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Abstract

Background: Online crowdsourcing methods have proved useful for studies of diverse designs 

in the behavioral and addiction sciences. The remote and online setting of crowdsourcing research 

may provide easier access to unique participant populations and improved comfort for these 

participants in sharing sensitive health or behavioral information. To date, few studies have 

evaluated the use of qualitative research methods on crowdsourcing platforms and even fewer have 

evaluated the quality of data gathered. The purpose of the present analysis was to document the 

feasibility and validity of using crowdsourcing techniques for collecting qualitative data among 

people who use drugs.

Methods: Participants (N = 60) with a history of non-medical prescription opioid use with 

transition to heroin or fentanyl use were recruited using Amazon Mechanical Turk (mTurk). A 

battery of qualitative questions was included indexing beliefs and behaviors surrounding opioid 

use, transition pathways to heroin and/or fentanyl use, and drug-related contacts with structural 

institutions (e.g., health care, criminal justice).

Results: Qualitative data recruitment was feasible as evidenced by the rapid sampling of a 

relatively large number of participants from diverse geographic regions. Computerized text 

analysis indicated high ratings of authenticity for the provided narratives. These authenticity 

percentiles were higher than the average of general normative writing samples as well as than 

those collected in experimental settings.
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Conclusions: These findings support the feasibility and quality of qualitative data collected in 

online settings, broadly, and crowdsourced settings, specifically. Future work among people who 

use drugs may leverage crowdsourcing methods and the access to hard-to-sample populations to 

complement existing studies in the human laboratory and clinic as well as those using other digital 

technology methods.
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Introduction

The past decade has witnessed an exponential growth in the use of Internet crowdsourcing 

tools in behavioral and biomedical research. Broadly defined, crowdsourcing refers to the 

use of an open call to large groups of people in order to complete an otherwise difficult to 

accomplish task (Estellés-Arolas & González-Ladrón-De-Guevara, 2012). Researchers have 

recognized the benefits that crowdsourcing may hold when used as a recruitment tool for 

identifying and sampling research participants. In a typical example of crowdsourced 

sampling, a researcher posts a research study on a crowdsourcing platform (e.g., Amazon 

Mechanical Turk [mTurk], Facebook, Prolific) made visible to any potential participant that 

is a member of that platform. This process closely mirrors the recruitment strategies 

typically used in Psychology 101 pools, but affords a sampling space with participants with 

greater variation in location, demographics, and health histories within an integrated online 

platform (Casler, Bickel, & Hackett, 2013; Landers & Behrend, 2015; Smith, Sabat, 

Martinez, Weaver, & Xu, 2015). As such, crowdsourcing has proved useful for a wide range 

of disciplines from addiction science and clinical psychological to education research and 

cancer biology (see reviews by Chandler & Shapiro, 2016; Follmer, Sperling, & Suen, 2017; 

Y. J. Lee, Arida, & Donovan, 2017; Miller, Crowe, Weiss, Maples-Keller, & Lynam, 2017; 

Strickland & Stoops, 2019).

One of the most popular of these sources for addiction science research is Amazon 

Mechanical Turk (mTurk) (Chandler & Shapiro, 2016; Strickland & Stoops, 2019). mTurk is 

a platform developed by Amazon as an online labor market allowing individuals and 

businesses to outsource various problems to a national and international human workforce. 

Researchers have leveraged this online setting to post research opportunities that are 

completed completely through the Internet interface. Such research is incentivized through 

monetary compensation for participation that is handled completely within the mTurk 

setting.

The ease and efficiency of online sampling in crowdsourcing, broadly, and on mTurk, 

specifically, means that large sample sizes may be generated rapidly thereby making 

crowdsourcing a popular tool for measure development research (e.g., exploratory or 

confirmatory factor analyses; Dunn, Barrett, Herrmann, et al., 2016; Dunn, Barrett, Yepez-

Laubach, et al., 2016; Gearhardt, Corbin, & Brownell, 2016). The use of open-source, 

browser-based programming tools such as PsyToolKit allows for the evaluation of reaction 

time data and application of cognitive-behavioral tasks through these Internet platforms 
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(e.g., Crump, McDonnell, & Gureckis, 2013; Stewart, Chandler, & Paolacci, 2017; Stoet, 

2017; Strickland, Bolin, Lile, Rush, & Stoops, 2016). Although the majority of studies using 

mTurk and crowdsourcing remain cross-sectional in design, recent work has demonstrated 

the feasibility and validity of collecting naturally occurring intensive longitudinal data (e.g., 

