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Abstract 
Robocalls that use autodialers or prerecorded messages remain a dominant channel for spam 
(commercial solicitations) and scams (attempts to steal money or information), yet their 
psychological characteristics at scale remain poorly understood. We leveraged a honeypot 
(decoy phone lines to receive and transcribe unsolicited calls) of 295,749 lines to analyze 4.49 
million transcripts over five years (2018–2022). A large language model, validated against fraud 
expert judgments, classified calls as scam, spam, or neither, and as targeting older adults or the 
general public. Transcripts were profiled using LIWC-22, a fraud tactics dictionary (promise of 
gain, threat of loss, time pressure, authority), and emotional arousal indices. Scam robocalls 
showed higher arousal, time pressure, threats of loss, and authority appeals than spam. Scams 
targeting older adults showed even higher arousal, time pressure, loss-framing, and health 
content – patterns linked to scam susceptibility in older adults – with implications for theory and 
intervention design. 
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Americans receive approximately four billion robocalls per month1. Robocalls are defined 

as calls made with an autodialer or that contain a prerecorded or artificial voice message2. 

According to the National Consumer Law Center, 68 million Americans lost $29 billion to 

robocall scams in 20223. In fact, even with advances in other technologies used to disseminate 

spam and perpetrate scams (e.g., social media accounts, text messaging), robocalls continue to 

make up the majority of complaints received by the Federal Communications Commission 

(2025). Despite regulators’ efforts to thwart robocalls, robocallers remain difficult to stop for 

several reasons. First, in the case of the United States, many, if not the majority of, robocallers 

operate outside U.S. borders4, limiting the U.S.'s ability to enforce domestic regulations. 

Second, robocallers frequently change the phone numbers they use to avoid detection and 

blocking. They often employ a tactic known as neighbor spoofing, in which the robocaller 

“spoofs” their outgoing number to mimic the target’s area code, increasing the likelihood that the 

call will be answered5.  

Older adults, who have greater financial resources on average than younger adults, are 

often deliberately targeted by fraudsters6,7, and this dynamic is also observed among robocall 

scams. Older adults are more likely to receive robocalls8 and report higher median losses to 

robocall scams than other age groups9. In fact, the scams that older adults report the highest 

median losses to are scams that begin over the phone10. The consequences of fraud 

victimization can be financially and psychologically devastating for older adults6,11,12, who often 

have more to lose in the form of retirement and other assets. 

While there has been research on robocalls, the existing literature faces two critical 

limitations. First, much of the research relies on self-reports of exposure to (e.g.,13,14) and 

victimization by (e.g.,10,15) robocalls. The reliance on self-reports is problematic due to (a) 

limitations in people’s ability to recall and accurately report what media content they are 

exposed to and the content of that media16 and (b) underreporting due to refusal to 

acknowledge victimization or lack of awareness that fraud occurred15,17. This limitation is 
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important because it restrains our understanding of the breadth of robocalls targeting 

consumers, potentially distorting the recommendations or resources that are generated to 

protect them. Second, while older adults are more likely to be targeted by robocall scams and 

report greater losses8,9, little existing work has detailed, objectively, how robocall scams that 

target older adults differ in their content from those targeting the general public. Objectively 

analyzing the landscape of robocall scams targeting older adults is particularly important 

because older adults are especially prone to underreporting fraud12,18. Given this, understanding 

what robocall scams older adults face without relying on self-reporting is critical for the 

development of resources to protect older consumers’ financial and psychological well-being. 

While robocall scams can be damaging and need to be better understood, robocalls are 

also frequently used to disseminate spam. For the purposes of this work, we define spam 

robocalls as calls attempting to sell a product or service where there is a reasonable chance the 

caller will actually deliver something of value. Scam robocalls, on the other hand, are defined as 

calls attempting to get money or personal information where there is little to no chance that a 

product or service will be delivered. Examples of spam robocalls include unsolicited marketing 

for business listing services, healthcare insurance products, and home improvement 

installations, while examples of scam robocalls include impersonated government agencies, 

fake service suspension threats, and fraudulent debt forgiveness programs. 

In this paper, we overcome limitations of existing work on robocalls, namely not knowing 

the content of robocalls at scale and in the wild, by leveraging a large honeypot of 295,749 

phone lines. This honeypot records incoming robocalls and transcribes them to text. The 

honeypot does not consist of phone lines of real users and there is no response from the 

honeypot phone lines aside from a verbal “hello” when answering the call. Thus, the honeypot 

call data represent robocall “pitches” rather than recorded interactions between robocallers and 

consumers. We analyzed approximately 4.5 million robocalls received in the honeypot from 

2018-2022. We leveraged large language models (LLMs), validated against fraud expert 
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judgments, to distinguish scam robocalls from spam robocalls, as well as to identify robocalls 

which targeted older adults compared to robocalls which target the general public. Our 

approach, novel in the study of robocalls, allows for analysis of key robocall types of interest 

(e.g., scams targeting older adults) at a scale not achieved in prior work. We then used a variety 

of tools for computational text analysis (including LIWC-2219, a dictionary representing several 

fraud tactics [promise of gain, threat of loss, time pressure, authority], and an index of the 

emotional arousal of text20) to analyze the psychological dynamics and persuasion tactics of the 

robocall pitches. 

Our results indicate that robocall scams targeting the public contain significantly greater 

levels of emotional arousal and use the tactics of time pressure and authority (i.e., naming of 

government entities) more often than robocall spam. These findings are significant because 

these features have been demonstrated to drive susceptibility to scams in past research21–24. 

Moreover, scams targeting older adults were even higher in arousal, more likely to frame scams 

as threats of loss (and less likely to frame scams as promises of gain), and instill time pressure, 

tactics that older adults in particular may be especially vulnerable to due to cognitive and 

psychological changes that tend to occur with age22,25,26.  

Our findings have implications for both researchers and practitioners. For researchers, 

we demonstrate that LLMs can be used to characterize dynamics in robocalls and robocall 

scams. Importantly, an LLM could reliably reproduce the judgments of a fraud expert using one 

of the most inexpensive models commercially available at the time (OpenAI’s GPT-4o-mini) and 

via prompt engineering alone, without any custom models or fine-tuning. Our approach could be 

adapted to analyze existing databases of robocalls and may be able to be scaled to analyze 

scam/spam in other modalities (e.g., robotexts27). Our empirical results provide evidence that 

tactics prevalent in scams in other modalities (e.g., email) extend to robocalls. Rather than 

relying on anecdote, assumption, or extrapolation about the contents of robocalls, our work 

characterizes five years of naturalistic robocall pitches targeting consumers at scale. 
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Furthermore, our findings can focus future research on particular dynamics of robocalls that may 

induce susceptibility to victimization, especially among older adults. 

For practitioners, our findings can inform the design of interventions to build individuals’ 

resilience to robocall scams. We show the tactics interventions and consumer education can 

focus on in building the public’s resilience to robocall scams. In particular, we highlight aspects 

of robocall scams specifically targeting older adults that can be used to tailor interventions for 

that population. Our focus on general psychological characteristics and tactics such as 

emotional arousal and time pressure allow educational materials to benefit users regardless of 

the specific types of scams targeting them or circulating at a given point in time (as has been 

the focus of consumer education efforts to date; e.g.,13). 

