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 A B S T R A C T

In this paper, we present a simple method to integrate risk-contact data, obtained via digital contact monitoring 
(DCM) apps, in conventional compartmental transmission models. During the recent COVID-19 pandemic, 
many such data have been collected for the first time via newly developed DCM apps. However, it is unclear 
what the added value of these data is, unlike that of traditionally collected data via, e.g., surveys during 
non-epidemic times. The core idea behind our method is to express the number of infectious individuals 
as a function of the proportion of contacts that were with infected individuals and use this number as a 
starting point to initialize the remaining compartments of the model. As an important consequence, using our 
method, we can estimate key indicators such as the effective reproduction number using only two types of 
daily aggregated contact information, namely the average number of contacts and the average number of those 
contacts that were with an infected individual. We apply our method to the recent COVID-19 epidemic in The 
Netherlands, using self-reported data from the health surveillance app COVID RADAR and proximity-based 
data from the contact tracing app CoronaMelder. For both data sources, our corresponding estimates of the 
effective reproduction number agree both in time and magnitude with estimates based on other more detailed 
data sources such as daily numbers of cases and hospitalizations. This suggests that the use of DCM data in 
transmission models, regardless of the precise data type and for example via our method, offers a promising 
alternative for estimating the state of an epidemic, especially when more detailed data are not available.
1. Introduction

During the outbreak of an infectious disease, monitoring interac-
tions between individuals provides useful information on the spread 
of the disease within the population. Information on social contacts 
has been used frequently in mathematical models of infectious disease 
transmission (Beutels et al., 2006). The two primary methods to collect 
this information have been diary-based social contact surveys (Hoang 
et al., 2019) and field experiments involving proximity-measuring sen-
sors (see Anglemyer et al. (2020) and the references therein). Contact 
data obtained via either method have been successfully used to infer 
infection dynamics within a population and, in particular, to identify 
contact networks and heterogeneity in contact behavior (Read et al., 
2012). However, most surveys and experiments are only conducted 
incidentally and not continuously on the daily level (Verelst et al., 
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2021). As a consequence, data from these sources is of limited use for 
continuously estimating short-term changes in key indicators during an 
ongoing epidemic.

Contact data from digital contact monitoring (DCM) apps that were 
in use during an actual epidemic could potentially be used to address 
this limitation of current methods and sources of contact data. Here, we 
use the term DCM to refer to both digital contact tracing (DCT) and to 
public health surveillance via self-reporting of, e.g., symptoms and risk 
behavior. Most of these apps were developed to replace or complement 
manual contact tracing, in part because their use is less labor-intensive, 
more time-efficient, and highly scalable  (see, e.g., Ferretti et al. (2020) 
and the references therein for apps developed and used during the 
recent COVID-19 pandemic). 

Despite the benefits of DCM compared to traditional methods and 
sources, it is currently unclear to what extent these contact data are 
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useful in transmission modeling. There is evidence that contact data 
from DCM apps is not only useful for directly reducing the number of 
infections, but also for large-scale analysis of drivers behind epidemio-
logical growth in (close to) real-time (Kendall et al., 2024). However, 
comparing data collected via different apps is challenging because 
of differences in implementation and varying reliability of (different 
parts of) the contact registration process within these apps (Masel 
et al., 2023). Furthermore, the few contact data that are stored by 
most DCT apps are very coarse and typically contain few or even 
no details on the registered contacts, such as user demographics. In 
particular, public versions of these DCT data are often limited to counts 
on positive test results of DCT app users. This is because of the delicate 
balance between obtaining sufficient information on infectious contacts 
and aiming to preserve privacy of users (Bradford et al., 2020). For 
instance, individual location data from GPS-based DCT apps should be 
anonymized and aggregated so that individual travel patterns cannot 
be reconstructed (Xu et al., 2017). To comply with such requirements, 
most DCT apps that were developed during the COVID-19 epidemic had 
a decentralized design where as few privacy-sensitive data as possible 
were shared and stored (Shahroz et al., 2021).

Altogether, the question remains to which extent DCM data is 
useful to inform transmission models. The goal of this paper is first 
of all to demonstrate the use of such data to initialize a conven-
tional susceptible–exposed–infectious–recovered (SEIR) compartmental 
model. We then characterize the validity by estimating key indicators 
such as the effective reproduction number and the number of infectious 
individuals. We take the COVID-19 pandemic in the Netherlands as our 
use-case to compare our estimates with published values derived from 
detailed patient, testing and hospital data.

Compared to other methods for estimating these key indicators such 
as Kendall et al. (2024), our approach does not require model calibra-
tion or statistical estimation of transmission rates. Instead, we directly 
initialize relevant compartments and parameters from the available 
contact data. For this, we derive a simple but powerful mechanistic 
relationship between the infectious compartment and the proportion 
of contacts that were with infected individuals. One important advan-
tage of this approach is that our approach only requires aggregated 
contact data as input, instead of also individual-level information. 
Moreover, our subsequent estimates of the effective reproduction num-
ber are robust against any structural multiplicative bias in the contact 
data that, for instance, may arise from the inevitable and systematic 
under-reporting of contacts (see also Section 4).

We compare two different approaches to obtain these aggregated 
data that use different methodologies for data collection. The first 
approach is based on self-reported data on close contacts and contacts 
with infected individuals that were collected via the public health 
surveillance app COVID RADAR (van Dijk et al., 2021), from April 
2020 to February 2022. In the second approach, we combine COVID-
RADAR data with contact data obtained via the Dutch DCT app ‘‘Coro-
naMelder’’ (ter Haar et al., 2023), from October 2020 to April 2022.

We validate our approach and assumptions by comparing our esti-
mates to those made by the Dutch National Institute for Public Health 
and the Environment (RIVM). Finally, we conclude the paper by dis-
cussing the limitations of the approach and data, and providing recom-
mendations for improving data collection with DCM apps like COVID-
RADAR and CoronaMelder for the benefit of modeling infectious dis-
ease transmission in future epidemics.

