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approach (with examples)

• How to address common forms of biases in 

Big Data anlaysis

• Propensity score analysis



Where comes the Big Data ?
• Etymology of “Big Data” can be dated back to the 1990s 

– John Mashey, the then chief scientist at Silicon Graphics in California

• Datasets are exponentially expanding every day

– Mobile communications, websites, social media/crowdsourcing, sensors, 

transaction process-generated data (e.g. sales queries, purchases), 

administrative, scientific experiments, science computing, industrial 

manufacturing

• Application of Big Data analysis

– Technology giants (e.g. Amazon, Apple, Google) boost sales 

– Electoral strategies in political campaigns



Definition of Big Data

• No consensus

• Certain characteristics pertinent to the process of collection, storage, 

processing and analysis 

• First described by Doug Laney in 2001 (3 Vs)

– Volume (storage space for data recording & storage)

– Velocity (speed of data generation & transformation)

– Variety (various data sources)

• Other proposed traits thereafter

– Veracity, value, exhaustivity (n=all), fine-grained resolution, indexicality, 

relationality, extensionality, scalability, variability … 



Big Data in Health

• Definition 

– Third Health Programme (2014-2020) from the Consumer, Health, 

Agriculture and Food Executive Agency (chafea) mandated by the 

European Commission 

• Large datasets collected routinely or automatically, and stored electronically

• Merges existing databases and is reusable (i.e. multipurpose data not 

intended for a specific study)

• Aim of improving health and health system performance

• Healthcare data volume projected to increased from 153 exabytes 

(1018) in 2014 to 2,300 exabytes by 2020



Randomized controlled trials

v Advantages

Ø no biases

Ø no confounding

v Disadvantages

Ø ethical issue

Ø rare diseases, long term effect

Ø rare exposures

Ø resource intensive

Ø not real-life situation (inclusion and exclusion criteria, differential level of 

care and follow-up)



Case-control study

v Advantages

Ø multiple exposures

Ø rare diseases

Ø effects of harmful or beneficial exposures that are 

difficult/impossible to modify as in RCTs

Ø cheap & quick

v Disadvantages:

Ø rare exposures

Ø multiple outcomes

Ø Confounding

Ø Biases



Prospective cohort study

v Advantages

Ø multiple exposures and outcomes

Ø rare exposures

Ø effects of harmful or beneficial exposures that are 

difficult/impossible to modify as in RCTs

v Disadvantages

Ø rare diseases, long term effect

Ø Resource

Ø Confounding

Ø Biases



Large healthcare utilization databases

vAdministrative or claims/insurance purpose

vRetrospective cohort study

(non-concurrent / historical cohort study) 

vNested case-control study



Large healthcare utilization databases

v Rare exposures, rare events, long follow-up time

v Data readily available

v Minimal resources

v Reflects routine practice real-world effectiveness 

Ø safety in large populations that include patients often under-

represented in or completely excluded from clinical trials    

(e.g. the elderly, children, pregnant women)

Retains the advantages and 
corrects the disadvantages of 

both case-control and 
prospective cohort study design



Olivera P, et al. Nat Rev Gastroenterol Hepatol 2019

Sources 
of Big 
Data

Application 
of Big Data 

analysis

via de-identified 
reference key 



Population-based healthcare database

• US: Veterans Affairs, Kaiser Permanente

• Danish

• Swedish

• UK Twin Studies



Clinical Data Analysis and Reporting 
System (CDARS)

Hong Kong 
Hospital 

Authority



Gastric cancer (GC) 



Gastrointestinal disease 

Bray F et al. Global Cancer Statistics. CA Cancer J Clin 2018



Global Prevalence of 
Helicobacter pylori (HP)

Hooi JLY et al. 
Gastroenterology 2017



HP eradication and GC:  asymptomatic Individuals

Ford AC, et al. BMJ 2014

Lee TY, et al. Gastroenterology 2016

HP eradication can reduce GC development by 33-47%



Do Proton pump inhibitors (PPIs) increase 
risk of GC?



