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Simple analyses



Simple analyses

• The cohorts provide rich data collected on cohort members 
over many years/decades, so complex analyses possible.

• But let’s start with some simple examples…
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Simple analyses: Examples
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https://discovery.ucl.ac.uk/id/eprint/10117471/


Simple analyses: Examples
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What is the prevalence of test-
confirmed COVID-19 in each cohort?



Simple analyses: Examples
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What is the prevalence of self-
reported COVID-19 in each cohort?



Simple analyses: Examples
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Cohort Male/female N (total) N (C-19) (%) Risk ratio 95% CI

MCS Male 770 38 (4.9) 1.00 (ref)

Female 1,839 120 (6.5) 1.45 0.92, 2.27

Next Steps Male 643 82 (12.8) 1.00 (ref)

Female 1,233 115 (9.3) 0.68 0.44, 1.06

BCS70 Male 1,711 160 (9.4) 1.00 (ref)

Female 2,420 219 (9.0) 1.00 0.71, 1.41

NCDS Male 2,432 137 (5.6) 1.00 (ref)

Female 2,686 159 (5.9) 1.17 0.83, 1.66

Does the prevalence of self-reported COVID-19 differ between 
males and females in each cohort?



Confounder control



Confounder control

• If we want an estimated association between an 
independent variable and a dependent variable to have any 
causal interpretation, we need to consider confounder 
control.

• Confounder: A variable that causes non-causal (spurious) 
association between an independent variable and a 
dependent variable.

10



Confounder control

• If we want an estimated association between an 
independent variable and a dependent variable to have any 
causal interpretation, we need to consider confounder 
control.

• Confounder: A variable that causes non-causal (spurious) 
association between an independent variable and a 
dependent variable.
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Confounder control

• If we want an estimated association between an 
independent variable and a dependent variable to have any 
causal interpretation, we need to consider confounder 
control.

• Confounder: A variable that causes non-causal (spurious) 
association between an independent variable and a 
dependent variable.
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Confounder control

• If we want an estimated association between an 
independent variable and a dependent variable to have any 
causal interpretation, we need to consider confounder 
control.

• Confounder: A variable that causes non-causal (spurious) 
association between an independent variable and a 
dependent variable.
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Confounder control

• If we want an estimated association between an 
independent variable and a dependent variable to have any 
causal interpretation, we need to consider confounder 
control.

• Confounder: A variable that causes non-causal (spurious) 
association between an independent variable and a 
dependent variable.
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Confounder control

• If we want an estimated association between an 
independent variable and a dependent variable to have any 
causal interpretation, we need to consider confounder 
control.

• Confounder: A variable that causes non-causal (spurious) 
association between an independent variable and a 
dependent variable.

• Thankfully, the rich data collected on cohort members over 
many years/decades provide great opportunity for 
confounder control.
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Confounder control: Example
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https://jamanetwork.com/journals/jamapsychiatry/fullarticle/2771078


Confounder control: Example
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Confounder control: Example
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Early-life mental 

health (age 7-16)

Biomarkers in 

midlife (age 44-45)
?

Early-life mental health (age 7-16)

Rutter Child Scale A at ages 7 and 11 (mothers) and at age 16 (teachers):

- Conduct problems

- Affective symptoms



Confounder control: Example
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Early-life mental 

health (age 7-16)

Biomarkers in 

midlife (age 44-45)
?

Biomarkers in midlife (age 44-45)

- Fibrinogen

- C-reactive protein

- Glycated haemoglobin

- High-density lipoprotein

- Low-density lipoprotein

- High blood pressure



Confounder control: Example
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Confounder control: Example
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Confounder control: Example
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Confounder control: Example
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Confounder control: Example

