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ML for Health Conferences
• Machine Learning for Health (ML4H)

• Previously a NeurIPS workshop, separate symposium as of 2021
• Last year, submissions due September

• Machine Learning for Healthcare (MLHC)
• Submission deadline: April 14, 2022
• Duke University, August 5-6th, 2022

• Symposium on Artificial Intelligence for Learning Health Systems (SAIL)
• Submission deadline: TBD
• Bermuda, May 23-25, 2022

• Conference on Health, Inference, and Learning (CHIL)
• Submission deadline: January 14, 2022

• And more (NeurIPS, ICML, AAAI, etc.)



Patient

PolicymakerPayer

Stakeholders in Healthcare
Providers “The Four Ps” 

of healthcare

Stakeholders have 
different goals and 
expectations from 

the healthcare 
system



Policymaker

https://en.wikipedia.org/wiki/Centers_for_Disease_Control
_and_Prevention
https://www.stetson.edu/other/safer-
stetson/isolation.php

https://en.wikipedia.org/wiki/Centers_for_Disease_Control_and_Prevention


Overview of Clinical Data Science

•Topics of Discussion
•Goals of Clinical Data Science
•Sources of Clinical Data
•Exploring Clinical Data
•Challenges of Working with Clinical Data
•Applying Clinical Data Science



Goals of Clinical Data Science

•Overall goal is to improve population health in 
a resource-effective manner
•Stakeholders have different immediate goals 
with clinical data

Patient PolicymakerPayerProviders



Mrs. Patel

•65 year old female
•Presents to the ER with 

abdominal pain
•CT scan 

• https://radiopaedia.org/cases/renal-cell-
carcinoma-9

•She is discharged from the 
ER and outpatient follow-up 
is arranged

Case courtesy of Dr Roberto Schubert, 
Radiopaedia.org, rID: 14439

https://radiopaedia.org/cases/renal-cell-carcinoma-9


Patient/Provider Goals of Clinical Data Science

•Mrs. Patel is a 65 year old who was recently diagnosed 
with kidney cancer. She presents to your office. You 
discuss the diagnosis and treatment options. She has 
some questions.
• After treatment, what is the risk of my cancer coming back 

before the Ultimate World Cruise (December 2023)?
•Will the risk of my cancer coming back change if I get a partial 

nephrectomy instead of a radical nephrectomy?



Radical Nephrectomy Partial Nephrectomy

https://www.fairbanksurology.com/robotic-radical-nephrectomy
https://www.mayoclinic.org/tests-procedures/nephrectomy/multimedia/img-20332175



Patient/Provider Goals of Clinical Data Science

•Mrs. Patel is a 65 year old who was recently diagnosed 
with kidney cancer. She presents to your office. You 
discuss the diagnosis and treatment options. She has 
some questions.
• After treatment, what is the risk of my cancer coming back 

before the Ultimate World Cruise (December 2023)?
•Will the risk of my cancer coming back change if I get a partial 

nephrectomy instead of a radical nephrectomy?

How would you answer these questions using 
clinical data science?



Patient Healthcare professionals

PolicymakerPayer

Sources of Clinical Data

Hospital

Providers



Provider Derived Data

•Previously, paper charts were used for clinical 
documentation.
•What are problems with paper charts?

•Electronic health records (EHR) are a digital version of the 
patient’s paper chart.
• Providers are reimbursed based on the EHR

•Examples of EHR databases: MIMIC, Mass General 
Brigham Research Patient Data Registry (RPDR)



Electronic Health Records in the US

•Different hospitals use different EHR 
systems
• Largest EHR systems in US

1. EPIC
2. Cerner
3. Meditech

• To efficiently and accurately share 
clinical information, EHRs must be 
interoperable
• Current EHRs are not interoperable



EPIC

http://apps.pathology.jhu.edu/team-path-md/pathology-for-
core-clinical-clerkships/how-to-find-pathology-results-and-
reports-on-epic/



Sections of note
• History of Present Illness
• Previous History
• Physical Exam
• Results
• ED Course & Medical 

Decision Making
• Procedures
• Diagnosis
• Disposition

https://www.acep.org/administration/quality/health-
information-technology/epic-articles/things-you-can-do-on-
your-own-epic/



https://www.acep.org/administration/quality/health-
information-technology/epic-articles/things-you-can-do-on-
your-own-epic/



https://www.acep.org/administration/quality/health-
information-technology/epic-articles/things-you-can-do-on-
your-own-epic/

What are potential 
problems with 

template notes?



