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Quantitative Data Analysis Critical Review:  
Paper Cita*on: Quintana, D., Cervantes, A., Saez, Y., & Isasi, P. (2018). Internet Use and Psychological Well-

Being at Advanced Age: Evidence from the English Longitudinal Study of Aging. Interna*onal Journal of 
Environmental Research and Public Health, 15(3). 

Journal Subject Area: Environmental Science and Medicine. H-Index: 201. 

Details of Approach:  
Quintana et al. (2018) fundamentally address the ques-on of to what extent internet usage, 
par-cularly email communica-ons, is associated with different dimensions of psychological 
well-being in adults over the age of 50. The paper builds on various prior studies which u-lised 
similar sta-s-cal analysis techniques and/or data sets, including Nie et al. (2017), Xavier et al. 
(2014), Jivraj et al., (2014) inter alia. Instead of formula-ng a direct research ques/on, the 
thesis statement outlines that “[t]his work explores the connec-on between psychological 
well-being and Internet use in older adults” (1), with the study later using regression 
coefficients, p-values, and confidence intervals to communicate the rela-onship between 
internet usage and psychological well-being in elder popula-ons a]er accoun-ng for various 
covariates.  
 
The study uses the English Longitudinal Study of Aging (ELSA), a dataset with “informa-on on 
the dynamics of health, social, well-being and economic circumstances in the English 
popula-on aged 50 and older” (ELSA, n.d.: n.p.). The study began in 2002, with follow-up 
studies occurring biennially [every two years]. At recruitment, the sample consisted of 12,099 
par-cipants, with 11,391 core members and 708 subsidiary partners; 72 of which were aged 
≥50 years (Steptoe, 2017). Quintana et al.’s study specifically uses waves three through seven, 
spanning from 2006 to 2015. 
 
The datasets were primarily produced through in-person, face-to-face interviews, with only 
≈2% of interviews being undertaken by proxy interviewees (ibid.). Computer-assisted 
interviewing techniques were adopted for speed and func-onality (Steptoe et al., 2013), with 
addi-onal ques-onnaires given on pen and paper. This is supplemented by the collec-on of 
bio-measures near to the interview -me. ELSA measures a number of core variables through 
seven key domains. There are various examples of nominal, ordinal and interval-/ra-o level 
variables within the dataset, such as: sex [nominal, dichotomous], self-rated health status 
[ordinal, measured 0-4], household assets [interval-level variable, equal intervals and no true 
‘0-point’] inter alia. Addi-onal derived variables are also formed from the core domains, with 
the derived variable ‘CASP-19’ frequently used in Quintana et al.’s study as a metric of ‘Quality 
of Life’.  
 
When analysing the data, Quintana et al. outline three key domains which cons-tute 
psychological well-being. These are derived variables which have been discussed and 
legi-mised in prior literature (cf.: Steptoe et al., 2012; Jivraj et al., 2014; Lifshitz, 2018): 
‘evalua-ve component’ [sa/sfac/on with life scale], ‘hedonic component’ [CASP-19], and 
‘eudaimonic component’ [CASP-19]. These indicators of psychological well-being are 
sustained throughout the data analysis and indicate different ‘levels’ of psychological security. 
In rela-on to internet usage, “[t]he main predictor was the reply to the [ques-on] ‘I use 
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Internet/E-mail: yes/no’. This proxy for digital literacy was represented with a dichotomous 
variable” [quasi-nominal level variable] (Quintana et al., 2018: 3). In this study, confounding 
variables were considered to ensure that the rela-onship between internet use and 
psychological well-being was accurately assessed. Confounding variables are variables that 
can affect both the independent variable [internet use] and the dependent variable 
[psychological well-being], poten-ally distor-ng or masking the actual rela-onship between 
them (Mar-n. 2000). Mobilising such iden-fica-on of various sociodemographic and health-
related variables that could influence both internet use and well-being, the study uses 
regression models to include these variables as covariates, allowing for adjustments. By doing 
so, the later analysis is able to isolate the effect of internet use on well-being, filtering out the 
confounding influence of these variables to produce more accurate conclusions. Summary 
sta-s-cs are present first, before the Generalised Es-ma-ng Equa-ons (GEE) sta-s-cal test is 
applied. Data is presented in tables throughout the paper.  

Summary Sta5s5cs: 

 
The summary sta-s-cs act as the baseline for later GEE tests, addi-onally highligh-ng the 
various baseline characteris-cs of the sample. Quintana et al. chose to apply the GEE test, 
which is a method for analysing longitudinal and correlated data, par-cularly where repeated 
measurements are taken on the same subjects over -me; such as in the ELSA.  
 