2. Methods

2.1. Data sources

We use two data sources on contacts with infected individuals 
obtained from DCM apps:
2 
Self-reported contact data obtained via the COVID RADAR app
(van Dijk, 2020)

In summary, during the early phase of the pandemic (April 
2020) the COVID RADAR app was launched after a short (social) 
media campaign. Users could anonymously report COVID-19 
related symptoms, contacts and test results on a daily basis. 
In particular, users were asked to report the number of close 
interactions (within 1.5 m) and whether they had a known 
recent contact with COVID-19 patients (in the last 14 days). 
These are the two variables that we will use in this research 
(see also Section 2.3). The question of the latter variable did 
not specify how close the contact must have been (e.g., within 
1.5 m). However, focus group interviews with app users did not 
indicate any feelings of ambiguity towards the phrasing of the 
question, unlike towards other contact-related questions (Splin-
ter et al., 2022). Thus, we assume here that the reported recent 
contacts with COVID-19 patients were within 1.5 m and thus 
could have contributed to transmission. To preserve privacy, 
each user was assigned a unique non-retraceable ID and data of 
that user was only linked to this ID. Moreover, the collection 
of precise personal information was minimized (e.g., instead 
of via date of birth, age was recorded in broader categories). 
Users were automatically reminded each other day to submit 
their responses and were offered insights into the data via in-app 
news updates and live feedback about personal (risk) behavior 
compared to the national average. In total over 250,000 unique 
individuals filled in the app over 8.5 million times, over a period 
of 750 days. For further details on the collection and validation 
of data via the COVID RADAR app, we refer to van Dijk et al. 
(2021).

One major limitation of the data is that the user population is 
not a random sample of the Dutch population. In particular, 
the age distribution among users is not proportional to that of 
the Dutch population, with a disproportionately large share of 
middle-aged and elderly (60+) users. Not addressing this issue 
might bias the results since contact rates are known to differ 
between age groups and in particular are below average for 
people aged 60 or older (Backer et al., 2021). To account for this 
and improve the representativity of the user population for the 
entire Dutch population, user’s responses were weighted in the 
rate calculations according to the proportion of their age group 
within the user population and within the Dutch population. 
Furthermore, to further reduce bias, users who listed ‘‘health-
care professional’’ as occupation were excluded. This is because 
people in these occupations are generally more in contact with 
COVID-19 patients but usually have a lower risk of infection due 
to the use of more elaborate protective equipment and a stricter 
adherence to measures.

Contact tracing information obtained via the Dutch DCT app
‘‘CoronaMelder’’ (Ministerie van Volksgezondheid, Welzijn en 
Sport, 2022b)

The CoronaMelder app was developed by the Dutch Ministry of 
Health, Welfare, and Sport and officially launched in October 
2020 after several regional field tests in the summer of 2020. 
Users who downloaded and activated the app received a notifi-
cation whenever another user that recently was nearby received 
a positive test result from an official test location of the Dutch 
municipal health service, i.e., whenever they were recently in 
close contact with a potentially infectious other user. The data 
contains the daily number of app downloads and the number of 
users who received a positive test and gave permission to send 
out notifications to other users. To improve users’ privacy, no 
data was recorded on which users have received such a noti-
fication, meaning that no individual user data on risk-contacts 
is stored. As a consequence, and in contrast to the data from 
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COVID RADAR, no other personal information is known on the 
user base of CoronaMelder in general and on those that gave 
permission in particular. Thus, unlike for the COVID RADAR 
data, we cannot correct for any bias in user characteristics such 
as age or occupation. The app was downloaded over 5,8 million 
times over a period of 606 days. We refer to ter Haar et al. 
(2023) for more technical details and an empirical evaluation 
of the effectiveness of the app.
In our approach, we require average numbers of notifications 
among active app users. However, daily estimates of this number 
have only been made from May 2021 onward and are not 
publicly available on the daily level (Ebbers et al., 2021). Fur-
thermore, the number of app downloads is not representative 
of the number of active app users because many users stopped 
using the app throughout its run (van der Laan and de Wit, 
2022). To approximate the daily number of active users, we 
interpolate monthly published statistics on the number of ac-
tive users (Ministerie van Volksgezondheid, Welzijn en Sport, 
2022a). These reports indicate that, over time, the number of 
active users fluctuated between 1,9 and 3,4 million. To initialize 
the interpolation, we assume that the number of active users 
at the launch of CoronaMelder in October 2020 equals the 
cumulative number of app downloads at that time.

To demonstrate the value of the contact data from COVID RADAR 
and CoronaMelder, we will make comparisons with two other publicly 
available data sources that were used and published by RIVM dur-
ing the COVID-19 epidemic (Rijksinstituut voor Volksgezondheid en 
Milieu):

Effective reproduction number. The national-level effective repro-
duction number was estimated based on state-reported numbers 
on hospital admissions as reported by the Dutch National In-
tensive Care Evaluation COVID-19 registry (Dongelmans et al., 
2022) (until June 12, 2020) and on the daily number of positive 
test results registered at the official test locations of the Dutch 
municipal health service (after June 12, 2020). For details on the 
methods used to estimate the reproduction number from these 
data, we refer to Wallinga and Lipsitch (2007), van de Kassteele 
et al. (2019).

Number of currently infectious individuals. The number of indi-
viduals that were infectious on a given day was estimated using 
age-stratified number of daily hospitalized COVID-19 patients in 
combination with serological data from a nationwide population 
based study (Vos et al., 2021). Here it is assumed that the 
infectious period ranges from two days before symptoms to four 
to eight days after symptoms.

2.2. Model

In our approach, we model the spread of infection using the follow-
ing standard deterministic SEIR-compartmental model:
𝑑
𝑑𝑡

𝑆(𝑡) = −
𝛽(𝑡)𝑆(𝑡)𝐼(𝑡)

𝑁
+

𝑅(𝑡)
𝜔

,

𝑑
𝑑𝑡

𝐸(𝑡) =
𝛽(𝑡)𝑆(𝑡)𝐼(𝑡)

𝑁
−

𝐸(𝑡)
𝛼

,

𝑑
𝑑𝑡

𝐼(𝑡) =
𝐸(𝑡)
𝛼

−
𝐼(𝑡)
𝜏

,

𝑑
𝑑𝑡

𝑅(𝑡) =
𝐼(𝑡)
𝜏

−
𝑅(𝑡)
𝜔

.

