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At the end of this presentation, you will be able to:

• Define artificial intelligence (AI) and machine learning (ML) in health care.

• Discuss common analytical techniques used for AI/ML, and highlight strengths and 

weaknesses.

• Identify areas where AI/ML could be used in laboratory medicine and its potential 

impact in point-of-care settings.

• Discuss the future of AI/ML in POC testing and how it impacts healthcare.

Learning Objectives



• One in 5 jobs estimated to be lost due to AUTOMATION (remember automation doesn’t = artificial 

intelligence)

• Most citizens actually don’t understand what artificial intelligence is nor its full/potential capabilities.

• Most important message of this presentation is AI is another TOOL, so we need to understand how to use 

it, not to be afraid of it, while understanding enough to know when to not use AI.
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Fear of AI Justified?

We have been engrained with fear of AI for a very long time through many forms 

of media. Of course there are a few examples of good AI as well. Lets first define 

AI and its subcomponents. 
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What is Artificial Intelligence / Machine Learning?

Artificial Intelligence

Machine Learning

Deep Learning

A broader branch of machine 

learning focused on learning 

data representations through 

layers of artificial neural neural 

networks. 
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AI/ML in healthcare: Big Promises, but….

• MD Anderson partners with IBM

Watson to use “Oncology Expert

Advisor” for targeting cancer

therapy.

• “A new era of computing has

emerged, in which cognitive

systems “understand” the

context within users’ questions,

uncover answers from Big Data,

and improve in performance by

continuously learning from

experiences”
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AI/ML in healthcare: Big Promises, but….

$62 million wasted without achieving goals
“Treating cancer is more complex than winning a trivia game, and the “vast universe of medical 

knowledge” may not be as significant as purveyors of artificial intelligence make it out to be…”

https://www.healthnewsreview.org/2017/02/md-anderson-cancer-centers-ibm-watson-project-fails-journalism-

related/
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Few pre-health students go into computer sciences, and “few” computer scientists go into 

healthcare. How do we bridge the gap?
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AI/ML in healthcare: Big Promises, but….

Does a Medical Computer Scientist Exist?
Few pre-health students go into computer sciences, and “few” computer scientists go into 

healthcare. How do we bridge the gap?

Junk in Junk out
Artificial intelligence / machine learning will only be as good as the data you provide it. We can’t 

know what we don’t know
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AI/ML in healthcare: Big Promises, but….

Slow is Fast → Lets do this in a rational way…
so lets start simpler and try to address more fundamental better defined problems! <We didn’t go to 

the moon on the first try>
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Study Methods: Overall Design



Study Methods



Methods of Analysis including AI/ML Techniques



Methods of Analysis including AI/ML Techniques
What is Support Vector Machine (SVM)



Results – Predictive Power of AI/ML (SVM) for WBIT Events



Results – Predictive Power of AI/ML (SVM) for WBIT Events

SVM performed better

than other traditional

statistical methods such

as logistic regression

when evaluating lab

value differences alone

and/or with values.
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Point-of-Care Testing (POCT)
Definition: Medical testing at or near the site of patient care

Goal: Improve outcomes by decreasing the therapeutic turnaround time
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POCT Formats
POCT formats includes:

• Disposable

• Handheld

• Portable

• Transportable

• Benchtop

• Monitoring

• Smart devices
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Regulatory Considerations of In Vitro 
Diagnostic (IVD) Devices

Clinical Laboratory Improvement Amendment of 1988 (CLIA ‘88) defines three
levels of complexity for IVD devices:

• High Complexity: Requires licensed laboratory personnel to operate the devices. 
Maintenance, operation, and results interpretation require high level knowledge for use. 

• Moderate Complexity: Requires licensed medical personnel to operate. Device 
maintenance and operation may be simple, but results interpretation requires high level 
knowledge. 

• Waived: Devices so simple to use and not prone to error. Errors that occur do not serious 
enough to cause harm. All personnel may be allowed to use the device. 
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Regulatory Considerations of In Vitro 
Diagnostic (IVD) Devices

Clinical Laboratory Improvement Amendment of 1988 (CLIA ‘88) defines three
levels of complexity for IVD devices:

• High Complexity: Requires licensed laboratory personnel to operate the devices. 
Maintenance, operation, and results interpretation require high level knowledge for use. 

