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1. The aim of the project

This project aims to advance methods to use online trace data (called also digital footprints) together
with survey data and thus, will contribute to solving current social problems concerning trust, attitudes
towards migration, environment, governments as well misinformation and polarization of attitudes. We
share a believe that the analyzing online trace data can provide better insight into human interests, attitudes,
behaviors and will be proven valuable in examining behavioral changes by allowing researchers to investigate
long series of outcomes of interest measured with extreme frequency (even every day or every hour). Digital
trace data could be also useful to investigate diversity between geographical regions (e.g., NUTS 5, small
cities) for which, because of the sample size limitations, representative survey data are usually not available.
Digital footprints, because of their cost efficacy, are irreplaceable in large scale network analysis where tradi-
tional survey approach has serious methodological and financial limitations not allowing to reach all members
of the network. Moreover, digital trace data are good device for cross-validating results provided by the surveys
bringing another angle of view and strengthening or falsifying research hypothesis. Finally obtaining digital
trace data is incomparably faster than traditional survey methods which was clearly seen in current pandemic
situation. Even the best, most rapid, and coordinated responses of classical surveys like COVID-19 Snapshot
Monitor (Betsch et al., 2020) was only launched several weeks after the pandemic had been declared. This is
good example because it reveals also other shortcomings of such mode of the research. The Snapshot Monitor
was providing information on a weekly basis, was limited to 10 waves and only 500 respondents per country.
On the other hand, information from social media platforms (Twitter, Facebook, LinkedIn, etc.) where people
express their opinions is available with hourly precision, providing millions of observations in various social
groups, in different cultures and countries and through continuous, practically unbounded periods of time.

Without a doubt, surveys provide much important information and are extremely useful and necessary in mon-
itoring public opinion, because online data sources will always lack the precision of operationalization and the
theoretical orientation that can be provided by classical surveys. However, we claim that, by using both online
and offline data sources with proper methodology and within a cross-country perspective, we could provide
additional value and complementary information on people’s attitudes, behavior, knowledge, and health, in-
formation that is useful in understanding social word. This, however, will not happen without a serious meth-
odological work on online data and without help of more traditional data collection modes, e.g. provided by
surveys. Following (Salganik, 2019) we believe that online data will not eliminate the need to directly ask
people questions in surveys but will substantially enhance the usability of surveys in big data analysis allowing
for calibration, cross-validation and for checking crucial assumptions made by online big data. Properly han-
dled online big data facilitated by classical instruments could help researchers to address fundamental ques-
tions of social science. As pointed by Golder and Macy over the past century, there has been no shortage of
social theory, but there have been severe constraints on access to data (2014, p. 130). Unprecedented oppor-
tunities related to online big data collected on massive scale yet on micro level might change this position.

To advance methods to use online trace data we propose to run large methodologically oriented study
that will utilize five sources of data: (a) representative survey data, (b) online trace data, (c) data form
specially designed panel study that will combine survey and online trace data, (d) experimental studies
and (e) qualitative data. In big picture, we will ask several research questions (on trust, attitudes towards
migration, environment and governments, misinformation and polarization of attitudes), answer them using
difrent sources of data and compare the results. This allows us to understand shortcomings and problems of
different approach and develop new methodological means to excel the inference on sociological questions.
We have had decades of methodological work to improve how carry out surveys and how to properly use
survey data. We need to invest in methodological developments of online data to better leverage its potential
and disclose its limits and understand how they could enrich our knowledge.

2. Background and the importance of the project
Technological development has moved a substantial part of human life towards the computer or/and
smartphone screens changing noticeably some of the human behaviors and inducing new ones (Bauman, 2013;
Hynes, 2018; Jinasena, 2014; Thompson, 2013). The way how people, communicate, interact and search for
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information has dramatically changed in this digital transition. In year 2019 around 4,2 billion people are using
the Internet on a daily basis. That is 54% of world population and 87% population from the developed world
(International Telecommunication Union, 2019). The intensity of digital technology usage is growing fast. It
is estimated that in 1992 the total amount of Internet traffic was around 100 gigabytes per day. This number
increased by a factor of 17.5 million in 2017. Around 90 percent of the data in 2017 was generated in the prior
two years (Nadella, 2017). People relay on digital technology in more and more areas of life. In year 2017
Google Drive was used by 800 millions monthly active users (that is more than 15% of word’s population)
with three billion objects and 1.2 billion of photos uploaded each day (Schmidt, 2017). Google in 2020
processes over 40,000 search queries every second on average, which translates to over 3.5 billion searches
per day and 1.2 trillion searches per year. Worldwide average internet user is asking their devices different
types of questions roughly 2 times a day. In USA the average adult checks his or her phone 30 times a day,
while for adolescent this number reach 157 times daily (Zuboft, 2019). In UK adults spend more than half of
their working hours engaged in media or communication activities, and that time has doubled over the past
decade (Ofcom, 2015). More than 99% of respondents between 16 and 54 has a mobile phone, and more than
80% of respondents between 16 and 44 have a social media profile. Online behaviors including social interac-
tions have become are regular part of daily life for billions of people worldwide.

Most of these behaviors are recorded and stored as fine-grained time-stamped data at the individual level
available for millions or billions of users. Such amount of data is unpresidential for social science and could
be compared only which enterprises like particle accelerators or genomic studies in natural sciences. For some
researchers newly developed tools for observing online activity showing promise to have a similar transform-
ative effects for social sciences to electron microscope, space telescope, particle accelerator, and magnetic
resonance imaging in natural (Golder & Macy, 2014) underling the fact that revolutions in sciences could be
initiated new tools and methodologies (Kuhn, 1962). This point of view is usually not shared by researchers
from the field of public opinion, survey methodology or more broadly social science methodology. In those
fields researchers have ignored, to a large extent, online data revolution. Not without a reason. Online data has
been considered as a black box, which limits possibilities to delve into a problem, which, in fact, resulted in
or was found to be the reason of several spectacular failures of this approach (see next sections).

