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A systematic evaluation of the insulin resistance syndrome as
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ARTICLEINFO ABSTRACT

Article history: Insulin resistance-related risk factor clustering (the insulin resistance syndrome or IRS) may
Received 28 September 2010 be a cardiovascular disease (CVD) risk factor, but a convincing demonstration of this
Accepted 22 February 2011 requires a rigorously derived reference measure and a systematic evaluation of measures

and indices that derive from that measure. Using established IRS characteristics, factor
analysis in 832 white men, generally healthy at baseline, generated a priori an IRS reference
measure. An IRS diagnostic was chosen by evaluating CVD mortality risk in percentiles of
the reference measure. An IRS clinical index was derived by (1) identification of readily
measured, independent predictors of the IRS reference measure by multiple linear
regression; (2) assignment to each predictor of a cut point optimal for discrimination of
participants diagnosed with IRS; and (3) selection of a combination of the dichotomized
predictors that further optimized IRS discrimination. The reference IRS diagnostic was
defined by the top 16.7% of the IRS reference measure and predicted CVD mortality in Cox
proportional hazards modeling (hazard ratio, 2.7; 95% confidence interval, 1.5-5.2; P = .002).
An optimized IRS index was defined by triglycerides of at least 1.6 mmol/L and uric acid of at
least 400 umol/L plus any one of fasting plasma glucose of at least 5.4 mmol/L, diastolic
blood pressure of at least 90 mm Hg, or body mass index of at least 27.0 kg/m? and predicted
CVD mortality (hazard ratio, 2.14 [1.08-4.24]; P = .02). Prediction was independent of
hypertension, hypercholesterolemia, and smoking. Conventionally derived glucoregulatory
insulin resistance and metabolic syndrome were not predictive. The IRS is an independent
risk factor for CVD mortality; and an effective, clinically usable index can be derived from
readily measured variables.

© 2011 Elsevier Inc. All rights reserved.

1. Introduction hoped that an agreed syndrome definition would enhance
individual CVD risk prediction beyond established risk pre-

The coassociation of obesity, dyslipidemia, hypertension, and diction models or the individual components. This hope

hyperglycemia has led to the concept of a “metabolic remains controversial [5-7].

syndrome” [1-4]. Because each of these features is itself an The metabolic syndrome concept was given a mechanistic

independent cardiovascular disease (CVD) risk factor, it was basis by Reaven’s [8] proposal in 1988 that insulin resistance
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can cause elevated plasma very low-density lipoprotein,
insulin, and glucose concentrations; decreased high-density
lipoprotein (HDL) cholesterol; increased blood pressure; and,
included subsequently, increased uric acid [9]. It was hypoth-
esized that this “insulin resistance syndrome” (IRS) could,
itself, increase CVD risk. This hypothesis has never been
tested, attention having been directed toward the more easily
determined metabolic syndrome, which may differ signifi-
cantly in its behavior and features from the IRS [10]. Never-
theless, if an IRS reference measure could be established, more
accessible surrogate IRS indices could be explored.

In the present analysis, we test the hypothesis that the IRS
is a risk factor for CVD. We first derive a reference measure
using a factor analysis [11,12] incorporating only those vari-
ables originally proposed by Reaven to be mechanistically
affected by insulin resistance, namely, triglycerides (a surro-
gate for very low-density lipoprotein), HDL cholesterol, blood
pressure, glucose, insulin, and uric acid. Secondly, we evaluate
this measure as a covariate of CVD survival time. Finally, we
explore IRS diagnostic criteria and establish whether an
effective IRS index can be derived using panels of dichoto-
mized, readily measured variables and whether this index is
also a significant covariate of CVD survival time.

2. Methods
2.1. Data acquisition

The Heart Disease and Diabetes Risk Indicators in a Screened
Cohort (HDDRISC) Study is an open cohort study of metabolic
risk in the development of CVD and diabetes [13]. Beginning as
a company health program, 1278 participants were recruited
of whom 1192 were white men (age range, 26-70 years) and
make up the HDDRISC cohort. Recruitment lasted from June
1971 to August 1997, with the last participant visit in January
2000. Ethics committee approval was from the St Mary’s
Hospital and Cavendish Clinic Research Ethics Committees,
and each participant gave written consent. Subjects attended
after an overnight fast [12]. Systolic blood pressure (SBP) and
diastolic blood pressure (DBP) were measured, and fasting
bloods were taken. The majority of participants underwent an
oral glucose tolerance test (OGTT), sampling at 30, 60, 90, 120,
150, and 180 minutes.