• Moderate Complexity: Requires licensed medical personnel to operate. Device 
maintenance and operation may be simple, but results interpretation requires high level 
knowledge. 

• Waived: Devices so simple to use and not prone to error. Errors that occur do not serious 
enough to cause harm. All personnel may be allowed to use the device. <So how do we 
bring “lab knowledge” to non-lab settings and personnel?>
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Point-of-Care Testing 
for AKI Biomarkers in 
Severely Burned 
Patients
Sen S, et al. J Surg Res 2015;196:382-387.



Patient Flow Improvement UC Davis Health

EXCESSIVE EVAPORATIVE 

WATER LOSS

INCREASED VASCULAR 

LEAKAGE

Burn Shock
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Burn-Related Acute Kidney Injury

Up to 58% burn patients experience 

AKI. AKI is common during the initial 

period (1 week) post admission due 

to burn shock (Palmieri 2009).
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Kidney Disease Improving Global Outcomes 
(KDIGO) Criteria for AKI



POC Creatinine Testing



POC BNP/NGAL Measurements

Multiplex BNP/NGAL Assay Specifications

Sample Volume: 240 μL EDTA whole blood

Turnaround Time: 15 - 20 minutes

Methodology: Sandwich Immunoassay

Measurable Range:

BNP 5 – 5000 pg/mL

NGAL 15 – 1300 ng/mL



Demographics: AKI vs. No-AKI Patients

Variable AKI (n = 14) Non-AKI (n=16) P-value

Age (years) 39.9 (15.5) 38.2 (13.2) 0.796

TBSA (%) 49.7 (26.0) 42.9 (18.1) 0.469

Gender (M, F) 11, 3 14, 2 0.713

Fluid Rate (mL/hr) 974.5 (452.1) 778.8 (343.8) 0.213

BUN (mg/dL) 10.2 (3.5) 9.9 (4.1) 0.137

Creatinine (mg/dL) 0.90 (0.19) 0.83 (0.13) 0.078

MAP (mmHg) 78.7 (12.5) 83.1 (6.2) 0.654

CVP (mmHg) 14.9 (11.9) 12.9 (8.1) 0.238

UOP (mL/hr) 85.5 (36.3) 88.0 (26.7) 0.362

Abbreviations: AKI, acute kidney injury; BUN, blood urea nitrogen; CVP, central venous pressure; F,

female; M, male; MAP, mean arterial pressure; TBSA, total body surface area; UOP, urine output
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Age (years) 39.9 (15.5) 38.2 (13.2) 0.796

TBSA (%) 49.7 (26.0) 42.9 (18.1) 0.469

Gender (M, F) 11, 3 14, 2 0.713

Fluid Rate (mL/hr) 974.5 (452.1) 778.8 (343.8) 0.213

BUN (mg/dL) 10.2 (3.5) 9.9 (4.1) 0.137

Creatinine (mg/dL) 0.90 (0.19) 0.83 (0.13) 0.078

MAP (mmHg) 78.7 (12.5) 83.1 (6.2) 0.654

CVP (mmHg) 14.9 (11.9) 12.9 (8.1) 0.238

UOP (mL/h) 85.5 (36.3) 88.0 (26.7) 0.362

BNP (pg/mL) 27.1 (17.7) 16.1 (15.3) 0.097

NGAL (ng/mL) 184.7 (86.3) 111.6 (47.8) 0.014

Abbreviations: AKI, acute kidney injury; BNP, B-type natriuretic peptide; BUN, blood urea nitrogen;

CVP, central venous pressure; F, female; M, male; MAP, mean arterial pressure; NGAL, neutrophil

gelatinase associated lipocalin; TBSA, total body surface area; UOP, urine output



BNP in AKI Patients (n = 30)
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NGAL in AKI Patients (n = 30)
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Urine Output in AKI Patients (n = 30)
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Creatinine in AKI Patients (n = 30)
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Does anyone use NGAL today?
[at least in the United States]

NGAL assays in the United States are either not FDA approved 

or remain in the review process (not an all inclusive list of 

platforms)

IGFBP-7 and TIMP-2 are potential 

alternative FDA approved 

biomarkers, but not widely 

adopted. 
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AI/ML Enhanced Detection of 
Burn Related AKI: A Proof of Concept

Tran NK & Rashidi R, 2019
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Burn AKI Study Part II: Does AI/ML Help?
Background: UC Davis evaluated an ELISA-based NGAL assay as a potential laboratory
developed test. A study was measuring plasma NGAL obtained at admission (first 24 hours)
from 50 severely burned (>20% TBSA) adult patients.

