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Abstract
Background—The Health Improvement Network (THIN) database is a primary care electronic
medical record database in the United Kingdom designed for pharmacoepidemiologic research.
Matching on practice and calendar year is often used to account for secular trends in time and
differences across practices. However, little is known about the consistency within practices across
observation years and among practices within a given year, in THIN or other large medical record
databases.

Methods—We analyzed mortality rates, cancer incidence rates, prescribing rates, and encounter
rates across 415 practices from 2000 to 2007 using a practice-year as the unit of observation in
separate random and fixed effects longitudinal Poisson regression models. Adjusted models
accounted for aggregate practice-level characteristics (smoking, obesity, age, and Vision software
experience).

Results—In adjusted models, subsequent calendar years were associated with lower reported
mortality rates, increasing cancer reporting rates, increasing prescriptions per patient, and
decreasing encounters per patient, with a corresponding linear trend (p<0.001 for all analyses). For
calendar year 2007, the ratio of the 75th percentile to the 25th percentile for crude rate of cancer,
mortality, prescriptions, and encounters was 1.63, 1.63, 1.45, and 1.42, respectively. Adjusting for
practice characteristics reduced the among-practice variation by approximately 40%.

Conclusions—THIN data are characterized by secular trends and among-practice variation,
both of which should be considered in the design of pharmacoepidemiology studies. Whether
these are trends in data quality or true secular trends could not be definitively differentiated.
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Introduction
Medical record databases provide a valuable resource to conduct pharmacoepidemiology
studies.1,2 These resources provide large sample sizes, are relatively inexpensive to use, and
results are often widely generalizable. The Health Improvement Network (THIN) database
is a primary care electronic medical record database in the United Kingdom designed to be
used for pharmacoepidemiologic research.3,4

Prior to large-scale use of a data set for research, it is important to assess the quality of the
data. Quality in electronic medical record and administrative databases can be
conceptualized in terms of the accuracy of the recorded diagnoses and prescriptions (the
positive predictive value), completeness of the recorded data (sensitivity),
comprehensiveness (what is and is not included), and consistency (whether all data are of
the same quality). We and others have previously documented the accuracy of recorded
diagnoses for a variety of conditions within THIN.5–8 We and others have also examined
their completeness by comparing recorded rates of death and cancer to that expected based
on registry data.9–11 We have previously demonstrated evidence of consistency of the data
by documenting near identical results of epidemiologic analyses of common disease-disease
and drug-disease associations across two different categories of THIN practices, those that
had previously participated in EPIC’s version of the General Practice Database (GPRD ) and
those that had not.12

Because of concerns regarding temporal trends and variability among practices from both
practice demographics and practitioner recording of medical events, many investigators
using electronic health records such as THIN elect to adjust or match on calendar year and
practice.11,13,14 Alternative approaches which have been used to account for practice
variation include random effect models and robust standard errors.15 However, there are
limited data to inform investigators planning studies within THIN about the magnitude of
variation in rates of common outcomes across practices and time. In this study, we further
assessed the degree of temporal and among-practice variation in reporting of mortality rates,
cancer incidence rates, prescribing patterns, and general practitioner (GP) encounters.

Methods
Data Source

The THIN database used in this analysis contains data on over 7.5 million patients from over
415 GP offices. The practices participating in THIN receive training on entering quality data
and feedback reports. THIN practices use the InPractice Systems Vision software from
which THIN generates four types of data files that are available to researchers: patient (with
demographic information), therapy (all prescriptions from the GP), medical (signs,
symptoms, diagnoses, and procedures), and additional health data (preventative medicine,
smoking status, physical examination findings, and laboratory results). Additionally,
information on the practices includes the year when the practice started using Vision and the
year when the practice reached an acceptable mortality reporting (AMR: a quality indicator
for person-time that defines the earliest period of optimal mortality reporting for each
practice, developed by the administrators of THIN).10

Cohort Selection Criteria
All patients receiving care from a THIN GP during the period from January 1, 2000 to
December 31, 2008 were potentially eligible for inclusion in the study. Patients were
excluded if their registration status was something other than an acceptable record (e.g., not
permanently registered; out of sequence year of birth or registration date; missing or invalid
transfer out date; not male or female).
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The start of follow-up for each patient for the mortality, prescription, and encounter analyses
was the later of the date of registration of the patient with the practice or January 1, 2000. In
the cancer analysis, to avoid categorizing prevalent cancers as incident, we used a start of
follow-up date as the later of one year after the registration of the patient with the practice or
January 1, 2000. The rationale for this modification in the cancer analysis is that within the
GPRD , a similar database, reported cancer incidence rates are highest in the first three
months after registration and these rates decline to baseline over the first year of patient
specific follow-up.16

