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Introduction

ELSA is a longitudinal survey study that interviews people aged 50+.

The participants are selected from those who participated in the
Health Survey for England.

New cohorts have been introduced in waves 3, 4, 6, 7 and 9.

ELSA COVID-19 Substudy, collects individual-level health,
behavioural and social data to study the effects of COVID-19
pandemic on old aged population.

The first wave was from June 3, 2020 to July 16, 2020.

The second wave was from November 4, 2020 to December 20, 2020.

Survey was conducted online and on the phone.
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Interview mode in 2 waves and the number of core members

Online Phone Core members

Wave 1 5, 791 1, 249 5, 825

Wave 2 5, 652 1, 142 5, 338

Source: User guide for ELSA COVID-19 Substudy

ELSA core members meet three criteria:

Fitted the age eligibility criteria of a given ELSA cohort.

Participated in the sample-origin HSE (Health Survey for England)
survey.

Participated in the first wave of ELSA when invited to join the study.
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Features

Questions are selected from the following topics: demographics,
mental health, COVID-19-related health, employment and work,
physical health and health behaviours from wave 1.

486 individuals did not participate in wave 2.

Participants are from Cohorts 1, 3, 4, 6, 7 and 9.
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Place of living of participants and non-participants in wave 1

At home Care home Hospital Other’s home Else

0 5264 5 2 45 23

1 469 1 0 9 7

We have 51 features.

High temperature, cough, shortness of breath, fatigue, loss of smell or taste,
diarrhoea, abdominal pain, loss of appetite, admitted to hospital, death of friends
and/or families, smoking, high blood pressure, heart attack, heart failure, diabetes,
stroke, chronic lung disease, asthma, arthritis, cancer, dementia, blood disorder,
infectious disease, neoplasma, immune system, malnutrition, mental disorder,
sleep-wake disorder, nervous system, visual system, urban/rural. diseases of the
ear, circulatory system, respiratory system, digestive system, skin, connective
tissue, geniratory system, sexual health, disability.

All these features (variables) are binary.
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Self-reported weight (average = 76.71).

Physical activities.

Region: South East, South West, North West, East of England, West
Midlands, East Midlands, Yorkshire and The Humber, London, Wales,
Scotland.

Missing values are imputed based on the most frequent response.
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NUTS Level 1 (January 2018)

Source: https://geoportal.statistics.gov.uk/datasets/ons::
nuts-level-1-january-2018-ultra-generalised-clipped-boundaries-in-the-united-kingdom/about
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Algorithms

Let x ∈ Rd , where d represents the number of features and y ∈ {0, 1} be
the features and target (label), respectively. Then, the training set is
{(x1, y1), . . . , (xN , yN)}.

Preprocessing

Encoding
Scaling

Standard scaler
Min-Max scaler

Cross validation to avoid overfitting

Validation curves to determine hyper-parameters

Feature importance by permutation

Scikit-learn in Python
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K-nearest neighbours algorithm

Suppose x is the new data point and (x∗, y∗) is the closest point to x.
Then

x∗ = arg min
xi∈train set

distance(xi , x).

Then the label of the new data point is y∗. Different distance measures in
scikit-learn are: Euclidean, Chebyshev, Manhattan, Minkowski distances.

K is the hyper-parameter that can be tuned through Cross Validation.
Too small may overfit, too large K may underfit.

Suffers from the curse of dimensionality: in high dimensions, most
points are far apart.

Scaling is needed.
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Validation curves
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Classification trees

Non-parametric supervised learning. A set of if/then decision rules.

It partitions the space by considering a single feature at a time.

Different algorithms for decision trees:

ID3 (Iterative Dichotomiser) (Quinlan, 1986). It only works with
discrete and nominal data.
C4.5 (Quinlan, 1993). It works with both discrete and continuous data.
CART (Classification and regression tress) (Breiman et al., 1984). It is
used in scikit-learn. It is based on numerical splitting.

To decide which features to split on we can use

cost(D)−
(
|DL|
|D|

cost(DL) +
|DR |
|D|

cost(DR)

)
.