Additional Testing: Plasma creatinine and NT-proBNP measurements were also made on the
same samples. Other medical data such as urine output was also collected.

Variables AKI GROUP (n = 25) NO-AKI GROUP (n = 25)

Mean Age (Years) 39.1 (49.2) 39.7 (15.5)

Mean Burn Size (%) 49.2 (24.1) 43.3 (18.9)

Gender (M/) 20/5 19/6

Plasma Creatinine (mg/dL) 1.21 (0.51) 0.90 (0.22)

Plasma NGAL (ng/mL) 185.1 (86.3)** 110.3 (48.1)

Plasma NT-proBNP (pg/mL) 25.7 (15.4) 16.0 (15.3)

Urine Output (mL/hr) 81.5 (31.6) 85.7 (48.9)

Time to AKI (hours) 42.7 (23.2)** NA



Receiver Operator Characteristic

Curves for AKI Biomarkers

• Panels A-D represent ROC curves

for BNP, NGAL, UOP and

creatinine respectively.

• The area under the ROC curves

were 0.83, 0.92, 0.56, and 0.64

respectively with NGAL exhibiting

the best performance.

• So NGAL continues to perform

well.
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K-Nearest Neighbor Approach Conceptual Drawing



k-Nearest Neighbor Training-

Testing with NGAL, Creatinine,

UOP, and NT-proBNP

• The figure illustrates the accuracy

versus k-value for both training

and testing sets (80%-20%

training-testing split).

• Panel A is the k-NN model that

includes NGAL, NT-proBNP,

creatinine, and UOP.

• Panel B excludes NT-proBNP.

Panel C excludes NGAL.

• Panel D includes only UOP and

creatinine.



NT-proBNP, Creatinine and UOP enhanced

by AI/ML provided reasonable accuracy for

predicting AKI

• Creatinine and UOP alone when used in the

first 24 hours did not perform well (current

standard of care).

• NGAL was of course superior to all other

methods, but if you don’t have NGAL…

• 90% accuracy with NT-proBNP, creatinine,

and UOP enhanced by AI/ML could be a

cost-effective method when NGAL (or other

biomarkers) are not available.



AI/ML Real World Application for AKI?
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Should we use AI/ML for AKI at UC Davis?
Not so fast!...we need to make sure we can:

• Generalize the data to other populations (i.e., burn vs. trauma) and test methods. We know

creatinine (despite IDMS traceability) still has inter-assay differences.

• Are there better AI/ML models – should we use SVM and/or random forest?

Same new study with the combined burn 

and non-burn patients has compared k–

NN, random forest, and SVM together. 

Determine which has the better 

performance as well as strengths and 

weaknesses when faced with more 

heterogenous populations. 
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Should we use AI/ML for AKI at UC Davis?
Not so fast!...we need to make sure we can:

• Generalize the data to other populations (i.e., burn vs. trauma) and test methods. We know

creatinine (despite IDMS traceability) still has inter-assay differences.

• Are there better AI/ML models – should we use SVM and/or random forest?

• Was 50 patients enough to train/test the AI/ML. How much is enough?
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More Data isn’t 
Actually a Good 
Thing

• We can understand that too little

data leads to underfitting data.

• However, too much data can lead

to overfitting which also poorly

predicts the desirable outcome.

• Validation studies are needed to

find the sample size that is “just

right”
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• Fear over AI are driven by science fiction and also societal concerns of large 

transformative changes that could marginalize whole populations.

• This is not new, we’ve lived through the Industrial Revolution, Space Age, Computer 

Age, and now we are in Information Age (and beyond). 

• However, we do have to understand and avoid overstating the promises of AI/ML. 

Clear examples in cancer diagnostics highlights potential pitfalls.

• Where AI/ML will immediately impact healthcare are in fundamental areas such as 

improvements in efficiency, safety, and serving as an adjunct (not replacement) to 

decision making.

• POCT is one area where AI/ML has value since device operators may have less 

experience than laboratorians.

• Recent studies show AI/ML could be used to enhance existing diagnostic tests for AKI. 

Conclusions
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