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Abstract.
Background: Historically, previous research demonstrating associations between self-rated health (SRH) and metabolic
anomalies have rarely controlled for metabolic covariates. Thus, there is currently poor understanding of the unique contri-
bution of SRH to metabolic syndrome (MetS) over and beyond diagnostic cardiometabolic abnormalities.
Objective: This study explored unique associations between SRH and multiple cardiometabolic factors, after controlling for
metabolic covariates.
Methods: This study was based on an analysis of archived population-based data from the 2019 Health Survey for England. A
total of 352 MetS cases were extracted from 10299 participants in the survey. Bootstrapped adjusted regression methods were
used to predict MetS status and cardiometabolic abnormalities (HDL (high-density lipoprotein) cholesterol, waist/hip ratio,
body mass index (BMI), systolic and diastolic blood pressure, and glycated haemoglobin (HbA1c)) from SRH. Structural
Equation Modelling (SEM) was used to explore direct and indirect associations between SRH and cardiometabolic factors,
with SRH treated as a mediating factor.
Results: SRH predicted MetS status but this was negated after cardiometabolic adjustments. Poor SRH independently
predicted HDL cholesterol deficiency, and elevated waist/hip ratio, BMI, and HbA1c, even after cardiometabolic adjustments.
SEM generated two models with equivalent fit indices, but different structural pathways. In one model SRH mediated relations
between anthropometric risk factors (waist/hip ratio and BMI).
Conclusions: SRH can help identify people at risk of developing MetS, irrespective of cardiometabolic abnormalities. Poor
SRH may represent a non-intrusive easily measurable risk factor for adiposity in MetS, especially where direct measurement
of body fat is impractical or socially challenging.

Keywords: Health, perception, syndrome, risk

∗Correspondence to: Dr Kanayo Umeh, School of Psychology,
Faculty of Health, Liverpool John Moores University, Liverpool,
Merseyside L3 3AF, UK, E-mail: f.k.umeh@ljmu.ac.uk.; ORCID
https://orcid.org/0000-0002-1519-4237

ISSN 2468-3884 © 2023 – The authors. Published by IOS Press. This is an Open Access article distributed under the terms
of the Creative Commons Attribution-NonCommercial License (CC BY-NC 4.0).

mailto:f.k.umeh@ljmu.ac.uk
https://orcid.org/0000-0002-1519-4237
https://creativecommons.org/licenses/by-nc/4.0/


8 K. Umeh et al. / Self-Rated Health and Metabolic Syndrome

BACKGROUND

Overview

Historically, previous research demonstrating
associations between self-rated health (SRH) and
metabolic abnormalities (e.g., HDL cholesterol,
triglycerides, truncal adiposity, blood pressure) have
rarely controlled for related metabolic factors [1–9].
While some studies have adjusted for anthropo-
metric markers, notably BMI [2], we found only
one study that controlled for biochemical anoma-
lies (e.g., HDL-C, triglycerides, blood glucose) [10].
No research has adjusted for blood pressure. Overall,
there is currently little understanding of the unique
contribution of SRH to metabolic health, over and
beyond metabolic abnormalities.

This is the first study to explore the unique associa-
tions between SRH and metabolic abnormalities after
adjusting for related metabolic factors. The findings
show that while self-rated health is not linked to MetS
‘caseness’ after controlling for metabolic factors, it
is uniquely linked to several metabolic abnormalities
(adiposity, lipoprotein, and blood glucose levels).

Self-rated health

SRH refers to a person’s evaluation of their
health status [11]. SRH may denote both diagnosed
and undiagnosed metabolic dysfunction (e.g., car-
diometabolic disease still at a preclinical phase),
and can be easily assessed using a simple single-
item self-report measure in which respondents rate
their health on a 5-point scale (e.g., 1 = ‘excellent’,
5 = ‘very poor’) [12]. The relationship between SRH
and metabolic health has been of particular inter-
est in biomedical research for over two decades [4,
5, 13]. SRH has been implicated in both MetS sta-
tus, and the cardiometabolic diagnostic biomarkers
used to define MetS, including insulin resistance,
hyperlipidaemia (high cholesterol), blood pressure,
and anthropometric factors [1–3]. More generally,
SRH reliably predicts future mortality despite con-
trolling for biomedical risk factors, and has shown
improved predictive power over time [14]. SRH
also predicts morbidity over and beyond biomedical
and sociodemographic risk factors [15, 16]. Over-
all, although subjective, SRH is considered a reliable
health index compared with biomarkers, including
metabolic abnormalities, and hence can be a useful
metric for understanding and predicting MetS [17].

Metabolic syndrome

MetS constitutes a cluster of cardiovascular risk
factors whose precise clinical definition varies [18].
The harmonised diagnostic criteria for MetS is shown
in Table 1. The presence of any 3 out of the 5 criteria is
considered diagnostic. Preceding the harmonised cri-
teria were the WHO, 1998; EGIR, 1999; NCEP-ATP
III, 2003 and the IDF, 2006 criteria. While the defini-
tions have similar parameters, there are variations in
the way some diagnostic metrics have been defined
[19]. The reported prevalence rates of MetS varies due
to these variations. Despite this there is recognition
that MetS is a global phenomenon with an estimated
25% of the world’s population being affected [20].
Studies continue to demonstrate the global burden of
MetS, within regional and country settings [21–26].

Self-reported health and metabolic syndrome

Self-rated health (SRH) is a consistent predictor
of mortality and morbidity even after controlling for
major biomedical risk factors [11, 14, 27]. It is com-
monly used in clinical settings and epidemiological
surveys [17]. Multiple studies have demonstrated a
reliable association between SRH and MetS [1–5].
In general, MetS caseness is associated with poor
SRH [5] irrespective of ethnic differences [1]. A
study of 2997 individuals representative of the US
civilian population found that people with MetS
had a higher prevalence of poor SRH (OR = 1.90;
95% CI: 1.03–1.59). Research with 12662 adults
(mean age = 43.68) found significant differences in
SRH between MetS cases and non-cases; 23.8% of
cases reported “poor” or “very poor” SRH com-
pared to just 12.9% of non-cases [4]. Furthermore, an
investigation of 1,535 community dwelling sedentary
adults (aged 70 to 89) found a significant relationship
between MetS and poor SRH; participants’ eval-
uations of their health worsened progressively as
the number of MetS risk factors increased (b = 0.04,
p = 0.01) [13].