Correa’s gastric carcinogenesis cascade
Proton pump inhibitors (PPIs) and GC

H. pylori 

Chronic 
gastritis

Glandular 
atrophy

Intestinal 
metaplasia

Dysplasia

Carcinoma

Host factors
(Cytokine gene polymorphism, 

low acid production)

Proton pump inhibitors (PPIs):
- worsening of atrophic gastritis
- bacterial overgrowth



PPIs and risk of gastric cancer: 
Meta-analysis

<12m

>12m

>36m

Tran-Duy A, et al Clin Gastroenterol Hepatol 2016



Limitations of previous studies
• Limited number of studies (n=3)

• Inclusion of both HP-infected and HP-negative 

subjects

• Concurrent medications that could modify GC risk 

(aspirin, NSAIDs, statins, metformin)

• Reverse causality/protopathic bias 

• Confounding by indication (chronic gastritis per se)

Garcia Rodriguez LA, et al. Gut 2006
Tamim H, et al. Pharmacoepidemiol Drug Saf 2008
Poulsen AH, et al. Br J Cancer 2009



Aim

• To determine GC risk among individuals who 

have received anti-HP treatment with focus 

on the role of long-term PPIs



Cheung KS, et al. Gut 2018



HP+ Subjects
• Adults aged 18 or above

• Had received a course of clarithromycin-based triple therapy containing 

clarithromycin, amoxicillin or metronidazole and proton pump inhibitors 

for 7-14 days between Jan 2003 and Dec 2012

• Observation period: 

– From the date of HP therapy to diagnosis of GC, death or end of study (Dec 

2015)

• Exclusion:

– History of GC prior to or within 12 months of receiving HP eradication

– Previous gastrectomy

– Diagnosis of gastric ulcer after HP therapy

Cheung KS, et al. Gut 2018



Cheung KS, et al. Gut 2018



Study time frame

Cheung KS, et al. Gut 2018

To reduce 
protopathic bias



Reverse causality / Protopathic bias

Dyspepsia

Gastric cancerPPIs 



Reverse causality / Protopathic bias

Dyspepsia

Gastric cancerPPIs 

Solution:
Prescriptions of PPIs within 

6 months before GC diagnosis 
were excluded 



Covariates

• 24 covariates in total 

– Age at receiving clarithromycin-based triple therapy

– Sex

– Smoking & alcohol use 

– History of gastric /duodenal ulcers

– Other comorbidities (DM, HT, dyslipidemia, obesity, 

IHD, AF, CHF, stroke, CRF, cirrhosis)

– Concurrent medications 
Cheung KS, et al. Gut 2018



Medications

• Histamine 2 receptor antagonist (H2RA), statins, 

metformin, aspirin, NSAIDs/COX2-inhibitors

• Categorization of drug use

– non-regular use (<weekly use; reference group) 

– regular use (at least weekly use)

Cheung KS, et al. Gut 2018



Statistical analysis
• Cox proportional hazards model à hazard ratio (HR) 

• Primary analysis

Ø Propensity score (PS) regression adjustment  with trimming

vPS was derived from logistic regression to represent the 

conditional probability of PPIs use given the covariates (age, sex, 

smoking/alcohol, PUD, DM, other comorbidities, concurrent 

medications)

vSubjects with extreme scores in the upper and lower tails of the 

PS distribution were excluded (1st & 20th PS strata)

• Sensitivity analysis

Ø Propensity score (PS) adjustment without trimming

Ø Multivariable analysis from Cox model
Cheung KS, et al. Gut 2018



Characteristics of GC patients

• 169 (0.27%) of 63,397 patients developed GC (median follow-up of 

the whole cohort = 7.6 years)

Ø Non-cardia GC: 98 (58.0%)

Ø Cardia GC: 34 (20.1%)

Ø Sites unspecified: 37 (21.9%)

• Overall incidence rate: 3.5 per 10,000 person-years 

• Median age at GC diagnosis: 71.4 years (IQR 61.6 – 81.8 years)

• Median age of receiving HP therapy: 66.7 years (IQR 56.6 – 76.5)

• Median time from HP therapy to GC: 4.8 years (IQR 2.8 – 6.9)

Cheung KS, et al. Gut 2018



PPI use and GC

PPI 
frequency

Univariate 
analysis

(n=63,397, 
GC=153)

Multivariable 
analysis 

(n=63,397, 
GC=153)

PS adjustment 
without trimming  

(n=63,397, 
GC=153)

PS adjustment 
with trimming  

(n=57,057, 
GC=139)

HR 95% CI HR 95% CI HR 95% CI HR 95% CI

Non-user 
(<weekly 
use)

