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Introduction

STI and HIV prevention and care services have been unavoidably dis-
rupted by the pandemic and its associated interventions, such aslock-
down and other social distancing measures.

Services were recon�gured to be increasingly online/by phone, rather
than in person, so that the UK March 2020 lockdown is expected to
have had a causal e�ect on HIV diagnosis.

Assessing the e�ect of a policy (or intervention) on an outcome requires
�rst estimating the `counterfactual', i.e. what would have happened if
the intervention had not taken place.
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Introduction...

Time series models to estimate suchcounterfactualshave been used in
many applications such as health and Social science[Brodersen et al.,
2015].

In this paper, I aim is to estimate themagnitude of the e�ect of the
�rst UK national COVID-19 lockdown on HIV diagnoses.

In particular by inferring the counterfactual of how manynew HIV
diagnoseswould have occurred in theabsence of the lockdown, and
comparing this with the recorded number of new HIV diagnoses during
2020.

Feysal Kemal (Peter Kirwan,Tasnuva Tabassum,James Lester, Pantelis Samartsidis,Alison Brown, Daniela De Angelis, Chiara Chiavenna,Anne Presanis)Impact of the �rst COVID-19 lockdown on HIV diagnosis in England



Data

The HARS dataset records all new HIV diagnoses from 1978 to 2020.

For the purpose of this study, we concentrate on diagnoses from the
period 2004 to 2020.

We aggregated the HARS dataset byyear, quarters, age group, a com-
bined gender/sexual orientation variable, and 2 stages of diagnosis.
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Methods

Synthetic controls

The idea behind synthetic control [Abadie et al., 2010] is to �nd a
control unit, una�ected by the intervention, against which to compare
the treated/intervened on unit.

Rather than use a single control unit, aweighted sumof control units
(that are all una�ected by the intervention) might be better correlated
with the pre-intervention treated unit than a single control time series
alone.

Our \treated unit" is the time series of quarterly new HIV diagnoses
a�ected by the intervention (lockdown).
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The causal impact method

The causal impact method (CIM) was introduced by [Brodersen et al.,
2015], using aBayesian structural time series (BSTS)model to estimate
the counterfactual against which to compare the treated unit

Bayesian variable selection using a spike and slab prior is used to decide
which control time seriesZt ;s to include, i.e. how to de�ne the synthetic
control.

The BSTS model is �tted to the pre-intervention period data, then
the �tted model is used to predict the counterfactual for the post-
intervention period.

The causal e�ect is de�ned as the di�erence between the counterfactual
prediction and the observed treated unit in the post-intervention period.
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BSTS model

BSTS model for the outcomeYt ;s, the observed number of new HIV
diagnoses at time t (quarter-year) for stratum s is given as follows:

Yt ;s � N(� t ;s; � 2
y;t ;s)

� t ;s = � sZt ;s + lt ;s + 
 t ;s

lt +1 ;s � N(lt ;s + � t ;s; � 2
l ;t ;s)

� t +1 ;s � N(� t ;s; � 2
�; t ;s)


 t +1 ;s � N

 

�
U� 2X

u=0


 t � u;s; � 2

; t ;s

!

The magnitude of the e�ect can be de�ned as the di�erence between
the observed series and the conterfactuals

Yi ;t (Observed) � Yi ;c(counterfactual )
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Chosen synthetic control time series

Finding appropriate synthetic controls time series for this application was
very challenging

We checkedthree group of control time series:

Time series that are likely to behighly correlated with new HIV diag-
noses, such asHIV tests, tests and diagnoses for other STIs.

Random termsin google searches that are unlikely to have been a�ected
by the lockdown, such as\apple", \duck", \google", \bbc" , etc

To help capture theobserved peak hit in 2015in the MSM group,we
also included search terms for events/names that were in the news in
2015 (Tsipras,Syriza,Syria, Austerity, Greece election,Paris summit).

Combination of 37 synthetic controls series were selected from google trend
data
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Results

Estimated posterior probability of an e�ect

Gender/ Age group Late diagnosis Non-late diagnosis
sexual orientation (AIDS or CD4< 350) (CD4 > = 350)

MSM
15-24 56% 64%
25-34 91% 63%
35-49 52% 60%
50+ 67% 89%

Other men
15-24 88% 96%
25-34 64% 59%
35-49 55% 92%
50+ 98% 71%

Women
15-24 45% 55%
25-34 51% 58%
35-49 56% 75%
50+ 87% 91%

Table: Estimated posterior probability of a causal e�ect of the �rst COVID-19
lockdown on HIV diagnoses, by gender, sexual orientation, age group, and stage
of diagnosis.
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Results: Counterfactual plots

Figure: Counterfactual plots for MSM aged 25-34 (left) and 35-49 (right) with
late diagnosis. The black lines show the observed diagnoses, the dashed line is the
posterior mean counterfactual diagnoses, and the blue ribbon is the 95% CrI for
the counterfactual diagnoses.
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Dumbbell plots

Figure: Dumbbell plots for MSM exposure groups showing the observed vs the
counterfactual number of new diagnoses summed over the three quarters after the
lockdown ordered by e�ect size.
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Discussion

We estimated the e�ect of the �rst UK national SARS-CoV-2 pandemic
lockdown on HIV diagnoses.

Due to the small sample sizes in theage group 50+, the variability in
the di�erence between the counterfactual and the observed diagnoses
is comparativelyhigh in this age group.

There is a higher posterior probability of an e�ect for those withnon-
late diagnosiscompared with late diagnosis amongwomen.

This analysis is the �rst to formally quantify the e�ect of the �rst UK
national SARS-CoV-2 pandemic lockdown on HIV diagnoses.
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Conclusions

Largest e�ect is seen in�rst calendar quarter after lockdown, with the
e�ect subsequently reducing as HIV testing, and consequent diagnosis,
caught up during the summer of 2020.

The magnitude of the e�ect of lockdown on HIV diagnosisvariesfor
the di�erent strata we considered.

Public health campaigns which encouraged HIV home testing during
the lockdown may also have helped to mitigate the e�ect.
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Introduction:
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estimation (SAE)

Estimation of health -related 
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2015)
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prevalence, and risk factors within 
specific geographic area (Wakefield 

et al., 2020) 
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Introduction:
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estimation
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machine learning 
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Study focus:
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John Snow cholera map adapted from (Erraissi, 2019)
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Introduction:
Spatial and 

spatiotemporal ML 
models for COVID -19 

studies

SAESAECOVID-19
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B

Global pandemic threat ( Dai et al., 2023)

Over 700 million cases worldwide
(Worldometer , 2024)

Over 7 million total deaths worldwide
(Worldometer , 2024)
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Gaps

2: To model COVID-19 spatial 
dynamics using composite 

indicators

3: To incorporate temporal 
variation into our model to gain 

a deeper understanding of 
COVID-19 spatiotemporal 

dynamics

1: To construct 
composite indicators



Methods: 
Study area

The United States (US)

Spatial distribution of percentage of people with fair or poor health
Sources: Author generated map
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County Health Rankings and Roadmaps

Data 
sources
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Mexico

Remains the front-line 
nation, with overall 
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699, 917 530, 841 397, 146
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