Self-reported health and cardiometabolic
abnormalities

The relationship between SRH and MetS also
applies to specific diagnostic cardiometabolic abnor-
malities [2, 5–9]. Poor SRH is linked to abnormal
waist circumference (OR = 1.27, 95% CI: 1.03,
1.59), deficient high density lipoprotein (HDL)



K. Umeh et al. / Self-Rated Health and Metabolic Syndrome 9

Table 1
Definition of the metabolic syndrome (adapted from Alberti et al 2009)

Parameter Definition Comment

Elevated waist circumference Based on population and country specific
definitions

Waist circumference cut off varies
between regions

Elevated triglycerides ≥ 150 mg/dL (1.7 mmol/L) Or if on drug treatment
Reduced HDL-C <40 mg/dL (1.0 mmol/L) in males

<50 mg/dL (1.3 mmol/L) in females
Or if on drug treatment

Elevated Fasting Glucose ≥ 100 mg/dL Or if on drug treatment
Elevated Blood pressure systolic ≥ 130 and/or diastolic ≥ 85 mm Hg Or if on drug treatment

(OR = 1.67:95% CI: 1.34, 2.09) and high triglyc-
erides (OR = 1.66:95% CI: 1.33, 2.06) [5]. Poor SRH
is also implicated in hypertriglyceridemia, insulin
resistance [2], elevated BMI and waist/hip ratio [6,
7, 28–30] and blood pressure [31–33]. A recent
population-based cohort study of SRH and MetS
in 85,377 metabolically healthy men and women
found that poorer SRH was associated with a greater
risk of developing metabolic abnormalities including
hypertriglyceridemia and insulin resistance [2]. SRH
was more strongly associated with cardiometabolic
dysfunction in obese individuals (the multivariable-
adjusted HR (95% CI) for any abnormality given
“poor” versus “good” SRH was 0.97 (0.90–1.05) in
non-obese individuals, compared to 1.25 (1.02–1.52)
in obese participants).

Confounding effects

There is ambiguity regarding the unique contribu-
tion of SRH to MetS status and diagnostic criteria.
Most studies fail to adjust for the confounding
effects of various MetS diagnostic biomarkers when
assessing how SRH relates to MetS status or a spe-
cific diagnostic criterion [1–4, 13]. Some research
has adjusted for anthropometric (BMI) differen-
tials, but excluded other metabolic abnormalities
(e.g., HDL cholesterol, blood pressure) [2, 13]. One
study [13] initially found a significant association
between SRH and MetS status, adjusting for BMI
and other covariates. However, this relationship was
nullified after stratifying the sample by physician-
diagnosed diabetes status. Another study adjusted
for BMI when assessing relations between SRH and
metabolic abnormalities (e.g., hypertriglyceridemia,
insulin resistance) [2]. However, other diagnostic cri-
teria, notably waist/hip ratio, systolic/diastolic blood
pressure, and HDL cholesterol, were not included as
covariates.

There is also ambiguity regarding direct and indi-
rect effects involving BMI, SRH, and metabolic
health. A longitudinal study of BMI trajectories pre-
ceding first report of “poor” SRH in 2927 adults
found that BMI had previously increased markedly
(1.3 kg/m2 95%CI: 0.9 to 1.8 across ten years) in
participants with poor SRH [28]. However, it is
unclear whether SRH was an intervening variable
in metabolic health, mediating associations between
past BMI and future cardiometabolic abnormalities.
Since MetS diagnosis does not necessarily require
adiposity [34], SRH may be a useful indicator of
metabolic dysfunction involving obesity, especially
in situations where body weight measurements are
impractical or socially unacceptable [35].

Research objectives

Overall, there is ambiguity regarding the unique
contribution of SRH to MetS status and its diagnos-
tic criteria after accounting for metabolic covariates.
There is also uncertainty regarding the direct and
indirect relationships between SRH, BMI, and other
cardiometabolic factors. Overall, the current study
examined three specific questions:

1. Is SRH independently associated with MetS
status (‘caseness’) even after adjusting for car-
diometabolic risk factors? Based on previous
research [1, 3, 4] we hypothesised that the odds
of MetS ‘caseness’ is significantly higher in
people with “fair” or “poor” SRH, compared to
those with “good” or “very good” evaluations
of their health (Hypothesis 1), irrespective of
metabolic covariates.

2. Is SRH independently associated with individ-
ual cardiometabolic abnormalities, even after
adjusting for metabolic covariates? Consistent
with previous work [2] we expected indepen-
dent associations between SRH and individual
metabolic risk factors (systolic/diastolic blood
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pressure, BMI, waist/hip ratio, HDL choles-
terol), even after adjustments for metabolic
covariates (Hypothesis 2)

3. Are associations between cardiometabolic
abnormalities explained by SRH? Given that
higher previous BMI predicts poorer current
SRH [28], which in turn is linked to increased
risk of future cardiometabolic abnormalities [2],
we hypothesised that SRH mediates associa-
tions between BMI and other metabolic factors
(Hypothesis 3).

METHODOLOGY

Ethics approval

Ethics approval for this investigation was provided
by the university research ethics committee, cover-
ing research using archived data from the Health
Survey for England (approval number 16/NSP/035).
The study was performed in accordance with ethi-
cal standards as laid down in the 1964 Declaration
of Helsinki, and its later amendments or comparable
ethical standards.

