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Abstract
The COVID-19 pandemic served as an important test case of complementing traditional public health data with nontraditional
data, such as mobility traces, social media activity, and wearable data, to inform real-time decision-making. Drawing on an
expert workshop and a targeted survey of epidemic modelers in Europe, this study assesses the promise and the persistent
limitations of such data in pandemic preparedness and response. We distinguish between “first-mile” challenges (obstacles
to accessing and harmonizing data) and “last-mile” challenges (difficulties in translating insights into actionable policy
interventions). The expert workshop, convened in March 2024 in Brussels, brought together 50 participants, including
public health professionals, data scientists, policymakers, and industry leaders, to reflect on lessons learned and define
strategies for better integration of nontraditional data into epidemic modeling and policymaking. The accompanying survey,
gathering experiences from 29 modelers, offers empirical evidence of the barriers faced by modelers during the COVID-19
pandemic and highlights areas where key data were unavailable or underused. The experiences collected through the survey
and workshop resulted in ten key actions and three overarching recommendations for public entities, data providers, and
stakeholders. Our findings reveal ongoing issues with data access, quality, and interoperability, as well as institutional and
cognitive barriers to evidence-based decision-making. Approximately 66% of all datasets had at least one access problem,
with data sharing reluctance for nontraditional sources being double that of traditional data (30% vs 15%). Only 10% of
respondents reported that they could use all the data they needed. These limitations included issues related to timeliness and
granularity of data, as well as issues with linkage, comparability, and biases. To overcome these hurdles, we propose a set
of enabling mechanisms, including data inventories, standardization protocols, simulation exercises, data stewardship roles,
and data collaboratives. For first-mile challenges, solutions focus on technical and legal frameworks for data access. For
last-mile challenges, we recommend fusion centers, decision accelerator laboratories, and networks of scientific ambassadors
to bridge the gap between analysis and action. We argue that realizing the full value of nontraditional data requires a sustained
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investment in institutional readiness, cross-sectoral collaboration, and a shift toward a culture of data solidarity. Grounded in
the lessons of the COVID-19 pandemic, the study can be used to design a roadmap for using nontraditional data to confront a
broader array of public health emergencies, from climate shocks to humanitarian crises.
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Introduction
Background
Throughout the COVID-19 pandemic, decision-makers
around the world looked for timely and quality information to
inform their response efforts. Yet, much of the data tradition-
ally used for public health (eg, public health–based surveil-
lance data, health care–based data, and clinical trials) were
not available fast enough or at the scale or the coverage
needed for a crisis that extended beyond national borders and
required a multisector, timely response. As a result, many in
the scientific community turned to new, nontraditional data
sources and cross-sectoral collaborations to fill these gaps and
accelerate knowledge generation to support decision-making.
We acknowledge the importance of mathematical, statistical,
and artificial intelligence tools to interpret data and provide

support for evidence-based policymaking. However, here, we
explicitly focus on the two ends of the process, that is, the
availability and retrieval of critical data and their power to
inform public health decisions.

Nontraditional data (NTD) is often defined as “repurposed
data that can be digitally captured (eg, mobile phone and
financial data), mediated (eg, social media and digital traces),
or observed (eg, satellite imagery)” [1-3], often using new
and privately held technology [3]. As such, it is an umbrella
term for information not originally collected for public health
but repurposed for that purpose (Table 1). As such, feeds are
often generated continuously and at a population scale, they
offer more granular and more real-time data, helping public
health responders, governments, and civil society organiza-
tions to respond more effectively.

Table 1. Properties of traditional and nontraditional data (NTD).
Traditional data NTD

Primary intended use Population health Business optimization, transport planning, environmental control,
algorithm optimization, social behavior analysis, and flu-like illness
monitoring

Collection method Analog and digital Digital
Coverage type Groups targeted through recruitment, health care

seeking, and notifiable diseases
Groups defined by digital service use and technology adoption - often
scalable to the population level

Structure Structured Often unstructured
Most common biases Reporting delays, underreporting, unequal health

care–seeking behavior, geo coverage, testing capacity,
representativity, unequal health access, heterogeneous
reporting standards, and noise

Costly, infrequent sampling, recall bias, self-selection bias,
representativity, digital divide, data ownership, low granularity, weak link
to contact patterns, unstructured, demographic bias, privacy and
interoperability, infrastructure sustainability, incomplete metadata, and
heterogeneous quality

Example Cohort studies, clinical trials, traditional contact
tracing, consultation rates, and notifiable diseases

XDRa mobility data, participatory surveillance, social media data, and
digital contact tracing

aXDR: extended detail record.

The potential of NTD to inform the response to public health
emergencies has already long been recognized. For exam-
ple, during the 2014 to 2016 West Africa Ebola outbreak,
anonymized mobile phone call records were used to map
population movements and shape travel restriction policies
in Sierra Leone [4]. Similarly, Google search queries have
been used to predict and offer early warnings on diseases,
including Zika [5]. The use of NTD has been an impor-
tant aspect of many of these efforts. Its use was further
highlighted during the COVID-19 crisis, illustrating how such

a rapid and granular data source can be used to inform the
response to a public health crisis.

Typical NTD sources include aggregated and anonymized
mobile location traces, information on retail purchases, social
media posts, and data sourced from wearable devices, for
instance, on heart rate or temperature [3]. NTDs have been
classified into 4 main types: health, social mixing, economic,
and sentiment data (Figure 1). Applications to pandemic
response are exemplified below.
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Figure 1. Nontraditional data types and sources. Schematic representation of the 4 types of nontraditional data and a sample of the main respective
sources. Readers may refer to the text for a more extensive description of data sources and their use.

