture Specification

Full LIAS dimension scoring criteria and technical
specification of the L5 transformer contextual
laboratory interpretation framework.
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