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Abstract 

Parental Digital Behavior (PDB) is usually measured through survey self-reports struggling 

with recall error and social desirability. A promising alternative is the passive collection of 

digital traces, such as website visits, but there is little guidance on transforming traces into 

meaningful measurements of PDB. The present study identifies key analytical decisions 

involved in this methodological process and investigates their impact on research outcomes. 

We obtained approx. 183,000 traces from 800 participants in the Netquest metered panel in 

Spain, including website visits, search terms, and app usage, and classified these traces with 

two Large Language Models (LLMs). Conducting a “multiverse analysis,” we created separate 

PDB measurements for 130 combinations of analytical decisions, and evaluated each 

measurement by estimating the proportion of variance explained through regression models.  

The 130 measurements of PDB differ substantially in terms of their explainability, that is, the 

proportion of explained variance. Some analytical decisions, including the type of trace 

considered (i.e., website visits, search terms, and/or app usage), are systematically associated 

with explainability, and should therefore be made carefully. This study expands the application 

field of metered data to PDB, laying the methodological foundation for a better understanding 

of internet-mediated parental information seeking. By providing novel insights on the 

classification and analysis of different types of traces, it also improves the general 

methodological toolkit for measuring digital behavior.  

 

Keywords: Metered data, Digital trace data, Parental digital behavior, Large Language 
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Introduction 

 

A growing number of (expectant) parents is engaging in Parental Digital Behavior (PDB) by 

turning to websites, search engines, and apps, supplementing traditional information sources, 

such as healthcare professionals (de Rosso et al., 2022; Jaks et al. 2019). PDB is associated with 

real-world parenting, including educational support (Livingstone et al., 2018), decision-making 

in the context of child vaccination (Charron et al., 2020), as well as nutrition and breastfeeding 

(Slomian et al., 2017). In addition, existing gender inequalities in care work (García-Mainar et 

al., 2011) seem to be reinforced in the digital sphere as women tend to engage in more PDB 

than men (Hiebert et al., 2021; Laws et al., 2019).  

Although being increasingly studied, PDB is primarily measured with self-reports 

collected through surveys (Baumann et al., 2020; Lupton & Pedersen, 2016; Yudianto et al., 

2023) that struggle with recall error (Tourangeau et al., 2000), satisficing (Krosnick, 1991), and 

social desirability bias (Neuberger, 2016). A promising alternative is represented by utilizing 

digital traces in the form of metered data (sometimes also called “web tracking data;” Revilla, 

2022). Metered data refers to the collection of traces through tracking applications (so-called 

“meters”) that participants actively install on their browsing devices (e.g., computers, tablets, 

and smartphones), gathering up to three types of traces: website visits (or URLs), search terms, 

and app usage (Bosch & Revilla, 2022a). These traces offer detailed insights into participants’ 

PDB, such as website visits related to fetal development, online searches for infant nutrition, 

and the use of educational apps offering advice for (expectant) parents. 

However, to draw substantial conclusions from metered data, researchers must first 

transform traces into meaningful measurements. This process involves numerous analytical 

decisions, but previous research has primarily focused on the collection of metered data rather 

than their processing and analysis. Thus, there are almost no best-practices yet. To address this 

research gap, we conducted a case study investigating how traces in the form of website visits, 

search terms, and app usage can be transformed into meaningful measurements of PDB. To this 

end, we obtained metered data alongside survey self-reports on (expectant) parenthood from 

800 panelists of the Netquest metered panel in Spain in 2023 and 2024. The field period lasted 

up to 24 weeks. We systematically investigate how key analytical decisions, such as the type 

of trace considered, influence the explainability of PDB measurements, defined as the 

proportion of variance explained through regression models. Drawing on our empirical 

examinations, we derive evidence-based recommendations for future studies utilizing metered 

data.  

 

Background and literature review 

 

Opportunities and challenges of metered data 

 

Metered data is increasingly being used to study various types of digital behavior, such as 

smartphone usage (Wenz et al., 2024), news and media consumption (Wirz et al., 2025), 

searches for health information (Bach & Wenz, 2020), online job searches (Ochoa & Revilla, 

2025a), and ChatGPT adoption (Ochoa et al., 2026). While the measurement of PDB, to the 
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best of our knowledge, is still uncharted territory with respect to metered data, it offers several 

advantages over survey self-reports: Metered data allows researchers to measure PDB directly 

and in unprecedented granularity, avoiding recall error (Revilla et al., 2017; Wenz et al., 2024). 

Since participants install the meter only at the beginning of data collection, metered data may 

also reduce response burden and satisficing behavior (Revilla, 2022; Revilla et al., 2021). 

Societal norms and values related to parenting (Lee, 2023) represent another key point, 

potentially resulting in overreporting of PDB. In contrast to survey self-reports, metered data is 

less prone to social desirability bias because sensitive information is collected unobtrusively 

(Keusch et al., 2023).  

