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Inclusion of deprivation in endemic-epidemic models

Maria Bekker-Nielsen Dunbar1,2 , Svenn-Erik Mamelund1 and
Gerardo Chowell3

ABSTRACT Deprivation amplification theory suggests that the health effects of individual
deprivation are amplified for people who live in areas with greater levels of deprivation. We
postulate that health (represented by norovirus incidence) is influenced and amplified by
deprivation (a measure that includes socio-economic factors), and believe that this associa-
tion has been neglected in surveillance models of infectious diseases. We construct a social
epidemiological extension of a known surveillance model to evaluate the inclusion of dep-
rivation in surveillance models using the German Index of Socio-economic Deprivation
(GISD) in an endemic-epidemic model. We evaluate model types considered in the litera-
ture on the basis of Akaike’s information criterion. Our results suggest that a social epide-
miological endemic-epidemic model with the GISD for enterically transmitted infections
does not need to also include time-varying contact matrices as transmission weights.

KEYWORDS Berlin • Deprivation • Endemic-epidemic modelling • Infectious disease
surveillance • Norovirus (Norwalk agent) • Social epidemiology

Introduction

Norovirus is a disease of alimentary transmission. It normally causes single-source epide-
mics, i.e. outbreaks that can be linked to a source of contaminated food. This means that
alimentation is a risk factor for norovirus. Alimentation may itself be linked to deprivation.
We speculate that in deprived areas, there may be less access to safe food; less education on
food handling and food safety or less opportunity to adhere to such recommendations as a
result of fewer resources; as well as less access to nutritional options as a result of food
deserts (impoverished areas with limited access to nutritional and nourishing food options).
Due to these conditions, a greater risk of norovirus exposure is found in areas with greater
deprivation. Norovirus outbreaks are initiated by contaminated food (single source epi-
demic), and the virus causes gastroenteritis (inflammation of the mucous membrane of
the digestive system linked to vomiting and diarrhoea). The ongoing transmission occurs
via the oral-faecal route, meaning that other transmission routes include contact with
fomites or with infected people and their bodily fluids (Mathijs et al., 2012). Norovirus
poses significant risks in public places such as schools, hospitals, and nursing homes,
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where close contact and shared spaces facilitate its rapid transmission. In such environ-
ments, outbreaks can spread swiftly due to the high density of susceptible individuals
and the ease of fomite transmission. Studies have shown that public institutions like hospi-
tals and nursing homes are particularly vulnerable, as the virus can cause severe illness in
immunocompromised patients and elderly residents (de Graaf et al., 2016). Schools and
childcare institutions are also high-risk settings due to frequent interactions among children,
who are often less vigilant about hygiene practices (Gaythorpe et al., 2018b). The impor-
tance of understanding intrafamily norovirus transmission has been highlighted in house-
hold surveys, which demonstrate how easily the virus can spread in close quarters (Juniastuti
et al., 2023). In Japan, for example, long-term surveillance has revealed that norovirus trans-
mission dynamics in public settings remain persistent over time, demonstrating the need
for ongoing vigilance in these high-risk environments (Misumi and Nishiura, 2021). Incor-
porating socio-economic and environmental factors into models of norovirus transmission
is therefore crucial, as public institutions in deprived areas may experience even higher
transmission rates due to overcrowding and limited resources for infection control.

Recent work in England by Buczkowska et al. (2023) found that an increase in depriva-
tion is linked with an increase in norovirus cases. They suggest an almost 300-fold estimate
of the true cases meaning that the norovirus cases reported in the surveillance system are
expected to be severely under-ascertained and that the surveillance data “under-represents
the true burden of norovirus”. At the time of writing, there is no pre-exposure prophylaxis
(vaccine) for norovirus, and norovirus spread is not countered by hand sanitiser. Food-borne
diseases pose an increasing risk to public health in Germany (Dietrich et al., 2023). The
capital of Germany is Berlin. Berlin is the most culturally diverse city in Germany with
a long history of migration and an increasing population. Berlin was divided following
the Second World War into East Berlin (Soviet Union occupied; DDR) and West Berlin
(American occupied, British occupied, and French occupied regions; BRD) with immigra-
tion from Turkey in the west and immigration from Viet Nam and North Korea in the east.
We expect Berlin to have differences in levels of deprivation as a result of this historic
division.

Deprivation indices measure the lack of advantages in a location.Worse health outcomes
are found among residents of disadvantaged areas. Deprivation reflects the inequalities in
“exposure to the social determinants of health: ( : : : ) working conditions, unemployment,
access to essential good and services” (Bambra et al., 2021). The deprivation amplification
theory states that the health effects of individual deprivation are amplified for people who
live in areas that are more deprived (Bambra et al., 2023). Deprivation indices synthesise
information gathered on these inequalities of exposure and quantify the poverty and disad-
vantages of an area numerically. The German Index of Socio-economic Deprivation (GISD)
was developed in 2017 and updated in 2022 (Michalski et al., 2022). The GISD is construc-
ted on the basis of three socio-economic domains through nine indicators: three educational,
three employment-based, and three social indicators. The GISD takes values from 0 to 1,
with a higher value indicating greater deprivation. The GISD is a relative measure, meaning
that it is defined relative to the regions that have the best and the worst socio-economic
situations. We have chosen to use the continuous deprivation score rather than the categor-
ical deprivation index in our work (Altman and Royston, 2006). Germany is a country with
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low social mobility (defined as the ability of a person to attain an improved socio-economic
status relative to their parents) (OECD, 2018).

This paper makes several key contributions to the current work on infectious disease
modelling. First, it introduces the use of the GISD as a covariate in endemic-epidemic
models, offering one of the first studies to explicitly account for socio-economic deprivation
in this context. Second, it responds to calls for more region-specific analysis by demonstrat-
ing how deprivation influences disease transmission at the district level in Berlin. Third, it
advances the application of deprivation amplification theory to infectious disease epidemi-
ology, providing empirical support for the theory. Finally, it innovates by integrating socio-
economic factors with time-varying contact matrices, thereby enhancing model accuracy
and robustness. Our work addresses various calls for further investigation.

