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Abstract4

Online platforms’ data give advertisers the ability to “microtarget” recipients’5

personal vulnerabilities by tailoring di↵erent messages for the same thing, such as a6

product or political candidate. One possible response is to raise awareness for and7

resilience against such manipulative strategies through psychological inoculation.8

Two online experiments (total N = 828) demonstrated that a short, simple inter-9

vention prompting participants to reflect on an attribute of their own personality—10

by completing a short personality questionnaire—boosted their ability to accurately11

identify ads that were targeted at them by up to 26 percentage points. Accuracy12

increased even without personalized feedback, but merely providing a description13

of the targeted personality dimension did not improve accuracy. We argue that14

such a “boosting approach,” which here aims to improve people’s competence to15

detect manipulative strategies themselves, should be part of a policy mix aiming to16

increase platforms’ transparency and user autonomy.17

Introduction18

Online companies infer detailed information about people from the behavioural traces19

they leave on their platforms , giving advertisers the ability to exploit recipients’ personal20
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characteristics and potential vulnerabilities (e.g., personality, political views or sexual21

preferences; 1; 2) by “microtargeting” them through messages that are specifically tailored22

to them (3; 4). Advertisers have always sought to maximize the match between their23

messages and presumed customers. Traditionally, they did so by using easily “observable”24

demographic features such as age and gender: There are few cosmetic ads in motorcycle25

magazines, and TV commercials rarely advertise toys at times when children are usually26

already in bed. Similarly, political parties and candidates have long been segmenting the27

electorate into blocks of voters in order to more e�ciently allocate political ads (5).28

However, compared to traditional audience segmentation, “microtargeting” of individ-29

uals based on personal attributes can be ethically problematic for several reasons. First, it30

can exploit recipients’ inferred characteristics, including sensitive attributes such as sexual31

orientation, even without their knowledge or consent (4). Second, tailoring messages for32

one and the same product or political candidate goes beyond persuasion and approaches33

manipulation, especially when the inferred vulnerabilities of recipients, such as specific34

anxieties, are being targeted (6). In the political context, this can become particularly35

problematic, because it allows politicians to give, outside of the public’s sight, contradic-36

tory promises and pledges to di↵erent audiences (7) while avoiding rebuttal by political37

opponents (8; 9).38

Microtargeting can undermine transparency and autonomy, whenever targeted people39

do not know what data platforms hold, what can be inferred from those data, and how it40

is used to target them (10)—thus contributing to a growing knowledge gap between plat-41

forms and their users (11). With increasing technological sophistication, these processes42

are becoming even more opaque for the public and for targeted individuals (12).43

Previous research conducted on Facebook has concluded that inferred personality di-44

mensions can be used to enhance the e↵ectiveness of ads: Participants were more likely to45
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buy a product when they were targeted with an advertisement that matched their person-46

ality type (extravert or introvert; 13; 3; 14). Other studies have found that personality-47

based targeting increased engagement, but did not consistently change attitudes towards48

a product (15). In the political domain, personality-based matching of advertisement has49

also been found to be more e↵ective in influencing political attitudes and voting intentions50

than non-matching advertising (16).51

Even though the persuasive e↵ect of a single ad on a single individual may be rela-52

tively small (17), the potential harms of political microtargeting scales up when employed53

widely (7). Political online advertising, for example, generates billions of impressions on54

social media (18), and it has been shown that even small visual details can a↵ect vot-55

ing intentions (19). Facebook’s hidden ad-delivery mechanisms can increase biases (20)56

and polarise political campaigns (8; 9). Last but not least, representative surveys across57

several countries found that opaque targeting practices—based on sensitive or protected58

attributes, like political views or sexual preferences—are at odds with public attitudes59

and that this disapproval holds across the political spectrum (21).60

Whatever the persuasive power of current practices, microtargeting lacks transparency61

and contributes to a growing knowledge gap between platforms, advertisers, and users.62

While platforms are becoming increasingly more sophisticated in collecting data and in63

customisation, there is a dearth of e↵ective measures that could help counteract the64

adverse consequences of these developments.65

One strategy to close the knowledge gap is to enhance users’ awareness of microtar-66

geting practices. In light of fast and constantly changing targeting methods this approach67

may be more robust than attempts to regulate the platforms. It has been shown that ad-68

vertisements are less e↵ective when people find out that unacceptable practices (i.e., using69

information obtained from outside the platform or inferred without user input) have been70

3



used to target them (22). However, current transparency measures, such as the “Why am71

I seeing this?” button on Facebook, provide only superficial information and have to be72

actively requested by users (23). Thus, although platforms are required to disclose the73

data they hold about users, in practice, for most users this requirement fails to open the74

platforms’ “black box”. At present, the platforms’ transparency measures o↵er “nominal75

transparency”, with no real regard for whether people actually can easily access, read76

and gain insight into the information held about them and whether this transparency77

in name foster users’ autonomy. Aiming for e↵ective transparency—which demonstrably78

enables users to understand what platforms do with their data and what users’ choices79

imply, and to then translate this knowledge into measurable behaviour—is an important80

step towards more acceptable business practices and towards regaining some autonomy81

for users (e.g., by prompting people to adjust their privacy settings; 24).82

Here, we pursue a cognitive approach inspired by research showing that people can be83

psychologically “inoculated” against misinformation (25). For example, explaining mis-84

leading argumentation techniques reduces the influence of subsequently presented mis-85

information (26). We report two experiments that test whether it is possible to inocu-86

late people against personality-based microtargeting (3). In all treatment conditions, we87

made participants reflect on the personality dimension being targeted—the extraversion–88

introversion spectrum—and examined whether this intervention would increase people’s89

ability to identify whether or not an advertisement is targeting them personally. Across90

experiments, we compared interventions that di↵ered in their degree of specificity: (1) the91

most general intervention merely described the targeted personality dimension; (2) an in-92

termediate intervention involved participants completing a short personality questionnaire93

(without providing feedback); (3) the most specific intervention provided participants with94

feedback on how they rank in their personality relative to others, based on their responses95

4



in the questionnaire.96

If the success of the intervention depends primarily on people being aware of the97

personality dimension being targeted, then a general description may su�ce to increase98

their sensitivity to being microtargeted. However, to the extent that people lack rele-99

vant self-knowledge (27; 28), or fail to spontaneously connect their self-knowledge with100

the advertisements, then more specific inoculation interventions may be necessary. We101

tested three inoculation interventions that are all instances of the class of “boosting”102

interventions, that is, interventions aimed at improving people’s competences to make103

better decisions in light of their own goals (29; 30).104

Across two experiments, we test the following hypotheses, where hypotheses H2a,105

