Estimating the effectiveness of statins for the primary
prevention of cardiovascular disease in patients with severe
mental illness

Rationale for estimating the effectiveness of statins in people with SMI

People with a severe mental iliness (SMI) such as schizophrenia or bipolar disorder are more likely to
develop cardiovascular disease (CVD) and experience worse outcomes following a cardiovascular event
than the general population.l;2 CVD (including heart disease, myocardial infarction and stroke) is the
leading cause of death amongst people with SMI and drives much of the 13-30 year deficit in life-
expectancy relative to the general population.z;3

The increased risk of CVD is attributed to risk factors such as smoking, poor diet and physical inactivity
that are more prevalent among people with SMI than the general population.4 CVD risk may also be
increased by some antipsychotic agents such as clozapine, which are associated with weight gain,
increased blood lipid concentration (dyslipidaemia) and elevated risk of developing type I diabetes.>”’
Furthermore, there is evidence that physical health awareness amongst people with SMI and those caring
for them is poor, and that preventative CVD care may be undersupplied or delayed.®'® Taken together,
these findings highlight the need for improved primary prevention of CVD in individuals with SMI.

Statins lower blood cholesterol concentration by inhibiting cholesterol synthesis and promoting the
removal of low density lipoprotein cholesterol from blood. Randomised controlled trials (RCTs) have
shown statins to be cost-effective for managing dyslipidaemia and preventing CVD events in high risk
people (recently defined for the UK as >10% risk of CVD over a ten year period, but historically 20%)."*™*°
However, people with SMI are under-represented in statins trials and the effectiveness of statins may
differ relative to the general and trial populations due to increased CVD risk, lower medication adherence

and antipsychotic exposure.

Direct comparison of the SMI and statins trials populations has not been undertaken: however, the
relative risk of CVD events amongst people with SMI is approximately twice that of people without smi.t
Mental illness is generally associated with poorer medication adherence, although estimates specifically
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for statin medication are not known for individuals with SMI. Additionally, some antipsychotic agents

interact with sterol regulatory binding elements (which control lipid synthesis) resulting in increased
cholesterol concentration and may therefore counteract the cholesterol-lowering action of statins.”* >
Furthermore, several large statins trials have explicitly excluded participants with psychological
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conditions or excluded individuals perceived as less likely be compliant with treatment.

To date, no RCTs have examined the effectiveness of statins in people with SMI. Only one study has
attempted to estimate the effectiveness of statins for people with SMI relative to statin untreated
comparators: the results provide some assurance that statins can deliver clinically meaningful reductions
in cholesterol in individuals with SM1.*? However, the strength of evidence is limited by sample size
(n=100), short duration of follow up (3 months), non-randomised design and type of statin (rosuvastatin,
which is priced 10-20 times higher than other statins used for primary prevention).*

Following the introduction of annual physical health checks for people with SMI in 2004, statins for the
prevention of CVD are more frequently prescribed to people with SMI than comparable individuals
without SMI (work detailed in our SRC protocol ref 13-022). Whilst the increased recognition of



cardiovascular risk amongst people with SMl is reassuring, the lack of evidence underpinning the
effectiveness of statins in this patient group is concerning and warrants investigation.

Rationale for selecting our proposed study design

Our proposed study design is outlined in full in the methods section: in brief, we will develop series of
cohort studies that are initiated at staggered six-monthly intervals (Figure 1). Within each of these
studies we will compare the outcomes of individuals who initiate statin therapy within a six-month
baseline period with those who do not initiate therapy, and will adjust for covariates recorded during the
baseline period. The methodological features of our proposed study design have been extensively piloted
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in studies examining the impact of statin prescribing in primary care, but may be unfamiliar to many

researchers: we therefore outline the motivation for our choice.

To select a suitable design we appraised several possible designs%;ag;40 and assessed the extent to which
these:

i) are compatible with partially observed covariate data

ii) reduce confounding by indication

Cholesterol, weight, blood pressure and smoking status are important predictors of cardiovascular risk
that change with time: incorporating these variables into our analyses is therefore essential for obtaining
unbiased results. However, these indicators are usually only measured when clinically indicated,
resulting in missing data. A range of methods are available for handling missing data including complete
case analysis or other ad hoc missing data methods. However, when correctly implemented, multiple
imputation is superior because it becomes possible to analyse data for all individuals and provides more
accurate measures of the uncertainty around the effect estimate.** There is a growing selection of tools
to help impute missing data in longitudinal datasets, including the Ml suite of commands and twofold FCS
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specification algorithm, which has been developed and tested using cardiovascular disease covariate

data.