Data availability statement

This study analysed data from the Health Sur-
vey for England (HSE) which is conducted by the
National Centre for Social Research (NatCen) and
the Department of Epidemiology and Public Health at
University College London. HSE data and materials
cannot be shared publicly for legal and ethical rea-
sons, due to third party rights, institutional or national
regulations or laws, and the nature of data gathered.
Access to HSE data is provided by the UK Data
Service under restrictions to protect confidential or
proprietary information. To gain access users need to
be registered with the UK Data Service. Access is
limited to applicants based in UK further and higher
education institutions, central and local government,
NHS, research companies and charities for not-for-
profit education and research purposes only. Access
requests from users not in the above categories can
be submitted to surveys.queries@nhs.net and will be
subject to approval. For more information, please see
the UK Data Service website. https://rb.gy/vhi5uf

Study participants

This study used data extracted from the 2019 HSE,
a national population-based survey of biomedical

and lifestyle characteristics of private households
in England [36–38], with around 8000 adults and
2000 children participating each year. The HSE
adopts a multi-stage stratified sampling approach.
The 2019 HSE records contain data from 10299
adults (aged = >16) and children (aged 0 to 15)
interviewed in 2019, with 4,947 adults and 1,169
children being visited by a nurse, to collect biomet-
ric data. All participants provided informed consent.
The sample included males (n = 4745) and females
(n = 5554) who provided data on SRH and car-
diometabolic risk factors, including diabetes status,
glycaeted haemoglobin (HbA1c), HDL cholesterol,
BMI, waist/hip ratio, and systolic/diastolic blood
pressure. The sample was predominantly Caucasian
(n = 8561 (83.1%)) and aged over 16 (n = 8204,
(79.7%)), with a minority reporting degree-level edu-
cation (n = 2370 (23%)).

Determination of sample size

Power analysis for logistic regression using
G*Power 3.1.7 [39] generated a minimum total
sample size of 7990 (at p < 0.05, 80% power).
Power analysis for multiple regression (p < 0.05, 80%
power) indicated a minimum total sample size of 822
[40].

Self-reported health

The SRH measure was adapted from a previous
study [12]. In the wider literature SRH is measured
using three to five response categories reflecting
favourable, neutral, and unfavourable ratings (e.g.,
“poor”, “fair”, “good”) [11]. The HSE responses were
grouped into five options (“very bad” (4), “bad” (3),
“fair” (2), “good” (1) and “very good” (0)), which
we collapsed into a dichotomous measure, with two
response categories: “very bad/bad/fair” (code = 1)
vs. “good/very good” (code = 0) [41]. The creation
of a dichotomous variable was primarily due to low
frequencies of “bad” (n = 522 (5.1%)) and “very bad”
(n = 176 (1.7%)) responses.

Demographics

Gender was a simple dichotomy: male (coded 1),
female (coded 0). Age was measured using twenty-
two 5-year bands, ranging from 0 to 90 + . Ages
1 to 16 were grouped into six 1- or 2-year age
bands (e.g., 2–4, 5–7, 13–15), while ages over 16
were classified into 3- or 4-year age bands (e.g.,
16–19, 30–34, 75–70). Socio-economic classification

https://rb.gy/vhi5uf
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was based on eight groupings of the UK Regis-
trar General’s scale: (code = 0) ‘Higher managerial
and professional’, (code = 1) ‘Lower managerial and
professional’, (code = 2) ‘Intermediate occupations’,
(code = 3) ‘Small employers & own account work-
ers’, (code = 4) ‘Lower supervisory and technical’,
(code = 5) ‘Semi-routine occupations’, (code = 6)
‘Routine occupations’, and (code = 7) ‘Never worked
& long-term unemployed’. Ethnic groups were
‘White’ (coded 0) and ‘non-White’ (coded 1). Educa-
tional level was collapsed into two categories: ‘below
degree or none’ (coded 0) and ‘degree or equivalent’
(coded 1).

Metabolic syndrome

To identify MetS cases we used WHO clinical
criteria as a starting point [20]. This comprises pres-
ence of insulin resistance or glucose > 6.1 mmol/L
(110 mg/dl), 2 hour glucose > 7.8 mmol (140 mg/dl),
combined with any two of four additional clinical cri-
teria: (a) HDL cholesterol < 0.9 mmol/L (35 mg/dl)
for men, and <1.0 mmol/L (40 mg/dl) for women,
(b) triglycerides > 1.7 mmol/L (150 mg/dl), (c) a
waist/hip ratio > 0.9 for men, or > 0.85 for women,
or a BMI value > 30 kg/m2, and (d) blood pres-
sure > 140/90 mmHg. Since type 2 diabetes (T2DM)
is the predominate clinical consequence of insulin
resistance [42] we used respondents T2DM status
as a biomarker for the former. We also opted for
BMI rather than waist/hip ratio in identifying MetS
cases since the former criterion (BMI > 30 kg/m2)
applies to both males and females [43]. We adopted
the more conservative HDL cholesterol thresh-
old for men (<0.9 mmol/L (35 mg/dl)). Overall,
consistent with WHO criteria [34], we identified
MetS cases based on the presence of T2DM plus
any two additional cardiometabolic abnormalities:
(a) HDL cholesterol < 0.9 mmol/L (35 mg/dl); (b)
BMI value > 30 kg/m2; (c) blood pressure > 140/90
mmHg. Due to the small number of respondents who
provided systolic (n = 844) and diastolic (n = 256)
readings, we used formal diagnosis of hypertension
by a doctor or nurse (n = 2033) as the blood pressure
criterion. In total, 352 MetS cases (3.4%) were identi-
fied using the clinical criteria (coding: MetS cases = 1,
non-cases = 0).

Cardiometabolic measurements

Cardiometabolic measures were based on blood
samples drawn during the nurse visit undertaken as

part of the HSE [36]. All variables were treated
as both continuous measures and dichotomised
variables (the latter based on clinically significant
thresholds, with unhealthy values coded as 1). HDL
or ‘good cholesterol’ was calibrated in mmol/L, with
0.9 mmol/L (35 mg/dl) for men used as the criti-
cal cut-off (≥0.9 mmol/L (coded 0) vs. <0.9 mmol/L
(coded 1)); We extracted waist/hip ratio data, with
0.85 (women) used as the critical threshold (>0.85
(coded 1) vs. <0.85 (coded 0)). BMI (body mass
index) scores were dichotomised based on 30 kg/m2