Plasma glucose and insulin, and serum total and HDL
cholesterol and triglyceride were measured [13]. Routine
hematology (including erythrocyte sedimentation rate) and
biochemistry (uric acid, albumin, globulin, bilirubin, and
phosphate concentrations and y-glutamyl transferase, as-
partate transaminase, and alkaline phosphatase activities)
were performed. Quality control was ensured using pooled
stored samples and by participation in national schemes.
Long-term continuity of measurement was sustained with
replicate assay of previously analyzed frozen samples and
comparisons when there was any change in assay meth-
odology (eg, Khan et al [14]).

Deaths from CVD were identified to January 2009 through
the National Health Service Information Centre for Health
and Social Care. Cardiovascular disease mortality was
assigned if myocardial infarction, coronary artery disease or

thrombosis, cerebrovascular incident, stroke, peripheral vas-
cular disease, or aortic aneurysm was recorded as a primary
cause of death. With the exception of 27 individuals who are
no longer traceable, mortality ascertainment for the HDDRISC
cohort is complete.

2.2. Data analysis

Fasting plasma glucose (FPG) and fasting plasma insulin (FPI)
concentrations were expressed as the mean of 2 fasting
measurements. Glucose tolerance and the insulin response
to glucose were quantified as the OGTT incremental area
under the curve (AUC). The homeostasis model assessment of
insulin resistance (HOMA-IR) was the fasting index of glucor-
egulatory insulin resistance [15]; and the Matsuda index of
insulin sensitivity (Matsuda-IS), derived from the OGTT
glucose and insulin levels, was the postglucose index [16].
Metabolic syndrome status was assigned to each individual
using both the National Cholesterol Education Program (NCEP)
[3] and International Diabetes Federation (IDF) [1] criteria.
Because waist circumference measurements were not avail-
able, cutoffs of body mass index (BMI) of at least 27.0 kg/m?
and at least 30 kg/m? were used in place of the IDF and NCEP
waist circumference cutoffs, respectively, as validated using
data from a previously described cohort of 1784 white male
subjects [17]. All study participants had measurements in the
fasting state and comprised the “full cohort,” with HOMA-IR
providing an index of glucoregulatory insulin resistance.
Participants who had also undergone an OGTT comprised
the “OGTT cohort,” with Matsuda-IS providing an index of
glucoregulatory insulin sensitivity.

Statistical analyses were carried out using STATA 8 (Stata,
College Station, TX). Excluded from the analysis were partic-
ipants taking blood pressure-, lipid-, or uric acid-lowering
medications or with missing values for any of the 6 IRS
measures, evidence of diabetes mellitus, or a history of CVD.
For parametric analyses, measures were normalized as
appropriate. Kruskal-Wallis test, 3 test, Pearson correlation,
stepwise multiple linear regression, logistic regression, Cox
proportional hazards modeling, with testing of the propor-
tional hazards assumption using Schoenfeld residuals, receiv-
er operating characteristic (ROC) analysis, and factor analysis,
as previously described [18], were used as appropriate. Blood
pressure was entered into the factor analysis as mean arterial
pressure (MAP: [(2 x DBP) + SBP]/3) to avoid the emergence of a
single, noninformative factor comprising the highly correlated
SBP and DBP measurements [12].

The factor score from a factor analysis of the 6 IRS variables
was taken as a single reference IRS measure. Factor analysis,
as used previously in this cohort [18], identifies underlying
“factors” responsible for coassociations between intercorre-
lated variables. Each variable is associated with a given factor
according to a “loading,” which quantifies its importance as a
feature of the factor. For a given individual, summing the
products of an individual’s level for each variable (standard-
ized according to its mean and standard deviation) and the
loading of each variable on a particular factor provides a score
for that factor for the individual. This “factor score” quantifies
the intensity with which the cluster of coassociated variables
is expressed in the individual and can be used as a single
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variable in further statistical analysis. We expected the 6 IRS
measures to appear as features of a single factor. The analysis
was, therefore, confirmatory [12].

3. Results

After exclusions, 832 participants contributed data to the full
cohort and 543 to the OGTT cohort. Characteristics are shown
in Table 1. In general, the 2 cohorts were highly comparable.
There was a high prevalence of overweight, with 55% having a
BMI of at least 25, 27% a BMI of at least 27, and 7% a BMI of at
least 30 kg/m?.

