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Abstract:. The Covid pandemic arrived in Ireland on February 29, 2020.  In the 
following weeks various restrictions were introduced to stem the spread of the 
disease.  Anxiety over the spread of the disease and over the restrictions 
introduced led to concerns regarding mental health.  This paper uses the special 
Growing Up in Ireland (GUI) survey of young adults aged around 23 in December 
2020 to  examines the change in mental health compared to the last pre-Covid GUI 
survey, wave 4.  In particular, it applies machine learning (ML) techniques to 
examine what variables are associated with the transition into depression between 
the two surveys.  Mental health problems in wave 4 are found to play the most 
significant role with little effect for socioeconomic variables. 
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What Factors Are Associated with the Decline in Young People’s 

Mental Health During the Early Stages of the Covid Pandemic? 

 

Introduction 

The Covid 19 Pandemic officially arrived in Ireland on February 29, 2020 with the first 

confirmation of a positive case.  Over subsequent weeks various restrictions were introduced 

to stem the spread of the disease (becoming collectively known as the “lockdown”).  These 

included the closure of all educational establishments and childcare facilities, the banning of 

various sporting and cultural events and then on March 27, everyone, apart from providers of 

essential care and services, were advised to stay at home apart from essential visits (e.g. to the 

supermarket) and exercise within a 2km radius.  There was a ban on non-essential travel and 

on meeting people outside the immediate household. 

As Covid cases declined over the summer of 2020 there was a gradual removal of the most 

severe of these restrictions, but an upsurge of cases in autumn 2020 led to a reimposition of 

high level restrictions in October.  As the second wave of Covid receded there was an easing 

of restrictions from early December with the opening of non-essential shops and services, 

including bars and restaurants, and by December 18 limited within-country travel and 

household visits were permitted.  However, there was a significant resurgence of cases in the 

immediate run-up to and aftermath of Christmas and severe restrictions were again imposed in 

January 2021. 

The various lockdowns were successful in limiting the spread of Covid but these measures 

were not without their own costs.  The most severe restrictions inevitably led to a reduction in 

economic activity and the reduction in human contact and the hardship imposed by social 

distancing raised concerns about possible adverse mental health effects.  We investigate the 

latter phenomenon in this paper.  The landmark Growing Up in Ireland (GUI) longitudinal 

study carried out online surveys, including questions on mental health, for both the infant 

(2008) and child (1998) cohort for most of the month of December 2020 (the 2008 cohort 

survey began on December 4 and the 1998 cohort survey began on December 11, both surveys 

ending at the end of December).  The 1998 cohort was aged between 22 and 23 at the time of 

this survey.  The 2008 cohort was aged 12 at the time of the survey and their primary care 



givers (PCGs, in almost all cases the biological mothers) were also surveyed.  This group 

ranged in age from 33 to 55. No data were collected for the PCGs of the older cohort.   

GUI thus provides a snapshot of mental health for these groups at a time when restrictions were 

still relatively tight and had been ongoing for nearly nine months.  Critically, since this is a 

longitudinal study we also have similar information for the same people for a period before 

Covid, for the 2008 cohort between June 2017 and February 2018, and for the 1998 cohort 

between August 2018 and June 2019 (the periods over which fieldwork was carried out).  It is 

the 1998 cohort which is the subject of this paper. 

While the 1998 cohort is by no means representative of the whole nation, it is representative of 

those people born in that specific period, and what may be lacking in national 

representativeness is compensated for by having the same measure, for the same people before 

and during the pandemic.  In a previous paper (Madden, 2024) we documented the change in 

mental health for both GUI cohorts, showing how overall a deterioration was experienced.  In 

that paper we also checked for the presence of a socioeconomic gradient to the deterioration in 

mental health and found that, with the exception of the PCGs of the study children for the 2008 

cohort, there was no statistically significant evidence of such a gradient.  This is somewhat 

unusual in that many morbidities, including mental health, exhibit some form of socioeconomic 

gradient (Reiss, 2013, Devenish et al 2017).  In this paper we investigate this issue further, 

taking a different approach to our earlier work.  More specifically, we apply machine learning 

(ML) techniques to our data to see which of the many variables in GUI were the best predictor 

for becoming depressed between wave 4 and the Covid survey.  We confine our analysis to the 

young adults of the 1998 Cohort i.e. those aged 22-23 at the time of the GUI Covid survey, as 

for this group we have a consistent measure of mental health for both before and during Covid. 

