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What Is Laboratory Medicine?

* A branch of healthcare focused on analyzing
(testing) clinical biospecimens

—Blood

—Urine

—Cerebrospinal fluid
* Core areas

—Clinical chemistry

—Hematology

— Microbiology

—Molecular

—Toxicology




Laboratory Testing Helps Address Medical Uncertainty

q Diagnosis

\I
a Prognosis

Treatment

WERTMAN BG JAMA 1980:243:2080-2 4



Laboratory Testing Is The GPS For Healthcare

When testing is working well

When laboratory testing is working
well, it helps the patients and doctors
navigate critical decisions to steer the
patient toward the best health



‘Bad’ Laboratory Testing Leads To ‘Bad’ Outcomes

When testing is working well When testing is NOT working well

THE MACHINE KNOWS--
STOP YELLING AT ME!

THERE'S NO ROAD HERE!




Testing Errors Lead To Patient Harm

Missed diagnosis

Misdiagnosis

Financial toxicity

Preventable morbidity

Preventable mortality

Unnecessary follow up and treatment
Delay of correct diagnosis

Anxiety

Direct impact on personal finances

May lead to healthcare avoidance



~can Al
iImprove
laboratory medicine?



Al Already Exists In The Clinical Laboratory

e’ ¢ 620 &%
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Verification Automation Cell Image-based
logic lines classification tools  microbiology analysis
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Al Is Not New, But The Technology Is Ever Evolving

Transformers

and LLMs
Deep

Machine Learning

Expert Learning

Systems /\

1950 2025
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A Broad Definition Of Al

Artificial
Intelhgence

/ lll
Machine
Learning

Deep
Learning

Artificial Intelligence

Broadly defined as machines that perform
tasks that typically require human intelligence
(e.g., reasoning, perception, decision-making)

Machine Learning

Algorithms that learn patterns from data
without being explicitly programmed

Deep Learning

Machine learning using neural networks
to learn complex patterns in unstructured data
(e.g., images, text, audio)

Large Language Models

A type of deep learning model trained
on large amounts of text to understand
and generate human language

IMAGE GENERATED WITH CHATGPT
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more
Where can” Al

Improve
laboratory medicine?




Ensuring Laboratory Quality Is Complex

Action ~ Clinical ¢z Access

Question

Results Test
Interpretation Selection
Post-Analytic , \ _
Pre-analytic
Resul_ts Tesjc
i Total Laboratory =~ "™
o Testing Process 1
Any break in this
Result Speci
process can degrade Verification Collection
laboratory quality and \ /
lead to a bad outcome oo
for the patient Analysts g SPOGITE Transport
AnalytiC Processing/

Preparation

Slide courtesy of Vahid Azimi | Adapted from: Raab, Swain, Smith, and Grzybicki. Clin Biochem. 2013 Sep;46(13-14):1180-6.
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Many Manual Laboratory Tasks Are High Value Al Targets

Dangerous

Repetitive

Complex

High precision

Such tasks are found throughout laboratory testing

IMAGES GENERATED WITH CHATGPT
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Laboratories Are Facing Historic Staffing Shortages

Laboratory Vacancy Rates by Section

Core Lab 1 118.0%
Blood Bank A ]17.8%
Chemistry/Toxicology - |17.3%
Hematology/Coaqgulation A 116.6%
Immunology - 116.0%
Send-outs A 115.3%
Microbiology - ]113.9%
Molecular - ]13.4%
Histology - ]13.2%
LIS/QA/PI - ]13.2%
Cytology - ]113.2%
Specimen Processing - ]12.8%
Point-of-Care - ]12.8%
Flow Cytometry - 112.1%
Phlebotomy - ]11.9%
Anatomic Pathology - 110.5%
Cytogenetics - ] 7.0%
0 5 10 15

Overall Vacancy Rate (%)

GARCIA 2024 AM J CLIN PATHOL PMID: 37936416
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Al Opportunities Throughout The Testing Process

Action ™= Clinical (m——— Access

Question
Results Test
Interpretation Selection
Post-Analytic \ ,
Pre-analytic
Results Test
Reporti Orderi
A Total Laboratory v
‘ Testing Process 1
Results Specimen
Verification Collection
Analysis ?_pecime:t"l
; ranspo
Analvtic "R
na y IC Preparation
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Al Opportunities Throughout The Testirs Process

2 Chan et al. (2021) [ ]
Q
(@) Levine et al. (2021) [ ]
)
ol Schmieding et al. (2021) L]
% Kopka et al. (2024) [ ]
— QOverall —’—