3.1. Derivation of the IRS reference measure

An IRS reference measure in each cohort was provided by the
factor score from factor analysis with entry of the 6 IRS
measures: triglycerides, HDL cholesterol, uric acid, and MAP
plus, as measures of insulinemia, FPI or OGTT insulin
incremental AUC for the full or OGTT cohorts, respectively,
and, as measures of glycemia, FPG or OGTT glucose incre-
mental AUC. As expected, factor analyses in the full and OGTT
cohorts each returned a single factor. Factor loadings in the
full cohort were as follows: triglycerides, 0.57; HDL cholesterol,
-0.39; MAP, 0.33; uric acid, 0.42; FPI, 0.38; and FPG, 0.26. The
equivalent figures in the OGTT cohort were 0.51, -0.28, 0.32,
0.43, 0.51, and 0.41. The factor score for each participant in
each cohort provided the cohort’s IRS reference measure.
Pearson correlation coefficients were derived between the IRS
reference measure (which relates to overall insulin resistance)
in each cohort and the cohort measure of glucoregulatory
insulin resistance. Correlation coefficients were 0.54 with

Table 1 - Group characteristics

Full cohort OGTT cohort

(N = 832) (n = 543)

Age (y) 46.8 (40.7-52.5) 48.1 (42.8-53.8)
BMI (kg/m?) 25.3 (23.7-27.3) 25.1 (23.6-26.9)
SBP (mm Hg) 120 (110-132) 125 (115-135)
DBP (mm Hg) 79 (70-86) 80 (70-90)
Total cholesterol (mmol/L) 5.35 (4.79-6.11) 5.41 (4.81-6.19)
Triglycerides (mmol/L) 1.15 (0.82-1.64) 1.16 (0.85-1.60)
HDL cholesterol (mmol/L) 1.30 (1.12-1.51) 1.30 (1.14-1.53)
Uric acid (umol/L) 370 (320-420) 380 (340-430)
Fasting plasma glucose (mmol/L) 5.3 (5.0-5.6) 5.3 (5.0-5.6)
Fasting plasma insulin (mU/L) 9.9 (6.0-15.0)  10.5 (6.0-16.0)
Smoking

Nonsmoker (%) 71 66

<15 Cigarettes/d (%) 19 21

>15 Cigarettes/d (%) 10 13
Alcohol

<28 U/wk (%) 64 58

>28 U/wk (%) 36 42
Exercise

No exercise (%) 39 37

Nonaerobic (%) 45 45

Aerobic (%) 16 18

Medians and interquartile ranges are shown for continuous
variables and percentages for categorical variables.

HOMA-IR in the full cohort and -0.49 with Matsuda-IS in the
OGTT cohort (both P < .001).

3.2 The IRS reference measure as a covariate of
CVD survival time

Mean follow-up times for the full and OGTT cohorts were 21.4
and 23.8 years, respectively, with 44 and 42 deaths from CVD,
respectively. In Cox proportional hazards modeling, the
hazard ratio for the IRS reference measure as a covariate of
CVD survival time was 2.00 (95% confidence interval [CI], 1.35-
2.96; P = .001) for the full cohort and 1.86 (95% CI, 1.28-2.71; P =
.001) (Table 2) for the OGTT cohort. The glucoregulatory insulin
resistance/sensitivity measures, HOMA-IR and Matsuda-IS,
were not significant as covariates.

3.3. Derivation of an IRS reference diagnostic

Risk of CVD mortality was explored in successive percentiles of
the IRS reference measure in the full cohort. Relative to a hazard
ratio of 1.0 in the lowest percentile, hazard ratios in increasing
percentiles of the IRS reference measure were as follows:

e Tertiles: 3.2 (P =.02) and 4.5 (P = .002)

e Quartiles 5.6 (P = .02), 5.8 (P = .02), 8.4 (P = .004)

e Quintiles 2.9 (P =.1), 3.6 (P = .1), 5.9 (P = .01), 7.8 (P = .006)

o Sextiles 1.3 (P = .7), 4.3 (P = .06), 3.3 (P = .1), 3.6 (P = .1),
7.5 (P = .008)

The relatively high risk in the top sextile and the lack of
significance in the lower sextiles suggested that a value for the
IRS reference measure in the top sextile (ie, the top 16.7%)
could be considered as a clinical criterion for an abnormally
high intensity of insulin resistance-related risk factor cluster-
ing. For the purposes of the present analysis, we have adopted
this criterion as diagnostic for the IRS; in other words, the 139
individuals in our study with a value for the IRS reference
measure in the top sextile of the IRS reference measure are
considered as “having the IRS.” In the full cohort, the hazard
ratio for CVD mortality for those with the IRS relative to all
other participants was 2.74 (95% CI, 1.45-5.17; P = .002). The
same percentile cutoff applied to the OGTT cohort IRS
reference measure gave a hazard ratio for those with the IRS
of 2.43 (95% CI, 1.26-4.69; P = .008) (Table 2).