Multiple imputation results in many (typically 5-10) copies of the imputed dataset and can be challenging
to combine with some types of methodology (such as propensity scores). This is because the imputed
datasets comprise different estimates of the true unobserved value, and it therefore becomes difficult to
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assign a single value to each individual. By contrast, methods for undertaking regression analysis with

multiple imputed datasets are well established and feasible using standard statistical software packages.

Obtaining robust estimates of the effectiveness using observational datasets is challenging due to
confounding by indication. Confounding by indication describes the imbalance in characteristics between
exposed and unexposed individuals, which arises in observational datasets because treatment allocation
(such as a statin prescribing) is clinically indicated and not random. Treatment is therefore related to the
risk of future health outcomes, such that direct comparison of exposure groups yields a biased result.
Bias may also arise when the timing of exposure or start of follow up is not equitable across comparison
groups: particularly when investigating treated and untreated groups because it may be unclear how the
start of follow up should be defined for unexposed individuals.



We considered use of a propensity score (a variable indicating an individual’s likelihood of being
prescribed a drug given their covariate data) to remove measured confounding.46 Smeeth and colleagues
used a propensity score in combination with eligibility and matching criteria to analyse observational data

and obtained similar results to an RCT (The Heart Protection Study14).39

However, we are unable to
replicate these methods because the number of individuals with SMI is not sufficiently large to support
matching statin users and non-users on similar criteria (GP practice, 5 year age band, gender, compatible
time of registration). We therefore considered using the propensity score as the sole criterion for
matching, but rejected this approach because a fully observed dataset is required. Traditional regression
provides a good alternative to a propensity score because it is readily compatible with multiple
imputation and produce similar results to a propensity score.”’ Furthermore, specific estimates for the
effectiveness of statins (versus no treatment) for primary prevention of coronary heart disease found
almost identical hazard ratios and confidence intervals derived from either traditional regression or

propensity score methods (0.89 (0.73-1.09) and 0.88 (0.72-1.08), respectively)."”6

Defining an index date for the unexposed group remains a challenge in studies with a no treatment arm
and is particularly important if the index date defines a baseline period in which time varying covariates
are measured (e.g. cholesterol measured in the six months prior to the index date). In their study,
Hippisley-Cox and Coupland defined the date of entry for each individual as either the earliest start date
(the latest of: January 2002, registration plus 12 months, 30" birthday) for non-statin users and at first
statin prescription after the earliest start date for statin users.”> However, this leaves the study open to
immortal time bias arising from the relatively earlier entry into the study that occurs for unexposed
individuals. A further pitfall is using an overly long baseline period to identify exposed individuals. In the
case of the Hippisley-Cox study, the entire follow up period (until December 2008; 6.5 years) is used to
classify individuals as statin exposed or unexposed, which is likely to result in comparison groups that are
substantially different to each other.

An additional consideration is that guidelines and patterns of statin prescribing have changed over time:
it is therefore desirable to select exposed and unexposed individuals at similar time points. An added
complication is that the bulk of prescribing occurs towards the end of the study period and many
individuals who are initially unexposed are later prescribed a statin, such that statin exposure varies with
time. Danaei and colleagues have developed a method that mimics recruitment into a series of trials:
exposure is therefore defined at multiple time points, such that an individual’s exposure status varies
over time.*® The use of short exposure periods (e.g. one® or six*® months) also makes the selection of a
plausible index dates for unexposed individuals straightforward (e.g. exposure period start or a randomly
selected date within the exposure period) and should produce equivalent start dates for exposed and
unexposed individuals to enter the study.

Purpose

This study aims to estimate the effectiveness of statins in reducing CVD events in people with SMI, such
that these estimates are as close as possible to the results that would have been obtained through an
RCT.

Objectives:



1) To compare individuals with SMI who did (exposed), or did not (unexposed), receive a statin
prescription to estimate the effect of statin prescribing on primary CVD events, which are analysed

according to:

I exposure status at the index date (analogous to an intention to treat analysis)
Il. exposure status at the index date as well as any subsequent changes in exposure status
(analogous to a per protocol analysis)

2) Calculate effect estimates for the association between statin prescribing and:

l. all-cause mortality
Il. combined fatal and non-fatal coronary heart disease events (including separate reporting for
myocardial infarction)
[l combined fatal and non-fatal stroke events
V. cholesterol concentration

Data Source

The Health Improvement Network (THIN) is a primary care database populated by data arising from GP
consultations in over 500 UK practices. THIN data provide information on approximately 6% of UK
residents and are representative of the whole population. THIN captures information on; patient
demographics (age, sex, ethnicity and Townsend score for deprivation), morbidity (diagnoses), treatment
(prescriptions including dose, quantity and dates), lifestyle and health indicators (smoking status,
exercise, alcohol intake, weight and height) and consultation dates (including referral). The average
follow up time for each patient is approximately 6 years. The reliability of THIN data has been tested by
validation against experimental and observational evidence from the literature and found to be
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robust.