Action ™™= Clinical ¢z AccdSs

Question Semigran et al. (2015) .
y (2018) °

Verzantvoort et al.
Results Test
Interpretation Selection

Post-Analytic , \ ,
Pre-analytic

Results Test

Bl Total Laboratory ™
Testing Process 1

Gilbert et al. (2020) —_—r
Hill et al. (2020) L

Yu et al. (2020) —————

Ceney et al. (2021) .
Chan et al. (2021) ]
Delshad et al. (2021) [ J
Gilbert et al. (2021) ™

El-Osta et al. (2022) o

Expert Systems

Schmieding et al. (2022) L

Fraser et al. (2023) ——

Results Specimen
Verification Collection

Kopka et al. (2024) L

\ I Overall L 2

SpeCImen Fi t al. (2023) ——
Transport raser et al. (

h Specimen
Processing/ _ Ito et al. (2023) °
Preparation Levine et al. (2023) °

Knitza et al. (2024) [ ]

Analysis

Analytic

Benoit (2024) L]

LLMSs

Kopka et al. (2024) ==

Overall ——

0 25 50 75 100
Accuracy [%)]

KOPKA, M. NPJ DIGIT. MED. 2025, 8 (1), 178. PMID: 40133390 17



Al Opportunities Throughout The Testing Process

" 60 N -o i _o
Action ™= Clinical Access -
Question o =
Results Test 50 ~ o -
Interpretation Selection "
4 o---—- -0
Post-Analytic \ < o IR Lol
Pre-analytc < “° , o--"%" -
Results Test E s ’,0"' D_______D._..-EI———-D--——D———U
Reportin Orderin = / - -
e Total Laboratory 2 8 a0 A a RN SRl bbb
= D— — - -
‘ Testing Process 1 2 Pt
20 - /,5':’/ ~&- AMIE
Results Specimen 2 Clinician assisted by AMIE
Verification Collection ~@ - Clinician assisted by Search
\ / —¥ - Clinician unassisted by AMIE
10 1 —i - Clinician unassisted by Search
: Specimen
Analys:s T T T T T T
ot g O 2 8 4 5 6 7 8 9 10
Analytlc Preparatio% Top-n

McDuff et al. Nature 642, no. 8067 (June 12, 2025): 451-57. https://doi.org/10.1038/s41586-025-08869-4.
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https://doi.org/10.1038/s41586-025-08869-4
https://doi.org/10.1038/s41586-025-08869-4
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Al Opportunities Throughout The Testing Process

Median diagnostic reasoning score

Action -#Q Iinif_al Access
uestion -
~ Conventional
Results Test Al chatbot resources
Interpretation Selection
Post-Analytic \ ,
Pre-analytic
Results Test
Reporti Orderi
A Total Laboratory v
‘ Testing Process 1
Results Specimen
Verification Collection
Analysis _Srpecime:t‘l
i ranspo
Preparation Goh et. al. JAMA Netw Open 2024, 7 (10), e2440969. https://doi.org/10.1001/jamanetworkopen.2024.40969.
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Al Opportunities Throughout The Testing Process

Order Recommender Systems

Action ~ Clinical Access Haptﬂglobin
Question .
. o/1] - |o| Reticulocyte count
Results :
Interpretation G (o)
Ere&"x- T A
. B8 e . K ﬁ.
Post-Analytic . Wity h giaa T gered /ﬁ@
Pre-analytic / ¥
Results Test |['| 1|1 | 1 ﬂl /g}
RoponE Total Laboratory =~ °™ & S
; &
Testing Process /& i
S 4w [0 0] 1]
f e 6 [
Results Specimen .. O
Verification Collection
.. 10 =0
\ / Ferritin
s  Spesmen
Ana| th h Prgcessingl _ . ) o
y Preparation Fouladvand S, et. al.. J Biomed Inform. 2023 Jul;143:104407. doi: 10.1016/j.jbi.2023.104407.
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Al Opportunities Throughout The Testing Process

Action ™) Clinical ¢z Access

Question

Results Test
Interpretation Selection
Post-Analytic \ ,
Pre-analytic
Results Test
Reporting Ordering

Total Laboratory
‘ Testing Process 1

Results Speci
Verification Collecti
: Specimen
Analysis
h Specimen P Transport
i Processing/
Analytlc Preparation

Robotic Venipuncture

= 2D Linear
. Ultrasound
z / Probe

n . °
2DOF &—»
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l—y Slibs. Vein Y 'i/_,/‘ =—/ “5,’¢ 1
—_i.‘-m..—.@. - _q.— - —_—t -
z tPlane  Ticcue § i
(0] (i) (i)

Hydrogel Clip
==—==_Skin Surface

Hypodermis

Vessel Wall

Needle Tip

Vessel Center

Leipheimer JM 2019 Technology 07:98-107.
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Al Opportunities Throughout The Testing Process