Background and Research Questions 

​ Some robocalls are automated calls for specific, legitimate purposes (e.g., pharmacy 

refill reminders), while others are unsolicited telemarketing spam calls trying to sell products or 

services. Still others are scam campaigns which attempt to rob consumers of money or personal 

information. While all these types of robocalls work to make up the approximately four billion 

robocalls Americans alone receive in a given month1, a great deal of scholarly and practitioner 

interest in robocalls concentrates on scams. 

As was discussed previously, most research on robocall scams relies on self-reports of 

exposure and victimization. Much of this work tends to focus on documenting the types of 

scams targeting consumers (e.g., sweepstakes, IRS impersonation, charity scams)13,28. One 

goal of this work is making consumers aware of the types of scams that may target them so that 

they’re prepared and able to hang-up/disengage if these scams target them via phone. 

However, this work may not paint a complete portrait of the range of scam types targeting 

consumers and may instead largely reflect those which people are willing or likely to report to 

authorities or in surveys. 
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Another thread of research, related to but broader than robocall scams, examines the 

psychological dynamics and persuasion tactics that scammers use to influence victims across 

different types of scams. This work has identified characteristics of scams that make people 

more susceptible to them. For instance, emotional arousal increases susceptibility to fraud in 

older and younger adults, regardless of positive or negative valence22. A Better Business 

Bureau survey revealed that scams offering the promise of gain were more likely to elicit 

consumer responses and financial losses than scams threatening loss29, although a laboratory 

study manipulating promise of gain and threat of loss message type and assessing responses 

found the opposite23. In online fraud (e.g., phishing emails), messages pressuring recipients to 

respond quickly were more likely to be responded to than messages which were less 

urgent21,23,30. Scammers also often attempt to appeal to authority, for example by impersonating 

government agencies or other official authorities and such signals credibility can make 

individuals more likely to respond24,31. 

While these studies about characteristics of scams that increase susceptibility are 

valuable in illuminating the psychology of victimization, they typically rely on artificial settings to 

assess susceptibility (e.g., participants respond to mock scam messages in a controlled 

laboratory setting22) or rely on existing consumer complaints about scams29. These studies 

cannot reveal the extent to which these characteristics which render consumers more 

susceptible actually appear in the messages targeting them and thus which factors are most 

important for consumers to watch out for. Furthermore, the studies include scams targeting 

consumers across a mix of modalities (e.g., mail, email, text message, phone calls) and thus 

cannot isolate the prevalence or impact of tactics in a specific modality such as robocalls. 

A small body of work has used honeypots to study robocalls beyond self-reports, but this 

work has largely focused on metadata or call types rather than psychological content. Prasad et 

al. used honeypot data to characterize the phone numbers robocallers dial from32 and to 

evaluate the effect of the FCC’s STIR/SHAKEN call authentication policy on robocall volume33. 
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Marzuoli et al.34 used cluster analysis on 40,000 unsolicited calls to show that a small number of 

robocallers were responsible for the majority received. Closest to the present work, Prasad et 

al.35 analyzed ~233,000 robocall transcripts to quantify the prevalence of social security, tech 

support, political, business listing, and financial robocalls. To our knowledge, however, no 

honeypot-based study has examined the psychological characteristics or tactics of robocalls 

that drive fraud susceptibility in the broader literature. 

In the current study, we wanted to leverage a honeypot data collection approach to 

explore the psychological and tactical characteristics of real robocall scams that target 

consumer phone numbers. What characteristics and tactics differentiate robocall scams from 

robocall spam, which make up most of the robocalls Americans receive28? Do the characteristics 

of scam robocalls Americans receive reflect some of the previously studied features of scams in 

general (not necessarily robocalls specifically) which render people more susceptible to them 

(e.g., higher arousal, more time pressure)? Specifically, we ask RQ1: 

RQ1: How do the psychological dynamics, tactics utilized, and emotional arousal 
differ between spam and scam robocall pitches? 
 

​ Fraudsters often deliberately target older adults in part because they tend to have 

greater levels of wealth than younger adults6,7. Indeed, in the context of robocalls, older adults 

are more likely to receive them8 and report higher median losses to robocall scams than other 

age groups9. 

​ Aging is also marked by changes in the psychology of judgment and decision-making 

that may render older adults vulnerable to certain scam tactics. For instance, older adults are 

more likely than younger adults to behave in a way that minimizes losses when making 

decisions25,36,37. Thus, older adults may be especially vulnerable to scams framed as threats of 

loss compared to promises of gain. Time pressure has also been shown to inhibit 

decision-making in older adults26,38, and older adults may be more vulnerable to scams which 

invoke time pressure. 
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​ Because older adults are more likely to receive robocalls and may be more vulnerable to 

specific scammer tactics, we also wanted to examine whether there were differences in the 

robocall scams that targeted older adults versus those that targeted the general public. 

Specifically, we ask RQ2: 

RQ2: How do psychological dynamics, tactics utilized, and emotional arousal 
differ between scam robocall pitches targeting older adults and scam robocall 
pitches targeting the general public? 
 

Results 

To illustrate the kinds of pitches our LLM-based approach distinguished, we describe 

representative examples drawn from our LLM prompts (see Methods). Spam pitches offered 

products or services with some commercial substance (e.g., home security installations, solar 

enrollments, extended auto warranties). Scam pitches, by contrast, often presented pretexts in 

which the recipient's funds, identity, or legal standing were ostensibly at risk, with no genuine 

product or service to be delivered. Examples of scam pretexts included Social Security 

Administration impersonations ("Your Social Security number has been suspended"), IRS or FBI 

warrant threats ("You are being listed as the primary suspect in a case being filed by I.R.S."), 

and fraudulent account-charge notifications ("You have been charged $1,279.99 on your default 

card saved on Amazon.com"). Within scam calls, examples treated as targeting older adults 

invoked Medicare, Social Security, or age-associated health conditions, often in combination — 

for example: "We have tried numerous times to contact you…regarding your eligibility for top of 

the line braces to alleviate your pain…this is your final notice if you do not act soon Medicare 

will label you unavailable for coverage." Examples of scams targeting the general public invoked 

consumer financial transactions or workforce-relevant programs (e.g., credit card interest rate 

reduction, student loan forgiveness, utility refunds, fabricated vehicle accident compensation). 

RQ1: How do psychological dynamics, tactics utilized, and emotional arousal differ 
between spam and scam robocall pitches? 
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​ First, we used the computational text analysis program LIWC-22 to broadly profile the 

psychological dynamics of robocall scams (see Methods section for more details about LIWC 

measures). Specifically, we sought to identify which psychological dynamics were most 

diagnostic of a robocall scam relative to robocall spam. For this initial, broad examination of 

robocall scams, we took a data-driven approach. We compared robocall scams and spam 

across all 100+ LIWC linguistic variables. After computing the average score across all LIWC 

variables, we filtered down to variables where the average difference between scam and spam 

robocalls was statistically significant (i.e., p < .05) and then sorted the variables by the largest 

effect size of the average difference in terms of Cohen’s d. The resulting list of 10 LIWC 

variables is presented in Table 1. Some of the most diagnostic linguistic indicators that a call 

was scam (as opposed to spam) according to LIWC were words about social behavior (e.g., 

love, say, care) (d = 0.71), including prosocial words (e.g., help, thank, please) (d = 0.59) and 

words about communication processes (e.g., said, tell) (d = 0.57) (all p’s < .001). 