H2b, and H2c are mutually exclusive and assume that H1 is supported:106

• H1: A boosting intervention, that prompts people to reflect on and receive feed-107

back about their relevant personality dimension, increases their ability to accurately108

identify ads that are targeted towards them.109

• H2a: A boosting intervention increases people’s ability to accurately identify ads110

that are targeted towards them primarily by raising people’s awareness of the specific111

targeting strategy (i.e., the targeted personality dimension).112

• H2b: A boosting intervention increases people’s ability to accurately identify ads113

that are targeted towards them only if people actively reflect on their own relevant114

personality dimension, while merely raising people’s awareness of the specific tar-115

geting strategy (i.e., the targeted personality dimension) is not su�cient to increase116

accuracy.117

• H2c: Neither of the above mechanisms su�ce; a boosting intervention only increases118

people’s ability to accurately identify ads that are targeted towards them if the119
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intervention provides explicit feedback about people’s relative score on the targeted120

personality dimension (as in H1).121
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Figure 1: Description of Experiments 1 and 2. a Feedback screen shown to partici-
pants in Experiment 1 after they completed an 8-item personality questionnaire assessing
their extraversion level (boosting condition), which includes feedback on their relative
rank within an age-matched norm population (from 31). b Experiments 1 and 2: Instruc-
tions of the detection task and example stimulus, taken from (3) (for the full set of stimuli,
see Table S1). c Design of Experiment 1, participants in the boosting condition received
feedback about the relevant personality dimension (extraversion) before the detection
task, whereas participants in the control condition received feedback about an irrelevant
personality dimension (A�nity for Technology Interaction, ATI). That is, the only di↵er-
ence between the two conditions is that the order of the two personality questionnaires
(plus the corresponding feedback) were swapped (i.e., before vs. after the detection task).
d In Experiment 2, participants were only exposed to components of the full intervention
used in Experiment 1: Participants did not receive any feedback before the detection task
(“with questionnaire”) and e half of participants only read the description of either the
relevant or irrelevant personality dimension (“without questionnaire”).
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1 Experiment 1122

1.1 Method123

The preregistration of the study can be accessed at https://aspredicted.org/ez6h2.124

pdf and includes, among other things, the research question, hypothesis H1, the primary125

outcome variable, planned sample size, exclusion criteria, and the exact specification of126

the mixed-level logistic regression model used to analyse this experiment. We report all127

data exclusions, all manipulations, and all measures used in the study (see 32). The128

experiment was programmed using formr (https://formr.org) (33). All data and code129

are publicly available at https://osf.io/ne4r9/.130

1.1.1 Materials and procedure131

In the boosting condition, participants completed an 8-item extraversion questionnaire132

(see Supplemental Information Fig. S3). Based on their responses, they received person-133

alized feedback (see Fig. 1a and Fig. S5) on their extraversion score relative to a large134

sample of online participants (from 31, see Supplemental Information section 1 for more135

details); this was truthful feedback, calculated for each participant on the fly. Specif-136

ically, participants were told whether their personality tended more towards extraver-137

sion (“You are extraverted”) or introversion (“You are introverted”). A participant’s138

percentile was shown both numerically and visually, expressed as how many of 100 ran-139

dom people were more and less extraverted (for participants categorised as extraverts)140

or introverted (for participants categorised as introverts) than the participant them-141

selves. The feedback was accompanied by a simple definition of extraversion adopted from142

Wikipedia (https://web.archive.org/web/20190801042657/https://en.wikipedia.143

org/wiki/Extraversion_and_introversion, see also Fig. 1a and S3). We enforced a144

1-minute wait on the feedback screen to ensure that participants processed the feedback.145
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The control condition followed the same procedure, but participants completed an unre-146

lated, 9-item questionnaire tapping their propensity to naturally interact with technical147

systems (A�nity for Technology Interaction, ATI; 34, for full questionnaire, see Fig. S4).148

The ATI feedback and the description of the dimension was presented in a format analo-149

gous to that used in the boosting condition (see Fig. S7).150

We then presented 10 ads for beauty products (taken from 3) in random order to151

the female participants, who were mirroring the population targeted in (3). Five of the152

ads were specifically designed to target extraverts; five target introverts (for the full set of153

stimuli, see Table S1). Each ad consisted of a picture and a slogan. “Extraverted” ads em-154

phasised socially stimulating contexts (e.g., “Love the spotlight”), whereas “introverted”155

ads emphasized socially less stimulating contexts (e.g., “Beauty isn’t always about being156

on show”). The original study (3) validated the stimuli by showing that extraverted ads157

were rated as more extraverted than introverted ads (and vice versa).158

Right before the beginning of the ad targeting detection task, participants received159

the following instructions: “In the following you will be shown ads that are all designed160

for women, but are additionally targeted at di↵erent personality types. Please identify161

those that target yourself: Do you think the ad is designed to appeal to people with162

your personality? Or do you think it is designed to appeal to people with a di↵erent163

personality?” That is, in this study, microtargeting was defined as addressing participants164

by tailoring ads to aspects of their personality. This was followed by a comprehension165

check (see Fig. S9): “Please complete the following sentence. For the following ads, I need166

to rate whether I think the ad is ...,” followed by the options “copied from a previous ad,”167

“targeted towards my personality type,” “appealing to me,” and “going to be e↵ective168

when aired.” If participants did not select “targeted towards my personality type,” the169

question was repeated (max. two times) with the response options presented in a di↵erent170
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order. As per preregistration, we included participants in the analysis only if they passed171

the comprehension check within a maximum of three attempts. For each ad, participants172

were then asked whether it was targeted towards their personality type: “Do you think173

this ad is targeted at you?” (“yes” vs. “no”; see Fig. 1b). Participants also indicated174

their decision confidence by responding to the question “How confident are you with your175

choice?” (Likert scale ranging from 1 = “not confident” to 5 = “very confident”).176

To summarise the procedure: Participants were randomly assigned to one of two177

conditions. In the boosting condition, participants first completed the extraversion ques-178

tionnaire and received feedback on their relative extraversion score (see Fig. 1a), then179

evaluated the targeting of the ads, and finally completed the ATI questionnaire and were180

given feedback on their relative ATI score (see Fig. S6). In the control condition, the181

position of the extraversion and ATI questionnaires (plus their respective feedback) was182

switched. Participants were asked to indicate their age in both the extraversion and the183

ATI questionnaire; this measure was used as a response consistency measure (see exclusion184

criteria). The study concluded with a question about education.185

1.1.2 Participants186

We collected responses from 318 participants (boosting condition N = 158, control con-187

dition N = 160, randomly allocated on the fly) via Prolific Academic, an online survey188

platform whose participants are more diverse and less familiar with experimental proce-189

dures than Amazon Mechanical Turk workers (35). Mirroring the population targeted190

in (3), we recruited female participants between the ages of 18 and 40 years who were191

UK residents fluent in English; we did not invite participants who already participated192

in a pilot study, via the prescreening functionality of Prolific. All participants provided193

their informed consent and received £2 for completing the study. No data that allows any194
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identification of participants is reported here, all participants provided informed consent195

on the data handling.196

Consistent with the preregistered exclusion criteria, we excluded participants for the197

following reasons: 25 participants for non-completion (13 in the boosting condition, 12198

in the control condition), 2 participants for giving di↵erent responses to the two age199

questions (1 in the boosting condition, 1 in the control condition), 6 participants for200

failing the comprehension check (4 in the boosting condition, 2 in the control condition),201

