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Approaches for Pharmacovigilance 

▪ Methods for identifying safety signals in the longitudinal healthcare databases

1) Pharmacoepidemiologic designs (e.g., case-only study, cohort study)

2) Sequence symmetry analysis (SSA)

3) Supervised machine learning (i.e., Gradient boosting machine, random forest)

4) Tree-based scan statistic
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Arnaud M, et al. Methods for safety signal detection in healthcare databases: a literature review. Expert Opin Drug Saf. 2017 Jun;16(6):721-732. 



Approaches for Pharmacovigilance 

▪ Pharmacoepidemiologic designs (e.g., case-only study, cohort study)

- Exposure(s) and outcome(s) of interest need to be pre-specified

- (1) Cohort study design for safety surveillance

- New-user, active comparator design (comparator drug needs to be pre-specified)

- # of cohorts depend on the # of outcomes under assessment (i.e., Incident outcome cohort)

- Confounders in the exposure-outcome pathway need to be carefully selected
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Approaches for Pharmacovigilance 

▪ Pharmacoepidemiologic designs (e.g., case-only study, cohort study)

- Exposure(s) and outcome(s) of interest need to be pre-specified

- (2) Case-only study design for safety surveillance

- Self-controlled case series, Case-crossover, Case-case-time-control designs

- Ideal design in cases where…

- No adequate comparator group

- Transient exposure & outcome

- Need to control for time-invariant confounders
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Approaches for Pharmacovigilance 
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Endocrinal

Graves’ disease 0.58 (0.27-1.22)

Hashimoto’s thyroiditis 1.18 (0.64-2.19)

Hyperthyroidism 1.04 (0.68-1.58)

Hypothyroidism 1.21 (0.91-1.61)

Gastrointestinal

Crohn’s disease 0.61 (0.22-1.7)

Ulcerative colitis 0.8 (0.16-4.04)

Peptic ulcer diseases 1.11 (0.99-1.24)

Pancreatitis 0.92 (0.68-1.24)

Cardiovascular

Venous thromboembolism 0.59 (0.15-2.38)

Vasculitis 0.8 (0.4-1.6)

Hypotension 1.19 (0.81-1.75)

Musculoskeletal

Bechet's syndrome 0.74 (0.15-3.66)

Juvenile arthritis 1.86 (0.64-5.38)

Rheumatoid arthritis 0.94 (0.66-1.33)

Neurological

Bell’s palsy 0.48 (0.24-0.97)

Epilepsy 1.14 (0.79-1.65)

Narcolepsy 0.21 (0.04-1.01)

Paralysis 0.56 (0.14-2.29)

Migraine 1.19 (1.03-1.37)

Guillain-Barré syndrome 0.03 (0-0.35)

Optical neuritis 0.98 (0.42-2.31)

Neuralgia and neuritis 1.04 (0.67-1.62)

Cohort

Adjusted Rate Ratio

(95% CI)

Adjusted Rate Ratio

(95% CI)

0.1 1 10

Endocrinal

Graves’ disease 0.63 (0.44-0.91)

Hashimoto’s thyroiditis 0.87 (0.65-1.15)

Hyperthyroidism 0.8 (0.66-0.96)

Hypothyroidism 0.77 (0.69-0.87)

Gastrointestinal

Crohn’s disease 0.92 (0.57-1.48)

Ulcerative colitis 0.58 (0.25-1.36)

Peptic ulcer diseases 0.94 (0.89-0.99)

Pancreatitis 0.8 (0.69-0.91)

Cardiovascular

Venous thromboembolism 0.73 (0.34-1.6)

Vasculitis 0.86 (0.61-1.21)

Hypotension 0.73 (0.63-0.85)

Musculoskeletal

Bechet's syndrome 1.18 (0.54-2.57)

Juvenile arthritis 1.43 (0.89-2.3)

Rheumatoid arthritis 0.77 (0.66-0.9)

Neurological

Bell’s palsy 0.84 (0.51-1.36)

Epilepsy 0.9 (0.76-1.06)

Narcolepsy 0.28 (0.12-0.65)

Paralysis 1.6 (0.55-4.62)

Migraine 0.85 (0.8-0.9)

Guillain-Barré syndrome 0.67 (0.11-3.99)

Optical neuritis 0.98 (0.64-1.5)

Neuralgia and neuritis 0.89 (0.73-1.09)

SCRI

Adjusted Relative Risk

(95% CI)

Adjusted Relative Risk

(95% CI)

0.1 1 10

Outcomes of interest

need to be pre-specified

More suitable for 

signal evaluation / 

hypothesis testing

Yoon D, et al. BMJ 2021; 372:m4931



Approaches for Pharmacovigilance 

▪ Sequence symmetry analysis (SSA) – prescription based

- Case-only design; comparing temporal sequences of drug A → drug B

- Some advantages over cohort study designs include:

- Minimal dataset requirement, computationally efficient

- Controls time-invariant confounders 

- Ideal design for safety signal detection / hypothesis generating

- Major drawback: 

- Rely on an assumption of “event onset influences drug initiation” 

- Prescribing time trends need to be accounted for
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Lai EC, et al. Eur J Epidemiol 2017; 32:567-582.