Ref - Ref - Ref - Ref -

At least 
weekly 

2.80 1.73  – 4.52 2.19 1.31 –
3.66

2.14 1.27 – 3.58 2.44 1.42 –
4.20

Cheung KS, et al. Gut 2018



Cardia vs Non-cardia GC
(PS regression adjustment 

with trimming)

PPIs
frequency Non-cardia GC

(n=57,028, 
GC=112)

Cardia GC

(n=56,947, 
GC=27)

HR 95% CI p HR 95% CI p

Non-PPI use
(< weekly) Ref - - Ref - -

At least weekly 2.59 1.42 
– 4.72

0.002 1.97 0.57 
– 6.82

0.286



PPI Frequency and GC
(PS adjustment with trimming)

PPI Frequency

Dose-response relationship

(n=57,057, GC=139)

HR 95% CI p-value

Non-PPI use
(<weekly)

Ref - -

Weekly to <daily 2.43 1.37 – 4.31 0.002

Daily 4.55 1.12 – 18.52 0.034



PPI duration and GC
(PS adjustment with trimming)

PPI 
frequency

PPI use ≥ 1 year

(n=50,932, GC=112)

PPI use ≥ 2 years

(n=49,462, GC=88)

PPI use ≥ 3 years

(n=48,511, GC=69)

HR 95% CI p HR 95% CI p HR 95% CI p

Non-user 
(<weekly) Ref - - Ref - - Ref - -

Weekly to 
<daily 

1.81 0.90 – 3.64 0.098 0.98 0.31 – 3.17 0.979 0.58 0.08 – 4.23 0.590

Daily 5.04 1.23–20.61 0.024 6.65 1.62–27.26 0.009 8.34 2.02– 34.41 0.004

Cheung KS, et al. Gut 2018



Limitations

• Some risk factors (e.g. diet, family history) could not be 

obtained

• Underestimation of the prevalence of smoking, alcohol use by 

only using diagnosis code  

• Generalizability (as mainly Chinese patients)

• Gastric histology not available

• Residual/Unmeasured confounding (inherent to all 

observational studies )

• Confounding by indication



Moayyedi P, et al. Gut 2019



Limitations of RCTs

ØEthical issue (potential harmful effect)

ØRelatively rare disease (3.2 per 10,000 person-years)

ØLong time lag (median time interval of GC 

development: 4.9 years)

ØResource intensive (> 63,000 patients)



Moayyedi P, et al. Gut 2019



• Major limitations for investigating outcome of GC 

– Median follow-up: 3 years 

– Post-hoc analysis of RCT; hence not specifically designed to 

investigate GC 

• 169 GI cancers (? number of gastric cancer not specified)

• H. pylori infection status unknown

– Aspirin is a chemopreventive agent against gastric cancer 



Aspirin for Cancer Prevention

Algra AM, Rothwell PM. Lancet Oncol 2012



Chemoprevention of aspirin on GC

• Cyclooxygenase (COX)-2 

• Phosphatidylinositol 3-kinase (PI3K) 

• Nuclear factor (NF)- kB

• Wnt-ß-catenin 

• Extracellular signal-regulated kinase (ERK) 

• Activated protein1 (AP-1)
Shaheen NJ, et al. Cancer 2002

Cuzick J, et al. Lancet Oncol 2009

Yamamoto Y, et al. J Biol Chem 1999

Patrignani P, et al. J Am Coll Cardiol 2016



Limitations of previous studies

• Inclusion of both HP-infected and HP-

negative subjects 

• No studies on HP-eradicated subjects

• Dose- and duration-benefit unclear 



Cheung KS, et al. J NatI Cancer Inst 2018



Baseline characteristics of aspirin 
and non-aspirin users

Cheung KS, et al. J NatI Cancer Inst 2018



Aspirin & GC Prevention after HP Eradication

Cheung KS, et al. J NatI Cancer Inst 2018



Aspirin & GC Prevention: 
Frequency, Duration and Dose Effects 

Cheung KS, et al. J NatI Cancer Inst 2018





Cheung KS, et al. Oncotarget 2018



Modification of PPI-associated GC risk 
by aspirin after HP eradication



Conclusion of this study

• Clinical dilemma: should we still prescribe PPIs to 

aspirin users at risk of upper GI bleeding ?

