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Abstract

Aim: Utilization of signal detection methods in longitudinal claims data can improve post-marketing drug surveillance, but to date there has been
limited application. The aim of this study is to use 3 approaches, the proportional reporting ratio, Gamma Poisson Shrinker, and tree-based scan
statistic in detecting adverse drug events (ADEs) attributed to trastuzumab using an administrative claims dataset.

Methods: Using data from the Texas Cancer Registry and SEER linked to Medicare from 2010 to 2013, we conducted 1:2 propensity score
matching. Breast cancer HER2+ patients treated with trastuzumab in addition to standard chemotherapy were matched to HER2- patients
treated with standard chemotherapy. Inpatient and outpatient encounters up to 6 months from start of therapy were used to identify adverse
events.

Results: A total of 4191 patients were included in the study. Across all methods, use of trastuzumab generated signals on 9 distinct body
systems. Cardiomyopathy and heart valve disease were the most consistently detected signals. Clinical review determined that most signals
represented known ADEs.

Conclusions: \We showed that claims data can be used to complement current ADE monitoring using common data mining methods with
propensity score matching. Our analysis identified all expected ADEs associated with trastuzumab, and additional signals of valvular heart
disorders.
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Implications for Practice

Signal detection of adverse drug events is the first, yet fundamental, step in post-marketing drug surveillance. In this study, we used
longitudinal insurance claims data to examine whether current data mining methods can adequately detect adverse event signals in the
elderly patient with breast cancer. Based on our findings claims data can complement and expand current drug surveillance systems and
provide more timely insight.

Introduction evaluates drugs taken under “real-world” circumstances and
is more likely to detect rare ADEs.

Current practice relies mainly on spontaneous reporting
systems (SRS); while these datasets are useful tools for
surveillance, since they include all marketed drugs and
broad patient populations, concerns arise in regard to re-
porting bias, misattributed drug-event pairs, incomplete
or duplicate reporting and lack of a control population.
Longitudinal healthcare data, such as insurance claims,
are more representative of routine healthcare and could
enhance the current pharmacovigilance system. However,
use of ADE signaling detection methods in such datasets
is limited."® The present study aims to evaluate 3 data

The introduction of trastuzumab as a targeted therapy for
HER2+ breast cancer has contributed to significant improve-
ments in disease progression and survival in the past decade.
However, the drug’s toxicity profile differs from that of typ-
ical chemotherapy agents. Active surveillance of associated
adverse reactions is imperative to prevent events that may
compromise patients’ quality of life.

Post-marketing adverse drug event (ADE) monitoring is
an essential component of pharmacovigilance. Despite the
rigorous process preceding drug approval, clinical trials have
limited generalizability due to selective populations and rela-
tively short follow-up times. Post-marketing surveillance

Received: 21 March 2021; Accepted: 15 December 2021.

© The Author(s) 2022. Published by Oxford University Press.

This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License (https://creativecommons.org/
licenses/by-nc/4.0/), which permits non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For
commercial re-use, please contact journals.permissions@oup.com.


https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
mailto:yokuo@utmb.edu?subject=

The Oncologist, 2022, Vol. 27, No. 6

mining algorithms (DMAs) in detection of incident ADEs
associated with trastuzumab in a cohort of elderly patients
with breast cancer using an administrative claims dataset.
Specifically, we compare the number of signals detected by
each DMA that are considered related to trastuzumab and
the number of likely false positives, when using 2 different
approaches on outcome definition and 2 different signaling

thresholds.

Materials and Methods

Source of Data

The linked Texas Cancer Registry (TCR) Medicare and
Surveillance, Epidemiology, and End Results (SEER) Medicare
databases were analyzed in this study.** The SEER program
has been collecting information on newly diagnosed cancer
cases in SEER registry areas since 1973. Currently SEER
covers approximately 34.6% of the US population.’ The
TCR program was initiated in 1976 and follows the same
collection and reporting requirements, but does not yet con-
tribute to SEER, assuring that reported cases in each registry
are unique. Approximately 120 000 new cases are reported
annually in TCR and approximately 17 000 are breast cancer
cases.® Medicare is the primary health insurance of approxi-
mately 98% of the elderly US population.” The linkage of
the Medicare and cancer registries is based on matching a
person’s social security number, name, date of birth and
sex. Linkage algorithms were developed and applied by the
National Cancer Institute.