Here, 𝑆(𝑡), 𝐸(𝑡), 𝐼(𝑡), and 𝑅(𝑡) denote the numbers of susceptible, 
exposed, infectious, and recovered individuals in the population at 
time 𝑡, respectively. Moreover, we denote by 𝜔, 𝛼, and 𝜏 the average 
immunity, latent, and infectious period, respectively. We assume that 
the total size of the population is 𝑁 and remains constant through time. 
3 
Finally, we decompose the transmission rate 𝛽(𝑡) as 𝛽(𝑡) = 𝜀𝑐(𝑡), where 𝜀
is the time-independent probability that a contact between a susceptible 
and an infectious individual leads to transmission and 𝑐(𝑡) is the contact 
rate at time 𝑡.

Our aim is to integrate data on contacts with infected individuals in 
this model. Therefore, it is crucial to explicitly focus in the SEIR model 
on the contacts with infectious individuals (in Section 2.3, we describe 
how we estimate contact rates with infectious individuals from contact 
rates with infected individuals). We denote this infectious contact rate 
by 𝑐𝐼 (𝑡). The goal is to initialize the compartments of the SEIR model, 
given the infectious contact rate 𝑐𝐼 (𝑡) and the overall contact rate 𝑐(𝑡).

We focus on first initializing the number of infectious individuals 
𝐼(𝑡). For this, we exploit the assumption of random mixing within 
the SEIR model, i.e., contacts between individuals happen at random 
and thus each pair of individuals is equally likely to meet. Under 
this assumption, the infectious and overall contact rate are related via 
𝑐𝐼 (𝑡) = 𝑐(𝑡) 𝐼(𝑡)𝑁 . This means that, given 𝑐𝐼 (𝑡) and 𝑐(𝑡), we may initialize 
𝐼(𝑡) as 

𝐼(𝑡) = 𝑁
𝑐𝐼 (𝑡)
𝑐(𝑡)

. (1)

This relationship implies that as long as the number of infectious 
individuals is nonzero, a positive fraction of the total number of con-
tacts within the population is between a susceptible and an infectious 
individual. This fraction is represented by the fraction of contacts that 
were with an infectious person, which is modeled from the data as 
𝑐𝐼 (𝑡)∕𝑐(𝑡). When this fraction is close to 1, almost all contacts were 
with infectious persons, meaning that within the SEIR model the share 
of infectious individuals in the total population of size 𝑁 is close to 
1 as well. On the other hand, when the fraction is close to 0, hardly 
any contacts were with infectious persons, meaning that in the SEIR 
model the share of infectious individuals is close to 0 as well. We 
stress that this relation is invalided when there is a clear case of non-
random mixing, for instance when measures of quarantine are in place. 
These are the moments where we expect our results to be less reliable 
and deviate most from other models and data sources that do take 
non-random mixing into account.

We initialize the remaining compartments of the model in the 
following way, based on the now known expression for 𝐼(𝑡) and direct 
manipulation of the differential equations that describe the model:

𝐸(𝑡) = 𝛼
(

𝑑
𝑑𝑡

𝐼(𝑡) +
𝐼(𝑡)
𝜏

)

,

𝑅(𝑡) = 𝑒−
𝑡
𝜔 𝑅(0) + ∫

𝑡

0
𝑒−

𝑡−𝑠
𝜔

𝐼(𝑠)
𝜏

𝑑𝑠,

𝑆(𝑡) = 𝑁 − 𝐸(𝑡) − 𝐼(𝑡) − 𝑅(𝑡).

Note that this implies that, to initialize the model at time 𝑡, we require 
the entire time series of 𝐼(𝑡) and thereby also of 𝑐𝐼 (𝑡) and 𝑐(𝑡). 

We use our model and the relation between the number of infectious 
individuals and the contact rates in (1) to estimate the effective (in-
stantaneous) reproduction number, where we apply the method of Cori 
et al. (2013). This method requires information on the incidence, 
i.e., the number of new infections, and the generation interval, i.e., the 
time between the infection of an infected person and of their infector. 
The incidence at time 𝑡 is given in our model by (𝑡) = 𝛽(𝑡)𝑆(𝑡)𝐼(𝑡)∕𝑁
and the generation interval is assumed to be a random variable with a 
given probability density function 𝑤 (we discuss a suitable choice for 
the distribution of the generation interval in Section 2.3). We estimate 
the reproduction number at time 𝑡 as

(𝑡) =
(𝑡)

∫ ∞
0 (𝑡 − 𝑖)𝑤(𝑖)𝑑𝑖

.

We compare two approaches for evaluating this expression, leading 
to two estimates 1(𝑡) and 2(𝑡) for the effective reproduction number:
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1. In the first approach, using the relation in (1), we rewrite the 
original expression for (𝑡) in terms of only the infectious con-
tact rate, number of susceptible individuals, and the generation 
interval. This results in our first estimate 1(𝑡) of the effective 
reproduction number that can be evaluated directly using the 
time series of the size of the susceptible compartment up until 
time 𝑡:
1(𝑡) =

(𝑡)
∫ ∞
0 (𝑡 − 𝑖)𝑤(𝑖)𝑑𝑖

=
𝛽(𝑡)𝑆(𝑡)𝐼(𝑡)

𝑁

∫ ∞
0

𝛽(𝑡−𝑖)𝑆(𝑡−𝑖)𝐼(𝑡−𝑖)
𝑁 𝑤(𝑖)𝑑𝑖

=
𝑐(𝑡)𝑆(𝑡)𝐼(𝑡)

