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Abstract
Background: Safety surveillance relies on mining of large pharmacovigilance (PV) databases to generate insights regarding the safe
use of pharmaceutical products. The predominant approach to PV data mining involves computation of disproportionality scores
for drug–adverse event (drug-AE) pairs. However, this approach requires a database to be sufficiently large, sufficiently diverse for
the analysis to be reliably sensitive and specific, and fails to consider the particular safety profile of a product. Objective: The
present study proposes and tests a novel, frequency-based approach to PV data mining that (1) leverages product knowledge and
historical drug-AE trends and (2) imposes no requirement for the size and diversity of the database to which it is applied.Method:
A focus group of physicians and scientists was convened to identify quantitative characteristics of data trends that they consider
informative when reviewing counts of adverse events for products under surveillance. Feedback was transferred into a series of
decision rules that, when applied to adverse event counts, identifies adverse event trends that are classified as Continuing Trend,
Emerging Trend, or No Trend. Regression analyses are completed to verify the presence of a linear trend; and categorical
measures of association completed to compare this frequency-based approach to disproportionality scores in a simulated
database. Results: A significant, positive linear trend is present for the Continuing Trend and Emerging Trend categories
(P < .0001). There is a significant association between trend categorizations and disproportionality scores (P < .0001). Conclusion:
The proposed alternative frequency-based method for PV data mining would be useful where disproportionalities scores are not
appropriate. Additionally, this method may be useful in conjunction with disproportionality scores, where appropriate, high-
lighting adverse events that are both reported disproportionately and have increasing trends.
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Introduction

Data mining of longitudinal databases is an analytical task com-

mon to disciplines as diverse as public health; engineering; and

the biological, political, and social sciences.1 Within the field of

pharmacovigilance (PV), mining of spontaneously reported

adverse event databases is a key source of on-market information

regarding the safety of medicinal products.2 Databases with con-

tinually accumulating adverse event information are maintained

bypharmaceutical companies and regulatory authorities globally.

These databases serve as valuable resources to ensure public

health; however, the volume of information contained therein can

make meaningful use of these data challenging.3 As a result,

methods for mining these databases have been a topic of regula-

tory, academic, and industry research for over 20 years.4-6

The most common approach to mining PV databases is the

use of disproportionality measures.6,7 Disproportionality mea-

sures refer to a group of statistical methods that compare the

proportion of occurrences of a target adverse event for a given

drug (foreground) to the proportion of occurrences of the same

adverse event for all other drugs in the database (background).

In effect, the background proportion serves as the “expected

value” against which the foreground proportion is compared.

The computational specifics for disproportionality measures,

such as PRR, EBGM, ROR, etc. have been described in numer-

ous publications.8-10 If the foreground is substantially greater

than the expected, background, proportion, the disproportion-

ality measure is substantially greater than, 1.0 indicating dis-

proportionate reporting for the drug-AE pair. Whether the

disproportionality is considered a potential safety concern

requiring further investigation depends upon the medical and
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safety expertise being applied to the review of the data and the

a priori threshold for determining if a disproportionality value

is extreme enough to be considered a signal of disproportionate

reporting (SDR).

A major concern regarding disproportionality measures is the

appropriateness of the comparison of the foreground proportion

to the background proportion. One needs to consider if the drug-

AE in the foreground is reasonable to compare to the back-

ground drugs and adverse events. It is generally believed that

disproportionality measures are acceptable data mining analyses

if the database is suitably large and suitably diverse.8,9 If so, the

background proportion can be considered an estimate of the

occurrence of this AE in the general population, and therefore

the foreground is a comparison to an estimate of the proportion

experiencing an AE in the general population. This requirement

for size and diversity may be met with large regulatory data-

bases, such as FDA FAERS orWHO VigiBase, but it is unlikely

to be met with data contained in a company-owned, proprietary,

safety database. A company-owned database likely contains data

for a limited number of products intended to treat patients from a

limited subset of therapeutic areas, which can cause dispropor-

tionality measures to produce unpredictable results (J. D. Joki-

nen and M. Henderson, unpublished data, 2016). For example, a

consumer product safety database might contain a large amount

of safety data for an over-the-counter pain medication, but the

background in this database might be composed of allergy med-

ications, cosmetics, or topical sunscreens. The potential SDR for

the pain reliever is dependent upon sunscreen safety reports and

allergies and, more generally, dependent upon seasonal fluctua-

tions in reporting of these background products and events. In

these databases, one needs to carefully consider whether it is

reasonable to compare foreground to background using dispro-

portionality measures.