Study Cohort

We included females aged > 66years diagnosed between
2010 and 2013, with either HER2+ breast cancer who re-
ceived trastuzumab in addition to standard chemotherapy
(exposed group) or females with HER2~ cancer who received
standard chemotherapy alone (unexposed group). Start of
treatment was defined as the first day of trastuzumab use or
the first day of chemotherapy depending on group. Patients
were followed for ADEs for 6 months from the start of treat-
ment. We required patients to have Medicare Part A and B
coverage for the year prior to diagnosis and until the end of
follow-up, as well as not to participate in Health Maintenance
Organizations. Enrollment in Medicare Part D was addition-
ally required during the follow-up period. Patients were ex-
cluded if the diagnosis originated from an autopsy or death
certificate or they did not have a confirmed HER2 status at
diagnosis. Patients that received pertuzumab or other adju-
vant therapies in addition to trastuzumab were excluded. To
increase comparability between HER2+ and HER2- patients,
a propensity score for HER2+ was generated using a logistic
regression model including age, race, cancer stage at diag-
nosis, presence of diabetes, and radiation therapy. Then, we
used greedy nearest neighbor algorithm with a 0.025 caliper
of the logit of the propensity score to match each HER2+ pa-
tient to 2 HER2- patients. HER2+ patients were not included
if they did not match with exactly 2 HER2- patients.

Treatment with trastuzumab and/or chemotherapy
was identified from Medicare claims using International
Classification of Diseases 9th revision (ICD-9), Current
Procedural Terminology and National Drug codes from the
Inpatient, Outpatient, Carrier, Durable Medical Equipment,
and Part D Prescriber Public Use files as previously described
(Supplementary Table S1).8
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Study Outcomes

All inpatient diagnoses and the primary diagnosis from out-
patient claims after the start of treatment that were not pre-
sent in the prior 6 months, were used to identify incident
ADEs for each patient. We excluded secondary outpatient
diagnoses from our analysis because these are commonly
used to document past health history, chronic conditions, or
diagnostic services required for reimbursement purposes. In
contrast, secondary inpatient diagnoses were included as they
reflect only those diseases that coexist at the time of admis-
sion or develop subsequently or affect the treatment received.’
We excluded ICD-9 codes unlikely to be associated with
trastuzumab use, such as radiation, breast cancer surgery,
chemotherapy, diagnostic pathology, imaging, injuries, or
congenital anomalies (Supplementary Tables S2 and S3). The
remaining diagnosis codes were grouped into clinically mean-
ingful categories using the Multi-Level Clinical Classification
Software (MLCCS). The MLCCS is a categorization scheme
developed by the Agency of Healthcare Research and Quality
to organize ICD-9 codes by employing a hierarchical system
with 4 levels. The first level consists of 18 body systems and
each system has up to 3 sublevels, which consist of progres-
sively more specific diagnosis definitions.

Two approaches were used in outcome definition. In the
subject level approach, for each ADE we counted the number
of subjects in the exposed and unexposed group with at least
one claim for it during follow-up. In the encounter level ap-
proach, for each ADE we counted the number of associated
encounters in each group during the follow-up period, al-
lowing each subject to contribute more than once with the
same diagnosis. Distinct encounters were defined as having
either different date or different provider. We used 2 ap-
proaches because the same drug-ADE pair for the same pa-
tient may be reported multiple times from different sources
in SRS. Therefore, the encounter level approach simulates
the current SRS more closely than the subject level approach.
Additionally, ADEs diagnosed in multiple visits for the same
patient may indicate disease persistence or higher severity; the
encounter level approach may therefore be more likely to de-
tect rare, but persistent ADE signals. For sensitivity, we also
considered a different definition of encounter where the same
diagnosis was counted once per month at most.

DMA Methods

DMAs are automated methods to detect drug-event pairs with
higher than expected frequencies that may warrant further in-
vestigation. We evaluated 3 DMAs to detect signals of ADEs;
the proportional reporting ratio (PRR), the Gamma Poisson
Shrinker (GPS), and a tree-based scan statistic (TBSS). PRR
and GPS are well-validated methods that are easy to imple-
ment and interpret, whereas TBSS is a newer method that can
additionally account for multiple comparisons.

The PRR is calculated as the ratio of the frequency of an
ADE in the exposed group over the frequency of the same
event in the unexposed.'®!" Two commonly used signaling
thresholds were assessed; a PRR with a lower 90% 2-sided
CI (LCI) >2 and at least 3 cases was considered as a strict
signal and a PRR > 2, chi-square > 4, and at least 3 cases as a
moderate signal.'®!?