 

Mental Health and the Covid Pandemic 

A number of studies have examined the impact of Covid restriction on various measures of 

mental health or well-being.  Aknin et al (2022) found that the restrictions introduced at the 

initial stages of Covid (around March 2020) impacted upon subjective well-being and 

psychological distress, but that much of this impact had abated by June 2020.  Banks and Xu 

(2020) found substantial population level effects in a survey carried out in April 2020, with 

particularly marked effects upon young adults and women.  Davillas and Jones (2021) also 



found substantial effects early in the pandemic but that much of this had gone by July 2020.  

Hajek et al (2022a, 2022b) investigated anxiety and depression across seven European 

countries during the later stages of Covid (from November 2020 to September 2021) and found 

highest rates for young people, aged 18-29.  Tofolutti et al (2022) looked at the impact of Covid 

policies on mental well-being for 28 European countries from April 2020 to March 2021.  They 

found that restrictions on international travel, private gatherings and contact tracing were 

associated with reductions in mental well-being of up to 4 per cent, with greater effects for 

females and those living with younger children.  However, they do not have information on 

mental well-being before Covid. 

Kauhanen et al (2023) carried out a meta analysis of studies which examined changes in mental 

health arising during the pandemic.  They stressed the importance of having longitudinal data 

which follow the same set of people before and during the pandemic and also include the same 

measure of mental health.  They found relatively few studies satisfying such criteria but those 

studies which were identified showed deteriorating mental health for a variety of measures 

used, such as depression and anxiety. 

Orgad (2024) reviewed the association between lockdowns and a  variety of measures of mental 

health, again finding that stricter lockdowns were associated with worse mental health outcome 

although it was not clear whether the poor mental health outcomes arose on account of the 

lockdowns, or the underlying Covid situation which may have prompted the lockdowns. 

In terms of studies for Ireland, Hyland et al (2021) found no evidence of an increase in mental 

health problems for Irish adults during the first year of the pandemic. It is noticeable however 

that they had no measures of mental health for their sample before the pandemic, so while 

mental health may not have deteriorated subsequent to the arrival of the pandemic, their 

analysis cannot tell if the pandemic caused an immediate deterioration in mental health. 

Smyth and Murray (2022) used the GUI Covid module to investigate mental health for the 

2008 cohort.  However, since they did not have a consistent measure of mental health pre and 

post Covid their study was unable to explicitly examine how mental health changed with the 

pandemic.  They analysed the association between the level of mental health in December 2020 

and various factors such as family financial and education resources and restrictions on social 

activities.  They found that lower mental health for the 2008 cohort was associated with a fall 

in family income arising from the pandemic (as opposed to family income pre-pandemic) and 



also with lower educational resources in terms of access to a computer and/or a quiet place to 

study. 

The advantage provided by our study is that of a larger dataset than has been the case for other 

studies for Ireland (excepting Smyth and Murray) and critically the availability of the same 

measure of mental health for the same people both before and during Covid.  This is in contrast 

to other studies which have only followed mental health after the onset of the pandemic.  The 

richness of our dataset allows us to investigate a wide range of variables, as measured in wave 

4, which could be associated with transitions into adverse mental health between the last pre-

Covid survey and the Covid survey, by adopting a machine learning approach to select such 

variables. 

 

Data and statistical analysis 

Data 

Our data consist of a cohort of young people born in the period November 1997-October 1998 

(Williams et al, 2009).  The specific GUI data we analyse is the last available (pre-Covid) wave 

of this cohort, wave 4 (collected in 2018/19) and the Covid survey which was sent out in 

December 2020.  