cut-off for obesity (WHO, 1999) (>30 kg/m2 (coded
1) vs. <30 kg/m2 (coded 0)). As in previous research
[12] systolic and diastolic blood pressure data were
treated as separate variables due to their differ-
ential impact on health outcomes (e.g. systolic
pressure has a more pronounced effect on mortal-
ity rates in older adults) [44]; systolic (≤120 mm
Hg (coded 0) vs.>120 mm Hg (coded 1)); diastolic
(≤80 mm Hg (coded 0) vs.>80 mm Hg (coded 1)).
Diagnosis with hypertension by a doctor was also
dichotomised (‘Yes’ (coded 1) vs. ‘No’ (coded 0)).
Although MetS diagnostic criteria does not include
glycaeted haemoglobin (HbA1c) [34], we assessed
it here in place of fasting glucose. This is consis-
tent with a new MetS clinical definition proposed
by the IDF (International Diabetes Federation), [45].
The HSE measures HbA1c in both IFCC (Inter-
national Federation of Clinical Chemistry) units
of mmol/mol, and DCCT (Diabetes Control and
Complications Trial) percentages. We assessed the
IFCC calibration, which is more familiar in Europe
[46]. HbA1c mmol/mol data was dichotomised,
using the recommended 48 mmol/mol clinical thresh-
old; (<48 mmol/mol (coded 0) vs. = >48 mmol/mol
(coded 1)) [47].

Data analysis

Chi-square and independent samples t-tests were
used to analyse descriptive data based on MetS sta-
tus. Bootstrapped hierarchical logistic regression was
used to test Hypothesis 1, which posits that SRH
is independently associated with MetS, adjusting
for six cardiometabolic covariates: (a) HDL choles-
terol (mmol/L), (b) waist/hip ratio, (c) BMI (kg/m2),
(d) systolic blood pressure (mmHg), (e) diastolic
blood pressure (mmHg), and (f) HbA1c (mmol/mol)).
These covariates reflect WHO diagnostic biomark-
ers used to define MetS [20], with the exception of
HbA1c which we included in place of fasting glu-
cose [45]. Thus, the purpose of the analysis was to
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control for the confounding effects of MetS diagnos-
tic metrics in assessing the association between SRH
and MetS status. Several socio-demographic factors
(age, gender, social class, ethnicity) were also treated
as covariates, given previous research implicating
these characteristics in metabolic health [48–50]. We
tested three models: Model 1 (MetS = Intercept +
Age + Gender + Social Class + Ethnicity), Model
2 (MetS = Intercept + Age + Gender + Social Class +
Ethnicity + SRH), Model 3 (MetS = Intercept + Age +
Gender + Social Class + Ethnicity + SRH + metabolic
factors).

Bootstrapped hierarchical multiple regression was
used to test Hypothesis 2, which proposes asso-
ciations between SRH (predictor) and the six
cardiometabolic factors. In each regression analysis
to predict a metabolic variable the other metabolic
factors were treated as covariates. The goal was to
adjust for the confounding effects of MetS diagnostic
biomarkers when assessing the relationship between
SRH and a specific biomarker. Socio-demographic
factors (age, gender, social class, ethnicity) were also
assessed as covariates. Again, we tested three mod-
els: Model 1 (a cardiometabolic factor = Intercept +
Age + Gender + Social Class + Ethnicity), Model 2
(a cardiometabolic factor = Intercept + Age + Gen-
der + Social Class + Ethnicity + SRH), Model 3
(a cardiometabolic factor = Intercept + Age + Gen-
der + Social Class + Ethnicity + SRH + the other
cardiometabolic risk factors).

SEM (IBM AMOS SPSS statistical package, ver-
sion 26) was used to test Hypothesis 3 (i.e., SRH
mediates relationships between BMI and other car-
diometabolic factors). We analysed data from the
whole sample (N = 10299), and used maximum like-
lihood estimation [51], which required treating SRH
categories (“very bad” (4), “bad” (3), “fair” (2),
“good” (1) and “very good” (0)) as one continu-
ous variable. Since maximum likelihood estimation
assumes multivariate normality we tested all vari-
ables for skewness, and kurtosis. Acceptable levels of
skewness fall between –3 and +3, and kurtosis values
from –10 to +10, when using SEM [52]. Skewness
for all variables was < 1, except for HbA1c, which
was highly skewed (4.63). Similarly, kurtosis values
for all values were < 10, apart from HbA1c, which
indicated a highly leptokurtic distribution (i.e., very
peaked). Thus, we excluded HbA1c data from SEM.
To reduce the type 1 error rates, we adopted a more
conservative alpha level (p < 0.001) by applying a
Bonferroni correction. While this may increase the
risk of false negatives greater emphasis was placed on

minimising type 1 errors given the multiple statistical
analyses [53].

RESULTS

Descriptive statistics

The rates of missing data ranged from 20.5%
(BMI) to 66.1% (HbA1c) (see Fig. 1). Given the
large overall sample size, and hence statistical power,
we opted for listwise deletion of cases with miss-
ing values. Despite the drawbacks of listwise deletion
[54], we chose to avoid statistical methods that input
(replace) missing values by estimating parameters
(e.g., Expectation Maximisation (EM) method), due
to limitations associated with such methods, includ-
ing assumptions of multivariate normality (which
does not hold in dealing with categorical variables
e.g., MetS status (case/non-case)) [55]. Overall, 352
patients (3.4%) met the diagnostic criteria for MetS
[34]. Almost 600 respondents had been diagnosed
with type 2 diabetes (n = 584 (5.7%)). Subgroups of
participants also met other diagnostic criteria, specif-
ically HDL cholesterol< = 0.9 mmol/L (35 mg/dl)
(n = 7079 (68.7%)), Waist/hip ratio = >0.85 (n = 3018
(29.3%)); a BMI > 30 kg/m2 (n = 2049 (19.9%)); and
just over 2000 respondents had been diagnosed
with hypertension by a doctor or nurse; (n = 2033
(19.7%)). A smaller number of participants provided
actual systolic data (n = 844 (8.2%)>140 mmHg)
and diastolic data (n = 256 (2.5%)>90 mmHg). Most
respondents reported “very good” or “good” SRH
(n = 7931 (77%)), with the remainder reporting “fair”,
“bad”, or “very bad” health (n = 2365 (23%)).

