Predicting blood glucose levels from HbA ¢ is not the
same as predicting HbA;¢ from blood glucose levels: a
common methodological misunderstanding.
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Abstract

A methodological problem with the conversion of HbA;¢ to blood glucose level
and visa versa has slipped under our noses. The prediction equations on which
the conversions are based assume that predicting HbA;¢ from blood glucose is
the same as predicting blood glucose from HbA;c. The problem is pervasive and
can be seen on the websites of the American Diabetes Association, Diabetes UK,
the US, National Glycohemoglobin Standardization Program, on commercial
sites, and in research. Using a secondary analysis of publicly available out-
patient data we illustrate why predicting one from the other is not the same
as the reverse. The implications for clinical care, research, and patient self
management are highlighted.
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Introduction

National diabetes associations, commercial providers, and researchers incor-

rectly assume that the same basic equation can be used to convert back and
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forth between measures of HbA ¢ and blood glucose levels. This assumption is
demonstrably wrong.

The measurement of glycaemia is a pillar of diabetic management, and cen-
tral to diabetes research. The specific measure of interest may be the aver-
age blood glucose levels, the variability in blood glucose levels, or blood glu-
cose levels at points in time. Fach of these measures has independent clinical
value, [T}, 2, B, 4, 5] and in combination develop a complete picture of glycaemic
control. Obtaining all the measures is usually impractical, however, and one
measure is often used to predict another.

A test of glycolsylated haemoglobin levels (HbA;¢), for example, is often
used as an estimate of average blood glucose levels, and overall glycaemic
control.[6] The rate of haemoglobin (Hb) glycation—the bonding of a glucose
molecule to an Hb molecule—is a function of plasma glucose concentration, with
higher plasma glucose levels associated with higher rates of Hb glycation.[6], [7]
Once glycation has occurred, it is not reversed for the life of the glycated cell.
As a consequence, measuring HbA ¢ levels may be used as an estimate of av-
erage blood glucose levels over the two to three months prior to testing.[6] It
is important to note here that the correspondence between average blood glu-
cose levels and HbA ;¢ is imperfect and significant inter- and intra-individual
variation occurs. [7, [8, 9] [10]

Notwithstanding the variation, researchers have developed prediction equa-
tions for the estimation of average blood glucose levels based on HbA ¢ test re-
sults, and the estimation of HbA ;¢ levels based on blood glucose test results. [T,
12] The immediate intuition is that these prediction equations should be simple
algebraic transpositions of each other. If I have an equation to estimate (av-
erage) blood glucose levels from HbA;¢ results, I should be able to transpose
the equation to derive a measure of HbA;¢c from (average) blood glucose mea-

sures. National diabetes support associations including the American Diabetes



Association{l] Diabetes UK f|the US, National Glycohemoglobin Standardization
Program (NGSP);E| as well as commercial vendorsﬂ provide online “conversion”
facilities of HbA;¢ and blood glucose values for diabetes management. A quick
exploration of the facilities reveals that they all rely on an algebraic transposi-
tion of an underlying equation for moving back and forth between the HbA;¢
levels and average blood glucose levels.

There is a significant flaw in the assumption that the same basic equation
can be used to move back and forth between HbA;¢ and blood glucose, and it
arises from a misunderstanding about the statistical regression techniques used
to develop the prediction equations. We demonstrate the problem with publicly

available blood glucose and HbA ¢ data and discuss the implications.

Predictions from regression

We use data derived from 349 diabetic out-patients each contributing a single
HbA;c measure and a single random blood glucose measure EHL%] We contrast
the regression equation for predicting HbA ¢ levels from blood glucose levels,
and the regression equation for predicting blood glucose levels from HbAi¢
levels. The code for running the analyses in the R statistical environment are
available as a supplementary materialﬂ[lél]

To minimise visual clutter, Figure 1 shows the derived HbA;c and blood
glucose measures taken from 20 of the 349 patients selected at random. The
solid black line running through the graph shows the ordinary least squares
regression line for the prediction of HbAjc (mmol/mol) from the patients’
blood glucose (mmol/1). The equation for the line is calculated so that it min-

imises the sum of the squared vertical distances (deviations) between each of
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Shttps://gist.github.com/dreidpath/76bc76alcecb1d454801
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Figure 1 The relationship between the HbA;c (mmol/mol) and random blood glucose
(mmol/L) from 20 of 349 randomly selected out-patients. The solid black line shows the
regression line for blood glucose predicting HbA;c. The vertical line — e — shows an example
of the error between one of the points and the solid prediction line. The dashed black line
shows the regression line for HbA ¢ predicting blood glucose. The horizontal line — ye — shows

an example of the error between one of the points and the dashed prediction line.