Nonetheless, research on the collection of metered data (Adam et al., 2025; Revilla et al., 

2017) points to potential error sources, such as non-participation bias (Keusch et al., 2022; 

Revilla et al., 2021) that may differ between countries (Revilla et al., 2016). In addition, 

previous research has identified tracking undercoverage (Bosch et al., 2025; Gonzáles-Bailón 

& Xenos, 2023; Ochoa & Revilla, 2025a) and device sharing (Revilla et al., 2017) as key error 

sources: When measuring PDB, participants may not install a meter on certain browsing devices 

(i.e., tracking undercoverage), resulting in an underestimation of PDB. Conversely, participants 

may jointly use a specific browsing device with their partner (i.e., device sharing), resulting in 

an overestimation of individual-level PDB. According to the error framework by Bosch and 

Revilla (2022a), the previously discussed error sources affect both the measurement of the 

concept of interest as well as the representation of the population of interest.  

 

Transforming traces into measurements 

 

The process of transforming traces into measurements of digital behavior has received far less 

attention than the mere collection of traces (see, for exceptions, Bosch, 2023; Ochoa & Revilla, 

2025a; Ochoa & Revilla, 2025b; Reiss, 2023; von Hohenberg et al., 2024). Crucially, existing 

research points at numerous analytical decisions that researchers must make when analyzing 

traces in the form of metered data (Bosch, 2023).  

 

Type of trace considered 

 

First, researchers need to determine what type of trace the concept of interest produces (i.e., 

website visits, search terms, and/or app usage). It is plausible to assume that PDB produces all 

three types of traces, so that not considering one of these types would result in specification 

error (Bosch & Revilla, 2022a). A related consideration is the ambiguity of traces (Freelon, 

2014; Hölzl et al., 2025) which may vary between types of traces. For example, conducting an 

online search on pregnancy-related health information must not necessarily be a representation 

of PDB, but could be motivated by having a pregnant friend or simply being interested in the 

topic, among various other reasons. In contrast, using a pregnancy-tracking app might be less 

ambiguous because apps require a higher initial effort (by actively downloading the app; 

Moungui et al., 2024). Consequently, specification error and different levels of ambiguity may 

cause metered data measurements to depend on the types of traces researchers consider.  
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Filtering, gathering, and classification of traces 

 

For each type of trace considered, researchers need to identify traces that are relevant to the 

concept of interest. This can be achieved by specifying traces before data collection (i.e., a 

priori filtering; Bosch, 2023; Bosch & Revilla, 2022b) and/or classifying traces after data 

collection (i.e., post hoc classification; Reiss, 2023). The former approach adheres to the 

research ethical principle of “data minimization” (Adam et al., 2025) and possibly alleviates 

participants’ privacy concerns (Makhortykh et al., 2022), as only traces that are (potentially) 

related to the study purposes are collected. Given that metered data can contain highly sensitive 

traces, such as website visits related to adult content (Martinez-Serra & Cardenal, 2025), this is 

a particularly important consideration. The creation of exhaustive lists of websites, search 

terms, and apps related to a concept of interest is often impossible, so that filtering can also be 

based on keywords (Sen et al., 2021). For example, as in the present study, researchers may 

specify that website URLs and search terms containing the term “pregnant” are to be collected. 

However, this likely results in a considerable amount of “bycatch,” such as news articles about 

pregnant celebrities. Relatedly, many research questions require fine-grained measurements 

that cover different dimensions of the concept of interest (e.g., health-, education-, and 

entertainment-related PDB), going beyond the granularity of pre-defined lists and keywords. 

Other studies do not apply any filtering at all, so that full metered data is collected.  

In such cases, traces must be (additionally) classified post-hoc, but the high volume of 

metered data typically renders the application of manual, human-based coding inefficient. 

Consequently, researchers primarily employ automated classification approaches. For example, 

several studies rely on the Webshrinker API (https://webshrinker.com/) to classify websites 

(Bach & Wenz, 2020; Kirkizh et al., 2024; Kulshrestha et al., 2021). Although Webshrinker is 

easy to implement, it is rather costly, does not cover search terms and apps, and requires 

researchers to use a pre-existing category scheme (von Hohenberg et al., 2024). Supervised 

machine learning models tailored to the concept of interest, in contrast, require a substantial 

amount of annotated data (Reiss, 2023) and often struggle to generalize beyond their training 

data. For example, in a recent study by van Hoof et al. (2025), contemporary machine learning 

models only identified between 28 and 67 percent of political and news-related search terms.  

In light of these limitations, a more recently developed approach is represented by Large 

Language Models (LLMs) that are pre-trained on vast amounts of data and can be used without 

further task-specific training (Chae & Davidson, 2026). Previous research underscores the 

potential of LLMs when it comes to text-based classification tasks (Than et al., 2025). As 

different LLMs result in different classification outcomes, the LLM choice, including parameter 

settings such as temperature, represents a key analytical decision. In addition, some studies 

point at a rather low agreement between LLM-based classifications and manual, human-based 

coding (Revilla et al., 2026; von der Heyde et al., 2025), raising the question to what extent 

LLM-based classifications are in line with human judgement. 