Hartsell & Neupert, 2017; Lanaj, Johnson, & Barnes, 2014; Strickland & Stoops, 2018b) as 

well as data following behavioral interventions targeting substance use disorder (e.g., 

Cunningham, Godinho, & Bertholet, 2019; Cunningham, Godinho, & Kushnir, 2017; 

Strickland, Hill, Stoops, & Rush, 2019). Importantly, prior research has also demonstrated a 

close correspondence between the results of in- person research and online research on 

mTurk among people who use drugs (e.g., Jarmolowicz, Bickel, Carter, Franck, & Mueller, 

2012; Patrick S Johnson, Herrmann, & Johnson, 2015; Kim & Hodgins, 2017; Morris et al., 

2017; Strickland et al., 2016; Strickland, Lile, & Stoops, 2017).

Despite this proliferation of crowdsourced research in addiction science and applications 

across varied methodologies, remarkably little research has been conducted using qualitative 

or mixed method techniques. This is unfortunate given the benefits of qualitative research 

for understanding individuals’ lived experiences relevant to substance use disorder (Rhodes, 

Stimson, Moore, & Bourgois, 2010) and the specific benefits that crowdsourcing may offer 

to this end. Crowdsourcing allows improved access to hard-to-recruit populations providing 

for more rapid recruitment of relevant and adequately sized samples at low monetary and 

time costs. Recruitment may also proceed without reliance on snowball sampling thereby 

avoiding problems with bias or homogenous sample characteristics those techniques can 

produce (Biernacki & Waldorf, 1981; Faugier & Sargeant, 1997). More broadly, 

computerized and remote delivery reduces burden for potential participants, particularly 

those who may lack the time for in-person assessments or experience barriers to reaching the 

research site due to financial, cultural, or health reasons (Areán & Gallagher-Thompson, 

1996; Blanton et al., 2006). The confidentiality1 of online platforms and computerized data 

collection may also allow for increased trust and comfort when sharing sensitive information 

such as sexual, psychiatric, or substance use histories (Harrison & Hughes, 1997; Turner et 

al., 1998).

Preliminary applications of qualitative research on crowdsourcing platforms show good 

promise for utilizing these methods. Existing studies have shown feasibility in targeting 

unique populations such as survivors of childhood sexual abuse (Schnur, Dillon, Goldsmith, 

& Montgomery, 2017). However, only one study has formally evaluated and compared the 

quality of data collected using qualitative methods across online and in-person settings 

(Grysman, 2015). Participants in that study wrote narratives of a stressful life event and 

content was evaluated between mTurk and college-student sources. mTurk participants wrote 

shorter narratives but reported events that were more stressful and that used more negative 

emotion language than the college student samples. These findings are consistent with the 

idea that mTurk is feasible and provides a valid and potentially unique opportunity to collect 

qualitative data easily and efficiently. The generality of this finding remains unknown for 

other populations, especially those reporting sensitive health behaviors like substance use.

1Data from most crowdsourcing resources is not strictly anonymous given the use of ID names or numbers (e.g., mTurk Worker IDs).
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The purpose of the present manuscript was to document the feasibility and validity of 

utilizing crowdsourcing methods for collecting qualitative data among people who use 

drugs. The specific aims of the conducted analyses included: 1) presenting the feasibility of 

screening and general procedures involved in collection of qualitative data using 

crowdsourcing methods; 2) assessing the quality of the qualitative data through 

computerized text analysis; and 3) evaluating the implications for and utility of qualitative 

crowdsourced data in the field of addiction science. Although we hypothesized that 

crowdsourcing would be useful for qualitative research across broad substance use contexts, 

this study focused on one example of illicit substance use that carries current and salient 

public health implications. This substantive research context was a project designed to 

augment current understanding of the overdose crisis in the United States. To this end, 

participants who reported a history of non-medical prescription opioid use (NMPOU) and a 

subsequent transition to heroin and/or fentanyl use were sampled using crowdsourcing 

methods. Shifts from NMPOU to the use of heroin and synthetic opioids like fentanyl have 

been closely implicated in national increases in overdose fatalities in the United States; 

however, relatively little work exists understanding the qualitative and narrative experience 

of these transitional pathways. A series of open-ended questions were used to collect 

accounts of substance use circumstances, reasoning, social and legal/policy contexts, and 

harm reduction approaches relevant to opioid use. We predicted that crowdsourcing methods 

would be both feasible and provide useful and valid data based on prior successes of 

applying crowdsourcing in addiction science.