The GPS method is designed to avoid spurious false
positives due to small observed frequencies.'> The method
assumes that the observed frequency of a drug-event
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combination follows the Poisson distribution. Expected
frequencies are calculated from the marginal counts of a
drug-event pair assuming independence between event and
exposure. The GPS uses the Empiric Bayes Geometric Mean
(EBGM) of the posterior distribution in lieu of the ob-
served/expected ratio. Conventionally, a lower bound of the
90% 2-sided EBGM CI >2, denoted as EB0S, is used as a
signaling threshold."!? In this study, we consider this cutoff
as strict and a threshold of EBOS >1 with EBGM 2>1.5 as
moderate.!

The TBSS signal detection method' requires ADEs to be
classified as a tree-structure, where related diagnoses are
closer together. The MLCCS scheme, used to categorize
ICD-9 codes in 4 levels of granularity, provides this hierarch-
ical structure. The TBSS simultaneously evaluates whether a
group of closely related diagnoses (branch) has a higher than
expected risk for the exposed population. The method ad-
justs for multiple testing due to overlapping diagnoses in the
various evaluated branches. Inference is made with Monte-
Carlo hypothesis testing. We used the unconditional Bernoulli

Table 1. Patient characteristics before and after propensity score matching.
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TBSS, which is the recommended statistic for treatment com-
parisons among matched cohorts."”> A P-value of <.05 with a
relative risk (RR) >2 was considered as strict signal, whereas
a P < .05 and an RR <2 as moderate.

Data management and analysis were conducted using SAS
9.4 (SAS Institute Inc., Cary, NC). For TBSS analysis the Tree
Scan Software v1.4 (https://www.treescan.org) was used.'
The Institutional Review Board at the University of Texas
Medical Branch approved this study.

Results

A total of 12 133 patients (9722 in SEER-Medicare and 2411
in TCR-Medicare) met the selection criteria at time of diag-
nosis (Supplementary Figs. S1 and S2). During the 6 months
follow-up period, 6661 of total patients satisfied the con-
tinuous enrollment criterion. Of those, 5213 received chemo-
therapy only (HER2- patients) and 1448 received trastuzumab
as an adjuvant therapy (HER2+ patients). The mean age at
diagnosis was 73 years old. The 2 cohorts differed in race,

Variables Before matching After matching
HER2+ HER2- Absolute P-value HER2+ HER2- Absolute P-value
(N =1448) (N =5213) SMD (N=1397) (N =2794) SMD+
Mean (SD) Mean (SD)
Age at diagnosis 73.2 (6.0) 73.2 (6.1) .0004 .99 73.1(5.9) 73.1(5.9) 0.0169 .855
Count (%) Count (%)
Race
White 1248 (86.2) 4490 (86.1) 1371 <.001" 1241 (88.8) 2492 (89.2) 0.0044 .895
Black 107 (7.4) 507 (9.7) 102 (7.3) 193 (6.9)
Other 93 (6.4) 216 (4.2) 54 (3.9) 109 (3.9)
Radiation
Yes 569 (39.3) 2340 (44.9) 1226 <.001" 562 (40.2) 1154 (41.3) 0.0052 547
No 782 (54.0) 2542 (48.8) 741 (53.0) 1474 (52.8)
Unknown 97 (6.7) 331 (6.3) 94 (6.7) 166 (5.9)
Surgery
Yes 1246 (86.1) 4563 (87.5) .0595 157 1208 (86.5) 2431 (87.0) 0.0293 .860
No 5191 (>13.2) 650 (12.5) >178 (>12.7) 352 (12.6)
Unknown <11 (<0.8) 28 (.5) <11 (<0.8) 11 (0.4)
Charlson
Comorbidity Index
0 817 (56.4) 2826 (54.2) .0457 307 791 (56.6) 1614 (57.8) 0.0718 572
1 348 (24.0) 1288 (24.7) 334 (2 ) 664 (23.8)
2 138 (9.5) 575 (11.0) 133 (9. 274 (9.8)
>3 145 (10.0) 524 (1.1) 139 (10 0) 242 (8.7)
Diabetes
Yes 352 (24.3) 1397 (26.8) .0571 .056 336 (24.1) 653 (23.4) 0.0189 .625
No 1096 (75.7) 3816 (73.2) 1061 (75.9) 2141 (76.6)
Stage at diagnosis
In situ/localized 704 (48.6) 2432 (46.6) .0896 .018" 681 (48.8) 1393 (49.9) 0.0440 .820
Regional 531 (36.7) 2120 (4.7) 518 (37.1) 1025 (36.7)
Distant 199 (13.7) 621 (11.9) 187 (13.4) 359 (12.9)
Unstaged 14 (1.0) 0(0.8) 11 (0.8) 17 (0.6)