• Michalski et al. (2022) noted that “official notification data for various infectious disea-
ses ( : : : ) represent further data sources, for which socioeconomic inequalities could be
analysed by linking them to regional deprivationmeasures”, which our work addresses;

• The inclusion of seasonality in the epidemic component in Held et al. (2017) was reque-
sted by Meyer and Held (2017), which our work addresses;

• Meyer and Held (2017) also called for the use of time-varying contact matrices, which
our work addresses through the inclusion ofmatrices established using theArregui et al.
(2018) method;

• Bambra et al. (2023) called for health impact assessments to also quantify the impact of
health equity, and our work responds to this call through the construction of a social
epidemiological endemic-epidemic model; and

• We extend the work of Di Biagio et al. (2022) and Dolcini et al. (2022) who considered
only the categorical deprivation index in their endemic-epidemic work – in which dep-
rivationwas a proxy for indoor air pollution exposure (and its effects on the coronavirus
pandemic of the 2020s) – by considering a continuous deprivation score and focusing
on it as its own entity, rather than on its use as a proxy measure for indoor air pollution
exposure.

Methods

Material (data)

Deprivation index

Deprivation indexes are used to capture the multiple dimensions of deprivation in a rela-
tive measure. They are used in many countries, including (non-exhaustive list): the United
Kingdom, Aotearoa New Zealand, Australia, Canada, South Africa (all English speaking),
the United States (English speaking de facto), Germany (relevant for our work and
revisited in the discussion), France, Belgium, Switzerland, Italy (all European), and Fiji.
We consider the GISD, which is available from Michalski et al. (2022). While others have
used the GISD in various work (Table 1), we believe we are the first to use it with a focus
on Berlin.
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In order to use the GISD at the Bezirk level (henceforth referred to as “district” as in
Meyer and Held (2017) but with the original term retained in reference to data sets used
for reproducibility) in Berlin while attaining the same granularity as the surveillance data,
we need to link the postcode (PLZ) level GISD (finer granularity) in Berlin to the corres-
ponding district level. As some PLZs are linked to multiple districts we perform a two-stage
adjustment (Figure 1). Stage 1 consists of linking the PLZ to the most frequently observed
district when tallying and stage 2 consists of a manual adjustment to link the postcode to the
district fromMeyer and Held (2017). This means that for each PLZ, we investigate whether
it is linked with more than one district, and if so which districts it was considered a part of.
We then calculate the total number of times the PLZ is linked to each district, and link it to
the one with the higher total number. For example, the postcode PLZ 14199 is linked to
district Charlottenburg-Wilmersdorf three times (3) and to Steglitz-Zehlendorf once (1),
so we link it to Charlottenburg-Wilmersdorf, as this link occurs more frequently. Stage 1
requires the manual adjustments of 19 PLZ codes and ensures that the districts are
disjoint units, while stage 2 requires the manual adjustments of 25 PLZ codes and ensures
coherence with the established literature. The postcodes that are affected by the adjustments
are labelled in Figure 1. For example, PLZ 14195 is considered part of Charlottenburg-
Wilmersdorf (the lilac-coloured region), whereas it should be considered part of Steglitz-
Zehlendorf (the violet-coloured region) based on visual inspection of the Meyer and Held
(2017) plot (top-left panel). For the purposes of completeness and reproducibility, we
provide.csv files of the adjustments and an additional plot in the supplementary material
(available online at https://doi.org/10.1553/p-4b4e-mkcd). This two-stage adjustment
provides us with disjoint regions such that when we calculate the GISD score at the district
level it is not influenced by neighbouring districts.

Table  Other studies using the GISD

Study Geography Coverage

Tetzlaff et al. (2024) Germany National

Hoebel et al. (2024) Germany National

Reitzle et al. (2024a,b) Germany National

Tuncer et al. (2024a,b) Germany National

Tetzlaff et al. (2023) Germany National

Mercuri et al. (2023) Four regions National

Wollschläger et al. (2024) 16 states National

Rohleder et al. (2022) 401 districts National

Schultz et al. (2023) Eight states Subnational

Yang et al. (2024) Six states Subnational

Hanewinkel and Hansen (2024) 13 states Subnational

Suchert et al. (2023) 13 states Subnational

Ernst et al. (2023) One state Subnational

Moissl et al. (2020) One city (in three states) Subnational
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After this PLZ linking process, we are able to determine the weighted average GISD
score for the district for each year in the study period (Figure 2). The average GISD score
is weighted by the population in the postcode. This population information is provided with
the GISD data at the PLZ level, and does not vary over the study period (2011 week 27 to
2015 week 26), unlike the district-level population shown in the population pyramids
in Figure 3. There is seemingly no overall pattern to the districts (Table 2). The largest

Figure  PLZ linking to match the GISD given at the PLZ level to the district level

Meyer and Held (2017)

Source: hhh4contacts/demo

PLZ mapping (unadjusted)

Source: Open Map Data
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and the smallest districts are adjacent and the most and the least populous districts have
a similar average GISD.

Deprivation increases the likelihood of worse health outcomes, which our model will
reflect. However, if more deprived areas are more isolated or have lower contact rates, this
will reduce transmission and delay the onset of epidemics. We expect to see a difference in
deprivation levels between the east and the west as Berlin was historically divided into two
parts. The Berlin Wall surrounded the western part of Berlin, and was erected on 13 August
1961 with the aim of restricting travel from east to west. The wall fell on 9 November 1989
(the wall stood for 10,315 days). While the wall is no longer present, certain aspects of
the city (e.g. its buildings) remain impacted by the historical division to this day.