Nasopharyngeal Swab

Action ™) Clinical ¢z Access

(?!uestionI
Results Test
Interpretation Selection
Post-Analytic , \ Pre-analytic
Results Test
Reporti Orderi
A Total Laboratory v
‘ Testing Process 1
Results Speci
Verification Collecti
Analysis ?_pecime:t‘l
' ranspo
Analvtic "R
na y IC Preparation

Haddadin S 2024 Sci Rep 14:142 PMID: 38167977



Al Opportunities Throughout The Testing Process

Drone-based Specimen Transport

Action ™= Clinical ¢ Access

Question

Results Test
Interpretation Selection
Post-Analytic , \ Precanalyi
Results c)Test

Reporti deri
A Total Laboratory v
‘ Testing Process 1
Results Specimen
Verification Collection

: Specime
Analysis : Transpo
Analvtic " P
na y IC Preparation

AMUKELE 2015 PLOS ONE 10:E0134020. PMID: 26222261 23
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Al Opportunities Throughout The Testing Process

TOTAL LABORATORY AUTOMATION

i inical ¢ ————— ( D)
e "’éi,'::;zzL\ ECESS PRE-ANALYTICAL
R MODULE
esults Test 3
Interpretation Selection e Barcode Checklng
. e Accessioning
Post-Analytic :
d , \ Pre-analytic ° Sorthg :
Results Test o Centrlfugatlon
Sepe Total Laboratory ™ » Decapping
‘ Testing Process 1 * Routing
Results Specimen
Verification Collection
Arialvsi Specimen
ySI5 Transport

Specimen
Processing/ P
ration

Analytic

LIPPI G, DARIN G. CLIN CHEM LAB MED. 2019. DOI: 10.1515/CCLM-2018-1323. 24



Al Opportunities Throughout The Testing Process

Results
Interpretation

Post-Analytic ,

Results
Reporting

Results
Verification

N\

Analysis

Analytic

Action ™= Clinical (m——— Access

Question .
Test

Selection

\ Pre-analytic

Test
Ordering

Total Laboratory
Testing Process

Specimen
Collection

/

Specimen
h Specimen _ Transport
Processing/

Preparation

Violated
Violated

Passed

Instrument

Y
flag £

Stop autoverification and
shift to manual verification

Results of all
requested tests
are complete

No

of all results

Wait till completeness

Filtration of medical rules by:

1. Rules that contain the same clinical data
2. Rules for the same tests combination

No rule
is applied

Results pass
through the
filtered rules

One of the medical
rules is applied

!

Autoverify and insert comment - \

Stop autoverification and shift to manual verification

when applicable -

ADAPTED FROM SEDIQ, AMANY MOHYELDIN AND AHMAD GABALLAHM HALA ABDEL-
AZEEZ. ANNALS OF SAUDI MEDICINE 34 (2014): 427 - 432.
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Al Opportunities Throughout The Testing Process

Action ™= Clinical ¢ ——
Question

Reésults Test
Interpretation Selection
Post-Analytic , \ |
Results Test
Reporti Orderi
A Total Laboratory v
Testing Process
Results Specimen
Verification Collection
Analysis _Srpecime:t"l
; ranspo
Analvtic "R
na y IC Preparation

Example of Prompt

Performance Evaluation

#i## Instruction ###

Role: Health Screening Data Interpreter

Objective: Analyze the patient's health screening data
and generate a structured JSON format report. (JSON
format: Key — Analysis Item, Value — Result Interpretation)
#i#t# Example ###

Input: A table containing numerical data on various items
such as gender, blood pressure, cholesterol, blood
glucose, etc.

Output: A report of results interpreted based on
thresholds for BMI, blood pressure, cholesterol, etc.

### Reference values ###

[Screening Item]

< Normal Range >: Normal

< Abnormal Range >: Abnormal

### Question #i##

Please interpret the data for this patient.

Input: A table containing numerical data on various items
such as gender, blood pressure, cholesterol, blood
glucose, etc.

Prompt Input

Health checkup results

l

(Large Language Models

Inference of Clinical Significance for Input
* Normal or abnormal

e Disease stages (e.g., Normal,
Prehypertensnon Hypertension)

@00

Performance Evaluation

‘

o

Comparing LLM's interpretation to the
correct answer

Reproducibility Test

YOU, J., SHIN, H. NPJ DIGIT. MED. 9, 565 (2026). HTTPS://DOI.ORG/10.1038/541746-026-02467-Y
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IV Fluid Contamination Detection as an Al Opportunity

of:

* Introduction of exogenous
intravenous fluid at collection

* Interferes with downstream
laboratory testing

Image courtesy of Nick Spies
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Undetected IV Fluid Contamination Harms Patients