"Accepted significance level: P < .05.
SMD: standardized mean difference.
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Table 2. Continued

MLCCS

Encounter level

Subject level

Diagnosis

Tree-scan RR

EBGM

= PRR

Tree-scan RR N HER2+ N HER2 N

EBGM

= PRR

N HER2 N

N HER2+

1.18
1.18
1.20
1.61
1.62

663
848
522
44

430

Other connective tissue disease

13.8
16

547
347

1.18

582

377

Injury and poisoning

Complications

16.10

2.14
2.10

52
48

1.60
1.60

43 2.18
2.14

50
47

Poisoning

16.11

41

41

Poisoning by other medications and drugs

16.11.2
17

Symptoms; signs; and ill-defined condi-
tions and factors influencing health status

1.28

1.17

215

161

Nausea and vomiting

17.1.6

Pink shading indicates strict-level signal. Yellow shading indicates moderate-level signal. Centered dot (.) indicates no signal detected.

Abbreviations: EBGM, Empiric Bayes Geometric Mean; MLCCS, Multi-level Clinical Classification System; PRR, Proportional Reporting Ratio; Tree-scan RR, relative risk estimated by TBSS.
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receipt of radiation therapy, and cancer stage at diagnosis
(Table 1). Using propensity score matching, 1397 (96.5%) of
the HER2+ patients were matched to 2794 HER2— women
consisting the exposed and unexposed groups, respectively.
The 2 groups were balanced in demographic and treatment
characteristics when evaluated with the absolute standard-
ized mean difference (Table 1). In accordance with SEER-
Medicare policies, all cells with a value <11 and cells that
allow such values to be derived are either suppressed or in-
directly reported.

Subject-Level Approach

At 6 months, we detected a total of 22 signals, across all methods
and signaling thresholds (Table 2). Six of the 16 PRR and 3 out
of 16 TBSS signals met the stricter threshold. PRR and TBSS
signals were identified across 5 and 4 body systems respect-
ively, of which only the circulatory system and poisoning were
common. Heart-related signals were the only ones exceeding
the stricter threshold. All 6 GPS signals were detected at the
moderate signaling threshold and restricted to the circulatory
system. The majority of identified signals, indicating higher
than expected risk in the group that received trastuzumab, are
known ADEs.'*"” Others, such as poisoning, acquired deform-
ities or adjustment disorders are likely false positives.

Encounter-Level Approach

A total of 27 signals were detected by either method involving
9 body systems (Table 2). Similarly to the subject-level ap-
proach, none of the 9 GPS signals met the strict criterion. The
15 PRR and 23 TBSS signals spanned across multiple body
systems, with considerable agreement between them (Fig. 1),
particularly for the circulatory, poisoning and musculoskel-
etal systems. Cardiomyopathy and heart disease, heart valve
disorder and infective arthritis were the only signals detected
at the strict threshold.

Overall, there were no substantial differences in the body
systems and conditions signaled by either the subject or the
encounter-level approach. Results remained similar when we
employed a different definition for encounter (Supplementary
Table S4). The use of a propensity score matched cohort sub-
stantially reduced the number of spurious false-positive sig-
nals detected (Supplementary Table SS5).

Signal strengths varied depending on method and approach.
For instance, cardiomyopathy signals ranged from 1.7 to 4.4
for the HER2+ group whereas mitral valve disorders ranged
from 1.7 to 3.8.

Discussion

In oncology, co-administration of systemic and targeted ther-
apies and patients’ underlying health conditions can compli-
cate the timely identification and accurate reporting of ADEs.
Administrative claims data can complement the current
pharmacovigilance practice by addressing fundamental limi-
tations, such as underreporting, lack of proper control group
or “real-world” circumstances. In this study, we used DMAs
to identify toxicities associated with trastuzumab using
Medicare claims data. The choice of the most suitable method
and approach depends largely on study purpose and potential
ADE severity (Supplementary Appendix). Overall, our tech-
niques detected known side effects such as cardiotoxicity, but
also identified diagnoses which have not been previously as-
sociated, such as valve disorders or duodenal ulcers.
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Figure 1. Number of detected signals at the moderate signaling threshold at (A) subject-level approach, (B) encounter-level approach.