Health
At the core of pandemic response stands the monitoring
of population health. At the beginning of the pandemic,
researchers quickly repurposed preexisting crowdsourcing
platforms to monitor COVID-19 circulation and related
behaviors [6,7]. The participatory surveillance [8] plat-
form InfluenzaNet [9] has collected flu-like symptoms
and health-related behaviors from volunteers across Europe
since 2003 to analyze country-level incidence trends on
a weekly basis [10]. While volunteers report symptoms
to their respective country’s unique platform, all national
platforms within the InfluenzaNet umbrella adopt stand-
ardized approaches to reporting, facilitating cross-country
analysis. InfluenzaNet expanded its metrics infrastructure in
2020 to include COVID-19 data. Similar efforts are found
in the United States with OutbreaksNearMe [11], in South
Africa with CoughWatch [12], and in Australia and New
Zealand with Flutracking [13]. In many cases, symptom
reports are collected through mobile apps, as in the case of
a mobile app [14] launched by King’s College London and
ZOE, a science and nutrition company. These data helped
public health officials in the United Kingdom to identify early
indicators of illness in the emergent stages of the pandemic.

Smart thermometers and other wearable sensors were a
valuable data source for analyzing trends in fever in the
population. Wearable sensor data [15] collected by Kinsa’s
network of smart thermometers [16] have been used to
analyze fever patterns and develop outbreak forecasting maps
across several countries. Thermometer data were already used
in 2012 to forecast influenza outbreaks and were repurposed
for COVID-19 during the onset of the pandemic. A wide
range of stakeholders used these data, including pharmacies,
schools, and other decision-makers. In Germany, wearable
technology data collected by Thryve, in partnership with
the Robert Koch Institute, created a data donation platform
[17] for improved fever detection research in the spring of
2020. Among health-related repurposed data are news media
records. While being focused on informing the general public
of ongoing health threats, global parsers and visualizers, such
as HealthMap, help collect and monitor news of disease
outbreaks worldwide [18]. Using trusted social and news
media, recent efforts have built open-source global datasets
and mappers for spatiotemporal health threats surveillance
[19,20]. At finer scales, wastewater-based epidemiology,
which is based on sampling of sewage waters, proved to

be a powerful tool during the pandemic to achieve a more
granular and unbiased method to monitor disease circula-
tion [21,22]. Wastewater-based epidemiology can detect viral
traces of SARS-CoV-2 among other biological and environ-
mental contaminants and reflect transmission dynamics in
untested communities [23], allowing for earlier detection of
outbreaks. In Hong Kong, wastewater surveillance efforts
found the first evidence of the spread of the Delta variant
and informed public health interventions [24].
Social Mixing
On a geographic scale, mobility patterns encode the mix-
ing of residents of different locations, allowing modelers
to estimate the spatial spread of the disease and suggest
spatially targeted interventions. At the population level,
contact data encode interactions at risk of contagion, allowing
modelers to study disease transmission across demographic
groups and suggest setting-specific interventions. Mobility
records were published regularly after the early days of
the pandemic through Data for Good [25] programs at
diverse spatial scales and temporal resolutions. Google, for
instance, regularly published human mobility data through
its Community Mobility Reports [26]. These data regarded
worldwide regions and included trends around commonly
visited location types (eg, retail, workplace, and residential
areas) that, when combined with census data, helped inform
epidemic modeling to support decision-makers. Social media
companies’ Data for Good programs, such as Meta [27] and
Cuebiq [28], assisted epidemic modelers in providing critical
insights for public health measures and population studies.
Telecommunications companies [29] played an important
role in tackling the pandemic in their respective countries,
helping modelers and public health practitioners monitor
and understand the heterogeneous population response to
restrictions, as in the case of Telefonica Chile [30] and
Orange France [31]. These data helped decision-makers
assess the effectiveness of their policies, monitor population
compliance, and tailor the public health responses. Beyond
mobility patterns, social mixing data were typically collec-
ted from traditional contact surveys and diaries, which did
not scale well at the national level and did not offer longi-
tudinal or real-time follow-up of human behavior. Follow-
ing prepandemic efforts such as POLYMOD [32], online
contact surveys reemerged in the pandemic’s early days
thanks to new crowdsourcing tools at the European level,
such as CoMix [33], an initiative funded by the European
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Commission (EC) that quickly gathered public mixing and
sentiment data during the COVID-19 pandemic. The weekly
survey started in March 2020 in Belgium, the Netherlands,
and the United Kingdom before expanding to 17 addi-
tional countries across Europe. Marketing firm Ipsos MORI
recruited participants via social media advertisements and
email campaigns to crowdsource reported social contacts,
assisting with national policy evaluation.
Economic
The pandemic shifted consumers’ needs and habits, impacting
local businesses’ revenues and opening new market oppor-
tunities. Economic NTD helped policymakers monitor the
impact of the pandemic on local businesses and the pop-
ulation’s spending habits. Data on electronic transactions
[34] provide information on the time, location, and pur-
pose of people’s purchases, proxying their economic wealth.
Electronic transaction data from credit cards were used to
measure the reduction in revenue [35] of economic activities
during the COVID-19 pandemic.