The present study proposes a data mining algorithm that is

not dependent upon this foreground-to-background compari-

son. The approach results in an algorithm based on the fre-

quency of reports over time and leverages insights from the

medical and scientific subject matter experts (SMEs). In this

frequency-based approach, the comparison is not foreground to

background proportion, but rather the count of adverse events

for a product in the current time period relative to previous time

periods. A focus group of medical and scientific safety experts

were convened to identify quantitative characteristics that are

of potential clinical significance when reviewing safety data.

The decision was made to focus on quantitative aspects, for

example, changes in the frequency of adverse event reports, as

opposed to qualitative aspects, such as adverse event serious-

ness or source of adverse event report. Some authors have

suggested that quantitative and qualitative aspects play com-

plementary roles in safety surveillance.11 Therefore, we

approached these topics independently in order to provide flex-

ibility in combining quantitative and qualitative aspects across

the entire surveillance ecosystem in the future.

The following describes our approach to build a judgment-

based algorithmic approach, a sieve analysis, against which

data from a spontaneous report database are evaluated.

Research exists demonstrating the value of statistical

approaches that prioritize potential signals for further evalua-

tion of medical SMEs.12,13 Our approach is to extend this think-

ing by making the prioritization criteria the analysis itself, by

translating SME judgment into a series of filters, which results

in a hierarchy of data for review. This analysis is similar to the

geological practice of applying sieves to separate finer and

finer layers of rock and soil.14 The process, criteria for prior-

itization, and results when applied to a simulated subset of data

are reviewed. Finally, the correspondence between this

approach and proportional reporting ratios (PRRs), a standard

disproportionality approach, is examined.

Method

Gather SME Input

Safety physicians and scientists for a major pharmaceutical

company were engaged in a focus group regarding data they

review periodically to ensure patient safety. The focus group

was conducted by a doctoral-level psychologist with experi-

ence conducting qualitative data-collection interviews. The

intention of the focus group is to identify characteristics within

data that are significant to this group of SMEs and may poten-

tially indicate a safety signal. Feedback was recorded as ver-

batim text, common themes were identified and summarized.

For example, SMEs routinely removed from consideration any

adverse events that have 0 reports for the current period of

evaluation. This may seem self-evident, but it is not uncommon

for a disproportionality analysis to flag for further review

adverse events with no new information for the current evalua-

tion period. Additionally, SMEs regard adverse events in the

current period of evaluation as more informative or interesting

if the number of events for the current quarter is large relative

to the cumulative number of reports for a given adverse event.

That is, the current data represent a large proportion of all data

in the database for a given adverse event. Finally, if this report-

ing period included data for an adverse event that had not been

reviewed previously, that adverse event would be interesting to

review. From this discussion, the filters for the sieve analysis

were developed and programmed to sort data into a series of

priority levels. The filters were chosen such that the criteria are

increasingly restrictive and only the most significant “must

see” data flow to the far end of the sieve requiring priority

review. For example, the requirement that there be at least one

report in this reporting period is least restrictive, and many PTs

meet this requirement, but the first time a PT has been observed

for this drug is most restrictive, very few PTs meet this require-

ment, and it results in the highest priority.

Transferring SME Input to Data Filters—Sieve Analysis

Feedback from SMEs was translated by data scientists into a

sequence of data filters. The data filters are specifically

designed to (1) closely approximate the verbal descriptors
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provided by the SMEs and (2) be ordered relative to the

“importance” or “informativeness” of the data to the SMEs.

In the present example, as data proceed from the top filters

(Priority 7) to the bottom of the sieve (Priority 1), the drug-

AE pair data are more likely to be of interest to the SME

reviewers responsible for product safety as the data are more

likely to represent an upward trend. Priority is assigned to the

data according to the number of filters in the sieve that data

points flow through. Figure 1 shows the resulting sieve to be

applied to the adverse event data.