Social contact

As norovirus has the potential to spread between people, we use the POLYMOD contact
matrices to capture contacts between members of different age groups as inMeyer and Held
(2017) and Held et al. (2017). We use the density correction from Arregui et al. (2018) to
update them tomatch the demographics of the study period under consideration (2011 week
27 to 2015 week 26). This means we calculate

m0
st = mst

nn0t
ntn0

(1)

where mst denotes the entries of original POLYMOD contact matrix used in previous
endemic-epidemic analyses, nt is the old or unadjusted population in age group t and

Table  Properties of districts. The average GISD across the study period is ranked from 1 (least deprived) to 12
(most deprived) and the population is the average count over the study period. Information on district size is from
the data set “Flächennutzung im Land Berlin – Bezirke”

Bezirk
GISD
(avg.)

Rank
(GISD)

Population
(avg.)

Size
(km2) Density

Berlin Mitte 0.6835218 1 55772.97 39.47 1413.0470

Berlin Neukölln 0.6835193 5 52026.33 44.93 1157.9420

Charlottenburg-Wilmersdorf 0.6835218 2 50396.30 64.72 778.6820

Friedrichshain-Kreuzberg 0.6835218 3 43820.23 20.41 2146.9982

Lichtenberg Hohenschönhausen 0.6835191 6 43697.77 52.12 838.4069

Marzahn-Hellersdorf 0.6834610 9 42018.17 61.78 680.1257

Pankow 0.6835054 8 61685.03 103.06 598.5352

Reinickendorf 0.6833855 11 41116.07 89.31 460.3747

Spandau 0.6835084 7 37037.83 91.87 403.1548

Steglitz-Zehlendorf 0.6833579 12 47604.23 102.56 464.1598

Tempelhof-Schöneberg 0.6835194 4 54340.67 53.03 1024.7156

Treptow-Köpenick 0.6834255 10 40877.73 168.42 242.7131
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n =
P

t nt, and prime denotes the newer or adjusted demographics. The contact matrix
represents the average number of reported contacts, i.e. mst is the average number of con-
tacts age group s has with t. The calculation gives us an updated contact matrix with entries
m0

st for the average number of contacts age group s has with age group t after demographic
changes. The matrices are shown in Figure 3. Contacts are a rough proxy for transmission
opportunities.

The population data used to update the matrices comes from the Statistical Information
System Berlin-Brandenburg (https://statis.statistik-berlin-brandenburg.de) as this is the
source used by Meyer and Held (2017). The data set used is the “Bevölkerungsstand –

Berliner Bezirke u. Brandenburger Kreise nach Geschlecht und Jahr” data set. We summa-
rise this population to the age groups considered in the work and use this to inform nt in (1).
The result of incorporating the newer demographics (Table 3) to update contact matrices
is given in Figure 3. Note that for legal reasons, the Statistical Information System Berlin-
Brandenburg can only provide population counts for Berlin in total (not stratified by
district) from 2014 onwards. To obtain the district-level population for 2014 and 2015,
we redistribute the total population given according to the fractions from previous years
which provides an estimate of the district-level population.

Mixing

Summary measures that seek to describe the pattern have been developed for contact matri-
ces. Most of the summary measures consider the value on or off the diagonal of the matrix.
Assortative mixing represents “like mixing with like”, which for contact matrices means
that people are more likely to interact with their peer group (in age) and that the greatest
values are found on the diagonal. The index of disassortativity (Farrington et al., 2009;
Wallinga et al., 2019) considers off-diagonal matrix elements. A greater value of the index
of disassortativity means that people mixmore with other age groups than with the same age
group. The continuous version of the index of disassortativity is presented in Farrington
et al. (2009), and Wallinga et al. (2019) outline the discrete version of I2s which we use in
our work as we analyse age groups rather than age in years. An additional summarymeasure

Table  Population values n 0 by age group used for updating contact matrices (2014 and 2015 values estimated
from redistributing the total population)

2011 2012 2013 2014 2015

00–04 159143 163051 166182 171814 178152

05–14 267983 272892 279194 286509 295979

15–24 346244 344858 340305 335273 332303

25–44 990766 1010909 1031211 1053302 1077836

45–64 921310 936099 949327 955862 957626

65+ 640556 647413 655610 667089 678135

Total 3326002 3375222 3421829 3469849 3520031
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is the Q-statistic (Aral et al., 1999), which measures assortativity. Q < 1 indicates disas-
sortative mixing and Q > 1 indicates assortative mixing. An alternative assortativity mea-
sure that considers more than just the diagonal matrix entries is called r (Newman, 2003). In
contrast toQwhich considers only the diagonal elements and the size of the contact matrix,
r is weighted by the rows and columns of the matrix, providing additional nuance. A third
summary measure q (Keeling and Rohani, 2008) considers the ratio of the second-largest
to the largest eigenvalue, rather than entries of the matrix (incorrectly listed as λ1=λ2 in
Bekker-Nielsen Dunbar, 2024).

We calculate the summary measures for the updated contact matrices given in Figure 3.
The summary measures indicate that the mixing patterns observed in the study period as a
result of demographic updating become more disassortative over time based on their place-
ment on the scale of possible values Q, r, q, and I2s can take (Figure 4). The full suite of
summary measure values for our updated contact matrices can be found in Figure 4, which
allows for a visual inspection. We observe an increase in the index of disassortativity I
over the study period, meaning that the population mixes more heterogeneously over time
(as the indices are constructed in comparison to homogeneousmixing), which is also seen in
the decrease in assortativity measures Q, r, and q. We observe a decrease in the degree
of assortative mixing over time as the values of Q decrease which also indicates more
heterogeneous mixing over the study period (Figure 4).

Disease surveillance

The data for laboratory-confirmed norovirus cases comes from the Robert Koch Institute
(for more information, see: Meyer and Held, 2017; Held et al., 2017; Bracher and Held,
2022). Our study period is 2011 week 27 to 2015 week 26. These data cover four noro-
virus seasons, and the number of weeks included for the years 2011 and 2015 is less than
that for the other three years (2012, 2013, and 2014) as shown in Figure 5. The second
norovirus season (i.e. winter 2012/2013) seems to have fewer cases than the other three
based on visual inspection. When plotting the cases by age group and district, as shown
in Figure 5, we see that the cases are distributed unevenly across age groups and that
district Steglitz-Zehlendorf seems to have the greatest burden. We note that this district
has the lowest average GISD score for the study period (Table 2), and is thus the most
deprived.