Patient Healthcare professionals

PolicymakerPayer

Sources of Clinical Data

Hospital

Providers

What are 
potential 

limitations of 
using EHR 
data only?



Patient Healthcare professionals

PolicymakerPayer

Sources of Clinical Data

Hospital

Providers



Payer Derived Data

•Claims data
•Consists of the billing codes that providers (physicians, 

hospitals, pharmacies, and other health care providers) 
submit to payers
•Examples: IQVIA, IBM Marketscan, Optum, Medicare

https://www.optum.com/content/dam/optum/resources/whit
ePapers/Benefits-of-using-both-claims-and-EMR-data-in-HC-
analysis-WhitePaper-ACS.pdf



Payer Derived Data

•Medicare Claims Data
•Medicare
• Federal health insurance program
• Covers
• Age ≥ 65
• Certain people under 65 with disabilities
• People of any age with End Stage Renal Disease or amyotrophic 

lateral sclerosis

https://www.sgim.org/communities/research/dataset-
compendium/medicare-claims-data



Payer Derived Data

CMS1500

https://fiachraforms.com/shop/1500-02-12-standard-paper-claim-form/



Payer Derived Data

https://fiachraforms.com/shop/1500-02-12-standard-paper-claim-form/

CMS1500

Diagnosis codes

Procedure 
codes



Payer Derived Data

•All-payer claims databases 
• Large State databases that include claims from private and 

public payers
•Massachusetts All-Payer Claims Database
• Releases data extracts to government agencies, payers, providers, 

provider organizations, and researchers
• All applications to access the data are reviewed for conformity with 

legal requirements

https://www.ahrq.gov/data/apcd/index.html
https://www.chiamass.gov/ma-apcd/



Patient Healthcare professionals

PolicymakerPayer

Sources of Clinical Data

Hospital

Providers
What are 
potential 

limitations of 
using payer 
data only?



Patient Healthcare professionals

PolicymakerPayer

Sources of Clinical Data

Hospital

Providers



Policymaker Derived Data

•National Cancer Database (NCDB)
• Hospital registry data from Commission on Cancer (CoC)-

accredited facilities
• What is COC? 
• A program, from the American College of Surgeons, that recognizes 

cancer care programs for providing comprehensive, high-quality, and 
multidisciplinary patient centered care.

• CoC accreditation
• Granted to facilities that demonstrate compliance with the CoC 

standards



CoC Standards

https://www.facs.org/-
/media/files/quality-
programs/cancer/coc/optimal_r
esources_for_cancer_care_202
0_standards.ashx



CoC Standards

• 5.1 College of American Pathologists Synoptic Reporting
• Definition and Requirements: 90% of the eligible cancer 

pathology reports are structured using synoptic reporting 
format as defined by the College of American Pathologists (CAP) 
cancer protocols, including containing all core data elements 
within the synoptic format.

https://www.facs.org/-/media/files/quality-
programs/cancer/coc/optimal_resources_for_cancer_care_2
020_standards.ashx



CoC Standards

https://www.facs.org/-
/media/files/quality-
programs/cancer/coc/optimal_r
esources_for_cancer_care_202
0_standards.ashx

What are potential limitations of 
using the NCDB as a data source?

Data reporting to NCDB is 
required for accreditation



Patient Healthcare professionals

PolicymakerPayer

Sources of Clinical Data

Hospital

Providers



Patient Derived Data
• PatientsLikeMe
• Online community that allows members to find other patients like 

them, share and track their health data over time, and contribute to 
scientific research
• Launched in 2006 for patients with amyotrophic lateral sclerosis
• For-profit company
• More than 600,000 registered members across more than 2900 

conditions (as of February 2018)
• Survey of members in 2016-2017

• 67% furthered their understanding of how their condition could affect them 
• 63% on how to live better with their condition

Wicks, Paul, et al. "Scaling PatientsLikeMe via a “generalized platform” for members 
with chronic illness: web-based survey study of benefits arising." Journal of medical 
Internet research 20.5 (2018): e9909.



Patient Derived Data

https://www.patientslikeme.com/conditions/

Renal cell 
carcinoma



https://www.patientslikeme.com/conditions/renal-cell-ca

Patient Derived Data



https://www.patientslikeme.com/treatment/venlafaxine

What is Venlafaxine?