Methods

Screening and General Procedures

Participants were recruited from mTurk between 4 March 2019 and 1 May 2019. Eligibility 

to view the study was limited to individuals from the United States who had completed 100 

or more prior mTurk tasks with a 99% or greater approval rating on those tasks. These 

restrictions involving geographic location and task completion are implemented directly 

through the mTurk portal. Automated responding was limited by use of a CAPTCHA 

response requirement to advance the initial survey page. Sampling was limited to the United 

States given the parent pilot study’s focus on patterns of substance use observed at that 

national level (i.e., narratives of transitions from NMPO to heroin/fentanyl use). However, 

mTurk and many other crowdsourcing sources are not limited to a United States population 

and may be used to generate international samples through open recruitment or country-

specific targeting. Completion and approval criteria were used to improve quality and 

attention and were used consistent with prior uses and recommendations on mTurk (e.g., 

Kaplan et al., 2017; Morean, Lipshie, Josephson, & Foster, 2017; Peer, Vosgerau, & 

Acquisti, 2014; Strickland & Stoops, 2019). These inclusion criteria are typically used in 

crowdsourced research to improve data quality as well as prevent automated responding 

(e.g., “bots”). Specifically, prior research has found that individuals with higher task 

completion or approval rating had higher reliability scores for previously developed 

measures, failed fewer attention checks, and showed lower rates of “problematic” 

responding (e.g., central tendency bias) (Peer et al., 2014). Other research evaluating 

samples collected with and without these criteria has identified few differences on 
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demographic or substance use measures (Peer et al., 2014; Strickland & Stoops, 2018a) 

suggesting that bias is likely limited. Participants that met the task and approval criteria were 

able to see the posted study description on the mTurk task database. The study description 

was titled “Bonus Available. Answer questions and complete tasks about behavior” with a 

summary depicting a general survey about feelings, attitudes, and behaviors (see 

Supplemental Materials). No overt eligibility criteria concerning substance use history were 

included in this description. No messages or direct contact was made with participants to 

initiate participation.

Participants then completed a screening questionnaire that included questions about 

substance use history as well as other health behaviors like dietary and sleep habits (to 

further mask eligibility criteria). The inclusion criteria for this study were 1) age 18 or older, 

2) lifetime non-medical prescription opioid use, and 3) transition to heroin and/or fentanyl 

use following non-medical prescription opioid use initiation (95% of participants reported 

heroin use). Gender identity was not an inclusion/exclusion criterion, although only male 

and female participants were represented in the qualifying sample. Qualifying participants 

were directed to the full study survey containing qualitative opioid use history questions and 

a general health history. All participants were compensated $0.05 for completing the study 

screener and qualifying participants were compensated $5 for completing the full study. The 

University of Kentucky Institutional Review Board reviewed and approved all study 

procedures.

Qualitative Questions: Opioid Use History

Participants completed a series of nine semi-structured, open-ended questions regarding 

substance use history. These questions were designed to record beliefs and behaviors 

relevant to NMPOU and transitions to heroin and/or fentanyl use. Specific items asked for 

information such as initiation of use, administration routes, drug use relationships, and 

contact with drug-related criminal justice system, health care setting(s) and drug treatment 

services (see Supplemental Materials for instructions and full question set). Instructions 

stipulated that there were no length requirements, but to be as thorough as possible. 

Participants were also told that they did not have to answer a question if it did not apply 

(e.g., if they had no contact with the criminal justice system). As noted in the Introduction, 

analyses and data presented here focused on the feasibility and quality of this qualitative 

data collection. Results of qualitative coding for emergent themes regarding substance use 

will be reported in a forthcoming manuscript.

Computerized Text Analysis

Computerized text analysis was conducted using Linguistic Inquiry Word Count (LIWC) 

2015 software (Pennebaker, Boyd, Jordan, & Blackburn, 2015; Tausczik & Pennebaker, 

2010). LIWC was selected given its extensive validation testing over the past decades and 

widespread use in the field of textual analysis. Qualitative responses were combined from all 

nine questions to improve precision of proportional word count estimates by increasing the 

base word counts. Overt spelling errors identified using Microsoft Office spellcheck were 

corrected prior to analysis (e.g., opiod to opioid). Outputs of LIWC analyses using the 

default dictionary included linguistic processes (total word count, words/sentence, first-
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person singular language), psychological processes (% affective language [total, positive, 

and negative]), and authenticity percentiles. Linguistic and psychological processes were 

selected prior to analysis as those broadly relevant to personal narratives and data acquisition 

for these qualitative histories.

Authenticity scores are provided based on an algorithm derived from prior empirical work 

on deception and honesty in written and spoken language (Newman, Pennebaker, Berry, & 

Richards, 2003). These scores quantify the degree to which participants are believed to 

respond in an authentic or honest manner. Scores are percentiled with higher values 

representing higher expected authenticity.