• Aspirin probably negates the potential 

carcinogenic effects of PPIs

• Co-prescription of PPIs is indicated in aspirin 

users at high risk of upper GI bleeding



• Testing PPI effect on GC in aspirin users is 

therefore not ideal



Cheung KS, et al. Gut 2019



Bradford Hill criteria
for causality

• Strength (effect size of 2.44)

• Consistency (a nationwide Swedish study: SIR – 3.38)

• Temporality (patients with prior history of GC excluded)

• Biological gradient (duration & dose response relationship)

• Biological plausibility (worsening of atrophic gastritis, bacterial overgrowth)

• Coherence & Experimental (supported by animal models)

• Analogy (autoimmune gastritis à atrophic gastritis àGC)



Chronic gastritis 

Gastric cancerPPIs 

Dyspepsia

Spurious causal 
relationship

Confounding by indication



How to address 
Confounding by indication ?  

ØNegative control exposure (H2RAs)

Øno causal effect on outcome (i.e. GC) 

Ø shares same unmeasured/measured confounders with 

exposure of interest (i.e. PPIs)

Ø therefore, if a similar association with outcome is 

demonstrated, unmeasured confounding likely exist 

ØHistamine 2 receptor antagonist HR by PS 

adjustment with trimming: 0.72 (95% CI 0.48 – 1.07)



How to address Confounding by indication ?
comparison of GC incidence rates

Non-PPI use 
+ 

prior HP therapy

PPI use 
+ 

prior HP therapy

PPI use 
without 

prior HP therapy

H. Pylori-eradicated cohort 
(n=63,397)



How to address Confounding by indication ?
comparison of GC incidence rates

Non-PPI use 
+ 

prior HP therapy

PPI use 
+ 

prior HP therapy

PPI use 
without 

prior HP therapy



Non-PPI use 
+ 

prior HP therapy

PPI use 
+ 

prior HP therapy

PPI use 
without 

prior HP therapy

How to address Confounding by indication ?
comparison of GC incidence rates



Non-PPI use 
+ 

prior HP therapy

PPI use 
+ 

prior HP therapy

PPI use 
without 

prior HP therapy

How to address Confounding by indication ?
comparison of GC incidence rates



Postulation
• Pre-existing precancerous gastric 

lesions (e.g. induced by persistent 

or prior HP infection) is a more 

important risk factor than PPIs 

alone

• PPIs increase GC risk likely only in 

the context of pre-existing 

precancerous gastric lesions

Cheung KS, et al. Therap Adv Gastroenterol 2019



Out of 15,248,235 research outputs, our article ranks in the top 5% of all 
research output tracked by Almetric



Cheung KS, et al. Therap Adv Gastroenterol 2019



<1y

1-3y

≥3y

≥ "y

≥ #y

$%&'()) Lin JL, et al. 
J Gastric Surg 2020



Conclusion of this study
• First study to demonstrate that long-term PPI use is associated 

with an increased GC risk even after HP eradication with 

comprehensive adjustment of various confounding factors (esp

H. pylori infection status) and biases

– A dose-response trend, in terms of frequency and duration of 

PPI treatment

– Interaction of PPIs with baseline gastric histology should be 

further explored 



Propensity score (PS) 
analysis



Propensity score analysis

ØPS regression adjustment 

ØPS matching 

ØPS subclassification / stratification

ØPS weighting 

Øweighting by odds 

ØInverse probability of treatment weights



Multivariable logistic regression

• Outcome: binary or ordinal variable (e.g. gastric cancer)

CA stomach age sexProton pump 
inhibitors

smoking, 
alcohol, peptic 
ulcer disease, 

DM, other 
comorbidities 



24 covariates

153 events (GC)



Curse of dimensionality

vThe more dimensions (variables/covariates), the 

more difficult to predict certain quantities

vSample size grow exponentially with increasing 

dimensions 

vPharmacoepidemiological research: relatively 

few outcomes, many potential covariates



“Rule of Ten” 
Logistic regression model

v Number of events per variable (EPV) : >= 10

v EPV <10: 

Ø regression coefficients biased in both positive and negative 

directions

Ø sample variance of the regression coefficients over- or under-

estimated

Ø 90% confidence interval did not have proper coverage

Ø paradoxical associations increased (significance in the wrong  

direction) 

Peduzzi P, et al. J Clin Epidemiol 1996



What is Propensity score (PS) ?

v Propensity score (PS) 

