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Abstract

Background
The rapid growth of internet and mobile technologies has opened up new, low-cost methods for large-scale population
surveys. The Global Mind Project (GMP) is one such survey that uses quota-based online strategies that dynamically
target respondents by age, sex, and location. However, how well this method aligns with national population statistics
remains unclear.

Objective
To evaluate how well GMP data collected through online recruitment aligns demographically with United States (US)
benchmarks from traditional probability-based surveys, including the American Community Survey (ACS), Household
Pulse Survey (HPS), and American Trends Panel (ATP).

Methods
We analysed 114,721 GMP responses collected in the US between 2020 and 2024. Participants were recruited via
Facebook and Google AdSense using broad interest-based keywords and stratified demographic targeting. GMP data
were time- and question-matched with ACS, HPS, and ATP data to compare trends in educational attainment, marital
status, mental health treatment, and number of close friends.

Results
Demographic patterns in GMP data typically aligned with national statistics within a 5–7% margin. Educational
attainment by age was similar to ACS data, except among 65+, where GMP consistently showed a 5% and 10%
higher rate of High School and Bachelor’s completion, respectively. GMP and ACS matched near-perfectly for Divorced
and Widowed marital status by age while ‘Not married’ in the GMP was 6-10% higher compared to ‘Never married’
individuals in the ACS and, conversely, lower in the Married group. GMP aggregate mental health treatment estimates
were within ±1% of HPS values for three of the four years studied, although age-specific differences ranged from
5–8%. Compared to ATP, those reporting two or fewer friends were 15% higher in the GMP. These differences reflect
differences in sampling methodology but also imperfect matches of categories and differing non-response bias arising
from mode of survey.

Conclusions
GMP data demonstrate that with dynamic targeting and quota-based sampling, online recruitment methods can produce
data that align well with traditional national surveys. This data, therefore, offers real-time, inclusive and cost-efficient
population-level monitoring of mental health and social trends, with potential for use in public health research and
policy.
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Highlights
• The Global Mind Project (GMP) uses quota-based dynamic online ad targeting (Q-DOAT) via Meta and Google

Ads to recruit large-scale populations.

• Analysis of 114,721 US responses (2020–2024) showed GMP demographic trends aligned within 5–7% of national
statistics from ACS, HPS, and ATP.

• Slight differences were observed, including 5-10% higher representation of single individuals, those with fewer
close friends, and those seeking mental health treatment.

• GMP data demonstrate that online recruitment, combined with post-stratification, can produce data that aligns
well with national demographic and social trends.

• The study supports the utility of GMP as a scalable, near real-time platform for population health monitoring.
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Introduction

Traditionally, population or household surveys have relied
on mail, telephone or face-to-face recruitment of individuals
randomly selected using address-based sampling within
demographically stratified bands, typically based on age, sex,
geography and socioeconomic status [1, 2]. This probability
sampling approach is widely regarded as the gold standard for
generating representative data. However, such methods are
costly, time-consuming, and difficult to scale across countries
or at speed. Non-mandatory surveys often face low response
rates, further limiting reach. When collecting data on sensitive
topics, such as mental health, ensuring anonymity is also
critical to address concerns around data privacy or fear of
self-disclosure.

As the field of population data science evolves, there
is growing interest in the potential of non-traditional data
collection methods to support scalable, inclusive and timely
public health insights. The global rise in internet and mobile
phone use over recent decades [3], has opened up new
possibilities for sampling and recruitment. These methods
offer rapid, cost-effective access to large and diverse segments
of the population. However, online recruitment approaches,
such as advertisements on Google or Meta (Facebook and
Instagram), use non-probability sampling driven by opaque
platform algorithms. This can lead to overrepresentation of
certain groups, and excludes individuals without stable internet
access or presence on the chosen platform, raising concerns
about sample bias and data quality [4–15]. Furthermore, when
surveys are conducted anonymously, there is heightened risk of
fraudulent, misleading or automated (bot) responses [16, 17].

The Global Mind Project (GMP) uses online population
sampling to provide a real-time view of global mental
wellbeing, or what we call ‘mind health,’ and the social,
technological and lifestyle factors influencing it. It collects
data across 85+ countries in 23 languages, surveying 47
aspects of mental function and feeling on a 9-point scale,
alongside a wide range of demographic, cultural, lifestyle,
and life experience variables, including age, sex, ethnicity,
education, employment status, and income. Since its launch
in 2020, it has gathered responses from over 2 million
internet-enabled adults [18, 19]. Participants are recruited
anonymously via paid advertisements on platforms including
Meta, Google Display and Google AdSense, and are invited
to complete a 15-minute online assessment. Instead of
appealing to altruism or research goals, the assessment offers
a free personalised report with wellbeing scores and self-
help guidance, encouraging participation. In addition, GMP
employs a quota-based dynamic online ad targeting strategy
(hereafter called Quota-based Dynamic Online Ad Targeting,
or Q-DOAT) which systematically targets predefined age-sex
groups across selected geographies using a broad set of interest
criteria and keywords with the goal of robust representation
of the general population in each age-sex band for different
countries or regions of interest. While full proportional
representation cannot be ensured at the recruitment
stage, the strategy aims to obtain sufficient sample
sizes in each demographic group such that representative
outcomes can be obtained through post-stratification
weighting [11, 20].