3.4. Selection of variables for possible inclusion in a clinical
index of the IRS

Variables considered were those known to correlate with
glucoregulatory insulin sensitivity and either could be affected
by insulin resistance (eg, triglycerides or uric acid) or could
affect insulin resistance (eg, BMI or inflammation-related
measures) and were readily available (this excluded insulin or
OGTT-derived measures). Variables were BMI, FPG, DBP, SBP,
total cholesterol, triglycerides, HDL cholesterol, uric acid, y-
glutamyl transferase, aspartate transaminase, alkaline phos-
phatase, bilirubin, phosphate, albumin, globulin, white blood
cell count, erythrocyte sedimentation rate, and hemoglobin.
Only albumin in the full cohort did not correlate significantly
with the IRS reference measure. In each cohort, these variables
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were entered stepwise in multiple linear regression analysis as
predictors of the IRS reference measure. Independent predictors
of the IRS reference measure that changed the R? value for the
model by more than 1% were, in order of entry, as follows: full
cohort—triglycerides, uric acid, HDL cholesterol, DBP, and FPG;
OGTT cohort—triglycerides, uric acid, HDL cholesterol, DBP, and
BMI. These analyses, therefore, identified triglycerides, uric
acid, HDL cholesterol, DBP, FPG, and BMI as readily measured
variables for possible inclusion in an IRS clinical index.

3.5. Derivation of a clinical index for the IRS
reference diagnostic

There are various approaches to derivation of a clinical index
using the selected readily measured variables. To establish, in
principle, whether a clinical index could be derived, we
identified for each readily measured variable a cutoff that
could optimally discriminate reference IRS diagnostic status.
We then evaluated combinations of these dichotomized
variables that could further optimize discrimination of IRS
diagnostic status. This was carried out in the full cohort.
Optimal cutoffs for readily measured variables were
determined by examination of the sensitivity/specificity
profile followinglogistic regression discrimination of reference
IRS diagnostic status by that variable. The value of the variable
corresponding to the predicted positive outcome probability at
which the sensitivity and specificity profiles crossed then
provided the cutoff. Cutoffs for optimum prediction of the
reference IRS diagnostic were as follows: triglycerides of at
least 1.57 mmol/L, uric acid of at least 400 umol/L, HDL
cholesterol not exceeding 1.19 mmol/L, DBP of at least 80 mm
Hg, FPG of at least 5.4 mmol/L, and BMI of at least 26.24 kg/m?.

To help identify a combination of these dichotomized
variables that could optimally discriminate reference IRS
diagnostic status, we referred to the relative contribution to
prediction of reference IRS diagnostic status by each of the
dichotomized variables in logistic regression analysis. Triglyc-
eride value of at least 1.57 mmol/L was the strongest predictor
(t value = 9.8), followed by uric acid of at least 400 umol/L (6.8),
HDL cholesterol not exceeding 1.19 mmol/L (6.8), FPG of at
least 5.4 mmol/L (4.4), BMI of at least 26.24 kg/m? (3.1), and DBP
of at least 80 mm Hg (2.8). A surrogate index would, therefore,
most likely include high triglycerides combined with high uric
acid or low HDL cholesterol. High FPG, high BMI, or high DBP
might then offer further discrimination. Seventeen different
combinations were explored, 5 examples of which are shown
in Table 3. In terms of the sensitivity, specificity, and the area
under the ROC curve (AROC) with which each combination
could correctly assign reference IRS diagnostic status, as well
as the performance of each combination as a covariate of CVD
survival time, there was little difference between a number of
the combinations. The combination of high triglycerides and
high uric acid plus any one of high FPG, high BMI, or high DBP
(combination 4; Table 3) had a slight advantage in its level of
significance as a covariate of CVD survival time and is chosen
as an example for further discussion.

3.6. Derivation of a clinically usable index for the IRS
reference diagnostic

To improve ease of use, cut points were rounded to give the
following “IRS index”: triglycerides of at least 1.6 mmol/L and
uric acid of at least 400 umol/L, plus any one of DBP of at least 80
mm Hg, FPG of atleast 5.4 mmol/L, and BMI of atleast 27.0 kg/m?.

Table 2 - Continuous indices of glucoregulatory insulin resistance/sensitivity entered into the model were the HOMA-IR

(full cohort) index of insulin resistance or the Matsuda-IS (OGTT cohort) index of insulin sensitivity

Continuous
Glucoregulatory insulin
resistance/sensitivity IRS reference measure
Full cohort, HOMA-IR
OGTT cohort, Matsuda-IS IRS variables factor score
HR Significance HR Significance
(95% CI) (95% CI)
Full cohort 1.12 (0.79-1.61) 2.00 (1.35-2.96) .001
OGTT cohort 0.76 (0.49-1.24) 1.86 (1.28-2.71) .001
Diagnostic

Full cohort, HOMA-IR top sextile

OGTT cohort, Matsuda-IS top sextile

IRS variables factor score top sextile

HR (95% CI) Significance HR (95% CI) Significance
Full cohort 0.73 (0.31-1.72) 2.74 (1.45-5.17) .002
OGTT cohort 0.70 (0.27-1.78) 2.43 (1.26-4.69) .008