Supply chain data allow monitoring the status of the
production and distribution of goods, providing logistics
organizations with important insights to optimize the goods
pipeline. Using maritime traffic data collected via a global
network of Automatic Identification System receivers, the
Marine Traffic Research Lab studied the impact of the
pandemic on the shipping industry [36]. Open contracting
records refer to records of public contracts from administra-
tions. They are used in many countries to increase transpar-
ency and combat corruption in public spending. In Ecuador,
the National Public Procurement Service launched a public-
facing dashboard of emergency procurement contracts during
the COVID-19 pandemic [37].
Sentiment
While aiming at controlling disease circulation, interven-
tions had an impact on population mental distress and
were partially received by citizens, giving rise to misinfor-
mation exposure and loss of adherence to policies over
time. Sentiment NTD allowed researchers and organizations
to monitor people’s perceptions, mental health, and expo-
sure to misinformation. Online search queries and social
media data were valuable tools to understand the impact of
online behavior on the pandemic progression and monitor the
population’s perception of restrictions. Google search trends
and tweets were used by German researchers to create a
future-oriented early alert system [38] that could be used to
build phenomenological and mechanistic models to forecast
cases and hospitalization trends. Tweets before and during the
pandemic were analyzed by researchers in Italy to analyze
the potential health threat driven by online misinformation
[39] related to the pandemic. The same data were used by
researchers in the United States to integrate public health
data with social media data, developing an early alert system
for outbreak detection [40]. However, sentiment data do not
stop at online discourse on social media; the worldwide
COVID-19 trends and impact survey [41] conducted by
Meta collected important information, among others, on the
population’s mental health. Over the course of the pandemic,

respondents transmitted self-reported feelings of anxiety and
depression, for the first time collecting important insights on
the population’s mental distress and risk perception during
a pandemic. While CoMix [33] collected both self-repor-
ted behavioral data and sentiment from participants, other
efforts aimed to incorporate a wider variety of data streams
related to people’s perception of the pandemic. For example,
6 European public health agencies collaborated during the
pandemic to create PANDEM-Source [42], an IT surveillance
tool that integrates both traditional case counts and nontradi-
tional social media reports for pandemic surveillance. Results
feed into PANDEM-2 [43], a real-time data dashboard for
decision-makers and health experts.

NTD can help fill critical gaps in traditional data dur-
ing public health emergencies by increasing the speed and
volume of data collection. When combined with traditional
data, NTD can provide a more comprehensive understanding
of the problem and support rapid decision-making. However,
alongside the promise, COVID-19 also revealed challenges
involved in the use of both traditional data and NTD. The
early months of the COVID-19 pandemic were characterized
by ad hoc collaborations, which revolved around the use
of NTD sources: mobility dashboards built overnight [44],
wastewater pilot studies [24], and hastily negotiated data
sharing agreements [45].

A noteworthy example of ad hoc collaboration between
public bodies and the private sector was the EC’s collabo-
ration with European Mobile Network Operators (MNOs)
[46]. Within just a few months, 17 MNOs across 22 EU
states and Norway provided access to mobile phone data
with the aim of understanding the geographical spread of
the disease and assessing pandemic interventions. In addition
to European-level initiatives, many subnational regions, such
as the Valencian region of Spain [47], combined data from
mobile operators with data from Facebook, Google, and
government ministries to evaluate the impact of mobility
restrictions on COVID-19 spread. Challenges that emerged
from these pioneering initiatives included data harmonization
and privacy guardrails.

Even after the pandemic, we can find virtuous examples
of public-private collaborations allowing NTD collection
aimed at making data publicly accessible for research. One
institutional example is represented by the initiative of the
Transport Ministry of Spain [48], regularly making publicly
available origin-destination matrices [49] of mobility flows
at high temporal and spatial resolution in Spain since early
2020. This ongoing initiative is a collaboration between
the Ministry, Orange Spain, and Nommon and provides a
curated and poststratified, ready-to-use dataset of human
mobility stratified by multiple sociodemographics. On a
more bottom-up side, the community of researchers is also
responding to the growing lack of NTD accessibility. This is
an example of the R2M2P2 Consortium: Readying Regional
Mobility data for Modeling Pandemic Preparedness [50], led
by the Erasmus Medical Center in collaboration with Dutch
universities and the national public health agency RIVM. The
aim of this effort is to identify useful mobility data sources
and set up a pipeline providing usable and accessible mobility
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data to inform transmission models to respond to key public
health questions on the spread of respiratory infections in the
Dutch population.

These innovations helped highlight how diverse data
streams, when responsibly harnessed, can quicken detection
times and potentially reduce mortality and morbidity. These
experiences served as an important test case for the inte-
gration of these new sets of data into epidemic modeling
and decision-making for pandemic response. However, they
also exposed deep structural weaknesses, such as fragmented
governance, limited interoperability, and a chronic skills gap.
Questions remain around how these data can best be used
in a pandemic crisis, namely, regarding their limitations and
the investment needed to replicate efforts from COVID-19 in
future public health emergencies. A better understanding of
these challenges may provide insights and lessons for future
efforts to combat public health emergencies.

Traditional data exhibit known biases (eg, as reporting
delay, geographical coverage, and health care accessibility
disparities among others) that modelers typically take into
account using Bayesian inference, sample poststratification,
and artificial intelligence–based synthetic data generation
techniques. However, NTDs are not exempt from biases and
have their own limitations, most commonly being sample bias
resulting from technology adoption divide, data generation
noise due to self-reporting bias and unequal representativity
among population groups, unequal spatiotemporal coverage,
and poor granularity. In Table 1, we summarize the most
common biases for both data types. Modelers adopt similar
techniques to those used for traditional data to account for
NTD biases, but effective approaches are case specific and
data specific. Beyond the focus of the survey and work-
shop on the challenges of accessing and integrating NTD
into evidence-based policy, recent studies have mapped and
addressed thoroughly known biases of NTD [2,51-53].