 

Dimension of the concept of interest 

 

https://webshrinker.com/
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Researchers must also decide what dimension of the concept of interest they focus on. In the 

present study, we may create a single measurement of overall PDB as well as several 

measurements of more fine-grained dimensions, such as health-, education-, or entertainment-

related PDB, having two important implications. First, at the trace level, measuring overall PDB 

would result in a binary classification task (i.e., PDB or no PDB), whereas measuring different 

dimensions of PDB would result in a multi-class classification task (e.g., health-, education-, or 

entertainment-related PDB). LLMs may perform differently for these two types of classification 

tasks (Kostina et al., 2025). Second, some dimensions, such as education-related PDB, might 

be particularly ambiguous. For example, learning websites and school information are not 

exclusively accessed by parents, but also by teachers, private tutors, and adult learners.  

 

Aggregation rule 

 

Finally, researchers are usually left with a dataset in long format, containing a high number of 

classified traces per participant. To transform these traces into measurements, researchers have 

to apply an aggregation rule. Specifically, depending on their research question, researchers 

may calculate the frequency or duration of traces within a particular category (e.g., health-

related PDB). In addition, researchers may create absolute or relative measurements. For 

example, visiting 200 websites per week, including 20 websites classified as health-related PDB 

(absolute frequency), would result in a relative frequency of 10%. Importantly, previous 

research indicates that metered data measurements are sensitive to different aggregation rules 

(von Hohenberg et al., 2024). 

 

Research questions and contributions 

 

The present study aims to expand the application field of metered data to the measurement of 

PDB, while shedding light on the methodological process of transforming traces into 

measurements of digital behavior. To this end, we conducted a “multiverse analysis” (Steegen 

et al., 2016) by systematically varying four key analytical decisions: type of trace considered 

(i.e., website visits, search terms, and/or app usage), LLM employed for classification (i.e., 

Llama 3.2 3B or Mistral 7B), dimension focused on (i.e., overall PDB or specific dimensions 

of PDB), and aggregation rule applied (i.e., absolute or relative frequency and duration). We 

created separate measurements for all combinations of these analytical decisions and evaluated 

each measurement in terms of its explainability. Importantly, we define explainability as the 

adjusted R2 values of a series of theoretically informed regression models, with the PDB 

measurements as dependent variables. These models included independent variables related to 

self-reported (expectant) parenthood, sociodemographic characteristics, and potential errors in 

the metered data. We investigate the following research questions:  

 

How does the explainability of PDB measurements differ between different … 

… types of traces considered? (RQ1) 

… LLMs employed for classification? (RQ2) 

… dimensions of PDB focused on? (RQ3) 

… aggregation rules applied? (RQ4) 
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Overall, this study makes a two-fold contribution to the current state of research. First, it 

introduces a new application field for metered data, expanding the methodological toolkit 

available to social and behavioral scientists who study PDB. Second, it fills a gap in the 

methodological research on metered data, as it critically evaluates the impact of analytical 

decisions on research outcomes, deriving empirical-driven best practices. In doing so, our study 

contributes to the broader debate about the opportunities and challenges of digital trace data 

when it comes to measuring digital behavior.  

 

Method 

 

Data collection 

 

We utilized data from the non-probability Netquest metered panel (https://netquest.com) in 

Spain. Panelists install a meter on at least one browsing device, collecting the URLs and 

timestamps of website visits and search terms. On mobile devices, the meter also collects data 

on app usage, which, in the present study, includes information on when and how long a specific 

app was used. To select participants for the present study, Netquest utilized the information of 

periodically conducted web surveys, including self-reports on (expectant) parenthood. 

Whenever possible, Netquest selected participants who fulfilled specific quality criteria (e.g., 

actively sharing traces every day). As the present study is part of a larger project, which aims 

to address various research questions, we drew two separate samples: One on expectant 

parenthood and one on parenthood. Importantly, this approach ensures that our study is based 

on participants in different stages of (expectant) parenthood. Both samples also contain 

participants who are not (expectant) parents, serving as a benchmark. 

The first sample (N = 400; expectant parenthood sample) includes participants expecting 

a baby and participants not expecting a baby. To this end, Netquest leveraged the survey self-

reports to identify all 166 participants in their panel expecting a baby. Based on their 

characteristics, Netquest created a matching sub-sample in terms of gender and age consisting 

of 234 participants not expecting a baby. Importantly, Netquest did not consider survey self-

reports on parenthood when selecting participants for the expectant parenthood sample. 

Consequently, the sample includes participants with children of all ages (i.e., between 0 and 18 

years as well as adult children).   