Outcome Definitions
We computed practice-specific rates of mortality and cancer for each study year. The
denominator for these rates was a count of all patients with active registration time at the
practice-year of observation. We did not require patients to have been enrolled for the full
year since this would have prevented our analysis of death. Mortality was defined using: 1)
the death date in the patient demographic file with a registration status of death, 2) the
transfer out date if the patient was known to have died according to registration status but
was missing a specific death date and had no records 90 days after the transfer out date, or 3)
the date of a Read diagnostic code indicating death with no records 90 days after death
diagnosis. Incident cancer was identified as the first occurrence of any Read code selected to
be consistent with the diagnoses found in the UK cancer registry, specifically the cancer
codes and cancer morphology codes excluding non-melanoma skin cancer.9

For each year, we also computed practice-specific prescribing and encounter rates. A
practice’s average number of prescriptions per patient per year was defined as the number of
total prescriptions prescribed (new authorizations or refill authorizations) for the patients for
a given practice divided by the number of patients registered with the practice in a given
study year. A practice’s average number of medical encounters per patient per year was
defined as the sum across all patients in a practice of the number of days any patient had a
clinical encounter divided by the number of patients registered with the practice in a given
study year. A clinical encounter was defined, similar to analysis of consultation rates
conducted by the Information Centre,17 as an entry in the medical file or an entry in the
additional health data file consistent with a location code of being seen by a practitioner (GP
or practice nurse). Code lists are available upon request.

Statistical Methods
The unit of analysis was a practice-year, defined as the data from one practice over one
calendar year. We excluded practice-year observations if the practice did not have 2 prior
years of post-Vision software implementation, the practice had not reached acceptable
mortality reporting, the practice contributed only one practice-year of observation, or the
practice stopped contributing data. A sensitivity analysis included the practice-years that
were excluded from the primary analysis.

Separate statistical analyses were conducted for each outcome: incidence rate of mortality,
incidence rate of cancer, average number of prescriptions per patient, and average number of
encounters per patient. Variability of rates across practice and calendar year were evaluated
with longitudinal Poisson regression adjusted for clustering by practice with either random
or fixed effects models,18,19 depending on the purpose of the analysis. Random effects
models used only random intercept. For most analyses, calendar year was treated as a
categorical fixed effect variable. We compared this model to the model with a fixed effects
linear trend for calendar year to assess presence of curvilinear trends for calendar year. For
analyses of change in rates across years, practice was treated as a fixed effect to control for
potential confounding of the calendar year-outcome relationship by practice.18 Accordingly,
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the overall test of significance for the hypothesis of among-practice variability was derived
from a test of the variance component of the random effect for practice model with a chi-
square test with ½ degree of freedom. Under the random effects model, the empirical Bayes
estimates of the practice effects are interpreted relative to the reference practice, which was
selected as the practice with a crude rate equal to the mean crude rate among all of the
practices for all study years (2000–2008). For a descriptive evaluation of practice variation,
we also estimated the magnitude of among-practice variation by examining the ratio of the
75th percentile to the 25th percentile practice for each outcome in each year.

Although unadjusted analyses addressed our primary aims to determine variability over time
and among practices, adjusted analyses were used to assess what proportion of the among-
practice variability was explained by selected covariates that describe practice
characteristics. The reduction in the variance component for the practice random effect due
to the inclusion of practice-level covariates related to outcome was used to estimate the
degree of reduction in variance among practices that resulted from accounting for practice
level covariates. Potential covariates as a proxy for burden of disease in each practice-year
of observation included average age of the practice’s patients, proportion of the practice’s
patients that are female, proportion of newly registered patients, Townsend social
deprivation score, proportion of the practice’s patients documented to be smokers, and the
proportion of the patients with a BMI greater than 30. We also examined covariates that
likely reflect the practice’s recording patterns (proportion of the practice’s patients with
documented smoking status and the proportion of patients with a BMI recorded). We also
included interaction terms for smoking status (proportion of current smokers) and for BMI
status (BMI greater than 30). The interaction term allows for differential effect of the
proportion of patients who smoke or are obese in practices with high and low rates of
recording smoking and weight, respectively. We also adjusted for years of Vision
experience as a proxy for GP practice experience with the information system. We examined
the effect on the variance estimate of including each confounder variable separately and of
including all potential confounders simultaneously to capture any joint confounding that was
not appreciated when only a single variable was included.