This study evaluated how demographic and social trends
in GMP data, collected using the Q-DOAT approach targeting
five regions in the United States (US) [21], compared
with time-aligned trends from 3 national US surveys using
traditional sampling and recruitment methods: the American
Community Survey (ACS; [22]) and Household Pulse Survey
(HPS; [23]) conducted by the US Census Bureau, and the
American Trends Panel (ATP) from the Pew Research Center.
Comparisons focused on items with exact or near-exact
matches, including educational attainment and marital status
by age and biological sex (the target criteria), the percentage
seeking treatment for mental health challenges, and number of
close friends. We hypothesised that demographic trends would
broadly align across sources, while greater variations would be
observed in social and behavioural measures due to differing
patterns of non-response bias. While this study focused on the
US, we note that these evaluations could also be performed for
other countries with sufficient national statistics, and where a
significant majority of the population is internet-enabled, or
where statistics distinguish this group.

Methods

GMP data

The GMP, which now actively acquires data in 23 languages
from 85+ countries is a data resource freely available to the
academic research community. The data, now available from 2
million+ people worldwide, consists of: (i) ratings of 47 aspects
of emotional, social, cognitive and physical capacities and
problems, (ii) aggregated metrics of overall mental wellbeing
and 6 different mental wellbeing dimensions, (iii) detailed
demographic information acquired across multiple data waves
spanning family relationships, religion, diet, substance use,
traumas and adversities amongst others. More details on these
data elements, as well as the form to request data access can
be found here: https://sapienlabs.org/researcher-hub. Data
can be downloaded with filters for clean data and targeted
data (see below).

While anonymously obtained, the GMP provides some
identifiers for linkage and longitudinal analysis on request.
These include: (i) encrypted email identifiers for a subset
of participants who provide an email address for follow-
up reminders, (ii) encrypted proxies of IP address for all
participants, which are approximate identifiers and not as
reliable as email address.

Participant recruitment using Q-DOAT

Participants are presently recruited to the GMP using
campaigns on Google and Meta (Facebook and Instagram).
Globally, 4.9 billion people use Google, and 3.7 billion people
use Meta which represents 61% and 38% of the global
population, respectively. However, in the US, 93% of the
population uses the internet while ∼87% use Google and 68-
75% use Meta. Almost 100% of the internet-enabled use either
Google or Meta. Non-users in the US are dominated by young
children (not included in the GMP) and elderly. This method
is therefore able to effectively target the US population with
a possible bias in the elderly.

2



Taylor J et al. International Journal of Population Data Science (2025) 6:1:3148

In the US, participants were recruited through English-
language campaigns (from 2020 onwards) and Spanish-
language campaigns (from 2021 onwards), spoken by 91.5%
of the population as their first language, and targeted
five regions: Northeast, Southeast, Southwest, Midwest and
West (see Table 1, Supplementary Table 1 and Table 2
for a breakdown of the sample by age, biological sex and
region). Advertisements featured the message ‘Get your
mental wellbeing score: Fast, Free, Anonymous’ linking to the
start of the open survey [21]. At any time, 30 to 100 ads
were active, regionally targeted towards each age-sex group
between 18 and 85 years. Beginning in June 2021, Spanish-
language advertisement spend was scaled in proportion to the
Spanish-speaking population. Regardless of the language of
the initial advertisement, respondents could select any of the
available languages (now 23) for completing the survey. At the
start of the survey all potential respondents were provided with
a description of how their data would be used, both on-screen
and within a more detailed data privacy document.

Advertisements used a broad set of interest keywords
including self-awareness, self-development, health, wellness
and coaching but deliberately excluded terms directly related
to mental health or disorders to avoid biasing recruitment
towards individuals with mental health concerns. These
keywords are necessary to ensure relevance under Meta and
Google algorithms, which identify ‘look alike’ audiences to
optimise completion rates. This approach involves a trade-
off between the broader keywords which yield wider reach
but higher costs per completion, while more specific targeting
reduces cost but narrows the audience. We note that this
recruitment approach cannot distinguish between civilian non-
institutionalised populations and institutionalised populations
with internet access. However, it is unlikely to include a
substantial institutionalised population as the internet is often
restricted for patients in these facilities, and who may not be
capable of a fully independent response.

Under this targeting paradigm, assessment starts and
completions were tracked for each advertisement within
each platform (Google and Meta) using Urchin Tracking
Module (UTM) codes and platform analytics. Advertisement
spend was dynamically adjusted based on the demographic
composition of respondents to maintain balanced representation
across age, biological sex, and regional groups. New
advertisements and sources were first piloted to assess
demographic parity of age and sex against national statistics
before being scaled and included in the GMP. Regional
targeting provides a sample roughly proportional to the
populations at the State level (Supplementary Table 2). In
2020, targets were set at a minimum of 500 responses per age-
sex group, with at least 100 from each US region (Northeast,
Southeast, Southwest, Midwest and West) to ensure sufficient
data in all groups and to support post-stratification weighting
(Table 2). In 2021-2024, these targets were proportionately
increased per group given increased available budgets.