In contrast, the second sample (N = 400; parenthood sample) includes participants having 

children up to the age of 12 years and participants having only adult or no children. Netquest 

again leveraged the survey self-reports, randomly selected 200 participants having children up 

to the age of 12 years, and created a matching sub-sample consisting of 200 participants having 

only adult or no children. Both samples were drawn in the previously described order, so that 

there are no duplicate participants.  

Over a 24-week (expectant parenthood sample) and 12-week period (parenthood sample) 

in 2023 and 2024, Netquest extracted participants’ metered data. For two participants, the data 

extraction period already started in 2021 and 2022, respectively, to increase the number of 

participants expecting a baby. The study was reviewed by an external ethics advisor and 

received approval. In addition, the study is part of a broader project which was approved by the 

https://netquest.com/
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ethics committee of University Pompeu Fabra. Due to the sensitivity of the data, we employed 

a filtering approach, following the research ethical principle of “data minimization” (Adam et 

al., 2025). Specifically, we specified lists of websites, URL keywords, search terms, and apps 

potentially related to (expectant) parenthood, serving as the basis for data extraction. To gather 

relevant websites, we utilized multiple sources, including a web directory (i.e., 

https://www.curlie.org), website ranking (https://www.tranco-list.eu), as well as manual 

Google searches and the inspection of an existing metered dataset. To complement these 

sources, we instructed Netquest to extract all visits to websites whose URL contained at least 

one of 27 pre-specified keywords, including “baby,” “pregnant,” and “child.” To create a list 

of search terms, we started with a set of general keywords (e.g., “pregnancy,” “newborn,” and 

“baby”), retrieved related search terms from Google Trends (https://trends.google.com), and 

enriched this list through collaborative brainstorming in our research team. Apps were collected 

by utilizing the data analysis platform UPUP (https://www.upup.com), allowing us to browse 

the top-ranking apps in Google’s and Apple’s app stores. 

In total, Netquest extracted approx. 183,000 traces. In addition, Netquest provided us with 

the total number of website visits, search terms, and app usages, respectively, as well as their 

aggregated overall duration per participant, so that we could estimate the prevalence of PDB 

relative to participants’ overall digital behavior.  

 

LLM-based classifications 

 

Our filtering approach resulted in a considerable amount of “bycatch,” requiring further 

classification. We utilized the two open-weight LLMs Llama 3.2 3B (Meta, 2024) and Mistral 

7B (Mistral AI, 2023) since they are frequently employed for text classification (Chae & 

Davidson, 2026; Christodoulou, 2024; Ei & Yongsiriwit, 2025; Mahajan & Rangaswamy, 

2024) and can be deployed without any data sharing. The performance of LLMs heavily 

depends on the specific task (e.g., text classification), setting (e.g., temperature), and prompt 

design (e.g., few-shot). Therefore, we cannot say much a priori about the relative performance 

of Llama and Mistral.  

The classification of websites was based on the text included in the URL. In addition, 

whenever possible, we scraped the URL’s HTML title using the Selenium WebDriver 

(www.selenium.dev) in Python. As websites are constantly updated, it is often difficult to 

scrape URLs retrospectively (Dahlke et al., 2025). Therefore, we instructed both LLMs to 

prioritize the URL information to account for missing titles and potential discrepancies between 

the URLs and titles. The classification of search terms was simply based on their textual 

content. Finally, we scraped the apps’ description texts from Google’s and Apple’s app stores, 

and we manually retrieved the store category for each app, so that the classification of apps was 

based on their names, store categories, and descriptions. We removed duplicate traces, so that 

each unique website (n = 56,822), search term (n = 11,309), and app (n = 115) was classified 

only once. 

Our classification scheme was developed based on the metered data rather than using 

preconceived categories. The initial classification scheme consisted of seven substantive 

categories and an eighth category for unrelated traces, serving as the basis for the LLM-based 

https://www.curlie.org/
https://www.tranco-list.eu/
https://trends.google.com/
https://www.upup.com/
http://www.selenium.dev/
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classifications: (1) Health (e.g., information on child and/or maternal health), (2) General (e.g., 

general child- and/or pregnancy-related information and support), (3) Social services (e.g., 

information on child benefits and parental leave), (4) Products (e.g., child- and/or pregnancy-

related products), (5) Entertainment (e.g., TV shows, games, and music for children), (6) 

Education (e.g., learning websites and school information), (7) Activities (e.g., information on 

family trips and vacation with children), (8) Unrelated (e.g., news articles about pregnant 

celebrities). Based on these categories, we developed few-shot prompts for instructing Llama 

and Mistral. Although all prompts are based on the same eight categories, we tailored them to 

the respective task of classifying websites, search terms, and apps by including examples. The 

LLMs were operated on a secure university server through the Python library Ollama 

(https://github.com/ollama/ollama-python), using PyCharm Professional (version 2024.3). 

Following van Hoof et al. (2025), we deployed both LLMs with a temperature setting of 0.2. 