The last pre-Covid wave of this cohort consisted of 5190 young adults and the original sample 

frame was the national primary school system, with 910 randomly selected schools 

participating in the study.  The following exclusions were placed on the data: a balanced panel 

only was used i.e. observations who responded to both the Covid survey and the last pre-Covid 

survey.  In addition, observations where the questions on mental health were not answered 

were also excluded.    Following these exclusions, this left 1950 observations (1243 females 

and 707 males).1 

The measure of mental health used is the Center for Epidemiologic Studies Depression 

Scale (CES-D, Melchior et al 1993).  The original version of the CES-D scale had 20 items and 

 
1 It is worth pointing out that of the 5190 observations in wave 4,  these 1950 observations showed measured 

mental health in wave 4 which was slightly better than that of the remain 3240 observations i.e. those who 

responded to the Covid survey were not the less healthy of the wave 4 sample (details available on request from 

the suthor). 



has been used extensively across the world and has featured in many published journal articles.  

There are also shorter versions of the measure which take less time to administer but are still 

regarded as reliable measures of mental health.  One of these is the CES-D8, with eight items, 

and this is the version which is measured in GUI. 

The CES-D8 measure consists of eight statements regarding how the respondent was feeling 

in the past week (e.g. “I felt depressed”, “I felt fearful” etc).  The respondent then indicates 

whether they experienced this feeling rarely/none of the time, some or a little of the time, 

occasionally or a moderate amount of the time or most or all of the time.  Answers are coded 

0, 1, 2 or 3 respectively, so that the minimum score possible is 0 and the maximum is 24.  

Higher scores indicate worse mental health and a score at or above 7 is regarded as indicating 

depression (Devins et al, 1988).  The data in GUI is truncated at 13 (i.e. all CES-D8 scores 

greater than or equal to 13 are coded as 13). 

We wish to examine the factors lying behind the observed deterioration in mental health and 

so the question arises as to how to measure this “deterioration”.  One possibility is to simply 

look at the change in the CES-D8 measure.  There are some problems with this, however.  First, 

it effectively treats the CES-D8 as though it were cardinal, as opposed to an ordered-

categorical, scale.  Secondly, it would not distinguish between people who register a given 

increase of, say 4, in the CES-D8, some of whom cross the key threshold of 7, and others who 

do not.  Thirdly, recorded CES-D8 values in GUI are truncated at 13, so in some cases while a 

person’s CES-D8 has increased, if it hits the 13 threshold, the full extent of the change will not 

be recorded. 

We thus choose to measure the deterioration in mental health with a binary variable as those 

people who become depressed between wave 4 of GUI and the Covid survey viz. those who 

had a CES-D8 value below 7 in wave 4, but have a value of 7 or above in the Covid survey.  

We label this group as “became depressed” and so our sample for analysis is thus those who 

potentially could have become depressed between wave 4 and the Covid survey i.e. they had 

CES-D8 values below 7 in wave 4.  We thus exclude 538 observations who were above this 

threshold pre-Covid, leaving a sample of 1412 (556 male and 856 female) of whom 556 cross 

the key threshold of becoming depressed between wave 4 of GUI and the Covid survey.2  Note 

 
2 Although attrition from GUI is not random, the machine learning packages we employ in the paper do not 

support the use of sampling weights.  However note that our analysis will include as control variables those 

covariates upon which sampling weights are typically based.  



that of the 538 excluded who were depressed in wave 4, 128 of them made the transition in the 

other direction and are thus classified as “non-depressed” in the Covid survey.  While 

examining the factors associated with this transition would be an interesting exercise, they are 

not the subject of this paper. 