1 participant (from the boosting condition) with a relative extraversion percentile of202

exactly 50%, as no extraversion personality type can be assigned for participants with203

this value. The final sample thus comprised 284 participants, N = 139 in the control204

condition and N = 145 in the boosting condition. The median age of participants was 30205

years (first and third quartile: Q1 = 26 and Q3 = 34 years).206

1.1.3 Analysis207

The primary dependent variable was a participant’s decision about whether or not a208

particular ad was targeted towards her personality (“yes” vs. “no”). We classified each209

participant as either extravert (percentile > 50%) or introvert (percentile < 50%) on210

the basis of their percentile rank for extraversion. Based on this categorisation, each211

participant’s decisions were then scored as either correct or incorrect. Specifically, a212

decision was scored as correct if an extraverted participant responded that an extraverted213

ad was targeted at her or an introverted ad was not targeted at her. A decision was214

scored as incorrect if she responded that an extraverted ad was not targeted at her or215

that an introverted ad was targeted at her. The opposite coding was used for introverted216

participants. For analysing the results, we used a Bayesian mixed-level logistic regression217

(36; 37) (for more details about the implementation see the Supplemental Information).218
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1.2 Results219
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Figure 2: E↵ect of boosting and control interventions on the accuracy of detect-

ing targeted advertisements (Experiment 1). See Fig. 1 for the experimental setup,
where participants in the boosting condition received feedback about their extraversion
prior to the task. Point ranges show the Bayesian point estimate and 95% Bayesian credi-
ble interval for the probability of correctly detecting a targeted advertisement (based on a
Bayesian mixed-level logistic regression model; see Supplemental Information for details).
In the boxplots, the box shows the the first, second (median), and third quartiles (the
25th, 50th, and 75th percentiles). The lower and upper whiskers extend from the respec-
tive end of the box to the largest value no further than 1.5 ⇥ IQR from the box (where
IQR is the inter-quartile range, or distance between the first and third quartiles); outliers
are not displayed. The area of the dots and their numbers denote the within-condition
percentage of participants for each of the 11 possible values for a participant’s proportion
of correct decisions (given the 10 ads).

Figure 2 shows that the results supported hypothesisH1: Relative to the control condi-220
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tion, participants in the boosting condition correctly identified, on average, 26 percentage221

points more ads targeted at them (95% Bayesian credible interval, CI: 18–35)—raising222

the mean accuracy from 64% (95% CI: 53–73) to 90% (95% CI: 85–94). This di↵erence223

corresponds to an e↵ect size, expressed in terms of the “common language e↵ect size”224

(38), of CL = 0.78 (95% CI: .70–.84), which here indicates the probability that a ran-225

domly selected participant from the boosting condition has a higher detection accuracy226

than a randomly selected participant from the control condition. A value of 0.5 would227

imply no di↵erence and 1 would imply perfect separation between conditions. Additional228

analyses, detailed in the Supplemental Information (Figs. S10–S12), attest to the robust-229

ness of these results. To summarise, the intervention worked (a) for both extraverts and230

introverts, (b) di↵erent levels of education, (c) irrespective of whether participants were231

clearly or more tentatively classified as extravert or introvert; moreover, the e↵ect (d)232

also emerged when we measured detection performance independently of any response233

tendency (lenient vs. strict), in terms of the area under the Receiver Operating Charac-234

teristics curve (39) (AUC; based on participants’ confidence in their detection decisions)235

and (e) was stronger for extraverts than for introverts. The stronger e↵ect for extraverts236

seems to come from the low baseline accuracy of moderately extraverted participants in237

the control condition who had a lot of room to improve in the boosting condition (Figs. S10238

& S11); this phenomenon is asymmetrical and not observed for moderately introverted239

participants. Overall, these results demonstrate that it is possible to improve people’s240

ability to detect targeted advertisements through a short, simple boosting intervention.241

2 Experiment 2242

Experiment 2 aimed to disentangle the components underlying the e↵ects found in Ex-243

periment 1 by omitting individual parts of the intervention step-by-step and observing244
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the resulting e↵ects: Did the boosting intervention in Experiment 1 work because it (1)245

implicitly hinted at the targeting strategy of the advertiser by describing the relevant246

personality dimension (i.e., a mere description of the personality dimension su�ces), (2)247

encouraged people to reflect on their own position on the relevant personality dimension248

by having them complete a questionnaire (without providing feedback), or (3) explic-249

itly provided individual feedback on the relevant personality dimension (i.e., degree of250

extraversion vs. introversion)?251

2.1 Method252

Experiment 2 was identical to Experiment 1, with the exceptions specified below. The253

preregistration can be accessed at https://aspredicted.org/a7k2g.pdf and includes,254

among other things, the research question, hypotheses H2a–c, the primary outcome vari-255

able, planned sample size, exclusion criteria, and the exact specification of the mixed-level256

logistic regression model used to analyze this experiment. We report all data exclusions,257

all manipulations, and all measures in the study (see 32). All data and code are publicly258

available at https://osf.io/ne4r9/.259

We tested two simplifications of the intervention implemented in Experiment 1: pro-260

viding no feedback on the questionnaire and providing only a relevant definition of the per-261

sonality dimension (see also Fig. 1 for an illustration of the di↵erences in the experimental262

setup). Participants were randomly assigned to one of four conditions in a 2 (Intervention263

relevance: boosting vs. control) ⇥ 2 (Intervention type: Definition only vs. Definition +264

Questionnaire) between-subjects design. In both boosting conditions, participants first265

received a description of the relevant personality dimension: extraversion–introversion266

(see Fig. S7). In the questionnaire condition, participants then additionally completed267

the relevant extraversion inventory (see Fig. S3), but did not receive any feedback. All268
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participants were then asked to identify ads targeted towards their personality. After the269

ad targeting detection task, participants in both boosting conditions were given feedback270

on their relative extraversion score (as in Experiment 1, see Figs. 1a, S5, and S6); they271

then completed the ATI questionnaire and were given feedback on their relative ATI score272

(see Fig. S6). Because all feedback was provided after the detection task, it could not273

have any e↵ect on the detection task; we included the feedback simply to satisfy par-274

ticipants’ curiosity. For the two control conditions, the position of the extraversion and275

ATI descriptions (and, in the case of the condition with questionnaire, the corresponding276

questionnaire) was switched. For the preregistered model’s syntax for Experiment 2, see277

the Supplemental Information section 4.278

638 participants (boosting condition with questionnaire N = 173, boosting condition279

without questionnaire N = 130, control condition with questionnaire N = 164, control280

condition without questionnaire N = 171, randomly allocated on the fly), recruited from281