Birth characteristics

- Birthweight

- Maternal smoking during pregnancy

- Maternal age

- Maternal partnerships status

- Whether cohort member was ever breastfed

- Region of residence at birth



Confounder control: Example

Parental characteristics

- Maternal employment up to age 5

- Parents reading to child

- Parental interest in school

- Divorce by age 7

- Separation from child from more than one month



Confounder control: Example

Early life socio-economic position

- Paternal social class at birth

- Financial difficulties at age 7

- Age mother left school

- Housing tenure at age 7

- Access to household amenities

- Housing difficulties at age 7



Confounder control: Example

Early life cohort member characteristics

- Cognitive ability

- Nocturnal enuresis

- Health conditions

- Experience of bullying

- Body mass index



Confounder control: Example
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Early-life mental 

health (age 7-16)

Biomarkers in 
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Birth 

characteristics

Parental 
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Early life socio-
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Confounder control: Key message

• The rich data collected on cohort members over many 
years/decades provide great opportunity for confounder 
control.

29



Repeated measures



Repeated measures

• Long-running cohorts measuring consistent topics over 
time provide repeated measures of the same 
measurement/construct.

• Examples:

o Physical measurements

o General physical health, mental health, specific 
diseases/conditions, health behaviours

o Relationships, marital status, household composition

o Employment status, occupation, earnings and income

• Allows you to characterise changes or trajectories over 
time.
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Repeated measures: Example
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https://jamanetwork.com/journals/jamadermatology/article-abstract/2783858


Repeated measures: Example

• Aimed to identify subtypes of eczema based on patterns of 
disease activity in NCDS and BCS70.

• Parent-reported or self-reported eczema period prevalence 
available from standardised questions at ages 7, 11, 16, 
23, 42 and 50 in NCDS and ages 5, 10, 16, 26, 30, 34, 38, 
42 and 46 in BCS70.

• Then examined whether:

o early life risk factors associated with eczema subtypes

o eczema subtypes associated with other atopic diseases 
and general health in mid-adulthood
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Repeated measures: Example
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Repeated measures: Key message

• British cohort studies provide repeated observations of the 
same measurement/construct.

• Allows you to characterise changes or trajectories over 
time.
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Cross-cohort analysis



Cross-cohort analysis

• Conducting analyses across multiple cohorts allows us to 
extend our hypotheses: how do things change over time or 
between cohorts?

• Ideally want to analyse identical measures across cohorts.

• In absence of this, need consider how measures can best 
be harmonised.

• COVID-19 surveys offer great opportunity for cross-cohort 
analysis as most questions identical.
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Cross-cohort analysis: Example
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https://www.sciencedirect.com/science/article/pii/S2468266718300458?via%3Dihub


Cross-cohort analysis: Example

• Investigated how socioeconomic inequalities in childhood and 
adolescent weight, height, and BMI have changed over time.

• Used data from NSHD (BMI at ages 7, 11 and 15), NCDS (7, 11 
and 16), BCS70 (10 and 16) and MCS (7, 11 and 14).

• Childhood socioeconomic position indicated by father's 
occupational social class reported at age 10-11. 

• Examined associations between childhood socioeconomic 
position and BMI to assess socioeconomic inequalities. 

• Examined whether inequalities widened or narrowed from 
childhood to adolescence.
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Cross-cohort analysis: Example
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Cross-cohort analysis: Example
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“There was little inequality in childhood 

BMI in the 1946–70 cohorts, whereas 

inequalities were present in the 2001 

cohort and widened from childhood to 

adolescence in the 1958–2001 

cohorts…”



Cross-cohort analysis: Key message

• Conducting analyses across multiple cohorts allows us to 
extend our hypotheses: how do things change over time or 
between cohorts?
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CLS bibliography
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https://www.bibliography.

cls.ucl.ac.uk

https://www.bibliography.cls.ucl.ac.uk/
https://www.bibliography.cls.ucl.ac.uk/


CLS bibliography
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“The CLS bibliography is a searchable 

database of over 5,000 publications 

based on data from the 1958, 1970 and 

Millennium birth cohort studies, and 

more recently the Next Steps cohort 

study. It's a useful resource for finding 

out what's already been published on 

certain subjects, and for building 

reading lists for literature reviews and 

courses.”



Thank you.