As a continuous reference measure of the IRS, the factor score from factor analyses of the IRS variables in the full cohort or the OGTT cohort was
entered into the model. The diagnostic index for glucoregulatory insulin resistance or the IRS was determined according to the cutoff for the top
sextile (or bottom sextile for insulin sensitivity, Matsuda-IS) of each continuous measure. Hazard ratios (95% confidence intervals) from Cox
proportional hazards modeling of CVD mortality. HR indicates hazard ratio.
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Table 3 - Example combinations of the IRS clinical index variables: triglycerides of at least 1.57 mmol/L, uric acid of at least

400 umol/L, HDL cholesterol not exceeding 1.17 mmol/L, FPG of at least 5.4 mmol/L, BMI of at least 26.24 kg/m?, and DBP of at
least 80 mm Hg as predictors of reference IRS status in logistic regression analysis in the full cohort (N = 832)

Prediction of IRS status in logistic
regression analysis

Prediction of CVD mortality
in Cox modeling

No. assigned to  Sensitivity Specificity AROC Hazard ratio Significance

positive IRS status (95% CI)
1. Triglycerides, uric acid, HDL cholesterol 66 43 99 0.77  2.25 (1.00-5.04) .04
2. Triglycerides, uric acid, HDL cholesterol plus any 64 43 99 0.77  2.32 (1.03-5.20) .04
one of FPG, BMI, or DBP
3. Triglycerides, uric acid plus any one of HDL 119 59 95 0.77  2.10 (1.06-4.16) .03
cholesterol, FPG, BMI, or DBP
4. Triglycerides, uric acid plus any one of FPG, BMI, 117 59 95 0.76  2.14 (1.08-4.24) .02
or DBP
5) Triglycerides, uric acid, plus HDL cholesterol 92 54 97 0.77  2.21 (1.06-4.59) .03
or FPG

Cox proportional hazards modeling of CVD survival time with example combinations as covariates is shown in the right-hand column (positive
reference IRS status applied to 139 participants in the cohort and predicted CVD mortality with a hazard ratio of 2.74; 95% CI, 1.45-5.17; P<0.01—

Table 2).

This predicted IRS diagnostic status with a sensitivity of 56%, a
specificity of 96%, and AROC of 0.76 and predicted CVD mortality
with a hazard ratio of 2.36 (95% CI, 1.19-4.68; P = .01).

To compare this IRS index with established CVD risk factors,
hypertension was defined as blood pressure of atleast 140/90 mm
Hg, hypercholesterolemia as serum cholesterol of at least 5.2
mmol/L, and cigarette smoking as 5 or more cigarettes per day. In
the full cohort, on Cox proportional hazards modeling, these
predicted CVD survival time with hazard ratios of 2.54 (P = .005),
1.83 (P = .06), and 1.66 (P = .2), respectively. Together, the IRS
index and hypertension predicted CVD survival time with
hazard ratios of 2.14 (95% CI, 1.07-4.26; P = .03) and 2.35 (95%
CI, 1.22-4.53; P = .01), respectively. Inclusion of hypercholester-
olemia or cigarette smoking with the IRS index did not affect
prediction by the IRS index.

With the 3 established risk factors plus the IRS index entered
in the model together, the IRS index and hypertension predicted
CVD survival time with hazard ratios of 1.94 (95% CI, 0.96-3.93;
P = .06) and 2.20 (95% CI, 1.14-4.27; P = .02), respectively.
Hypercholesterolemia and smoking were not predictive. In the
OGTT cohort, the IRS index was similarly predictive (results not
shown). Further investigations suggested that a cutoff of SBP of
at least 130 mm Hg instead of DBP of at least 80 mm Hg might
improve prediction of CVD survival time without affecting
prediction of IRS status. The CVD mortality hazard ratio for an
IRS index using SBP in the model incorporating the 3 classic risk
factors was 2.07 (95% CI, 1.02-4.19; P = .04).

The NCEP and IDF metabolic syndrome in the full cohort
was present in 9% and 13% of participants, respectively. On
Cox proportional hazards modeling, the NCEP metabolic
syndrome hazard ratio for CVD survival time was 2.05 (95%
CI, 0.86-4.85; P = .1); and for the IDF metabolic syndrome, 1.40
(95% CI, 0.62-3.14; P = .4).

4, Discussion

Our analyses constitute an algorithm for testing the hypoth-
esis that the IRS is an independent CVD risk factor and for

determining whether the IRS can contribute clinically to CVD
risk evaluation. Importantly, on Cox proportional hazards
modeling, CVD mortality was predicted by (1) an IRS reference
measure based on the coassociation between variables
mechanistically influenced by insulin resistance; (2) reference
IRS diagnostic status, derived according to CVD risk in
successive percentiles of the IRS reference measure; and (3) a
clinically usable IRS index, derived from readily measured
correlates of the IRS reference measure. Neither glucoregula-
tory insulin resistance nor 2 versions of the metabolic
syndrome were predictive, and the IRS index predicted
independently of 3 major risk factors. The IRS can, therefore,
enhance CVD risk evaluation.