Importantly, to ensure that all categories are sufficiently prevalent in the metered data, we 

aggregated the initial categories into four top-level categories (or PDB dimensions) and a fifth 

category for unrelated traces. This final category scheme served as the basis for our analysis: 

(1) Health, (2) General, social services, activities, (3) Products, (4) Entertainment, education, 

(5) Unrelated.  

As a quality assurance measure, a Spanish native speaker coded a randomly selected 

subset of 1% of the unique websites (n = 568), 5% of the unique search terms (n = 565), and 

100% of the unique apps (n = 115), using the same initial classification scheme as the LLMs. 

The subset size was chosen based on time and budget constraints. After aggregating the manual 

codings into the final category scheme, containing the five categories outlined above, we 

calculated Cohen’s kappa. Following the interpretative labels by Landis and Koch (1977), the 

results indicate an almost perfect agreement regarding apps (Llama = 0.82; Mistral = 0.91), 

moderate agreement regarding search terms (Llama = 0.60; Mistral = 0.49), and fair to moderate 

agreement regarding websites (Llama = 0.52, Mistral = 0.34).  

 

Analytical strategy 

 

To examine our research questions on the explainability of PDB measurements (RQ1 to RQ4), 

it is essential to evaluate these measurements based on a sample with high variance in 

(expectant) parenthood. Therefore, we combined the expectant parenthood sample and 

parenthood sample (N = 800), allowing us to assign each participant a “profile” based on their 

youngest (unborn) child (if applicable): expectant parent, child between 0 and 2 years, child 

between 3 and 12 years, child between 13 and 17 years, or no (expectant) parent (including 

those having only adult children). This profile assignment was informed by participants’ survey 

self-reports.  

In total, we systematically varied four analytical decisions that are reported in Table 1: 

type of trace considered (RQ1), LLM employed (RQ2), dimension of PDB focused on (RQ3), 

and aggregation rule applied (RQ4). These analytical decisions resulted in 160 possible 

combinations, constituting our measurements (or dependent variables). However, we could not 

create 30 measurements that combine a single type of trace with relative frequency, as we lack 

disaggregated information on the duration of participants’ overall website visits, search terms, 

https://github.com/ollama/ollama-python
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and app usage, respectively. For the remaining 130 measurements, we estimated linear 

regression models with the measurements as dependent variable and three blocks of 

independent variables.  

First, we included dummy variables for participants’ profile: expectant parent (1 = Yes), 

child between 0 and 2 years (1 = Yes), child between 3 and 12 years (1 = Yes), and child 

between 13 to 17 years (1 = Yes), with no (expectant) parent as reference. Relatedly, drawing 

on participants’ survey self-reports, we included a dichotomous variable indicating whether 

participants have experienced a previous parenthood (1 = Yes), as well as another dichotomous 

variable indicating whether the assigned profile applies to participants’ complete data extraction 

period (1 = Yes). Second, to control for standard sociodemographic characteristics, we included 

age (in years), female (1 = Yes), as well as medium (1 = Yes) and high education (1 = Yes) 

with low education as reference. Importantly, as existing studies indicate that women tend to 

engage in more PDB than men (Hiebert et al., 2021; Laws et al., 2019), we also included 

interaction terms between female and the dummy variables for participants’ profile. Finally, we 

controlled for potential errors in the metered data by including a proxy variable for tracking 

undercoverage (1 = Yes). To this end, we used participants’ survey self-reports on whether 
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Table 1. Overview of all analytical decisions that were systematically varied 

Type of trace considered LLM employed Dimension of PDB focused on Aggregation rule applied 

- All three types - Llama - Overall - Absolute frequency 

- Website visits only - Mistral - Health - Absolute duration 

- Search terms only  - General, social services, activities - Relative frequency 

- App usage only  - Products - Relative duration 

  - Entertainment, education  

Note. Overall PDB was created by aggregating the four substantive top-level categories below. The fifth category for unrelated traces is not displayed 

because it does not represent a substantial dimension of PDB. In total, the analytical decisions resulted in 160 unique combinations (or measurements), 

of which 130 measurements could be empirically realized.  
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they frequently use a computer, smartphone, and tablet to connect to the internet, respectively, 

as well as paradata on participants’ meter-equipped devices. Following Bosch et al. (2025), 

tracking undercoverage (1 = Yes) was then defined as self-reporting the use of at least one 

device type on which no meter is installed. Importantly, this is only a proxy variable, since 

participants provided information on whether they use a specific device type, but not on the 

number of devices. In addition, we included a numeric variable on participants’ relative activity 

(in percent), indicating the number of days (relative to the length of the data extraction period), 

on which participants actively shared any traces. In doing so, we controlled for the fact that 

some participants may circumvent the installed tracking application by, for example, employing 

the incognito mode of their browser (Bosch & Revilla, 2022).  