Prolific Academic. All participants provided their informed consent and received £2 for282

completing the study. No data that allows any identification of participants is reported283

here, all participants provided informed consent on the data handling. Experiment 2284

involved three preregistered prescreening criteria on Prolific, namely, that they had not285

participated in Experiment 1, its pilot, or a pilot study for Experiment 2.286

Consistent with the preregistered exclusion criteria, we excluded participants for the287

following reasons: 78 participants for non-completion (16 in the boosting condition with288

questionnaire, 10 in the boosting condition without questionnaire, 29 in the control with289

questionnaire, 23 in the control without questionnaire), 5 participants for an extraver-290

sion percentile of exactly 0.5 (3 in the boosting condition without questionnaire, 2 in the291

control with questionnaire), 2 participants for giving di↵erent responses for the two age292

questions (1 in the boosting condition with questionnaire, 1 in the control with ques-293
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tionnaire), and 10 participants for failing the comprehension check (3 in the boosting294

condition with questionnaire, 3 in the boosting condition without questionnaire, 2 in the295

control with questionnaire, 2 in the control without questionnaire). Our final sample size296

was thus 544 participants: boosting condition with questionnaire: N = 153 (i.e., 88%297

retained); boosting condition without questionnaire: N = 114 (i.e., 88% retained); con-298

trol condition with questionnaire: N = 131 (i.e., 80% retained); and control condition299

without questionnaire: N = 146 (i.e., 85% retained). The median age of participants was300

29 years (first and third quartiles: Q1 = 24 and Q3 = 34 years).301

2.2 Results302

The results of Experiment 2 support hypothesis H2b (Fig. 3): reflecting on one’s relevant303

personality dimension—without receiving any relevant feedback—is necessary, but also304

su�cient to boost people’s ability to identify ads that have been targeted at them. The305

boosting condition that included the extraversion questionnaire improved participants’306

performance by, on average, 10 percentage points (95% CI: 2–20) compared to the boosting307

condition with only the extraversion description, raising mean accuracy from 72% (95%308

CI: 62–80) to 83% (95% CI: 76–88); this di↵erence corresponds to a common language309

e↵ect size of CL = .62 (95% CI: .52–.71). This positive e↵ect is at odds with hypothesis310

H2c, according to which explicit knowledge of one’s level on the relevant personality311

dimension is necessary for the intervention to work. By contrast, participants who only312

read the extraversion description performed no better than participants who read the313

unrelated description of the ATI personality dimension (CL = .52, 95%: .43–.62); the314

latter participants correctly identified 70% of the ads (95% CI: 61–77). This result is315

at odds with hypothesis H2a, according to which hinting at the strategy used by the316

advertiser is su�cient for the intervention to work. Importantly, the e↵ectiveness of self-317
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Figure 3: E↵ects of individual components of the full intervention from Exper-

iment 1 on the ability to accurately detect targeted advertisements (Exper-

iment 2). Participants in the boosting conditions either just read a description of the
relevant personality dimension prior to the task (“without questionnaire”; see Fig. 1c), or
additionally filled out the short questionnaire from Experiment 1, but without feedback
(“with questionnaire”; see Fig. 1d). Point ranges show the Bayesian point estimate and
95% Bayesian credible interval for the probability of correctly detecting a targeted adver-
tisement (based on a mixed-level logistic regression model; see Supplemental Informations
for details). In the boxplots, the box shows the the first, second (median), and third quar-
tiles (the 25th, 50th, and 75th percentiles). The lower and upper whiskers extend from
the respective end of the box to the largest value no further than 1.5 ⇥ IQR from the box
(where IQR is the inter-quartile range, or distance between the first and third quartiles);
outliers are not displayed. The area of the dots and their numbers denote the within-
condition percentage of participants for each of the 11 possible values for a participant’s
proportion of correct decisions (given 10 ads).
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reflection was not generic: performance was boosted only when people reflected on the318

relevant personality dimension. Participants who read the unrelated description of ATI319

and then completed the ATI questionnaire correctly identified 67% of the targeted ads320

(95% CI: 57–77)—that is, 15 percentage points (95 CI: 7–25) fewer than the participants321

who reflected on the relevant personality dimension (i.e., extraversion; CL = .66, 95%:322

58–74).323

Additional analyses, detailed in the Supplemental Information (Figs. S13–S15), attest324

to the robustness of these results. To summarise, the results hold (a) for both extraverts325

and introverts, (b) di↵erent levels of education; moreover, the e↵ect (c) was stronger326

for extraverts than for introverts, and (d) also emerged when we measured detection327

performance independently of any response tendency (lenient vs. strict), in terms of328

the AUC (39) (based on participants’ confidence in their detection decisions). However,329

for moderately extraverted participants, we did not observe an e↵ect of filling out the330

relevant (vs. unrelated) questionnaire (Fig. S13 & S14); for those participants the explicit331

feedback about their personality seems necessary for improving their detection accuracy332

(cf. Experiment 1). In summary, Experiment 2 showed that the boosting intervention333

can improve detection accuracy even without providing explicit feedback, whereas merely334

describing the relevant personality dimension was insu�cient.335

Discussion336

Two experiments demonstrated that prompting people to reflect on a targeted personality337

dimension—by means of a simple intervention—boosts their ability to identify ads aimed338

at exploiting their personal vulnerabilities. Providing personalized feedback in the full339

intervention of Experiment 1 resulted in the strongest improvements, which serves as an340

existence proof of the e↵ectiveness of such interventions. When testing the components341
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of the full intervention in Experiment 2, we found that merely providing a description of342

the targeted personality dimension did not enhance detection accuracy. In contrast, com-343

pleting a short personality questionnaire about the targeted personality dimension, but344

without any feedback, was su�cient to increase accuracy; however, the full intervention345

with feedback (Experiment 1) yielded larger improvements in accuracy.346

These results resonate with the recent finding that simple interventions, such as ex-347

posing people to misinformation strategies, can help to inoculate people against such348

techniques (40; 41). As an instance of boosting interventions—which aim to foster peo-349

ple’s competences—they have the potential to generalise beyond the immediate context in350

which they were initially deployed (29; 42), for example to the domain of political adver-351

tisement. Boosting interventions also have the advantage that they can often be deployed352

independently of any platform or technology. That is, they do not need to interface with353

a platform’s information architecture and are therefore not dependent on the platform’s354

cooperation (in terms of access and maintaining interoperability). Compared with, say,355

an intervention where advertisements are labelled within the platform’s interface, an in-356

tervention targeting people’s competences may therefore prove to be more robust towards357

constantly changing technology, advertising strategies, and the tech companies’ level of358

cooperation. Self-reflection tools aimed at helping people increase their awareness of their359

vulnerabilities to microtargeting could be deployed on independent apps or websites—or360

even as “analogue” tools (e.g., a checklist on a printed flyer). In the domain of misinfor-361

mation, gamified implementations of such “inoculation” interventions have so far shown362

potential to be embraced by large segments of the population (40; 43). Clearly, such tools363

would need to cover a range of the most relevant microtargeting dimensions in order to364

o↵er e↵ective protection.365

Building on our proof-of-principle, future research should reveal the cognitive mecha-366
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nisms underlying the beneficial e↵ects we found; examine the extent to which the increases367

in detection ability translate into improved downstream outcomes (e.g., in terms of evalu-368

ating and responding to ads); examine whether an increased detection ability “immunizes”369

people against the manipulative power if microtargeting (e.g., in terms of how people370

evaluate and respond to ads; see also (22)); and investigate the extent to which the inter-371

vention e↵ects generalise to other personality dimensions and more diverse populations372

and thus clarify where they are most impactful (e.g., are such self-awareness interventions373