Hemoglobin Glucose aPTT
6.8 g/dL 614 mg/dL >150s
Transfusion Insulin Heparin Stopped

Reaction Seizure Embolism

Figure and cases courtesy of Nick Spies
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IV Fluid Contamination Relies on Human Review

Automated alert
0 A . i AGlucose
4 Single-analyte feasibility S0 mardl
or delta check rule 9
Analyte Result Prior Change ~
Technologist review Glucose(mga) 872 145 t Pattern :
Review results and Potassium (mmol/L) 2.9 43 i consistent with | pgs
_ D5NS
Q look for D5NS pattern Chloride (mmol/L) 70 102 J ortamiRation
Bicarbonate (mmol/L) 12 24 J o
e o O o Careteamdiscussion
Communicate with
providers as needed
G Result suppression
=1  With comment indicating “Results likely reflect
- likely IV fluid contamination IV fluid contamination.”

S— (D5NS pattern)

Process at Barnes-Jewish Hospital (Saint Lous, MO, USA) IVIAGE GENERATED WITH CHATGPT 29



Which of These BMPs Was Contaminated?

(B

(A C

T COECErT T

Na (mmol/L) 133.0 139.0 Na (mmol/L) 132.0 143.0 Na (mmol/L) 133.0 139.0
K (mmol/L) 4.8 2.9 K (mmol/L) 6.2 7.6 K (mmol/L) 4.6 3.9

Ca (mg/dL) 8.3 5 Ca (mg/dL) 9.5 134 Ca (mg/dL) 9.0 7.8

Cl (mmol/L) 96.0 114.0 Cl (mmol/L) 95.0 96.0 Cl (mmol/L) 96.0 104.0
Cr (mg/dL) 0.63 0.50 Cr (mg/dL) 1:23 0.47 Cr (mg/dL) 159 7.64
BUN (mg/dL) 6.0 6.0 BUN (mg/dL) 61.0 27.0 BUN (mg/dL) 46.0 51.0
CO, (mmol/L) 18.0 20.0 CO, (mmol/L) 19.0 28.0 CO, (mmol/L) 23.0 19.0

Glucose (mg/dL) 68.0 48.0 Glucose (mg/dL) 267 1122.0 Glucose (mg/dL)  103.0 103.0

IMAGE GENERATED WITH CHATGPT



Which of These BMPs Was Contaminated?

(A B

S| rror | curene [ e pror | —curene [ hvate | ror | _curom_|

3

Na (mmol/L) 133.0 139.0 Na (mmol/L) 132.0 143.0 Na (mmol/L) 133.0 139.0
K (mmol/L) 4.8 2.9 K (mmol/L) 6.2 7.6 K (mmol/L) 4.6 3.9
Ca (mg/dL) 8.3 5:7 Ca (mg/dL) 9.5 13.4 Ca (mg/dL) 9.0 7.8
Cl (mmol/L) 96.0 114.0 Cl (mmol/L) 95.0 96.0 Cl (mmol/L) 96.0 104.0
Cr(mg/dL) 0.63 0.50 Cr(mg/dL) 1.23 0.47 Cr(mg/dL) 7.59 7.64
BUN (mg/dL) 6.0 6.0 BUN (mg/dL) 61.0 27.0 BUN (mg/dL) 46.0 51.0
CO2 (mmol/L) 18.0 20.0 CO2 (mmol/L) 19.0 28.0 CO, (mmol/L) 23.0 19.0
Glucose (mg/dL) 68.0 48.0 Glucose (mg/dL) 267 1122.0 Glucose (mg/dL) 103.0 103.0
25% NS = 15% D5LR 11% NS
contamination Den contamination contamination
Expected pattern: Expected pattern: Expected pattern:
LG I Car4Cl — T glucose, T K, T Ca, Pl Ca el
(mild 1 Na) ; TREOHECS"), (mild 1 Na)

minimal change in Cl

IMAGE GENERATED WITH CHATGPT 31



IV Fluid Contamination as a Target for Al Application

(44

Can artificial intelligence
improve the clinical detection
of intravenous fluid
contamination?