[TABLE 1] 

​ Next, we analyzed specific tactics used in robocall scams relative to spam to see 

whether tactics of scams in general are also likely to appear in robocall scams and could be 

used to distinguish robocalls scams from spam. We compared the average percentage of words 

and phrases in each transcript appearing in three tactics dictionaries: promise of gain, threat of 

loss, and time pressure, as well as the percentage of transcripts containing at least one of the 

words or phrases in the authority dictionary between scam and spam robocalls. Compared to 

spam robocalls, scam robocalls featured significantly greater use of promise of gain 

(t(1,684,807) = 53.25, p < .001, d = 0.065), threat of loss (t(1,194,211) = 298.9, p < .001, d = 

0.45), and time pressure (t(1,105,901) = 512.42, p < .001, d = 0.83) language. Although scam 

robocalls featured both more promise of gain and threat of loss language than spam robocalls, 

the difference between scam and spam was significantly larger for threat of loss than promise of 

gain (interaction term b = −0.00363, SE = 0.000022, 95% CI [−0.00367, −0.00358], p < .001), 
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suggesting that threat of loss language is especially diagnostic that a robocall is a scam. The 

percentage of transcripts containing authority words or phrases (i.e., naming government 

entities) was also significantly higher for scam robocalls than spam (z = 234.06, p < .001, 

Cohen’s h = 0.27). Results for these four tactics between scam and spam robocalls are 

visualized in Figure 1. 

[FIGURE 1] 

​ Finally, we assessed the emotional arousal of robocall scams and whether arousal could 

distinguish robocall scams from spam. We found that the average arousal score of scam 

robocall transcripts (M = 3.76) was significantly higher than the average arousal score of spam 

robocalls (M = 3.65; difference = 0.110, 95% CI [0.1099, 0.1106]; t(1,896,855) = 547.41, p < 

.001, d = 0.63). This comparison is visualized in Figure 3A. 

RQ2: How do psychological dynamics, tactics utilized, and emotional arousal differ 
between scam robocall pitches targeting older adults and scam robocall pitches 
targeting the general public? 
 
​ To answer RQ2, we repeat the analyses answering RQ1, but instead of comparing scam 

robocalls to spam robocalls, we compare scam robocalls targeting older adults to scam 

robocalls targeting the general public. The 10 LIWC variables with the largest effect sizes for the 

average difference between scams targeting older adults and scams targeting the general public 

are presented in Table 2. Robocall scams targeting older adults were significantly more likely 

than scams targeting the general public to feature words representing health (e.g., medic, 

patients, physician, health) (d = 1.58), risk (e.g., secure, protect, pain, risk) (d = 1.58), and 

illness (e.g., hospital, cancer, sick, pain) (d = 1.19) (all p’s < .001). 

[TABLE 2] 

​ Compared to scam robocalls targeting the general public, scam robocalls targeting older 

adults featured significantly less use of promise of gain language (t(628,464) = 164.43, p < .001, 

d = 0.32) and significantly greater threat of loss (t(496,998) = 49.44, p < .001, d = 0.11) 

language. Additionally, scams targeting older adults featured more time pressure (t(332,711) = 
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159.08, p < .001, d = 0.43) language. The percentage of transcripts containing words or phrases 

appealing to authority (i.e., representing government entities) was also significantly higher for 

scam robocalls targeting older adults than scams targeting the general public (z = 657.02, p < 

.001, h = 1.53). Results for these four tactics between scam robocalls targeting older adults and 

the general public are visualized in Figure 2.  

[FIGURE 2] 

The average emotional arousal score of robocall scams targeting older adults (M = 3.78) 

was significantly higher than the average arousal score of robocall scams targeting the general 

public (M = 3.75; difference = 0.030, 95% CI [0.0295, 0.0308]; t(518,858) = 89.81, p < .001, d = 

0.19). This comparison is visualized in Figure 3B. 

[FIGURE 3] 

Discussion 

​ In this paper, we present one of the first large-scale analyses of the psychological 

characteristics and tactics of robocalls. Our analysis of 4.49 million robocall pitches collected via 

honeypot from 2018-2022 (to our knowledge, the largest study of robocalls to-date in terms of 

number of calls, even among honeypot-based studies) revealed a profile of the characteristics 

of robocalls targeting Americans and particularly older adults. While previous work has drawn 

on small samples of scam pitches (e.g.,39), anecdotes from fraudsters (e.g.,40), and complaints 

from scam victims (e.g.,29), our data paint a picture of naturalistic robocall scams at scale. Our 

data present synergies with past work done at smaller scales suggesting that hallmarks of 

scams are the use of emotional arousal22, time pressure21,30, and threats of loss23,29. While these 

features have been studied at smaller scales as drivers of people’s susceptibility to responding 

or losing money to scams, we show that the features appear in real robocall scams circulating in 

the telephone ecosystem. 

​ We also examine unique challenges older adults face when it comes to robocall scams. 

Concerningly, we found that characteristics of messages and situations that researchers have 
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shown can impair older adults’ decision making in the domain of fraud (and otherwise), namely 

time pressure, threats of loss, and emotional arousal, are more likely to appear in the content of 

the robocall scams targeting older adults compared to those targeting the general public. Scams 

targeting older adults were also much more likely to focus on health topics compared to scams 

targeting the general public, which is worrisome given health burdens tend to increase with 

age41 and that older adults may be more likely to attend to health information than younger 

adults42. Our findings can focus future research into the mechanisms underlying pathways of 

older adults’ (as well as the general public’s) susceptibility to robocall fraud. 

The fact that scams targeting older adults were more likely to include threat of loss 

language is intriguing given theoretical perspectives, namely socioemotional selectivity theory43, 

and a large body of empirical evidence44,45 suggesting that older adults exhibit a preference 

(e.g., more likely to attend to and remember) for positive information (deemed the “positivity 

effect”). This pattern would seem more consistent with promise-of-gain language rather than 

threat-of-loss language. Given that scammers likely learn through trial and error which tactics 

are most effective, why would scams targeting older adults, then, focus more on threats of loss 

and less on promises of gain than scams targeting the general public?  

We posit two complementary explanations. First, as noted earlier, older adults exhibit 

greater loss aversion than younger adults25,36,37. Second, threats of loss may also pose a threat 

to one’s emotional equilibrium. If older adults are motivated to maintain positive emotional 

states, as work on socioemotional selectivity theory suggests, they may respond to threats of 

loss in an effort to restore their emotional equilibrium towards a more positive state. Our findings 

suggest that the combined motivation to prevent losses and restore emotional equilibrium, 

particularly under a state of high emotional arousal such as that induced by a scam pitch, could 

be stronger than the motivation to pursue the promise of positive gains, although we 

acknowledge this interpretation is speculative given that we lack data from actual victims. This 

suggests a potential boundary condition for the positivity effect: when faced with emotionally 
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arousing threats of loss, older adults' typical preference for positive information may be 

overridden by the combined forces of heightened loss aversion and the motivation to restore 

emotional equilibrium. While boundary conditions for the positivity effect have been identified 

(e.g., when negative information is relevant to situation-specific goals45), including attenuation of 

the positivity effect under threat46, to our knowledge, how loss aversion interacts with emotional 

arousal to override the positivity effect has not been examined in older adults. Yet, our findings 

suggest this interaction may be common in real-world fraud situations where older adults face 

loss-framed, emotionally arousing robocall scam pitches. 