We note that cost per start can vary considerably across
demographic groups. Cost per start refers to the cost needed to
put against the advert to get someone to start the assessment.
This depends on both the advertisement click rate and bids of
other advertisers competing for eyeballs. This is a more black-
box aspect of the recruitment as it is unknown how many times
the survey prompt was served and where specifically it was

served. In the US, cost per start tends to typically be highest
for males aged 25-44. Cost per complete (rather than start)
can also be managed by managing completion rates which
relate to the assessment experience. Present completion rates
among those who start the assessment range between 55%
and 79% depending on demographic group and geography
and fluctuate based on survey length and data waves. We also
note that State wise targeting can be used in small States to
supplement where statistical minimums are not met. However,
granular demographic targeting is more expensive and was not
used here due to budget constraints.

GMP data processing and quality checks

While bots are unlikely to pose a major issue since they are
rarely served advertisements, anonymous online recruitment
carries the risk of participants simply clicking through surveys
without meaningful engagement. To address this, several data
cleaning steps were applied. First, responses completed in
under 7 minutes (the minimum time needed to read all
questions) or over 60 minutes were excluded. Second, records
with a standard deviation below 0.2 across all 47 rating items
were removed. This indicates clicking the same response rating
on almost all questions, which can very rarely be a genuine
response but is more likely someone clicking through just to
view the questions rather than answering genuinely. Third,
responses were excluded if the participant answered ‘No’ to the
question ‘Did you find this assessment easy to understand?’.
Completions from organic traffic (e.g. peer referrals) were
also excluded as they fell outside the managed targeting
criteria. Overall, 6-26% of responses were excluded from the
analysis depending on the year. After cleaning, the final sample
sizes were 13,786 (2020), 23,200 (2021), 23,480 (2022) and
18,032 (2023) and 19,451 (2024). Sample sizes (total and
after cleaning) for each age-sex group are shown in Table 1
and Supplementary Table 1 and for each age-regional group
(example data from 2022 only) in Table 2. Samples sizes
for individual analyses varied further depending on specific
questions or “prefer not to say” responses.

Comparison Against the ACS, HPS and ATP
Data

GMP US survey data was compared against data from the
ACS, HPS and ATP. As the GMP collects data across a wide
variety of demographics, cultural, lifestyle and life experience
variables, only questions with exact or near-exact matches in
the ACS, HPS and ATP were selected for inclusion. This
included educational attainment and marital status by age
and biological sex (GMP vs ACS, 2022-2024); percentage
seeking treatment for mental health problems (GMP vs HPS,
2020-2023); and number of close friends (GMP vs ATP, 2023).

For each of these GMP measures, the proportion of
respondents selecting each answer option was calculated for
each age and biological sex group. A weighted national average
was then computed using United Nations (UN) Population
Statistics [24] to reflect the age distribution of the US
population. For the comparator surveys (ACS, HPS, ATP),
age-sex breakdowns or national aggregates were downloaded
directly from official sources.
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Table 1: Number of clean US records for each age-sex group for each year

Clean records 2020 2021 2022 2023 2024

18-24 F 1638 2424 2481 1004 1063
18-24 M 857 1548 1285 579 617
25-34 F 620 1326 1202 424 483
25-34 M 413 894 745 281 354
35-44 F 579 1079 969 435 423
35-44 M 366 629 623 297 291
45-54 F 890 1375 1140 637 579
45-54 M 527 840 833 467 391
55-64 F 1594 2098 2106 1449 1432
55-64 M 1103 1777 1891 1439 1037
65-74 F 2090 2868 3132 2801 3416
65-74 M 1391 2673 2681 2598 2385
75+ F 1141 2257 2550 3297 4250
75+ M 577 1412 1842 2324 2730

Total 13786 23200 23480 18032 19451

∗Those aged 75-84 and 85+ were consolidated into 75+ group due to smaller sample sizes.

Table 2: Number of clean records collected in 2022 for each age group in each region

Region 18–24 25–34 35–44 45–54 55–64 65–74 75+

Northeast 614 374 277 372 760 1161 795
Southeast 809 433 351 519 1123 1700 1293
Southwest 450 218 177 188 406 507 429
Midwest 809 425 397 478 934 1367 982
West 1081 494 386 413 774 1075 893
State unidentified 3 3 4 3 0 3 0

Total 3766 1947 1592 1973 3997 5813 4392
Total 23480

Comparison of marital status and education
attainment data in GMP and ACS

ACS 2022-2024 data were downloaded from the ACS
public data site [25], specifically tables S1501 (Educational
Attainment; N=∼3 million) and B12002 (Marital Status;
N=∼3 million) which include data from household persons
as well as group quarters where institutionalised individuals
comprise ∼1.4%. Table S1501 reports the percentage of the
population with ‘High School or Higher’ and ‘Bachelor’s or
Higher’. To align with these categories, GMP data (2022: n =
22,480; 2023: n = 18,032; 2024: n = 19,451), were aggregated
as follows: the percentages with Bachelor’s degree, master’s
degree and PhD degree were summed to yield ‘Bachelor’s
or higher’, while the inclusion of high school and associate
degrees formed the ‘High School or Higher’ category.