2.1 The problem: How to collect the data?

In general, there are two ways of obtaining empirical information in social sciences. The first is to observe
people and their behaviors. The second is to ask people about their behaviors, feelings and opinions. Both have
been applied in qualitatively and quantitively oriented studies, for experimental and non-experimental designs.
The problem with both approaches is that people tend to behave differently when they are under investigation.
We don’t talk here about “big lies” or even fully conscious attempts to mislead the research (which definitely
also happens) but rather the simple fact of social behaviors. Most people under examination are trying to make
their best and usually, want to do what other people expect them to do (Fisher, 1993; Fisher & Katz, 2000).

Social scientists are not helpless in dealing with these problems. In fact, many procedures and statistical models
were developed to cope with the complex human nature of respondents. Researchers often try to ‘trick’ re-
spondents by disguising the real object of observation in the research. For example, in the social psychology
experiments real goals of the study are presented usually at the end (Aronson et al., 1990). In survey research,
special control items are added to the questionnaire that aims to detect untruthful responses, e.g. overclaiming
items (Paulhus et al., 2003; Phillips & Clancy, 1972), lie-scales items (Eysenck et al., 1974), reverse coded
items or response time is registered to detect careless responses (Baumgartner & Steenkamp, 2001). Finally,
statistics offers various modeling techniques (mixture modeling, IRTree models, process data modeling) to
adjust the results for different response styles (Khorramdel & von Davier, 2014). But this is always the strug-
gle, the secret war between those who are watched and those who are watching where the final result is always
uncertain.

2.2 Digital Footprints: a well-designed trap or source of endless possibilities?

The supposed solution that has a potential to ensure more accurate information about human behaviors side
lies in the high resolution, presumably non-reactive nature of big data that captures real-life behaviors and in
the analytical approaches using machine learning tools. Big data advocates have been suggesting that data
digital traces are especially suited for social science research. Good example is data from search engine queries.
First, they are anonymous. Sometimes techniques that used search data are referred to as “digital true serum”
(Stephens-Davidowitz & Pabon, 2017) anonymity implies truthfulness. Second, search queries can be consid-
ered real-life behaviors. People entering the search queries usually do not consider themselves as being ob-
served by researchers and are motivated by their own purposes. Next, access to this data is fast and they are
collected continuously which means that some rapid social phenomena might be analyzed even if social sci-
entists were not prepared for monitoring them allowing to compare some indicators before and immediately
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after a social event. Finally, those data is non-reactive. This implies that the process of measurement in big
data sources is much less likely to change behavior than classical types of data collection (Salganik, 2019).

Probably the most well-known application of search data is Google Flu Trends (Cook et al., 2011). Google
engineers developed the algorithm based on search queries and historical data from Centers for the Disease
Control and Prevention (CDC) to predict flue trends in real-time. The idea was simple. Sick persons will search
for information about flu symptoms or treatments more often than healthy people. The increase in volume of
flu-related queries should be related to the actual flue trends. As machine learning tools are very good at finding
relations between different variables, it is possible to establish the relations between past internet searches and
past real epidemiological data. After that, predictions of current flu trends based on current search data can be
made. This solution is much faster than real data collection (which takes even weeks) and of course much
cheaper as the data are already there. The story about smart use of 50 million of the 45 most commonly used
search queries to establish general flu activity was commonly used as an example of innovations that moved
our society towards technology-dominated future (Harari, 2016), often presented as a real big data success in
many books (Mayer-Schonberger & Cukier, 2013). What those books do not usually tell you is that the GFT
exercise was a complete failure (resulting in closing of the project) because of its incapability to detect real
flue pandemics. The project which replaced it and is supported by CDC - “Flu Near You” (https://flunear-
you.org) — is more or less based on classical online survey methodology (Chunara et al., 2013). In fact, some
methodologist are joking that the initial version of GFT was so bad that it could be called part-flu-detector-
part-winter-detector (Lazer et al., 2014). In the end, Google Flu Trends was not much better than that of a
simple model that estimates the amount of flu based on a linear extrapolation from the two most recent meas-
urements of flu prevalence (Salganik, 2019). The example of GFT clearly shows that although the idea of using
search data in research applications is appealing much more work must be to use it in a meaningful way.

Despite the spectacular failure of the GFT in epidemiology, studies using internet search data have been con-
ducted in the social sciences. Ettredge, Gerdes, and Karuga (2005) used internet search data to forecast the
unemployment rate in the US and that line of research was continued by other scholars (Askitas &
Zimmermann, 2009; Baker & Fradkin, 2017; Choi & Varian, 2009). Webb (2009) used search data to examine
US home foreclosures. Carriere-Swallow and Labbé (2013) examined trends in consumptions. Algan, Murtin,
Beasley, Higa, and Senik (2019) used search data to study well-being and Stephens-Davidowitz (2014) — to
study the role of racism in US presidential elections. In the field of consumer behavior research outcomes like
opening weekend box-office revenue for feature films, first-month sales of video games, and the rank of songs
on the Billboard were predicted using the volume of people searching for the selected phrases (Goel et al.,
2010). Mavragani, Sypsa, Sampri, and Tsagarakis (2016) used search data to measure public interest in micro
pollution policy. The above-mentioned studies are only a humble subsample of the much larger population of
search engine-based studies. Although some attempts were more successful than others, the common denom-
inator of these studies is that search engines data, as well as predictive statistical models, are treated as black-
box devices to provide the desired numbers in an almost magical way without much understanding how these
numbers are created.

