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Introduction
New method for mining adverse drug reactions (ADR) from longitudinal data
from electronic health records (EHR).
I EHRs offer a richer and more reliable source of patient ADR information.
I Existing proportionality ratio methods only apply to non-longitudinal self
reporting system (SRS) data.
I Issues with proportionality ratios in longitudinal data:
I Counting non-occurrences in longitudinal data.
I Neglecting temporal information.
I Evaluation of techniques on OSIM-generated data.
I

Proportionality Ratio Methods
Existing ADR detection methods
developed for non-longitudinal SRS
data.
I These depend on contingency values
shown to the right.
I Easily extracted from SRS data, not
so from EHRs.
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Other researchers have found ways to
estimate these contingency values
from EHR data.
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Counting Co-occurrences in Longitudinal Data
The SRS Method
I Developed by Zorych et al. to extract contingency values from EHR data.
I For a given condition and drug:
I ndc counts condition occurrences during drug era.
I nd c̄ counts other conditions during drug era.
In
d̄c counts condition occurrences during eras for other drugs.
In
counts
other
condition
occurrences
during
other
drug
eras.
dc
Issues
I Cannot count condition
non-occurrence.
I Estimation from other
conditions means other
conditions have impact on this
drug / condition pair being an
ADR.
I Neglecting length of time in
which conditions occur.
I Conditions in rapid
succession more likely to be
ADR than same number of
conditions in longer time.

Experimental Results

Longitudinal Rate Comparison
Description
I Proposed method compares counts of condition occurrence under drug era
(ndc = x1) and not under drug (nd̄c = x2).
I Denominator is time (n1, n2), and condition non-occurrences are not used.
I This resolves issues with SRS counting method.

Only ROC chart for dataset 1 shown due to space constraints
I Tables contain AUC values - higher means that a threshold for this value can
separate the true ADRs from false ones more effectively.
Dataset 1
I

Method
I For each drug / condition pair, count condition occurrences x1, x2, and total time
spent under drug n1 and not under drug n2.
I From these, calculate test statistic, which is used to rank ADRs.
I If p-value of test statistic is significant, then rank it as potential ADR.
Test Statistics
I Let λ1 = x1/n1, λ2 = x2/n2.
I LRC-SD uses the standardized difference of means:
λ1 − λ2
SD = q
2
2
x1/n1 + x2/n2
where denominator is the estimated standard deviation.
I p-value for SD can be calculated using E-test by Krishnamoorthy.
I LRC-R uses the ratio of condition occurrence rates:
λ1
ratio =
λ2
I p-value for rate ratio can be calculated C-test for Poisson means.
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Experimental Setup
Datasets
I Tests conducted on two OSIM1 datasets:
I Dataset 1: 80 drugs, 60 conditions
I Dataset 2: 100 drugs, 80 conditions
I Both have 25000 patients and increased drug / condition prevalence
Measures
I Each drug / condition pair ranked using the 8 measures listed below.
I For each measure, only pairs which pass the following criteria are used:
I PRR: pair must have PRR greater than 2
I ROR: lower boundary of two-sided 95% C.I. must exceed 1
I RFET: pair’s false discovery rate must be below 0.05
I BCPNN: lower boundary of two-sided 95% C.I. must exceed 0
I GPS: boundary of one-sided 95% C.I. must exceed 1
I LRC-R: p-value must be below 0.05
I LRC-SD: p-value must be below 0.05
Evaluation
I Each method evaluated on each dataset, with surveillance windows with length
0-day, 7-days, 30-days, an 365-days.
I Evaluation done using ROC curves and AUC, which measure the ability of
method to detect true positives while minimizing false positives.
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ROR
0.5872
0.5667
0.4868
0.3269

PRR
0.8444
0.8420
0.8323
0.6474

RFET
0.7203
0.7122
0.6771
0.7640

BCPNN
0.8753
0.8782
0.8840
0.8827

GPS
0.8706
0.8647
0.8244
0.8619

LRC-R LRC-SD
0.8784 0.9666
0.8902 0.9763
0.9047 0.9799
0.9348 0.9285

GPS
0.8553
0.8438
0.8254
0.8196

LRC-R LRC-SD
0.8691 0.8336
0.8406 0.8610
0.8640 0.8582
0.7571 0.7903

Dataset 2
t =0
t =7
t = 30
t = 365

ROR
0.5793
0.5931
0.5272
0.2400

PRR
0.8470
0.8540
0.8316
0.6337

RFET
0.6247
0.6521
0.5905
0.6333

BCPNN
0.8473
0.8600
0.8633
0.9150

Conclusion
LRC-R and LRC-SD are methods to detect and rank potential ADRs in
longitudinal EHR datasets.
I Proportionality ratios suffer from counting non-occurrences and neglecting the
length of time in longitudinal data.
I LRC methods are designed to avoid these issues, and show promising results
compared to proportionality methods combined with SRS counting methods.
I Future work:
I Extension to other datasets
I Identify precisely when pathological behavior of SRS counting affects
performance
I
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