∑∞
𝑖=0 𝑐(𝑡 − 𝑖)𝑆(𝑡 − 𝑖)𝐼(𝑡 − 𝑖)𝑤(𝑖)

=
𝑐𝐼 (𝑡)𝑆(𝑡)

∫ ∞
0 𝑐𝐼 (𝑡 − 𝑖)𝑆(𝑡 − 𝑖)𝑤(𝑖)𝑑𝑖

. (2)

2. In the second approach, we approximate (𝑡) by integrating a 
simplifying assumption on 𝑆(𝑡) in the earlier obtained expression 
for 1(𝑡) in (2). More precisely, we assume that the relative daily 
change in 𝑆(𝑡) is small, meaning that 𝑆(𝑡 − 𝑖) ≈ 𝑆(𝑡) for small 
values of 𝑖. Substituting this relationship in (2) yields our second 
estimate 2(𝑡) of the effective reproduction number:

2(𝑡) =
𝑐𝐼 (𝑡)

∫ ∞
0 𝑐𝐼 (𝑡 − 𝑖)𝑤(𝑖)𝑑𝑖

.

In particular, this estimate of the effective reproduction num-
ber only depends on the infectious contact rate and on the 
generation interval.

In general, note that neither 1(𝑡) nor 2(𝑡) depend on the unknown 
transmission probability 𝜀. Moreover, both estimates are robust against 
any structural multiplicative bias in the (proxies used for the) contact 
rates 𝑐𝐼 (𝑡). Sources for such bias include structural under-reporting of 
contacts with, e.g., asymptotic individuals or incidental contacts with 
strangers (for self-reported data) and limited accuracy of the specific 
technology used to detect close contacts (for proximity-measuring apps) 
(we discuss this in more detail in Section 4). The robustness of the 
estimates is because 𝑐𝐼 (𝑡) occurs in each term of the division in 1(𝑡)
and 2(𝑡) and thus any multiplicative bias in 𝑐𝐼 (𝑡) is divided out. This 
means that, when applying this approach, it is sufficient that the used 
proxy for 𝑐𝐼 (𝑡) has the same temporal structure as 𝑐𝐼 (𝑡) rather than the 
same volume.

In Section 3, we compare both these approaches with each other 
and with the approach underlying the estimates produced by RIVM
(Wallinga and Lipsitch, 2007; van de Kassteele et al., 2019). Finally, 
we note that, although we focus in this section on SEIR compartmental 
models, the core ideas and analyses presented in this section are also 
applicable to other types of compartmental models with a similar 
interaction between susceptible and infectious individuals.

2.3. Data integration

Within the compartmental model, the values for the average latent, 
infectious, and immunity periods 𝛼, 𝜏, and 𝜔 are chosen based on the 
literature as 5.5 days (Xin et al., 2021), 9.5 days (Byrne et al., 2020), 
and 90 days (Stein et al., 2023), respectively. The generation interval 
is assumed to follow a Gamma distribution with a mean of 4 days 
and a standard deviation of 2 days (Backer et al., 2022). To initialize 
the contact rate 𝑐(𝑡), we use the variable ‘‘numberpersons150cm’’ from 
the COVID RADAR dataset. This variable, here denoted by 𝐶𝑖(𝑡), states 
the number of persons that were within 150 cm of user 𝑖 on day 𝑡. 
We directly initialize 𝑐(𝑡) as the average of 𝐶𝑖(𝑡) over all 𝑁 users, 
i.e., 𝑐(𝑡) = 1

𝑁
∑𝑁

𝑖=1 𝐶𝑖(𝑡).
Finally, to initialize the infectious contact rate 𝑐𝐼 (𝑡), we employ a 

two-step approach. First, we initialize an intermediate rate 𝑧(𝑡) of con-
tacts with infected individuals. In Sections 2.3.1 and 2.3.2, we present 
4 
two approaches for this using COVID RADAR data and CoronaMelder 
data, respectively. Second, we discuss how we transform this rate 𝑧(𝑡) of 
infected contacts to the desired rate 𝑐𝐼 (𝑡) of infectious contacts. For this, 
note that we do not know the status of the infected persons at the time 
of the contact, i.e., whether they were actually infectious and could 
have caused a transmission. Therefore, we assume that the infected 
persons were either exposed or infectious and that this division is 
proportional to the relative difference between the latent and infectious 
period. This means that we assume a fraction 𝛼

𝛼+𝜏  of these contacts to 
be with an exposed individual and the remaining fraction 𝜏

𝛼+𝜏  to be 
with an infectious individual. Thus, we initialize the infectious contact 
rate at time 𝑡 by appropriately discounting the rate 𝑧(𝑡) of contacts with 
infected individuals:
𝑐𝐼 (𝑡) = 𝜏

𝛼 + 𝜏
𝑧(𝑡).

2.3.1. Estimating the infected contact rate using COVID RADAR data
We use the variable ‘‘contact’’ from the COVID RADAR dataset. This 

binary variable, denoted here by 𝐶14
𝑖 (𝑡), represents whether or not user 

𝑖 has had contact with an infected person within the 14 days before 
𝑡. Note that the variables 𝐶14

𝑖 (𝑡) individually do not provide precise 
information on when the contact with an infected person occurred. 
To extract this information from the data, we consider differences in 
reported values of 𝐶14

𝑖 (𝑡) between subsequent days as follows. Suppose 
that a user 𝑖 reports on day 𝑡 that they had contact with an infected 
person within the last 14 days. If they report the next day 𝑡+1 that they 
did not have such a contact within the last 14 days, then any contact 
that was reported on day 𝑡 must have occurred on day 𝑡 − 14. Based 
on this reasoning, we construct a new intermediate variable 𝑧𝑖(𝑡) that 
is 1 when user 𝑖 had contact with an infected person on day 𝑡 and 0 
otherwise:

𝑧𝑖(𝑡) =

{

1 if 𝐶14
𝑖 (𝑡 + 14) = 1 and 𝐶14

𝑖 (𝑡 + 15) = 0;
0 otherwise.