“Insulin resistance” encompasses insulin’s effects on a
range of processes, but it has conventionally been quantified
exclusively in terms of the sensitivity of glucoregulation to
insulin. Only 2 of the IRS variables relate to glucoregulatory
insulin resistance that has, accordingly, been a relatively weak
predictor of CVD [19-22]. We found only weak correlations
between our IRS reference measure and indices of glucoregu-
latory insulin resistance, neither of which was a significant
CVD risk factor.

The metabolic syndrome (NCEP and IDF) did not predict
CVD death. Possibly, our use of a BMI surrogate for waist
circumference diminished the precision of the indices, as waist
circumference is a better predictor of incident CVD [23] and can
vary appreciably for a given BMI [24]. At population level,
several factors may contribute to divergences between BMI and
waist circumference, including sex, socioeconomic status, and
comorbidity. Our cohort was highly homogenous in these
respects; and in a comparable cohort, there was a very close
relationship [17]. Central adiposity rather than insulin resis-
tance may be the major influence on risk factor clustering, and
central adiposity-related risk factor clustering might usefully
be explored. There will, however, be overlap between this and
the IRS. It is important to identify which mechanistic axis any
analysis of risk factor clustering is addressing, and we have
examined only those variables for which it is well established
that insulin resistance has an important influence.
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Global risk indices such as the Framingham risk score [25-
27] were designed to maximize event prediction by combining
strong, independent CVD predictors. To compare an index or
measure of a syndrome, be it the metabolic syndrome or the
IRS, with a risk score is clearly inappropriate because a
syndrome measure should be treated as a risk factor rather
than arisk model. The metabolic syndrome, despite predicting
CVD, does not improve risk evaluation beyond the Framing-
ham score [25]; but whether the IRS would achieve an
improvement has not been studied previously. In our analysis
Framingham event probabilities were not predictive of CVD
mortality (results not shown), probably reflecting differences
between population samples (our high socioeconomic status
cohort had a CVD incidence only 55% of the contemporaneous
UK national average). Consequently, the IRS offered a marked
improvement over the Framingham score.

Our relatively homogeneous cohort had the advantage of
minimizing confounding population variation but the disad-
vantages of being a small cohort with few events. General
criteria for the metabolic syndrome [28] have been sought; but
it is questionable whether these can be achieved [6], and
whether general criteria for the IRS are realistic remains to be
established. Our algorithm, or one similar, will need to be
explored with larger populations and numbers of cases;
different cohorts, especially including women, who differ
from men in their risk factor relationships with regional fat
distribution [29,30]; different ethnic groups; stroke and coro-
nary artery disease morbidity and mortality; and other
measures that might contribute to an IRS clinical index [31].

Although others have found measures of risk factor
clustering based on factor analysis [32-37], or the related
technique of principal components analysis [38], to consis-
tently and independently predict CVD, the ability of these
approaches to discriminate coassociated risk factor variation
and provide for a reference measure has not previously been
highlighted. Our analysis might be improved by including
other measures such as waist circumference or C-reactive
protein; but it should be taken primarily as (1) a test of the
IRS hypothesis, (2) an illustration of how insulin resistance-
related risk factor clustering may be rendered as a contin-
uous measure, and (3) an evaluation of whether, in principle,
a clinically useful index of the IRS can be derived. The
variables and their cut points that make up our index
resemble those for several definitions of the metabolic
syndrome, although uric acid, which is currently receiving
renewed attention as a risk factor [39,40], played an
additional and prominent role. Moreover, in contrast to the
metabolic syndrome, our selection of variables, cut points,
and combinations of variables for the clinical index was
made systematically with reference to a rigorously derived
reference measure of the IRS.

Acknowledgment

Prof Victor Wynn initiated the HDDRISC study. We also extend
our thanks to the many clinical, scientific, technical, nursing,
and administrative staff who have contributed to the study.
Joseph Eliahoo of the Imperial College Statistical Advisory
Service provided guidance on assigning risk factor cutoffs, and

he and Prof Robert Elkeles critically read the manuscript. Dr
Therese Tillin and Prof Nishi Chaturvedi provided the informa-
tion on equivalences between BMI and waist circumference.

Funding: Financial support was provided by the Heart
Disease and Diabetes Research Trust, the Atherosclerosis
Research Trust, and the Rosen Foundation.

REFERENCES

[1] Alberti KG, Zimmet P, Shaw J, IDF Epidemiology Task Force
Consensus Group. The metabolic syndrome—a new world-
wide definition. Lancet 2005;366:1059-62.