It is surprising how little methodological concern was put into research on search data. How many questionable
assumptions were taken as granted, hidden or treated as an advantage (rather than a problem)? Let’s consider
the first supposed advantage. People feel that searches are anonymous and private. This assumption is flawed
at the very basis. Search engines like Google collect and store records of every search made to analyze indi-
vidual searches and based on that deliver user data across the services they provide. Even if the awareness of
these practices is rather low (Fuchs, 2017; Tsay-Vogel et al., 2018) , we might expect that privacy concerns
might grow and more importantly be unequally distributed across different social groups introducing different
selection procedure of searching behaviors for different social groups (Zuboff, 2019). Next, there is an as-
sumption that everyone is googling. In other words that all kinds of people search the internet for similar
purposes and in similar way and consequently, that the searching behavior is common and universal. This is
far from obvious. Stephens-Davidowitz and Pabon (2017) give an interesting example on the contrary. When
we look at Google search data from the US, there are twice as many complaints that a boyfriend won’t have
sex than that a girlfriend won’t have sex. How should we interpret this? Could we really conclude that boys
have less desire to have sex? Probably not. Or maybe those two groups distribute their questions about sex not
only to internet search engines but also to their friends? Maybe girls don’t like to talk about sex with their
friends while boys don’t have problem with complaining to their mates? Maybe boys look up for the answers
more often in books? Maybe girls look at books more often and the difference is not two times but four times
bigger? The simple answer is we don’t know.

Similar concerns and problems are related also to other sources of internet data. Because of space limitation
we refer only to two examples and citing only the title of the articles: /t’s Not That I Don’t Have Problems,
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I'm Just Not Putting Them on Facebook: Challenges and Opportunities in Using Online Social Networks for
Health (Newman et al., 2011) and Why the Pirate Party Won the German Election of 2009 or The Trouble
With Predictions (Jungherr et al., 2012).

3. Concept and research plan

3.1 Research objectives

Researcher in the pursuit of answers for some substantial questions needs to solve series of methodological
problems that allow him or her to properly test posted hypotheses. Methodological issues, despite being im-
portant, play always a secondary role, with the primary role of theory. The research program stated in this
proposal is unique in this respect. In this project methodological questions drive the pursuit for knowledge
about substantial problems. In this project, we want to treat methodological and substantive problems with
equal attention believing that this will contribute to better understanding of human online behaviors in the
modern world.

The three main objectives of the proposed research are (1) Understand online behaviors. Who is using which
digital platforms? What platforms are used and how? (2) Develop mixed, “hybrid”, methodology of joint use
of the digital traces and survey data. (3) Develop applications for key social challenges concerning: (a) gen-
eralized trust, (b) political efficacy, (c) general health, (d) attitudes towards migrants, and (e) attitudes towards
climate change and contextual research topics (a) misinformation and (b) polarization of attitudes.

The detailed overview of the project objectives, main methods and rationale for the proposed actions are pre-
sented in Table 1. First of all, we want to learn more about digital platforms and their impact on social life.
There is a lack of comprehensive sociological research in this topic and sociological knowledge about this
behavior is limited. With this proposal we would like to provide robust evidence on how digital platforms
changed contemporary social life, how it affects traditional social sources of information (family, friends) and
social relations connected with those sources. Finally, we want to learn how different groups of people use
digital platforms. What do they look up on the internet? What are the topics that are not being searched on the
internet? How much do different groups of people (defined by gender, socioeconomic status, age) trust the
information from internet? Could some behaviors (together with specific algorithms provided by digital plat-
forms) increase exposure to fake news? How do personalization of algorithms provided by some digital plat-
forms influence the exposure to information? To this end we will conduct: a) representative survey data, (b)
online trace data, (c) data form specially designed panel study that will combine survey and online trace data,
(d) experimental studies and (e) qualitative data (cognitive interviews).

Table 1. Main goals of the project

WHAT? Objective HOW? Method WHY? Rationale
(Ia) To understand online behaviors
and how they affect opinions.
(Ib) Verify the assumptions necessary
for developing appropriate methodol-
ogy that will utilize digital footprints.

(1) Understand online behav- | (a) Using qualitative and quantitative
iors. Who is using which digi- | methodology including cross sectional
tal platforms? What platforms | survey, panel, observational and experi-
are used and how? mental designs.

(b) High density, high quality “classical”
survey data confronted with information | (IT) To make digital trace data more
from digital platforms that use different | useful for social science researchers
methodologies and assumptions.

(2) Develop methodology for
hybrid use of internet search
data and survey data.

(IIT) To investigate longitudinal dy-
namics and relations of selected out-
comes that could not be achieved using
classical survey methodology.

(c) Using developed methods based on
hybrid approach combining big data with
classical surveys.

(3) Applications for key social
challenges.

The work related to the second objective will allow verifying the assumptions necessary for developing an
appropriate methodology for hybrid use of digital traces data and survey data. On one hand, the idea of this
project is based on a deep objection to the approach rejecting the theoretical reflection and discarding
years of methodological development in social sciences reflected in end-of-theory, end-of-methodology
claims and everyday practice of some of the data scientists (C. Anderson, 2008; Prensky, 2009; Steadman,
2013; Stephens-Davidowitz & Pabon, 2017). On the contrary, we do plan to use and benefit from recent
achievements of measurement theory, survey methodology and related statistical methods that have signifi-
cantly improved the ability to measure wide range of social concepts. On the other hand, we recognize a sig-
nificant, exciting and valuable opportunity to develop complex, wider-scale, more detailed models of human
behaviors using the new data sources that were not available even a couple of years ago (Kitchin, 2014). We
believe that data from search engines, blogs, microblogs, social network platforms could bring valuable
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information only if spatially designed “calibrating” surveys that would bring precision and validity to big data
from search engines, are simultaneously applied. The core of the idea is that we will conduct larger number
of high-density micro surveys (around 20 measurements in 2 years) that will give information about selected
outcomes interesting from a sociological point of view and studied in this project. By having high quality data
from surveys and proper measurement of outcomes under consideration we will build methodology to build
similar measures using our hybrid approach. Unlike previous research on this topic using the data from search
engines or Twitter we will not use solely the most predictive words, but we will use models based on theoretical
assumptions and knowledge obtained from our explanatory research survey, panel and experimental studies.
For instance, referring to search engines data in the explanatory phase we will investigate what are the exact
words used by people to check information about climate change, who is using which words and in what
circumstances the search engines are used. Moreover, we will design “calibrating” surveys (component 2) -
bigger surveys that will monitor population in terms of system and usage drifts (Salganik, 2019) of search
behaviors to make more valid use of search data. Similar methodology has been used in the context of survey
methodology (Chen et al., 2019; Davies, 2018) but we will adapt it to the search data problems. The main aim
of calibration surveys is to estimate socio-economic structure of searching behaviors that could relate volumes
and types of searches to the main segments of population. The goal of this methodological work is to make
digital trace data more useful and reliable for social science researchers by 1) understanding cognitive mecha-
nisms lying on the basis of online behaviors and 2) exploring the nomological network of the socio-psycho-
logical correlates of the online behaviors.