By examining the adjusted R2 values of the 130 regression models, we determined the 

proportion of variance of each measurement that can be explained by the independent variables, 

representing our explainability measure. Since there is no gold-standard or benchmark for 

measuring PDB, we followed the notion that high-quality measurements of PDB should be 

(partially) explainable through theoretically associated variables, such as whether participants 

are (expectant) parents or not. 

Drawing on the explainability measure, we investigate RQ1 to RQ4 in three consecutive 

steps. First, we visualize differences in the explainability of PDB measurements by plotting a 

bar chart with the 130 measurements on the x-axis and their adjusted R2 values on the y-axis. 

Second, we present the ten measurements with the lowest adjusted R2 values as well as the ten 

measurements with the highest adjusted R2 values to show which combinations of analytical 

decisions have the lowest (and highest) explainability. Third, we present the results of a linear 

regression model using the 130 measurements as observations, their adjusted R2 values as 

dependent variable, and the four analytical decisions as independent variables. This analysis 

allows us to identify systematic patterns between the analytical decisions under investigation 

and explainability across all 130 measurements. All analyses were performed in RStudio 

(version 2024.04.1). 

 

Results 

 

In the first step, we examine the explainability of the PDB measurements across all 

combinations of analytical decisions. To this end, Figure 1 shows a bar chart displaying the 

adjusted R2 values of all 130 measurements, which are ordered from their lowest to highest 

value and categorized into quartiles. Overall, the adjusted R2 values range between -0.01 and 

0.19, and the first three quartiles do not exceed a value of 0.05. This indicates that the majority 

of measurements exhibits rather low explainability. Compared to the other quartiles, the fourth 

quartile shows by far the largest differences with adjusted R2 values ranging between 0.05 and 

0.19. In total, ten measurements reach adjusted R2 values above 0.10. Importantly, the notable 

differences between the measurements indicate that the analytical decisions under investigation 

have a substantial impact on research outcomes, warranting closer examination. 
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Figure 1. Adjusted R2 values of all 130 realized PDB measurements 

Note. Measurements are ordered from lowest to highest adjusted R2 value (i.e., #1 to #130). Bars are colored according to their measurement’s quartile, 

ranging from dark grey (1st quartile) to light grey (4th quartile).  
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In the second step, Table 2 shows the ten measurements with lowest and highest 

explainability, respectively, alongside their combinations of analytical decisions. Looking at 

the measurements with the lowest explainability, it is to observe that combinations including 

All three types (4/10) and Website visits only (4/10) are overrepresented, whereas combinations 

including App usage only do not occur at all (0/10). When it comes to the LLM employed, 

combinations with Mistral (8/10) occur more often than their counterparts with Llama (2/10). 

Furthermore, with respect to the dimension of PDB focused on, combinations including 

General, social services, activities seem to be overrepresented (6/10), and combinations 

including Health do not occur at all (0/10). Finally, all four aggregation rules are represented 

among the ten combinations, without any striking differences.  

Now turning to the ten measurements with the highest explainability, combinations 

frequently include App usage only (8/10) but not Website visits only (0/10) or Search terms only 

(0/10). In contrast, both Llama and Mistral are included in the same number of combinations 

(5/10). There are also five pairs of identical combinations that only differ in the LLM employed, 

suggesting that the two LLMs may be at least partially interchangeable in the context of our 

measurements. However, with regard to the dimension focused on, Table 2 paints a different 

picture: The eight measurements with the highest explainability are exclusively based on 

combinations including Health, whereas the other dimensions do not occur at all, except for 

Overall (2/10). Finally, each aggregation rule is represented in two combinations, except for 

Absolute frequency, which is slightly overrepresented (4/10).  

In the third step, to examine these patterns across all 130 measurements, we report the 

results of a linear regression model using the measurements as observations, their adjusted R2 

values as dependent variable, and the analytical decisions as independent variables. Figure 2 

shows the results. In line with our previous analysis, the analytical decisions under investigation 

differ in their impact on explainability, except for the LLM employed (see Figure 2). 

Specifically, regarding the type of trace considered (using All three types as reference), App 

usage only is positively associated with explainability. With respect to the dimension of PDB 

focused on (using Overall as reference), General, social services, activities as well as 

Entertainment, education are negatively associated with explainability, whereas Health is 

positively associated with explainability. Furthermore, when it comes to the aggregation rule 

applied (using Absolute frequency as reference), Relative frequency and Relative duration are 

positively associated with explainability. In contrast, the LLM employed is not significantly 

associated with explainability.  
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Table 2. PDB measurements with lowest and highest explainability alongside their combinations of analytical decisions 

Note. Adj. R2 = Adjusted R2 value. Measurements are ordered from lowest to highest R2 value, and only the ten measurements with the lowest (#1 to 

#10) and highest explainability (#121 to #130) are displayed. 