Data Analysis

Data from participants completing the full survey (N = 66) were first examined for attentive 

and systematic data using attention and validity checks. These included: 1) comparison of 

age and gender identity at two separate locations in the survey, 2) consistency in self-

reported history of NMPOU, and 3) non-response (i.e., blank responding) or illogical 

responses on qualitative questions (e.g., the single word “NICE” as a response to all 

questions). Six participants (9.1%) were identified as inattentive or non-systematic and 

removed from subsequent analysis.

Demographic and substance use histories from systematic participants (N = 60) were first 

evaluated using descriptive statistics. Database values were then gathered from the LIWC 

development and psychometric properties manual for comparison to values generated in the 

current study. These database estimates are based on 117,779 files containing a total of 

231,190,022 words from sources including blogs, expressive writing, novels, natural speech, 

New York Times, and Twitter (Pennebaker et al., 2015). Comparisons were made with the 

grand mean from these database values as well as specifically with those from expressive 

writing samples. Expressive writing data were considered particularly relevant because these 

data were taken from experimental studies in which participants were asked to write about 

deeply emotional topics (e.g., a personally upsetting experience) (6179 total files analyzed in 

the LIWC database).

Analyses compared 95% confidence intervals to LIWC database values with significance 

tests conducted as one-sample t-tests and effects sizes calculated as Cohen’s d. Additional 

analyses compared authenticity percentiles as a primary outcome variable to the LIWC 

database for all text source types. Analyses were conducted using LIWC 2015 (Pennebaker 

et al., 2015) and R statistical language.

Results

Participants completed the study survey in an average of 31.3 minutes (SD = 19.6). 

Characteristics of recruited participants are presented in Table 1. A majority of participants 

were White and reported smoking tobacco cigarettes. Approximately half were female, and 

half completed a high school education or less. These departures from general population 

demographics, such as higher rates of tobacco cigarette use and lower education rates, are 

consistent with expected characteristics of individuals with a history of NMPOU. 
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Participants self-reported being from 27 different states with Florida (n = 6) as the most 

popular followed by Pennsylvania (n = 5) (see Supplemental Materials for complete 

distribution).

Approximately half of participants reported current NMPOU and half reported current 

heroin use. A majority reported lifetime heroin use (95%), injection drug use (60%), and 

overdose (54.2%). One-third reported current medication-assisted treatment (methadone, 

buprenorphine, or naltrexone).

Computerized Text Analysis

Participants wrote, on average, 377 words across the nine questions, although variability was 

observed between participants and between questions (SD = 308.6; Range = 14 to 1341 

words total; see Supplemental Figure 1). Quantitative results from the computerized text 

analysis and LIWC database values are presented in Table 2. Compared to database values 

the mTurk sample used a greater percentage of first-person singular language and lower 

percentage of affective language, generally, and positive affective language, specifically, p 
values < .001, d values = 0.65–1.49. A similar pattern of results was observed when 

comparing to LIWC database values for expressive writing, although these differences were 

of a smaller magnitude effect size, p values < .05, d values = 0.27–0.50. mTurk writing 

samples did not differ on negative affective language with either the general LIWC database 

or expressive writing values.

Figure 1 contains individual authenticity percentiles from the mTurk sample as well as 

LIWC database comparisons for all writing types available. Visual inspection of these values 

indicated a high proportion of mTurk samples above the 80th percentile with a negative skew 

in the distribution (i.e., clustering in the upper range with a few low percentile values pulling 

central tendency downwards). Comparisons to all LIWC database sources indicated higher 

authenticity percentile scores in the mTurk sample at a medium-to-large effect size, p values 

< .001, d values > 0.50.

Discussion

The purpose of the present study was to evaluate the feasibility and validity of using 

crowdsourced sampling to collect qualitative data among people who use drugs. Participants 

with a history of opioid use were feasibly recruited on the popular crowdsourcing platform 

mTurk. Computerized text analysis of qualitative data further highlighted the authenticity of 

provided narratives as well as specific linguistic patterns relevant to substance use disorder 

and drug-related lived experiences. These findings collectively contribute to and advance a 

growing literature demonstrating the flexibility of crowdsourcing platforms in behavioral 

research by establishing their viability for qualitative research, broadly, and conducting that 

research with difficult-to-sample populations in addiction science, specifically.

