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Learning Objectives

1) Identify applications and challenges of large datasets
2) Define and differentiate machine learning, statistical learning, 

and artificial intelligence
3) Identify emerging uses of machine learning in the laboratory
4) Explain how laboratorians can participant in algorithm 

development and implementation



Part I: Lab Data Opportunities



Lab Data Sources

Analyzers

Middleware Civic
General
Heart
Riverside
Unknown

R
ow

Si
de

C
ol

or
s

20
19

-0
6-

10

20
19

-0
6-

11

20
19

-0
6-

12

20
19

-0
6-

13

UnknownACCONCADMHAKUBMTSHOC2NRCBS-BRAMPTONCC BRACHYCC CHEMOTRTCC LABCC MOD BCC MOD DCC RADONC NCC RADONC SYCCHCHEOCIV A1CIV A2CIV A3CIV A4CIV A5CIV B2CIV B4 SCCIV B5CIV B5 AMCIV BU.CIV D2 TRCIV D5CIV D6CIV D7CIV DERMCIV E2 NACUCIV E5CIV ED E ICIV ED F ICIV ED O ICIV ED P ICIV ED R ICIV ED X ECIV ED X ICIV ED Z ECIV ENDO.CIV F2 ICUCIV F7CIV FAM HLTHCIV GASTROCIV GMU DHCIV INF DISECIV J2 ICUCIV LABCIV MDCUCIV MFM CLNCIV MRICIV NEWBORNCIV OBS USCIV PAUCIV STROKE PREVCIV U/SCIV XRAYCIV-C-DICIV-COPCIV-EMCECIV-EMCOCIV-EMCPCIV-EMCRCIV-EMCSCIV-EMCUCIV-HRUNCIV-KUCIV-UROLCOKUCPDMHGCCGCPSGEN 4NGEN 4WGEN 5AMAGEN 5BMTGEN 5EGEN 5NEGEN 5NWGEN 5WGEN 6EGEN 6NEGEN 6NWGEN 6OBSGEN 6WGEN 7EGEN 7NCCGEN 7NWGEN 7WGEN 8EGEN 8WGEN APH/PHOGEN BMTGEN BMT/5LEUGEN BU.GEN CANC ASMGEN CARDIOPGEN CCUGEN CFGEN CIU RSGEN DIALYGEN ED E EGEN ED E IGEN ED F EGEN ED F IGEN ED O EGEN ED O IGEN ED P EGEN ED P IGEN ED R EGEN ED R IGEN ED U EGEN ED U IGEN ED Z EGEN ENDOGEN GASTROGEN HEM ONCGEN HEMATOLGEN ICUNGEN ICUSGEN INF DISGEN LABGEN MDCUGEN MFM CLNGEN NEWBORNGEN NICUGEN OBS USGEN ORGEN PAUGEN VIR HEPGEN XRAYGEN-CIURESGEN-GCCGEN-GOPGEN-HEMAPRGEN-HEMATOGEN-HEPGEN-IMMDEFGEN-MYELOMGMHHEMHGH B2 CCCHGH B2 MED SURGHGH BUHGH C2 EASTHGH D1 ICUHGH EDHGH ED EHGH ED IHGH GYNEHGH LABHGH MDCUHGH NEWBORNHGH OBSHGH SPNC MHHI CARD CATHHI CARD CLNHI CICU AHI CICU BHI CSICU 2HI CSICU 4EHI CSICU 4WHI DAY UNITHI ECHOHI ELECTROHI H3HI H4HI H5HI HEART FNCHI LABHI ORHI PAUHI PULM HTNHI RRCHI-HICARDHI-HIPUCSHI-HOPHI-NILBHICLHOPINFDATKDHKGHKUMLIFELABLYMPHOMAMHNEPTFUNRDYSTNRGNNROBHROBSLROEMGONCOPHDSUPAUARNPICCIPLRMQCHRESPIRIV DIALYRIV ENDOCRINRIV FAM HLTHRIV GEN NEPRIV HM DIALRIV LABRIV LITH SDCRIV MDCURIV-REDCRIV-RHDURIV-RMDURIV-RMEDRIV-RNEPRIV-ROPRIV-RTFURNMMDRVH ACTIVERVH CCCRVH DIALYRVH ED ERVH ICURVH LABRVH MDCURVH ORRVH PAURVH SFMH DIALYSDCARESFMH EDSFMH ED ESFMH LABSFMH MEDICALTOHC LabTOHG LabTOHR LabTRC WARD ATRC WARD CURDUROLOGVASCVIRHEP