•An antidepressant in a group of drugs called 
selective serotonin and norepinephrine reuptake 
inhibitors (SSNRIs). 
•Affects chemicals in the brain that may become 

unbalanced and cause depression. 
•Used to treat major depressive disorder, anxiety, 

and panic disorder.



https://www.patientslikeme.com/treatment/duloxetine

Patient Derived Data



Patient Derived Data

https://www.researchand
care.org/researchkit/



Patient Healthcare professionals

PolicymakerPayer

Sources of Clinical Data

Hospital

Providers What are 
potential 

benefits of 
using patient 
derived data?



Patient Healthcare professionals

PolicymakerPayer

Sources of Clinical Data

Hospital

ProvidersIndustry/Research

• Study evaluating 
a new test or 
treatment
• May also be used 

for secondary 
analyses



Where does clinical data come from?

•Patient
•Providers
•Payer
•Policy-maker
• Industry
•Research

• None has complete data for
• Individual patient
• Population

• Usually not designed for 
research

Caution



Types of data in healthcare
• History

• Symptoms and their details, past medical/surgical history, medications, allergies, family 
history, etc.

• Physical exam
• Height, weight, BMI, vital signs (temperature, blood pressure, heart rate, etc), tenderness, 

erythema (redness), etc.
• Labs

• Complete blood count, serum electrolytes, urine culture, blood culture, etc.
• Imaging

• Chest x-ray, CT scan, bone scan, MRI, ultrasound, etc.
• Pathology

• Biopsy, surgical pathology
• Genetics

• Germline testing, etc.



Exploring Clinical Data
• Medical Information Mart for 

Intensive Care (MIMIC)-III
• Public de-identified dataset
• Critical care data for over 40,000 

patients admitted to intensive care 
units at the Beth Israel Deaconess 
Medical Center (BIDMC) between 
2001 and 2012

• Distribution of heart rates in the 
MIMIC-III chart (as recorded in 
Carevue)

Adapted from Dr. Szolovitz



Bimodal distribution in clinical care

Gatta, Gemma, and Annalisa Trama. "Epidemiology of testicular Cancer." Pathology of Testicular and Penile Neoplasms. 
Springer, Cham, 2016. 3-18.
Hanna N, Timmerman R, Foster RS, et al. Epidemiology. In: Kufe DW, Pollock RE, Weichselbaum RR, et al., editors. Holland-
Frei Cancer Medicine. 6th edition. Hamilton (ON): BC Decker; 2003. Available from: 
https://www.ncbi.nlm.nih.gov/books/NBK12708/

Clinical context is important



Exploring Clinical Data
• Distribution of heart rates in the 

MIMIC-III chart (as recorded in 
Carevue)

Adapted from Dr. Szolovitz



Adapted from Dr. Szolovitz



Adapted from Dr. Szolovitz



Adapted from Dr. Szolovitz



Adapted from Dr. Szolovitz



Adapted from Dr. Szolovitz

Clinical context is important



Back to Mrs. Patel
Practical Application of Clinical Data Science
• Formulate question to apply clinical data science
• Identify features and labels needed to answer clinical question

• Review literature, discussion with experts, etc.
• Identify appropriate data source: NCDB (for demonstration)

• Not for recurrence, but suppose death from any cause
• Obtain appropriate ethics approval

• Review data dictionary (NCDB Participant User Data File), if available
• Exploratory data analysis
• Clean data…then clean data
• Analysis
• Report results



NCDB Data Dictionary

https://www.facs.org/-/media/files/quality-
programs/cancer/ncdb/puf_data_dictionary.ashx



https://www.facs.org/-/media/files/quality-
programs/cancer/ncdb/puf_data_dictionary.ashx



RX_SUMM_SURG_PRIM_SITE
30 = PN
50 = RN



Exploratory Data Analysis



TUMOR_SIZE

RX_SUMM_SURG_PRIM_SITE
30 = PN
50 = RN

Describes the largest dimension of the diameter of 
the primary tumor in millimeters (mm).