Model

The endemic-epidemic model is a known statistical framework developed for infectious
disease surveillance. An overview of the previous endemic-epidemic approaches to noro-
virus modelling is provided in Table 4. The original model for norovirus incidence in Berlin
was presented in Meyer and Held (2017). This model was extended by Held et al. (2017)
who included seasonal sine-cosine waves in the endemic component of the model as this
extension was highlighted as an option for further work by Meyer and Held (2017). Held
et al. (2017) used the data fromMeyer and Held (2017) as training data for their predictions.
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Bracher and Held (2022) also explored predictions and evaluated the impact of including a
distributional assumption for the lagged observations.

We will compare the models from the three studies (Table 4) with the two inclusions
provided in this work:

1. The inclusion of the GISD as a model covariate (Figure 2); and
2. The inclusion of the Arregui et al. (2018)-updated contact matrices (Figure 3).

In the endemic-epidemic model for norovirus incidence in Berlin, cases in age
group a, in district b, in week w are conditional on the past wmax weeks’ surveillance
data (i.e. cases) assumed to follow a negative binomial distribution with mean λ and
overdispersion ψ

YabwjYw−1,Yw−2, : : : ,Yw−wmax
∼ NegBinðλabw,ψaÞ (2)

where Y denotes cases in all age group and district combinations. The mean is given by

λabw = νabwnab
�X

a,b

nab þ ϕabw

Xwmax

w 0=1

X
a 0,b 0

uwca 0awrb 0bY a 0b 0w−w 0 (3)

where nab=
P

a,b nab is the population fraction in age group a and district b, νabw denotes
the endemic predictor (described below), ϕabw denotes the epidemic predictor (described
below), uw denotes the geometric serial interval lag distribution introduced by Bracher
and Held (2022), given by

uw = ð1 − κÞw−1κ (4)

with a maximum lag of wmax ≡ 5 (for norovirus surveillance models cf. Bracher and
Held, 2022), ca 0aw is the contact matrix in week w (Figure 3), and rb 0b is the connectivity
between the districts from Meyer and Held (2017). We estimate κ from the model but
have chosen the geometric lag distribution as the serial interval for norovirus is around
four days and we therefore place most of the weight on the preceding week’s cases.
A plot of the estimated distribution is provided in the supplementary material.

Table  Characteristics of previous norovirus studies

Meyer and
Held (2017)

Held et al.
(2017)

Bracher and
Held (2022)

Study period w 2011 week 27 to
2015 week 26

2011 week 27 to
2016 week 26

2011 week 1 to
2017 week 52

Age group a 0–4, 5–14, 15–24,
25–44, 45–64, 65+

0–4, 5–14, 15–24,
25–44, 45–64, 65+

—

District b 12 districts 12 districts 12 districts

Model fit evaluation AIC AIC AIC

Verification analysis criterion — Prediction
(ranked probability score)

Prediction
(log score)
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The endemic log-linear predictor ν is given by

logðνabwÞ = αðνÞ þ αðνÞa þ αðνÞb þ βxw þ γðνÞa sin

�
2πw
52

�
þ δðνÞa cos

�
2πw
52

�
þ ξðνÞb zbw (5)

with intercept α with reference level age group zero to four years old (00-04) and district
Charlottenburg-Wilmersdorf, with age group-specific effects αa and district-specific
effects αb providing and being interpreted as contrasts to the reference level, effects
of holiday season β (since the epidemiological calendar for norovirus includes winter,
and behaviour and exposure levels may change during festivities) for the festive indi-
cator xw, given by

xw =
�
1 w is week 52 or week 1

0 otherwise
(6)

age group-specific seasonal effects γa and δa, and ξb is the effect of deprivation for
the GISD score zbw for district b in week w. The epidemic log-linear predictor ϕ is
given by

logðϕabwÞ = αðϕÞ þ αðϕÞa þ αðϕÞb þ θ logðnbÞ þ γðϕÞa sin

�
2πw
52

�
þ δðϕÞa cos

�
2πw
52

�
þ ξðϕÞb zbw

(7)

where θ denotes popularity (to reflect the attraction to population centres).
We compare the performance of this model with that of models without zbw (our primary

goal), with ca 0a in place of ca 0aw (our secondary goal), without uw (for comparison with the

addition of weighted lags from Bracher and Held (2022)), without γðϕÞa and δðϕÞa (for com-
parison with the addition of seasonality in the epidemic component fromHeld et al. (2017)),
and without θ (for comparison with the addition of a measure of urbanicity from Meyer
and Held (2017)). We use Akaike’s information criterion (AIC) for model comparison.
Models are fit using 2,000 iterations, with a tolerance limit of 0.001, and the Nelder-Mead
algorithm is used for fitting the variance.

Results

While the initial results suggested that the default model including every detail had the
best fit in terms of AIC, we thought that given the unique historic situation of Berlin (having
been split by a physical barrier) the Berlin Wall (Figure 6) might be a stronger determinant
of deprivation amplification than the GISD. We considered the inclusion of the historical
east and west parts of Berlin in place of the deprivation index to see if this provided a
better explanation of the specific differences in Berlin. To investigate this question, we
determined which districts were on each side of the wall and categorised this division as
a variable. In cases in which the wall was located within the district, we assigned the district
to a third category of “both” (meaning both sides), and expected that any conclusions drawn
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Figure  Berlin Wall (marked as a fully drawn line), contemporary Berlin districts boundaries, and ranking of
average GISD over the study period (1 is least deprived and 12 is most deprived) as well as by individual year
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about the effect of the wall would be a bit more complicated for those districts. Rather than
the east-west divide we had expected to find, we instead observed a “halo” effect, whereby
the innermost districts were less deprived than those surrounding them (the “landlocked”
regions in Figure 6 with ranks 1–3). We elected to examine a model with solely an effect of
the GISD

logðνabwÞ = αðνÞ þ ξðνÞb zbw (8)

logðϕabwÞ = αðϕÞ þ ξðϕÞb zbw (9)

as well as a model with only the historic east and west parts of Berlin (Figure 6), and amodel
with both for completion.