Frequency data is presented in Fig. 2. MetS
cases had all been diagnosed with T2DM by a
doctor/nurse (100%), were more likely to be HDL
deficient (mmol/L) < 0.9 (63.1% versus 82.1%), (χ2
(1, N = 8304) = 52.87, p < 0.001), and have an ele-
vated waist/hip ratio (27.2% versus 48%), (χ2 (1,
N = 8304) = 72.17, p < 0.001), and BMI (>30 kg/m2)
(6.6% versus 59.9%), (χ2 (1, N = 8304) = 1189.34,
p < 0.001). Compared to non-cases MetS cases were
more likely to be hypertensive (6.3% versus 88.1%),
(χ2 (1, N = 8303) = 2549.86, p < 0.001), with abnor-
mal systolic blood pressure (>140 mmHg) (7.2%
versus 12.2%) (χ2 (1, N = 8304) = 12.24, p < 0.001),
and HbA1c (>48 mmol/mol) (2.1% versus 18.5%),
(χ2 (1, N = 8304) = 326.80, p < 0.001), and less likely
to report “good/very good” SRH (82.9% versus
36.6%), (χ2 (1, N = 8302) = 468.57, p < 0.001). There
were also significant demographic differences. Com-
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Fig. 1. STROBE Flow Diagram.

pared to healthy respondents MetS cases were less
likely to have a (lower) managerial, administra-
tive, and professional background (7.4% versus
4.1%) (χ2 (1, N = 5790) = 33.30, p < 0.001), and more
likely to be male (45.3% versus 54.8%) (χ2 (1,
N = 8304) = 12.34, p < 0.000), and belong to the old-
est age group, aged over 75 years (9.1% versus
24.4%) (χ2 (1, N = 6232) = 340.72, p < 0.001).

Table 2 shows means and standard deviations.
T-tests for independent groups showed that, com-
pared to non-cases, participants with MetS had
significantly lower HDL cholesterol (mmol/L)
(M = 1.49 versus 1.18), t(3161) = –7.15, p < 0.0001,
and higher HbA1c (mmol/mol) (M = 38.97 ver-

sus 59.61), t(89.84) = 10.50, p < 0.0001, waist/hip
ratio (M = 0.86 versus 0.98), t(41911) = 17.45,
p < 0.0001, BMI (M = 24.08 versus 33.41),
t(308.70) = 24.97, p < 0.0001, and systolic blood
pressure (mmHg) (M = 120.48 versus 129.34),
t(4589) = 7.10, p < 0.0001.

Hypothesis 1: SRH and metabolic syndrome

Table 3 shows logistic regression estimates,
together with overall model parameters. One demo-
graphic variable (age) predicted MetS status (Model
1) (OR = 1.21, 95%CI [1.13 –1.31]). Addition of
SRH (Model 2) resulted in good fit: respon-
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Fig. 2. Frequencies for metabolic syndrome (MetS) status by self-rated health (SRH) and cardiometabolic abnormalities (HbA1c, BMI,
Waist/hip ratio, HDL cholesterol, and hypertension). All variables are dichotomised, to maximise cell frequencies. Asterisk (*) = significant
(p ≤ 0.001).

Table 2
Means and standard deviations for metabolic syndrome by cardiometabolic factors and self-rated health

Total sample Metabolic syndrome case Non-case

Metabolic factors N, Mean (SD) N, Mean (SD) N, Mean (SD) Sig

High density lipoprotein (HDL) (mmol/L) 3527, 1.45 (0.42) 90, 1.18 (0.33) 3073, 1.49 (0.41) p < 0.001
Waist/hip ratio 5038, 0.87 (0.09) 181, 0.98 (0.08) 4012, 0.86 (0.08) p < 0.001
Body mass index (BMI) (kg/m2) 8188, 26.24 (6.59) 290, 33.41 (6.25) 6155, 24.08 (5.27) p < 0.001
Diastolic BP (mm Hg) 5465, 70.72 (11.02) 184, 69.99 (10.84) 4407, 69.87 (10.68) n.s.
Systolic BP (mm Hg) 5465, 122.38 (17.18) 184, 129.34 (16.37) 4407, 120.48 (16.57) p < 0.001
HbA1c (mmol/mol) 3495, 39.63 (8.40) 90, 59.61 (18.60) 3038, 38.97 (7.43) p < 0.001

Notes: Samples sizes represent valid N (listwise.

dents reporting “good/very good” SRH were less
likely to have MetS, compared to those reporting
“fair/bad/very bad” SRH (OR = 0.26, 95%CI [0.16
–0.42]). The small confidence intervals suggest a
more precise population estimate. However, addi-
tion of cardiometabolic variables (HDL cholesterol
(mmol/L), BMI (kg/m2), systolic/diastolic blood
pressure (mmHg), and HbA1c (mmol/mol)) (Model

3) nullified the association between SRH and MetS
status (waist/hip ratio was excluded from this analysis
due to an extremely high odds ratio observed in pre-
liminary analysis, indicating a large standard error).
Respondents with higher BMI values (OR = 1.33,
95%CI [1.26 – 1.41]), and HbA1c levels (OR = 1.08,
95%CI [1.06 – 1.10]), were more likely to meet MetS
criteria.
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Table 3
Bootstrapped hierarchical logistic regression predicting MetS ‘caseness’ from demographics, self-rated health and metabolic covariates

Model 1 Model 2 Model 3
Demographics Self-rated health Cardiometabolic risk factors

n = 10299 n = 10299 n = 10299
Predictors Odds ratio (95% CI), Sig Odds ratio (95% CI), Sig Odds ratio (95% CI), Sig