Because there was little variation in the practice-specific proportion of female sex across
years or among the practices, this variable was not included in the adjusted models. All other
potential covariates were treated as fixed effects and included in the final model. Under the
models we fitted, this approach may have included covariates not related to the factor of
interest (e.g., year or practice) and thus did not satisfy the definition of a confounder.

All statistical tests were performed in STATA 11. The protocol was approved by the
Institutional Review Board of the University of Pennsylvania.

Results
There were 8,708,499 patients in the THIN database, from which we excluded 1,147,987
patients because the quality of their registration status did not meet the criteria for this study.
We began with 464 practices over a 9-year period from 2000 to 2009, for a total of 4,176
practice-years. We excluded observations if the practice did not have 2 years of Vision
experience (1137 practice-years), had not reached their acceptable mortality reporting date
(22 practice-years), stopped contributing data (70 practice-years), or if the practice
contributed only one practice-year of observation (10 practice-years). Thus, in the primary
analysis, we had 2,937 practice-year observations in 431 practices, with a median of 8
practice-years per practice. The median follow-up time for an individual patient in the study
period from 2000–2009 is 5.2 years (interquartile range 2–9 years).
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Relation of calendar year to mortality, cancer, encounter, and prescription rates
The number of deaths per practice per year ranged from 2 to 287, number of cancers per
practice per year from 0 to 141, average number of prescriptions per patient per year from 3
to 31, and average number of encounters per patient per year from 0.3 to 12. In the
unadjusted models, calendar year treated as a fixed effect categorical variable was associated
with lower reported mortality rates (p-value for linear trend: p<0.001), increasing cancer-
reporting rates (p-value for linear trend: p<0.001), increasing prescription rates (p-value for
linear trend: p<0.001), and increasing visit rates (p-value for linear trend: p<0.001) (Table 1
and Figure 1). We fit a model with an indicator variable for years prior to 2005 vs. 2005 and
later which yielded significant associations for mortality (IRR 0.93, 95% CI 0.92, 0.94) and
cancer (IRR 1.09, 95% CI 1.08, 1.11). Visually inspecting the data for mortality and cancer
incidence, it appears that the greatest changes happened in the period between 2003 and
2006. In contrast, there was a strong linear trend between rate and year in prescribing and
encounters across the entire study period with correlation coefficients of 0.99 and 0.97,
respectively.

Among-practice variability in mortality, cancer, encounter, and prescription rates
Among-practice variability was assessed with the variance component of the random
intercept for practice, with covariates and year treated as categorical, testing the hypothesis
that the variance component was greater than zero. For all outcomes, the variability was
greater than zero in unadjusted models (p<0.001). Adjusting for all specified practice-level
covariates improved model fit relative to the same random intercept model but without the
practice-level covariates, based on the likelihood ratio test (p<0.001). Age of the patients in
the practice was the strongest confounder (Table 2). Adjusting for all practice-level
covariates reduced the variance component for practice by more than 40% for both mortality
and cancer and approximately by 25% for prescriptions, suggesting that some of the among-
practice variability could be accounted for by the non-calendar year covariates (Table 2).
There was little change in the variance component for practice with encounter as the
outcome whether we included only age or all specified covariates (Table 2). In an additional
model including only practices with data on the Townsend score, this covariate did not
appear to influence among-practice variability (Table 2).

To further describe the different outcomes with respect to the variance among practices, we
examined the ratio of the 75th percentile practice to the 25th percentile practice for each
outcome. For calendar year 2007, the ratio of the 75th percentile to the 25th percentile for
crude rate of mortality, cancer, prescriptions, and encounters was 1.63, 1.63, 1.45, and 1.42,
respectively. Thus, practices at the 75th percentile practice had 63 percent higher rates of
mortality and cancer, and over 40% higher rates of prescribing and patient encounters than
the 25th percentile practice. Figure 1 demonstrates that the interquartile range for each
outcome is stable over the study period, confirming the finding that the variance among
practices as measured by variance component (Table 2) did not change appreciably during
the study period.

The overall fit of models treating practice as a random effect to the models with practice
treated as a fixed effect was not different for any of the outcomes (p=1.00). Given that
treating practice as a fixed effect controls for all practice-level unmeasured confounders
whereas treating practice as random does not,18 the lack of any difference in model fit
between these two models suggests that there is little unmeasured practice-level
confounding for the associations that we studied.
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The sensitivity analysis includes all practice-year observations following Vision conversion
with no exclusion for AMR date. The results were unchanged from the primary analysis
(data not shown).