This study is based on the structured discussions held
during an expert workshop on the use of NTD to counter-
act pandemics conducted in March 2024 in Brussels, along
with the results of a survey on data readiness and availa-
bility disseminated among the European modeling commun-
ity conducted the year before. The workshop convened
public health professionals, data scientists, policymakers,
industry leaders, and other stakeholders to reflect on lessons
learned and define strategies for better integration of NTD
into epidemic modeling and policymaking. The accompany-
ing survey offers empirical evidence of the barriers faced
by modelers during the COVID-19 pandemic and high-
lights areas where key data were unavailable or underused.
Together, these 2 sources form the basis for 10 key les-
sons learned and proposed actions about the role of NTD
in pandemic preparedness and response, which we outline
below.

On the basis of the experts’ opinions and the conducted
survey, we draw a set of recommendations that establish
a framework for the use of NTD in ongoing and future
public health and other crises. From the survey responses,
2 main categories of obstacles emerged: “first-mile” and

“last-mile” challenges. First-mile challenges refer to the
difficulties of rapidly identifying and accessing relevant data
when a crisis begins; these include legal constraints, unclear
stewardship, and difficulty in the application of the FAIR
[54] principles, that is, lack of interoperability and, criti-
cally, unavailability of data. Last-mile challenges are more
nuanced and often less recognized but are nonetheless critical.
They concern the difficulty of translating complex data into
actionable insights that decision-makers can understand, trust,
and apply. Together, these challenges represent a formidable
and persistent obstacle to the use of NTD in public health
emergencies. To move beyond improvisation during a crisis,
we argue for a more proactive, institutionalized, and scalable
approach to using NTD streams before, during, and after
public health emergencies.

Survey on Data Availability and Data
Needs
In 2024, we conducted a survey [55] to better understand
data availability, use, and unmet needs during the COVID-19
pandemic, primarily in the European modeling commun-
ity. Specifically, the survey aimed to gather information
about which types of data respondents drew on during the
COVID-19, obstacles and challenges they faced, and whether
and how these data were used to shape policy.

The survey was divided into 3 sections. The first sec-
tion aimed to collect the research questions and modeling
approaches used by researchers participating in the survey.
The second section aimed to identify (1) what data were
available and were used during the pandemic, (2) how
data were accessed and what problems were encountered
in accessing the data, and (3) what quality problems were
encountered when using the data. Finally, the third section
aimed to understand what data were needed but not used
by these research groups and whether these unmet needs
were the result of data unavailability or the result of data
quality and access issues. Throughout the survey, the data
were categorized into traditional epidemiological data (eg,
tests, hospitalizations, deaths, and vaccination) and nontradi-
tional epidemiological data, that is, data types not collected
with epidemiological purposes and/or relatively new data
types (eg, mobility, contacts, and wastewater data), so that in
addition to each individual data type, we can have a broader
view on traditional versus NTD. Overall, the survey was
composed of 11 questions, of which 10 were closed-ended
questions, with the last open question regarding the purpose
of the data use.

Using a purposive sampling approach, we circulated the
survey through the ECDC Modeling Hubs mailing list, a
community populated by many public health emergency
responders during the COVID-19 pandemic and the ESCAPE
consortium. The aim was to target as many epidemic
modelers as possible in Europe. In total, 29 experts (individu-
als and groups) from academia, government agencies, and the
private sector responded to the survey.
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Pandemic Response as a Hybrid
Enterprise
In this section, we present the results obtained from our
surveyed sample of the modeling community in Europe.
All reported statistics are purely descriptive and reflect the
responses of our sample; as such, we do not infer statistics or
generalize to broader populations.

The survey responses suggest that NTD sources have
moved from fringe to mainstream, indicating that pandemic
modeling and response among participant modelers have
in many ways become a hybrid enterprise, in which NTD
often complement and augment more traditional (if somewhat
slower) sources. For instance, 90% of enquired modelers
reported using at least one nontraditional stream alongside
more conventional sources. Among nontraditional data types,
mobility was dominant (72% of respondents), alongside other
nontraditional sources such as socioeconomic and demo-
graphic, contact, and wastewater data (Figure 2). An equally
striking aspect of the survey finding was the direct relevance
of such data to inform the response to the pandemic. Seventy-
nine percent of the respondents stated that they used data to
inform public health policies, with the largest number of these
(83%) stating that they used mathematical models to translate
data into insights used to inform policymaking, followed by
statistical models (48% of respondents). More specifically

(and in addition to recent work conducted by the GovLab on
identifying use cases for the use of NTD [56]), respondents
reported their need for NTD to achieve the following goals:

• monitoring adaptive behavior to interventions across
sociodemographic groups

• assessing the age-specific impact of interventions on
disease transmission

• understanding the role of socioeconomic factors in
disease spread

• better informing and validating models assumptions
• better calibrating complex models, particularly

behavioral components
• improving short-term predictions at regional and local

scales
• assessing the risk of health care system saturation
• better tracking the spatial invasion patterns of disease
• identifying the most infected areas and high-risk

population groups with finer higher granularity
• tracing transmission chains and assessing estimating the

distributions of secondary cases
• broadening and sharpening the scope of epidemiologi-

cal studies
Moreover, NTDs were needed to assess the risk of health care
system saturation, better track the spatial invasion of disease,
assess most infected areas and population groups with higher
granularity, trace transmission chains, and assess distribution
of secondary cases.