the 20 points and the line. That is, the sum of the squared errors between
the z-values (blood glucose) and the line predicting the y-values (HbA;¢) is
minimised. Any other line (i.e., any other prediction equation) would have a
greater sum of squared errors. The vertical dotted line marked z. shows the
error between the actual data and the prediction line for one of the twenty data
points. Now consider the steeper sloped, dashed line. This shows the regression
line for the opposite prediction of blood glucose from HbA;c. This time the

equation for the line is calculated so that it minimises the sum of the squared



horizontal distances between each of the points and the line. That is, the sum
of the squared errors between the y-values (HbA1¢) and the line predicting the
x-values (blood glucose) is minimised. The horizontal dotted line marked y.
shows the error between the actual data and the prediction line for one of the
twenty points.

The minimisation of the squared errors between the line and the data is
the optimisation problem solved by linear regression. However, finding the line
that minimises the sum of the squared y.’s is not the same problem as finding
the line that minimises the sum of the squared x.’s. Although the prediction
equations are not the same, the fit of the two models to the data (i.e., the
variance explained by the models) is always identical — in this case R? = .21.

Figure 2 shows the HbA ¢ and blood glucose data for all 349 patients with
the respective regression lines. It is evident that the two prediction lines are
quite different. Although the blood glucose data are based on a single random
blood glucose test there is a readily apparent correspondence between HbA ¢
levels and random blood glucose levels. In both cases the predictors are signifi-
cant (pj.0001), and they account for a little over 40% of the variance (R? = .44;
r = .67). It is, however, only at the point of intersection of the two lines (marked
with a solid black square) that the prediction of HbA;¢ levels from blood glu-
cose levels will agree with the prediction of blood glucose levels from HbA;¢
levels: Blood glucose 13.2 mmol/L &~ HbA;¢ 80 mmol/mol. The further away
from the point of intersection, the greater the error that will arise by assuming
the relationship between the two measures are a function of a simple algebraic
transposition. One practical question that arises from this analysis is, “how
big a problem is it?” An estimate, even a biased estimate may still be useful
— a “ball park” figure. Often exact answers are not required, just a general
idea. Within this data set we could easily calculate the error (maybe the root
mean squared error (RMSE)) between the HbA ;¢ levels predicted with the cor-
rect equation and actual HbA ¢ levels; and those predicted with the incorrect
equation and actual HbA ¢ levels.

This would, unfortunately, only get us part way towards understanding the
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Figure 2 The relationship between the HbA;c (mmol/mol) and random blood glucose
(mmol/L) from 349 out-patients. The solid black line shows the regression line for blood
glucose predicting HbA . The dashed black line shows the regression line for HbA ¢ pre-
dicting blood glucose. The point of intersection is highlighted.



magnitude of the problem. We cannot know what level of error would arise
from the misapplication of the published (web-available) equations used by the
American Diabetes Association, the NGSP, etc. It is also further complicated
because the level of error in the sample used to develop the prediction equations
maybe quite different from the level of error one could expect when applying it
in a different population. Consider, for example, a study of people with high
blood glucose levels, for whom we want to estimate HbA;¢ levels. The RMSE
for that population would be much greater than the RMSE for a population
with blood glucose levels that lay nearer to the intersection between the two
prediction lines.

The limitation of this analysis lies directly in the data we had available to
explore the ideas. The web applications that diabetes organisations have made
available were for converting between HbA;c and average blood glucose. We
did not have access to average blood glucose data, but random blood glucose
data. It is likely, therefore that the difference between the two prediction lines

would not be as great for the diabetes organisations’ approach.

Conclusion

It is wrong to treat the estimation of HbA ¢ from blood glucose as the same
problem as the estimation of blood glucose from HbA;¢. In the absence of data,
and knowledge of the study or patient population, it is hard to know the impact

of the error. Fortunately it is easily corrected.
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