Challenges of Working with Clinical Data

•Access
•Heterogeneity
•Noisy data
•Missing data



Access
• Healthcare data is 
• Sensitive

• Details about an individual that they may want to keep private
• Protected by the Health Insurance Portability and Accountability Act 

(HIPAA)
• Federal law passed in 1996
• Created standards to protect sensitive protected health information 

(PHI)
• PHI is any information 

• Created, used, or disclosed in the course of providing a health 
care service, such as diagnosis or treatment

• That can be used to identify an individual
https://www.cdc.gov/phlp/publications/topic/hipaa.html

https://cphs.berkeley.edu/hipaa/hipaa18.html

https://www.cdc.gov/phlp/publications/topic/hipaa.html
https://cphs.berkeley.edu/hipaa/hipaa18.html


Personal health information
•Examples of PHI identifiers (18)

https://cphs.berkeley.edu/hipaa/hipaa18.html

1. Names
2. All geographical subdivisions smaller than a State, 

including street address, city, county, precinct, zip code, 
and their equivalent geocodes, except for the initial 
three digits of a zip code, if*

3. All elements of dates (except year) for dates directly 
related to an individual, including birth date, admission 
date, discharge date, date of death; and all ages over 89 
and all elements of dates (including year) indicative of 
such age, except that such ages and elements may be 
aggregated into a single category of age 90 or older

4. Phone numbers
5. Fax numbers
6. Electronic mail addresses
7. Social Security numbers

8. Medical record numbers
9. Health plan beneficiary numbers
10. Account numbers
11. Certificate/license numbers
12. Vehicle identifiers and serial numbers, including license 

plate numbers
13. Device identifiers and serial numbers
14. Web Universal Resource Locators (URLs)
15. Internet Protocol (IP) address numbers
16. Biometric identifiers, including finger and voice prints
17. Full face photographic images and any comparable 

images
18. Any other unique identifying number, characteristic, or 

code

If the HIPAA Privacy Rule applies to your research, you must obtain an Authorization to 
use/disclose PHI or a Waiver of Authorization from the Institutional Review Board



De-identified health information
•No restrictions on the use or disclosure of de-identified 

health information
•Methods to de-identify information
• Formal determination by a qualified statistician
• Removal of specified identifiers of the individual and of the 

individual’s relatives, household members, and employers is 
required, and is adequate only if the covered entity has no 
actual knowledge that the remaining information could be 
used to identify the individual

https://cphs.berkeley.edu/hipaa/hipaa18.html



Access
•De-identifying data is 

challenging
• Removing ID may not be 

enough
•Even when data are de-

identified, fear of litigation 
and breach of privacy 
discourages providers from 
sharing patient health data

Schwarz, Christopher G., et al. "Identification of anonymous MRI research participants 
with face-recognition software." New England Journal of Medicine 381.17 (2019): 1684-
1686.



Heterogeneity

•Healthcare data and systems that used that integrate 
that data were not designed for research purposes
• Various terms can be used to describe bladder cancer

• Carcinoma of the bladder
• Bladder malignancy
• Malignant neoplasm of bladder
• Etc.

•Moving toward standardization
• International Classification of Diseases (ICD) codes



ICD codes

•Most widely used method of disease classification
• 11th edition released 2018, in effect from January 2022

• 1st edition released 1990
• 10th edition released 1994

Harrison, James E., et al. "ICD-11: an international classification of diseases for the twenty-first century." BMC 
medical informatics and decision making 21.6 (2021): 1-10.

Title Reason for addition
Chapter 3: Diseases of the blood or blood-
forming organs
Chapter 4: Diseases of the immune system

These two chapters were split from a single chapter in ICD-10, recognizing differences in 
etiology, manifestations, and care

Chapter 7: Sleep–wake disorders This topic has become more prominent since the 10th revision. The chapter mostly includes 
new concepts with some concepts moved from other chapters in ICD-10

Chapter 17: Conditions related to sexual 
health

This topic has become more prominent since the 10th revision. The chapter mostly includes 
concepts moved from other chapters in ICD-10, combined with some new concepts

Chapter 26: Traditional medicine conditions This entirely new supplementary chapter in ICD-11 enables coding in terms of traditional 
medicine concepts, where required



ICD-11 Chapters

Harrison, James E., et al. "ICD-11: an international classification of diseases for the twenty-first century." BMC 
medical informatics and decision making 21.6 (2021): 1-10.