Approaches for Pharmacovigilance 
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Pratt N, et al. PDS 2015; 24: 858-864.



Approaches for Pharmacovigilance 

▪ Supervised machine learning (i.e., Gradient boosting machine, random forest)

- Data-driven approach for predicting new safety signals

- Input dataset for machine learning training

- All drug-event pairs in the database requires labeling (positive control, negative control, unknown)

- Training based on the features of positive and negative controls (i.e., label data)

- Validation with the subsets of label data to determine optimal threshold for signal detection

- Generates predictive probability of being safety signal amongst the “Unknown” drug-AE pairs 
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Approaches for Pharmacovigilance 
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• Input dataset of every possible drug-event pairs

• Each pair need to be labeled as:

① Positive: 

drug-event with established casual relationship

② Negative: 

drug-event with no casual relationship

③ Unknown:

Potential event of interest

Bae J, et al. Front Pharmcol 2021; 11:602365. 



Approaches for Pharmacovigilance 
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Bae J, et al. Front Pharmcol 2021; 11:602365. 



Approaches for Pharmacovigilance 

▪ Tree-based scan statistic (TreeScan) 

- Data mining method that scans for disproportionate reporting (observed > expected #s) of outcomes

- Uses hierarchical classification trees* to scan for outcomes at different granularity 

Example of a multi-level clinical classification tree of ICD-9 codes 
(Ref: Wang SV, et al. Epidemiology 2018; 29(6): 895-903.)
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Example of ICD-10 code hierarchical structure 
(Ref: Tan G, et al. American Journal of Epidemiology 2025; 194(7): 1999-2011.)



Approaches for Pharmacovigilance 

▪ Key features of TreeScan

- No need to pre-specify drug-outcome pairs for hypothesis generating

- Hierarchical screening → ideal for determining the granularity for outcome definition

(e.g., cardiovascular disorder > ischemic heart diseases > myocardial infarction)

- Adjusts for multiple testing using Monte Carlo hypothesis testing (multiplicity-adjusted p-values) 

- Incorporate temporal risk windows

→ allows for specifying observation period for cohort or self-controlled case series analysis
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Kulldorff M, et al. Data safety mining with a tree-based scan statistic. PDS 2013; 22: 517-523.



Approaches for Pharmacovigilance 

▪ TreeScan as a proposed approach for PV in multi-database study
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Longitudinal healthcare database

(claims data, EMR) 

New users of 

exposure drug

New users of 

comparator drug

PS matched 

exposure group

PS matched

comparator group

Incident outcomes

Incident outcomes

Base cohort for surveillance

(New-user, active comparator)

Cohort

study

design

Analytic cohortConfounder handling

(Propensity score based)

TreeScan analysis:

ratio of obs : exp outcomes 

in the exposed group

Identification of statistical alerts

Outcome tree (i.e., ICD-10):

Modify (i.e., pruning) tree structure 

at investigator’s discretion



Approaches for Pharmacovigilance 

(1) TreeScan for PV using RWD

16

Fralick M, et al. Endocrinol Diab Metab 2021; 4e00237.



Approaches for Pharmacovigilance 

(1) TreeScan for PV using RWD
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Fralick M, et al. Endocrinol Diab Metab 2021; 4e00237.

Longitudinal healthcare database

(claims data, EMR) 

New users of 

exposure drug

New users of 

comparator drug

PS matched 

exposure group

PS matched

comparator group

Base cohort for surveillance

(New-user, active comparator)

Cohort

study

design

Confounder handling

(Propensity score based)

• Baseline covariates for propensity score matching (PSM)

▪ Chronic medical conditions

▪ Markers of diabetes severity

▪ Healthcare utilization

▪ Drug utilizations (diabetes and non-diabetes)

• Pairwise PSM (Cana vs DPP4i; Cana vs GLP-1RA)

▪ Nearest neighbor matching (caliper 0.05)

▪ Variable ratio matching (up to 4 comparators)

▪ Standardized difference of 0.1 as balance cut-off

• Patients with type 2 diabetes (T2DM)

• Newly prescribed canagliflozin, DPP4i or GLP-1 RA

• 180-day washout period for defining “new users”



Approaches for Pharmacovigilance 

(1) TreeScan for PV using RWD
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Fralick M, et al. Endocrinol Diab Metab 2021; 4e00237.