Figure 2. Comparison of the use (x-axis) and the need (y-axis) of the different types of data reported by respondents. Vertical and horizontal gray
lines represent the mean number of answers for all data types used and needed, respectively. The upper-right quadrant represents data highly used
and needed; the upper-left quadrant represents data highly needed but not highly used; the bottom-right quadrant represents data highly used but not
highly needed; and the bottom-left quadrant represents data neither highly used nor highly needed. Reported values are the result of closed-ended
multiple-choice questions. ICU: intensive care unit; ILI: influenza-like illness.

Workshop on First- and Last-Mile
Challenges for Data Needs
On March 22, 2024, we held a workshop at the University
Foundation in Brussels to better understand the role (includ-
ing limitations) of NTD. Attendance at the Workshop was
upon invitation. We assembled a high-level expert panel
reflecting the workshop’s interdisciplinary goals, bringing
together approximately 50 participants from diverse sectors:

• Private sector representatives from industries, such as
telecom companies, which typically own and provide
relevant NTD

• Academic sector leading European scientists and
project partners who played pivotal roles during the
pandemic response

• Public health representative officials from national
public health institutes (eg, Portugal and Switzerland)
and European institutions (eg, HERA)
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Attendees were selected based on their expertise and
background. Figure 3 shows the provenance of the invited
participants.

Figure 3. Workshop participating organizations. Pie chart representing the sector of the 50 participants in the workshop. See the Acknowledgments
section for the full list of participants and affiliations.

The workshop’s specific objectives included the following:
• Advancing the dialogue on leveraging NTD for

pandemic preparedness
• Drawing insights from experts and practitioners in

relevant fields
• Building meaningful collaborations to enhance

pandemic response efforts
• Co-creating high-level recommendations and a roadmap

for European decision-makers
Discussions and activities were structured around 2 main
themes: “Data for Preparedness” and “Data for Pandemic
Response.” Participants were divided into working groups to
explore these topics through 3 key sessions.

1. First-mile challenges: addressing readiness to access
NTD in case of a pandemic. Questions included were
as follows: Are we prepared to access and reuse NTD
for preparedness and response? What challenges remain
from the previous pandemic?

2. Prototyping first-mile solutions: This session focused
on refining and defining challenges, gathering quick
feedback, identifying areas with the greatest impact
or feasibility, and proposing concrete actions and
recommendations.

3. Last-mile challenges: Exploring how to ensure data
insights are translated into actionable decision-mak-
ing. Discussions centered on identifying key deci-
sion-makers, facilitating partnerships between data,
scientific, and policy communities, and fostering
effective communication.

We adopted this established framework [57-61] as an
organizing principle for the workshop. In pandemic response,
the “first mile” refers to the ability to quickly obtain
both traditional data and NTD and make them available

for reuse. The “last mile” focuses on converting that data-
driven knowledge into actionable insights and ensuring it
is effectively applied by policymakers and public health
authorities.

The final plenary session united all participants to review
and discuss the solutions proposed during the previous
sessions. Discussions in all sessions were reported by
in-person note takers.

Difficulties and Challenges Reported
by Participants to the Workshop and
Respondents to the Survey
Overview
The pandemic revealed some significant challenges that
remain unsolved. Both the convened experts and the survey
aimed to better understand the nature of these challenges and
how they might be overcome to do better in future health
emergencies.

One of the overarching findings of the survey is that
the use of data [62] to inform the response to COVID-19
and other public health emergencies can be broken down
into 2 main challenges: access, in which data are identified,
sourced, and processed; and translation, in which data are
used for policymaking and meaningful interventions. We call
these first-mile and last-mile bottlenecks (see Figure 4 for a
summary of the two). We used the same division to shape the
structure of the workshop sessions, as this is a relevant and
useful framework to analyze the bottlenecks of data pipelines
in pandemic response. First-mile bottlenecks often get the
lion’s share of attention; however, last-mile shortcomings are
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equally significant in the way they impede the conversion of
insights into timely action. In other words, access without
translation is potentially as limiting as a simple lack of access.

Figure 4. Proposed actions addressing first- and last-mile challenges. Schematic figure illustrating the 10 proposed actions summarized within the
first- and last-mile framework.

“First-Mile” challenges
First-mile hurdles can arise at any stage of a public health
crisis. They refer to difficulties responders face in identi-
fying and accessing relevant data streams [63]. Obstacles
can include opaque ownership and licensing, a lack of
existing data sharing agreements, missing metadata, and
quality issues. Technical fragmentation—including nonstan-
dard formats and incompatible APIs—is another impediment.
Two key obstacles highlighted by workshop participants and
survey respondents included a lack of standardization and a
shortage of incentives for sharing, leading to what the experts
labeled reduced “data solidarity” [64].

The survey quantifies some of these pain points. Accord-
ing to experts, approximately 66% of all datasets used by
respondents—traditional and nontraditional—had at least one
access problem (S1 Fig in Multimedia Appendix 1). The
proportion of issues linked to data sharing reluctance in the
context of NTD was double that of traditional data (30% vs
15%; see S1 Fig in Multimedia Appendix 1). Furthermore,
only 55% of nontraditional streams were publicly available
or obtainable via government agreements, compared to more
than 83% for traditional data (S2 Fig in Multimedia Appendix
1). In addition, data quality problems were also prevalent.
Despite being rare, preparation and processing issues existed
across both traditional data and NTD (12% vs 10%; S3 Fig
in Multimedia Appendix 1). Only 4% of the datasets that
participants reported (both traditional and nontraditional) had
no quality problems; perhaps somewhat surprisingly, machine
readability [65] issues were far more prevalent with tradi-
tional data compared to NTD (11% vs 2%). These quality
issues may stem from the fact that individuals and organiza-
tions are less familiar with NTD requirements than traditional
data. As most Data for Good programs were ceased after the
pandemic, a further obstacle is found in data impermanence,
which hinders data reusability and makes data pipelines more
fragile in the face of new threats.