1.1A00–1H0Z Certain infectious or parasitic diseases
2.2A00–2F9Z Neoplasms
3.3A00-Diseases of the blood or blood-forming organsorgans
4.4A00–4B4Z Diseases of the immune system
5.5A00–5D46 Endocrine, nutritional or metabolic diseases
6.6A00–6E8Z Mental, behavioural or neurodevelopmental 
disorders
7.7A00–7B2Z Sleep-wake disorders
8.8A00–8E7Z Diseases of the nervous system
9.9A00–9E1Z Diseases of the visual system
10.AA00–AC0Z Diseases of the ear or mastoid process
11.BA00–BE2Z Diseases of the circulatory system
12.CA00–CB7Z Diseases of the respiratory system
13.DA00–DE2Z Diseases of the digestive system
14.EA00–EM0Z Diseases of the skin
15.FA00–FC0Z Diseases of the musculoskeletal system or 
connective tissue
16.GA00–GC8Z Diseases of the genitourinary system
17.HA00–HA8Z Conditions related to sexual health

18.JA00–JB6Z Pregnancy, childbirth or the puerperium
19.KA00–KD5Z Certain conditions originating in the perinatal 
period
20.LA00–LD9Z Developmental anomalies
21.MA00–MH2Y Symptoms, signs or clinical findings, not 
elsewhere classified
22.NA00–NF2Z Injury, poisoning or certain other consequences 
of external causes
23.PA00–PL2Z External causes of morbidity or mortality
24.QA00–QF4Z Factors influencing health status or contact with 
health services
25.RA00–RA26 Codes for special purposes
26.SA00–SJ3Z Supplementary Chapter Traditional Medicine 
Conditions - Module I
27.VA00–VC50 Supplementary section for functioning 
assessment (in line with WHO-DAS 2)
28.X...–X... Extension Codes ("terminology component" of ICD-
11)



2022 ICD-10-CM Diagnosis Code C64.9

https://icd.who.int/browse11



Heterogeneity

•Moving toward standardization
• International Classification of Diseases (ICD) codes
• Classification of diseases

• Current Procedural Terminology (CPT) codes
• Procedures/interventions

• Logical Observation Identifiers Names and Codes (LOINC)
• Labs

• Sometimes, multiple systems exist
• Medications: NDC, MedDRA, CPT, Healthcare Common Procedure 

Coding System



Heterogeneity

•Moving toward standardization
•Clinical notes
•A critical component of clinical data
•Written text remains the most natural and expressive 

method to document clinical events
•A significant portion of clinical data is in clinical 

notes 
• Inconsistent descriptions of identical data



• Inconsistent descriptions of identical data
• 10 different ways of describing pT2, without specifying pT2

1. "confined to the prostate“
2. "invades into but not through the prostatic capsule“
3. "invades but does not transgress the capsule“
4. "tumor does not transgress the "prostatic capsule“”
5. "extends to, but not through the prostatic capsule.“
6. “not infiltrating periprostatic adipose tissue“
7. "apparently localized“
8. “no capsular penetration demonstrated“
9. “no capsular invasion is present.“
10. “extracapsular extension is not identified."

Radical prostatectomy pathology report



Heterogeneity

•Moving toward standardization
• Clinical notes
• Synoptic reporting is being increasingly adopted in some 

fields (radiology and pathology (remember CoC))
Accession: AAAA0000
Procedure: radical prostatectomy 
Histologic type: acinar adenocarcinoma 
Grade group: 2
Margins: uninvolved by invasive carcinoma 
Number of lymph nodes involved: 0 
Number of lymph nodes examined: 3 
Pathologic stage classification (AJCC 8th edition):  Primary tumor: pT2 



Heterogeneity

•Moving toward standardization
• Provider notes are lagging behind

n different ways of describing PSA
1. psa rose to XX.XX in YYYY
2. psa rose to XX.XX in MM/YY
3. psa rose from XX.XX ng/ml in YYYY
4. psa rose from XX.XX in MM/YYYY to 

XX.XX2 in MM/YY2
5. psa increased to XX.XX (MM/YY)
6. psa increased to XX.XX Month YYYY

7. psa increased to XX.XX Month YYYY 
from XX.XX2 in YYYY2

8. psa elevation to XX.XX in Month YYYY
9. psa from MM/DD/YYYY is XX.XX
10. psa from XX.XX in MM/YYYY to XX.XX2 

in MM/YYYY2
11. psa from XX.XX in MM/YYYY to XX.XX2 

(MM/YYYY2)
12. psa from Month DD, YYYY was XX.XX
13. …





Noisy data

•Recorded data may not reflect ground truth

•We used physician claims data to identify receipt of circumcision.
• Residents of Ontario have universal access to physician services and 

hospital care. What are potential limitations of using physician 
claims to identify receipt of circumcision?