Recruitment of individuals who use(d) NMPOU was feasible on the crowdsourcing platform 

mTurk. This feasibility was established through the sampling of a relatively large number of 

participants necessary to achieve ‘Open coding’ (Corbin & Strauss, 1990) and data 

saturation (Fusch & Ness, 2015; Saunders et al., 2018) as well as by sampling from diverse 
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geographic regions with a low proportion of these individuals providing non-systematic or 

inattentive data. This finding is consistent with the extant crowdsourcing literature, which 

has described the benefits of crowdsourcing platforms for identifying and recruiting 

numerous specialized participant populations (e.g., cancer survivors or fathers as primary 

caregivers; Arch & Carr, 2017; Parent, Forehand, Pomerantz, Peisch, & Seehuus, 2017).

Research in addiction science specifically has used mTurk to generate samples with widely 

varying substance use and behavioral histories relevant to substance use disorder (Amlung et 

al., 2019; Bergeria, Huhn, & Dunn, 2019; Huhn, Garcia-Romeu, & Dunn, 2018; P. S. 

Johnson & Johnson, 2014; Morris et al., 2017; Strickland & Stoops, 2015). Qualitative 

addiction research demography is often skewed toward male participants and to balance 

sampling, efforts are made to over-recruit certain population groups, such as women (e.g., 

Mars, Bourgois, Karandinos, Montero, & Ciccarone, 2014). The slight majority of the 

current sample identified as female (56.7%) which indicates that this crowdsourcing tool 

may be preferable to traditional methods in recruiting female-balanced samples. Although 

not formally investigated here, prior research has also demonstrated the feasibility of using 

mTurk to sample individuals from sexual and gender minority groups (e.g., Andersen, Zou, 

& Blosnich, 2015; Catalpa et al., 2019; Rainey, Furman, & Gearhardt, 2018). The use of 

crowdsourcing resources also provides a unique opportunity to interface with individuals 

outside typical research or clinical settings. For example, individuals may be reached prior to 

a decision to engage in treatment within a clinical context. The rapid time of recruitment 

combined with demographic variability of this sample, including variations in recovery 

progression and behavioral history (e.g., injection drug use and overdose experience), 

highlights this capacity to more efficiently recruit populations with varying histories of 

interest through this sampling mechanism. As noted in the Introduction, crowdsourcing 

provides this clear benefit of allowing for much larger samples in a quicker manner and at 

lower cost than community-based approaches typically afford.

Participants provided narratives that were rated high in authenticity according to a 

computerized textual analysis and multivariate linguistic algorithm of deceptive responding. 

This finding was observed at both the group level with an average authenticity score in the 

84th percentile as well as at the individual participant level with 80% of participants in the 

upper quartile of scores (75th percentile or greater). These high levels of expected 

authenticity held when relating to a variety of writing types from the LIWC database. 

Comparisons indicating higher ratings relative to expressive writing samples were especially 

encouraging given that these expressive writing samples were collected in a manner 

analogous to the methods used to collect qualitative data for this study (e.g., emotional 

writing collected in an experimental setting).

The findings regarding the expected authenticity may be of particular importance to 

qualitative researchers who are cautious to utilize crowdsourcing due to legitimate concerns 

about the length of immersion at research sites. That is, the current findings indicate that 

high levels of authenticity in the reporting of lived experiences can be achieved in the 

absence of immersion of research personnel. Therefore, the methodologies presented in the 

current study may be useful to researchers interested in recruiting participants from various 

communities, especially when travel and direct immersion is not feasible.
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Highlighting the authenticity of qualitative responding is also relevant not just for qualitative 

research as described here, but for research conducted on mTurk generally. This is because 

problems related to deceptive responding remain salient and a primary concern when 

conducting crowdsourcing work. Biological or other objective verification of substance use 

and other health histories are not generally possible in an online setting. Therefore, studies 

must rely on participant self-report to verify inclusion/exclusion criteria and other study 

responses. On the one hand, the use of a remote, computerized delivery may improve the 

comfort that participants feel in responding truthfully. Research on mTurk has documented 

this comfort with several studies reporting that the majority of participants indicate they feel 

more comfortable sharing information of a sensitive nature online compared to in-person 

(Kim & Hodgins, 2017; Strickland et al., 2019; Strickland & Stoops, 2018b).

