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YOU HAVE
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YOUR YOUR YOUR
TIME MONEY KNOWLEDGE

WHICHEVER ONE YOU NEED,
USE THE OTHER 2 TO GET IT.
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HOW ARTIFICIAL
INTELLIGENCE CAN
MAKE HEALTHCARE

HUMAN AGAIN

Combining the Power of Humans and Machines
Would Bring Back the "Care” in "Healthcare.
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Conventional medicine typically focuses on treating the
observable symptoms and manifestations of diseases, which aligns
with addressing phenotypes.

Precision medicine aims to identify specific endotypes or
subtypes of diseases and tailor treatments accordingly, with the goal
of achieving optimal outcomes and minimizing adverse effects.
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Concept Clinical Laboratory Test

Genetic testing (e.g., DNA sequencing to identify

Genotype . ) . .
P specific genetic variations or mutations).

Epigenetics Eplgenenc te.s.tlng.(e.g., DNA methylation analysis,
histone modification analysis).

Pathology tests (e.g., immunohistochemistry,

Endotype molecular assays) for disease classification and

characterization.

Routine blood tests (e.g., complete blood count,
Phenotype lipid panel) or imaging studies (e.g., MR, X-ray) for
disease diagnosis and monitoring.
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Intelligence

Knowledge

Information

Data

mtara@cardiosmart .ai

15



Wen et al. BMC Bioinformatics (2022) 23:387 BMC Bioinfo rmatlcs
https://doi.org/10.1186/512859-022-04926-1

REVIEW Open Access

: . . . o ™
Clinlabomics: leveraging clinical laboratory =

data by data mining strategies

Xiaoxia Wen'?", Ping Leng?, Jiasi Wang®', Guishu Yang', Ruiling Zu', Xiaojiong Jia®, Kaijiong Zhang',

Birga Anteneh Mengesha®, Jian Huang*’, Dongsheng Wang'" and Huaichao Luo'*'®

Clinlabomics is a concept that combines clinical laboratory medicine with artificial

intelligence (Al). It involves using high-throughput methods to extract a large

amount of feature data from various patient specimens such as blood, body fluids,

secretions, and excreta. This data is then analyzed using data statistics, machine OffeasO

learning, and other methods to uncover new information that can assist in medical &g

fields, including disease diagnosis, surveillance, treatment, predicting future risk,
mara@ctgrgeted interventions, and understanding of diseases
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CardioSmart: Given the clinical presentation of chest pain in a 45-year-
old patient with an FBS of 144, the main concern is ruling out acute
coronary syndrome (ACS), particularly myocardial infarction (heart attack).
Here are the first lab tests | recommend:

Troponin levels (cardiac troponin | or T)
Creatine kinase-MB (CK-MB) levels

Complete blood count (CBC) with differential
Basic metabolic panel (BMP) including electrolytes, renal function, and

glucose
Lipid profile (total cholesterol, LDL, HDL, triglycerides)
Coagulation studies (PT/INR, aPTT)

Cardio Novice 1231: "A 45-year-old patient comes to the clinic complaining of
chest pain. The pain is described as a constant, dull ache that has been present
for two hours. The patient has an FBS of 144 from yesterday. What are the first lab
tests you recommend to rule out the main Differential diagnosis."
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Single Temporal Observation

FBS=144

E11.9

Type 2 diabetes mellitus
without complications
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Pathway O

FBS=144

Metadata
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Metadata

Patient ID

Sample ID

Test ID
Timestamp

Age

Gender
Laboratory
Geolocation
Clinical Parameters
Quality Control
Data Source

Data Format

Data Structure
Measurement Unit
Observer

Data Ownership

Value

ABC123

789XYZ

FBS

2024-04-28 08:24:00 GMT
45 years

Male

RHI Hospital

Tehran, Iran

None

Passed

Electronic Health Record
CsVv

FBS (mg/dL)

mg/dL

KXXXXXXXXXX

1 9.0.0.0.0.0.9.0.¢ 6.4
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Pathway 1: Wide Look

FBS=144
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Phenotype Expansion Pathway

Laboratory Tests:

[ ] Fasting blood sugar (FBS) level: 144 mg/dL
[ ] Hemoglobin A1c (HbA1c) level: %
[ ] Oral glucose tolerance test (OGTT) results:
[ ] 2-hour glucose: mg/dL

[ ] Fastinginsulin level: plU/mL

[ ] Lipid profile:

[ ] Total cholesterol: mg/dL

[ ] LDL cholesterol: mg/dL

[ ] HDL cholesterol: mg/dL

[ ] Triglycerides: mg/dL

[ ] Renal function tests:

[ ] Serum creatinine: mg/dL

[ ] Estimated glomerular filtration rate (eGFR):
[ ] Liver function tests:

[] ALT: U/L

[] AST: U/L

[ ] Alkaline phosphatase: U/L

[ ] Thyroid function tests:

[ ] TSH: mlU/L

[ ] Free T4: ng/dL

mL/min/1.73m?
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Exploration of Underlying Genotype, Epigenetic, and Endotype Factors Checklist
Genotype Factors:

[ ] Family history of diabetes or related conditions:
[ ] Presence of diabetes in immediate family members
[ ] Genetic testing results available (if applicable)

Epigenetic Factors:

[ ] Exposure history to environmental factors associated with diabetes risk:
[ ] History of exposure to high-calorie diet

[ ] History of exposure to pollutants or toxins
[ ] Otherenvironmental exposures (specify):

Endotype Factors:

Evaluation of insulin resistance:

Fasting insulin level: 12 plU/mL

Other tests assessing insulin sensitivity (if available)

Assessment of pancreatic beta-cell function:

C-peptide level: 2.0 ng/mL

Other tests assessing beta-cell function (if available)

Identification of specific diabetes subtype:

Autoimmune markers screening (if suspecting type 1 diabetes)

Additional tests for monogenic forms of diabetes (if indicated)

Consideration of other diabetes subtypes based on clinical presentation and laboratory findings

HiNEnE .

Additional Considerations:
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Pathway 3:
Backtrack
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res=144 M 2

Pathway 4.
Forecasting
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i Image Courtesy of © Drew Conway Data Consulting, LLC. 2015

(Image is taken for showing complex network example — not from NCIBB Project)
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