Note that given the nature of the GUI surveys, we only observe the sample at snapshots in time 

and thus our measure effectively attributes all changes in mental health between wave 4 and 

the Covid survey to the effect of the pandemic.  This is problematic, given that mental health 

problems are generally held to exhibit an inverse U relationship with age, and so we might 

expect some deterioration in mental health even in the absence of Covid.  Mental health can 

also exhibit seasonal patterns which we are unable to include.  Ideally, we would like to 

compare mental health in December 2020 with a counterfactual of what mental health would 

have been in December 2020 in the absence of Covid.    However, given the nature of our data, 

we are unable to make this comparison, but data from elsewhere for young adults suggests that 

a substantial proportion of the decline in mental health in 2020 is due to Covid.  For example, 

Banks and Xu (2020) in their analysis of the deterioration in mental health for 16-24 year olds 

between Jan-May 2019 and April 2020 in the UK, estimate that about three-quarters of the 

change is attributable to Covid.  

Table 1a shows the distribution of the sample by depressed/non-depressed status before and 

after Covid.  Table 1b shows the transitions into depression between wave 4 before Covid and 

the Covid wave.  386/856 females became depressed, about 45 per cent.  For males, the number 

was 170/556, around 30 per cent. 

 

Statistical Analysis 

The purpose of this paper is to try to find which, of the many variables present in GUI, are the 

best predictors of transitioning into depression between wave 4 and the Covid survey.  As 

described by Mullaithanan and Spiess (2017): “[machine learning]… revolves around the 

problem of prediction: produce predictions of y from x. The appeal of machine learning is that 

it manages to uncover generalizable patterns.”. This distinguishes it from traditional 

econometric practice which seeks to obtain estimates of parameters which underly the 

relationship between y and x.  Although our main focus in this paper is to find best predictors, 

we do also recover parameter estimates and we will discuss those briefly. 



We applied machine learning using the lasso function in Stata.  Although generally used as a 

term in its own right these days, lasso is an acronym for “least absolute shrinkage and selection 

operator”.  Lasso is primarily used as a means of selecting covariates for a model and avoiding 

the problem of overfitting.  Given an outcome variable y and a vector of potential covariates X, 

analysts may typically choose a subset of X to provide a prediction of the outcome y.  While 

the analyst may choose certain variables from X on the basis of theory or intuition, given a 

sufficiently large set of X, there may be hundreds of candidate variables. 

Adding extra variables to a model will always improve the “fit” of the model in the sense of 

increasing the R2, but this comes at the expense of over-fitting, whereby a model may give a 

very close fit for the sample upon which it is estimated, but give a very poor fit outside this 

sample.  Lasso regression is one way of addressing this as it applies a penalty as more and more 

variables from X are included in the model.  More specifically, suppose our regression model 

is of the linear form 

𝑦 = 𝛽1𝒙𝟏 + 𝛽2𝒙𝟐 +⋯𝛽𝑝𝒙𝒑 + 𝜖 

where y is the outcome variable and the 𝒙𝒊 are covariates with associated coefficients 𝛽𝑖, with 

error term 𝜖.  Least squares estimation will find the values of 𝛽𝑖 which minimize 

 

1

𝑁
(𝒚 − 𝑿𝜷′)′(𝒚 − 𝑿𝜷′) 

 

where 𝑿 is the nxp matrix of covariates and 𝜷  is the px1 vector of coefficients i.e. the sum of 

squared errors.  Lasso estimation however will minimize  

 

1

𝑁
(𝒚 − 𝑿𝜷′)′(𝒚 − 𝑿𝜷′) + 𝜆 ∑ |𝛽𝑗|

𝑝
𝑗=1 . 

 

The extra term 𝜆∑ |𝛽𝑗|
𝑝
𝑗=1  is a penalty term which increases in value the more complex the 

model becomes i.e. the more extra variables are added.  It thus penalizes over-fitting.  The lasso 

regression minimizes the above expression for given values of  λ, and then chooses the optimal 

λ, λ*, based on a number of possible criteria.  The three lasso approaches we use to choose λ* 

are: CV (cross validation) lasso, adaptive lasso and BIC lasso.  We run these versions using 

both a linear and logit model, given that our dependent variable (becoming depressed between 



wave 4 and the Covid wave) is binary.  We now explain each of these three approaches in more 

detail. 