particularly e↵ective for unfamiliar personality dimensions?). Finally, studying the ex-374

tent to which the presented boosting interventions generalise to detecting microtargeting375

in the political domain is a future priority as it is in this domain that the potential of376

manipulation through microtargeting is most worrisome.377

Our findings also raise a question with potentially broader relevance for the goal378

of transparency in the online world. In our study, merely describing a personality di-379

mension did not su�ce to improve people’s ability to detect microtargeting. What380

does this mean for measures aiming to achieve transparency by merely describing in-381

formation to users—such as Google’s https://myactivity.google.com or Facebook’s382

https://facebook.com/your_information? This is an open question, but, clearly,383

benevolent choice architects should not assume that a mere description and nominal trans-384

parency will automatically produce “e↵ective transparency”. Just because something is385

technically or in legal terms made “transparent” does not yet guarantee that users are386

able to or willing to engage with the content. And even if they do, they still may not387

understand what it means for them (e.g., why do I see this ad and how is it trying to388

influence me?).389

To conclude, our results provide a proof-of-principle that is consistent with a long-term390

vision in which the knowledge asymmetry between platforms and users is reduced and391
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in which the risk of being manipulated into behaviours that serve specific commercial or392

political interests is curtailed. For this to happen, a mix of regulation and interventions393

based on insights and evidence from thes behavioral sciences will be indispensable. The394

promising results in the current study underscore the that the behavioral sciences in395

general, and the boosting approach should play a key role in the research and policy396

endeavor to help citizens regain some of their individual autonomy in the online world,397

(30; 11).398
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1 Supplemental Information on Methods

1.1 Experiment 1

1.1.1 Personality norms

Questions and distributional information for the raw personality scores were adopted from (2)
for extraversion and from (3) for ATI. (2)1 provide the mean and standard deviation (SD) of the
raw scores for each age year between 21 and 60 based on a large Internet study (N = 132, 515,
91% of participants are from the United States and 9% from Canada; no gender-specific norms
were available); we were thus able to provide age-matched feedback for extra-/introversion (for
participants aged 18–20 years, we used the norms for age 21 years). For ATI, we used the
mean and SD of the sample “S5-full” reported in (3) (i.e., no age- or gender-specific norms were
available; this sample is a mix of German and US American Mechanical Turk respondents). To
achieve consistency across questionnaires, we presented both questionnaires on a 5-point Likert
scale. Because the ATI norm study (3) used a 6-point scale, we rescaled the mean and SD
(original norm values M = 3.61, SD = 1.09; rescaled values M = 3.09, SD = 0.86). See the
screenshots further below for extraversion and ATI questionnaires and sample feedback (Figs. S3
and S4 for questionnaires; Figs. S5 and S6 for feedback and definitions).

Figure S1 shows the distributions of the extraversion and ATI percentiles calculated based
on the respective norms. The results show that our female UK participants are somewhat more
introverted than their age-matched US counterparts and slightly more technology a�ne than
the ATI population. For the following three reasons, we argue that this di↵erence in the level of
extraversion does not pose a problem to the validity of our results and that using local norms
(i.e., participants’ empirical position in the distribution of raw mean scores in our study, or, in
short, in-sample percentiles) is a worse and not better approach.

First, several studies showed that the US and UK populations are similar in terms of ex-
traversion and therefore using a US sample to calculate a UK respondent’s extraversion percentile
should, in principle, yield similar extraversion percentiles compared with using a UK sample.
From this it then follows that the extraversion percentiles we used to give extraversion feedback
(Experiment 1) and evaluate the targeting decisions (Experiments 1 and 2) should roughly align
with the respondents placement within their overall population (i.e., all UK residents). Here we
highlight three empirical patterns to support this claim: (i) The mean and standard deviation of
the distributions of extraversion raw scores of US and UK samples are highly similar (see Table
5 in (4)). (ii) Both our US norm sample (2) and a British household panel study (5) show that
extraversion decreases slightly from 18 to 40 years. (iii) In both US and UK samples women
reported slightly higher extraversion than men (6). In principle, it would be desirable to use
UK- and gender-specific extraversion norms. However, even though there are studies reporting
British data (e.g., (4; 5; 6)), we have not yet been able to locate a study (or supplemental
material or data) that actually reports mean and standard deviations of the raw scores for the
British population, which are necessary to compute global percentiles based on an observed raw
score.

1See https://web.archive.org/web/20190427124300/http://www.ocf.berkeley.edu/~johnlab/
pdfs/BFI%20Comparison%20Samples%20(Ages%2021%20-%2060).doc.
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Figure S1: Distributions of the extraversion and ATI percentiles in Experiment

1. The top row shows histograms and the bottom row shows empirical cumulative distri-
bution functions (ECDF) of the percentiles for extraversion and ATI, respectively (based
on the respective norm data). If participants in Experiment 1 were to completely align
with the norm data (2; 3), then the histograms would be uniformly distributed and the
ECDFs would lie on the main diagonal. Results show that our female UK participants
are somewhat more introverted than their age-matched US counterparts and slightly more
technology a�ne than the ATI population. See text for a discussion of these results.

Second, since a person’s level of extraversion is defined relative to a global population (e.g.,
all UK residents) and not relative to whatever study sample they might end up in, there are
conceptual reasons why local norms (i.e., in-sample percentiles) are not per se more relevant
than global norms (based on an estimate of the population’s mean and standard deviation of
the raw score of the personality scale)—and potentially even detrimental for the goals of our
study. Consider the extreme case where a study recruits a subpopulation of people known to be
very introverted. Then parts of the more extraverted half of the resulting sample of participants
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would still be less extraverted than some of the more introverted people in the global population.
In other words, even though these participants will have higher in-sample extraversion percentiles
compared to their full-population percentiles (e.g., derived based on data, such as reported in
(2)), there is no reason to expect them to now respond more to extraverted ads just because they
are part of a study that oversampled introverted people. Because our study uses validated stimuli
from (1), we aimed to recruit from a population as close as possible to the one microtargeted in
that study (i.e., female UK residents ages 18–40; see Methods in the main text for more details).
This subpopulation, and the resulting two samples in our study, may not—but also do not need
to be—representative of the population of all UK residents in terms of extraversion. As argued
above, our goal is assess a participant’s level of extraversion relative to the global population
and to achieve this, we should use estimates for the mean and standard deviation for that global
population.