ACS marital status options included: Never Married,
Married, Married/Separated, Divorced, Widowed. GMP
options were: Single (Never Married), In a relationship,
Married/Civil Partnership, Divorced/Separated, Widowed,
Prefer not to say (2022: n = 22,480; 2023: n = 18,032;
2024: n=19,451). To enable the closest comparison, data were
aggregated as follows: (i) ACS Never Married matched to GMP
‘Not Married’ which included Single (Never Married) + In a
relationship; (ii) ACS Divorced + Married/Separated matched

to GMP Divorced/Separated; (iii) ACS Married (except
separated) matched to GMP Married/Civil Partnership; (iv)
ACS Widowed matched to GMP Widowed. We note that (i)
and (iii) are not exact matches but rather the closest matches
between the GMP and ACS options. ‘In a relationship’ is
typically interpreted as dating someone and may include those
who were previously married and therefore would be a larger
group than those who were never married.

Comparison of mental health treatment status
in GMP and HPS

The percentage of individuals seeking treatment for mental
health concerns, as captured by HPS from January 2020 to
October 2023 (N = 2,036,992), was compared with equivalent
data from the GMP across the same time period (N=70,800
after excluding ‘Prefer not to say’ responses).

The HPS asked the following questions:

HPS1: At any time in the last 4 weeks, did you take
prescription medication to help you with any emotions
or with your concentration, behaviour, or mental health?
Yes/No

HPS2: At any time in the last 4 weeks, did you receive
counselling or therapy from a mental health professional
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such as a psychiatrist, psychologist, psychiatric nurse,
or clinical social worker? Include counselling or therapy
online or by phone. Yes/No

While GMP asked:

GMP1: Are you presently undergoing treatment for any
mental health challenges? Yes/No/Prefer not to say

We compared the percentage of GMP respondents answering
‘Yes’ to GMP1 with the percentage of HPS respondents
answering ‘Yes’ to either HPS1 or HPS2. Comparisons were
made across age-sex weighted national estimates (2020–2023)
and by age group for 2022. HPS results by age and year
were downloaded directly from the CDC [26] and annual
estimates were averaged across reporting periods within each
year. HPS reported age bands as: 18-29, 30-39, 40-49, 50-
59, 60-69, 70-79, 80+. GMP age bands were: 18-24, 25-
34, 35-44, 45-54, 55-64, 65-74, 75-84. 85+ (with 75-84
and 85+ aggregated into 75+). Due to HPS reporting only
pre-aggregated data, exact alignment of age bands was not
possible.

Comparison of Number of Close Friends in
GMP and ATP

The average percentage of the population reporting each
number of close friends (from 0 to 5+) in the ATP from
July 2023 (N=5,057) was compared with GMP data collected
between January 1st and November 30th, 2023 (N=19,857
after excluding blanks and values over 100). The ATP
question: ‘Not counting your family, how many close friends do
you have?’ used answer options ranging from 0 to ‘10 or more’.
ATP results were weighted to reflect the US adult population
by sex, race, ethnicity, education, and other demographic
categories. Equivalent percentages were computed from GMP
data for the similar question: ‘How many close friends do you
have?’ with a free-text numeric response field. GMP results
were weighted by age and sex using UN population statistics
to reflect national proportions.

Results

Demographic Trends in the ACS Compared to
GMP

Figure 1 compares educational attainment by age group for
data obtained in 2022 (ACS: N=∼3.5M; GMP: N=22,480),
2023 (ACS: N=∼3.5M; GMP: N=18,032) and 2024 (ACS:
N=∼3.5M; GMP: N=19,451). Overall, GMP trends aligned
well with those from the ACS with a few significant differences.
First, among those 65 and older, the fraction reporting ‘High
school or higher’ and ‘Bachelors or higher’ were higher in
GMP by ∼5% and 10%, respectively, across all years. Second,
the proportion of respondents reporting ‘Bachelor’s or higher’
varied by ±3-6% between the GMP sample and ACS across
other age groups in 2023 and 2024 but was within 0.2% for
2022, indicating some fluctuation. Standard errors of the mean
(Supplementary Table 3) for GMP ‘High school or higher’
ranged from 0.5% to 1.3% across age-year categories while
averages across age categories ranged from 0.8% to 1.0%

across years. Standard errors of the mean for GMP ‘Bachelor’s
or higher’ ranged from 0.8% to 2.5% across age-year categories
while averages across age categories ranged from 1.2% to 1.7%
across years.