Age 1.21 (1.13, 1.31), p < 0.001* 1.16 (1.08, 1.26), p < 0.001* 1.34 (1.17, 1.53), p < 0.001*
Gender 1.26 (0.81, 1.98), p = 0.298 1.27 (0.81, 2.00), p = 0.294 1.51 (0.80, 2.85), p = 0.199
Social class 1.07 (0.91, 1.26), p = 0.395 0.99 (0.83, 1.17), p = 0.922 0.93 (0.75, 1.15), p = 0.529
Ethnicity 1.18 (0.46, 3.02), p = 0.717 1.41 (0.55, 3.61), p = 0.470 1.59 (0.50, 5.00), p = 0.424
Self-rated health 0.26 (0.16, 0.42), p < 0.001* 0.91 (0.49, 1.66), p = 0.763
HDL cholesterol (mmol/L) 0.32 (0.11, 0.93), p = 0.037
Body Mass Index (kg/m2) 1.33 (1.26, 1.41), p < 0.001*
Systolic blood pressure (mmHg) 1.01 (0.98, 1.03), p = 0.387
Diastolic blood pressure (mmHg) 0.97 (0.93, 1.00), p = 0.115
HbA1c (mmol/mol) 1.08 (1.06, 1.10), p < 0.001*

-2 log-likelihood 686.466 656.872 359.741
Cox & Snell R Square 0.013 0.023 0.125
Nagelkerke R Square 0.053 0.099 0.534
Model Chi-square (χ2) X2 (4, 10299) = 33.93, p < 0.001 X2 (5, 10299) = 63.53, p < 0.001 X2 (10, 10299) = 360.66, p < 0.001
Hosmer and Lemeshow test X2 (8, 10299) = 21.22, p = 0.007 X2 (8, 10299) = 13.46, p = 0.097 X2 (8, 10299) = 4.21, p = 0.837

Note. Model 1 (demographics), Model 2 (SRH added), Model 3 (cardiometabolic covariates added). Model 3 includes all predictor variables. Asterisk symbols
indicate significance. Hosmer & Lemeshow goodness-of-fit test assesses whether observed frequencies reflect expected frequencies in subgroups (with different
predicted probabilities) within the model population. p-values < 0.05 suggest poor fit, albeit p > 0.05 does not necessarily denote good fit.
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Hypothesis 2: SRH and cardiometabolic
abnormalities

Table 4 shows the results. SRH predicted HDL
cholesterol (mmol/L) (Model 2), contributing a
significant increase in the explained variance,
�R2 = 0.019, F (1, 2967) = 70.31, p < 0.001. Good
SRH was associated with higher HDL cholesterol
(mmol/L) (� = 0.06, p < 0.001). This relationship
remained significant after adjusting for BMI (kg/m2),
waist/hip ratio, systolic/diastolic blood pressure
(mmHg), and HbA1c (mmol/mol) (Model 3). SRH
significantly predicted waist/hip ratio (Model 2),
accounting for circa 2% of the variance, �R2 = 0.017,
F (1, 2967) = 94.65, p < 0.001. Respondents report-
ing favourable SRH had lower waist/hip ratios
(� = –0.13, p < 0.001). Adjusting for cardiometabolic
variables (Model 3) failed to attenuate the association
between SRH and waist/hip ratio.

More favourable SRH predicted reduced BMI
(kg/m2) (� = –0.19, p < 0.001), accounting for an
additional 3.5% variance after adjustment for
demographic factors (Model 2), �R2 = 0.035, F
(1, 2967) = 108.90, p < 0.001. Accounting for car-
diometabolic factors (Model 3) did not negate
relations between SRH and BMI (kg/m2). There
was no association between SRH and systolic
blood pressure. However, SRH significantly pre-
dicted HbA1c (mmol/mol) following adjustment for
demographics (Model 2). Good SRH depicted lower
HbA1c (� = –0.14, p < 0.001), with significant model
improvement (�R2 = 0.021, F (1, 2967) = 69.48,
p < 0.001). This association remained significant after
including cardiometabolic covariates.

Sensitivity analysis

The data was reanalysed with and without
EM applied to missing data for SRH, MetS sta-
tus, and cardiometabolic factors (HDL cholesterol,
waist/hip ratio, BMI, systolic/diastolic blood pres-
sure, HbA1c). Logistic regression results using EM
data reflected the original findings, except for a signif-
icant association between SRH and MetS status in the
fully adjusted model (comprising all cardiometabolic
covariates) (Model 3) (OR = 0.40, [CI 0.29–0.56]).
Unlike the original results, relations between SRH
and MetS remained significant following metabolic
adjustment. This suggests the overall outcome of this
model is partly affected by management of missing
data using EM algorithms. Multiple regression results
with EM data supported the original analysis. SRH

significantly predicted HDL cholesterol (� = 0.03,
p < 0.001), BMI (� = –0.06, p < 0.001), and HbA1c
(� = –0.05, p < 0.001), but was unrelated to both sys-
tolic and diastolic blood pressure (p’s > 0.001) in
the full adjusted models with all metabolic covari-
ates included. The only exception was waist/hip
ratio, which SRH failed to predict at the Bonferroni-
adjusted alpha level (� = 0.03, p = 0.03).

Hypothesis 3: Direct and indirect relationships

Assessment of model fit was based on the fol-
lowing criteria: chi-square χ2 (CMIN) (p > 0.05),
χ2 (CMIN)/df < 2.00, root mean square error
of approximation (RMSEA) < 0.07, comparative
fit index (CFI) ≥ 0.95, Tucker and Lewis Index
(TLI) ≥ 0.95, and normed fit index (NFI) ≥ 0.95
[56]. BMI was allowed to directly predict SRH,
and both were allowed to affect metabolic factors
(Hypothesis 3). We also tested reverse pathways.
We excluded diastolic and systolic blood pressure
due to the lack of significant associations with
SRH in prior regression analysis. Initial analy-
sis using specification-search generated two models
with good metrics. The first model is presented
in Fig. 3, while maximum likelihood estimates are
shown in Table 5. Multiple fit criteria suggested
good fit: χ2 (CMIN) = 1.69, df = 1, p = 0.193, χ2
(CMIN) /df = 1.69, RMSEA = 0.008, CFI = 1.00,
TLI = 0.997, and NFI = 0.999. This model showed
that SRH mediated relations between BMI and
waist/hip ratio, whereby the latter predicted poorer
SRH (� = 0.18, p < 0.001), which in turn predicted
higher BMI (� = 0.25, p < 0.001). The alternative
model is displayed in Fig. 4. This model had similar fit
indices to the first model: χ2 (CMIN) = 1.69, df = 1,
p = 0.193, χ2 (CMIN) /df = 1.69, RMSEA = 0.008,
CFI = 1.00, TLI = 0.997, and NFI = 0.999. Maximum
likelihood estimates are shown in Table 6. Beyond
fit indices this model differed in its structural path-
ways and explained variance. SRH had no mediating
effect. Rather, it directly predicted BMI, with poorer
SRH associated with higher adiposity (� = 0.54,
p < 0.001).