Third objective of this study is to monitor five outcomes of relevance for social research: (1) generalized trust,
(2) political efficacy, (3) general health, (4) attitudes towards migrants, and (5) attitudes towards climate
change and contextual research topics (a) misinformation and (b) polarization of attitudes. High density of big
data combined with precision provided by calibration surveys will allow to examine longitudinal dynamics
and relations between selected outcomes that could not be achieved using the classical survey methodology.
In empirical analysis that will be conducted addressing the third objective high density of digital trace data
will allow to investigate impacts of rare events (e.g. voting days, protests, natural events, news etc.) that could
not be achieved using the classical survey methodology and allow to investigate spatial differences in selected
outcomes.

3.1 Research plan

In the project we will concentrate on two online activities (I) searching information (googling) and (II) using
social media (focusing mostly on Twitter and Facebook). The project consists of three main overlapping re-
search components that will be implemented sequentially. Each of the three components corresponds to three
main objectives, builds on the previous ones and brings new scientific gains. The components constitute a
hierarchical structure that will allow the examination of a series of project goals (see Table 1). All analyses
will be performed in Poland and Polish data. The overview of research plan with the focus on data collection
(each data collection has corresponding analytical phase) was depicted in Table 2 where 9 data collection
activities describe the flow of the project.

Table 2. Overview of research plan (with the focus on data collection, each data collection has correspond-
ing analytical phase).

What Short description Year | Mode Component

(1) Designing and pi- | All instruments will be pre-piloted on small sam- | 1-2 On-line/ | 1,2,3

loting instruments ples (N c. 5%20) off-line

(2) Cognitive inter- Qualitative study on online behaviors (N c. 3x30) | 2-4 Off-line 1,2

views

(3) Experimental stud- | Experimental studies on online behaviors (N ap- 2-3 On-line/ | 1,2

ies prox. 3x200) off-line

(4) Exploratory sur- For examining online behaviors (N ¢. 1500; single | 2 Off-line 1,2

vey representative survey or part of omnibus)

(5) Micro surveys 20 micro surveys — monitoring social outcomes; 3-4 On-line/ | 2,3
part of representative omnibus (N c. 20x 1500) off-line

(6) Calibration survey | Surveys necessary to develop hybrid methodol- 34 On-line / | 2,3
ogy (N c. 3x 400) off-line

(7) Panel study Two-year study (N c. 1500) 34 On-line 1,2,3

(8) Twitter data col- Collecting around 10 million Tweets and annotat- | 3-5 On-line 2,3

lection ing 100k

(9) Facebook data col- | Data collection from Facebook (N c. 4x50) 3-5 On-line 2,3

lection




4. Research methodology

4.1 Component 1: Understanding internet behaviors
The first component will rely mostly on exploratory survey research (4; see Table 2 also for further references
to the data collection) and panel research. That will be preceded by piloting studies (1) and cognitive interviews
(2) that facilitate proper construction of survey tools. We anticipate that, the questionnaire will be composed
of 6 parts:

1) General questions about ways of obtaining various information and knowledge

2) Specific questions about using search engines, social media (using and opinions about them)

3) Questions on digital competencies

4) Questions on attitudes towards migrants, climate change, government, trust and wellbeing (from ESS

and International Social Survey Programme)
5) Questions concerning ethical aspects of using big data and privacy
6) Questions about socioeconomic status and demographic characteristics

The next big empirical component is panel study (7, Table 2) designed for 2 years with multiple measurements
and a missing-by-design plan (Graham et al., 2001; Pokropek, 2011). In this part history of search queries and
social media usage will be collected in a two-fold manner. First, we will ask to use a designed application that
will record searches and social media activities. As it is not realistic to ask respondents to participate in the
research for a whole 2-year period we will use a rotated design where groups of participants will be asked to
use the tracking application during selected weeks per year, in two-week blocks. After each block respondents
will receive an additional short online questionnaire and small gifts and will be eligible to participate in a
lottery with more valuable gifts to increase motivation to participate in the study. Second, we will apply to
search engine providers and social media providers for the full register of their searchers and social media
activities for the whole period of research. This task requires many angles because we want to capture search
behaviors and social media behaviors on different devices (computers, smartphones, smart speakers, etc.) in
different environments (home, work, etc.) and from different providers (Google, DuckDuckGo, etc.). Our ap-
proach is unique, but we will build on previous media audience research that tackle also internet media (Mytton
et al., 2016) and that proved to be successful in this respect.

During the 2 years of panel study, series of experiments (3, Table 2) will be conducted. Respondents will be
asked to obtain different information in different context. This will be conducted with accompanied cognitive
interviews that will allow us to understand the process behind searching practices (Cizek, 2012). In experi-
ments respondents will be asked to search for different pieces of information using different search engines
or/and social media. Different context for information will be provided in different experimental groups (e.g.
searching for providing information, searching for hobby, searching in scenario-based situations, etc.). The
efficiency of searching will be assessed by the outcome of search findings, time and the number of steps re-
quired to obtain information. We will also ask respondents to search using their devices and provided device
without history of searching to assess how personalization of searching algorithms provided by some search
engines influence the searching outcomes. Both respondents that participate in panel study and those out of
the panel sample will participate in a cross-validation in order to check whether participation in the panel study
made any changes in the searching habits.