29

Nick Spies, MD
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Expert Systems Encode Expertise as Explicit Rules

(& )
a
= | | il
Input Rules Output
Patient data, “”:“X and, THE':J Z Decision,
test results, IF A, THEN B alert, or
clinical context L / recommendation

Domain expertise
encoded as rules

IMAGE GENERATED WITH CHATGPT 33



Expert System for Dextrose Fluid Contamination

1,800
1,700
1,600

Glucose (mg/dL)
s
o
o

~ ¢ Spurious
0 Real
-
* y
Te Y 3 | Glucose >800 mg/dL with
. anion gap <15 mmol/L
T % indicates spurious
b S ZOEE . B O
‘ -
) 5s » g O
. *
** % e - .
a ?ﬁ a ; N i =
. E‘FICEE L
0 5 10 15 20 25 30 35

Anion Gap (mmol/L)

Baron 2012 Am J Clin Pathol PMID: 22912358

Gold standard: Expert chart review

Rules

If glucose > 800 mg/dL
AND anion gap < 15 mmol/L

Then

‘Spurious’

Else
‘Real’

34



Expert Systems For NS Contamination Detection

100% -
§ = (Ca or Cl feasibility (single analyte) |
e = = = Ca or Cl % delta (single analyte) ‘
L% 80% - esese CaorClabs delta (single analyte)
& = == (Ca and Cl delta (two analytes)
kS = == « Ca and Cl avg delta (two analytes)
=
E 60% -
(@)
u ©
"‘é : S (o= o
o .. R .o e,
o 40% 42
Q °
= =
o 3 »Z i
.2/ \ -
5 20% 4 N’
=
S
)
(a1
O% I 1 I I I
0.01% 0.04% 0.16% 0.64% 2.56% 10%

Percent of Electrolyte Profiles Identified as Erroneous

Gold standard: anomaly resolves on next sample

Figure Recreated from Patel 2015 Clin Chem Lab Med PMID: 25719332

Method 4

If (Ca delta > cutoff
and Cl delta > cutoff)

Then
Contaminated

Else Not Contaminated

Method 5

If AVG(Ca delta, Cl delta) > cutoff

Then Contaminated

Else Not Contaminated

35



Expert System for Multifluid Detection

2.0 -160 558 108 RU|es
Glucose {
Potassium 100 L31 - g N SIO%
c 1.59 Calcium ; ; g
-% [ [ S ACl>77,AK>-0.7and ACa>~-17
=l co 3
cC © | BUN =
g ~ LR 1o
0>’ g Creatinine 1.13 -%
& ey E AGlu>-113,ACa>-0.7and ACO,>-33
Ko . P
- 0.5 4 Sodium -
: r150 129
Chloride L D5W10%
L1900 L100 L 89
0.0 . , , AGlu>534, ACl>-139and ANa>-16.7
Sample 1 Sample 2 Sample 3

Gold standard:
1. Anomaly with resolution pattern
2. Evidence of suspected fluid administration w/in 24 hours Recreated from Choucair 2023 Clinica Chimica Acta PMID: 36309069



Expert Systems for IV Fluid Contamination Detection

=xe,

Simple, transparent
systems

Rule-based expert systems are
easy to understand and
implement.

@

Achieve moderate
accuracy

Effective at identifying many
contaminated samples, with
moderate performance.

Rule sets become large

When chasing higher accuracy
and broader fluid coverage,
rule sets can become complex
and difficult to maintain.

IMAGE GENERATED WITH CHATGPT
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IV Fluid Contamination as a Target for Machine Learning

bé

Can machine learning
improve the detection of
IV fluid contamination?

29

Nick Spies, MD

38



ML Leverages Data Instead of Human Expertise

Input

Patient data,
test results,
clinical context

Expert System

Encodes human expertise as explicit rules

—p

& B\
— — III
Rules Output
“IF X and Y, THEN Z" Decisietl,
“IF A, THEN B" alert, or
recommendation
L 0

T Domain expertise
. encoded as rules

Machine Learning

Learns patterns from data

-
Input —p
Patient data,
test results,
clinical context -

O
® O o0
c0§00

Model

~

Output

- —

S

Data

Learns from data
using machine learning
Model optimization

— |

Decision,
alert, or
recommendation

IMAGE GENERATED WITH CHATGPT
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ML Approaches Vary in Data Label Requirements

Feature 2

Unsupervised Learning

Finds patterns in data without
labeled outcomes

A Unlabeled data
=) ) !
® A(J : I
/)./, ) " ®
E @ @ @ ©
s ©0 —
b O _ @
</ l)( -
B
Feature 1

Examples: clustering, anomaly
detection, dimensionality reduction

Supervised Learning

Learns from labeled data
to predict an outcome

A ® Class0
@ Class 1
\\ [}
\\ . 00
\ e 00 ©
o~ > o
o o] \\ ® 0% °®
) ] @ \ ©
w © \ ® O ¢
N
& O ®e \ @
o ©® e @
. \
® .. e % Yo
@ N\
Feature 1

Examples: classification

(e.g., logistic regression, random forest),
regression (e.g., linear regression)

IMAGE GENERATED WITH CHATGPT
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IV Fluid Contamination as a Target for Unsupervised ML

&6

Can unsupervised ML
improve the detection
of IV fluid contamination?