POC LIS

Financial

Lab Website

EMR QC

Image/Video

Inventory

25

50

75

100

10 1000
Sample size

Ac
cu

ra
cy

 (%
 d

iff
er

en
ce

 fr
om

 tr
ue

 v
al

ue
)

Data 
warehouse

D
en
si
ty

60 80 100 120 140

0.
00

0.
01

0.
02

0.
03

0.
04

D
en
si
ty

60 80 100 120 140

0.
00

0.
02

0.
04

Procedures

There was a problem uploading the following data:

Confirm the tests are present and the format is correct. 
Data must be present in all fields, dates must be appropriately formatted, and results must be numeric.
Where results are less than or greater than, insert the value without the operator and add a comment
indicating if it was greater/less than.

Analyte QC
Material

QC
Level

Run
Date

Run
(AM/PM) Replicate Result Comments

['Glucose
(Plasma and
CSF) G1-7A'

'Serum
multiqual'

'Level
1'

'2019-
06-14' 'am' '1' '3.20' '']

['Glucose
(Plasma and
CSF) G1-7B'

'Serum
multiqual'

'Level
1'

'2019-
06-14' 'am' '1' '3.30' '']

['Glucose
(Plasma and
CSF) G1-7A'

'Serum
multiqual'

'Level
2'

'2019-
06-14' 'am' '1' '6.60' '']

['Glucose
(Plasma and
CSF) G1-7B'

'Serum
multiqual'

'Level
2'

'2019-
06-14' 'am' '1' '6.60' '']

['Glucose
(Plasma and
CSF) G1-7A'

'Serum
multiqual'

'Level
3'

'2019-
06-14' 'am' '1' '19.70' '']

['Glucose
(Plasma and
CSF) G1-7B'

'Serum
multiqual'

'Level
3'

'2019-
06-14' 'am' '1' '19.90' '']

['Glucose
(Plasma and
CSF) G1-7B'

'Serum
multiqual'

'Level
1'

'2019-
06-14' 'am' '2' '3.30' '']

['Glucose
(Plasma and
CSF) G1-7B'

'Serum
multiqual'

'Level
1'

'2019-
06-14' 'am' '3' '3.30' '']

['Glucose
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POLL #1

How Many Different Data Sources 
Do You Use Routinely in the Lab?

A. 0
B. 1
C. 2-3
D. 4-5
E. 6+



Lab Data Applications
• Understanding of service

• Ordering, Test volume, Timing, Results, Trends

• Resource Allocation

• Quality

• Generation of New information

Descriptive Predictive Prescriptive



Test Dashboard



Courier Timing



Quality Improvement



Infection 
Control



Test 
utilization



Comparative Test Utilization



Change Management



Resource Allocation



Quality Assurance



Quality Assurance



Quality Control



Resource Usage



Machine Learning



Part II: Lab Data Challenges



POLL #2

What is the hardest part of using 
lab data to solve a problem? 