The first component of the project could be characterized as being low-risk and high-gain. The component will
build on an existing body of methodological knowledge. The proposed research is difficult to implement. It
requires many angles because we want to capture search behaviors on different devices (computers,
smartphones, smart speakers, etc.) in different environments (home, work, etc.) and from different provides
(Google, DuckDuckGo, etc.) but does not go beyond standard survey projects. Experience of Pl who was
working with serval successful cross-sectional studies (PIAAC, PISA) as well serval panel studies (FS2W,
EWD panel) and rich experience of the institution where this project will be realized leaves no doubt that the
proposed tasks will be fully implemented and results the results will make an essential contribution to socio-
logical research.

4.2 Component 2: Developing methodology for hybrid usage of the digital traces and survey data

Main part of the work in this component will be dedicated to establishing proper statistical methodology for
using search data and data from social media and relay on what we learn from component 1 plus form empirical
data collection (points 5,6,7, 8 and 9 in Table 2).



4.2.1 Search data

The present practice of using the volume of search data is rather straightforward and was proved to provide
inaccurate data. Researchers use the index of frequency of single word (e.g. suicide;(Solano et al., 2016)), or
a set of ad hoc terms (Bakker et al., 2016) seldom explaining under what grounds the words were chosen and
very often missing the full list of the terms used. Another approach is to use machine learning algorithms to
choose a set of terms that are most predictive for the outcome under research like in the famous example of
GFT (Ettredge et al., 2005) in which the final set of words was not revealed, either. We will test existing
approaches, but the main task is to build solid methodological grounds for the selection of key terms that will
be further used in the analysis of search data. More specifically we will provide:

1) Evidence-based and theory-driven selection algorithms of search phrases for predicting selected out-
comes.

2) Parametric statistical models for measurement of outcomes that allow for explicit testing of assump-
tions of measurement and thus replacing black-box approach of machine learning tools.

3) Statistical and methodological approaches for handling heterogeneity of population in searching be-
haviors.

The main data collection for the second component is designed to collect a large number of data points (20)
with classical surveys by placing few items in ongoing representative surveys (so-called omnibus surveys that
are regularly conducted to monitor public opinion). Additionally, calibration studies will be conducted to mon-
itor possible drifts in searching behaviors regarding specific topics (Salganik, 2019, pp. 33-37). Those studies
will consist of questions on using search including a retrospective question on searching particular words. For
instance, whether in last week a respondent used search engines for acquiring knowledge about climate change,
security issues, political actors, etc. and in which context. This will allow assessing whether searching of par-
ticular words is invariant across time concerning the aim of measurement that is in this example attitudes
towards climate change, trust or political efficacy. We will also collect information on who searches particular
words to be able to correct estimations for population drifts (changes of socio-economic structure of searchers).
This will be done with the panel respondent. The aim here is to finish with the proper methodology of con-
structing such calibration surveys that could effectively monitor and enhance search data.

To deliver evidence-based and theory driven selection algorithms of search phrases, we will utilize data from
surveys, experiments and cognitive interviews from the component 1. Thanks to this we will know what
phrases are used by searchers for specific problems and this will allow as to use theory-driven indicators. To
cover heterogeneity of possible phrases usage, we will use natural language processing tools already used in
social sciences. Specifically, we will build models based on Word2Vec methodology (Lilleberg et al., 2015)
that will allow to find additional phrases similar to the meanings obtained from the empirical research to in-
crease validity of the study.

To develop parametric statistical models for measurement of outcomes we will apply methodology known as
measurement of latent variables, commonly used in educational and psychological measurement of latent
traits, specifically the Confirmatory Factor Analysis (Brown, 2015). Search data will allow to obtain indexes
of similarity between searched phrases (items). Those might be treated similar to correlations between search
phrases and therefore open a possibility to estimate Confirmatory Factor Analysis (CFA) measurement models
with all the benefits of these models refined for over half a century by researchers interested in measuring
various variables. CFA allows for explicit testing assumptions of measurement like model fit, reliability, meas-
urement invariance (Pokropek et al., 2019), and consequently replacing the black-box approach of machine
learning tools.

To develop statistical and methodological approaches for handling heterogeneity of population in searching
behaviors we will introduce a weighting system that will account for the diversity of modes of internet searches
by different groups of respondents. The exact figures will be learnt from the explanatory survey described in
component 1. This idea is not new in survey statistics (Gelman & Carlin, 2002; Park et al., 2004) but practically
ignored in the context of search engine data.

4.2.2 Twitter Data

Twitter is a microblogging social media platform that allows users to share their thoughts in up to 280 charac-
ters (the average length of a tweet is 33 characters). The content of the tweet may include personal notes,
humor, or opinions on current events, media, behavior, and politics. The short format of tweets encourages
users to update the Twitter account multiple times per day (Java et al., 2007). Twitter represents an incredible
opportunity for researching public opinion (Diakopoulos & Shamma, 2010; Golder & Macy, 2011; Reips &
Garaizar, 2011; Yardi & Boyd, 2010). Research using Twitter data is not new; researchers were previously
using data from Twitter to document changing moods and other sentiments. Twitter research is especially
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popular in political sciences: Jungherr (2016) presented the results of a systematic literature review of 127
studies addressing the use of Twitter in election campaigns. Furthermore, Twitter data have been also used in
relation to health related research: tracking the spread of influenza (Achrekar et al., 2011), gathering infor-
mation on the prevalence of oral health problems (Heaivilin et al., 2011), or investigating mental health (Golder
& Macy, 2011). From an analytical perspective, these studies used text mining approaches, among others,
sentiment analysis which estimates whether a tweet expresses a negative, neutral, or positive affective tone or
topic modeling which analyzes the topic underlying a class of tweets. Therefore, similar techniques to those to
be utilized in this project have been previously used (at least to a major extent), and they have been successful.
However, we are proposing substantial methodological innovations.