Cost: the impurity criteria such as Gini index, entropy or log loss.
D,DL,DR : sample size of the parent, left and right nodes.
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X [1]: Age, X [2]: Weight
Value[y = 0, y = 1].
Depth: 3
Gini: p(0|t)[1− p(0|t)] + p(1|t)[1− p(1|t)], where p(i |t) represents
the relative frequency of each class in node t.

gini = 0.175
samples = 824

value = [744, 80]

gini = 0.088
samples = 2331

value = [2223, 108]

gini = 0.0
samples = 1
value = [0, 1]

gini = 0.182
samples = 742

value = [667, 75]

gini = 0.0
samples = 1
value = [0, 1]

gini = 0.272
samples = 394

value = [330, 64]

gini = 0.0
samples = 3
value = [3, 0]

gini = 0.444
samples = 72

value = [48, 24]

X[1] <= 61.5
gini = 0.112

samples = 3155
value = [2967, 188]

X[0] <= 41.0
gini = 0.184

samples = 743
value = [667, 76]

X[0] <= 40.5
gini = 0.275

samples = 395
value = [330, 65]

X[0] <= 41.0
gini = 0.435

samples = 75
value = [51, 24]

X[1] <= 75.5
gini = 0.126

samples = 3898
value = [3634, 264]

X[1] <= 89.5
gini = 0.307

samples = 470
value = [381, 89]

X[1] <= 82.5
gini = 0.149

samples = 4368
value = [4015, 353]
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Ensemble methods

Ensemble methods combine multiple learners (models).

Boosting (Shapire and Freund, 2012): combining weak learners that
perform only slightly better than chance to reduce bias.

AdaBoost (Adaptive Boosting) is a combination of weak trees (one
level trees) that are trained sequentially by re-weighting training data
points that were previously misclassified.

Bagging (Bootstrap Aggregating) (Breiman, 1996): combining
different learners on subsets of data chosen randomly with
replacement to reduce variance.

Random forest is a combination of different trees on randomly chosen
subsets of data and randomly chosen subsets of features.
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Validation curves
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Validation curves
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Logistic regression

Binary logistic regression for the positive class is given by

Pr(yi = 1|Xi ) = p(xi ;w) =
1

1 + exp(−wTxi + b)
.

To find the optimum values of w , we have

min
w

n∑
i=1

(−yi log(p(xi ;w))− (1− yi ) log(1− p(xi ;w))) + αr(w),

r(w) is the regularisation term.

α = 1/C is the hyper-parameter.
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Validation curves
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Support Vector Classification

Margin: the distance from the decision boundary (hyperplane) to the
closest point across both classes.

Support vectors: the closest points to the decision boundary.

Slack variables ψi : points within the margin, even misclassified.

min
w ,b,ξ

wTw + C
N∑
i=1

ξi

s.t. yi (w
Tφ(xi ) + b) ≥ 1− ξi ,

ξi ≥ 0

C is a hyper-parameter that trades off the margin with the amount of
slack.

If C is large, the SVC becomes strict and if C is small, the SVC
becomes loose.
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Validation curves
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Confusion matrix

y = 1 y = 0

ŷ = 1 True positive (TP) False positive (FP)
ŷ = 0 False negative (FN) True negative (TN)

Recall = TP / (TP + FN)

Precision = TP / (TP + FP)

Accuracy = (TP + TN) / (TP + TN + FP + FN)

True positive rate = TP / (TP + FN)

False positive rate = FP / (FP + TN)
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Comparison of models and algorithms

KNN RF AdaBoost Logistic SVC

Train 0.916 0.985 0.917 0.915 0.915
Test 0.922 0.911 0.914 0.921 0.922

Precision 0.667 0.105 0.176 0.333 0.000
Recall 0.018 0.018 0.026 0.009 0.000
AUC 0.600 0.640 0.710 0.740 0.580
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Feature importances by permutation

KNN Random forest AdaBoost Logistic

Region Age Age Cohort
Fatigue Weight IntMode Age
CVTest Region PhysiActi BreathShort
HeartFail IntMode EmployNow SkinDisea
Cancer PhysiActi

Cohort
Disability
RuralUrban
EmployNow
EmployPre
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Feature importances for random forest model based on feature permutation
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Conclusions

We have an imbalanced dataset.

AdaBoost can discriminate between positive and negative labels
better than other models and algorithms in terms of AUC and Recall.

K-nearest neighbours performs better in terms of Precision.

K-nearest neighbours and SVC provide the highest test accuracy.

The important features are not the same for all algorithms and
models.

Almost all features are considered important by Random Forest.

Age and region are selected as important feature by most models and
algorithms.
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