 

With the CV approach, a grid of a specified number of λs is set, starting off with the minimum 

value of λ which gives no non-zero coefficients.  As λ becomes smaller, variables with non-

zero coefficients are added (and occasionally some are removed) until the minimized value of 

the CV function is attained.  The CV function is obtained by dividing the sample into a number 

of different folds (in this application 10 were used).  One fold is chosen, and then a regression 

is fit on the other nine folds using the variables in the model for that λ. Then, using these new 

coefficient estimates, a prediction is computed for the data of the selected fold. The mean 

squared error (MSE) of the prediction is computed and this process is then repeated for the 

other nine folds. The 10 MSEs are then averaged to give the value of the CV function.  This 

process stops when a minimum of the CV function is obtained and the corresponding value of 

λ is  λ*. 

 

With the adaptive approach, more than one, usually two, lassos are run.  In the first, a value of 

λ* is obtained, and penalty weights are constructed from the coefficient estimates.  These 

weights are then used in a second lasso, and another λ* is obtained and usually this is the one 

chosen, as λ* typically changes very little after the second lasso.  Thus in the ultimate lasso, 

usually the second, the penalty term is now 𝜆 ∑ 𝑤�̂�|𝛽𝑗|
𝑝
𝑗=1 , where the 𝑤�̂� are the penalty weights. 

 

The final approach used is the BIC approach where λ* is chosen to minimise the Bayesian 

Information Criterion. 

 

For all of these models we use 70 per cent of the sample as our “training data” and we then 

apply the chosen model to the remaining 30 per cent “testing” data to check model fit.  We 

measure fit in a number of ways.  First, we report goodness of fit measures, R2 for linear models 

and deviance ratios for the logit models.  We also calculate the area under the receiver operating 

characteristic curve for the forecast values obtained when applying the chosen model to the 

testing data.  The area under the curve (AUC) represents the probability that the model, if given 

a randomly chosen positive (became depressed) and negative (did not become depressed) 

observation from the testing data, will rank the positive higher than the negative.  An AUC of 

1.0 represents a “perfect” model, in that it will always perfectly predict if an observation will 



be positive or negative.  Perhaps counterintuitively, an AUC of zero is also a perfect predictor, 

in that it always perfectly predicts the “wrong” binary state, it is a perfect counter-predictor.  

From a forecasting perspective the “worst” value for an AUC to take is 0.5, since then the 

chances of the model prediction being correct is 50-50, and a coin toss would perform just as 

well.  While there are no precise guidelines, in terms of binary classification, an AUC of 0.7-

0.8 is considered acceptable (Mandrekar, 2010). 

 

As a visual aid to assessing goodness of fit, we also present calibration belts (Nattino et al., 

2017).  These are graphs which show the goodness of fit of binary outcome models, by 

observing the relationship between probabilities estimated by the model in question, 𝑝𝑖 and 

“true” probabilities 𝑃(𝑌𝑖 = 1), where the true probabilities are obtained from a polynomial 

logistic regression of the form 𝑙𝑜𝑔𝑖𝑡{𝑃(𝑌𝑖 = 1)} = 𝛾0 + 𝛾1𝑙𝑜𝑔𝑖𝑡(𝑝𝑖) + ⋯+ 𝛾𝑚{𝑙𝑜𝑔𝑖𝑡(𝑝𝑖)}
𝑚.  

and also include an associated likelihood ratio test on how well the estimated probabilities 

conform to the “true” probabilities, which is essentially a test of the hypothesis 

𝐻0: (𝛾0, 𝛾1, 𝛾2, … , 𝛾𝑚) = (0, 1, 0, … ,0).  The optimal degree of 𝑚 is obtained by starting off 

with a low value and then carrying out a sequence of likelihood ratio tests to forwardly identify 

𝑚 (see Nattino et al, 2016). The 45 degree line (shown in red in the figures below) indicates an 

exact relationship between estimated and true probabilities and the confidence band around the 

curve i.e. the calibration belt, reflects the statistical uncertainty about the estimate of the curve.  