29

Nick Spies, MD

41



Unsupervised ML to Detect Anomalous BMP Results

Simulated Contamination

. . ¢
Inpatient BMPs Mixture Ratio
e Sodium e Creatinine
e Chloride e Calcium )
e BUN ¢ Glucose 5‘
e CO2 e AG (calc) v
AB
UMAP :
Ehl Simulated Errors IEReA%4Y . Uniform Manifold
— A Xi ion & P i
A 540’000 PpPro. mation FOJedOH q
®
© 0..@
1,620,275 ® .
iy

l'[—E] ~2Tr1air\r;|iiil1l?on 506,341 g

' 0 1

Spies et. al. Clin Chem. 2024 Feb 7;70(2):444-452. PMID: 38084963. UMAP: MCINNES 2018 JOURNAL OF OPEN SOURCE SOFTWARE HTTPS://DOI.ORG/10.21105/J0SS.00861 42



https://doi.org/10.21105/joss.00861

Unsupervised ML to Detect Anomalous BMP Results

Simulated Contamination )

Inpatient BMPs Fluid Type Water
e Sodium e Creatinine
e Chloride e Calcium
e BUN e Glucose
e CO2 e AG (calc)
UMAP £ ; ‘IR
EH Simulated Errors 540,000 > Uniform Manifold B T > y -
- Approximation & Projection L LGN
A 540,000 P— X g S
@ — D5W
(= ... .90 :
1,620,275 e ‘. r‘.o } D5NS
[— Training g | DSLR
[ ~2.1 Million 506,341 D5halfNS
D5half+K

UMAP: MCINNES 2018 JOURNAL OF OPEN SOURCE SOFTWARE HTTPS://DOI.ORG/10.21105/J0SS.00861



https://doi.org/10.21105/joss.00861

Leveraging Unsupervised Model to Classify Patient Results

Patient Embedding

Enrichment Score

Enrichment Score

Lowest Highest

Gold standard: consensus of experts

Positive Predictive Value

Precision-Recall Curve

Enrichment Scores Compared to Expert Labels

Enrichment
Score (ES)
Threshold

>100
>30
>10

0.48 0.95
0.71 08

085 0.7
Sens PPV

AUPRC =0.89

Sensitivity



UMAP Detects Additional Clinically Meaningful Contamination

n = 100 consecutive UMAP flags

22% 58% 20%
UMAP UMAP + Experts UMAP + Current
(n=22) (n = 58) + Experts
(n = 20)

:

i Estimated PPV = 0.78

' (95% Cl: 0.68 — 0.85)

49/58 (85%)

displayed critical results

IMAGE GENERATED WITH CHATGPT 45
Gold standard: consensus of experts



IV Fluid Contamination as a Target for Unsupervised ML

6

Can supervised ML
further improve the detection
of IV fluid contamination?

)9

Nick Spies, MD
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Ensembled ML for IV Fluid Contamination Detection

Input Features

_— . N

Simulated BMP results
¢ Sodium

© v
©
o —

e Creatinine

e Chloride e Calcium
e BUN
e CO2

+

e Glucose
e AG (calc)

Labels
Fluid contaminated?

(y/n)

IV Fluid-Specific Models

Normal saline (NS)

contaminated? (y/n)

D5NS
contaminated? (y/n

D5W
contaminated? (y/n

1/2NS
contaminated? (y/n

(
h20
contaminated? (y/n

Spies 2025 Clin Chem PMID: 39545815

)
)
)
)

—

—
—>
—
—

Model Prediction
(Contaminated? Y/N)

NS contaminated?

(y/n)

Model 1
(XGBoost)

D5NS contaminated?
(y/n)

—>
Model 2 i
(XGBoost)
Model 3 —
(XGBoost)
Model 4 L
(XGBoost)

—>

D5W contaminated?

(y/n)

(y/n)

Model 5
(XGBoost)

h20 contaminated?

(y/n)

1/2NS contaminated? _

-

Ensemble
Logic

Final Prediction

: atll
—1p Ensemble Model —
IV fluid
Combine model contaminated?
predictions (y/n)
across fluids
i # models = 22

o Different fluids
« Different data/labels
 Different model types

IMAGE GENERATED WITH CHATGPT
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Methods

Laboratory e BJ H/ WashU Electronic
Information ~ St. Louis, MO Health
System W’  RB#202202030 Record

Internal Validation

1/1/2018 - 5/30/2022 6/1/2022 - 7/1/2022
BJH/WashU BJH/WashU

' | ;

I
|

v

Blinded expert review

Accuracy

Spies 2025 Clin Chem PMID: 39545815

Yale-New Haven Hospital
New Haven, CT
IRB #2000032467

l

External Validation

2/1/2023 - 2/28/2023
Yale—New Haven
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Supervised ML Models are Accurate and Generalizable