After this investigation showed that the model with the historical division of the Berlin
Wall did not seem to perform better than our initial model, and given that our work is
focused on deprivation in general, we considered themodel suite in which theGISD appears
only in the epidemic component in line with previous work considering such an effect by Di
Biagio et al. (2022).

This means that we exclude ξðνÞ and replace ca 0aw with the original ca 0a in our full model.
All other effects remain as originally intended. The inclusion of time-varying transmission
weights (the demographically updated contact matrices ca 0aw) does not seem necessary
according to our results. We then calculated the relative log likelihood L=Ldefault where
L denotes the likelihood. We considered calculating the relative likelihood from the
AIC as

exp

�
AIC − AICdefault

2

�
= expðκÞ L

Ldefault
(10)

but we are not interested in the exponentiated difference in the number of parameters
between the two models expðκÞ = expðk − kdefaultÞ which is extremely large.

This is also a pragmatic choice for the situation under investigation given that there seems
to be collinearity in the GISD coefficient in the endemic component (Table 5), as the coef-
ficient estimates and associated standard errors are very large and might be inflated. Inclu-
sion of the wall in place of the GISD did not solve the problem of diverging effects for
deprivation in the endemic component (in Table 5 the estimates have even greater absolute
values when the wall is included in addition to the GISD).

To address the diverging coefficients of GISD, we consider instead the final model with
log-linear predictors

logðνabwÞ = αðνÞ þ αðνÞa þ αðνÞb þ βxw þ γðνÞa sin
�
2πw
52

�
þ δðνÞa cos

�
2πw
52

�
(11)

and

logðϕabwÞ = αðϕÞ þ αðϕÞa þ θ logðnbÞ þ γðϕÞa sin

�
2πw
52

�
þ δðϕÞa cos

�
2πw
52

�
þ ξzbw (12)
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Table  Model coefficients for the model with the GISD, the model with the BerlinWall, and the model with both

Model with historical division Model with GISD Model with both

− logðψ00–04Þ 0.3469651 0.4305772 0.4439486

− logðψ05–14Þ −2.7485215 −2.7425023 −2.7414454

− logðψ15–24Þ −1.8214928 −1.8031098 −1.8028735

− logðψ25–44Þ −0.9838918 −0.9609265 −0.9600564

− logðψ45–64Þ −0.2137250 −0.1545979 −0.1559667

− logðψ65þÞ −0.3569037 −0.1168705 −0.1163549

αðνÞ −12.8726431 119.2936438 20.0828292

ξðνÞCharlottenburg-Wilmersdorf
−172.7469628 2.4379790

ξðνÞFriedrichshain-Kreuzberg
−180.1818905 −30.1377231

ξðνÞLichtenberg Hohenschönhausen
−198.9586816 −329.2994905

ξðνÞMarzahn-Hellersdorf
−198.7755820 −330.4153917

ξðνÞBerlin Mitte
−198.7279356 −53.9850085

ξðνÞBerlin Neukölln
−176.0408282 −26.0247625

ξðνÞPankow
−198.9835305 −329.7287833

ξðνÞReinickendorf
−172.2364939 1.7158731

ξðνÞTempelhof -Schöneberg
−173.5717794 −304.5507942

ξðνÞSpandau
−197.6080889 −1.3719600

ξðνÞTreptow-Köpenick
−174.8899770 1.8304446

ξðνÞSteglitz-Zehlendorf
−173.3813890 0.5121334

DivisionðνÞDDR
10.5374374 187.6287123

DivisionðνÞBRD
14.6853045 −19.1832564

αðϕÞ −5.3111100 −8.8650783 −11.3125823

ξðϕÞCharlottenburg-Wilmersdorf
5.1042249 −3.3444859

ξðϕÞFriedrichshain-Kreuzberg
4.8011986 8.3657433

ξðϕÞLichtenberg Hohenschönhausen
5.6116524 8.4787120

ξðϕÞMarzahn-Hellersdorf
5.1043175 7.9701659

ξðϕÞBerlin Mitte
5.5693853 9.1595776

ξðϕÞBerlin Neukölln
5.2917933 −2.9812313

ξðϕÞPankow
6.5715793 9.4397343

ξðϕÞReinickendorf
5.4564609 −2.7275413

(table continues)
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This model has an AIC of 28,631.64 (other values are given in Table 6 for compari-
son). The fit of the model is shown in Figure 7 and the model coefficients are given in
Table 7. We see that the model shows greater relative influence of the endemic com-
ponent than usual endemic-epidemic models. This may be indicative of the nature of the
disease, which leads to single source outbreaks within a stratum, rather than of person-
to-person spread across strata. We recall for the interpretation that the 65+ age group
has the most cases followed by the 0–4 age group while the 5–14 and 15–24 age
groups have the fewest cases. By district, the most cases seem to be observed in
Steglitz-Zehlendorf and Pankow, and the fewest cases are observed in Charlotten-
burg-Wilmersdorf and Friedrichshain-Kreuzberg (Figure 5). Because the model has
log-transformed predictors we can consider the exponentiated values as the multiplica-
tive term of an expected increase when observed cases increase by 1, whereby values
close to 1 indicate low-or-no association. See the supplementary material for visualisa-
tions of the coefficients on this scale.