Ø the conditional probability (propensity) of assigning a 

particular treatment to an individual

Ø depends on the covariates

Ø does not depend on the outcome



PS regression adjustment

• Outcome : binary or ordinal variable (e.g. GC)

CA stomach PSPPIs



Derivation of PS in this study
(Step 1)

Exposure of 
interest 

(i.e. PPI us)

age sex other covariates 
in Table 1

(NOT gastric 
cancer)



PS regression adjustment 
(Step 2)

• Outcome of interest (i.e. gastric cancer)

CA stomach PSPPIs

Addresses “curse of 
dimensionality”



Propensity score analysis

ØPS regression adjustment

ØPS matching 

ØPS subclassification / stratification

ØPS weighting 

Øweighting by odds 

ØInverse probability of treatment weights



PS matching with similar PS 
• Greedy (nearest neighbor) matching

– a priori “caliper” is defined: max distance in PS by which matches are allowed 

(usu 0.25 SD of logit of PS)

– a treated subject is matched to the 1st case out of several comparison persons 

(even if it would better serve as match for a subsequent treated subject)

• Optimal matching

– pairs of treated & untreated subjects are formed to minimize global distance 

in PS (i.e. sum of distances in PS in whole matched sample)

– limited by high computational intensity



How do you know it is 
well matched ?

– Absolute standardized difference (ASD)

– absolute difference in means, mean ranks, or 

proportions divided by the pooled standard 

deviation 

– ASD > 0.1 – 0.2 indicates imbalance



Cheung KS, et al. Cancer Epidemiol Biomarkers Prev 2020



Mechanisms of chemopreventive
effects of statins

• Arrest of cell-cycle progression

• Induction of apoptosis

• Inhibition of angiogenesis

• Suppression of tumor growth



Statins and GC

Singh P.P et al. Ann Oncol 2013



ASD for all 
covariates < 0.2 

after PS 
matching 

Cheung KS, et al. 
Cancer Epidemiol 
Biomarkers Prev
2020



Statins and GC 

(PS matching)

PS matching
(n=22,870, 

GC=62)

PS adjustment 
with trimming  

(n=63,605, 
GC=169)

PS adjustment 

(n=57,243, 
GC=150)

SHR 95% CI p SHR 95% CI p SHR 95% CI p

Non-user
(< 180 days) Ref - - Ref - - Ref - -

Statin use (>=
180 days)

0.34 0.19 

– 0.61

< 0.001 0.61 0.41 

– 0.92

0.020 0.32 0.18 

– 0.59

< 0.001

Cheung KS, et al. Cancer Epidemiol Biomarkers Prev 2020



Duration and dose of statins and GC
(PS adjustment with trimming)

Statin use 

Duration & Dose-response relationship
(n=57,243, GC=150)

SHR 95% CI p-value

Non-statin use Ref - -

< 5 years 0.46 0.25 – 0.86 0.015

>= 5 years 0.43 0.29 – 0.66 <0.001

SHR 95% CI p-value

Non-statin use Ref - -
Statin use (for 
every 100 
increase in cDDD)

0.90 0.81 – 0.99 0.037

Cheung KS, et al. Cancer Epidemiol Biomarkers Prev 2020



Cheung KS, et al. Diabetes Care 2019



Cheung KS, et al. J NatI Cancer Inst 2019



Colorectal cancer



Cheung KS, et al. J Gastroenterol Hepatol 2019



Cheung KS, et al. Gut 2019



Cheung KS, et al. 
Aliment Pharmacol Ther 2020



Cheung KS, et al. Hypertension 2020



Cheung KS, et al. World J Gastroenterol 2019



Shortcomings specific of Big 
Data analysis Solutions

Cheung KS, et al. World J Gastroenterol 2019



Shortcomings of all 
observational studies including 

Big Data analysis
Solutions



Conclusions

• Population-based healthcare databases is one of the sources of Big 

Data (increasingly popular for clinical researches) 

• Big data approach addresses some of the limitations of traditional 

observational study designs (case-control studies and cohort 

studies) and randomized controlled trials

• Causality may not be established via Big Data approach, though 

can be strengthened by good study design and control of biases / 

confounding

• Propensity score analysis is helpful in Big Data analysis



Olivera P, et al. Nat Rev Gastroenterol Hepatol 2019

Sources 
of Big 
Data

Application 
of Big Data 

analysis