​ Our findings suggest directions for the development of educational interventions and 

campaigns to build people’s resilience to robocall scams. In particular, interventions for older 

adults should base intervention content and recommendations on things that existing research 

has shown make older adults more vulnerable to victimization by scams and are more likely to 

show up in robocalls targeting older adults (i.e., time pressure, threat of loss, emotional 

arousal). While there are still many questions regarding how best to convey specific 

recommendations to consumers in such interventions, and how these recommendations can 

best be tailored for older adults47, our work provides a concrete set of tactics interventions can 

focus on to combat the threats posed by robocall scams. Given difficulties in scaling 

interventions to build people’s resilience to deceptive content48, it is critical that interventions are 

designed to be efficient, focusing on the recommendations and educational content most 

relevant to consumers. Furthermore, the GPT prompt that we developed for sorting the 

robocalls from the honeypot data into call types at a level of performance consistent with that of 

a fraud expert could be used by a consumer with ChatGPT when asking it about an unfamiliar 

call or voicemail they are trying to determine whether to trust or act on. Of course, it remains an 

open question as to whether consumers would engage in this behavior and how judgments from 

AI after receiving our engineered prompt will be perceived or used by consumers, but it is an 
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approach that could be included in an educational intervention as a practical tool to protect 

oneself from robocall scams. 

​ Like any study, ours should be interpreted in light of its limitations, and a number of 

questions remain unanswered and are ripe for future research. First, because our honeypot 

data represent only robocall “pitches” (i.e., there is no prospective victim or consumer picking up 

the phone), our findings are generally restricted to the robocall pitches themselves and cannot 

speak to the detailed nature of the process of engagement with a robocall or scammer. We 

know that just as characteristics of scams may influence susceptibility, so do characteristics of 

the targets17,29, and in the “real world,” the characteristics of the scam likely interact with the 

characteristics of the target to shape vulnerability and intervention. Second, we distinguish 

scams targeting older adults from scams targeting the general public based upon the contents 

of the scam messages rather than the actual intended target of the scam communication (again, 

in the case of the honeypot data, there is no target). As such, our approach and the limitations 

of the honeypot data likely lead to undercovering the robocalls that actually reach older adults 

because robocalls targeting the general public may also reach older adults (and vice-versa). 

Relatedly, because our classification of scams as targeting older adults relies on substantive 

content cues (e.g., references to Medicare, age-associated health conditions), several of which 

overlap conceptually with LIWC categories that emerged as diagnostic (e.g., health, illness, 

risk), the LIWC-level differences in those categories may reflect this operationalization rather 

than serve as fully independent evidence of differential targeting. The fraud-tactics measures 

and the emotional arousal index, however, are not part of the operational definition of either 

target category. 

​ Overall, we provide comprehensive evidence about the contents, psychological 

dynamics, and tactics of contemporary robocalls targeting consumers. Our findings that tactics 

especially likely to target older adults are also tactics likely to lead to scam victimization among 

older adults reiterate the critical need to research and develop resources for older adults to build 
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their resilience to scams47, in this case robocall scams specifically. We hope that our substantive 

findings and the research infrastructure we built to improve the ability for researchers to study 

robocalls at large scales can further both science and practice in this area, ultimately 

contributing to the goal of preserving the psychological and financial well-being of consumers of 

all ages. 

Methods 

Data 

​ We analyze 4.49 million robocalls collected from 295,749 phone lines in a honeypot from 

January 2018 through December 2022. This honeypot is maintained by the company 

Nomorobo, who use the honeypot to collect robocalls to inform its consumer call blocking 

software. Nomorobo provided data from their honeypot for analysis in this project. The honeypot 

receives and picks up calls, recording the ensuing pitch from the caller. Each call recording is 

transcribed to text in real time, resulting in the data that we analyze in this paper. The honeypot 

received, recorded, and transcribed over 10 million calls between January 2018 - December 

2022, but the corpus of transcripts was filtered down to those ≥ 25 words following best 

practices for analysis of psychological dimensions of text49–51, resulting in 4.49 million robocall 

transcripts for analysis. This study was deemed not to qualify as human subjects research by 

the Institutional Review Board at the first author’s institution. 

Measures 

Sorting Robocalls Into Scams / Spam / Neither Scam nor Spam  

To sort the millions of robocall transcripts into calls representing scams, spam, and 

neither spam nor scam, we used an LLM-based approach. Specifically, we followed Rathje et 

al.’s52 protocol and materials for using OpenAI’s GPT models for psychological text analysis. 

The workflow consisted of five steps. First, the second author, a fraud expert with over three 

decades of experience working in fraud investigation and prevention, coded a random sample of 

1,499 transcripts from the honeypot (a “training set”) into scam, spam, and neither scam nor 



16 

spam. Second, we generated a prompt for GPT that contained the definitions the expert used to 

label the transcripts into the three categories and gave that prompt with just definitions to 

GPT-4o-mini to label the same transcripts (a “zero-shot learning” approach). The zero-shot 

learning approach did not align with the expert judgments at a conventionally high rate of 

reliability of F1 score ≥ .753,54. Therefore, the third step in the process was expanding our 

prompting approach to “few-shot learning,” adding exemplar call transcripts representing scam, 

spam, and neither scam nor spam to our prompt in addition to the definitions. We iterated on the 

few-shot learning prompt, testing how including different examples improved the performance of 

the model until we achieved a prompt with which the outputs from GPT-4o-mini aligned with the 

expert judgments for the training set of transcripts at a macro-averaged F1 score ≥ .7 (final 

average F1 score = .77, precision = .76, recall = .78; see Supplemental Materials A1 for the final 

few-shot learning prompt). Fourth, to ensure that the prompt we engineered to reliably align with 

expert judgments in the training set was not overfit to the specific transcripts included in the 

training set, we drew another random sample of 650 robocall transcripts from the honeypot (a 

“test set”) for both the expert to label and GPT to label using our engineered prompt. This 

process achieved an average F1 score of .7 (average precision = .68, recall = .75) for the test 

set. This achieved F1 score is noteworthy given past work demonstrating that it is notoriously 

difficult to use automated approaches to identify deceptive content at scale55. Fifth, and finally, 

we gave the engineered prompt to GPT-4o-mini to label the remaining millions of transcripts 

using the OpenAI API platform. Given the scale of our data that needed to be processed by the 

API, to keep our prompts as economical as possible, we did not provide any special instructions 

in our prompts (e.g., “act as if you are a fraud investigator”). That said, following Rathje et al.52, 

we achieved strong performance with the out-of-the-box GPT-4o-mini model. 