Balkau B, Charles MA. Comment on the provisional report

from the WHO consultation. European Group for the

Study of Insulin Resistance (EGIR). Diabetes Care 1999;16:

442-3.

Executive summary of the third report of the National

Cholesterol Education Program (NCEP) Expert Panel on

Detection, Evaluation and Treatment of High Blood

Cholesterol in Adults (Adult Treatment Panel III). JAMA

2001;285:2486-97.

Alberti KGM, Zimmet PZ, for the WHO Consultation.

Definition, diagnosis and classification of diabetes mellitus

and its complications. Part 1: diagnosis and classification of

diabetes mellitus. Provisional report of a WHO consultation.

Diabetic Med 1998;15:539-53.

Haring R, Wallaschofski H, Nauck M, et al. Total and

cardiovascular disease mortality predicted by metabolic

syndrome is inferior relative to its components. Exp Clin

Endocrinol Diabetes 2010;118:685-91.

Simmons RK, Alberti KG, Gale EA, et al. The metabolic

syndrome: useful concept or clinical tool? Report of a WHO

expert consultation. Diabetologia 2010;53:600-5.

Mottillo S, Filion KB, Genest J, et al. The metabolic syndrome

and cardiovascular risk a systematic review and meta-

analysis. ] Am Coll Cardiol 2010;56:1113-32.

Reaven G. Banting lecture: role of insulin resistance in human

disease. Diabetes 1988;37:1595-607.

Facchini F, Chen YD, Hollenbeck CB, et al. Relationship

between resistance to insulin-mediated glucose uptake,

urinary uric acid clearance, and plasma uric acid concentra-
tion. JAMA 1991;266:3008-11.

[10] Onat A, Hergeng G, Tlrkmen S, et al. Discordance between
insulin resistance and metabolic syndrome: features and
associated cardiovascular risk in adults with normal glucose
regulation. Metabolism 2006;55:445-52.

[11] Meigs JB. Invited commentary: insulin resistance syndrome?
Syndrome X? Multiple metabolic syndrome? Factor analysis
reveals patterns in the fabric of correlated risk factors. AmJ
Epidemiol 2000;152:908-11.

[12] Lawlor DA, Ebrahim S, May M, et al. (Mis)use of factor analysis
in the study of insulin resistance syndrome. Am ] Epidemiol
2004;159:1013-8.

[13] Godsland IF, Leyva F, Worthington M, et al. Associations of
smoking, alcohol and physical activity with risk factors for
coronary heart disease and diabetes in the first follow-up
cohort of the HDDRISC Study (HDDRISC-1). J Intern Med
1998;244:33-41.

[14] Khan SR, Elkeles RS, Niththyananthan R, et al. Analysis of
high density lipoprotein subclasses by a precipitation
procedure: comparison with preparative ultracentrifuge. Clin
Chim Acta 1982;120:49-55.

[15] Matthews DR, Hosker JP, Rudenski AS, et al. Homeostasis
model assessment: insulin resistance and p-cell function
from fasting plasma glucose and insulin concentrations in
man. Diabetologia 1985;28:412-9.

[2

[3

[4

[5

6

7

8

[9



1448

METABOLISM CLINICAL AND EXPERIMENTAL 60 (2011) 1442-14438

[16] Matsuda M, DeFronzo RA. Insulin sensitivity indices obtained
from oral glucose tolerance testing. Diabetes Care 1999;22:
1462-70.

[17] Tillin T, Forouhi NG, Johnston DG, et al. Metabolic syndrome
and coronary heart disease in South Asians, African
Caribbeans and white Europeans: a U.K. population-based
cross-sectional study. Diabetologia 2005;48:649-56.

[18] Leyva F, Godsland IF, Walton C, et al. Factors of the metabolic
syndrome—baseline interrelationships in the first follow-up
cohort of the HDDRISC Study (HDDRISC-1). Arterioscler
Throm Vasc Biol 1998;18:208-14.

[19] Howard G, O’'Leary DH, Zaccaro D, et al. Insulin sensitivity and
atherosclerosis. Circulation 1996;93:1809-17.

[20] Ruige JB, Assendelft WJJ, Dekker JM, et al. Insulin and risk of
cardiovascular disease: a meta-analysis. Circulation 1998;97:
996-1001.

[21] Zethelius B, Lithell H, Hales CN, et al. Insulin sensitivity,
proinsulin and insulin as predictors of coronary heart disease.
A population-based 10-year, follow-up study in 70-year old
men using the euglycaemic insulin clamp. Diabetologia
2005,48:862-7.

[22] Nakamura K, Sakurai M, Miura K, et al. Homeostasis model
assessment of insulin resistance and the risk of cardiovas-
cular events in middle-aged non-diabetic Japanese men.
Diabetologia 2010;53:1894-902.