Figure 2 shows a comparison of marital status by age for
GMP and ACS for the years 2022, 2023 and 2024. Here the
Divorced and Widowed groups, which were identically matched
categories showed a near-perfect match with no significant
difference. The GMP ‘Not Married’ followed a similar trend
overall but was 5-7% higher than ACS ‘Never Married’ in the
35-54 age range. Conversely, GMP ‘Married/Civil Partnership’
was 5–7% lower than ACS ‘Married/Spouse Present’ but
also followed the same trend. Standard errors of the mean
(Supplementary Table 3) were lowest for GMP Widowed
(∼0.1% to 0.9% across age-year categories, average of ∼0.5%
across age categories for each year) and highest for GMP
Married/Civil Partnership (0.9% to 2.6% across age groups,
average of 1.7%, with cross-age averages ranging from 1.2%
to 1.8% across years).

Reported mental health treatment-seeking
behaviour in HPS compared to GMP

Figure 3 compares trends of the percentage of adults seeking
professional mental health treatment over time (2020–2023),
and by age for 2022, between the HPS and GMP. While the
specific questions were similar, the GMP asks about ‘current’
treatment without specifying type of treatment, whereas HPS
asked whether participants had taken prescription medication
and/or received therapy/counselling in the past 4 weeks.
Nonetheless, the data provides a broadly similar comparison
that can determine if GMP oversamples for individuals with
mental health challenges. As shown in figure 3A, GMP’s age-
sex weighted national estimates aligned well with HPS data
across all years, with differences within ±1% of the national
estimates except in 2021 when GMP was 5% higher. Figures
3B and 3C display 2022 treatment estimates by age group from
HPS and GMP, respectively. HPS data tables use different age
categories (e.g. 30-39, 40-49) than GMP (e.g. 35-44, 45-54),
precluding a direct comparison. However, overall trends show
that GMP reported generally higher treatment rates among
adults aged 25-54 (average 8% higher; range 6-10%) and
lower rates among adults aged 70+ (average 5% lower; range
4-7%). Standard errors of GMP values ranged from 0.7%
for age 75+ to 1.5% and 1.7% for age 25-34 and 35-44,
respectively.

National Trends of Close Friendships in the
ATP Compared to GMP

Figure 4 compares the number of close friends reported in
the ATP in July 2023 with annual data from GMP for the
same year. While the overall distribution patterns were broadly
similar, some key differences emerged. GMP respondents were
more likely to report having two or fewer close friends (average
of 15%) compared to ATP respondents (average 10%), a
5% difference. Conversely, 28% of GMP respondents reported
having 5 or more friends, compared to 38% in the ATP, a 10%
difference.
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Figure 1: Comparison of population estimates (%) for educational attainment by age group using data from the ACS (dotted lines)
and GMP (solid lines) in 2022 (A), 2023 (B) and 2024 (C)
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Figure 2: Comparison of population estimates (%) for marital status by age group using data from the ACS (dotted lines) and
GMP (solid lines) in 2022 (A), 2023 (B) and 2024 (C)

Discussion

Principal results

This study demonstrates that US data, collected via the
GMP using quota-based dynamic online ad targeting (Q-
DOAT), closely aligns with national trends captured by
rigorously stratified, probability-based surveys such as the
ACS, HPS ATP. This alignment holds across a diverse range
of variables, including educational attainment, marital status,
mental healthcare utilisation and number of close friendships,
suggesting that anonymous data collected through Q-DOAT

can be reliably used to explore population rates in addition
to relationships between factors in the general population,
further establishing the quality of the GMP data. These
findings are particularly relevant in light of the challenges
associated with traditional probability-based surveys, which are
often logistically complex, time-consuming, costly, increasingly
affected by non-response, and difficult to scale globally
[27–31]. In contrast, the GMP offers several key advantages: it
can recruit participants rapidly (currently 1000-2000 globally
per day); is 10 to 20 times more cost-effective (average
cost per respondent ranges from $0.15 to $10 depending
on region and demographic); is globally scalable (currently

7



Taylor J et al. International Journal of Population Data Science (2025) 6:1:3148

Figure 3: (A) National estimates from 2020 to 2023: GMP (black) reflects the percentage currently receiving treatment; HPS
(grey) reflects the percentage taking prescription medication and/or receiving counselling or therapy in the past four weeks

(B) HPS 2022 data: percentage of adults by age group who took prescription medication and/or received therapy in the past four
weeks. (C) GMP 2022 data: percentage of adults by age group currently undergoing treatment for a mental health problem.

Figure 4: Comparison of population estimates (%) for the number of close friends (0 to 5+) reported in the ATP in July 2023
(black) and GMP data (grey) for 2023

runs in 85 countries); can adapt to changing societal trends
and events; and can readily target specific populations of
interest. Furthermore, when asking about potentially sensitive
or stigmatising issues, such as those relating to mental health,
its response anonymity helps address concerns over data
privacy or fear of self-disclosure. Altogether, this positions
GMP as an easily scalable and flexible platform for tracking
national trends, and in particular emerging trends. These
findings also contribute to the growing body of evidence
supporting the use of online recruitment channels such as Meta

and Google Ads for health-related research, particularly when
targeting strategies are dynamic and responsive to ongoing
demographic profiles [13, 14, 32, 33].