Figure 1) Diagrammatic representation of the staggered multi-cohort study design. The enlarged section (bottom right) outlines addition detail such as the index dates for
two hypothetical individuals in each arm of the study beginning 1** January 2002.
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Methods

23,000 individuals with schizophrenia or bipolar disorder who:

1) Are permanently registered patients

2) Consulted their GP during the study period

3) Are aged 30-84 years at baseline

4) Do not have a prior diagnosis of CVD

5) Do not have a statin prescription within the previous 24 months
6) Are registered for a minimum of six months prior to enrolment

Individuals with a diagnosis of CVD at or before the start of each study will be excluded. Entry into each study will be restricted to individuals
with no prior statin prescription in the 24 months before the study start date. Individuals will be eligible to enter each study on or after the
latest of; i) 30" birthday ii) date of registration plus 6 months, iii) date of practice acceptable mortality rate or acceptable computer usageso.

We will exclude individuals with baseline terminal illness or a statin contraindicating condition (active liver disease: exclusion threshold values
of 124 and 116 IU/L for aspartate aminotransferase (AST) and alanine transaminase (ALT), respectively) will be excluded.

The exposure status of each individual will be determined by whether or not they received a statin prescription within the six months
(exposure period) following the study start.

The primary outcome will be CVD events, with narrower measures (e.g. fatal versus non-fatal events, and division of coronary heart disease
and stroke) to be explored in additional sensitivity analyses.

We will apply a similar method to Danaei*® to evaluate the effect of statin prescribing to individuals with SMI by running
22 staggered cohort studies that are initiated every six months (Figure 1). The first study will start on 1* January 2002 and
the last study will start on 1* July 2012. Individuals who initiate a statin within the six month exposure period will begin
follow up on the day of their first statin prescription (the index date). An index date within the six month exposure period
will be randomly selected for Individuals who are not exposed. In every study, each individual is followed up until the
earliest of: CVD event, censoring (out of practice transfer or death) or 31* December 2013 (which marks the end of the
study period and allows a one year period after the last exposure date to capture events).

A washout period (see enlarged section of Figure 1) will be applied to the three months following the index date. This is
primarily to exclude individuals for whom statins were prescribed as secondary prevention: i.e. prescriptions after a CVD
event, but where the CVD date may be incorrect in the patient’s records such that the event appears to occur immediately
after the index date. This scenario may arise when a GP is notified of the CVD event via a discharge letter from secondary
services, or at the point at which the patient obtains a statin prescription. The washout period will be applied to both
exposed and unexposed individuals in order to avoid differential biases.

To obtain an overall estimate of effect we will pool the individual effect estimates (and the associated standard errors) for
each study. As individuals can be included in more than one study it will be necessary to combine the effect estimates
using appropriate methods (such as using robust standard errors) that account for clustering by individual. In the main
analysis an individual’s exposure status will be classified in line with intention to treat, such that individuals are analysed
according to their initial exposure status regardless of any changes in exposure status (e.g. initiating a statin after the
exposure period, or prescriptions stop). An additional sensitivity analysis will be undertaken to evaluate the impact of
statin adherence, using gaps in statin prescriptions to guide estimates of adherence.




1;51): Read codes for bipolar disorder and schizophrenia,

1) Presence of SMI (in line with previous studies
2) Exposure to statins: drug code list from BNF chapter listings (statins; 2.12)

3) Cardiovascular events: Read codes for myocardial infarction, angina, ischaemic or unspecified stroke, haemorrhagic
stroke, transient ischaemic attack, cardiovascular surgery, unspecified CVD or CHD

4) Contraindications for statins: including active liver disease

8) Covariates: on established CVD and SMI risk factors informed by published literature.

o Age eGP consultation rate

e Gender e Record of excessive drinking (Y/N)

e Townsend score e  Other non-statin lipid modification drugs
e Diabetes diagnosis or treatment e Hypertension diagnosis or treatment

e Systolic blood pressure e  Familial hypercholesterolaemia

e Diastolic blood pressure e Renal disease

e Total cholesterol concentration e Hypothyroidism

e High density lipoprotein cholesterol concentration e Predominant antipsychotic type

e Weight/BMI e Antidepressant use

e  Smoking status e Chronic obstructive pulmonary disease

e Dementia

Time-varying covariate data on each individual at baseline will be obtained from records for the twelve months prior to
the index date (see enlarged section of Figure 1). As these data are not fully observed we will use multiple imputation to
estimate plausible values.