 Type of trace considered LLM employed Dimension of PDB focused on Aggregation rule N Adj. R2  

Lowest explainability       

#1 Search terms only Mistral 7B Products Absolute duration 732 -0.01 

#2 All three types Mistral 7B General, social services, activities Relative duration 765 -0.01 

#3 Search terms only Mistral 7B Overall Absolute duration 732 -0.01 

#4 Website visits only Mistral 7B Entertainment, education Absolute duration 752 -0.01 

#5 Website visits only Llama 3.2 3B General, social services, activities Absolute frequency 752 -0.01 

#6 Website visits only Mistral 7B General, social services, activities Relative frequency 752 -0.01 

#7 All three types Llama 3.2 3B Products Relative duration 765 0.00 

#8 Website visits only Mistral 7B General, social services, activities Absolute frequency 752 0.00 

#9 All three types Mistral 7B General, social services, activities Relative frequency 765 0.00 

#10 All three types Mistral 7B General, social services, activities Absolute frequency 765 0.00 

Highest explainability       

#121 App usage only Mistral 7B Overall Absolute frequency 745 0.11 

#122 App usage only Llama 3.2 3B Overall Absolute frequency 745 0.11 

#123 All three types Llama 3.2 3B Health Relative duration 765 0.12 

#124 App usage only Llama 3.2 3B Health Relative frequency 745 0.12 

#125 All three types Mistral 7B Health Relative duration 765 0.12 

#126 App usage only Mistral 7B Health Relative frequency 745 0.13 

#127 App usage only Llama 3.2 3B Health Absolute frequency 745 0.14 

#128 App usage only Mistral 7B Health Absolute frequency 745 0.14 

#129 App usage only Llama 3.2 3B Health Absolute duration 745 0.19 

#130 App usage only Mistral 7B Health Absolute duration 745 0.19 
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Figure 2. Linear regression model with the adjusted R2 values as dependent variable 

Note. Black dots = unstandardized coefficients. Black horizontal lines = 95% confidence intervals. N = 130 (i.e., number of measurements realized). 

The four analytical decisions were included as dummy variables, and the reference category is shown in parentheses, respectively. 
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Discussion and conclusion 

 

The aim of this study was to investigate how traces in the form of website visits, search terms, 

and app usage can be transformed into meaningful measurements of PDB. To this end, we 

obtained up to 24 weeks of metered data alongside survey self-reports on (expectant) 

parenthood (N = 800) from Netquest’s metered panel in Spain. By systematically varying the 

type of trace considered, LLM employed for classification, dimension of PDB focused on, and 

aggregation rule applied, we examined the impact of four key analytical decisions on the 

explainability of the measurements created. 

Overall, we found that explainability differs considerably between PDB measurements. 

Across all 130 measurements (or combinations of analytical decisions), the adjusted R2 values 

range between -0.01 and 0.19, and only ten measurements reach values above 0.10. These 

results suggest that the analytical decisions under investigation directly affect research 

outcomes and should therefore be made carefully. In other words, if researchers select arbitrary 

combinations of analytical decisions, there is a high risk of creating measurements with low 

explainability, threatening the validity and reproducibility of substantial results. We thus urge 

researchers analyzing digital trace data, such as metered and donated data, to document all 

analytical decisions made and, whenever possible, conduct robustness checks with alternative 

combinations of analytical decisions.  

Importantly, the analytical decisions under investigation, except for the LLM employed, 

are systematically associated with explainability. Specifically, measurements based on App 

usage only are associated with higher explainability. One possible explanation is that website 

visits and search terms are more ambiguous than app usage, and that explainability is reduced 

by traces that appear to be PDB-related but are actually caused by other reasons, such as having 

a pregnant friend. Apps, in contrast, do not only require an active download, but are often 

tailored to specific target groups, such as expectant parents monitoring maternal and fetal health 

(Alsebayel et al., 2024). Consequently, participants who are not part of the app’s explicit target 

group may see no reason to use such an app. However, this presumption lacks empirical 

evidence and needs further, more refined investigation. For example, it would be worthwhile to 

conduct additional qualitative interviews with participants to ask them about the context of 

selected traces (Gajardo et al., 2026). 

When it comes to the dimension of PDB focused on, we found that Health is positively 

associated with explainability, whereas General, social services, activities and Entertainment, 

education are negatively associated with explainability. As for the type of trace considered, this 

may suggest that some dimensions of PDB are characterized by higher ambiguity. Particularly, 

General, social services, activities and Entertainment, education are comparatively broad 

dimensions encompassing a large variety of traces that can be interpreted in different ways. For 

example, website visits or online searches related to learning websites and school information 

must not necessarily be representations of PDB, as teachers, private tutors, and adult learners 

might access such content as well. At the same time, the positive association between Health 

and explainability is striking, given previous research showing that health information is often 

searched on behalf of others (Bernhörster & Reifegerste, 2025; Cutrona et al., 2015). Thus, to 

shed light on the mechanisms behind these associational patterns, we urge future studies to 
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collect additional contextual survey self-reports alongside metered data, such as questions on 

whom online information is typically searched for.  