On the other hand, the incentive structure of mTurk and other crowdsourcing resources 

results in a situation where misrepresentation to meet eligibility criteria is monetarily 

reinforced. Several researchers have found that when these inclusion/exclusion criteria are 

made explicitly known, participants are more likely to engage in deception to gain study 

access (Chandler & Paolacci, 2017; Hydock, 2018; Sharpe Wessling, Huber, & Netzer, 

2017). Mitigating these concerns are the use of best practice techniques, many of which we 

employed in this study. For example, one study found that while up to 89% of respondents 

misrepresented themselves when provided with the inclusion criteria needed to gain study 

access, less than 5% provided contradictory responses indicative of deception when no 

explicit criteria were available (Sharpe Wessling et al., 2017). It is relevant to note that 

evidence of deception under incentivized conditions is not unique to online settings and 

similar results have been observed in laboratory and field research (Fischbacher & Föllmi-

Heusi, 2013; Mazar, Amir, & Ariely, 2008; Pruckner & Sausgruber, 2013). Collectively, the 

current study helps support this ongoing work by suggesting that when appropriate 

procedures – for example, concealing specific eligibility requirements and using a two-stage 

screening process – are used that honest and attentive quantitative and qualitative data can be 

generated in crowdsourcing settings.

Additional analyses examined other aspects of the linguistic patterns provided by 

participants. These findings indicated that qualitative responses were characterized by a 

lower proportion of affective language relative to the LIWC database estimates. This 

difference seemed mostly driven by lower proportions of positive affective language, 

whereas negative affective language was similar to general and expressive writing samples. 

Lower proportions of positively valanced affective language are consistent with the widely 

documented observation of anhedonia comorbid with NMPOU and substance use disorder 

patients (Garfield et al., 2017; Huhn et al., 2016; Sussman & Leventhal, 2014). An 

additional empirical study also suggests that affective language in written narratives is 

sensitive to substance use history and the recovery process. That study evaluated narratives 

written about stressful experiences as a part of a larger trial on mindfulness interventions for 

substance use disorder (Liehr et al., 2010). Use of positive affective language increased and 

negative affect language decreased among participants receiving the mindfulness training 

active group as well as in a historical control group that received a standard of care treatment 

(i.e., a therapeutic community intervention). The current findings related to affective 

language, though preliminary in nature, are largely in line with this prior work and provide 
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one example of how future qualitative work may leverage online sources for empirical 

purposes.

We utilized mTurk given its growing popularity in addiction science research (see review by 

Strickland & Stoops, 2019). However, it is important to consider the wealth of other digital 

technologies available for conducting qualitative research in the addiction sciences, and how 

mTurk may compare to these existing and already utilized web-based resources (see broad 

discussion of some web-based approaches in Barratt & Maddox, 2016; Coomber, 2011). 

One of such methods can be considered a “big data” technique which involves the extraction 

of existing information (i.e., web-scraping) available through public postings on social 

media websites like Twitter (e.g., Lamy et al., 2018; Sidani et al., 2019) or through general 

or specialty forums like Reddit (e.g., Costello, Martin III, & Brinegar, 2017; D’Agostino et 

al., 2017) and Drugs-Forum.com (e.g., Paul, Chisolm, Johnson, Vandrey, & Dredze, 2016). 

Web-scraping and related passive forms of data collection allow for the generation of large 

data sets that can be mined for relevant information such as behavioral patterns and 

narratives, albeit at the expense of the ability to ask direct or focused questions that is 

afforded through direct participant contact. To the latter point, there is also promising 

examples of digital methodology that involves the direct recruitment of individuals from 

online chat forums (e.g., Garcia-Romeu et al., 2019) or social media platforms like 

Facebook (e.g., Borodovsky, Marsch, & Budney, 2018; D. C. Lee, Crosier, Borodovsky, 

Sargent, & Budney, 2016; Ramo & Prochaska, 2012; Ramo et al., 2018). Also relevant to 

this body of research are studies involving direct interactions with participants through chat 

messaging allowing for dynamic interactions with individuals through text-based interviews 

(e.g., Barratt, 2012).

All of these digital sources, including mTurk, provide flexibility for browser-based data 

collection meaning that a variety of data types may be collected, including the potential for 

audio (Lane, Waibel, Eck, & Rottmann, 2010) or visual (Tran, Cabral, Patel, & Cusack, 

2017) recordings (although the ethics/regulatory challenges posed by these kinds of data 

must be considered). mTurk is more limited than some of these digital technologies with 

respect to the sampling space (e.g., many more individuals are enrolled on Facebook than on 

mTurk). However, mTurk also benefits in that it was intentionally designed for sampling and 

survey/task completion purposes rather than designed for alternative purposes (e.g., social 

media) and utilized in unconventional ways for research (e.g., advertisement placements on 