The accompanying table shows whether the calibration belt always includes the 45 degree line, 

and also the regions where it does not.  The p-value reported is that for the null hypothesis 𝐻0 

above. 

 

Results 

 

We now present results from the lasso analysis for the linear and logit cases.  Note that the 

analysis is only applied to our sample in wave 4, as we are investigating which wave 4 variables 

best predict the transition into depression.  In all cases the variables were standardised and for 

the moment, we do not discuss the relative sizes of the coefficients as we are primarily engaged 

in a prediction and variable selection exercise here i.e. what variables are the best predictors of 

becoming depressed between wave 4 of GUI and the Covid wave.  Tables 2a and 2b list the 

variables chosen by Lasso while figures 1a to 5c provide the associated graphs for the areas 

under the ROC curves and the calibration belts. 



 

We first look at the various measures of goodness of fit for the out of sample, or testing, dataset 

to see if any particular model stands out.  In terms of R2 or deviance ratios, essentially how the 

model performs in comparison to a null model which included no covariates, the preferred 

model is lasso with BIC with values of 0.0483 and 0.0309 respectively.    These are very low 

values however, suggesting that the model with covariates only explains 3-4 per cent of 

variation in the dependent variable outside of sample.  An alternative measure of goodness of 

fit, and arguably more appropriate in the case where we are trying to classify observations into 

one of two classes, is the area under the ROC curve.  In this case the CV folds lasso for both 

linear and logit cases performs best, although its values of around 0.68 would still be regarded 

as a poor to weak prediction model.  This model also has the highest p-value from the 

calibration belt test. 

 

The CV folds model typically selects more variables than either the adaptive or BIC models 

and this is the case here, though it selects as many variables as the adaptive model for the linear 

case and only two more variables for the logit case.  The BIC model is easily the most 

parsimonious model, only selecting two variables, the wave 4 CES-D8 score and a measure of 

self-esteem.   

 

Overall it seems fair to say that none of the chosen models perform particularly well in terms 

of prediction, but the lasso CV folds model is the best of a weak lot.  However, there is quite 

significant overlap between the variables chosen by the various lasso.  We now see which 

variables rank highest in terms of their contribution to the prediction.  Tables 4a and 4b present 

the five most important variables (in terms of the absolute values of their standardised 

coefficients) for each model. There is a fair degree of agreement across the models.  In all 

cases, the value of CES-D in wave 4 is the variable with the largest standardised coefficient.  

Also featuring prominently is the Rosenborg Self-Esteem scale, where higher values reflect 

greater self-esteem.  Self-Assessed health of the primary caregiver also ranks highly, and in 

this case, the sub-category “good” is the critical variable.  It must be noted that despite the label 

“good”, parents who choose this value are in the lower quartile of self-assessed health, as there 

are two higher categories, “very good” and “excellent”. Hence, this variable is really reflecting 

a situation where having a PCG in the lowest quartile of self-assessed health is a positive 

predictor of becoming depressed. 

 



 

Other variables which rank highly are lack of private medical insurance (which may partly 

capture a socioeconomic gradient) and not contacting an out-of-hours GP.  Since this variable 

has a negative coefficient, it indicates that consulting a GP outside of normal hours (presumably 

for some form of emergency) is a positive predictor of becoming depressed between wave 4 

and the Covid survey. 

 

Overall, as was found in Madden (2024) there seems to be little role for the classic measures 

of socioeconomic status, such as parental education, income or class.  If any pattern can be 

identified, it is that measures in wave 4 which indicate fragility of mental health, such as values 

of CES-D8 which are high but not sufficiently high to indicate depression, and low values of 

self-esteem, or use of an emergency GP seem to be the best predictors of transition into 

depression in the Covid survey.  The importance of CES-D8 in wave 4 in some ways could be 

regarded as mechanistic, since anyone with a high value of CES-D8 (but below 7) in wave 4 

has “less far” to travel to cross the key threshold of 7.  However, the importance of other 

measures of mental health such as self esteem and emotional stability suggests that its 

importance is not just mechanistic. 