Turning to the aggregation rule applied, we observed that Relative frequency and Relative 

duration are positively associated with explainability. Relative measurements may result in 

higher explainability than absolute measurements because they account for the extent to which 

participants’ digital behavior is actually collected through the meters installed. Put differently, 

some participants may deactivate the meter or employ their browser’s incognito mode (Bosch 

& Revilla, 2022a) when, for example, searching for sensitive health information related to 

(expectant) parenthood. Since this would also reduce the overall digital behavior measured, 

relative measurements (partially) correct for the missing traces, whereas absolute measurements 

would underestimate PDB. Some research questions, such as those concerning exposure to 

health information, may require absolute measurements. Nevertheless, whenever possible, we 

strongly recommend that future researchers consider the creation of relative measurements 

when choosing an aggregation rule or conducting robustness checks.  

In contrast to the other analytical decisions, the LLM employed was not associated with 

explainability, so that Llama and Mistral appeared at least partially interchangeable in the 

context of our measurements. Further analysis suggests that the two LLMs produced different 

classifications for about 40% of the unique traces. According to our results, these may not 

constitute systematic, but rather random differences that could possibly be attributed to the wide 

variety of possible interpretations of a given trace. However, these results should be interpreted 

cautiously as they are based on only two (open-weight) LLMs with comparatively small 

parameter sizes. Future studies should investigate the performance of other (proprietary) LLMs, 

including those with larger parameter sizes, such as GPT-5 (OpenAI, 2025). 

Our study has methodological limitations, providing avenues for future research. First, 

we evaluated our PDB measurements by examining their explainability, but even our “best” 

measurement did not surpass an adjusted R2 value of 0.19. The non-adjusted R2 values reveal 

that the independent variables of our regression model could explain 21% of the best 

measurement’s variance, leaving 79% unexplained. This could be due in part to unexplained 

variance within the (expectant) parenthood profiles. For example, some (expectant) parents may 

engage in forms of PDB that usually occur within apps and are thus not covered by our metered 

data approach, such as interacting in social media groups (Frey et al., 2022), watching YouTube 

videos (Knight et al., 2017), and seeking information through LLM-based chatbots (e.g., 

ChatGPT; Erol & Erol, 2026). The available survey self-reports indicated only the presence or 

absence of (expectant) parenthood and did not differentiate between (expectant) parents 

engaging in different forms of PDB. This may have limited the explanatory power of the 

regression models. To overcome this methodological limitation, future studies should collect 

direct and more fine-grained survey self-reports on PDB. In addition, to increase the coverage 

of PDB measurements, it would be worthwhile to supplement metered data with platform- and 

app-specific data donations (Boeschoten et al., 2022).  

Second, and related to the previous point, Netquest identified a sufficient number of 

participants from the “no expectant parent,” “parent,” and “no parent” profiles, so that their 

selection was based on quality criteria, such as actively sharing traces on all days of the data 

extraction period. This was not possible for participants with the “expectant parent” profile, 
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requiring a full selection. As a result, these participants had fewer active meters. Although we 

included a proxy variable for tracking undercoverage as well as a variable on participants’ 

relative activity in our regression models, this may not fully restore comparability, further 

reducing the explanatory power of our regression models.  

Third, as we followed the research ethical principle of “data minimization” (Adam et al., 

2025), metered data was pre-filtered based on lists of websites, URL keywords, search terms, 

and apps. However, these lists are not exhaustive, that is, they do not include all existing traces 

that are related to (expectant) parenthood. To examine whether and to what extent this affects 

our substantial results, it would be necessary to replicate our analyses, including the LLM-based 

classifications, based on an unfiltered metered dataset.  

Finally, our study is limited by the general shortcomings of metered data. On the one 

hand, the metered panel used is highly selective. For example, a study by Revilla et al. (2021) 

found that male and younger participants are more likely to participate in the panel. On the 

other hand, our study is limited by tracking undercoverage and device sharing. We were able 

to partially control for tracking undercoverage in our regression models, but this was not 

possible for device sharing. In sum, our results may not generalize to the general internet 

population.   

Overall, our study demonstrates the complexity of creating meaningful metered data 

measurements by highlighting the impact of various analytical decisions on research outcomes. 

In doing so, we lay the methodological foundation for future researchers utilizing metered data 

to, for example, investigate gender or socioeconomic differences in PDB. Importantly, the 

numerous “researcher’s degrees of freedom” (Leitgöb & Keusch, 2026) associated with 

metered data as well as the inherent ambiguity of traces underscore that research outcomes 

based on digital trace data should not be considered “objective” or superior to those based on 

survey self-reports. Instead of replacing self-reports, we believe that digital trace data provides 

an alternative, supplementary epistemological perspective on social phenomena.   
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