We assume that users report at most one contact per day with an 
infected person. This means that the average number of contacts with 
infected persons at day 𝑡 is given by 𝑧(𝑡) = 1

𝑁
∑𝑁

𝑖=1 𝑧𝑖(𝑡).
One limitation of the data is that users did not always submit a 

response daily. Therefore, we calculate the daily contact rates only over 
those users who submitted a response over that given day. Moreover, 
when a user has reported a recent infected contact at time 𝑡 but has 
not reported such a contact in any of the subsequent 14 days (either 
reporting not having had such a contact or not submitting a report at 
all), we assume that on day 𝑡 + 1 the user did not have an infected 
contact in the last 14 days. This means that we then initialize 𝑧𝑖(𝑡−14) =
1. This case occurred in 22.6% of the surveys where a recent infected 
contact was reported and thereby in 0.523% of all surveys. 

2.3.2. Estimating the infected contact rate using both COVID-RADAR and 
CoronaMelder data

In this approach, we first estimate the daily number of people that 
have received a notification in the app and calculate from this the 
expected time series of total number of contacts with app users that re-
cently tested positive, i.e., 𝑁𝑧(𝑡). Unfortunately, no direct information 
is available on the number of received notifications due to the design of 
the app to preserve user privacy. Therefore, we instead use the variable 
‘‘Reported positive tests through app authorised by GGD (daily)’’ from 
the CoronaMelder app data. This count variable, denoted here by 𝑀(𝑡), 
represents the number of app users who received a positive test result 
on day 𝑡 and agreed that other app users that were within 1.5 m contact 
in the last 14 days receive a notification. To obtain a proxy for the daily 
number of users that receive a notification, we multiply 𝑀(𝑡) by the 
average number of contacts within 1.5 m in the last 14 days according 
to the COVID RADAR data, i.e., with ∑14

𝑠=1 𝑐(𝑡 − 𝑠).
To obtain an estimate of the daily number of infected contacts, and 

thus of 𝑧(𝑡), we delay the estimate of the daily number of received 
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notifications by the time between contact with an infected individual 
and receiving a notification in the app. We do this via deconvolution, 
i.e., we find 𝑧(𝑡) as a solution of 

𝑀(𝑡)
14
∑

𝑠=1
𝑐(𝑡 − 𝑠) = ∫

𝑡

0
𝑁𝑧(𝑢)𝑓 (𝑡 − 𝑢)𝑑𝑢, (3)

where 𝑓 denotes the probability density function of the time between 
contact and notification. We model this time as a Gamma distribution 
with a mean and standard deviation of 3.1 and 3.6 days, respectively, 
which is in line with the distributions chosen in Leung et al. (2024) 
and the data analysis in Dolman (2021) that both used a more detailed 
version of the CoronaMelder data. To obtain 𝑁𝑧(𝑡) from (3), we directly 
apply inverse filtering, i.e., we express 𝑁𝑧(𝑡) in terms of the Fourier 
transformations of the other functions in (3). First, we apply the Fourier 
transform to both sides of (3) to obtain 𝐹𝑇

(

𝑀(𝑡)
∑14

𝑠=1 𝑐(𝑡 − 𝑠)
)

=
𝐹𝑇 (𝑁𝑧(𝑡)) ⋅𝐹𝑇 (𝑓 (𝑡)), where 𝐹𝑇 (⋅) denotes the Fourier transform opera-
tion. This implies that 𝐹𝑇 (𝑁𝑧(𝑡)) = 𝐹𝑇

(

𝑀(𝑡)
∑14

𝑠=1 𝑐(𝑡 − 𝑠)
)

∕𝐹𝑇 (𝑓 (𝑡)). 
Subsequently, we apply to both sides the inverse Fourier transforma-
tion, denoted by 𝐼𝐹𝑇 (⋅), and find that

𝑧(𝑡) = 1
𝑁

𝐼𝐹𝑇

⎛

⎜

⎜

⎜

⎝

𝐹𝑇
(

𝑀(𝑡)
∑14

𝑠=1 𝑐(𝑡 − 𝑠)
)

𝐹𝑇 (𝑓 (𝑡))

⎞

⎟

⎟

⎟

⎠

.

2.4. Evaluation setup

We estimate the effective reproduction number and number of 
infectious individuals on the daily level, and not continuously, because 
all data sources we used are reported at this level of granularity, as 
described in Section 2.1. This means that, when initializing the com-
partmental model, we use a time-discretized version of the SEIR model 
and of the probability density functions of the relevant distributions, 
i.e., those of the generation interval and the time between contact with 
an infected individual and receiving a notification in the CoronaMelder 
app.

For the comparison of the effective reproduction number estimates, 
we select the time periods based on the range of the COVID RADAR 
and CoronaMelder data. This means that for the estimates purely based 
on COVID RADAR data, we consider the time period from April 2, 
2020 to February 14, 2022 and for the estimates based partly on 
CoronaMelder data, we focus on the period from October 10, 2020 to 
February 14, 2022. The end dates of these periods are the same because 
the data collection for the COVID RADAR app ended on February 28, 
2022. For the comparison of the estimates of the number of infectious 
individuals, we use the same time periods as for the estimates of the 
effective reproduction number but note that the estimates from RIVM 
are available only until June 28, 2021. Within the selected time periods, 
we focus in particular on a cluster of national-wide super-spreading 
events at the start of July 2021 that became known as the ‘‘dancing 
with Janssen’’ event (van der Veer et al., 2023). This event cluster 
occurred after a change in policy that allowed people to directly visit 
bars and nightclubs without any distancing restrictions after receiving 
one dose of the Janssen vaccination.

We first compare the two different expressions 1(𝑡) and 2(𝑡)
to estimate the effective reproduction number. More precisely, we 
validate the assumption that 𝑆(𝑡 + 𝑖) ≈ 𝑆(𝑡) for small 𝑖 and thus that 
the simpler expression 2(𝑡) is to be preferred. In a second step, we 
compare our estimates of the effective reproduction number and the 
number of infectious individuals with those made by RIVM. Here, we 
calculate Spearman correlation coefficients between the estimates to 
assess their agreement. To reduce the impact of noisy data, we smooth 
the infectious and overall contact rates by fitting for each rate a cubic 
smoothing spline function, where we select the smoothing parameter 
via generalized cross validation (Wahba, 1990).