“Last-Mile” Challenges
Last-mile issues surface at the opposite end of the data-to-pol-
icy pipeline. They hamper the process of turning analysis into
actionable intelligence and meaningful interventions. Once
again, there are multiple drivers of these limitations, including
gaps in data and technical literacy among officials, weak
institutional bridges between scientists and policymakers, and
slow feedback loops. Mismatches between the types of data
available and requirements for policymaking can also play
a role. As we have elsewhere argued [66], taking a ques-
tion-based approach to evidence-based interventions can help
align data with the most pressing and relevant policy issues.

At a broad level, the survey suggests a degree of success
on this front. As noted earlier, 79% of respondents stated that
their analyses fed directly into public health policy. Nonethe-
less, a further examination of the survey results suggests a
number of obstacles that prevented data from actually being
usable (S4 Fig in Multimedia Appendix 1). Besides data
availability, these include limitations in the timeliness and
granularity of data, issues with linkage [67], comparability,
and biases. Only 10% of respondents reported that they could
use all the data they needed. This was particularly relevant
for NTD (eg, contact tracing [68], mobility, and contact data)
and reflects a broader problem with data availability, which
remains a significant barrier for data usage in policy making
(S4 Fig in Multimedia Appendix 1).

Ten Lessons Learned and 10
Proposed Actions
In this section, we outline key proposed actions in response
to 10 lessons learned that emerged from the workshop and
survey addressing first- and last-mile challenges.
The Need for Standardization
Participants at the workshop stressed how the experience
of reusing NTD during the COVID-19 pandemic revealed
widespread inconsistencies in data formats, metadata, and
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quality metrics. These issues made it difficult to integrate
and analyze data across sources and impeded timely insights.
The expert workshop emphasized the urgent need to establish
common standards not only for the data itself but also for
metadata structures, reproducibility, and quality indicators.
In particular, the lack of standardized approaches [69,70]
to processing origin-destination matrices [71] in mobility
data emerged as a significant obstacle for modeling [72]
and understanding epidemics [73]. One suggestion was
the establishment of a multisectoral task force to create
a common set of questions and methodological standards,
enabling smoother collaboration before the next crisis.

One virtuous example is the effort carried out through the
MNOdata4OS and Multi-MNO project [74]. This initiative,
developed by the European Statistical System [75], aims to
create a consistent methodology for processing MNO data for
official statistics throughout Europe. The project also includes
defined quality standards and an open-source reference
implementation of the outlined methodology. Notably, this
ongoing work seeks to transition MNO data usage from
Experimental Statistics [76] to official statistics by address-
ing challenges of data privacy, creating consistent legislation
for long-term data access partnerships, and implementing
standardized methodologies.

Accelerating Evidence-Based Decision-
Making
Advanced analytics mean little if they do not feed into policy;
as we have seen, the last-mile challenges remain significant.
The workshop, therefore, endorsed three “bridges” that could
help advance evidence-based policy: (1) fusion centers [77],
to merge and make actionable data streams; (2) decision
accelerator laboratories [78], to prototype interventions and
iterate on policy; and (3) a network of scientific ambassadors
trained to translate data insights into clear-language policy
and more generally to bridge science and practice. Together,
these mechanisms can help move from insight to action more
quickly. The group also recommended building a cross-border
European community of epidemic modelers to expand access
to evidence and ensure that no region is left behind in future
emergencies.
Mapping NTD
Discussion at the workshop highlighted how during the
COVID-19 pandemic, as with prior and subsequent public
health emergencies, many stakeholders were often not aware
of NTD. Participants stressed this as a critical barrier and
emphasized the need for a “data map,” that is, a compre-
hensive data inventory describing what datasets exist and
rating them for accessibility, relevance, and quality. They
also underlined the need for regular audits and harmonized
metadata templates so that such an inventory would be
searchable and valuable across a range of use cases.

The EU Health Data Space (EHDS) [79], currently
collecting health data only, should begin to absorb such
demand by building common standards, practices, and
governance for health data reuse in research, innovation, and
policymaking, integrating NTDs that are essential for fast

public health response to health crises. Adopted in January
2025, the EU Health Data Space proposes HealthData@EU
[80], an ecosystem of national platforms that establishes
standards for data quality and use and facilitates the annual
publication of data catalogs to find and use common data
types across borders.

Collating Evidence From the Crisis
Participants at the workshop stressed that while hundreds
of initiatives during the COVID-19 pandemic used mobility,
payments, or social media signals [3], lessons learned remain
scattered and difficult to generalize.

The workshop highlighted the need for more research
on how NTD is used, during which phases, and with what
impact. Such a repository would include not only project
descriptions but also tags, pipeline schemes, and metadata
that allow sorting by disease stage, data type, and outcome
at the level of intervention effectiveness based on these data.
In this way, future public health professionals and research-
ers could quickly identify what worked, avoid redundancy,
and inform fast and effective interventions while avoiding
previous mistakes.

