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Abstract. This case study in methods reveals a way that false responses to online surveys can be leveraged to add rhetorical

value to technical communication research. Serendipitously, we discovered during our study of community commonplaces of

weather-forecast discussions that open-ended bot responses contained phrases very close to rhetorical commonplaces generated

by humans. Using freely available text-mining tools, technical communication researchers can easily mine false responses for

indicators of community beliefs, norms, and values. This LESSONS Report (Limitations, Errors, Surprises, Shortcomings,5

Opportunities for New Science) exemplifies a surprising situation that could introduce limitations or errors (if unaddressed)

but instead is converted to an opportunity to increase the robustness of survey data.

1 Introduction

“Victim”: Our team burst out laughing when we read this response to a survey question asking for respondents’ “role with

respect to decision-making about weather hazards”. We were analyzing survey returns from a project funded by the Weather10

Program Office at the National Oceanic and Atmospheric Administration (NOAA) that aimed to improve the visualization

of probabilistic forecast information for end users (Lambrecht et al., 2025; Olman et al., 2026; Lambrecht et al., 2026). But

our laughter quickly died into silence as we read down the next 15 rows of our dataset: “victim, victim, victim, victim...”. By

the time we had culled false responses generated by survey bots (programs written to find and fill out surveys) and farmers

(humans who take as many surveys as possible, often with the assistance of bots, in order to “farm” the offered incentives), the15

robust return we had patted ourselves on the back for had dwindled to 20% of its original size (from ≈ 2500 total responses

to 500), leaving us barely enough responses in cities like Pocatello (n=46) for our planned A/B testing. We had been botted.

In retrospect we realized we could have avoided false responses by following recommendations from the literature: including

Captcha-type questions, distributing the survey directly by email, holding raffles for incentives rather than delivering incentives

on completion, and eliminating example text from questions that can be scraped and entered (Griffin et al., 2022; Loebenberg20

et al., 2023; Storozuk et al., 2020). While we had adhered to many of these guidelines, our survey had no Captcha question and
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contained example text that the bots and farmers–which we collectively referred to as Skynet after the artificial intelligence

(AI) in the Terminator movies–could mimic. Readers may have experienced similar frustrations in their own research, as

researchers are increasingly turning to online survey instruments to quickly harvest a broad range of user perceptions (see

Luo et al. (2022) and Carradini (2020) for reviews of this trend and Fuller and La Sala (2021) and Dong and Gao (2023) for25

examples). Accordingly, we’re sharing the silver lining we found in the cloud of our Skynet responses, namely a reflection of

user community norms, beliefs, and values—or commonplaces.

2 AI And Commonplaces

Our survey intended to harvest community commonplaces from responses to open-ended questions such as “What aspects

of the forecast graphic were the most helpful”? Commonplaces are compact and stable rhetorical expressions of a particular30

community’s beliefs, values, and norms around managing a particular risk (Lambrecht et al., 2019). We were studying weather

risk–specifically, visualizations of weather hazards featured in forecasts disseminated online. The pitch that won us the NOAA

grant was as follows: if National Weather Service (NWS) weather forecast offices (WFOs) could know their individual forecast

community’s commonplaces for discussing and managing weather hazards—which we could gather using an online survey—

each WFO could better locally-tailor its forecasts by including those commonplaces in its forecast graphics (Lambrecht et al.,35

2019, 2021). This rhetorical strategy would promote more engagement with the WFOs and better risk decisions in the forecast

community. We defined “forecast community” as the people who engaged with a WFO’s forecasts via their social media

(non-experts) or core-partner email lists (experts), with each other in those forums, and with our survey when it was posted

to those forums; in doing so, we were following Warner (2002)’s rhetorical definition of a community or “public” as a group

that forms and interacts around a matter of common concern. Sure enough, our survey of expert and non-expert weather-40

forecast communities in five Western urban areas (Reno, Nevada; Portland, Oregon; Pocatello, Idaho; Phoenix, Arizona; and