Measurement based on data from social media will always be indirect while classical survey tools allow for
direct measurement of opinions, attitudes, feelings, etc. Combining big data indirect measurement of social
media (mainly Twitter in our case) with smaller but direct and precise measurement will open up new possi-
bilities:

1) Evidence-based and theory-driven selection of phrases for predicting selected outcomes.

2) Linking online behaviors and statements (tweets) of certain social groups with characteristics, opin-
ions, knowledge, behavior, and health measured by classical questionnaires (e.g., by examining if
younger males are more critical of the measures, have more or less knowledge, and a lower compliance
with the policy measures using both approaches).

3) Creating more valid indicators of public opinion, behavior, and knowledge based on Twitter data by
relating information in tweets to established measurement instruments of survey methodology.

4) Reweighting Twitter data to be more representative (full reweighting will not be possible due to lim-
ited information about tweets; however, at least gender and age categories could be successfully in-
ferred, e.g., (McCormick et al., 2017)).

5) Cross-validating results based on tweet analysis and classical survey data.

The data extraction will be based on the list of the words connected to the topics. The list of the words con-
nected with the topic will be provided by evidence-based and theory-driven selection of phrases for predicting
selected outcomes as described in part for searching. The lists of the words together with all possible grammar
variations will be prepare. This methodology was previously used to collect data from Twitter (Hanna et al.,
2013). In addition, for each of the languages, we prepared a list of the most popular misspellings and grammar
mistakes to increase coverage of the relevant tweets. A tweet object (from the Twitter API) consists of many
pieces of useful information, such as date of its creation, the unique username of the person posting it, the
count of likes it received, retweets, replies, and most importantly the text, that is, the (usually) most significant
content of the post. The geolocation of the person responsible for creating the tweet is sometimes also availa-
ble, yet from the language of the text (also provided by Twitter API), its country of origin might be deduced
as well. The full list of parameters which are obtainable from a single tweet can be found at developer.twit-
ter.com. Besides the crucial part, i.e., the analysis of the text itself, identification of the user plays also an
important role, enabling us to evaluate how individual emotions change during such an event (do note that the
exact identification of the user is not necessary to measure changes in time, as it is sufficient to know that
certain tweets were produced by the same Twitter account).

In order to facilitate the compilation of annotations of the tweets’ content, the aforementioned portal shall be
used. Approximately 20 persons will be hired to perform this task. We aim to encode 100,000 tweets, with
about 5% of them annotated twice to check for inter-coder reliability. Based on our past experiences, we will
prepare the portal to be both sustainable and efficient and to have a user-friendly interface. Each coder will
have an individual access (via login and password) to the previously described web application, in order to
answer a series of short questions for a random sample of tweets. The annotated tweets will allow us to infer
larger trends, however, to link it to relevant political actions and the development of the pandemic. As a higher
resolution is needed, machine learning tools combined with natural language processing (NLP) will be used to
predict features of tweets that have not been coded.

Deep learning models are a form of neural networks (NN) and perform incredibly well for problems that are
too complex to solve analytically, such as Image Processing, Speech Recognition, or Natural Language Pro-
cessing (NLP) (Schmidhuber, 2015). Solving a NLP related problem consists of two parts: transferring the
language to a form that the machine learning model can process, that is, transforming it into a numerical format,
and then training it. For the first part (the transformation into a numerical format), we will use a technique
called word embedding. Using the most successful word embedding systems such as Word2Vec, Continuous
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Bag-Of-Words (CBOW), and Skip-Gram (SG) as well newer developments (e.g. fasttext, USE, BERTm GPT-
w, GPT-3), we will be able to process the data to be feasible for the training of the machine learning model.
The process of further investigation in terms of emotions in the text, is called sentiment analysis, or opinion
mining (Liu, 2015), which after embedding becomes a task of numerical optimization. We are going to fulfill
this task using machine learning models, especially deep neural networks, in order to predict features of the
tweet content. In this step, the NN learns the relationship between the labeled data and characteristics of the
text. This is mostly utilized using deep variations of Recurrent Neural Networks (RNNs) (Rumelhart et al.,
1986) or Long Short-Term Memory (LSTM) NN, and approaches based on Transformers and Sequence-to-
Sequence Learning methodology due to their capabilities of solving sequence related prediction problems.
Along with the annotations, we will apply a simpler approach to sentiment analysis as a basis for comparison
with the NN solution. This classical method uses keywords expressing specific emotions. This approach was
presented in a well-known article published in Science by (2011), where a list of keywords has been used to
estimate the general mood of people. The measures show good validity, consistent with the effects of sleep
and circadian rhythm (individuals awaken in a good mood that deteriorates as the day progresses). This ap-
proach is, however, a very general indicator of sentiments and has the limitation that the context cannot be
taken into account, for instance, the presence of irony.

4.2.3 Facebook Data

Facebook is the most popular social media platform. It might be treated as distinctive realms in which much
of the human experience now resides and moreover empirical studies shows that the structure of Facebook
networks reflects the structure of real-life social networks (Dunbar et al., 2015). The FB data seems to be
extremally attractive for researcher’s data extraction does not rely on participants’ (possibly biased) memory,
and thus facilitates a more accurate measure of group density and size. Furthermore, FB are rich in content
including: friend requests (sent and received; friend requests accepted (requests to others and requests from
others); sharing content of different types (e.g., web links, photos, etc.); commenting on friends’ content (re-
ceiving and giving); “liked” friends’ content (receiving and giving); private messages (sent and received);
tagging in photographs (tagging others and being tagged); group participation (joining, joining others to a
group, being added by others); hiding friends on the news feed; accessing the site (on a computer, mobile
device, etc.) and friend count. We will explore those data in context of network analysis, misinformation and
polarization of opinions by tracking the diffusion of news (posts) in context of classical social network analysis
focusing on structural cohesion or density of the group (Hanneman & Riddle, 2005). We will also investigate
to what extent FB creates or accentuates an informational filter around individuals such that people only see
ideologically compatible content (Bakshy et al., 2015).