Non-response bias and limitations

Understanding non-response bias is critical, as all surveys are
subject to biases shaped by both their topic and mode of
delivery. Although the GMP is designed to reach the general
population rather than specifically targeting individuals with
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mental health concerns, its recruitment relies on internet use
and interest-based keywords such as self-awareness, health
and wellness which raises the possibility of bias related to
personal interest in these areas. Despite strong alignment with
national data, several differences emerged between GMP and
comparator surveys.

First, the proportion with Bachelor’s or higher in the
age 65+ category was consistently higher by 10% in GMP
compared to ACS, which likely arises because elderly people
online tend to be more educated. In addition, GMP reported
fluctuations compared to ACS between ages 25-45 years in
the range of 3-6%. Small inconsistent differences in these age
categories may simply represent statistical fluctuation in the
GMP data which is substantially smaller in size compared to
ACS.

Second, GMP “Not married” which included “Single (Never
Married)” and “In a relationship” was 5-7% higher than ACS
“Never Married” for ages above 25. This may be due to the
category differences where a fraction of those who are not
married but ‘In a relationship’ (∼15% of adults age 25 and
above) could have been previously married. There may also
be a contribution by the 3% of GMP respondents who chose
‘Prefer not to say’. However, it is also possible that GMP data
has a small 5-7% bias towards unmarried individuals.

Third, GMP data showed 5-7% higher treatment-seeking
rates among adults aged 25-54 compared to HPS. This
finding is consistent with prior studies reporting a greater
representation of individuals with mental health challenges
in similar surveys [33, 34]. However, alternative explanations
are also possible. For example, GMP’s broader treatment
definition includes all treatments, whereas the HPS focuses
only on prescription medication and counselling. Some fraction
of the difference may therefore reflect those undergoing other
types of treatment (e.g. brain stimulation, neurofeedback).
Nonetheless, while these factors may explain some of the
observed differences, two non-mutually exclusive possibilities
remain that cannot be ruled out: that there is a small non-
response bias towards individuals with elevated mental health
risk in GMP data or that there is an opposite non-response bias
in the HPS, which is not strictly anonymous and may therefore
deter those with mental health problems. We also note that
the 2024 National Survey on Drug Use and Health (NSDUH)
survey conducted by Substance Abuse and Mental Health
Services Administration (SAMHSA) reported that 22.9% of
adults sought mental health treatment in the past year. This
is a lower number than either GMP or HPS despite the much
longer time frame of treatment. This could be due to the
in-person interview methodology of the NSDUH where those
with substance use problems may prefer not to participate or
respond with a social desirability bias.

Fourth, GMP respondents reported fewer close friends
compared to the ATP. Here again, this may be due to
differences in non-response bias between the two surveys.
Online participants in the GMP may be less likely to socialise
and may have fewer close friends. Conversely, ATP participants
who are recruited for broader civic engagement research may
be more socially connected due to a higher degree of civic
mindedness.

Altogether differences in the range of 5-7% between certain
GMP data elements and other surveys reflect the bounds
of the accuracy range, particularly within age groups. When

aggregating across age groups for population-level estimates,
however, these differences are mitigated with accuracy within
1-3%. In addition, post-stratification by education, ethnicity
and other demographic factors in alignment with the ACS
could be used to further increase accuracy.

Altogether, the overall alignment and consistency across
multiple years positions GMP as a relevant and valuable
resource of population data across a wide range of mental
health and wellbeing and social factors. As the recruitment
methods are relatively consistent over time, year-on-year
changes in GMP data can still provide reliable estimates of the
magnitude of change. However, as the GMP is anonymously
obtained, it has limitations on longitudinal analysis where
linkages are available only for a subset of individuals who
provide an email address and through encrypted IP addresses
which are approximate in nature.

Dynamic vs static strategies

It is important to emphasise that these findings should
not be taken to imply that all internet-based surveys using
online recruitment strategies produce nationally representative
samples. The success of the GMP, in aligning with national
trends is largely due to the use of Q-DOAT which differs
significantly from typical static river sampling strategies [21].
Q-DOAT involves continuous optimisation of demographic
targeting, keyword selection, and other ad parameters, based
on real-time analytics of response demographics and survey
completion rates. This method requires ongoing monitoring
and frequent adjustment, supported by a sophisticated,
actively managed analytical system integrating multiple
streams of information to manage a substantial advertising
infrastructure, currently involving over 800 campaigns globally
with diverse targeting criteria. The recruitment strategy used
by GMP has been iteratively refined through numerous
experimental optimisations to achieve broad population
coverage.

By contrast, many online studies continue to report
significant sampling biases e.g. [34] and emphasise the
need for careful targeting and advertisement creation. For
example, recruitment based on mental health-related search
behaviour may increase response rates [33], but would
likely overrepresent individuals experiencing mental health
difficulties, leading to inflated estimates of treatment-seeking
or distress compared to national benchmarks such as those
reported by the HPS.