Correlated data refers to data points that are not independent of each other, but rather show 
some degree of rela-onship or associa-on. This means that the observa-ons are not fully 
random or independent, which affects how the data should be analysed. There are 3 reasons 
why this data might be correlated. Firstly, repeated measures, the same subjects are 
measured mul-ple -mes over a period. Each individual’s measurements tend to be similar 
across -me points because they are influenced by that person’s unique characteris-cs. 
Secondly, clustered data, observa-ons can also be clustered within groups like families, 
regions or age [over 50]. Measurements within the same group tend to be more similar than 
those between different groups due to shared environments, gene-c factors or socio-cultural 
influences. Finally, cross-correla-ons, different variables can also be correlated if they are 
affected by common factors. In longitudinal studies, such as Quintana et al.’s paper, repeated 
measures of the same individuals result in correlated data. GEEs account for this inter-subject 
correla-on, ensuring that sta-s-cal inferences are accurate. 
 
By applying the GEE as a significance test, different regression coefficients, p-values, and 
confidence intervals are obtained from the data set that account for the various covariates. 
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To specifically communicate their results, p values are discussed to show the strength of 
evidence against the null hypothesis [there is no rela/onship between internet usage and 
psychological well-being, h0], thus indica-ng the probability of obtaining the observed results. 
The study espouses that “[t]he impact of digital literacy, despite of being more modest than 
the one observed for physical ac-vity, lack of func-onal impairments or wealth, is s-ll relevant 
even a]er controlling for all covariates” (9), as indicated by the evalua-ve p-value [0.078] and 
the eudaimonic p-value [0.015]. The hedonic p-value was insignificant at 0.192. Moreover, the 
regression coefficients indicate a posi-vely strong rela-onship between the evalua-ve and 
eudaimonic aspects of well-being, at 0.367 and 0.584 respec-vely. Again, the hedonic 
regression coefficient was weaker, at only 0.075. These values align with prior studies, with 
addi-onal covariates suppor-ng the findings of wider research into well-being and fitness, 
volunteering inter alia.  

Results:  
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Cri5que of Approach: 
Through its robust and appropriate usage of GEEs to analyse the between internet use and 
psychological well-being, there are many advantages to the sta-s-cal method adopted by 
Quintana et al. Fundamentally, GEEs provide an es-mate of the average effect of internet use 
on well-being across the popula-on, which is par-cularly useful for public health and policy 
recommenda-ons. Moreover, by breaking the complex no-on of psychological well-being into 
three comparable, easily categorised variable allows for more detailed analysis and targeted 
policy implementa-on. This is especially clear in the vast differences between 
evalua-ve/eudaimonic and hedonic aspects of well-being in the elderly. Holis-cally, their 
appropriate use of GEEs on -me-series data produced sta-s-cs that are in line with prior 
research findings whilst opening new avenues of inves-ga-on through their deconstruc-onist 
approach. However, that is not to say that there aren’t disadvantages to the sta-s-cal method 
which was adopted. 
 
Some of these disadvantages are explicitly discussed in the paper, such as the lack of 
informa-on on ‘frequency of use’ and sampling bias towards non-care home residents. 
Nevertheless, there remain some more fundamental disadvantages to their approach which 
are enforced by the sta-s-cal method. For example, GEEs rely on assumed correla-on 
structures between variables, meaning that the actual rela-onship between variables may not 
be accurately captured (Ballinger, 2004; Hanushek & Jackson, 2013). Even though the study 
accounted for covariate adjustments/influence, GEEs focus on popula-on-level effects and 
don't directly capture individual-level varia-ons. Consequently, the causal interpreta-on of 
the data is obscured, with correla-onal findings taking precedence. As an alterna-ve 
approach, the study could have u-lised matching to manage for the poten-al selec-on bias 
present in data which has numerous confounding variables.  
 
Matching is a sta-s-cal method to address poten-al selec-on bias when dealing with data 
that has a lot of poten-al confounding variables/covariates and is grouped by different 
characteris-cs. By using Propensity Score Matching (PSM), comparable groups of internet 
users and non-users can be matched on comparable demographic, socio-economic and health 
characteris-cs. The effect of internet use on well-being could then be assessed by comparing 
these matched pairs (Davis et al., 2021; Fantechi & Fratesi, 2022). 
 
Such an approach presents an alterna-ve methodological direc-on to the chosen analy-cal 
framework, as GEEs solely focus on popula-on-averaged effects. Conversely, PSM can 
evaluate treatment effects within more specific popula-on subsets [matched pairs] to 
understand nuanced impacts and make treatment comparisons clearer and directly 
observable; thus allowing policymakers to understand how different groups may benefit 
differently from internet use. As the effect of internet use on well-being is more directly 
observable in these matched pairs/groups, the outcome difference is less likely to be 
influenced by external factors, reducing the selec-on bias associated with GEEs. Moreover, by 
matching individuals with similar propensity scores [probability of internet use based on 
covariates], PSM mimics the balance achieved in randomised controlled trials. This helps 
isolate the effect of internet use on psychological well-being. 
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