DISCUSSION

This is the first study to explore the unique contri-
bution of SRH to MetS status and diagnostic criteria,
while adjusting for multiple metabolic covariates. It
is also the first study to examine direct and indi-
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Table 4
Final regression models predicting cardiometabolic factors from demographics, self-rated health, and metabolic covariates

HDL cholesterol
(mmol/L)

Waist/hip ratio BMI (kg/m2) Systolic BP (mmHg) Diastolic BP (mmHg) HbA1c (mmol/mol)

Predictors (Model 3) b 95%CI
[LL, UL], beta

b 95%CI
[LL, UL], beta

b 95%CI
[LL, UL], beta

b 95%CI
[LL, UL], beta

b 95%CI
[LL, UL], beta

b 95%CI
[LL, UL], beta

Age 0.02*
[0.02, 0.03], 0.20

0.00*
[0.00, 0.00], 0.29

–0.19*
[–0.25, –0.13], –0.12

1.81*
[1.67, 1.96], 0.36

–0.89*
[–0.99, –0.78], –0.28

0.55*
[0.44, 0.65], 0.22

Gender –0.21*
[–0.25, –0.18], –0.25

0.09*
[0.08, 0.09], 0.30

–3.81*
[–4.22, –3.40], –0.35

5.67*
[4.54, 6.81], 0.17

–2.52*
[–3.31, –1.74], –0.11

–1.47*
[–2.23, –0.70], –0.08

Social class –0.01
[–0.02, –0.00], –0.03

0.00*
[0.00, 0.00], 0.03

–0.04
[–0.15, 0.07], –0.01

0.22
[–0.08, 0.53], 0.01

–0.12
[–0.33, 0.08], –0.01

0.17
[–0.03, 0.37], 0.02

Ethnicity 0.06
[0.01, 0.10], 0.04

–0.00
[–0.01, –0.00], –0.02

1.20*
[0.68, 1.72], 0.07

2.12
[0.72, 3.51], 0.03

–2.02*
[–2.98, –1.07], –0.05

–2.15*
[–3.07, –1.23], –0.07

Self-rated health 0.06*
[0.03, 0.09], 0.06

–0.01*
[–0.01, –0.00], –0.04

–1.05*
[–1.44, –0.66], –0.08

–0.02
[–1.07, 1.01], –0.00

0.47
[–0.24, 1.18], 0.01

–1.95*
[–2.64, –1.26], –0.09

HDL cholesterol (mmol/L) – –0.02*
[–0.03, –0.01], –0.11

–2.39 *
[–2.82, –1.96], –0.19

1.62
[0.46, 2.78], 0.04

0.38
[–0.41, 1.18], 0.01

–2.13*
[–2.90, –1.37], –0.10

Waist/hip ratio –0.96*
[–1.18, –0.74], –0.21

– 29.85*
[27.38, 32.32], 0.52

–3.23
[–10.43, 3.95], –0.01

13.17*
[8.25, 18.09], 0.11

17.06*
[12.33, 21.79], 0.18

BMI (kg/m2) –0.01*
[–0.01, –0.01], –0.20

0.00*
[0.00, 0.00], 0.30

– 0.07
[–0.02, 0.17], 0.02

0.25*
[0.18, 0.31], 0.12

0.07
[0.00, 0.13], 0.04

Systolic BP (mmHg) 0.00
[0.00, 0.00], 0.06

0.00
[0.00, 0.00], –0.01

0.01
[–0.00, 0.02], 0.03

– 0.42*
[0.40, 0.44], 0.66

0.01
[–0.00, 0.03], 0.02

Diastolic BP (mmHg) 0.00
[–0.00, 0.00], 0.02

0.01*
[0.00, 0.00], 0.08

0.07*
[0.05, 0.09], 0.15

0.90*
[0.86, 0.94], 0.57

– –0.03
[–0.06, 0.00], –0.04

HbA1c (mmol/mol) –0.00*
[–0.00, 0.00], –0.09

–0.02*
[–0.03, –0.01], –0.11

0.02
[0.00, 0.04], 0.03

0.03
[–0.02, 0.08], 0.01

–0.03
[–0.07, 0.00], –0.02

–

R2 0.28 (28%) 0.60 (60%) 0.33 (33%) 0.51 (51%) 0.44 (44%) 0.16 (16%)
F F (10, 2962) = 120.08,

p < 0.001
F (10, 2962) = 460.77,
p < 0.001

F (10, 2962) = 145.94,
p < 0.001

F (10, 2962) = 315.25,
p < 0.001

F (10, 2962) = 232.67,
p < 0.001

F (10, 2962) = 60.05,
p < 0.001

Note. Model 1 (+ demographics), Model 2 (+ SRH), Model 3 (+ cardiometabolic covariates). Coefficients with an asterisk (*) are significant (p < 0.001).
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Fig. 3. First SEM model suggesting SRH mediates the relationship between BMI and waist/hip ratio.

Table 5
Maximum likelihood estimation results (first model)

Estimate S.E. C.R. P Label

Waist/hip ratio �————— Body mass index (BMI,
(kg/m2))

0.616 0.000 24.358 *** Supported

Waist/hip ratio �————— High density lipoprotein
(HDL, (mmol/L))

0.456 0.012 8.702 *** Supported

Self-rated health �————— Waist/hip ratio 0.185 0.150 12.054 *** Supported
High density lipoprotein (HDL, (mmol/L)) �————— Waist/hip ratio –0.742 0.160 –20.690 *** Supported
Body mass index (BMI, (kg/m2)) �————— Self-rated health 0.250 0.088 19.896 *** Supported

Note: estimates are standardised regression weights (default model). *** indicate p < 0.001.