Discussion
We found subsequent calendar years were associated with lower reported mortality rates,
increasing cancer reporting rates, increasing prescriptions per patient, and increasing
encounters per patient. Our findings also demonstrated evidence of among-practice
variability within a given calendar year for the same measures, and that some of our
observed practice-level covariates may contribute to the variability among practices. In a
sensitivity analysis, inclusion of practice-year observations from before the practice reached
their AMR and practice-year observations with less than 2 years of Vision experience did
not appreciably alter the results. The implication of these results is that, when using THIN
data, investigators may need to consider secular trends and among-practice variability in
pharmacoepidemiology analyses. While bias resulting from failure to account for among
practice variability may often be small, the among practice variability can be accounted for
through a variety of methods, such as matching or through the use of random effect models,
as presented in this paper.

We observed that the variability among practices was reduced by inclusion of covariates
describing the practice characteristics. Although not previously studied in THIN, other
investigators have observed similar findings in similar populations. For example, using the
GPRD, patient level morbidity as measured by the Johns Hopkins adjusted clinical group
case mix system explained 57% of the variation in prescribing among practices,20 30% of
the variation in referral practices,21 and 2% of the variation in home visits.22 Importantly,
even adjustment at the patient level as done in these prior studies failed to fully account for
among-practice variability. Variability in disease-specific outcomes has also been noted in a
UK study of 78 participating practices in an audit-based educational program in primary
care.23

We and other investigators have also observed secular trends for outcomes within primary
care practices. The current findings for cancer rates are similar to those of our previous
study.9 Our data on secular trends in mortality, prescribing, and encounter rates are all
generally consistent with public health data from the United Kingdom indicating declining
rates of mortality and increasing rates of prescribing and encounters over the same time
period.17,24,25 As shown before for mortality10 and cancer9 our analysis showed an observed
difference before and after 2004. Although not the specific purpose of this study, this
finding supports the generalizability of THIN data to the broader United Kingdom
population.

There are several potential limitations to this study. We did not require patients to have been
enrolled for the full year, as this would have prevented our analysis of death (i.e.,
registration ends when the patient dies). One hypothesis for the observed among-practice
variability is that practices with high turnover rates have fewer encounters per patient per
year and fewer prescriptions per patient per year. To test this, we included a variable for the
proportion of patients that were new to the practice each year. In univariate analysis,
inclusion of this variable reduced the variance component for prescriptions per year by 4.1%
and for encounters per year by 1.2%. However, adding this variable to the fully adjusted
models had relatively little effect on the variance estimate (data not shown).

As one of our primary aims was to assess among-practice variability, the unadjusted
analyses provide important insight to the magnitude of this variability. We used adjusted
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analyses to determine how much of the variability could be explained as a result of
confounding. We selected a limited number of practice characteristics for inclusion in the
adjusted models, although of course there could be other practice characteristics that were
not captured. Nonetheless, after adjusting for covariates we observed a reduction in among-
practice variability of approximately 40%, most of which was due to adjustment for mean
age of the patients in the practice. Other practice-level factors that may influence rates of
encounters and prescribing such as GP knowledge and experience and patient expectations
are not easily captured in the electronic health records of THIN, and as such were not
adjusted for.26–28 In addition, we did not examine patient level factors, such as measuring
burden of disease by examining established comorbidity indices. Rather, our intent was to
identify practice-level factors that are readily summarized across the practice-year
observations. As such, it is important to interpret the clinical implications of these data with
the appropriate cautions regarding the potential for residual confounding.

A challenge in pharmacoepidemiology research is to quantify the magnitude of among-
practice variability in a manner that is easily interpretable. To facilitate this, we calculated
the ratio of the 75th to 25th percentile observations. This metric demonstrated that there was
approximately a 30% to 60% difference among the high and low rates for these measures
which was generally stable across calendar periods for most of the outcomes we examined.
Examining trends in among-practice variability based on the estimated random effect
variance provides the same conclusion (Table 2).