Facebook for recruitment). One of the benefits of mTurk in this regard is the integrated 

nature of the platform that allows for recruitment and payment of participants within a 

single, secure setting. Use of other resources requires added complexity for payments or, 

often, recruitment of volunteers who will complete studies for free, which may impact 

generalizability of the sample. In this way, mTurk is similar to market research panels or 

panel data sets historically used in other social sciences like economics. Using mTurk as 

compared to specialty drug forums also allows for recruitment of a broader population of 

persons who use drugs than those who elect to participate in online forum communities that 

may be potentially biased by niche use patterns. Although other sampling bias related to 

who may choose to participate on mTurk should be considered (see more discussion of this 

issue below), mTurk may complement existing digital technologies by providing an 

integrated digital environment involving a behavioral diverse sampling space.
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Limited work has also evaluated the quality of qualitative data generated using this 

collection of digital methodologies and much of this work was conducted during early 

utilizations of these resources (e.g., in the early 2000s). One study in marketing research, for 

example, found that as compared to mail or phone approaches, responses from web-based 

qualitative surveys were similar in complexity and richness of data (Coderre, Mathieu, & St-

Laurent, 2004). We are not aware of research in addiction science that has similarly 

quantified the quality or richness of qualitative data collected through digital mediums. 

Some work, however, has found that qualitative interviews collected through web-based 

platforms among persons who use drugs and/or persons in recovery seem to provide 

meaningful information about substance use histories with participants viewing the online 

experience in a positive manner (e.g., Barratt, 2012; Dugdale, Elison, Davies, Ward, & Jones 

2016). Therefore, the current study extends this work with digital technologies by providing 

a novel quantifiable indication of the quality of qualitative data about substance use histories 

as well as a possible framework for evaluating such richness in other digital contexts.

Another issue to consider in crowdsourced work is the payment structure. Little consensus 

has been reached on payments for crowdsourcing with no universal guidelines accepted 

(recent discussions on this issue can be found in Chandler & Shapiro, 2016; Goodman & 

Paolacci, 2017). An appropriate wage is difficult to determine given the need to balance fair 

wages with avoiding ethically-challenging issues concerning undue influence or practically-

challenging issues with disingenuous responding due to high compensation relative to 

community standards. This study was designed to pay at an approximate rate of $10/hour 

based on expected time of completion in pilot testing of the survey (i.e., 30 minutes). On 

average, our estimated time of completion closely matched the typical completion time (i.e., 

31 minutes). However, wide variation was observed with many participants writing much 

more and for much longer than anticipated resulting in a lower-than-expected average hourly 

compensation (e.g., ~$6.67/hour assuming 45 minutes or $5/hour assuming 60 minutes). 

This highlights one of the challenges in designing payment structures for online studies in 

which completion times are hard to estimate and may vary widely person-to-person, 

especially for a qualitative study such as this. We believe that it is perhaps most important to 

consider in all of this the need to remain transparent with participants and ensuring that all 

expectations (e.g., expected time of completion; expected effort for a task) and incentives 

(e.g., payment, time to payment) are clearly articulated.

Limitations

Limitations of this study may help inform future work as well as delineate how 

crowdsourcing is positioned to extend and complement, but not replace, human laboratory 

and clinical work as well as existing work using other digital technologies. We relied on a 

textual analysis system that used proportional word counts generally insensitive to context. 

We also relied on a multilinguistic algorithm that evaluated authenticity based on empirical 

work of deceptive responding (Newman et al., 2003). It should be emphasized that with this 

information we cannot say with certainty that a response was or was not authentic. Instead, 

these values were used to help summarize a predictive likelihood of the extent that narratives 

were authentic, honest, and personal based on the pattern of linguistic style. We also relied 

on comparisons to more general expressive writing and other written entries rather than 
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those specifically related to opioid or other substance use. Although these preliminary 

results were promising, future research would benefit from comparing response styles and 

these authenticity values from individuals randomized to conditions of writing truthful and 

false narratives in similar online, crowdsourced settings.

Crowdsourcing also relies on online resources to collect data and therefore may fail to 

include individuals without Internet access. This exclusion would prove problematic for 

individuals with intermittent access to the Internet or difficulty in using e-banking 

reimbursement methods. Although some digital divides still exist, other work has also 

demonstrated increasing Internet and smartphone access, including among persons with 

current or past illicit substance use (e.g., McClure, Acquavita, Harding, & Stitzer, 2013; 

Strickland, Wagner, Stoops, & Rush, 2015; Tofighi, Abrantes, & Stein, 2018). The online 

setting also does not allow for direct contact with participants removing a possibility for 

clarification or direct follow-up questions. The use of structured responding cues based on 

textual responses are possible, albeit difficult, to code in online survey platforms. These 

procedures also require extensive forethought concerning likely responses and needed 

follow-ups. This limitation highlights the importance of rigorous study design, prepared 

analysis plans, and pilot testing of questions to verify whether proposed items are 

understood and answered as intended (e.g., through pilot focus groups).