San Diego, California) surfaced multiple relevant commonplaces for each community: for example, Reno respondents shared

commonplaces like, “I don’t worry about anything under 1 inch (2.54 cm) of snow”, and Pocatello respondents, “If it’s not

windy as well, I don’t care how cold it is”. We also collected less-technical commonplaces bearing on personal or social

norms, such as, “I’m retired, so I can just stay home and wait it out”, “I wonder if people with visual disabilities would be45

able to read this graph”, and “I’m fine, but my grandmother isn’t going to be able to shovel her walk if we get that much

snow”. We identified these commonplaces with two coders, calculating interrater reliability using Cohen’s Kappa. We then

incorporated the commonplaces into revised forecast graphics and compared reactions to the originals using A/B testing in a

follow-up survey. In short, we found incorporating community commonplaces, both visually and verbally, into weather hazard

forecasts generally produced faster and more confident risk decisions in the community. But our survey results are not actually50

the point of this article: we’re here to talk about Skynet. After our lead author had spent hours coding open-ended survey

data for commonplaces, she happened to glance back over the false-response dataset and noticed something interesting: a lot

of the commonplaces she had just coded were popping up in the Skynet set as well. How was this possible? She did a bit

of research into how AI text generators worked and learned that they form sentences using a stochastic algorithm, adding
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phrases to a text string not according to any sort of overarching logic but simply based on how frequently one text string55

followed another in the corpus the AI generator was trained on (Perez-Castro et al., 2023). It dawned on her that due to this

algorithmic behavior, Skynet would accidentally generate commonplaces, or something close to them, because commonplaces

are by definition frequent expressions in community discussions. Survey farmers work in a similar way, in that they copy

sections of Wikipedia entries or other easily available generic Internet texts on the subject (when they aren’t just bored and

typing in fun stuff like “victim”). That’s when she realized that something close to user-community commonplaces could be60

recovered from the Skynet dataset.

2.1 Trigrams and Commonplaces

We tested this intuition by running our Skynet data through an open-source text mining suite called Orange: in particular,

their word cloud and trigram analyses. Readers interested in using Orange can find a complete suite of YouTube tutorials and

example workflows here: https://orangedatamining.com/getting-started/.) Figure 2.1 provides an example of partial word-cloud65

results.

Figure 1. Results of a word-cloud analysis for the Skynet dataset from Phoenix residents on reactions to a forecast graphic depicting chances

of freezing in the area.
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Readers are likely familiar with word clouds, which express the frequency of key words in a text corpus (i.e., nouns, verbs,

and modifiers) by font size and distance to the center of the cloud; in general, larger and closer means more frequent. However,

readers may not be familiar with “n-grams” such as bigrams and trigrams. These collocations of two and three key words ap-

pear in sequence (ignoring determiners and prepositions) more often than they appear separately in a corpus; thus, they indicate70

common phrases or themes (see Table 1 for examples of trigrams). When we reviewed the results of the word cloud, we found

that the most frequent words tended to reference the weather hazard in question (in this case, a forecast for freezing tempera-

tures). However, the second tier or “halo” of words echoed language in our hand-coded commonplaces. These correspondences

got stronger when we looked at the most frequent trigrams returned by Orange (Table 1).

Commonplace Family (with absolute fre-

quency in 145 coded segments)

Examples of Coded Commonplaces

within Family

Related Trigrams from Orange with fre-

quency scores of 3 or above (with PMI

scores)

Quantitative (n=30) A good forecast graphic should help me

think clearly about the degree or amount of

impact for the hazard being forecast.

It’s hard to assess the risk of a hazard with-

out sufficient information about interact-

ing/intersecting hazards.

-different rainfall ranges (11.2)

-specific wind forecasts (15)

-associated potential risks (15.4)

-rainfall intensity amount (9)

Personal/Community (n=14) Graphics should help me pursue or protect

my personal interests.

Personal health and/or disability are impor-

tant factors in assessing risks indicated by

hazard forecast.

-consider business affect (15.3)

-destinations types activities (19.3)

-could affect travel (12.6)

-goals priorities guide (21.5)

-exigencies individual needs (20)

Cause/Effect (n=6) Graphics should prepare viewers to take a

specific action.

The consequences of the hazard should be

clear in the graphic.