We hypothesized that among-practice variation would decrease over time as practices
became more accustomed to using Vision software and benefited from ongoing clinical
quality improvement programs such as the implementation of Quality Outcomes Framework
(QoF) (NHS Information Centre. Quality and outcomes framework www.qof.ic.nhs.uk)
measures. For example, practice recording patterns may become more uniform as the GPs
familiarize themselves with the software management system, receive feedback reports, and
respond to changes in the QoF. That we did not observe these trends could be in part
attributable to our design. We limited our analysis to practices with two years of Vision
software experience to ensure that all practices had ample time to become familiar with
using the software. We also excluded practice-years prior to the practice specific AMR date.
However, neither of these is likely to have contributed substantially to these results as
including these practice-year observations in the sensitivity analysis did not appreciably
change our results.

Likewise, some of the variation among practices could reflect variable data quality. We
observed a limited number of practices having high or low rates of events under study,
denoted as outliers on the box plots in Figure 1. THIN provides research files for researchers
to develop suitable practice level criteria to select only practices with the most complete data
on selected variables of interest. Presumably, matching on practice minimizes some of the
bias that could result from variable data quality, although there was little evidence of such
bias, as we did not observe improved model fit with inclusion of practice as a fixed effect
for any of our outcomes, which controls for such bias at the practice level.

Another potential limitation to our study is that coding schemes change over time.29 This
could affect the analysis of changes over time. This would not be expected to affect the
analysis of among-practice variability as these changes would affect all practices.

Although size is a major strength of studies in THIN and other large databases, it also is a
potential limitation for interpreting test results. Because of the large size of the data, some of
our observations could be statistically significant, while not being clinically significant. For
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example, we observe significant variation among practices, yet as noted above, adjustment
for practice did not improve the model fit at least for the outcomes we examined.

To what extent these results extrapolate to other primary care databases, including those
inside and outside of the United Kingdom, or to administrative claims data is unknown.
Similarly, whether these data are generalizable to cohorts with specific diseases or exposures
remains to be determined. Additional study of other primary care databases and other
outcomes will be important to ensure consistency across practices and calendar time.

In conclusion, THIN data are characterized by significant secular trends and among-practice
variation that should be considered in the design of pharmacoepidemiology studies. Empiric
data documenting the impact of matching on practice and/or calendar year or implementing
different statistical methods to account for this would be useful since there are often studies
where matching results in considerable logistic challenges or reduction in sample size. Until
such data are available, matching and/or adjusting for practice and calendar time remains a
prudent approach in pharmacoepidemiology studies.
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Key Points

THIN is one of several electronic medical record databases from general practices
within the United Kingdom that use Vision software. These databases are widely
employed in pharmacoepidemiology research.

Within the THIN practices, there have been significant increases in rates of cancer,
prescriptions per patient and encounters per patient over the last decade. During the
same time period, there were significant declines in mortality rates.

There is significant variability among practices within THIN in terms of mortality,
cancer, medication prescribing, and encounter rates of which 40% or less is
explained by practice level covariates such as recording of body mass index and
smoking and the proportion of patients in a practice with obesity and who are
smokers.
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Figure 1.
Practice variability in mortality, cancer, prescribing, and encounter rates over the study
period.
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Table 1

Temporal trends for mortality, cancer, prescriptions, and encounter rates

Unadjusted Analysis

Incident rate ratio

Mortality Cancer Prescriptions Encounters

2000 Reference Reference Reference Reference

2001 0.97 (0.95, 1.00) 1.09 (1.05, 1.13) 1.07 (1.05, 1.10) 1.04 (1.01, 1.08)

2002 0.97 (0.95, 0.99) 1.08 (1.05, 1.12) 1.13 (1.11, 1.16) 1.09 (1.05, 1.12)

2003 0.97 (0.95, 0.99) 1.12 (1.08, 1.16) 1.20 (1.18, 1.23) 1.14 (1.10, 1.18)

2004 0.93 (0.91, 0.95) 1.23 (1.19, 1.27) 1.27 (1.25, 1.30) 1.20 (1.16, 1.24)

2005 0.91 (0.89, 0.93) 1.21 (1.16, 1.25) 1.33 (1.31, 1.36) 1.26 (1.22, 1.30)

2006 0.89 (0.87, 0.90) 1.23 (1.19, 1.27) 1.39 (1.36, 1.42) 1.32 (1.28, 1.36)

2007 0.88 (0.86, 0.90) 1.25 (1.21, 1.29) 1.46 (1.43, 1.49) 1.48 (1.43, 1.52)

2008 0.89 (0.88, 0.91) 1.25 (1.21, 1.29) 1.53 (1.50, 1.57) 1.61 (1.56, 1.66)
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