Unlike Twitter, data from Facebook are not generally available for research purposes, but at least two strategies
of obtaining data are possible. In this study the main mode of collecting Facebook data will be by inviting
participants who allow to share their FB data for the purpose of research into the lab. Invited participants will
login into their Facebook account and share their data. Reedy made tools like NetGet (Rieder, 2013) could be
utilized to extract participants’ Facebook data. The application requires participants to log on to their Facebook
accounts, and allows for extraction of Facebook friend names and connections between them, as well as
friends’ genders, age ranks and wall post counts etc. The other way that will be explored is to prepare add-on
applications on FB site and collect data online. When users opt in for such application it allows researchers
access to users’ demographic and behavioral data. and will be explored during the panel research. This how-
ever might be problematic in terms of changes that rapidly comes to FB platform and the data policies. There-
fore, success of this approach might not be guaranteed and in this proposal, it will be explored as additional
possibility.

This component is a high risk but high gain one. It is riskier than component 1 because we are proposing a
novel methodology of measurement. However, the gain is high - providing new methodology that might be
adopted also by other researchers and disciplines. Once again, we believe that the successful track of records
of PI that showed the project could be successful. To facilitate the work on this part of the study we will set up
a panel of experts that will advise the project and monitor the progress in yearly meetings in the form of a
small seminar. For these seminars, we will invite world-class researchers that could share their knowledge and
help to achieve the goals of the project.



4.3 Component 3: Applications for key social challenges

From the substantial perspective we will focus on five outcomes: (1) generalized trust, (2) political efficacy,
(3) general health, (4) attitudes towards migrants, and (5) attitudes towards climate change and to contextual
research topics (a) misinformation and (b) polarization of attitudes.

’ e — ‘ .The'conceptual map of the investigation is presented

in Figure 2. We do not want to focus on the COVID-

Political 19 pandemic in this project (many other projects deal

efficacy with this problem). Of course, we will not escape this
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Figure 1. Map of investigated outcomes complementary information on people’s attitudes,

behavior, knowledge, and health, information that is
useful in understanding social responses to pandemic and policy measures and in helping policymakers to
make more informed decisions and be more prepared for future shocks.

The generalized trust will play a central role in the analysis. Generalized trust corresponds to an “indiscrim-
inate belief in the general benevolence of one’s fellow citizen” (Sturgis et al., 2010) and reflects the “expecta-
tion that other members of the community will behave in a cooperative and honest way”’(Fukuyama, 1995).
To trust others is to believe that strangers will not knowingly hurt us and will consider our well-being when
acting (Barber, 1983; Hardin, 2006). Generalized trust expresses confidence in the benevolent behavior of
others (Delhey et al., 2011). Trust is an expression as well as a determinant of the quality of social interactions
(Borgonovi & Pokropek, 2016). It characterizes social dynamics between an individual at the giving end of
the trust relationship (the person who trusts) and an individual at the receiving end of such a relationship (the
person who is trusted). The trust is an important indicator for modern societies. In societies with high levels of
generalized trust individuals share new ideas and exchange information efficiently, and interact with each other
to overcome collective action problems (Fukuyama, 1995; Ostrom, 2003; Putnam, 1993; Tavits, 2006). Em-
pirical work confirms that generalized trust is an important social and economic resource: it is associated with
economic development, functioning democratic institutions (Algan & Cahuc, 2010; Inglehart, 1997; Putnam,
1993) and political efficacy which is our second outcome variable (M. R. Anderson, 2010). Moreover, inter-
personal trust provides sources of social and psychosocial support by establishing networks on which individ-
uals can rely in times of need and by so doing may foster individual well-being (Kawachi & Berkman, 2001).

Political efficacy is considered as one of the most important factors that sustain and develop successful dem-
ocratic systems (Almond & Verba, 1963; Pateman, 1970). Political efficacy is defined as ‘the feeling that
individual political action does have, or can have, an impact on the political process, i.e., that it is worthwhile
to perform one's civic duties’ (Campbell et al., 1954). Political efficacy is closely associated with political
participation and can be considered a building block of political trust (Valentino et al., 2009).

Generalized trust is known to be positively associated with health status (Islam et al., 2006; Rocco et al.,
2014), the third outcome in our analysis. Interpersonal trust may promote better health by decreasing transac-
tion costs, increasing access to material resources and to health-related information as well as promoting the
development of informal insurance arrangements (Stephens-Davidowitz & Pabon, 2017; Viswanath et al.,
2006). When individuals trust anonymous others, it is easier to reach a consensus out of different group inter-
ests, thus allowing for more efficient interactions (Ostrom, 2003; Putnam, 1993; Tavits, 2006). Poor health is
a major burden for the affected individual, but also for governments. Recent estimates suggest that health
expenditures account for as much as 9% of GDP across OECD countries; in the United States, they represent
as much as 16% of GDP (Indicators, 2005). In our study, we will predict the general health status in surveys
using self-reports (“How is your health these days?”). Self-reported health is an important predictor of mortal-
ity and of the onset of disability and stress levels (Farmer & Ferraro, 1997). Self-reported health measures
have high levels of validity and consistency (Weziak-Bialowolska, 2014).

As indicated earlier relation between trust, political efficacy and health are well documented, however, as
mentioned above, empirical evidence on the direction of the relationships is limited. We expect that additional
evidence from this project will provide additional insights to this issue. Moreover, we want to investigate two
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additional variables, especially important from the political and scientific perspectives: attitudes towards mi-
grants and climate change.