[23] Schneider HJ, Friedrich N, Klotsche J, et al. The predictive
value of different measures of obesity for incident
cardiovascular events and mortality. J Clin Endocrinol Metab
2010;95:1777-85.

[24] Stang A, Doring A, Volzke H, et al. Regional differences in body
fat distributions among people with comparable body mass
index: a comparison across six German population-based
surveys. Eur J Cardiovasc Prev Rehabil 2010 Jun 19. [Epub
ahead of print].

[25] Stern MP, Williams K, Gonzdlez-Villalpando C, et al. Does the
metabolic syndrome improve identification of individuals at
risk of type 2 diabetes and/or cardiovascular disease?
Diabetes Care 2004;27:2676-81.

[26] Wannamethee SG, Shaper AG, Lennon L, et al. Metabolic
syndrome vs Framingham Risk Score for prediction of
coronary heart disease, stroke and type 2 diabetes mellitus.
Arch Intern Med 2005;165:2644-50.

[27] Kahn R. The metabolic syndrome (emperor) wears no clothes.
Diabetes Care 2006;29:1693-6.

[28] Alberti KG, Eckel RH, Grundy SM, et al. Harmonizing the
metabolic syndrome: a joint interim statement of the
International Diabetes Federation Task Force on Epidemiology

and Prevention; National Heart, Lung, and Blood Institute;
American Heart Association; World Heart Federation;
International Atherosclerosis Society; and International
Association for the Study of Obesity. Circulation 2009;120:
1640-5.

[29] Regitz-Zagrosek V, Lehmkuhl E, Weickert MO. Gender
differences in the metabolic syndrome and their role for
cardiovascular disease. Clin Res Cardiol 2006;95:136-47.

[30] Erlingsson S, Herard S, Dahlqgvist-Leinhard O, et al. Men
develop more intraabdominal obesity and signs of the
metabolic syndrome after hyperalimentation than women.
Metabolism 2009;58:995-1001.

[31] Hsieh SD, Muto T, Tsuji H, et al. Clustering of other metabolic
risk factors in subjects with metabolic syndrome. Metabolism
2010;59:697-702.

[32] Pyorald M, Miettinen H, Halonen P, et al. Insulin resistance
syndrome predicts the risk of coronary heart disease and
stroke in healthy middle-aged men—the 22-year follow-up of
the Helsinki Policemen Study. Arterioscler Thromb Vasc Biol
2000;20:538-44.

[33] Lempidinen P, Mykkanen L, Pyoralad K, et al. Insulin resistance
syndrome predicts coronary heart disease events in elderly
nondiabetic men. Circulation 1999;100:123-8.

[34] Lehto S, Ronnemaa T, Pyordld K, et al. Cardiovascular risk
factors clustering with endogenous hyperinsulinaemia pre-
dict death from coronary heart disease in patients with type II
diabetes. Diabetologia 2000;43:148-55.

[35] Kuusisto ], Lempidinen P, Mykkédnen L, et al. Insulin resis-
tance syndrome predicts coronary heart disease events in
elderly type 2 diabetic men. Diabetes Care 2001;24:1629-33.

[36] Lakka HM, Laaksonen DE, Lakka TA, et al. The metabolic
syndrome and total and cardiovascular disease mortality in
middle-aged men. JAMA 2002;288:2709-16.

[37] Ohrvik ], Hedberg P, Jonason T, et al. Factor analysis of the
individual components of the metabolic syndrome among
elderly identifies two factors with different survival patterns—
a population-based study. Metab Syndr Relat Disord 2009;7:
171-7.

[38] Vaidya D, Mathias RA, Kral BG, et al. Independent metabolic
syndrome variants predict new-onset coronary artery
disease. Diabetes Care 2010;33:1376-8.

[39] Brodov Y, Behar S, Boyko V, et al. Effect of the metabolic
syndrome and hyperuricemia on outcome in patients with
coronary artery disease (from the Bezafibrate Infarction
Prevention Study). Am J Cardiol 2010;106:1717-20.

[40] Krishnan E, Sokolove J. Uric acid in heart disease: a new
C-reactive protein? Curr Opin Rheumatol 2011;23:174-7.



	A systematic evaluation of the insulin resistance syndrome as an independent risk factor for cardiovascular disease mortali...
	Introduction
	Methods
	Data acquisition
	Data analysis

	Results
	Derivation of the IRS reference measure
	The IRS reference measure as a covariate of �CVD survival time
	Derivation of an IRS reference diagnostic
	Selection of variables for possible inclusion in a clinical index of the IRS
	Derivation of a clinical index for the IRS �reference diagnostic
	Derivation of a clinically usable index for the IRS �reference diagnostic

	Discussion
	Acknowledgment
	References