GMP data beyond the united states

GMP presently operates in 23 languages across 85+ countries,
although sample sizes vary by country. While the findings
presented here are specific to the US, we note that the same
Q-DOAT methodology is used across the world, suggesting
the potential for similar population-level alignment elsewhere.
However, it must be noted that GMP recruits only from
the internet-enabled population. In the US, where internet
penetration is 94%, the vast majority of this population
can be reached through Google and Meta, making national
representation more feasible. In countries with lower internet
access, GMP data will increasingly diverge from true national
statistics, particularly where internet use is concentrated
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among specific subpopulations. Future work will assess GMP
data from other countries in relation to nationally available
benchmarks for internet-connected populations. However, it is
important to note that reliable comparative statistics on online
populations in many non-Western countries are currently
limited [36].

Contribution and conclusion

This study contributes to the evolving field of population data
science by demonstrating that GMP population data collected
through the Q-DOAT method aligns well with benchmark
US surveys that rely on probability-based sampling. These
findings suggest that the GMP can generate demographically
representative samples in the US, establishing Global Mind
data as a valuable resource for research into mental health
trends and their relationship to lifestyle and life context,
and supporting its use as a scalable, real-time platform for
monitoring mental health and broader population trends.
As digital recruitment methods become more prevalent,
evaluating their validity is critical to ensure they can
responsibly inform population-level research and policymaking.
The GMP approach offers a low-cost, inclusive alternative
to traditional surveys, which is particularly valuable where
conventional methods are resource-intensive or slow. This
has important implications for public health, enabling
more agile responses to emerging mental health risks and
improving the reach and timeliness of population data
infrastructures.

More broadly, this work contributes to the evolving field
of population data science by illustrating how dynamic,
non-probability sampling can support global mental health
research. Given the growing burden of mental health
conditions, particularly among younger populations [37–39],
there is a pressing need for innovative, scalable data collection
strategies, something also noted by Sanchez and colleagues
[36]: ‘Developing new strategies to increase recruitment for
mental health research is essential to addressing the field’s
most pressing problems’.
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Supplementary Table 1: Number of raw and clean US records for each age-sex group for each year

All records (raw) 2020 2021 2022 2023 2024

18-24 F 1776 2707 2761 1705 1748
18-24 M 927 1730 1405 1139 1033
25-34 F 666 1434 1285 917 940
25-34 M 435 950 789 679 657
35-44 F 612 1139 1029 904 759
35-44 M 388 677 655 635 522
45-54 F 927 1469 1212 996 885
45-54 M 552 885 881 734 619
55-64 F 1642 2178 2201 1848 1738
55-64 M 1139 1839 1968 1790 1287
65-74 F 2146 2955 3236 3281 3843
65-74 M 1418 2757 2773 3135 2710
75+ F 1163 2327 2639 3777 4692
75+ M 598 1449 1898 2764 3059
18-24 N/A, Prefer not to say, Other 312 660 211 96 88
25-34 N/A, Prefer not to say, Other 53 103 43 34 30
35-44 N/A, Prefer not to say, Other 28 42 25 16 14
45-54 N/A, Prefer not to say, Other 30 32 22 16 16
55-64 N/A, Prefer not to say, Other 39 56 35 16 30
65-74 N/A, Prefer not to say, Other 33 49 27 30 29
75+ N/A, Prefer not to say, Other 13 23 15 20 22

Total 14897 25461 25110 24532 24721
Clean records 2020 2021 2022 2023 2024
18-24 F 1638 2424 2481 1004 1063
18-24 M 857 1548 1285 579 617
25-34 F 620 1326 1202 424 483
25-34 M 413 894 745 281 354
35-44 F 579 1079 969 435 423
35-44 M 366 629 623 297 291
45-54 F 890 1375 1140 637 579
45-54 M 527 840 833 467 391
55-64 F 1594 2098 2106 1449 1432
55-64 M 1103 1777 1891 1439 1037
65-74 F 2090 2868 3132 2801 3416
65-74 M 1391 2673 2681 2598 2385
75+ F 1141 2257 2550 3297 4250
75+ M 577 1412 1842 2324 2730

Total 13786 23200 23480 18032 19451
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Supplementary Table 2: GMP Sample sizes by US state (2022-2024) and as a proportion of the adult population (cleaned data)

State 2022 2023 2024 Grand Total Adult Population Completes as % of Pop.