Cardiotoxicity is a well-established ADE in patients who
receive trastuzumab that more commonly manifests as car-
diomyopathy.'?*2! In this study, heart-related toxicity
was detected by all methods and approaches, albeit not
always at the stricter signaling threshold. Heart valve dis-
orders, particularly mitral, were also consistently signaled.
Reports of mitral valve regurgitation potentially attributed
to trastuzumab ar??e scarce, and no prior clinical trial has
established any such association.?*** To our knowledge, no
population-level study has examined whether trastuzumab
increases the risk for valve disease, particularly in elderly
patients. Instead, valvular disease in patients with breast
cancer has been reported as an adverse effect of radiation
therapy.?® In our study however, the percent of patients
that received radiation therapy was similar between the 2
matched groups and therefore cannot justify the detected
signal in the trastuzumab group. Further study is needed to
evaluate whether this finding is a true ADE of trastuzumab
or a reflection of increased cardiac monitoring in the exposed
group; regardless, clinicians should screen for and monitor
the presence of valvular heart disease in patients receiving
trastuzumab, as it can increase the risk for cardiotoxicity in
this population.??

Several signals were detected in 8 body systems other than
the circulatory. The majority of those signals are known ADEs
of trastuzumab; anemia, gastrointestinal disorders, arthralgia,
infections, or electrolyte disorders have been reported after
prolonged trastuzumab use.'®'®! Otitis media has not been
reported previously as an ADE of trastuzumab, it could, how-
ever, occur as a complication of other respiratory infections
that are known to increase with this drug. Similarly, low tol-
erability to bacterial infections could exacerbate duodenal
ulcer; duodenal ulcer had a low incidence rate (<1%) in
this cohort, which would explain why it may have not been
detected during clinical trials. Because targeted therapy is
more likely than conventional chemotherapy to cause acute,
non-specific, immune reactions,?® complications such as ul-
cers or otitis media, while rare, are likely to be associated with
trastuzumab. It is important that clinicians are aware of this
safety risk to promote timely recognition and intervention.

Some well-established adverse events of trastuzumab, such
as infusion reactions or fatigue, were not detected; this is ex-
pected however, as the comparator group received chemo-
therapy which is likely to present with similar reactions. The
signals detected in this study therefore represent “excess”
adverse events in addition to any chemotherapy toxicity.

We also consistently detected signals for poisoning by other
medications in the exposed group. This is unlikely to be as-
sociated with trastuzumab; it is unclear whether this group
of ICD-9 codes “captures” true adverse events only or also
includes cases of medication misuse. Overall, use of common
data mining methods in administrative data resulted in few
false-positive signals, while detecting all commonly antici-
pated adverse events.

There are several limitations in this study due to the nature
of claims data, where billing errors or discrepancies cannot
be accounted for; the same disease may be coded differently
among providers. In addition, the use of MLCCS to classify
related diagnoses may not be the most appropriate for this
study. The sample size may have been inadequate for some
rare ADEs to be detected.

In contrast to previous studies, we did not limit our analysis
to one diagnosis per subject, since some of the trastuzumab-
induced ADEs may manifest after a longer period, preceded
by other acute events. Further, we did not pre-specify a set
of ADEs, but allowed any possible event to be evaluated. In
addition, we used propensity score matching to reduce the
impact of potential confounding in detected signals. Wang
et al have shown through simulations that the performance
of propensity score matching with TBSS is comparable to
that of full confounding adjustment."”> Compared with typ-
ical pharmacovigilance studies, the use of “real-world” lon-
gitudinal data with propensity score matching is the major
strength of our study.

Conclusion

Pharmacotherapy in oncology is continuously evolving with
the production of new therapeutic drugs that act on specific
molecular targets; expansion of current monitoring systems
is of paramount importance to improve understanding of
new toxicity profiles. In this study, we showed that longitu-
dinal claims data can detect known ADE signals in patients
with breast cancer with few or no false positives and could
therefore complement and expand current drug surveillance
systems. We detected previously unreported signals of heart
valve disorders associated with use of trastuzumab, as well
as rare cases of otitis media and duodenal ulcers, that require
confirmation in future epidemiologic studies. Signal detection
of ADEs is the first, yet fundamental, step in post-marketing
drug surveillance; clinical review, and further epidemiologic
study are warranted.
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