Internal Validation (WashU) External Validation (Yale)

Sensitivity

Specificity
PPV
NPV

Accuracy

Blinded expert review

(gold standard)

BJC/WashU
St. Louis, MO

0.858
0.993
0.657
0.998
0:99

Sensitivity

Specificity
PPV
NPV

Accuracy

Blinded expert review
(gold standard)

Yale-New Haven Hospital

New Haven, CT

1.000
0.980
0:158
1.000
0.980
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Ensembled Supervised ML Further Improves Sensitivity

Sensitivity Comparison: Unsupervised vs. Ensemble
Proportion of Simulated Contamination Detected at a Mixture Ratio of 0.10

D5W
0.86 @ .
D5halfNS

Urfggfﬂr;{i;ed o riid EFr:_senjble 0.84@ @
ipeling D5NS
0.82@ @
o 0.79 @ yperNS @
E 0.74 @ OSLR @
- 0.52@ D5halfNSwK o
u_:: 0.05@ —Ld @o.o9
0.05@ halfNS @055
0.04 @) NS @o.s:
0,40 0.45 0.50 U.75 1.00

Sensitivity: Simulated Contamination @ 0.10 Mixture Ratio
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Ensemble Method Increases Contamination Flagging

Ensemble
Pipeline -
(Al

210

Current
Process -
(human)

2-12

50 100 150 200
Detected IVF Contamination per 10,000 Specimens
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IV Fluid Contamination is Only Rarely Detected in Practice

Sciacovelli 2019 Clin Chim Acta PMID: 31295446



Machine Learning for IV Fluid Contamination Detection

|/Ii @“ gc X

Can achieve Complex and Require large, Implementation
high accuracy lack transparency curated datasets is not trivial
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IV Fluid Contamination as a Target for LLM Application

66

What about a foundation
large language model (LLM)?

2

Nick Spies, MD
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Study Design

o Generate simulated specimens

Mix patient specimens with simulated DSNS
contamination at defined ratios

Simulate
mixtures
Patient Normal saline +
specimen 5% dextrose
(uncontaminated) (D5NS)

Spies 2023 JALM PMID: 37702018

Simulated contaminated

specimens

Mixture ratios:
10% DSNS
25% DSNS

Simulated control
specimens

No contamination
(0% D5NS)

e Expert labeling task

Label each simulated result as contaminated
or not contaminated

Human experts ChatGPT v4

Q® ..
o (OB o

VS
Fellows /

residents

Non-laboratory
clinicians
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ChatGPT Underperformed Human Experts

Accuracy

PPV

NPV

Gold standard: simulated IV fluid detection °°



Built de novo for a specific task

Task-specific

1V fluid
contamination
4 Disease
detection
m Image

classification
Text
classification

Traditional ML

data

(@ @ (@ (@

Train model
from scratch

Task-specific
model

Contamination
model

Disease
model

Image
model

Text
model

Traditional ML Versus Foundation Models

Foundation Models

Pretrained on massive data, adaptable to many tasks

Massive, diverse
datasets

EHR / Clinical data

5>

Pretrained
Foundation
Model
(e.g., LLM,
multimodal model)

Apply to many tasks
(with minimal or no changes)

1V fluid
contamination

Disease
detection

Image
analysis

Report
summarization

Clinical Q&A
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Foundation Models/LLMs for IV Fluid Contamination

Moderate Inferior to
accuracy human
performance

Complex,
opaque, and
irreproducible

€

Does not
require extensive
development
or build

i

T

Implementation
ranges from
simple to
complex
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Summary of IV Fluid Contamination Case Study

Al is not new— Q Each approach has e Therearereal Translation remains
T i benefits and challenges opportunities tor Al to
it is evolving g N alortiony Aot the challenge

lll A N\ g

«® % 5 B Benefits Challenges = (, .'\

EAREZRE = B R %
% V4 )

Expert Machine Deep Foundation
systems  learning  learning models @ pettomarc m Improve Enhance
and LLMs ¢ 1 efficiency accuracy
o Development
ﬁ Q ransparency e®e support | e
: ..‘ staff II new insights
Earlier approaches Current phase g |mpieinentation
of evolution
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Challenges To Al Implementation In The Laboratory

* Risk aversion

* Lack of familiarity

* Limited infrastructure

* Insufficient validation

* Lack of standards and guidelines
* Regulatory ambiguity

 Uncertain reimbursement

Barriers to implementation
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Why Laboratory Medicine Deserves a Seat at the Table

* Long history of responsible
healthcare technology deployment

* Experts in data-generating processes
e Central hub in healthcare

e Access to rich data assets
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CONCLUSIONS

* Laboratory Medicine is fertile ground for the development and deployment of Al
applications to improve patient care and human health