Nayan, Madhur, et al. "Circumcision and risk of HIV among males from 
Ontario, Canada." The Journal of urology 207.2 (2022): 424-430.



Noisy data

•Recorded data may not reflect ground truth
•Validation study of ICD codes
•4,008 randomly selected charts for patients four 

teaching hospitals in Alberta, Canada
• ICD coding from 4 professionally trained health 

record compared to chart review by 2 nurses for 
32 conditions

Quan, Hude, et al. "Assessing validity of ICD-9-CM and ICD-10 administrative data in recording clinical 
conditions in a unique dually coded database." Health services research 43.4 (2008): 1424-1441.



Noisy data

Quan, Hude, et al. "Assessing validity of ICD-9-CM and ICD-10 administrative data in recording clinical 
conditions in a unique dually coded database." Health services research 43.4 (2008): 1424-1441.

Conditions Chart review ICD-10 Data Difference 
Chart— ICD-10

Myocardial 
infarction

12.8 8.4 +4.4

Cardiac 
arrhythmias

21.8 9.1 +12.7

Obesity 8.3 2.7 +5.6
Depression 11.9 7.3 +4.6
Renal failure 4.0 4.9 -0.9

The ICD-10 data underreported 31 conditions and slightly over-reported 
one condition (renal failure).



Noisy data

•Multiple 
codes may 
represent a 
common 
feature

Most common prescriptions in MIMIC-III



•Messy data
•Mass General Brigham Research Patient Data 

Registry 
• Health history
• Concept_name contains ‘height’
• Different values on same date
• Impossible values (0, 789)
• Clinical context important for less obvious 

features
• Text data (5ft 10 inch, 262 pounds, “eats 2x a day, 

skips breakfast some morning”)

Noisy data



Missing Data

•Missing data is ubiquitous in clinical data
•Why?

•Mechanism of missingness may be important
•When reporting analysis of clinical data, important to
•Quantify missing data
•How missing data was accounted for

Haukoos, Jason S., and Craig D. Newgard. "Advanced statistics: missing 
data in clinical research—part 1: an introduction and conceptual 
framework." Academic Emergency Medicine 14.7 (2007): 662-668.



Patient/Provider Goals of Clinical Data Science

•Mrs. Patel is a 65 year old who was recently diagnosed 
with kidney cancer. She returns to your office to discuss 
treatment and has some questions.
• After treatment, what is the risk of my cancer coming back 

before the Ultimate World Cruise (December 2023)?
•Will the risk of my cancer coming back change if I get a partial 

nephrectomy instead of a radical nephrectomy?

How would you answer these questions using 
clinical data science?



Will my cancer come back?

•We cannot know the ground truth (will Mrs. Patel’s 
cancer recur before December 2023)
•At best, we can estimate her risk
•Population average of patients treated for kidney 

cancer
• In this patient?
• Sex
• Ethnicity
• Etc.



Will my cancer come back?

•How would you the estimate of Mrs. Patel’s risk of cancer 
recurrence?

ML

Features X
(age, sex, 
ethnicity,  

smoking status, 
body mass 

index, blood 
pressure, heart 

rate, …, nth 
feature)

Label Y 
(cancer 

recurrence)

Model

Mrs. Patel 
features

Prediction

Aim of prediction is to estimate Y, given X



Change the risk of my cancer coming back?

• Ground truth

• Reality: We cannot know the ground truth

Partial nephrectomy

Radical nephrectomy

Outcome

Y0

Y1

Mrs. Patel

• You hypothesize that type of surgery (partial vs. radical) will 
change her risk of cancer recurrence. 



Change the risk of my cancer coming back?

•Since we cannot know the ground truth, at best, we 
can estimate her risk under the two conditions 
(partial vs. radical nephrectomy) with causal 
inference

Aim of causal inference is to estimate 
the effect of T on Y



Clinical Data Science for Prediction vs. Causal 
Inference
• Aim of prediction is to estimate Y, given X
• Aim of causal inference is to determine the effect on Y, given a 

change in T
• A model may be predictive, but causal inference can help 

determine why
• Understanding why is often important in healthcare
•What are potential harms of adopting a highly-predictive 

black-box model?



Change the risk of my cancer coming back?