Identify Data Needs for Each Pandemic
Stage
We learned how identifying and aligning data needs with
evolving goals at different stages of a pandemic is essen-
tial. Workshop participants highlighted the value of tab-
letop simulation exercises as a practical tool to explore
evolving data requirements. The panel of experts sugges-
ted tabletop simulations to provide simulated environments
[42] to explore hypothetical pandemic scenarios, revealing
dynamic data requirements at various stages of public health
emergencies. In doing so, they help policymakers and other
stakeholders assess preparedness and response strategies, as
well as identify critical data needs and data streams ahead of
time.
Strengthen Literacy and Capacity
We have noted a number of last-mile hurdles that limit
policymakers’ capacity to transform NTD into actiona-
ble insights. In addition to those already listed, the chal-
lenges also include a significant skills gap among public
health officials and other stakeholders. To address this,
the workshop expert panel called for investments in both
analytical training (eg, interpreting mobility or social media
data) and “question literacy” [66]. Question literacy is an
essential but underappreciated skill. It aligns data supply with
data needs and can help prioritize scarce public resources
and policymaker bandwidth (eg, by minimizing time spent
searching for or analyzing unhelpful or unnecessary data).
Foster Data Solidarity
A recurring theme of the workshop was the need to foster a
culture of “data solidarity,” that is, the idea that data holders,
especially in the private sector, should commit to sharing data
responsibly and proactively during public health emergen-
cies. This requires not only ethical and legal frameworks
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but also the cultivation of mutual trust and shared purpose
among stakeholders and across sectors. Practical manifesta-
tions of data solidarity could include prenegotiated commit-
ment frameworks, increased transparency around how data
will be used, and the development of social licenses [81]
through public engagement. In addition, data collaboratives
[82], that is, expert groups based on public-private collabo-
rations exchanging data to help solve public problems, and
similar bodies have proven effective in promoting trust and
data sharing. Across all these mechanisms, it is essential to
establish incentives for sharing; these could include naming
and framing schemes and access to aggregated insights for
strong sharers.
Institutionalize Data Stewards
The expert panel stressed that even when the incentives
and structures for data solidarity exist, coordinating actual
data sharing is a complex task, especially in the midst of
a public health emergency. The workshop suggested the
creation of dedicated “data stewards” [83] to help institution-
alize and facilitate this process. Data stewards are individuals
or groups responsible for building partnerships, conducting
audits and risk assessments, facilitating internal coordination,
and communicating externally with stakeholders. Their role
has proven especially effective in nurturing and sustaining
data collaboratives [82]. By making this a formal, resourced
role, organizations can ensure they are better prepared to
access and share data when a crisis occurs.
Sustainable Funding
Long-term, sustainable funding and investment are critical to
contrasting data impermanence, promoting data sharing and
effective use of NTD. One of the clearest lessons from the
COVID-19 crisis is that ad hoc or one-off funding mecha-
nisms are inadequate and that long-term capacity requires
sustained investment in infrastructure, human capital, and
technology. Toward this end, the expert group recommended
establishing a dedicated data fund, that is, public-private
partnerships supporting data availability for evidence-based
policies. The fund should be governed transparently, include
mechanisms for rapid-response grants, and build in accounta-
bility through independent oversight.
Streamline Collaboration Through
Advanced Technologies
The expert group highlighted how policy, norms, and society
are vital parts of any framework to promote the use of
NTD. However, it should not be overlooked that advanced
technologies themselves can play a transformative role,
especially in encouraging more data sharing. Participants
suggested considering technologies such as privacy-enhanc-
ing tools [84], Edge Computing [85], Data Sandboxes [86],
Data Pods [87], and synthetic data [88], including social
contacts [89] and mobility [71], beyond electronic health
records. Many of these underlie, the emerging concept of
“data spaces”—structured, rule-based environments in which
data holders retain control over how their data are shared and
used [90]. By investing in these technologies, governments
and public health institutions can significantly strengthen

their ability to collaborate while still maintaining public trust
and protecting privacy and other rights.

Conclusions
Overview
The 10 lessons outlined earlier, as well as the survey results,
point to a set of broader priorities for policymaking. In this
final section, we distill the experience of COVID-19 into 3
overarching recommendations that can inform not only future
responses to public emergencies but also steps that govern-
ments and other stakeholders need to take today to prepare for
the next pandemic. Taken together, these recommendations
emphasize the need for sustained investment, institutional
change, and a more collaborative, integrated approach to the
reuse of NTD in public health emergencies.
Institutionalize Readiness
Across all themes, a central theme emerges: success during
the next crisis will not be determined by improvisation or
timely responses, but by the foundations we lay today. Being
better prepared means building durable technical, organiza-
tional, and human capacity. Governments and other stake-
holders must work today to formalize roles such as data
stewards, establish data sharing agreements, and invest in
tools (eg, Fusion Centers [77], Decision Accelerator Labs
[78], and simulation exercises) that can be activated quickly
when they are needed. Readiness should be seen as a
continuous state, supported by ongoing trust building and
community involvement. Some specific actions include (1)
establishing and institutionalizing data stewards, empowered
with formal mandates; (2) creating and funding fusion
centers and decision accelerator laboratories to prototype,
evaluate, and scale interventions based on nontraditional
(and traditional) data; and (3) conducting regular tabletop
simulation exercises involving all stakeholders to enhance
readiness and identify weak points or challenges.
Build Data Preparedness
Institutional readiness must be accompanied by data
preparedness. Once again, many of the most pressing
challenges during the COVID-19 pandemic stemmed from
the simple fact that public health representatives were not
ready: data were inaccessible and fragmented, and their
nature and location were poorly understood. Building data
preparedness requires developing standardized approaches to
how data are structured, stored, and analyzed—especially
for NTDs such as mobility traces or social media signals.
Importantly, there is a need to map what data exists and
where it resides. Specific actions include (1) developing
data inventories and maps to identify nontraditional datasets,
assess their accessibility and quality, and ensure metadata are
harmonized across sources; (2) launching a multisectoral task
force, including epidemic modelers, public health experts,
and social scientists to set and maintain data standards for
behavioral data integration into models, including protocols
for metadata; and (3) create an evidence repository to collate
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and tag successful (and unsuccessful) uses of NTD during the
COVID-19 pandemic to increase data literacy.
Create a Trusted and Collaborative
Ecology
Data do not exist in a vacuum. Its value is realized through
relationships among sectors, stakeholders, and, importantly,
between those who hold data and those who need it. Trust is
the foundation of these relationships and must be deliberately
cultivated. This includes establishing clear ethical guidelines
for data use but also developing institutional intermediaries
such as data stewards and data collaboratives that can manage
partnerships and facilitate reuse. An observatory can play a
particularly critical role, helping to monitor how NTDs are
used in real time, documenting best practices, and ensuring
that insights are shared across borders and sectors. Building
this ecology will require a cultural shift, from data hoarding
to data solidarity.

