Dealing with categorical risk data when extracting data for meta-analysis
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A common problem in meta-analysis of observational studies arises when the exposure variable is
categorical rather than continuous. These data may be referred to as quantile or quintile data
(depending on the number of categories) or dose-response data, and in this article, the term
‘categorical risk data’ will be used. These data may be reported to reflect the increase in cardiovascular
risk associated with increasing weight gain, alcohol consumption, or frequency of smoking. Further
problems arise when studies divide the exposure variable into different numbers of categories, or the
same number of categories, but using different thresholds, when data are missing, or when studies
include different reference categories. These problems make it difficult to combine data in meta-
analysis, but there are methods that can deal with these problems. Consider a clinical question as an

example:
How is body mass index associated with the risk of incident atrial fibrillation?

Consider three studies as examples for which this question was the focus. The first study® provided
hazard ratios (HRs) for three categories of body mass index (BMI): <25 kg/m?, 25<BMI<30, and >30
kg/m?. The second study? reported HRs for quintiles. The third study® reported that one unit increase
of BMI was associated with a 4.3% increased risk of incident atrial fibrillation (HR 1.04, 95% Cl 1.02 to

1.07). This is an example of a HR reported on a continuous scale.

To carry out meta-analysis, the data from each study need to be in the same form. The same form
would apply if all three studies reported HRs for incident atrial fibrillation on a continuous scale and
for the same increase in BMI. For example, it may be desirable to derive a pooled HR for an increase
of 5 units of BMI. It is possible to convert these HRs to those desired by estimating the trend across

the categorical HRs and rescaling (Figure 1).

Figure 1. Converting varied categorical risk data into a common form for meta-analysis

For a study that reports the HR on a continuous scale, a HR for an increase of x units (HR,) and its
confidence interval can be rescaled to a HR for an increase of y units (HR,) by the following calculation:*
Yy
HR, = (HR,)x
For example, the HR reported in the third study rescales from an increase of one unit to an increase

of five units (x=1; y=5) from 1.04 (95% Cl 1.02 to 1.07) to 1.22 (95% Cl 1.10 to 1.40).



The trend across categorical risk data can be estimated by a method based on generalised least
squares,® which is used to estimate the unknown parameters in a linear regression model when the
residuals are correlated. The residuals are the vertical distances between the data points and the
regression line (error terms). The trend estimation method has been implemented in Stata with the
glst command,® in SAS with the metadose macro,” and in R with the dosresmeta package.® These
provide estimates for single studies, and also estimation and meta-analysis of data from multiple
studies. To highlight the problems that can arise with implementing this method we shall focus on its

use in analysing categorical risk data from a single study.

The method applies to HRs, odds ratios, and relative risks, and to outcome data that may be either
incidence-rate data (expressed as the number of events, or cases, and number of person-years),
cumulative incidence data (the number of events and number of people), and case-control data (the
numbers of case subjects and control subjects). A worked example® shows implementation of the

method with Stata and R for data from the first example study, which reported cumulative incidences.

Applying the trend estimation method involves several steps:

Step 1 - Establish the type of outcome data and extract these data.

Step 2 - Calculate the average exposure for each category.

Step 3 - Calculate the difference between the average exposure and the exposure in the reference
category. For the first and second example studies the lowest category was the reference.

Step 4 - Apply the trend estimation method to the natural logarithm of the HRs and their standard
errors, incorporating the outcome data.

Step 5 - Using a single command, the desired HR can be calculated, by exponentiating (back-

transforming) the output from Step 4, and rescaling.

By producing a HR for a continuous scale, the method addresses the problems of categorical risk data
and variations in the numbers of categories and thresholds. However, missing data can present
problems. For example, the average exposure for each category may not be known. In a study of the
association between long-term intake of dietary fibre and the risk of coronary heart disease® median
fibre intake was reported for each category, but in our first and second example studies, the average
BMI for each category was not reported. The average exposures may be estimated from the midpoint
of the range of the categories, but further complications arise if the outer limits are unbounded, as is
the case with the first and second example studies (e.g. BMI <25 kg/m?2). Unbounded limits of outer

categories in categorical risk data commonly pose a problem in meta-analysis of prognostic studies. If



the global range of the exposure variable is reported, this will provide the outer bounds of the outer
categories, but the global range is not often available. In this case, sensible estimates should be made

and the impact of the choice of imputed values may be explored by sensitivity analysis.

If a confidence interval is missing, it may be estimated from a P value].'! In a case-control study, if the
numbers of patients in the case and control groups are not reported, they can be estimated from a
reported odds ratio, provided the total number of first events in each group are also reported].*?

Perez et al*®* show how simulation can be used to derive hazard ratios when risk ratios are not reported
but the numbers of cases and controls for each category and the overall mean and standard deviation
of the exposure are available. They also show how a generalised linear model and the method of
Chéne and Thompson'* can be used when categorical risk data are expressed only in terms of event
rates. A generalised linear model is a generalisation of ordinary linear regression, in which the usual
assumption that the errors are normally distributed is relaxed. Further examples of dealing with

missing categorical risk data are given by Bekkering et al.®®

Another problem with categorical risk data is when the reference category in a particular study is
different from those in other studies. For example, it may be that the reference category for a
particular study is that of the lowest exposure, while the other studies, which may align with your
study purpose, have specified their reference category as that of the highest exposure. A reference
category from the lowest exposure can be switched to that of the highest exposure using simple
division and reordering. This can be illustrated using data from the first example study (Figure 2).! To
switch categories, all the HRs, lower confidence limits, and higher confidence limits need to be divided
by the corresponding values of the category of the highest exposure (i.e. 1.74, 1.16, and 2.56
respectively). Then the columns for the two confidence limits need to be reordered to HR, lower limit,

and higher limit.

Figure 2. Changing the reference category

Sometimes an inner category is the reference category, as in Table 1, which shows data from a study
of weight change and the risk of atrial fibrillation.® In this case, the reference category divides the
categories into weight gain and weight loss. It would not be appropriate to include weight gain and
weight loss data in the same meta-analysis, so these data need to be analysed separately, featuring

the reference category in both analyses, as in a published systematic review.



Table 1. Cumulative incidence data on weight change and the risk of incident atrial fibrillation

HR lowerCl | upperCl | category | reference | n cases weight change
1.52 1.16 1.99 1 0 543 88 >5% loss

1.01 0.79 1.31 2 0 864 98 0 to 5% loss

1 1 1 3 1 1514 | 154 0 to 4.9% gain
1.33 1.04 1.7 4 0 956 113 5 to 9% gain
1.61 1.24 211 5 0 623 87 210% gain

It is important that as much evidence as possible is summarised in meta-analyses of observational
studies, but this can be hampered by inconsistent and missing data. Some data cannot be pooled (for
example, if HRs are reported without a measure of variability). Poor quality of reporting of results of
observational studies can lead to exclusion of studies from meta-analyses, and this will undermine the
validity of systematic reviews. It is therefore important to minimise this possibility, by making use of

the methods available for helping with extracting data for meta-analysis.
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