All source code underlying the evaluation is written in Python 
version 3.9.13 and is publicly available at https://github.com/mhhsc
hootuiterkamp/DCM-data-integration-in-SEIR-models.
5 
3. Evaluation

3.1. Results

Fig.  1 shows the relative difference between our two estimates 1(𝑡)
and 2(𝑡) of the effective reproduction number, i.e., 2(𝑡)∕1(𝑡) − 1. 
Regardless of the used data source (COVID RADAR or CoronaMelder), 
this difference is generally below 0.4%, with a single outlier at the very 
last day for the estimate based on only COVID RADAR. This suggests 
that the estimates 1(𝑡) and 2(𝑡) are very close together and thus 
that the assumption used to derive 2(𝑡) is justified. Therefore, in the 
remainder of this section, we only use the approximation 2(𝑡) when 
comparing our estimates to those of RIVM because this estimate is 
robust against misspecifications in the overall contact rate 𝑐(𝑡) and the 
average immunity, latent, and infectious period and the specific method 
used to initialize the compartmental model.

Fig.  2 shows the effective reproduction numbers as estimated via our 
method (2(𝑡), using either COVID RADAR or CoronaMelder contact 
data) and as estimated by RIVM (using hospitalization and positive 
test data). The Spearman correlations between our two estimates and 
the estimate from RIVM are 0.545 (when using COVID RADAR con-
tact data) and 0.787 (when using CoronaMelder contact data). When 
shifting our estimates over time, these correlations respectively peak at 
0.551 with a delay of 1 day and at 0.903 with a lead time of 4 days. 
Overall, all three estimates show the same general trend and, as shown 
in Fig.  3, our estimates generally deviate from those of RIVM by at 
most 25%. In particular, all three estimates reflect the strong increase 
in new cases around the start of July 2021 as a consequence of the 
‘‘dancing with Janssen’’ cluster of super-spreading events mentioned 
before. However, Figs.  2 and 3 show that the three estimates disagree 
on the distribution of infections over time during these events. The 
approach based on COVID RADAR estimates these infections to occur in 
two peaks, of which one occurs earlier than the single peak estimate by 
RIVM. On the other hand, the approach based on both COVID RADAR 
and CoronaMelder data estimates the single peak in infections to occur 
later than the RIVM estimate.

Fig.  4 shows the number of infectious individuals as estimated by 
our methods and by RIVM, and Fig.  5 shows the ratios between our 
estimates and those of RIVM. The results in Fig.  4 indicate that all three 
estimates display the same general patterns and waves of infections. 
However, Fig.  5 shows a distinct behavior between different time 
periods in the magnitude of the estimates. From April to September 
2020, the estimate based on COVID RADAR data is in the same order 
of magnitude as the RIVM estimate and often larger. However, from 
September 2020 on, both estimates increase and from October 2020 
on, their proportion remains stable at 0.41 on average. The ratio 
between the RIVM estimate and that based on both COVID RADAR and 
CoronaMelder data fluctuates a bit more and is on average 0.34. The 
sudden increase in this ratio a at the end of June 2021 is due to the 
apparently early identification of the ‘‘dancing with Janssen’’ cluster of 
super-spreading events in July 2021.

3.2. Discussion of the results

The observation in Fig.  2 that all three estimates of the effective 
reproduction number follow the same trend underscores the added 
value of models that do not require fitting transmission rates to ob-
served output. More precisely, population-level insight in the status of 
the epidemic that is obtained directly from the available population-
aggregated self-reported and proximity-based contact data is similar 
to insight obtained using more detailed data and statistically esti-
mated transmission parameters. This is also supported by the calculated 
Spearman coefficients, which suggest a moderate (only COVID RADAR 
contact data) or even strong (both contact data sources) association 
between our estimates and those of RIVM. We did observe, however, 
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Fig. 1. Relative difference between our estimates of the effective reproduction number (2(𝑡)∕1(𝑡) − 1).
Fig. 2. Estimates of the effective reproduction number.
Fig. 3. Ratios between our effective reproduction number estimates and the estimate of RIVM.
that smoothing was indeed necessary to obtain interpretable results, 
i.e., the contact data is sparse and noisy.

The results of the cross-correlation analysis suggest that our esti-
mates generally also agree over time, i.e., with a delay or lead time 
of only a few days. The lead of 4 days in the estimate based also 
on CoronaMelder data suggests that this estimate identifies changes 
in transmission dynamics earlier than the other two estimates. This 
supports the findings of Kendall et al. (2024), who observe similar lead 
times when estimating reproduction numbers for England and Wales 
using DCT data from the National Health Service COVID-19 app. Thus, 
our results provide further evidence that the use of contact data from 
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DCT apps allows for earlier detection of changing dynamics and thus 
for more timely interventions to contain these changes. 

Regarding the effective reproduction number, both our estimates 
and those of RIVM detected the increase in infections as a consequence 
of the super-spreading events in July 2021, but disagree on the precise 
magnitude and distribution of infections over time. One reason for 
the relatively smaller peak estimates based on COVID RADAR data 
is that the rise in new cases during this super-spreading event was 
much stronger among younger age groups. Because these groups are 
strongly underrepresented in the COVID RADAR user base, the users 
within these groups are likely to be unrepresentative of the entire age 
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Fig. 4. Estimates of the number of infectious individuals, including the 95% confidence interval for the estimate of RIVM.
Fig. 5. Ratios between our estimates of the number of infectious individuals and the estimate of RIVM.
group (van Dijk et al., 2021) and the reweighing does not account for 
this type of bias.