Third, there are also empirical reasons why using global norms in our study seems prefer-
able to using local norms. Let us assume now that, for whatever reason, in-sample percentiles
were actually more representative or relevant for the participants in our two experiments and
using those in-sample percentiles would allow us to more truthfully classify participants as ex-
traverted or introverted. If so, then one would expect that re-evaluating participants’ targeting
decisions according to their in-sample personality category (i.e, calculating their in-sample ex-
traversion percentile, categorizing them as extra- or introverted, and then re-scoring the accuracy
of their targeting decisions) should not deteriate participants’ apparent detection performance.
If anything, one could expect their apparent performance to improve if in-sample extraversion
percentiles indeed were more valid (assuming that people, on average, or more likely than not to
correctly assess themselves as extra- or introverted.). To empirically assess this conjecture, we
conducted a re-analysis of our data. We only included participants from the three control con-
ditions (across both experiments); we did not include participants from the boosting conditions
to avoid confounding our analysis with the extraversion feedback (Experiment 1) or exposure to
the extraversion definition or questionnaire (Experiment 2). From the total of 422 control partic-
ipants, 73 (17%) participants previously categorized as introverted would now be re-categorized
as extraverted; given that each participants’ in-sample percentile is higher than their global
percentile (see Figures S1 & S2), none of the participants previously categorized as extraverted
changed their assignment. After switching the personality category of a participant, the new
accuracy (i.e., proportion correct detection decisions) will, by necessity, be the complement of
the original accuracy because now the ground truth of an ad for that participant has switched,
while the detection decisions themselves have not (e.g., if accuracy previously was 40%, it will
now be 60%; if it previously was 80%, it will now be 20%). Results showed that from the 73
control participants that were re-classified as extraverted, only 6 (8%) improved their accuracy.
Thirteen (18%) participants with an original accuracy of 50% stayed at 50%—by necessity be-
cause the complement of 50% is again 50%. Markedly, fifty-four (74%) participant had a lower
accuracy when using their in-sample extraversion percentile. Across all 73 participants, the me-
dian participant’s accuracy dropped by 40 percentage points. In sum, this re-analysis suggests
that the in-sample extraversion percentiles are not better aligned with participants’ personality
because control participants performed better if they were scored using their global extraversion
percentiles based on (2). This then suggests to us that using the global percentiles, as we did
in this study, is the preferable approach.
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1.1.2 Statistical analysis

We used a Bayesian mixed-level logistic regression model implemented in the R package brms

(7; 8) and its default, vague priors (see code for exact specifications). The preregistered model’s
syntax is

correct ~ 1 + condition + (1 | id) + (1 + condition | stimuli)

where correct is 1 for correct and 0 for incorrect classification decisions, condition is a
deviation-coded factor variable for the boosting vs. control condition, id is a unique identifier for
participants, and stimuli is a unique identifier for ads. Note that (1 + condition | stimuli)

allows the treatment e↵ect to di↵er in size by ad. Four Markov chain Monte Carlo (MCMC)
chains, each with 8,000 samples, were run; the first 4,000 samples were discarded as warm-up.
The MCMC diagnostics indicated good convergence (see section 3.1.2 below).

Posterior distributions were summarized using the median (point estimate) and 95% credible
interval (uncertainty interval). Based on the model parameters (see section 3.1.2 below for a
summary table), we derived posterior distributions for several key statistics of interest: (a) the
probability of a correct detection decision in both conditions, (b) the percentage point di↵erence,
and (c) e↵ect sizes between the two conditions.

We express e↵ect sizes using the “common language e↵ect size” (CL; 9), which indicates the
probability that a randomly selected participant from one condition has a higher value than a
randomly selected participant from another condition; a value of 0.5 implies no di↵erence and 1
would imply perfect separation between conditions. CL is well suited to compare conditions in a
mixed-level logistic regression model because—unlike the commonly used measures of e↵ect size
based on standardized mean di↵erences—CL is invariant to monotonical transformations. That
is, its value does not depend on the arbitrary decision about whether to look at the results in
log-odds or probability space. We derive the posterior distribution of a CL-comparison based on
the model’s posterior distributions for the participant-population mean and standard deviation
in each condition (setting the item e↵ects to zero, that is, considering the average item).

1.2 Experiment 2

1.2.1 Personality norms

Experiment 2 exactly followed Experiment 1 (see section 1.1.1). Figure S2 shows the distribu-
tions of the extraversion and ATI percentiles calculated based on the respective norms. The
results show that our female UK participants are somewhat more introverted than their age-
matched US counterparts and similarly technology a�ne as the ATI population. See section
1.1.1 for an in-depth discussion of why this di↵erence in the level of extraversion does not pose
a problem to the validity of our results.

1.2.2 Statistical analysis

The preregistered model’s syntax is

correct ~ 1 + relevance * questionnaire + (1 | id)

+ (1 + relevance * questionnaire | stimuli)
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Figure S2: Distributions of the extraversion and ATI percentiles in Experiment

2. The top row shows histograms and the bottom row shows empirical cumulative distri-
bution functions (ECDF) of the percentiles for extraversion and ATI, respectively (based
on the respective norm data). If participants in Experiment 2 were to completely align
with the norm data (2; 3), then the histograms would be uniformly distributed and the
ECDFs would lie on the main diagonal. Results show that our female UK participants
are somewhat more introverted than their age-matched US counterparts and similarly
technology a�ne as the ATI population. See text for a discussion of these results.

where correct is 1 for correct and 0 for incorrect classification decisions, relevance is a
deviation-coded factor variable for the boosting vs. control conditions (i.e., relevant vs. unre-
lated personality dimension, respectively), questionnaire is a deviation-coded factor variable
indicating whether or not participants were administered a questionnaire, id is a unique identifier
for participants, and stimuli is a unique identifier for ads. relevance * questionnaire indi-
cates that the model includes the two main e↵ects as well as the interaction relevance : questionnaire.
Note that
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(1 + relevance * questionnaire | stimuli)

allows the treatment e↵ects (i.e., two main e↵ects and their interaction) to di↵er in size by ad.
Four MCMC chains, each with 8,000 samples, were run; the first 4,000 samples were discarded
as warm-up. The MCMC diagnostics indicated good convergence (see section 3.2.2 below).
Based on the model’s parameters (see section 3.2.2 below for a summary table), we derived
posterior distributions for several key statistics of interest: (a) the probability of a correct
detection decision in each condition, (b) percentage point di↵erences, and (c) e↵ect sizes between
conditions. For more information on the analysis approach, see section 1.1.2 above.
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2 Screenshots of Experiments

2.1 Personality questionnaires

Figure S3: Extraversion personality questionnaire used in Experiments 1 and 2.
These 8 items are a subset of the 44-items extraversion scale (2)

.
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Figure S4: A�nity for Technology Interaction (ATI) questionnaire used in Ex-
periments 1 and 2. Items are taken from Franke et al.(3).
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2.2 Personality feedback screens

Figure S5: Personality feedback and description used in the boosting condition

in Experiment 1 (i.e., the relevant personality dimension: extraversion). This screen-
shot is an example for a participant classified as extravert; for participants classified as
introverts, the the feedback is reframed in terms of intraversion (i.e., the title reads “You
are introverted” and the text below reads “You are more introverted than [XX] out of
100 people of your age” and “You are less introverted than [100�XX] out of 100 people
of your age”, where [XX] is the respective percentile). This definition of extraversion
is adapted from Wikipedia (https://web.archive.org/web/20190801042657/https:
//en.wikipedia.org/wiki/Extraversion_and_introversion.
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Figure S6: Personality feedback and description used in the control condition in

Experiment 1 (i.e., the irrelevant personality dimension: A�nity for Technology, ATI
(3)). This screenshot is an example for a participant classified as technology a�ne; for
participants classified as not technology a�ne, the the feedback is reframed in terms of
technology aversion (i.e., the title reads “You are technology averse” and the text below
reads “You are more averse than [XX] out of 100 people” and “You are less averse than
[100� XX] out of 100 people”, where [XX] is the respective percentile).
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2.3 Descriptions of personality dimensions

Figure S7: Description of the extraversion personality dimension, used in the
boosting condition in Experiment 2. This definition of extraversion is adapted from
Wikipedia (https://web.archive.org/web/20190801042657/https://en.wikipedia.
org/wiki/Extraversion_and_introversion).