An estimated 4.9 million migrants arrived in the European countries in 2015 (EUROSTAT, 2018) and while
this figure was part of a long and steady upward trend in the share of foreign-born populations residing in
European countries, 2015 figures represented a sudden and sizable increase of over the 4 millions of arrivals
registered in 2014 (EUROSTAT, 2018). Migration flows, particularly sudden increases in the number of new
arrivals, can and did create difficulties for host communities. However, they also represent an opportunity for
countries that face aging native-born populations and the associated threat of labor and skills shortages (OECD,
2018). The ability of societies to withstand the pressures on social cohesion posed by migration flows depends
on the long-term integration of immigrants, which reflects the host community’s capacity to facilitate the set-
tlement of new arrivals as well as immigrants’ own capacity to adapt and become part of both labor markets
and social networks in countries of destinations. Attitudes towards migrants are of crucial importance for host-
ing societies but there is still some missing knowledge about mechanisms that shape attitudes towards mi-
grants. Little is known about relations between attitudes towards migrants and social trust. On the one hand,
conflict theories (Bach & Schraml, 1982) have hypothesized that exposure to ethnic diversity leads people to
withdraw from the social life to the extent that they trust others less. On the other hand, contact theory
(Pettigrew, 1998) postulates that people living in ethnically diverse contexts have more contact with immi-
grants which, in turn, increases trust and improves intergroup relations. Empirical results show that generalized
trust is negatively related to anti-immigrant sentiments, however the relation is very weak and observed on
cross-sectional data (van der Linden et al., 2017). Evidence on the relations between political efficacy and
attitudes to the migration is also very limited. Are anti-immigration attitudes works as catalysator for political
efficacy or just the opposite (Morales & Giugni, 2016)? Similarly, little is known about relation between gen-
eral health and anti-migrant sentiments. Once again two theories (conflict vs. contact) suggest contrary predic-
tions. For people with bad general health, migrants could been seen as a source of help or as an additional
source of competition over social and economic resources (Olzak, 1992).

Another outcome is attitudes toward climate change or climate change awareness. Despite the well-estab-
lished scientific knowledge about the effects of human activities on climate change, public opinion about cli-
mate change and the need for political actions related to global warming is very polarized (Aasen, 2017,
Antonio & Brulle, 2011; Zhou, 2016). One of the biggest problems of modern civilization is far from reaching
a reasonable solution. The problem requires a collective and coordinated response that is strictly related to
consensus in attitudes toward climate change that are aimed to be monitored by detailed longitudinal data
based on the methodology proposed in this project. Dense longitudinal data would allow examining how atti-
tudes towards climate change are related to political actions (e.g. protests), natural events (e.g. heat waves)
and media publication on related topics. Moreover, we want to relate attitudes towards climate change to trust,
political efficacy and general health. There is growing literature about the interrelations between those varia-
bles. It seems that generalized trust shape attitudes toward climate change and pro-active environment behav-
iors (Kaltenborn et al., 2017), while political efficacy is directly related to attitudes towards climate change
and might be an important factor for various sources of information that affects climate change awareness
(Feldman et al., 2017). However, the evidence is limited and mostly based on cross-sectional data, disregarding
temporal dimension. Finally, multiple sources report the impact of climate change on health (Cannon & Perry,
2017), however there is no strong evidence that decreasing health contribute to the climate change (or other
environmental issues like air pollution) and therefore result in more climate change awareness.

Those outcomes will be analyzed in the context of fake news and misinformation. Because of social media
development, every internet user become a broadcaster. The average Twitter user has 707 followers (Smith,
2019) to whom information can be delivered with almost no cost and in no time. The question asked in the
proposal might be phrased: What is the dynamic course of consuming, sharing, and distributing mis/disinfor-
mation (e.g., fake news, conspiracy theories, mis/disinformation) and what is the causal direction between
consuming misinformation and analyzed variables? Prior research suggests that FB users because of news feed
algorithms receive ideologically compatible content (Bakshy et al., 2015). Algorithms of social media favors
information that fits the user’s profile of preferences and withholds information that does not. This results in
so called echo chambers that reinforces the user’s world view, leaving users confident that their own views
and ideologies (Schwarz & Jalbert, 2020). Moreover it was shown that social media could alter perception of
social ties (Eslami et al., 2015), and perceived social capital (Chung et al., 2012) altering the values, attitudes
and opinions (that is the variable under our investigation). The high resolution of big data with its high context
information will allow monitoring variation in those outcomes both on the regional level and across time and
explain the relation with different angles.
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5. Justification for appointing a new research team

Digital and computational sociology is relatively new field. The field is emerging with problems because it
requires advanced technical knowledge to collect, manipulate and analyze big data. Those skills are not being
thought in in social science departments. As the consequences the first wave of studies of online behavior has
been dominated by computer scientists who seldom lack theoretical and methodological knowledge resulting
in doubtful assumptions and meaningless detached from theory results. We believe that social sciences and
sociology in particular should develop means for analyzing such relevant for social theory data. Up to our
knowledge Poland lacks strong (or at least visible) social science teams that would push the field forward. Up
to today only some individual exceptions (Jemielniak, 2019) are exploring the possibilities laying in big data.
Regardless individual successes the field needs long-run solutions to adapt to the era of big data. This project
is an attempt of building a unique teem whose task will be to advance digital data and advance methods to use
online trace data together with survey data and contribute to solving current social problems.

6. Ethical dilemmas

Digital trace data raise challenging ethical and legal questions on how to protect individual privacy. The more
detailed considerations are beyond the scope of this proposal. Here we just want to emphasize that all ethical
questions will be examined carefully during the course of the project and special care and meticulousness will
be applied to actions. The grant proposal, including information on data collection, will be presented and dis-
cussed with the local Ethical Committee. Only after approval of the Ethical Committee research action will
take place.
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