Deprivation ξ̂ has the greatest effect. We see a negative effect corresponding to a small
multiplicative increase for the holiday season β̂ which is likely responsible for the dips in
overall cases observed around the start of a new calendar year (Figure 7). Reductions in

Table  (continued )

Model with historical division Model with GISD Model with both

ξðϕÞTempelhof -Schöneberg
5.8924530 8.7601068

ξðϕÞSpandau
5.0930752 −3.2297854

ξðϕÞTreptow-Köpenick
5.5744138 −2.8674592

ξðϕÞSteglitz-Zehlendorf
6.4468041 −1.8287594

DivisionðϕÞDDR
0.4519273 0.4932142

DivisionðϕÞBRD
0.2001090 8.1108283

Table  AIC of models with only the GISD or the Berlin Wall (above) and AIC of models fitted (below)

d AIC

Model with GISD 32 33337.78

Model with historical division 12 33772.08

Model with both 36 33337.29

AIC Δ AIC AIC/AIC(default) L/L(default)

Default 28444.58 0.00000 1.000000 1.000000

Without higher order lag uw 28900.44 455.86025 1.016026 1.016187

Without epidemic seasonality γðϕÞ, δðϕÞ 28498.19 53.61689 1.001885 1.002744

Without popularity θ 28464.99 20.41868 1.000718 1.000793
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norovirus cases in this period are likely due to people eating out less and eating more home-
cooked meals, and to people mixing with a smaller group. The estimate for popularity θ̂
suggests more cases would be expected to reach areas with larger populations. The greatest

effect of age in the epidemic compartment is α̂ðϕÞ65þ. This is the only age effect greater than the
intercept in either component (we have provided a plot of the effects relative to the reference
level in the supplementary material, which shows that this effect is the only one that is hig-
her than the reference). Besides this effect, the largest effect is found in the 0–4 age group.
This suggests an association of infancy and old age with norovirus.

Regarding seasonal effects, re-parameterising the sine-cosine waves in terms of ampli-
tude (variability in size of peak) and phase (variability in timing), we see that the oldest age
group (65+) has a different seasonality pattern than the other age groups in both compo-
nents. This is likely due to how different the older age group’s pattern of observed cases is
(Figure 5), with its maximum observed counts being more than twice as large as those of
other groups. The waves show period patterns that are not flat, indicating that the temporal
association with cases is seasonal, which is not surprising when looking at the oscillating
peaks and troughs in the observed cases. There seems to be a greater association of sea-
sonality for the 0–14 and 15–24 age groups, with the latter having the highest amplitude
overall. The effects of districts are lowest for Friedrichshain-Kreuzberg, Berlin-Mitte, and
Berlin-Neukölln, two of which are the most central districts, and could thus be responsible
for the “halo” effect.

Figure  Model fit
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Table  Model coefficients

Estimate Std. error Estimate Std. error

αðνÞ 4.7068638 0.0998811 αðϕÞ −4.4699886 1.7640301

αðνÞ05–14
−3.0790889 0.5438178 αðϕÞ05–14

−0.1398778 0.8290772

αðνÞ15–24
−2.1445130 0.1121555 αðϕÞ15–24

−4.0077497 2.1619985

αðνÞ25–44
−2.2818494 0.1326340 αðϕÞ25–44

−2.0785497 0.7420686

αðνÞ45–64
−2.1928050 0.1601284 αðϕÞ45–64

−1.2503831 0.7404071

αðνÞ65þ −1.2686618 0.1964524 αðϕÞ65þ 1.0465947 0.7160480

αðνÞBerlin Mitte
−0.1322536 0.1072115 γðϕÞ00–04

2.9398249 0.5098491

αðνÞBerlin Neukölln
−0.2491703 0.1168475 γðϕÞ05–14

1.1284148 0.4156349

αðνÞFriedrichshain-Kreuzberg
−0.2360321 0.1134170 γðϕÞ15–24

3.6153548 1.6997272

αðνÞLichtenberg Hohenschönhausen
0.2950535 0.1046013 γðϕÞ25–44

−0.4946121 0.2569458

αðνÞMarzahn-Hellersdorf
0.1161014 0.1142798 γðϕÞ45–64

0.6915391 0.1832723

αðνÞPankow
0.5423598 0.0966234 γðϕÞ65þ 0.1992303 0.1214413

αðνÞReinickendorf
0.3368040 0.1059892 δðϕÞ00–04

−1.7674017 0.5084232

αðνÞSpandau
0.1541714 0.1088006 δðϕÞ05–14

1.1037493 0.2939696

αðνÞSteglitz-Zehlendorf
0.8007635 0.0971840 δðϕÞ15–24

−1.8595850 1.3444790

αðνÞTempelhof-Schöneberg
0.3120494 0.0978066 δðϕÞ25–44

−0.0295585 0.1802024

αðνÞTreptow-Köpenick
0.1848273 0.1113172 δðϕÞ45–64

−0.3434015 0.1836602

γðνÞ00–04
0.0871183 0.0954323 δðϕÞ65þ −0.2949957 0.1420252

γðνÞ05–14
−0.2713383 0.3212306 ψ00–04 0.2835049 0.0410553

γðνÞ15–24
−0.1920094 0.1209598 ψ05–14 1.9680814 0.4971350

γðνÞ25–44
0.3925678 0.1209100 ψ15–24 0.3013989 0.1652700

γðνÞ45–64
−0.6818247 0.1342511 ψ25–44 0.0426622 0.0435470

γðνÞ65þ −0.9775884 0.1939884 ψ45–64 0.1992476 0.0396736

δðνÞ00–04
−0.6932154 0.0641154 ψ65þ 0.5589763 0.0329321

δðνÞ05–14
−0.9060146 0.5273104 β −1.1299031 0.2217778

δðνÞ15–24
−0.6866487 0.0998952 θ 1.3659094 0.1212877

δðνÞ25–44
−0.5622193 0.0922629 ξ 6.0648150 2.1353590

δðνÞ45–64
−0.6672792 0.0986491

δðνÞ65þ −1.4118994 0.2165542
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Discussion

The main goal of this work was to include deprivation in an endemic-epidemic model. Our
motivation is similar to that of Hank’s razor which states that any outcome that could be
influenced by socio-economic status likely is influenced by socio-economic status. Here we
have postulated that health (represented by norovirus incidence) is influenced by depriva-
tion (a measure that includes socio-economic factors) which may additionally act as an
amplifier (cf. the deprivation amplification theory). We determined the impact of including
the GISD in a known model for norovirus incidence in Berlin that is used for model devel-
opment in endemic-epidemic surveillance. Including deprivation in the model leads to a
lower AIC value (Table 6), indicating its usefulness in capturing variance currently not
incorporated in the existing model as an exogenous factor. We could have considered
age-standardised norovirus rates, but this would have removed the comparison opportuni-
ties with the previous endemic-epidemic modelling work, and we wanted to evaluate the
inclusion of deprivation in these model types.