Regarding the number of infectious individuals, both our estimates 
generally agree on both the timing and magnitude. Given that in both 
estimates the average number of contacts in (1) is estimated using 
purely COVID RADAR data, also the estimates of the infected contact 
rates generally agree. This suggests that COVID RADAR and Coron-
aMelder detect a similar volume of infected contacts. One exception 
where the estimates differ is the two peaks between October and 
December 2020. One reason for this could be the method for approxi-
mating the number of active users of CoronaMelder during this period. 
As mentioned in Section 2.1, only from May 2021 onward estimates of 
the number of active users have been made. Between October 2020 
and May 2021, our approximation is a linear interpolation between 
the number of downloads at October 10, 2020 and the first publicly 
reported number of active users on April 30, 2021. The strong deviation 
of our estimates in the period October–December 2020 could thus 
indicate a disproportional change in active users that is not captured 
by the interpolation.

From October 2020 on our estimates of the number of infectious 
individuals are much lower than those of RIVM. One possible explana-
tion for this is that the RIVM estimates are obtained by extrapolating 
the relations between age-stratified serological data and hospitalization 
in the period before October 2020. However, these relations could alter 
during the course of the pandemic due to, e.g., vaccination and hospital 
crowding and available capacity. In particular, new SARS-CoV-2 vari-
ants may have changed these relations due to a change in the share 
of and heterogeneity among COVID-19 patients who require hospital-
ization (de Boer et al., 2023) and increased transmissibility (Campbell 
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et al., 2021). Another potential reason is that the RIVM estimate is less 
biased against asymptomatic cases. These cases are underrepresented 
in positive test results and thus contacts with asymptomatic infected 
persons are less likely to be present in both the COVID RADAR data and 
CoronaMelder data. In particular, the ratios in Fig.  5 are of comparable 
size to the estimated share of symptomatic COVID-19 cases in the 
Netherlands (McDonald et al., 2021).

Finally, we note that, generally, a strong violation of the random 
mixing assumption within the compartmental model may cause our 
estimate to deviate from the true number of infectious individuals. 
Recall that we initialize the number of infectious individuals as the 
share of contacts that are with infectious individuals, scaled up by the 
population size (1). This share can change when at the same time the 
total number of infectious individuals remains the same, for instance 
when there is a change in the proportion of infectious individuals that 
quarantine themselves.

4. Discussion on methods

Below we discuss limitations regarding the accuracy,  sparsity,  and 
user group bias in both the self-reported contact data from COVID 
RADAR and the DCT data from CoronaMelder, and regarding the 
modeling of transmission that may have affected the results.
Data accuracy. The data obtained via the COVID RADAR app is self-
reported, meaning that the accuracy of the data depends on user’s 
awareness and recollection of contacts and on their truthfulness and 
precision in reporting these contacts. Asymptomatic cases of COVID-19 
often remain untested and users are therefore less likely to be aware 
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of contacts with infected but asymptomatic individuals (McDonald 
et al., 2021). Moreover, short contacts with, e.g., infected strangers 
are less likely to be reported because these encounters are more likely 
to be forgotten (Smieszek et al., 2012). Regarding truthfulness, focus 
group interviews with participants of the app indicate that users were 
generally motivated to participate out of altruism, collectivism, and 
a desire to help science in developing useful public health surveil-
lance tools (Splinter et al., 2022). Thus, it seems unlikely that users 
purposefully submit untruthful responses on a large scale. However, 
regarding precision, these interviews also suggest that the formulation 
of the questions could be simplified or made more precise. In particular, 
users may interpret questions differently, which reduces the reliability 
of the given answers. The CoronaMelder app, like many other DCT 
apps, used BlueTooth Low Energy to detect other nearby devices that 
had the app installed (ter Haar et al., 2023). However, the proximity 
detection range for this type of BlueTooth is not fixed and may range 
from 2 to 10 m, where the strength of the signal depends on device 
orientation and obstacles such as indoor walls (Leith and Farrell, 2020). 
This results in an unknown number of both false positives and negatives 
that influences the number of app users that receive a notification.
Data sparsity. Variance is introduced due to sparsity in both contact 
data sources. The COVID RADAR data is sparse due to the relatively low 
app uptake rate (less than 2% of the Dutch population) and low survey 
submission rate (less than 5% of the maximum number of surveys 
that could have been submitted by all unique users). The sparsity 
in the used CoronaMelder data is in the reported numbers of active 
users, i.e., we only used monthly published statistics instead of daily 
numbers. To arrive at our results, we therefore interpolated missing 
daily data on active CoronaMelder app users and smoothed the contact 
rates. However, interpolation and smoothing of contact data is not 
desirable when using our approach to obtain timely daily estimates 
during an ongoing epidemic because they require future data. Thus, 
the added value of our approach for real-time analyses during an on-
going epidemic would greatly improve when such data transformations 
are unnecessary, i.e., when the app uptake and reporting frequency 
increases. This is also evidenced by similar studies such as Kendall et al. 
(2024) that do not require these transformations and can produce near 
real-time estimates of, for instance, effective reproduction numbers. 
User group bias. For both COVID RADAR and CoronaMelder, app users 
were not selected via a random sampling procedure. This complicates 
statistical analysis of the questionnaire results and DCT notification 
data. For the COVID RADAR data, we were able to reduce some bias 
by applying post-stratification with regard to age in a pre-processing 
step. Although this is already more than can and has been done in 
similar studies (Kendall et al., 2024), a more sophisticated sampling 
and stratification procedure would be required to fully quantify the 
uncertainty and demographic bias in our estimates. Furthermore, bias 
in both DCM data sources and those used by RIVM may also occur 
because of factors that are known to influence a person’s willingness 
to get tested for COVID-19 or to use DCM apps. Some of these fac-
tors impact both aspects, such as nationality or socioeconomic status 
(see McDonald et al., Ritsema et al. (2022) and the references therein), 
but others are more complementary. For instance, on the one hand, the 
level of literacy (Splinter et al., 2022) and attitude towards technology 
in general (Jansen-Kosterink et al., 2021) specifically impact the uptake 
of DCM apps. On the other hand, the availability of testing locations 
near one’s home and the ability to visit test locations located further 
away via, e.g., public transport specifically impact the willingness to 
test (see Vink et al. (2022) and the references therein). The observation 
that the different estimates of the reproduction number generally agree 
suggests that the methods underlying these estimates are robust against 
such complementary biases in the input data.  We do stress, however, 
that our approach does not quantify, and thereby explicitly account for, 
the influence of these biases. 
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Model. For the modeling of infection transmission, we used a standard 
SEIR compartmental model that assumes random mixing and does not 
include any population heterogeneity or underlying contact network 
structure. This is a strong simplification of existing heterogeneity in 
contacts (Mossong et al., 2008) and of the over-dispersed nature of 
COVID-19 transmission in general and of super-spreading events in 
particular (Sneppen et al., 2021). However, our goal was to show the 
added value of using coarse contact data that lacks this heterogeneity, 
which motivated our choice for a transmission model that does not 
require this. Moreover, our population-level estimates of the effective 
reproduction number generally agree with those of RIVM, which are 
based on more complex age-stratified compartmental models. Thus, our 
results suggest that simple models might be sufficient to monitor the 
population-level progression of an epidemic, despite the biases and lack 
of heterogeneity in the used contact data. We do believe that including 
overdispersion in the modeling of population-level contact behavior 
might improve the reliability of our estimates during super-spreading 
events and leave this as a direction for future research.
Data integration. When estimating the infected contact rate using
COVID RADAR data (Section 2.3.1), we assumed that users report at 
most one contact per day with an infected person. As a consequence, 
the intermediate variable 𝑧𝑖(𝑡) represented the number of contacts with 
infected persons that user 𝑖 had on day 𝑡. However, this variable might 
not capture all known contacts that user 𝑖 had with infected persons. 
For instance, given that a user reports contact with an infected person, 
we do not know with how many different infected persons such a 
contact occurred. Moreover, if a user is aware of multiple contacts with 
infected persons within 14 days, the variable 𝑧𝑖(𝑡) might not capture the 
first of these contacts. This cannot be remedied by considering reverse 
difference in subsequent reported values, i.e., when a user does not 
report contact with an infected person in the last 14 days on day 𝑡 but 
does report this on day 𝑡+1. Such a situation does not necessarily mean 
that a contact with an infected person occurred at time 𝑡 − 14 because 
at the time of the contact, the user might not know yet that the other 
person was infected and only learn about this several days later.