Figure S8: Description of the A�nity for Technology scale (ATI) used in the
control condition in Experiment 2. This definition is taken from Franke et al. (3).
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2.4 Comprehension check

Figure S9: Comprehension check used in Experiments 1 and 2 prior to starting

the detection task. If a participant did not choose the correct answer (“targeted towards
my personality type”), the questions was shown again up to two more times, alongside
the note ”The last answer was not correct, please try again:” (i.e., a total maximum
of three attempts). The response options were sorted di↵erently after each incorrect
response. Only participants who passed the comprehension check within three attempts
were included in the analysis (see 1.1 in the main text and the preregistrations).
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2.5 Stimuli: The 10 ads from (1)

Image accessible here:
http://www.gettyimages.co.uk/
license/137548001
Text: Beauty doesn’t have to shout

Image accessible here:
http://www.gettyimages.ca/license/
476806075
Text: Dance like no one’s watching (but
they totally are)

Image accessible here:
http://www.gettyimages.co.uk/
license/488603139
Text: Uncover your natural beauty

Image accessible here:
http://www.gettyimages.co.uk/
license/476996977
Text: Bring out your best features and bring
on the night

Image accessible here:
http://www.gettyimages.ca/license/
78767137
Text: Indulge your natural beauty

Image accessible here:
http://www.gettyimages.co.uk/
license/130899617
Text: Love the spotlight and feel the
moment

Image accessible here:
http://www.gettyimages.co.uk/
license/496839201
Text: Find some time to feel yourself

Image accessible here:
http://www.gettyimages.co.uk/
license/152415201
Text: Bold characters feel unique

Image accessible here:
http://www.gettyimages.co.uk/
license/184934575
Text: Beauty isn’t always about being on
show

Image accessible here:
http://www.gettyimages.co.uk/
license/130406597
Text: Love the spotlight

Table S1: Stimuli: The 10 ads used in Experiments 1 and 2. The ads in the left
column are tailored to extraverts and the ads in the right column to introverts. Images
and text were adopted from (1)
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3 Additional results

3.1 Experiment 1

3.1.1 Detection performance, boosting intervention, and level of extraversion
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Figure S10: Detection performance (in terms of proportion of correct decisions),

boosting intervention, and level of extraversion (Experiment 1). A Scatterplot
of participants’ accuracy (i.e., proportion correct decisions; y-axis) and their extraversion
percentile (from 0 most introverted to 1 most extraverted; x-axis) for boosting vs. control
group (color coded). Dots are slightly jittered vertically to avoid overplotting. Curves
and confidence bands show robust LOESS curves (locally estimated scatterplot smoothing
using re-descending M estimator with Tukey’s biweight function) and their 95% confidence
band. B Detection accuracy by extraversion quartiles (x-axis) for boosting vs. control
group (color coded). In the boxplots, the box shows the the first, second (median), and
third quartiles (the 25th, 50th, and 75th percentiles). The lower and upper whiskers
extend from the respective end of the box to the largest value no further than 1.5 ⇥ IQR
from the box (where IQR is the inter-quartile range, or distance between the first and
third quartiles); outliers are not displayed. The area of the dots and their numbers denote
the within-quartile-and-condition percentage of participants for each of the 11 possible
values for a participant’s value of proportion of correct decisions (given the 10 ads).
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Figure S11: Detection performance (in terms of the area under the Receiver

Operating Characteristics curve, AUC, based on participants’ confidence rat-

ing), boosting intervention, and level of extraversion (Experiment 1). Detection
accuracy is quantified using the AUC based on participants’ confidence rating, using the
trapezoid method (i.e., no kernel- or model-based smoothing; 10). In particular, this
calculation uses a participant’s confidence that the ad is targeted towards them (implied
by the participant’s binary categorization decision and corresponding rating about how
confident the respondent is in the correctness of her decision). An AUC value can be in-
terpreted as the probability that a participant’s confidence (in the sense described above)
is higher for a randomly selected ad that actually targets this participant compared to
a randomly selected ad that does not actually target this participant. A Scatterplot of
participants’ detection performance (i.e., AUC; y-axis) and their extraversion percentile
(from 0 most introverted to 1 most extraverted; x-axis) for boosting vs. control group
(color coded). Dots are slightly jittered vertically to avoid overplotting. Curves and
confidence bands show robust LOESS curves (locally estimated scatterplot smoothing us-
ing re-descending M estimator with Tukey’s biweight function) and their 95% confidence
band. B Detection performance (i.e., AUC; y-axis) by extraversion quartiles (x-axis) for
boosting vs. control group (color coded). Dots show individual participants (jittered
horizontally to avoid overplotting). In the boxplots, the box shows the the first, second
(median), and third quartiles (the 25th, 50th, and 75th percentiles). The lower and upper
whiskers extend from the respective end of the box to the largest value no further than
1.5 ⇥ IQR from the box (where IQR is the inter-quartile range, or distance between the
first and third quartiles); outliers are not displayed.
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Figure S12: Detection performance, boosting intervention, and education (Ex-

periment 1). A Detection accuracy (i.e., proportion correct decisions; y-axis) by educa-
tion (x-axis) for boosting vs. control group (color coded). The area of the dots and their
numbers denote the within-education-and-condition percentage of participants for each
of the 11 possible values for a participant’s value of proportion of correct decisions (given
the 10 ads). n denotes the number of participants for each combination of education
level and condition. B Detection performance in terms of AUC (y-axis); see Fig. S13 for
more details on AUC. Dots show individual participants (jittered horizontally to avoid
overplotting). In the boxplots, the box shows the the first, second (median), and third
quartiles (the 25th, 50th, and 75th percentiles). The lower and upper whiskers extend
from the respective end of the box to the largest value no further than 1.5 ⇥ IQR from
the box (where IQR is the inter-quartile range, or distance between the first and third
quartiles); outliers are not displayed.
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3.1.2 Summary of mixed-level logistic regression model

The text below shows the model summary of the brms Bayesian mixed-level logistic regression
model (7; 8) reported for Experiment 1. See section 1.1.2 above for more information on the
coding of the variables. Estimate shows the median and l-95% and u-95% show the 95%
posterior credibility interval (i.e., the 2.5% and 97.5% percentile, respectively) of the respective
marginal posterior distribution. For more details see the R help file ?brms::summary.brmsfit2

Family: bernoulli
Links: mu = logit

Formula: dec_correct ~ 1 + condition + (1 | id) + (1 + condition | stimuli)
Data: tbl_targeting_1 (Number of observations: 2840)

Samples: 4 chains, each with iter = 8000; warmup = 4000; thin = 1;
total post-warmup samples = 16000

Group-Level Effects:
~id (Number of levels: 284)