 

Strengths and Limitations 

 

The strength of this paper is the availability of high quality longitudinal data and, as emphasised 

by Kauhanen et al (2023) in their meta analysis, having the same measure of mental health 

before and during Covid for the same group of people.  The wide range of variables in GUI 

means that lasso analysis can be applied to a rich set of factors. 

 

Another strength of the paper is the atheoretical nature of machine learning.  The analysis 

simply allows the data to identify what factors are found to exhibit an association with 

becoming depressed, without any prior restrictions being imposed. 

 

The principal limitation of the paper is that the pre-Covid measure of mental health was 

collected between August 2018 and June 2019 and it is possible that some observations may 

have transitioned into depression after this period but before the arrival of Covid and hence 

these transitions cannot be regarded as a Covid effect.  However, field work for the pre-Covid 



survey was carried out as late as June 2019, so the interval before the arrival of the pandemic 

is quite short. 

 

The second limitation of the paper is that we are using lasso analysis as a method for variable 

selection for prediction.  As discussed above the analysis is atheoretical but that implies the 

absence of structure with which to analyse the results, and hence renders the interpretation of 

the coefficients more difficult. 

 

 

Conclusion 

 

This paper applies machine learning techniques to investigate what variables are associated 

with a decline in mental health during the early stages of the Covid pandemic for a sample of 

young Irish adults.  Three different lasso models were applied to the data and overall the model 

fit was fairly poor.  However, there was considerable agreement across the different models as 

to which variables were associated with a transition into depression between the last pre-Covid 

GUI survey and the Covid survey.  These variables all stress the role of fragile mental health 

before Covid, with higher risk for young people who had values of CES-D8 just below the 

depression threshold and also those who exhibited low self-esteem.  To the extent that results 

from this paper have relevance for future pandemics, should severe restrictions similar to the 

lockdowns of 2020/21 be introduced, then people with existing mental health problems appear 

to be most at risk and supports should be targeted in that direction.  

  



Table 1a: Numbers above and below CES-D8 value of 7 

 

 CES-D8<7 CES-D8≥7 Total 

 Female Male Female Male  

Wave 4 856 556 387 151 1950 

Covid Survey 552 432 691 275 1950 

 

 

Table 1b: Transition into Depression between wave 4 of GUI and Covid wave 

 

CES-D8<7 in wave 4 CES-D* <7 in wave 4 & CES-D8≥7 in 

Covid Wave 

Female Male Female Male 

856 556 386 170 

 

 

  



Table 2a: Variables Chosen by Lasso Analysis (linear) 

 Lasso (CV) Lasso 

(Adaptive) 

Lasso 

(BIC) 

2nd level education did not help self-confidence x x  

2nd level education helped appreciate art x x  

Able to save on regular basis x x  

CES-D8 wave 4 x x x 

Concerned about gender equality x x  

Concerned about terrorism x x  

Confience in media x x  

Consulted out of hours GP x x  

Consulted psychiatrist x x  

Deliberate vandalism to property x x  

Difficulty sleeping x x  

Emotional Stability x x  

Family, friends in area x x  

Great difficulty making ends meet x x  

Home/garden in bad condition x x  

Job allows you to be creative x x  

No competency in caring for others x x  

Not covered by private health insurance x x  

PCG in good health x x  

Posted online about politics x x  

Proactive x x  

Required attention after assault x x  

Satisfied with school programme x x  

Self-esteem x x x 

Semi-skilled, unskilled class x x  

Time spent online weekday x x  

Time spent online weekend x x  

Victim of crime x x  

Area under ROC Curve 0.681 0.647 0.642 

R2 (training sample) 0.1545 0.1607 0.1378 

R2 (testing sample) 0.006 0.006 0.0482 

P value from calibration test 0.176  0.013 

 