Despite these limitations, we believe that this did not affect our 
results too much because of the sparsity of the available data. The 
frequency with which contacts with infected persons are reported in 
the COVID RADAR data is already very low (2.31% of all submitted 
surveys), as well as the overall contact rate. This suggests that, in 
this particular dataset, users were less likely to be aware of multiple 
contacts with infected persons. However, in general, we do believe that 
more information on the number of contacts and the precise contact 
date would improve the reliability of our approach.

5. Conclusions and recommendations

The goal of this paper was to demonstrate how aggregated data 
on contacts with infected individuals, obtained from digital contact 
monitoring (DCM) apps, can inform mathematical transmission models 
and can be used to estimate key indicators such as the effective re-
production number. For this, we integrated both self-reported contact 
data from COVID RADAR (van Dijk et al., 2021) and contact tracing 
information from the Dutch digital contact tracing (DCT) app Coro-
naMelder (Ministerie van Volksgezondheid, Welzijn en Sport, 2022b) 
in a standard susceptible–exposed–infectious–recovered compartmental 
model. We showed that, despite any biases in the underlying con-
tact data, the estimates that our approach produces agree with those 
made using more detailed data on hospitalizations and seroprevalence 
research.

We conclude this paper with several recommendations for improve-
ments in DCM apps such as COVID RADAR and CoronaMelder that 
may increase their value in monitoring and modeling the state of an 
epidemic. Our approach requires only two daily aggregated types of 
contact information, namely the average number of overall contacts 
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that could facilitate transmission for the infectious disease in question 
and the average number of such contacts that were with an infected 
individual. The success of our approach depends on the availability and 
quality of these two quantities. Thus, our recommendation is to include 
the collection of this information in future apps.

The COVID RADAR app already provides information on overall 
contacts directly. However, information on contacts with infected in-
dividuals had to be inferred by comparing consecutive reports from 
the same individual on whether such a contact occurred within the 
last 14 days. This means that only after 14 days we can infer the 
exact time of a contact with an infected person. As a consequence, we 
can only estimate the effective reproduction number with a delay of 
14 days, which limits the usability of the method during an ongoing 
epidemic where there is a high urgency to obtain timely estimates. 
To obtain more timely data on the time of infected contacts and thus 
allow for more timely estimates of the effective reproduction number, 
we therefore recommend that a future version of the app includes an 
additional question that asks for the specific date on which the contact 
with the infected individual occurred.

Regarding the DCT app CoronaMelder, no data was available on 
the daily number of close contacts that a given user had with other 
users who installed the app. However, this information was actually 
recorded and temporarily stored on individual users’ devices. In fact, 
every day, each device compared these contacts with a daily distributed 
list of positively tested app users and notified their user if there was a 
match. In the current app design, the ‘‘local’’ lists of contacts stayed 
on the individual device and were deleted after 14 days. However, we 
recommend that in a next version of the app the number of contacts 
is communicated back and aggregated on a daily basis to provide an 
estimate for the overall average contact rate.  This has also been done 
in other DCM apps that used the same decentralized design (Wymant 
et al., 2021).  Moreover, also the daily number of matches should 
be communicated and the date on which the corresponding contact 
occurred. Using these aggregated data would improve the estimation 
of the daily number of received notifications, which we now resolved 
by incorporating data from COVID RADAR.  The current design of the 
app did not record and store this information but could, similarly to the 
COVID RADAR app, be adapted to keep track of this information with-
out violating individual users’ privacy.  In particular, no information 
on individual users other than their number of contacts would need to 
be shared, which is already less information than what is shared in the 
COVID RADAR app.
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