Outcome tree (i.e., ICD-10):

Modify (i.e., pruning) tree structure 

at investigator’s discretion

▪ Five-level Hierarchical tree of potential outcomes (ICD-9 codes)

- Level 1 (Broadest): Entire disease category (e.g., ICD-9: 001-139  → ICD-10: A00-B99)

- Level 2: subgroups of disease/injury (e.g., ICD-9: 130-136)

- Level 3: ICD-9 codes without a decimal value (e.g., ICD-9 010 [Primary tuberculosis] → ICD-10: A15)

- Level 4: ICD-9 codes with one decimal value (e.g., ICD-9 010.0 → ICD-10: A15.9)

- Level 5: ICD-9 codes with 2+ decimal value



Approaches for Pharmacovigilance 

(1) TreeScan for PV using RWD
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Fralick M, et al. Endocrinol Diab Metab 2021; 4e00237.

• Incident cases ascertainment using the 180-day period

• Prevalent cases determined at “level 2”

• In case of more than one incident outcomes on the same day… 

→ select one with lower frequencies

PS matched 

exposure group

PS matched

comparator group

Incident outcomes

Incident outcomes

Analytic cohortConfounder handling

(Propensity score based)

• Incident outcomes assessed at level 2 – 5

• Level 1 not considered due to broad nature of the categories



Approaches for Pharmacovigilance 
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Fralick M, et al. Endocrinol Diab Metab 2021; 4e00237.



Approaches for Pharmacovigilance 

(2) Beyond PV – TreeScan as a tool for drug repurposing
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Tan GSQ, et al. Am J Epidemiol 2025; 194:1999-2011.

▪ Proof-of-concept of TreeScan for identifying “repurposing” signals

- “…to demonstrate how TBSS can be used to generate new drug repurposing hypotheses from RWD.” 

- “…inverse association between drug exposure and a health outcome identified by the scan statistics may 

suggest a potential repurposing signal relating to the outcome.”



Approaches for Pharmacovigilance 

(2) Beyond PV – TreeScan as a tool for drug repurposing
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Tan GSQ, et al. Am J Epidemiol 2025; 194:1999-2011.

▪ Pruning ICD-10 code branches with diagnoses that are 

less plausible as a “repurposing” candidates

Tree Description

Original 

pruned tree

All ICD-10-CM codes

Exc. 

• V00-Y99 

(External causes of morbidity and mortality)

• Z00-Z99 

(Factors influencing health status and contact 

with health services)

• P00-P96 

(Conditions originating in the perinatal period)

• O00-O9A 

(Pregnancy, childbirth and the puerperium)



Approaches for Pharmacovigilance 

(2) Beyond PV – TreeScan as a tool for drug repurposing
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Tan GSQ, et al. Am J Epidemiol 2025; 194:1999-2011.

▪ TreeScan operates in a way that it identifies clusters of signals 

with higher-than-expected (i.e., positive association between 

exposure & outcome)

▪ For the purpose of identifying the “repurposing” signals…

(i.e., Lower-than-expected; inverse association)

▪ “…implemented by Interchanging the exposure and 

comparator groups…”



Approaches for Pharmacovigilance 

(2) Beyond PV – TreeScan as a tool for drug repurposing
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Tan GSQ, et al. Am J Epidemiol 2025; 194:1999-2011.

…



Approaches for Pharmacovigilance 

(3) Steps to be undertaken after signal detection
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Hsieh MH, et al. Clinical Epidemiology 2023; 15:91-107.



Approaches for Pharmacovigilance 

▪ In summary…

1) Pharmacoepidemiologic designs (e.g., case-only study, cohort study)

• More suitable for signal evaluation or hypothesis testing

2) Sequence symmetry analysis (SSA)

• Rely on an assumption of “event onset influences drug initiation” 

3) Supervised machine learning (i.e., Gradient boosting machine, random forest)

• No established guides on constructing input dataset (positive and negative label) for training and validation

4) Tree-based scan statistic

• Ideal candidate for outcome surveillance in RWD

• Combined with pharmacoepi approaches (i.e., new-user, active comparator design, PS-based methods)
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Multiple data sources

▪ Federated network approach and multi-database study using TreeScan

- Select drug(s) of interest and comparator drug(s)

- Apply TreeScan to establish outcome candidates from each database

- Triage system (Hsieh, et al.) for shortlisting outcome candidates

- Protocol development and execution in each database

▪ Considerations and discussion points

- Common hierarchical outcome tree that can be implemented across different databases

- How to handle the heterogeneity in detected signals across databases

- For each outcome candidates, further evaluation needed for feasibility (i.e., outcome definition)

- Covariates for PS that can be used generically for all outcomes
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Thank you for your attention

napa928@hotmail.com
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