Alabama 435 318 325 1078 4,022,842 0.027%
Alaska 99 62 38 199 565,186 0.035%
Arizona 535 390 473 1398 5,994,209 0.023%
Arkansas 290 185 198 673 2,386,510 0.028%
California 2180 1555 1651 5386 31,012,711 0.017%
Colorado 433 260 299 992 4,744,328 0.021%
Connecticut 306 243 287 836 2,947,242 0.028%
Delaware 104 100 103 307 838,204 0.037%
Florida 1785 1645 1824 5254 18,872,523 0.028%
Georgia 588 469 530 1587 8,640,127 0.018%
Hawaii 67 67 78 212 1,152,797 0.018%
Idaho 134 129 142 405 1,533,172 0.026%
Illinois 761 566 641 1968 10,012,697 0.020%
Indiana 589 390 445 1424 5,338,189 0.027%
Iowa 292 220 254 766 2,510,913 0.031%
Kansas 287 183 206 676 2,278,027 0.030%
Kentucky 385 300 311 996 3,562,700 0.028%
Louisiana 266 197 212 675 3,531,346 0.019%
Maine 283 184 150 617 1,157,930 0.053%
Maryland 364 290 322 976 4,891,983 0.020%
Massachusetts 541 466 494 1501 5,780,452 0.026%
Michigan 759 607 575 1941 8,031,116 0.024%
Minnesota 465 328 355 1148 4,494,094 0.026%
Mississippi 170 157 169 496 2,268,423 0.022%
Missouri 500 339 380 1219 4,873,374 0.025%
Montana 128 114 86 328 904,578 0.036%
Nebraska 170 118 112 400 1,521,153 0.026%
Nevada 232 143 155 530 2,579,031 0.021%
New Hampshire 169 119 119 407 1,159,668 0.035%
New Jersey 548 471 606 1625 7,455,868 0.022%
New Mexico 160 113 121 394 1,682,353 0.023%
New York 1286 1050 1141 3477 15,884,969 0.022%
North Carolina 690 526 568 1784 8,685,722 0.021%
North Dakota 84 49 53 186 611,305 0.030%
Ohio 949 701 766 2416 9,308,934 0.026%
Oklahoma 287 204 229 720 3,129,179 0.023%
Oregon 359 286 292 937 3,446,156 0.027%
Pennsylvania 1049 827 922 2798 10,448,930 0.027%
Rhode Island 93 108 84 285 907,717 0.031%
South Carolina 396 285 338 1019 4,326,760 0.024%
South Dakota 90 67 79 236 703,963 0.034%
Tennessee 481 407 413 1301 5,645,233 0.023%
Texas 1532 1103 1134 3769 23,625,608 0.016%
Utah 182 162 155 499 2,569,984 0.019%
Vermont 78 51 54 183 535,519 0.034%
Virginia 608 468 475 1551 6,927,764 0.022%
Washington 538 457 453 1448 6,303,143 0.023%
Washington D.C. 0 0 14 14 572,419 0.002%
West Virginia 222 147 146 515 1,421,615 0.036%
Wisconsin 446 365 401 1212 4,719,976 0.026%
Wyoming 69 35 57 161 459,626 0.035%
State not reported/unidentified 16 6 16 38

Total 23480 18032 19451 60963 263,537,816

14



Taylor J et al. International Journal of Population Data Science (2025) 6:1:3148

Supplementary Table 3: Standard error of the mean from GMP data by Marital Status (left) and Educational Attainment (right)
by age for 2022-2024

2022 GMP GMP Divorced/ GMP Married/ GMP Not 2022 GMP High School GMP Bachelor’s
Widowed Separated Civil Partnership Married or higher or higher

18-24 0.07% 0.35% 0.62% 0.70% 18-24 0.80% 0.82%
25-34 0.18% 0.67% 1.52% 1.56% 25-34 0.80% 1.57%
35-44 0.35% 1.16% 1.77% 1.65% 35-44 1.03% 1.75%
45-54 0.50% 1.27% 1.61% 1.38% 45-54 0.85% 1.55%
55-64 0.57% 0.93% 1.14% 0.88% 55-64 0.64% 1.06%
65-74 0.62% 0.75% 0.93% 0.59% 65-74 0.46% 0.90%
75+ 0.94% 0.74% 1.04% 0.53% 75+ 0.56% 1.03%

2023 GMP GMP Divorced/ GMP Married/ GMP Not 2023 GMP High School GMP Bachelor’s
Widowed Separated Civil Partnership Married or higher or higher

18-24 0.22% 0.61% 0.99% 1.15% 18-24 1.25% 1.27%
25-34 0.21% 1.14% 2.52% 2.59% 25-34 1.38% 2.55%
35-44 0.52% 1.63% 2.62% 2.47% 35-44 1.57% 2.48%
45-54 0.64% 1.70% 2.17% 1.88% 45-54 1.30% 2.02%
55-64 0.59% 1.12% 1.34% 1.00% 55-64 0.73% 1.28%
65-74 0.64% 0.76% 0.96% 0.61% 65-74 0.48% 0.95%
75+ 0.83% 0.63% 0.90% 0.42% 75+ 0.46% 0.92%

2024 GMP GMP Divorced/ GMP Married/ GMP Not 2024 GMP High School GMP Bachelor’s
Widowed Separated Civil Partnership Married or higher or higher

18-24 0.20% 0.47% 0.86% 0.99% 18-24 1.09% 1.30%
25-34 0.42% 0.89% 2.38% 2.43% 25-34 1.26% 2.44%
35-44 0.50% 1.69% 2.68% 2.57% 35-44 1.54% 2.55%
45-54 0.65% 1.78% 2.29% 1.93% 45-54 1.34% 2.19%
55-64 0.63% 1.12% 1.42% 1.08% 55-64 0.77% 1.37%
65-74 0.62% 0.71% 0.91% 0.57% 65-74 0.42% 0.92%
75+ 0.76% 0.56% 0.82% 0.41% 75+ 0.40% 0.84%
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