  



Table 2b: Variables Chosen by Lasso Analysis (logit) 

 Lasso (CV) Lasso 

(Adaptive) 

Lasso 

(BIC) 

2nd level education did not help self-confidence x x  

2nd level education helped appreciate art x x  

Able to save on regular basis x x  

CES-D8 wave 4 x x x 

Concerned about gender equality x x  

Consulted out of hours GP x x  

Deliberate vandalism to property x x  

Difficulty sleeping x x  

Emotional stability x x  

Great difficulty making ends meet x x  

Home/garden in bad condition x x  

Job allows you to be creative x x  

No competency in caring for others x x  

No private med insurance x x  

PCG in good health x x  

Posted online re politics x x  

Proactive x x  

Required attention after assault x   

Satisfied with school programme x x  

Self esteem score wave 4 x x x 

Time spent online weekday x x  

Time spent online weekend x   

Victim of crime x x  

Area under ROC Curve 0.673 0.663 0.642 

Deviance Ratio (training sample) 0.0699 0.1458 0.1083 

Deviance Ratio (testing sample) -0.0727 -0.0347 0.0309 

P value from calibration test 0.051 0.001 0.051 

 

  



Table 4a: Top predicting variables from linear models 

 

CV Folds Lasso Adaptive Lasso BIC Lasso 

Variable Coefficient Variable Coefficient Variable Coefficient 

CESD 

Wave 4 

0.096 CESD Wave 4 0.108 CESD 

Wave 4 

0.076 

Self-

Esteem 

-0.041 Competent in 

caring for 

others 

-0.078 Self-

Esteem 

-0.019 

Did not 

consult out 

of hours 

GP 

-0.031 Primary Care 

Giver in good 

health 

0.057   

Primary 

Care Giver 

in good 

health 

0.025 Did not consult 

out of hours 

GP 

-0.056   

Not 

covered by 

private 

health 

insurance 

0.022 Damage to 

property in 

your locality 

very common 

0.055   

 

 

Table 4b: Top predicting variables from logit models 

 

CV Folds Lasso Adaptive Lasso BIC Lasso 

Variable Coefficient Variable Coefficient Variable Coefficient 

CESD Wave 4 0.419 CESD Wave 4 0.539 CESD 

Wave 4 

0.321 

Self-Esteem -0.193 Competent in 

caring for 

others 

-0.395 Self-

Esteem 

-0.083 

Did not 

consult out of 

hours GP 

-0.131 Self-Esteem -0.367   

Primary Care 

Giver in good 

health 

0.107 Great 

difficulty 

making ends 

meet 

0.299   

Not covered 

by private 

health 

insurance 

0.098 Primary Care 

Giver in good 

health 

0.299   

  



 

Figure 1a: Area under ROC curve, CV Folds Lasso (linear) 

 

 

Figure 1b: Area under ROC curve, Adaptive Lasso (linear) 

 

 



 

 
 

Figure 1c: Area under AUC curve, BIC Lasso (linear) 

 

 

 

 
 

Figure 2a: Area under ROC curve, CV Lasso (logit) 

 

 

 



 
 

Figure 2b: Area under ROC curve, Adaptive Lasso (logit) 

 

 
 

Figure 2c: Area under ROC curve, BIC Lasso (logit) 

 

 

 

 

 

 



 

 

 

 

 

 

 
Figure 4a: Calibration Belt, CV Folds Lasso (linear) 

 

 

 
 

Figure 4b: Calibration belt, BIC Lasso, linear 



 

 
 

Figure 5a: Calibration Belt, CV Folds Lasso (logit) 

 

 

 
 

Figure 5b: Calibration Belt, Adaptive Lasso (logit) 

  



 

 
 

Figure 5c: Calibration Belt, BIC Lasso (logit) 
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