Fig. 4. Second SEM model showing a direct link between SRH and BMI, but no mediating effect for SRH.
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Table 6
Maximum likelihood estimation results (alternative model)

Estimate S.E. C.R. P Label

Body mass index (BMI, (kg/m2)) �————— Self-rated health 0.540 0.236 16.106 *** Supported
High density lipoprotein (HDL, (mmol/L)) �————— Waist/hip ratio –0.321 0.079 –18.166 *** Supported
High density lipoprotein (HDL, (mmol/L)) �————— Body mass index

(BMI, (kg/m2))
–0.194 0.001 –10.735 *** Supported

Waist/hip ratio �————— Body mass index
(BMI, (kg/m2))

0.896 0.001 22.360 *** Supported

Body mass index (BMI, (kg/m2)) �————— Waist/hip ratio –0.720 6.234 –7.916 *** Supported

Note: estimates are standardised regression weights (default model). *** indicate p < 0.001.

rect pathways between SRH and cardiometabolic
abnormalities, accounting for measurement error. We
found qualified support for all three propositions.

Hypothesis 1 SRH and metabolic syndrome

Consistent with previous research SRH predicted
MetS status (respondents with poor SRH were more
likely to have MetS) [1, 5]. Very few studies have
directly examined relations between SRH and MetS
caseness (as opposed to MetS diagnostic criteria; see
discussion of Hypothesis 2 below). A recent inves-
tigation of 4403 adults found that MetS caseness
was associated with poor SRH in overweight/obese
adults, across various ethnic groups, adjusting for
demographics (e.g., age, education, gender, income)
and lifestyle factors (e.g., physical activity) [1]. How-
ever, past studies have rarely adjusted for diagnostic
criteria. Controlling for metabolic covariates nullified
the relationship between SRH and MetS status, sug-
gesting any link between SRH and MetS is explained
by poor metabolic health (i.e., poor SRH is merely a
proxy for obesity and high blood sugar). To the best
of our knowledge, no previous study on SRH and
MetS caseness has demonstrated these confounding
effects, especially for glycaeted haemoglobin. One
study [13] found the relationship between SRH and
MetS remained significant despite adjusting for BMI
but was attenuated after accounting for diabetes sta-
tus. However, HbA1c was not assessed in that study.
The current findings highlight a need to better under-
stand the interrelationships between SRH, obesity,
and glycaemic control.

Hypothesis 2 SRH and cardiometabolic factors

As hypothesised SRH predicted HDL cholesterol,
waist/hip ratio, BMI, and HbA1c, even after adjusting
for metabolic covariates. This suggests the associa-
tion between SRH and MetS diagnostic criteria is

robust and not attributable to cardiometabolic covari-
ates. Our study is perhaps the first to demonstrate the
unshared contribution of SRH to metabolic health
over and beyond multiple metabolic covariates [2,
13]. Interestingly, we found no association between
SRH and blood pressure (both systolic and diastolic),
suggesting the link between SRH and blood pres-
sure is conditional on additional factors, including
demographics and chronic illness [11]. Overall, more
research is needed to better understand the complex
biopsychosocial mechanisms underpinning relations
between SRH and hypertension. Finally, covariance
between SRH and HbA1c is well documented [57]
and supported by the current data. Given that gly-
caeted haemoglobin is included in the new MetS
clinical definition proposed by the IDF [45], the util-
ity of poor SRH as an indicator of bad glycaemic
control may be especially important in populations
not yet formally diagnosed with MetS or type 2 dia-
betes [58].

Hypothesis 3 SRH as a mediating mechanism

When viewed collectively, the SEM data reveals
SRH as an important psychological mechanism
implicated metabolic health [34]. As expected, poor
SRH emerged as a common denominator in people
with higher BMI and elevated waist/hip ratio. Given
that diagnosis of MetS does not necessarily require
adiposity [20] poor SRH might be a particularly use-
ful, non-intrusive and easily measured indicator for
metabolic dysfunction that includes body weight,
especially in situations where direct measurement
of body fat is impractical or socially unacceptable
[35, 59]. Curiously, neither path model revealed a
direct link between SRH and HDL cholesterol, sug-
gesting people are less sensitive to HDL deficiency,
compared to increased body weight, and/or relations
between SRH and hyperlipidemia is moderated by
other factors [8, 9].
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Limitations

We did not assess insulin resistance directly, but
instead relied on a formal diagnosis of type 2 diabetes
by a health professional. Thus, the current findings
need to be verified using direct measurements of
insulin resistance [2]. Sensitivity analyses produced
some (arguably minor) changes in our interpretation
of the data. The emerging regression models were
slightly affected by conversion of missing data using
EM and suggests a need for further research to verify
the current statistical models using more complete
data sets. We employed listwise deletion of miss-
ing data, which can incorporate systematic biases
based on patterns of missingness, and also reduce
statistical power (due to reduced sample size) [54].
Simulation studies should compare the effects of dif-
ferent methods for resolving missing data. Finally,
although previous research has implicated lifestyle
factors in metabolic syndrome (e.g., alcohol intake,
physical activity, smoking status) [2, 50], these vari-
ables were not assessed as potential confounders here.
Future research needs to examine the extent to which
behavioural risk factors explain associations between
SRH and metabolic dysfunction. Despite these limi-
tations, this investigation has some strengths, notably
the adjustment for multiple metabolic covariates in
evaluating associations between SRH and MetS sta-
tus, and diagnostic criteria, the large sample size,
and assessment of both direct and indirect path-
ways between SRH and metabolic factors. This is the
first study to model the structural interrelationships
between SRH and metabolic variables while simul-
taneously accounting for measurement error [60].

CONCLUSION

Although SRH has previously been linked to
MetS, this is the first investigation to demonstrate
the unique contribution of SRH to metabolic health,
while adjusting for multiple metabolic covariates.
The findings suggest SRH is not linked to MetS
caseness but shows unique associations with BMI
and abdominal obesity that can’t be explained by
other cardiometabolic factors. Overall, poor SRH
may represent a non-intrusive easily measurable
risk factor for adiposity in MetS, irrespective other
cardiometabolic anomalies, especially where direct
measurement of body fat is impractical or socially
challenging.
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