•You hypothesize that type of surgery (partial vs. 
radical) will change her risk of cancer recurrence. 
How do you evaluate this hypothesis?
• Ideally Outcome

Twins of Mrs. Patel who have 
undergone PN or RN

General population of 
patients undergoing RN or PN

Surgery type (RN vs. PN)

RN

PN



Change the risk of my cancer coming back?

•You hypothesize that type of surgery (partial vs. 
radical) will change her risk of cancer recurrence. 
How do you evaluate this hypothesis?
•Reality Outcome

Patients “similar” to Mrs. 
Patel who have undergone 

PN or RN

Selected population of 
patients undergoing RN or PN

Surgery type (RN vs. PN)

RN

PN



Clinical Research Study Designs

Descriptive
• Case report
• Case series
• Survey

Analytic

Observational
• Cohort studies
• Cross sectional
• Case-control

Experimental
• Randomized 

controlled 
trials



Change the risk of my cancer coming back?

•You perform a retrospective cohort study of 
patients that have recently been diagnosed with 
kidney cancer and have undergone either partial or 
radical nephrectomy. 
•What are some differences between retrospective and 

prospective data collection? 



Change the risk of my cancer coming back?

•Population: 1454 patients with pT1 (tumor ≤ 7cm)
•Partial nephrectomy n=379 (26.1%)
•Radical nephrectomy n=1075 (37.9%)

•Results
•Recurrence rate lower in partial nephrectomy group
•Why?

Patard, Jean-Jacques, et al. "Safety and efficacy of partial nephrectomy for all T1 tumors based on an 
international multicenter experience." The Journal of urology 171.6 Part 1 (2004): 2181-2185.



Patard, Jean-Jacques, et al. "Safety and efficacy of partial nephrectomy for all T1 tumors based on an 
international multicenter experience." The Journal of urology 171.6 Part 1 (2004): 2181-2185.

Population characteristics 
should be noted in all 

clinical data science studies



Meta-analysis
• Method of aggregating results from different studies

PN reduces the risk of recurrence by 40%
Mir, Maria Carmen, et al. "Partial nephrectomy versus radical nephrectomy for clinical T1b and T2 renal tumors: a systematic 
review and meta-analysis of comparative studies." European urology 71.4 (2017): 606-617.



Disadvantages of Observational Studies

•Groups may differ in more ways than just 
exposure/treatment status

Type of surgery Cancer recurrence
OutcomeExposure/Intervention

Tumor size



Disadvantages of Observational Studies

•Methods of addressing MEASURED differences in 
baseline characteristics
• Covariate adjustment
• Propensity score weighting
•Matching
• More to come on this later!

• UNMEASURED differences can persist



Clinical Research Study Designs

Descriptive
• Case report
• Case series
• Survey

Analytic

Observational
• Cohort studies
• Cross sectional
• Case-control

Experimental
• Randomized 

controlled 
trials



Clinical Research Study Designs

•Randomized controlled trial vs. Cohort studies
• Similarity: compare outcomes in a population with similar 

characteristics, that differ by exposure/treatment status 
• Difference: Exposure/treatment assignment is random in 

experimental studies, and observed/non-random in 
observational/non-experimental studies

Guyatt, Gordon H., and Drummond Rennie. "Users' guides to the medical 
literature." Jama 270.17 (1993): 2096-2097.

“The beauty of randomization is that it assures, if sample size is 
sufficiently large, that both known and unknown determinants are 
evenly distributed between treatment and control groups”



Randomized Controlled Trials

•Advantages
•Comparable groups at baseline

•Disadvantages
•Sometimes impractical
• Randomizing males born in Ontario to circumcision vs. not

•Does not ensure generalizability/external validity



RCT: Radical vs. Partial Nephrectomy

•EORTC 30904

Van Poppel, Hendrik, et al. "A prospective, randomised EORTC 
intergroup phase 3 study comparing the oncologic outcome of 
elective nephron-sparing surgery and radical nephrectomy for low-
stage renal cell carcinoma." European urology 59.4 (2011): 543-
552.
https://www.fairbanksurology.com/robotic-radical-nephrectomy
https://www.mayoclinic.org/tests-
procedures/nephrectomy/multimedia/img-20332175

Population: 541 
patients with tumors 
<5cm suspicious for 

kidney cancer Randomized to 
RN vs. PN

Local recurrence
RN 1/273 = 0.37%
PN 6/278 = 2.16%

Results
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