As Meyer and Held (2017) called for the inclusion of time-varying contact matrices in
endemic-epidemic models with contact matrices, we established these matrices using the
Arregui et al. (2018) demographic updating method and included them in our modelling
approach as a secondary goal. The updated contact matrices were shown visually and sum-
marised using knownmeasures for contactmatrices.While norovirus is primarily transmitted
through contaminated food, it can also spread via person-to-person contact and contaminated
surfaces, which highlights the importance of using contact matrices in the modelling frame-
work. These matrices capture the interactions between different demographic groups,
which are crucial for understanding interpersonal transmission in community settings like
schools andworkplaces. In areaswith higher levels of socio-economic deprivation, crowding
and limited access to sanitation, person-to-person transmission can be accelerated, making
the integration of socio-economic status measures, such as the GISD, essential. By combin-
ing contact matrices with socio-economic status data, the model provides a more compre-
hensive view of norovirus transmission, accounting for both food-related and social
transmission pathways, thus enhancing the accuracy of the endemic-epidemic models.
We do note, however, that contact matrices are used as a way to inform mixing patterns that
rely on contact as a proxy for transmission opportunities and thus only capture direct contact.

Under-ascertainment is a known problem for norovirus data (specific analyses of the data
used in this work are given by Bernard et al., 2014; Hofmann et al., 2020). Currently, how-
ever, under-ascertained data can only be accounted for in univariate endemic-epidemic
models (Bracher and Held, 2021), while the under-ascertainment of norovirus is known
to be age-dependent (Gaythorpe et al., 2018a), and is therefore more meaningfully analysed
in a multivariate approach. Furthermore, such an approach requires external knowledge of
the reporting rate, which adds additional complexity. This means that we have implicitly
assumed no under-reporting of data. We have also implicitly assumed that the data quality
does not deteriorate or change. However, we know that this is not the case as we noted
changes in how population is counted and had to manually redistribute it (Figure 2). A final
assumption we have made is that there is no change in the serial interval, but we do not
believe that this is an issue for norovirus.
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Deprivation indices

We considered in our work the GISD measure of deprivation. According to Michalski et al.
(2022): “the use of the index at the level of themunicipalities (here: PLZ level, ed.) increases
the socioeconomic homogeneity compared to the district (here: bezirk, ed.) level, and there
is evidence that health inequalities are underestimated more strongly, the more coarsely the
spatial level is resolved”. Consequently, some of the differences within districts may not be
evident in our investigation. Deciding what size population strata to consider in epidemio-
logical surveillance involves a trade-off between being able to determine when outbreaks
are occurring, protecting personally identifiable information, and having informative deno-
minators and granularity of strata. A PLZ-level analysis would not have been possible as the
surveillance data are only available stratified by district.

The first index of multiple deprivation for a German setting was created by Maier
et al. (2012), who created one for Bavaria. This index was later extended by Maier and
Schwettmann (2018) to cover the entire country, and was called the German Index of
Multiple Deprivation (GIMD). We considered doing a sensitivity analysis of the GISD data
against the GIMDdata, but the latter are available at a less fine resolution (Noble et al., 2006;
Schuurman et al., 2007; Maier et al., 2012; Hofmeister et al., 2016; Kroll et al., 2017;
Schederecker et al., 2019), and thus do not capture differences in Berlin at the district-level.
Additional differences between German deprivation indices are outlined in Table 8.

We decided to examine the similarities of our GISD data sub-setting to consider Berlin
only using an alternative measure of deprivation, which was developed later specifically
with Berlin in mind: the Berlin Index of Health and Social Deprivation (BIHSD) (Zeiher
et al., 2022a,b). While these data consider a baseline deprivation level determined for
Berlin rather than for all of Germany, they are only available for the years 2013 and
2022, and thus are not maintained at the same temporal granularity as the GISD data. Lest
it be mistakenly thought that the level of deprivation is equal across districts (Figure 2) due
to our visualisation using the limits for all years rather than each year individually, we
showcase the values for 2013 to compare them with the BIHSD in Figure 8. For the sake
of completeness, we note that Lakes et al. (2014) also provide a potential alternative to the
BIHSD but it does not seem to be available for the years in our study.While wemay wish to
conclude from the histograms of the GISD score (Figure 2) that the decrease in the GISD
during the study period indicates that deprivation has improved, we note that the underlying

Table  German country-level deprivation indices

GISD (Michalski et al., 2022) GIMD (Maier and Schwettmann, 2018)

• GISD is constructed from nine indicators:
three educational, three employment-based,
and three social indicators (which Michalski
et al. (2022) dub “subdimensions”)

• GIMD is constructed on the basis of more than just
socio-economic considerations and might be more
informative since it includes other considerations in
its construction

• GISD is only constructed on the basis of
socio-economic considerations

• GIMD does not have equal weighting cf. Hofmeister
et al. (2016)

• GISD has equal weighting
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comparison is different. The areas with the lowest and highest levels of deprivation by PLZ
based on the GISD in our study period unsurprisingly follow the north-south divide found
in the original work (Michalski et al., 2022): the highest level of deprivation is found for
PLZ 85737 Ismaning in Bavaria for 2011 to 2014 and for PLZ 85774 Unterföhning in
Bavaria for 2015, and the lowest level of deprivation is found for PLZ 17353 Strasburg
in Mecklenburg-Vorpommern in 2011 and 2012 and for PLZ 39629 Berkau in Saxony-
Anhalt in 2013 to 2015. Berlin is located towards the latter two states rather than towards
Bavaria. Overall, the GISD scores for Berlin districts seem to be within a similar range
(Table 2), and we considered using the rank in place of the scores. However, as they are
equidistant values this would introduce artificial differences between districts that are not
found in the data (e.g. ranks 1, 2, and 3 have the same value when rounded, which is seen
in the table).