Sorting Robocalls Into Calls Targeting Older Adults versus Calls Targeting the General 

Public 
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We used the same LLM-based approach used to sort robocall transcripts into 

scam/spam/neither scan nor spam to sort transcripts into calls targeting older adults and calls 

targeting the general public. Specifically, for our prompts, we defined calls targeting the two 

categories as (1) calls targeting older adults (generally defined as people 55 years of age or 

older) and (2) not targeting older adults. A few-shot learning prompt (see Supplemental 

Materials A2 for the final prompt) achieved an average F1 score of .83 (average precision = .82, 

recall = .85) on a training set of 1,559 transcripts and that same prompt achieved an average F1 

score of .82 (average precision = .86, recall = .79) on a test set of 149 transcripts. The 

engineered prompt was then given to GPT-4o-mini to label the remaining millions of call 

transcripts. See Table 3 for the confusion matrix of resulting call labels across these two criteria 

(scam/spam/neither spam nor scam; targeting older adults/targeting general public), along with 

full definitions for each category as were contained in the prompts. 

Although our prompt defined the target category in terms of age (people 55 years of age 

or older), the examples provided in our few-shot learning prompt grounded that definition in the 

substantive content cues that distinguish calls targeting older adults from those targeting the 

general public. Specifically, calls were treated as targeting older adults when they invoked 

content that is unambiguously age-relevant. These cues fell into a small number of recurring 

types: explicit references to age-restricted federal programs (e.g., Medicare benefits and 

consultations, Social Security "suspension" notices), products and services predominantly 

marketed to older consumers (e.g., final expense or burial insurance, pain-relief braces), and 

sweepstakes appeals (e.g., Publishers Clearing House–style prize notifications). Calls were 

treated as targeting the general public when their content was either age-neutral (e.g., business 

listing services, telecom bill reduction promotions, residential energy and solar upgrade pitches) 

or pitched at non-age-specific financial concerns (e.g., IRS back-tax assistance and debt relief). 

Examples of each call type, along with full definitions, are provided in the few-shot learning 

prompt in Supplemental Materials A2. We note that this operationalization of "targeting older 
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adults" is largely grounded in topical cues, several of which may overlap conceptually with LIWC 

categories analyzed in our results (e.g., health, illness). The fraud-tactics measures (promise of 

gain, threat of loss, time pressure, authority) and the emotional arousal index, however, are 

conceptually independent of these topical cues, and the comparative findings on those 

measures are therefore not driven by the classification scheme itself. We address this point 

further in the Discussion section. 

[TABLE 3] 

Linguistic Inquiry and Word Count (LIWC)  

To broadly index the psychological characteristics of the honeypot robocall transcripts, 

we used the computational text analysis tool LIWC-2219. LIWC counts words as a percentage of 

total word count per text against its internal dictionary of social, psychological, and part of 

speech dimensions56 and has undergone extensive psychometric validation19. LIWC has been 

used widely across the social sciences to characterize psychological dynamics in a variety of 

texts, including open-ended survey responses57, online journals58, advertisements59, social 

media posts60, and, most relevant to the present study, investment scam websites39 and 

phishing emails61 (although at far smaller scales than the size of the honeypot data we draw 

from). Using the LIWC software, LIWC-22 was applied to each transcript in the honeypot data, 

documenting over 100 attributes (e.g., positive and negative emotion, health, prosociality) per 

transcript. The LIWC scores along these attributes were then analyzed in R (version 4.6.0). 

Tactics Utilized 

To assess the use of specific tactics associated with scams, we developed a dictionary 

of 327 words and phrases associated with four tactics: promise of gain, threat of loss, time 

pressure, authority (i.e., naming of legitimate government entities)21,23,24,29–31. Dictionary 

development was informed by findings from Pratkanis & Shadel40 and a US Department of 

Justice study62 that involved analysis of hundreds of tapes of scammers’ interactions with 

undercover investigators posing as older adult targets, revealing how these scam tactics work in 
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action. Those findings were then adapted to apply to the current study by Shadel and a team of 

telemarketing fraud experts including Aaron Foss, founder of Nomorobo, and Karla Pak, an 

AARP fraud researcher who has co-authored numerous fraud studies62,63. Examples of words 

and phrases in each category are as follows: promise of gain (claim your prize, at no cost to 

you, eliminate debt, live your dream, rebate, winner), threat of loss (billed on your card, charged, 

auto renewed, incoming charge, unusual activity), time pressure (last chance, limited time, 

expires today, act soon, final attempt, urgent), authority (IRS, FBI, Social Security, Medicare, tax 

department). Promise of gain, threat of loss, and time pressure were calculated for each 

transcript as a percentage of total words in the transcript that appeared in that category in the 

dictionary, following LIWC’s calculation approach19. Authority was measured at the transcript 

level as a binary (1 = a word in the authority dictionary appeared in the transcript, 0 = no words 

in the authority dictionary appeared in the transcript). 

Emotional Arousal 

Given the importance of emotional arousal in driving susceptibility to scams22, we 

measured the emotional arousal of each robocall transcript using arousal metrics developed by 

Warriner et al.20. Warriner et al.20 provide arousal scores for nearly 14,000 English lemmas 

(base forms of words) on a 9-point scale. To compute arousal scores for each of our transcripts, 

we first lemmatized both the Warriner dictionary terms and the words in each transcript using 

the textstem package in R. We then calculated the mean arousal score across all words in the 

transcript that matched lemmas in the Warriner et al.20 database. For example, the scam 

robocall transcript "Please listen if you want to make $100.00 every 24 hours press 1 now press 

1 right now or press 2 if there's no interest" contains 11 words that corresponded to lemmas in 

the Warriner et al.20 database (e.g., "please" = 4.73, "listen" = 3.76, "want" = 5.29), yielding a 

mean arousal score of 3.849. The resulting average arousal score across honeypot transcripts 

was 3.69 (SD = 0.18, range = 2.49 - 6.79). 

Statistical Analysis 
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​ Each transcript analyzed represents an independent robocall recording. All statistical 

analyses were conducted in R (version 4.6.0). All Welch two-sample t-tests and z-tests for 

proportions were two-sided. The normality of distributions was not formally tested. No 

corrections for multiple comparisons were applied. Cohen's d was computed using the pooled 

standard deviation of both groups as the denominator. Cohen's h was computed as the 

difference between arcsine-transformed proportions. The interaction between call type (scam 

vs. spam) and tactic type (promise of gain vs. threat of loss) was tested using a linear mixed 

effects model with a random intercept by unique transcript ID. Group means and 95% 

confidence intervals are reported in the Results section text, figure legends, and tables.  