* There remain many barriers to optimally implementing Al in laboratory practice

* Laboratory Medicine is a valuable partner in the responsible application of healthcare Al

62



Acknowledgements
ARUP Laboratories Yale University University of Rochester

Nicholas Spies, MD Thomas Durant, MD Joe El-Khoury, PhD Leah Militello, MD, MBA

Washington University School of Medicine Kaise Permanente

Section of Clinical Chemistry

Christopher Farnsworth, PhD Vahid Azimi, MD



=g WashU Medicine



	Default Section
	Slide 1: ARTIFICIAL INTELLIGENCE FOR LABORATORY MEDICINE  CSE 4109 Lecture – OCTOBER 1ST, 2026
	Slide 2: Disclosures

	Context
	Slide 3: What Is Laboratory Medicine?
	Slide 4: Laboratory Testing Helps Address Medical Uncertainty
	Slide 5: Laboratory Testing Is The GPS For Healthcare
	Slide 6: ‘Bad’ Laboratory Testing Leads To ‘Bad’ Outcomes
	Slide 7: Testing Errors Lead To Patient Harm

	Hook
	Slide 8

	Rising Insights
	Slide 9: AI Already Exists In The Clinical Laboratory
	Slide 10: AI Is Not New, But The Technology Is Ever Evolving
	Slide 11: A Broad Definition Of AI
	Slide 12
	Slide 13: Ensuring Laboratory Quality Is Complex
	Slide 14: Many Manual Laboratory Tasks Are High Value AI Targets
	Slide 15: Laboratories Are Facing Historic Staffing Shortages
	Slide 16: AI Opportunities Throughout The Testing Process
	Slide 17: AI Opportunities Throughout The Testing Process
	Slide 18: AI Opportunities Throughout The Testing Process
	Slide 19: AI Opportunities Throughout The Testing Process
	Slide 20: AI Opportunities Throughout The Testing Process
	Slide 21: AI Opportunities Throughout The Testing Process
	Slide 22: AI Opportunities Throughout The Testing Process
	Slide 23: AI Opportunities Throughout The Testing Process
	Slide 24: AI Opportunities Throughout The Testing Process
	Slide 25: AI Opportunities Throughout The Testing Process
	Slide 26: AI Opportunities Throughout The Testing Process
	Slide 27: IV Fluid Contamination Detection as an AI Opportunity
	Slide 28: Undetected IV Fluid Contamination Harms Patients
	Slide 29: IV Fluid Contamination Relies on Human Review
	Slide 30: Which of These BMPs Was Contaminated?
	Slide 31: Which of These BMPs Was Contaminated?
	Slide 32: IV Fluid Contamination as a Target for AI Application
	Slide 33: Expert Systems Encode Expertise as Explicit Rules
	Slide 34: Expert System for Dextrose Fluid Contamination 
	Slide 35: Expert Systems For NS Contamination Detection
	Slide 36: Expert System for Multifluid Detection
	Slide 37: Expert Systems for IV Fluid Contamination Detection
	Slide 38: IV Fluid Contamination as a Target for Machine Learning
	Slide 39: ML Leverages Data Instead of Human Expertise
	Slide 40: ML Approaches Vary in Data Label Requirements
	Slide 41: IV Fluid Contamination as a Target for Unsupervised ML
	Slide 42: Unsupervised ML to Detect Anomalous BMP Results
	Slide 43: Unsupervised ML to Detect Anomalous BMP Results
	Slide 44: Leveraging Unsupervised Model to Classify Patient Results
	Slide 45: UMAP Detects Additional Clinically Meaningful Contamination
	Slide 46: IV Fluid Contamination as a Target for Unsupervised ML
	Slide 47: Ensembled ML for IV Fluid Contamination Detection
	Slide 48: Methods
	Slide 49: Supervised ML Models are Accurate and Generalizable
	Slide 50: Ensembled Supervised ML Further Improves Sensitivity
	Slide 51: Ensemble Method Increases Contamination Flagging
	Slide 52
	Slide 53: Machine Learning for IV Fluid Contamination Detection
	Slide 54: IV Fluid Contamination as a Target for LLM Application
	Slide 55: Study Design
	Slide 56: ChatGPT Underperformed Human Experts
	Slide 57: Traditional ML Versus Foundation Models
	Slide 58: Foundation Models/LLMs for IV Fluid Contamination
	Slide 59: Summary of IV Fluid Contamination Case Study
	Slide 60: Challenges To AI Implementation In The Laboratory
	Slide 61: Why Laboratory Medicine Deserves a Seat at the Table

	Central Insights
	Slide 62: CONCLUSIONS

	Aknowledgements
	Slide 63: Acknowledgements
	Slide 64