Also relevant to note are potential limitations with generalizability and bias when using 

crowdsourced resources. Prior research has found that comparisons of mTurk to other forms 

of convenience sampling like college or community sampling suggests that mTurk 

participants are no more or less likely to engage in dishonest or disingenuous behavior (e.g., 

responding in socially acceptable ways or without paying attention) (Necka, Cacioppo, 

Norman, & Cacioppo, 2016). Similar research has reported that participants on mTurk, 

particularly those that are younger, are as or more representative of nationally representative 

data compared to other convenience sources like college student samples or those drawn 

from college town (Berinsky, Huber, & Lenz, 2012; Huff & Tingley, 2015). Nevertheless, 

deviations do occur from national representation in all cases of crowdsourcing with 

sampling that is likely biased towards those individuals who are more technological adept 

and/or younger. These concerns relevant to accessibility, dynamic adaptability, and 

generalizability highlight the importance of using crowdsourcing not as an exclusive source 

of information, but as an alternative, complementary source to other digital technology, 

laboratory, clinical, and epidemiological sources in a way that balances these tools strengths 

and limitations.

Conclusion

This work expands upon previous studies on mTurk that collected qualitative data (Audley, 

Grenier, Martin, & Ramos, 2018; McConnachie et al., 2019; Rothman, Paruk, Espensen, 

Temple, & Adams, 2017; Schnur et al., 2017) as well as initial efforts at formally 

establishing the utility of these data collection approaches (Grysman, 2015). The current 

study advances this work by establishing not only the feasibility, but also providing 

preliminary support for the validity of qualitative data collected using crowdsourcing 

sources when working with people who use drugs. The flexibility of online resources 
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combined with access to traditionally under-represented or difficult-to-recruit participant 

populations provides an exciting avenue for researchers interested in efficient means to 

conduct mixed method and qualitative approaches to complement existing digital 

technologies, human laboratory, and clinic work in addiction science.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights

• We evaluate the use of crowdsourcing for collecting qualitative data

• We collected non-medical opioid to heroin/fentanyl use transition narratives

• Recruitment was feasible with sampling from diverse geographic locations

• High ratings of authenticity were observed for the provided narratives
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Figure 1. Authenticity Percentile for mTurk and Database Writing Sample Data.
Circles represent individual subject data for authenticity percentiles of writing narratives. 

Dotted lines are 95% confidence intervals surrounding the mTurk data means. Squares are 

point estimates for mean authenticity percentiles of writing samples from varied writing 

sources as documented in the LIWC 2015 handbook (Pennebaker et al. 2015).
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Table 1.

Sample Demographics and Opioid Use History

Mean (SD)/%

Demographics

Age 34.2 (9.1)

Female 56.7%

White 80%

High School or Less 57.6%

Income (Median)
a $30,001-$40,000

Tobacco Cigarette Use 71.7%

Opioid Use History

Ever Non-Medical Prescription Opioid Use 100.0%

Past Month Non-Medical Prescription Opioid Use 51.7%

Ever Heroin Use 95.0%

Past Month Heroin Use 45.0%

Ever Injection Drug Use 60.0%

Ever Experience Overdose 54.2%

Current MAT Treatment 33.3%

Fentanyl Use

 Yes 70.0%

 Not Sure 15.0%

 No 15.0%

Note. N = 60; MAT = medication-assisted treatment [methadone, buprenorphine, and naltrexone].

a
Income was collected in $10,000 bins and median score represents median endorsed bin.

Int J Drug Policy. Author manuscript; available in PMC 2021 January 01.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Strickland and Victor Page 22

Table 2.

Computed Text Analysis of Qualitative Responses

Mean (95% CI) General 
Database Mean

Cohen’s d 
(General)

Expressive Writing 
Database Mean

Cohen’s d 
(Expressive)

Total Word Count 377.4 (297.6, 457.1) - - - -

Authenticity (percentile) 83.8 (79.7, 87.9) 49.2 2.20*** 76.0 0.50***

First-Person Singular 9.8% (9.0%, 10.7%) 5.0% 1.49*** 8.7% 0.35**

Affect Language 4.2% (3.6%, 4.8%) 5.6% 0.65*** 4.8% 0.27*

 Positive 2.1% (1.7%, 2.5%) 3.7% 1.16*** 2.6% 0.34*

 Negative 2.1% (1.7%, 2.4%) 1.8% 0.18 2.1% 0.04

Note. General database mean and expressive writing database mean data are from the LIWC 2015 handbook (Pennebaker et al. 2015). Effect size 
estimates are Cohen’s d from a one-sample t-test relative to sample mean data.

*
p < .05;

**
p < .01;

***
p < .001
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