Claude large language models were used to assist with the analysis code and replication 

files. The authors verified all outputs and take responsibility for the final content. 
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Table 1: Top ten LIWC categories differing between scam and spam robocalls 
 

LIWC category Description 
/ exemplars 

Average 
% of 
words in 
scam 
robocalls 

Average 
% of 
words in 
spam 
robocalls 

Difference, 
95% CI 

|Cohen’s d| p-value 

Negations not, no, 
never, 
nothing 

0.80 2.35 −1.549, 
[−1.552, 
−1.545] 

0.78 < .001 

Technology car, phone, 
email 

0.75 2.37 −1.624, 
[−1.628, 
−1.620] 

0.71 < .001 

Apostrophes  0.80 2.03 −1.224, 
[−1.227, 
−1.220] 

0.71 < .001 

Social behavior love, say, 
care 

7.75 4.94 2.814, 
[2.805, 
2.824] 

0.71 < .001 

Visual see, look, 
saw 

0.27 0.92 −0.645, 
[−0.647, 
−0.643] 

0.66 < .001 

Other 
punctuation 

punctuation 
other than 
periods, 
commas, 
question 
marks, 
exclamation 
points, 
apostrophes 

1.70 0.58 1.127, 
[1.121, 
1.133] 

0.64 < .001 

Culture car, united 
states, 
govern 

1.13 2.60 −1.462, 
[−1.467, 
−1.457] 

0.61 < .001 

Attention look, watch, 
check 

0.52 1.34 −0.817, 
[−0.820, 
−0.814] 

0.60 < .001 
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Prosocial 
behavior 

help, thank, 
please 

2.38 1.29 1.091, 
[1.086, 
1.096] 

0.59 < .001 

Communication said, say, 
tell 

4.23 2.79 1.442, 
[1.436, 
1.449] 

0.57 < .001 

 
Note: Top ten LIWC variables differing between scam and spam robocalls, sorted by largest 
absolute value of effect size (Cohen’s d). Before LIWC variables were ranked, variables where 
the difference between scam and spam robocalls was not significant at p < .05 were discarded. 
Words and phrases in “Description / exemplars” column are some of the most frequently used 
words and phrases from that LIWC category according to the LIWC-22 development manual 19. 
Difference and 95% CI are for scam minus spam (average % of words).  
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Table 2: Top ten LIWC categories differing between scam robocalls targeting older adults 
and scam robocalls targeting the general public 
 

LIWC 
category 

Description / 
exemplars 

Average % of 
words in scam 
robocalls 
targeting 
older adults 

Average % of 
words in scam 
robocalls 
targeting 
general public 

Difference, 
95% CI 

|Cohen’s d| p-value 

Health medic, 
patients, 
physician, 
health 

2.76 0.17 2.585, 
[2.573, 
2.597] 

1.58 < .001 

Risk protect, pain, 
risk 

1.99 0.28 1.713, 
[1.706, 
1.719] 

1.58 < .001 

Physical food, 
patients, eye 

2.97 0.40 2.571, 
[2.558, 
2.583] 

1.46 < .001 

Illness hospital, 
cancer, sick, 
pain 

0.84 0.06 0.787, 
[0.782, 
0.792] 

1.19 < .001 

Money business, 
pay, price, 
market 

1.41 3.87 −2.461, 
[−2.475, 
−2.447] 

0.78 < .001 

Negative 
emotion 

bad, hate, 
hurt, tired 

0.63 0.14 0.495, 
[0.491, 
0.499] 

0.75 < .001 

Lifestyle work, home, 
school, 
working 

4.19 7.04 −2.848, 
[−2.865, 
−2.832] 

0.71 < .001 

Numbers one, two, 
first, once 

3.37 5.17 −1.801, 
[−1.812, 
−1.790] 

0.68 < .001 

Feeling feel, hard, 
cool, felt 

0.51 0.12 0.388, 
[0.384, 
0.392] 

0.66 < .001 
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Prosocial 
behavior 

help, thank, 
please 
 

1.43 2.70 −1.272, 
[−1.281, 
−1.262] 

0.61 < .001 

 
Note: Top ten LIWC variables differing between scam robocalls targeting older adults and scam 
robocalls targeting the general public, sorted by largest absolute value of effect size (Cohen’s 
d). Before LIWC variables were ranked, variables where the difference between scam robocalls 
targeting older adults and scam robocalls targeting the general public was not significant at p < 
.05 were discarded. Words and phrases in “Description / exemplars” column are some of the 
most frequently used words and phrases from that LIWC category according to the LIWC-22 
development manual 19. Difference and 95% CI are for scams targeting older adults minus 
scams targeting the general public (average % of words).  



33 

Table 3: Confusion matrix of honeypot calls by call type as labeled by GPT 
 

 Call targets general public Call targets older adults 

Scam 701,280 236,458 

Spam 1,991,478 445,667 

Neither scam nor spam 1,005,905 110,045 

 
Note: Breakdown of 4,490,833 honeypot call transcripts from 2018-2022 into categories labeled 
by GPT (see Methods section for prompt engineering details and metrics for validation against 
fraud expert judgments). Few-shot learning prompts are available in the Supplemental 
Materials.  
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Figure 1: Tactics utilized between robocall scam and spam​
 

 

Note: For promise of gain, threat of loss, and time pressure, violin plots show the distribution of 
per-transcript word proportions among calls with non-zero usage; the embedded box indicates 
the interquartile range and median across all calls (including those with zero usage), and the 
diamond marker denotes the group mean. The percentage of calls with zero usage of each 
tactical category is shown below each violin. For the tactic of invoking authority, points show the 
proportion of calls containing at least one word or phrase from the authority (i.e., government 
entity) dictionary, with error bars representing 95% confidence intervals. Sample sizes are 
shown adjacent to each point. Group means (diamonds) and mean differences (scam minus 
spam) by tactic: promise of gain — scam M = 0.73%, spam M = 0.63%, difference = 0.10 pp, 
95% CI [0.0954, 0.1027]; threat of loss — scam M = 0.68%, spam M = 0.22%, difference = 0.46 
pp, 95% CI [0.4587, 0.4648]; time pressure — scam M = 0.82%, spam M = 0.19%, difference = 
0.63 pp, 95% CI [0.6311, 0.6359]. 
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Figure 2: Tactics utilized between robocall scams targeting older adults and the general 
public 
 

 

Note: For promise of gain, threat of loss, and time pressure, violin plots show the distribution of 
per-transcript word proportions among scam robocalls targeting older adults and scam robocalls 
targeting the general public with non-zero usage; the embedded box indicates the interquartile 
range and median across all calls (including those with zero usage), and the diamond marker 
denotes the group mean. The percentage of calls with zero usage of each tactical category is 
shown below each violin. For the tactic of invoking authority, points show the proportion of calls 
containing at least one word or phrase from the authority (i.e., government entity) dictionary, 
with error bars representing 95% confidence intervals. Sample sizes are shown adjacent to 
each point. Group means (diamonds) and mean differences (older adult targeting minus general 
public targeting) by tactic: promise of gain — older adult scams M = 0.37%, general public 
scams M = 0.85%, difference = −0.49 pp, 95% CI [−0.4908, −0.4792]; threat of loss — older 
adult M = 0.79%, general public M = 0.64%, difference = 0.15 pp, 95% CI [0.1431, 0.1549]; time 
pressure — older adult M = 1.19%, general public M = 0.70%, difference = 0.49 pp, 95% CI 
[0.4823, 0.4944]. 
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Figure 3: Emotional arousal by call type 

 

Note: Violin plots show the distribution of mean arousal scores per transcript within each call 
type, truncated at the 99th percentile. The diamond marker denotes the group mean (Panel A: 
scam M = 3.76, spam M = 3.65; Panel B: scams targeting older adults M = 3.78, scams 
targeting the general public M = 3.75); error bars represent ±1 SEM. Significance brackets 
indicate Welch two-sample t-test results; d = Cohen's d; *** = p < .001. 
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A.​Few-shot learning prompts for GPT-4o-mini 

A1. Prompt to classify robocalls into scam/spam/other 
"The following text is a transcript of a phone call. Please code it as either scam, spam, 
or neither scam nor spam. Spam is defined as any message that is attempting to sell a 
product or service where there is a reasonable chance the caller will actually deliver 
something of value. Scam is defined as any message that is attempting to get money or 
personal information where there is little to no chance that a product or service will be 
delivered. Answer only with a number: 1 if scam, 2 if spam, and 3 if neither scam nor 
spam. Here are some examples to be aware of: 
 