The decision points in the sieve analysis cover a variety of

quantitative aspects of the data that medical SMEs have iden-

tified as being of keen interest. For example, the criterion

“NCQ >25% of the cumulative total for this drug-AE” is

intended to prioritize trends in data for drug-AE combinations

where little historical data exist. If the number of reports in this

quarter comprises more than 25% of the historical total in the

database, this is a drug-AE combination for which a substantial

proportion of the reporting has occurred in the recent time

frame and therefore receives a higher prioritization. Twenty-

five percent was selected arbitrarily based on discussion with

the SMEs regarding how they would quantify the amount of

evidence this quarter relative to the total ever collected that

would “catch their attention.” Similarly, if the current quarter

is the first time this drug-AE combination has appeared in the

data, the criterion “NCQ¼Cumulative total reports for this

drug-AE” results in a priority of 1 assigned to this pair. This

filter was assigned the highest priority as all SMEs agreed that

they would want to see the first report of an AE, even if ulti-

mately the case was considered uninformative. Additionally,

frequency analyses like those carried out in the current study

might identify trends associated with increased volume of drug

sales and patient exposure, rather than increasing drug-AE

trends. Therefore, priority filters requiring a frequency greater

than the average for the last year and greater than the maximum

for the last 4 quarters are intended to prioritize drug-AE com-

binations that are increasing relative to any underlying increas-

ing trend. The result of this analysis is fewer and fewer data

points assigned to each subsequent priority level. Additionally,

the relevance of those data points to the decision task—deter-

mination of an upward trend within the spontaneous report

database—increases.

Following calculation of the 7 possible priority scores for

each drug-AE pair for the current time period and the previous

time period, the priorities are compared and the number of

priorities simplified to aid interpretation of the results and

action to be taken by safety review teams. The result is a

3-category system. The first priority, “Continuing Trend,” con-

tains drug-AE pairs that were scored a priority 1, 2, or 3 for

both the current time period and the previous time period. In

other words, these are drug-AE pairs that had an upward trend

in the previous time period and the current one. “Emerging

Trend” is assigned to drug-adverse pairs that were priority 4,

5, 6, or 7 in the previous time period and priority 1, 2, or 3 for

the current time period. This trend is newly emerging as the

previous time period data indicated little or no trend, but the

current quarter does indicate an upward trend. All other com-

binations are indicated as “No Trend.”

Data Simulation

A random data set of counts of adverse events from a live,

spontaneous report database was extracted without adverse

event or drug names included. The data set contained 80,000

rows of 8 quarter counts of the number of reports contained in

the database, for a total of 640,000 quarter-count data points.

Bootstrap resampling of these quarter counts was used to create

a simulated database of 2 million rows of 8 quarters of data that

resemble spontaneous report data contained within the original

Figure 1. Prioritization according to the sieve analysis decision tree.
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database. Finally, 100 mock drug names and 1000 mock

adverse events were randomly assigned to the data rows.

Results

Descriptive analyses, counts and percentages, were examined

to verify that the 3 priorities resulted in a smaller number of

items for review. If the prioritization scheme failed to identify a

subset for prioritized review, the approach would not be tenable

for a surveillance program with limited resources to review

data. Table 1 summarizes the percentage of the 2 million data

rows that are categorized in each of the 3 priorities.

The prioritization reduced the number of drug-AE pairs for

review to a subset of the original. The substantial majority of all

data points are categorized as No Trend. However, additional

analyses are required to verify that linear trends are present in

the first 2 priority categories and absent in the last.

Linear regression analyses were conducted for each priority

category to examine the extent to which the categorizations

correctly identify an upward trend present in the data. For each

analysis, adverse event counts were regressed on the time

period. Because of the large number of data points, it is antici-

pated that all parameters would be statistically significant.

Examination of the parameter for the time component provides

information regarding the trend present in the data. Table 2

below summarizes the results of the regression analysis.

The greatest value for the time parameter is in the Continuing

Trend subset. For every 1-unit increase in the time parameter,

there is an average increase of 14.58 adverse events. For the No

Trend subset, the time parameter is nearly 0. For every 1-unit

increase in time, there is an average increase of 0.06 adverse

events. The Emerging Trend results are between the 2 extremes.

In order to provide additional context for this novel analytics

approach, the data were also analyzed using the typical PRR

approach. Signals of disproportionate reporting (SDR) were

identified using Evan’s criteria.15 PRR resulting in SDR were

compared to the 3 priority categories to examine the correspon-

dence between the sieve, frequency-based analysis, and

disproportionality measures for each drug-AE pair. Table 3

summarizes the percentage of data in each category.

Table 3 demonstrates a strong correspondence between the

trend categories of the sieve analysis and signals of dispropor-

tionate reporting as identified by PRR. Of the drug-AE pairs

considered Continuing Trend, 63.68% were also identified as

a signal of disproportionate reporting. Of the No Trend drug-

AE pairs, only 7.56% were identified as signals of dispropor-

tionate reporting. Results of the Cochran-Armitage trend test

are consistent with the observations of the percentage scores.

The Cochran-Armitage trend test is significant (Z ¼ 97.18,

P < .0001), indicating a statistically significant association

between the priority categories and the SDR/No SDR dispro-

portionality results.