A. Accessing the data
B. Handling the amount of data
C. Data accuracy
D. Analysis
E. Other/Don’t know



Lab Data Challenges

• Access
• Standards
• Human resources/Skills 
• Interoperability 
• Volume
• Validation
• Accuracy
• Software/Hardware Changes
• Ethics/Privacy/Security

o 4 pm, Thursday, September 16, 2021
o 8:00 UTC 16/09/2021
o 2021-09-16 16:00:01
o 2021-09-16  4:00:01 PM
o 1631642896
o 44456.6666782407
o Thurs, Sept 16
o 09-16-21
o 16/09/21
o 16, Sept
o 21-Sep
o 16/09/2021



Lab Data Types

Procedures, package inserts, 
PDFs

Images, audio, e-mail

Spreadsheets, HL7 messages

LIS and EMR data, data 
warehouses



Data Sizes & Approaches
Size Storage Software Scale Sample

Tiny Kilobytes Excel, R Human readable Single test method validation

Small Megabytes R, SAS, SPSS, 
Tableau, Python Fits in computer memory One week of LIS data

Medium Gigabytes Relational 
database Fits on a computer One year of clinical data

“Big” Terabytes+ Distributed 
database Multiple computers Enterprise health data



Data Challenges Summary

• No once-size-fits-all approach to data

• Many considerations: 
• size, structure, security, standards
• access, accuracy, analysis

• Ability to manipulate data is essential
• Right tools for the job
• A way of thinking



Part III: AI and the Lab



My Knowledge of 
Machine Learning Is:

A. Non-existent
B. Limited
C. Moderate
D. Extensive
E. My algorithm is answering this for me

POLL #3



AI

Artificial General Intelligence
(Strong AI)

Artificial Narrow Intelligence
(Weak AI)



AI
Artificial General 

Intelligence
(Strong AI)

Artificial Super 
Intelligence

Artificial Narrow 
Intelligence
(Weak AI)

Machine Learning

Natural language 
processing

Computer vision

Robotics

Expert systems

Others
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Supervised 
classification

Neural networks Deep Learning

Naive Bayes

Linear regression

Random forests

Classification trees

Logistic regression

Support vector 
machines

Unsupervised 
classification

Clustering

Dimensionality 
reduction

Anomaly 
detection

Reinforcement 
learning

Monte Carlo

Q-learning

SARSA



Machine Learning
• Accuracy
• Less focused on 

explanation

• e.g. Deep Learning

Statistics
• Understand systems & 

relationships
• Seeks to explain

• e.g. Hypothesis testing Re
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I have machine learning in my lab

A. Yes
B. No
C. Don’t know
D. Don’t work in a lab
E. Does a fax machine count?

POLL #4



Machine Learning in the Lab

Growth Areas
• Digital image analysis
• AP
• Immunology
• Hematology
• UA

• Quality assurance
• Chromatography/MS
• Multi-analyte predictions

Unlikely near term
• Working with people
• Answering complicated (or 

poorly articulated) questions
• Teaching
• Strategic planning
• Mission, vision, values
• Performance evaluations
• Regulatorywww.dreamstime.com



CRM



Test Reporting

Neural Network for autoverification

Machine Learning for wrong tube

Quality Review of MS Data

Rosenbaum & Baron Am J Clin Pathol 2018;150:555-566



Result Interpretation

Plasma amino acid interpretation

Urine steroid profiles

Acute kidney injury prediction

COVID-19 prediction

Wilkes et al. Clinical Chemistry 64:11, 2018



Machine Learning as a Diagnostic Test

Thiomon: 
- Prediction of thiopurine treatment 

success in IBD Patients

- CBC and common chemistry 
analytes to predict: 

- Response to thiopurines
- Shunting
- Compliance

Waljee et al. Journal of Crohn's and Colitis, 2017, 801–810 

Predicting intestinal inflammation remission



Test Utilization

• Prediction of Low-Yield Tests
- Inpatients

• LFTs

• Iron deficiency

Xu et al. JAMA Network Open. 2019;2(9):e1910967. 



Automated digital image analysis

• Computer-aided immunofluorescence 
microscopy 

• Automated Urine microscopy

• Peripheral blood smear review



Final Note: Machine Learning in Healthcare Cautions

• Data, Design, & Bias

• Ethics & Legality

• Privacy & Security



Summary

• Lab Data is abundant and rich

• Harvesting and cleaning data can be difficult

• Machine learning is another tool for problem solving

• Treats algorithms as unproven tests
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