Figure  Comparison of the GISD and the BIHSD for 2013
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It could be interesting to examine an interaction between the historical division of Berlin
and the GISD but interaction terms are currently not implemented in the code we used to fit
the model. We also think that this is unlikely to improve our model fitting if the reason for
the large estimates is singularity (as a result of the GISD scores being very similar for all
regions). We note that as the GISD is an index, changes can impact either all parts of the
index – e.g. political choices such as austerity policies or economic issues such as recessions
– or individual parts of the index. Changes can affect the individual dimensions of: educa-
tion, employment or income. Furthermore, the index is a relative measure. The GISD is thus
sensitive to changes in the underlying socio-economic conditions. Education is a more
stable socio-economic measure than income as it stabilises after age 30, whereas changes
in income or employment may occur as an effect of health or may cause poor health. It
has been suggested that income is the factor that can change the most in a short time period
(Galobardes et al., 2006a). Because the GISD is a relative index, an increase in values in the
most deprived area (which would be a target for political improvement) should lead to chan-
ges in GISD values for other areas, even when there are no changes in these areas. Future
investigations should consider studying the performance of individual socio-economic mea-
sures and compare them with the results of the composite index (Galobardes et al., 2006b).

We note the simplicity of our linking approach. For example, when linking the GISD
from PLZ to district the PLZ has a 3/4 link with Charlottenburg-Wilmersdorf and a 1/4 link
with Steglitz-Zehlendorf, and a weighted approach could be utilised to reflect this. How-
ever, we highlight the potential limitations of using the GISD at this level of granularity, and
suggest that future work explore the possibility of using more distinct categorical versions
of a deprivation index or complementary measures to better capture the relevant socio-
economic differences between districts in order to investigate their impact. We contem-
plated simulating GISD scores to introduce greater variation and investigate this possibility,
but determined that the choices required for such an approach would require greater
consideration as simulation studies need to be designed well. Thus, we opted to examine
a Berlin-specific deprivation index. Future studies could benefit from considering alterna-
tive socio-economic measures that would provide more nuanced insights.

Comparison with other models

In addition to the work we build on (Table 4), Gaythorpe et al. (2018a) examined the data
using a compartmental MSEIAR (maternal antibodies-susceptible-exposed-infectious-
asymptomatic-removed) model (see Figure 9 for an overview). They also used POLYMOD
contact data, but assumed a constant population sizewhile we adjusted the contactmatrices to
reflect demographic changes.

Others have considered comparisons of endemic-epidemic models with univariate auto-
regressive models, namely autoregressive integrated moving-average models (which focus
on the conditional mean of the time series, see Lu and Meyer, 2020, 2022) and integer-
valued generalised autoregressive conditional heteroscedasticity models (which focus on
the conditional variance of the time series, see Bracher and Held, 2022). We consider
now vector autoregressive models. An overview of the models we consider is illustrated
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by a rectangular outline in Figure 10.We compared our model with a VAR(1) model, mean-
ing an autoregression of order 1, which is the formulation given in the illustration. The VAR
(1) model has 73 × 72 = 5,256 coefficients; each yit in Yt has one for each combination of
districts (12 total) and age groups (six total) for the previous time period as well as the inter-
cept (72 combinations of districts and age groups and a single intercept). We did not include
any additional effects (such as our main effect of interest, deprivation). It provides a good fit
to the data (Figure 11), but we do not believe it to be the most useful approach for what we
set out to do in this project.

Figure  Comparisons with autoregressive (AR) models. The inclusion of moving averages (MA) and condi-
tional heteroskedacity (CH) has been considered by other researchers. The univariate models are on the left while
the multivariate models are circled. On the right are formulations of vector autoregressive models (multivariate;
VAR) with the option to add exogenous variables

Figure  Comparison of study periods considered by Bernard et al. (2014), Meyer and Held (2017), Held et al.
(2017), Gaythorpe et al. (2018a), Hofmann et al. (2020), and Bracher and Held (2022)
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Conclusion

In this work we have examined the impact of deprivation within a city. We expected to see
more deprived areas in the east (Heblich et al., 2021), not least because of historical division
in the setting considered in our work. However, this did not seem to be the case. There are
two competing effects in a city that could influence deprivation: cities selectively receive
people seeking higher education and employment but they also attract people with lower
levels of socio-economic status pursuing opportunity. In a larger analysis, such as a country
level analysis, deprivation in rural areas may need to be considered.

In conclusion, while Galobardes et al. (2006b) highlighted that socio-economic indices
may not always be essential in every context, our findings suggest that for infectious disease
surveillance, particularly for diseases like norovirus, socio-economic variables can play
a critical role. Norovirus transmission is influenced not only by biological factors, but also
by social determinants, such as deprivation, overcrowding, and access to resources. This
underscores the need to integrate socio-economic considerations from the outset of surveil-
lance model development. We propose that a multidisciplinary approach, incorporating
both social and biological sciences, is essential to comprehensively capture the dynamics
ofdisease spread, particularly inpopulationswith large socio-economicdisparities. Including
these elements early in the surveillance process can lead to more accurate models and better-
targeted interventions, ultimately improving public health outcomes in vulnerable commu-
nities but more work needs to be done to incorporate deprivation indices in surveillance
models.

Figure  Comparison of our model with a VAR(1) model
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