-emergency response capabilities (19)

-water seep building (19.9)

-flooding soil waterlogging (17.9)

-lead localized flooding (15.4)

Orientation (n=4) Physical proximity to the hazard impacts

my decisionmaking.

It’s important to know where high/low risk

areas are to make the best risk decisions.

-location prevention contingency (15.6)

-height basin location (15.7)

Timeline (n=1) When impacts will occur is important to

represent in a graphic.

-forecast early warning (16.9)

-Reno Thursday night (16.4)
Table 1. Hand-coded commonplaces compared with trigram results from Orange.

It’s important to note that Skynet couldn’t “see” our forecast graphics as survey bots are generally unsophisticated AIs that75

can only search text that appears in question prompts (Storozuk et al., 2020); so, it produced nonsensical answers to open-
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ended questions about the graphics themselves. Similarly, survey farmers won’t spend the time required to analyze complex

technical graphics so they can answer detailed questions about them; in our survey they took less than a minute on average

(mean) to complete a survey that took valid human respondents about seven minutes to complete. However, when it came to

echoing the other commonplaces in our dataset concerning the type of weather hazard, its impacts, and preventive actions,80

Skynet performed more closely to our valid human respondents (Table 1). As an example, the trigram “height basin location”

appeared in the following response from Reno Skynet to the question, “What factors influenced your decision?”: “The predicted

rainfall and the height of the basin in the location, prevention and contingency”. Meanwhile, a related commonplace from a

human respondent in Reno read, “I consider the impact of geography on rainfall and factor that into my decision making”.

While the first is a somewhat garbled machine sentence and the second a coherent human argument, the two expressions85

nonetheless share the theme of considering geographic exposure when calculating weather risks.

Only this sort of holistic comparison is possible between the trigrams and the commonplaces because they are different

things and are recognized differently. Orange returns by default a pointwise mutual information (PMI) score for each trigram

(though you may select other statistics, such as chi-square, etc.). A PMI score is a log ratio (base 2) that compares the sequential

frequency of the three words in the trigram to their independent frequency in the corpus; for example, a PMI score of 5 means90

the trigram in question showed up 32 times more often as a sequence than it did as 3 non-sequential words (for more about PMI

scores in corpus analysis, see Recchia and Jones (2009)). When we manually coded commonplaces, by contrast, we holistically

identified them and normed that identification between raters to an 80% or higher Kappa score (percent agreement adjusted for

random agreement), a standard method in discourse analysis (Craggs and Wood, 2005; Walsh, 2018).

So then, why perform a collocation analysis of false open-ended responses if it doesn’t yield all the results, or the rigor,95

of hand-coding? We argue, having performed both analyses, that the most frequent Skynet trigrams were a reasonable index

to commonplaces in our human forecast-user communities—and the trigram analysis took a half hour to run while the hand-

coding (and norming between raters) took from 60 to 120 hours for each dataset (the expert set was about half the size of the

non-expert). As a result, on our next survey with open-ended responses, we plan to begin with a trigram analysis to generate a

starter codebook; this new approach should speed up coding and norming significantly.100

3 Conclusions

After comparing collocation analyses of false responses to our survey of community attitudes toward weather forecast graphics

to our hand-coded analysis of the valid human responses, we believe that the former adds value to survey research in technical

communication. Obviously, this “hack” won’t apply to surveys without open-ended questions. But if researchers want to

accelerate their hand-coding in a commonplace analysis, frame analysis (Lindekilde, 2014), or critical discourse analysis105

(Fairclough, 2013) of open-ended responses, our suggested hack should quick-start their codebook. Even if researchers are

not planning a discourse analysis, but they find themselves with a batch of open-ended false responses (or intentionally false

responses, e.g., Argyle et al. 2023), we suggest running them through a text miner like Orange to see what patterns appear.
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Increasingly sophisticated AI-based bots will likely require additional survey safeguards and techniques to detect bot responses

(Höhne et al., 2025).110

The resulting glimpse into community commonplaces can provide a starting point for a follow-up discourse analysis, or a

focus-group exploration of community attitudes. If Skynet is going to meddle in our surveys, we should make it work for us,

to push our technical-communication research in interesting new directions.
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