Text: This is an important message do not hang up the phone your Google business 
listing is it risk of displaying incorrectly We've tried numerous times to contact you by 
telephone so we can check the status of your listing this will only take a few minutes of 
your time press one so we can quickly check the status of your Google listing to ensure 
it's active if your Google listing is suspended or deleted your business will not be shown 
causing customers to think you're no longer open for business press one now to check 
the status of your local listing if you're the business owner press one now Press 2 to be 
removed from this list. 
Rating: 2 
 
Text: Our records show that you have not updated your free google business listing. 
Press one now to verify and update your Google listing. Press 9 to be removed from the 
list. Again, press one to verify and update your Google listing. Our records show that 
you have not updated your free google business listing. Press one now to verify and 
update your Google listing. Press 9 to be removed from the list. Again, press one to 
verify and update your Google listing. 
Rating: 2 
 
Text: Hi, this is Lynette with the Medicare department at healthcare benefits. How are 
you today? Great. I'm calling because the updated plan for Medicare has been 
released, and it may give you some better access to things like dental, vision, hearing, 
and over the counter benefits. Are you there? 
Rating: 2 
 
Text: Hello. Hi, my name is Tom. I'm calling on behalf of childhood leukemia foundation. 
The foundation is delivering wish baskets to sick children and cancer treatment centers. 
These contain toys, games, and even a generous gift card. I'm with innovative, it's a 
paid fundraiser and tomorrow were mailing out pledge cards to generous people like 
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yourself. And when you received a pledge card, can we count on you to make a small 
tax deductible donation.  
Rating: 2  
 
Text: Hello. This is John with back blue lives pack. As you know, our police officers are 
being defunded demoralized and disrespected, and they put their lives on the line every 
day without the support of many politicians. It's time to say enough is enough. The 
organization is having its fundraising drive to support lawmakers who will stand with 
brave men and women in blue. So can you help us protect our police officer's lives and 
race with a one time donation for the Dr. 
Rating: 2 
 
Text: Hello, this is Amy with Medical Services. You were recently recommended by a 
medical professional to receive an emergency medical alert system at no cost to you, 
and your system is ready to be shipped. Press one now and hold the line. To receive 
your medical alert system at no cost. One in three Americans over the age of 65 fall 
every year in the US. And it could be the last. Don't be a statistic. Press one now and 
hold the line to receive your or no cost medical alert system, press one now, press nine 
to opt out. Rating: 2  
 
Text: Hello, this is Ashley calling you from road traffic accident. How have you been 
today? This call is in relation to your vehicle accident which happened in past two years 
and that was not your fault. Is that the correct information we have got? All right, let me 
transfer the call to the senior supervisor. He will guide you further about the 
compensation amount. Thank you so much.  
Rating: 2  
 
Text: Hi this is Allison I'm calling because we said she to several notifications about 
extending coverage on your car warranty but didn't hear back and this is one last 
courtesy call to let you know that you can still keep your vehicle under coverage would 
you like to hear more about your options.  
Rating: 2  
 
Text: Hey how are you today my name is Jessica with Home Security promotions The 
reason I'm calling you today as we're giving away up to 20 cellular home security 
systems in your area absolutely free and we're also updating all of the old outdated 
landline systems to wireless video systems again absolutely free because I don't know if 
you know that the of us have learned that by cutting the phone lines outside of your 
home will disable your outdated alarm system studies show that one in 17 homes are 
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being broken into every single day so does this sound like something you're interested 
in.  
Rating: 2  
 
Text: Hello. Hi, my name is Dalia calling from american solar. How are you doing today? 
Well, I am calling you to tell you little about solar program. The benefits, tax rebates and 
grants from government. That typically means going solar is absolutely free for most of 
people. We are helping out the homeowner who are paying more than $100 bill. Are you 
still paying over dollar 100 on your electric bill? I understand you are the homeowner of 
single family regular house, right? Great. You are qualified to get rebate option. 
Rating: 2 
 
Text: Hello? This is Lisa calling you from Chase Bank. We are monitoring your payment 
history and you have been qualified to drop down your interest rate on your credit card 
below 6%. Please stand, call and get your confirmation code. Thank you for responding. 
How are you doing today? Five. That is great, sir. And I believe that you are responding 
for the lower rates on your credit card, right? Hello? You need to understand.  
Rating: 1 
 
Text: Hello. This is a call from your utility company. You have been paying more than 
your consumption from the previous few months, you will be compensated by $50 along 
with 35% reduction on your electric and gas bill, please press one to get your 
compensation.  
Rating: 1  
 
Text: Hello, this is a call from Amazon customer support. This is to notify you regarding 
your today's purchase on Amazon.com. You have been charged $1,279.99 on your 
default card saved on Amazon.com. If you have not made any such transaction, then 
please press one and cancel your order. Else, if you have made this purchase on 
Amazon.com and recognize it, then please press two. To confirm your order or to talk to 
our customer care, please press three. To repeat this message, please press four. 
Thank you.2023  
Rating: 1  
 
Text: Hello this is Officer Andrew Hall from tax and Crime Investigations Unit of Internal 
Revenue Service and the reason behind this call is to inform you that you are being 
listed as the primary suspect in a case being filed by i.r.s. So when you get this 
message kindly call back to us at the earliest possible before we begin with the legal 
proceedings on our number that is 202-918-6789 I repeat 202-918-6789.  
Rating: 1  
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Text: Hi there. This is to inform you that spectrum has applied a 50% discount offer on 
your monthly bill, which is expiring today. To keep this offer active, please call back at 
888-00-3015 from 08:00 a.m. To 05:00 p.m. Pacific Standard time. Thank you and have 
a great day. Rating: 1 Text: This message is from Social Security Administration the 
nature of this phone call is to inform you about some legal enforcement actions filed on 
your social security number we have got an order to suspend your social at very right 
moment because we have found many suspicious activities on your social number so 
before we go ahead and suspend it kindly call us back on our number which is 
515348551. I repeat 515348551 thank you.  
Rating: 1  
 
Text: You have reached the Central Processing Centre for the US backed tax experts. 
This call is to inform those individuals on our state list that may still have backed taxes 
about the new Zero Tax Debt Forgiveness Program that is now open for enrollment. The 
Biden administration has enacted the new Zero Tax Debt Owed Relief program will 
allow you to significantly reduce or eliminate altogether your back taxes as it could now 
be considered temporarily non collectible. This can save you a significant amount of 
money. So if you still have back taxes that you need help with, please press one. If you 
would like to add your number to the Do Not Call list, please press 20.  
Rating: 1  
 
Text: Hey this is Officer Katherine Richardson back numbers 002569 from the Federal 
Bureau of Investigation this message has been sent to us the final notification against 
your case with the Department of tax and crime investigation right now your physical 
address is under investigation and an arrest warrant has been issued under your name 
for further queries and resolving this case contact the below number of the tax and 
Crime Investigation Department 917-722-4893 I repeat 917-722-4893 thank you.  
Rating: 1  
 