Missing covariate data in the twelve months prior to the index date will be estimated using multiple imputation. The
imputation models will be separately executed for each of the 22 study datasets. The imputation model will draw upon
time varying data from up to three years before and after the index date. A priori variables in the imputation model are:
age (in 5 year bands), exposure status, diabetes status, blood pressure, cholesterol concentration, height, weight, smoking
status, CVD events and the associated Nelson-Aalen cumulative hazard function estimate®. We will also include all other
variables that will be used in the final analysis model.

Analysis

For all sections of this analysis individuals will be analysed according to their exposure status during the initial six month
exposure period at the start of each cohort study. As missing data within each dataset has been estimated using multiple
imputation we will use the Ml suite of commands in Stata to calculate effect estimates. These commands are able to
appropriately combine and calculate point estimates and confidence intervals from multiple imputed datasets.

An initial descriptive analysis will be undertaken to describe the characteristics (including SMI condition, age, gender,
diabetes status, blood pressure, body mass index, cholesterol concentration, smoking status and estimated Framingham
CVD risk score®) of individuals in each of the studies and present a summary of these data by exposure status.

We will then analyse each dataset using Cox regression with statin as the exposure and CVD events as the outcome. In

addition to calculating the crude hazard ratio for each study, we will adjust the Cox model for a panel of a priori

confounders (SMI condition, age, gender, diabetes status, blood pressure, body mass index, cholesterol concentration and
7



smoking status) to estimate the adjusted hazard ratio and associated 95% confidence interval. We will also explore the
impact of adding additional confounders (including baseline: GP consultation rate, excessive drinking, non-statin lipid
modification, hypertension diagnosis or treatment, renal disease, thyroid disease, predominant antipsychotic use,
antidepressant use and dementia) which were included in the multiple imputation model.

Combining the effect estimates
We will present the effect estimates yielded from each study as a Forest plot. We will then calculate the overall hazard
ratio and confidence interval across all the studies using a random effects meta-analysis.54

Obijective 1Il) To compare individuals with SMI who did (exposed), or did not (unexposed), receive a
statin prescription to estimate the effect of statin prescribing on primary CVD events analysed
according to exposure status at the index date as well as any subsequent changes in exposure status

(analogous to a per protocol analysis)

For all sections of this analysis individuals will be analysed according to a per protocol analysis. We will therefore replicate
each of the steps outlined for objective 1i but curtail follow up time for individuals at the point at which their statin
exposure status changes. We will censor individuals who were unexposed during the initial six month exposure period,
but later received a statin prescription, at the date at which they were prescribed a statin. For individuals who were
prescribed a statin during the initial six month exposure period and had a gap of >90 days in statin prescriptions, we will
censor individuals at the point at which the prescription runs out. This will be estimated by calculating the last statin
prescription date plus the number of days of medication prescribed (which will be estimated using data on pack size and
dosage value).

Obijective 2) To calculate effect estimates for the association between statin prescribing and i) all-
cause mortality, ii) combined fatal and non-fatal coronary heart disease events and iii) combined fatal

and non-fatal stroke events

We will repeat the steps undertaken for objective 1i but using the following outcomes: i) all-cause mortality, ii) fatal and
non-fatal CHD events (and report separate estimates for myocardial infarction), iii) fatal and non-fatal stroke, iv) change in
cholesterol at 1 and 2 years after baseline.

Supplementary Analyses

We plan to undertake the some supplementary analyses, for which our study is unlikely to have adequate power to
formally assess, but which it would be useful to explore. We wish to explore whether statins have a differential effect on
prevention of CVD within strata of: statin type (particularly when restricted to statins commonly used for primary
prevention), SMI diagnosis (schizophrenia versus bipolar disorder), gender, and baseline CVD risk (e.g. >10% estimated 10
year CVD risk).

Bias and limitations
THIN offers a large, versatile and economical resource for examining real life patterns of primary care over time, and this

data source has already been used by a number of studies investigating SMI and CvD.>"*>’

However, THIN data are
obtained for purposes of clinical management and estimates of effect may be inaccurate if confounding by indication and
missing data are not correctly handled. Although the design developed by Danaei should help to select an unexposed
group that is more similar to the exposed group than other study designs, confounding by indication is likely to remain an
issue because statins are prescribed on the basis of clinical need rather than random allocation. Although it is not possible
to fully replicate randomisation (i.e. approximately equal distribution of measured and unmeasured confounders across
study arms), differences in measured confounding across the two groups can adjusted for using standard regression
methods. We are not able to account for differences in unmeasured confounding, which cannot currently be adequately
addressed by any methodology. However, we believe that our methods will perform at least as well as other possible

study designs that have used primary care data to investigate the causal effects of statins.>**%*
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