Conclusion and Discussion

Initial development of the frequency-based sieve analysis is

promising. Results indicate that a small proportion of drug-

AE pairs in large simulated databases is prioritized for review.

Additionally, those that were prioritized demonstrated a signif-

icant, upward time trend in adverse event counts. Finally, the

results of the prioritization are positively correlated with the

results of the well-established PRR method for identifying sig-

nals of disproportionate reporting.

The sieve analysis methodology offered many additional

benefits. First, the algorithm is easily implemented with min-

imal statistical and data science knowledge. Second, the results

do not depend upon assumptions regarding the size and diver-

sity of the database being analyzed. Finally, the authors found

the process of working with medical and scientific SMEs to

generate levels of the sieve analysis promoted necessary dis-

cussions regarding outcomes and characteristics of data that

were of greatest interest. This discussion facilitated both the

initial development and future refinements to the algorithm that

are necessary for ongoing monitoring of spontaneous report

data.16 Refinements may include incorporating both quantita-

tive and qualitative algorithms, which Caster et al have argued

may improve overall signal detection.11 Inclusion of qualitative

measures may improve the positive predictive value of data

mining efforts, and this statistical/medical SME collaboration

may result in a more robust PV system overall.

This sieve analysis is a frequency-based approach to data

mining. As such, the analysis is impacted by all factors that

impact reporting frequency of adverse events to spontaneous

Table 1. Percentage of Drug–Adverse Event Pairs by Priority.

Priority Percent

Continuing trend 0.53
Emerging trend 4.81
No trend 94.66

Table 2. Summary of Linear Regression of Adverse Event Counts on
Time Period.

Priority Time Trend Parameter Value P Value

Continuing trend 14.58 <.0001
Emerging trend 0.42 <.0001
No trend 0.06 <.0001

Table 3. Percentage of Each Priority Category that are PRR SDR/
NoSDR.

Percent

Priority No SDR SDR

Continuing trend 36.32 63.68
Emerging trend 81.01 18.99
No trend 92.44 7.56
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report databases. Factors such as product sales and stimulated

reporting due to new product launches or other publicity

effects can result in upward trends in spontaneous reports of

adverse events. These upward trends might be signaled by

frequency analyses as high-priority drug-AE pairs that should

be evaluated as safety signals. It is possible that a combination

of frequency-based analyses and other methods, such as dis-

proportionality measures, could reduce false positives that

may result from stimulated reporting. Future research should

investigate the potential value of signals of disproportionality

that also show increasing trends as identified by frequency-

based methods.

Alternatives to this sieve approach, such as disproportion-

ality measures for data mining, are successfully applied but

should be interpreted with caution. Interpretation of dispropor-

tionality measures requires consideration of four major com-

ponents: the disproportionality measure itself, the threshold for

determination of a signal of disproportionate reporting, the

foreground proportion, and the background proportion. In a

form of denominator neglect, often the background is not thor-

oughly considered in the interpretation of disproportional-

ities.17 SDR could result from changes in the foreground

proportion, but could also result from changes in the back-

ground proportion. Changes in the background are not obvious

in disproportionality measures and require careful consider-

ation of the data overall. The sieve analysis approach, however,

relies only on the time course of a specific adverse event for a

given drug and not the background reporting of the adverse

event of interest for other drugs.

A reasonable criticism of the sieve approach is a criticism

common to all data mining efforts applied to spontaneous

report databases—the sieve analysis will never eliminate the

need for SME review in judgments of safety and benefit risk. It

is important to remember that frequency-based analyses, and

PV data mining in general, are statistical approaches to what is

inherently a medical question: Is there a safety issue present in

the data? Ultimately, human expertise is required to review

complex issues such as potential drug interactions or the bio-

logical plausibility of adverse events for a particular drug.

However, the sieve analysis provides a prioritization that can

triage the most critical data and allow experts to budget time

and resources accordingly.12,13

The proposed method for frequency-based data mining may

play an important role in a company’s safety surveillance eco-

system. The analyses presented above demonstrate that the

results are consistent with, but complementary to, traditional

disproportionality measures. These 2 approaches combined

may yield useful information regarding adverse events that are

being reported both disproportionately and with increasing fre-

quency. Additionally, augmenting these quantitative

approaches with a qualitative approach such as the vigiRank

approach may start to create an algorithmic approach that more

closely aligns with human judgment which integrates both the

quantitative and the qualitative aspects of a signal.11,18
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