Estimate Est.Error l-95% CI u-95% CI Rhat Bulk_ESS Tail_ESS
sd(Intercept) 1.52 0.11 1.32 1.75 1.00 6358 10048

~stimuli (Number of levels: 10)
Estimate Est.Error l-95% CI u-95% CI Rhat Bulk_ESS

sd(Intercept) 0.48 0.14 0.28 0.92 1.00 5852
sd(condition1) 0.20 0.16 0.01 0.63 1.00 6142
cor(Intercept,condition1) 0.29 0.55 -0.83 0.95 1.00 18907

Tail_ESS
sd(Intercept) 9267
sd(condition1) 7713
cor(Intercept,condition1) 10651

Population-Level Effects:
Estimate Est.Error l-95% CI u-95% CI Rhat Bulk_ESS Tail_ESS

Intercept 1.38 0.20 0.97 1.79 1.00 5350 8842
condition1 1.62 0.24 1.16 2.10 1.00 6967 10456

Samples were drawn using sampling(NUTS). For each parameter, Bulk_ESS
and Tail_ESS are effective sample size measures, and Rhat is the potential
scale reduction factor on split chains (at convergence, Rhat = 1).

2E.g., at https://rdrr.io/cran/brms/man/summary.brmsfit.html.
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3.2 Experiment 2

3.2.1 Detection performance, boosting intervention, and level of extraversion
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Figure S13: Detection performance, boosting intervention, and level of extraver-

sion (Experiment 2). A Scatterplot of participants’ accuracy (i.e., proportion correct
decisions; y-axis) and their extraversion percentile (from 0 most introverted to 1 most ex-
traverted; x-axis) for boosting vs. control group (color coded) and without and with ques-
tionnaire (left & right subplot, respectively). Dots are slightly jittered vertically to avoid
overplotting. Curves and confidence bands show robust LOESS curves (locally estimated
scatterplot smoothing using re-descending M estimator with Tukey’s biweight function)
and their 95% confidence band. B Detection performance by extraversion quartiles (x-
axis) for boosting vs. control group (color coded) and without and with questionnaire
(left & right subplot, respectively). In the boxplots, the box shows the the first, second
(median), and third quartiles (the 25th, 50th, and 75th percentiles). The lower and up-
per whiskers extend from the respective end of the box to the largest value no further
than 1.5 ⇥ IQR from the box (where IQR is the inter-quartile range, or distance between
the first and third quartiles); outliers are not displayed. The area of the dots and their
numbers denote the within-quartile-and-condition percentage of participants for each of
the 11 possible values for a participant’s value of proportion of correct decisions (given
the 10 ads).
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Figure S14: Detection performance (in terms of the area under the Receiver

Operating Characteristics curve, AUC, based on participants’ confidence rat-

ing), boosting intervention, and level of extraversion (Experiment 2). Detection
accuracy is quantified using the AUC based on participants’ confidence rating, using the
trapezoid method (i.e., no kernel- or model-based smoothing; 10). In particular, this cal-
culation uses a participant’s confidence that the ad is targeted towards them (implied by
the participant’s binary categorization decision and corresponding rating about how con-
fident the respondent is in the correctness of her decision). A Scatterplot of participants’
detection performance (i.e., AUC; y-axis) and their extraversion percentile (from 0 most
introverted to 1 most extraverted; x-axis) for boosting vs. control group (color coded) and
without and with questionnaire (left & right subplot, respectively). B Detection perfor-
mance (i.e., AUC; y-axis) by extraversion quartiles (x-axis) for boosting vs. control group
(color coded) and without and with questionnaire (left & right subplot, respectively). See
Fig. S11 for more details on AUC and what the two panels show.
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Figure S15: Detection performance, boosting intervention, and education (Ex-

periment 2). A Detection accuracy (i.e., proportion correct decisions; y-axis) by edu-
cation (x-axis) for boosting vs. control group (color coded) and without and with ques-
tionnaire (left & right subplot, respectively). B Detection performance in terms of AUC
(y-axis); see Fig S13 for more details on AUC and Fig S11 for more details on what the
two panels show.
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3.2.2 Summary of mixed-level logistic regression model

The text below shows the model summary of the brms Bayesian mixed-level logistic regression
model (7; 8) reported for Experiment 2. See section 1.1.2 above for more information on the
coding of the variables. Estimate shows the median and l-95% and u-95% show the 95%
posterior credibility interval (i.e., the 2.5% and 97.5% percentile, respectively) of the respective
marginal posterior distribution. For more details see the R help file ?brms::summary.brmsfit3

Family: bernoulli

Links: mu = logit

Formula: dec_correct ~ relevance + questionnaire + (1 | id) + (1 + relevance * questionnaire | stimuli) + relevance:questionnaire

Data: tbl_targeting_2 (Number of observations: 5440)

Samples: 4 chains, each with iter = 8000; warmup = 4000; thin = 1;

total post-warmup samples = 16000

Group-Level Effects:

~id (Number of levels: 544)

Estimate Est.Error l-95% CI u-95% CI Rhat Bulk_ESS Tail_ESS

sd(Intercept) 1.40 0.07 1.27 1.55 1.00 6152 10037

~stimuli (Number of levels: 10)

Estimate Est.Error l-95% CI u-95% CI Rhat Bulk_ESS Tail_ESS

sd(Intercept) 0.41 0.12 0.25 0.77 1.00 4342 7611

sd(relevance1) 0.07 0.06 0.00 0.28 1.00 9937 6944

sd(questionnaire1) 0.28 0.13 0.05 0.64 1.00 5235 4153

sd(relevance1:questionnaire1) 0.58 0.26 0.10 1.32 1.00 5242 4135

cor(Intercept,relevance1) 0.21 0.50 -0.73 0.88 1.00 20004 10396

cor(Intercept,questionnaire1) 0.27 0.36 -0.49 0.81 1.00 13771 11535

cor(relevance1,questionnaire1) 0.01 0.50 -0.80 0.82 1.00 5925 10781

cor(Intercept,relevance1:questionnaire1) -0.31 0.35 -0.82 0.44 1.00 14273 11177

cor(relevance1,relevance1:questionnaire1) -0.01 0.51 -0.82 0.80 1.00 6887 10321

cor(questionnaire1,relevance1:questionnaire1) 0.02 0.43 -0.73 0.73 1.00 10467 12535

Population-Level Effects:

Estimate Est.Error l-95% CI u-95% CI Rhat Bulk_ESS Tail_ESS

Intercept 1.03 0.15 0.69 1.34 1.00 3497 5590

relevance1 0.48 0.15 0.19 0.77 1.00 4468 7879

questionnaire1 0.24 0.17 -0.11 0.59 1.00 5883 8847

relevance1:questionnaire1 0.72 0.35 -0.01 1.42 1.00 5783 8725

Samples were drawn using sampling(NUTS). For each parameter, Bulk_ESS

and Tail_ESS are effective sample size measures, and Rhat is the potential

scale reduction factor on split chains (at convergence, Rhat = 1).

3E.g., at https://rdrr.io/cran/brms/man/summary.brmsfit.html.
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