Specific actions include (1) developing mutual commit-
ment frameworks between private data holders and public
entities that may use data to clarify terms of emergency
data sharing ahead of crises; (2) creating an observatory
for NTD use that tracks deployment, use, and disseminates
real-time insights and lessons learned; and (3) encouraging
and scaling data collaboratives with clear governance rules
and mechanisms for shared infrastructure and trust building
across sectors and stakeholders.

Together, these 3 recommendations offer a framework, not
a set of independent guidelines or policies. None of these can
succeed in isolation, but if pursued together, they can create a
virtuous cycle of preparedness, insight, and action.

Crucially, these steps are not only relevant to future
pandemics. They can also inform how societies respond to
a range of public crises, from climate shocks to humanitarian
emergencies. Effective responses to each of these increasingly
rely on prepared, tested, informed, and inclusive decision-
making.

The COVID-19 pandemic was an indisputable calamity.
Nonetheless, it was also a moment of extraordinary innova-
tion, experimentation, and, most importantly, learning. If we
absorb its lessons and begin now to build the foundations we
lacked, then we may yet emerge from this crisis more resilient
and better prepared next time. We may not be able to prevent
the next crisis—but we can certainly improve our response
and, in so doing, potentially mitigate the scope for another
calamity.

Limitations
This work provides exploratory insights from a purposively
sampled community of European epidemic modelers rather
than generalizable findings from representative research.
The survey was distributed through the ECDC Model-
ing Hub mailing list and the ESCAPE project networks,
reaching modeling teams actively engaged in COVID-19
response efforts. Of the contacts reached, 29 modeling teams
responded. All survey results were purely descriptive and

reflect only the experiences and perspectives of this spe-
cific sample—no inferential statistics or population-level
generalizations should be drawn from our findings.

Our recruitment strategy inherently created selection bias
toward modelers already familiar with and interested in NTD.
Survey participants were recruited through networks focused
on epidemic modeling, and workshop participants self-selec-
ted to attend an event specifically about NTD integration.
This likely resulted in confirmation bias, where reported
experiences and needs reflect a community already convinced
of the value of NTD sources. Our findings should therefore be
interpreted as perspectives from early adopters and advo-
cates of NTD, not as representative of the broader modeling
community. The barriers and needs identified may be even
more pronounced among modelers not yet engaged with these
data sources.

The workshop discussions were captured through
structured note-taking by designated members of the
organizing team rather than through formal transcription or
qualitative coding methods. While this approach is standard
for policy-oriented workshops, it introduces subjectivity in
how themes were identified and synthesized into our 10
lessons learned. These lessons represent expert recommenda-
tions informed by survey data and workshop discussions, not
findings that emerged purely from systematic data analysis.
All ESCAPE consortium members (a substantial portion of
workshop participants and co-authors of this manuscript)
reviewed and validated the synthesis, but this does not
eliminate the interpretive nature of the process.

Our findings reflect primarily European perspectives and
the specific context of the COVID-19 pandemic response.
Experiences from other regions may reveal different lessons
and suggest alternative recommendations. Similarly, the
challenges and opportunities associated with NTD may differ
for other types of health emergencies (eg, climate-related
health events, humanitarian crises, and endemic disease
surveillance).

Nontraditional data sources are not exempt from bia-
ses and have their own limitations, including technology
adoption bias, noise from self-reporting, unequal represen-
tativity among population groups, unequal spatiotemporal
coverage, and data ownership and privacy issues. Traditional
data exhibit known biases (eg, reporting delays, geographical
coverage disparities, and health care accessibility differ-
ences) that modelers typically address through Bayesian
inference, poststratification, and synthetic data generation.
Similar techniques can be applied to NTD, although effective
approaches are case specific and data specific.

Despite these limitations, our findings and recommenda-
tions are formulated to be applicable beyond the specific
context of COVID-19 modeling in Europe. The data types
discussed and actions proposed are not disease-specific or
geographically constrained, although their implementation
may require adaptation to local institutional contexts. This
work should be viewed as a starting point for broader
discussions on improving data-to-policy translation in public
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health emergencies, not as definitive guidance derived from
representative research.
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