You are getting this call from the windows refund department the company which you 
made the payment for your computer security is no longer in business and you have a 
subscription remaining for 2 years we are going to refund your payment please press 
one to get connected with our representative I repeat press one to get connected with 
our representative or you can call us back 181-020-8382 extension 922 claim your 
refund.251  
Rating: 1  
 
Text: Hi This is Nancy you're patient advocate working closely with Medicare this is an 
urgent message for all patients on Medicare we have tried numerous times to contact 
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you by mail and now by telephone regarding your eligibility for top of the line braces to 
alleviate your pain and increase mobility This is your final notice if you do not act soon 
Medicare will label you unavailable for coverage press one now to speak with me or 
another pain specialist or press 9 to be put on the Do Not Call list.  
Rating: 1  
 
Text: If you owe over $5000.00 in federal student loans you may qualify for one of the 
government funded student loan forgiveness programs or consolidations through the 
Department of Education these programs can reduce your monthly payments and even 
have your remaining balance completely forgiven press 7 now to speak with one of our 
forgiveness counselors live press 5 to be removed from our calling list.  
Rating: 1  
 
Text: Hello this is a public message for all ever source electric customers if your last 3 
monthly bills or invoices were $100.00 or more you may qualify to receive up to a 30 
percent discount on your electric bill please press one on your phone now to speak to 
your representative again press the digit one on your phone now to receive up to a 30 
percent reduction on your ever source electric bell.  
Rating: 1  
 
Text: Hello, I'm calling from a national public opinion firm. Today we're conducting a 
short scientific survey in California, and we'd like to get your opinions thinking about the 
upcoming general election for president, Senate, and other state and federal offices. 
How likely is it that you will vote? Press one for definitely going to vote. Press two for 
almost definitely going to vote. Press three for probably going to vote. Press four for 
unlikely to vote. Press five for unsure.  
Rating: 3 
 
Text: Hi. This is Marie with New York Blood Center. We know that it's been awhile since 
you've donated, but with the blood shortage that we're seeing throughout the country, 
we're hoping that you can come back in and save up to three lives, find a convenient 
location to donate blood@ybc.org, or call or text us at 180-933-2566 and we'll help you 
find somewhere close to donate blood. Thanks for being a blood donor, and we hope 
that you make your comebacks to help save a life.  
Rating: 3  
 
Text: This is Pastor Steven just calling you up to tell you I love you and I'm praying for 
you. We've been kind of busy around here with visiting family and going back to school, 
so I haven't called in a while to tell you that I love you and I'm praying for you. But rest 
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assured, I have been just praying and thanking God for you. And I'm just so happy to be 
able to be a part of your life.  
Rating: 3  
 
Text: Rick Foster is running for Orange County Assessor. He is a veteran housing 
provider with over 40 years of experience in the housing and mortgage industries. As 
Assessor, Rick will use his business expertise to defend and Proposition 13 make it 
easier for first time home buyers to realize their dream of ownership and ensure no 
taxpayer pays more than required. Rick is the most qualified candidate. Vote Rick 
Foster for Assessor by June 7. This call was paid for by Rick Foster for Orange County 
assessor.  
Rating: 3 
 
Here is the text of the phone call I want you to code: [TRANSCRIPT FROM 
HONEYPOT]" 

A2. Prompt to classify robocalls into scams targeting older 
adults/scams targeting the general public 
"The following text is a transcript of a phone call. Please code it as targeting older adults 
(generally defined as people 55 years of age or older) or not targeting older adults. 
Answer only with a number: 1 if targeting older adults, 0 if not targeting older adults. 
Here are some examples: 
 
Text: Our records show that you have not updated your free google business listing. 
Press one now to verify and update your Google listing. Press 9 to be removed from the 
list. Again, press one to verify and update your Google listing. Our records show that 
you have not updated your free google business listing. Press one now to verify and 
update your Google listing. Press 9 to be removed from the list. Again, press one to 
verify and update your Google listing. 
Rating: 0 
 
Text: This message is provided by the administration of energy saving the state has now 
set aside 1300000000 dollars your home is eligible for up to 10000 dollars to use for 
clean energy upgrades for exterior paint new windows h.p.a. see drought tolerant 
landscaping cool roof and solar to find out how much your home is qualified for Press 
one if your home has already been qualified press 9. 
Rating: 0 
 
Text: Hello this is Lisa with us tax assistance dot org If you all the I.R.S. more than 7000 
in back tax debt or have on file tax returns we can possibly help please press one for 
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assistance if you ever sees this call in error please press 7 the I.R.S. is now accepting 
settlement offers at a fraction of what you may owe to lower or possibly eliminate back 
all tax that please press one for assistance we also stop attention away garnishments 
bank levies and liens to stop interest and penalties and possibly have your debt 
eliminated please press one. US tax assistance that org is on your side to eliminate 
your I.R.S. back tax debt don't wait for tax relief please press one to be removed please 
press 7. 
Rating: 0 
 
Text: Welcome to comcast home of Xfinity. We have a promotion running in which we 
are helping our customers dropping down their monthly bills. So if you are not happy 
with bills and want to lower your bills, press one. If you want to be taken off the list, 
press two. Want to speak with one of our promotional specialists, please press zero. 
Rating: 0 
 
Text: This call is from Social Security Administration your Social Security number has 
been suspended due to some reasons to get more information you can call us back 
128-157-2036 extension 0 I repeat 828-157-2036 extension 0 thank you. 
Rating: 1 
 
Hello this is Suzanne calling from Medicare rewards to remind you that you still have not 
read seems your offer for free medicare insurance consultation this consultation is a 
complimentary benefit to your Medicare rewards membership and only takes about 10 
minutes to complete our members typically see annual savings of hundreds or even 
thousands of dollars after completing this consultation jury deem this offer before it 
expires please call me back at 8662739577 again this is Suzanne with Medicare 
rewards and my number is 8662739577 banks look forward to hearing from you. 
Rating: 1 
 
Text: Hello my name is Sophie and this is a follow up call to information you requested 
for a medical grade pain relieving brace if you are still suffering from chronic pain and 
want information on how to receive a medical grade brace at no charge press one now 
to be placed on our DO NOT CALL LIST press 2 now. 
Rating: 1 
 
Text: My name is Billy. How are you today? Well, the reason of my call today is to let 
you know about a new state approved final expense whole life insurance plan. It covers 
100% cost of your funerals, burials or cremation expenses. So can I go ahead and 
explain you more about it? All right, great. I just want to make sure that you are between 
the ages of 40 and 80, correct. Hey, you there 
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Rating: 1 
 
Text: Hi, this is an important message from publisher's clearing house. The house were 
dreams come true. Congratulations. You are one of the few persons chosen as our 
lucky pick for this month's super price giveaway of $3500000.00 and a brand new 2021. 
Mercedes benz and the color of your choice plus $5000.00 monthly for life. 
Congratulations for being one of our newest winners. We are looking forward to hearing 
from you to claim your prize. Please contact the claims department by calling 
716-599-0520. That is 716-599-0520, mondays to fridays between the hours of 8 AM to 
5 PM and on Saturdays 9 AM to 4 PM, publisher's clearing house would like to take time 
out to congratulate you once more. Have a nice day. 
Rating: 1 
 
Here is the text of the phone call I want you to code: [TRANSCRIPT FROM 
HONEYPOT]" 


