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Abstract

There is a consistent but poorly understood finding that self-report and behavioral measures of 

impulsivity are weakly correlated or uncorrelated. There are many possible explanations for this 

observation, including differences in how these instruments are administered and scored. The 

present study examined the utility of alternative scoring algorithms for self-report measures that 

aim to identify participants' peak impulsivity (or self-control), informed by estimates of item 

difficulty from Item Response Theory (IRT) analyses. College students were administered self-

report questionnaires (Zuckerman Sensation Seeking Scale [ZSS], Barratt Impulsiveness Scale 

[BIS-11], behavioral measures related to risk-taking and impulsivity (Balloon Analog Risk Task 

[BART], Experiential Discounting Task [EDT]), and the substance use module of a clinical 

interview (past-six-month alcohol and marijuana use). IRT analyses were conducted on self-report 

measures to estimate item difficulty. Scoring algorithms ranked items by difficulty and scored 

items based on consecutive items endorsed or denied. A maximal scoring algorithm increased the 

concordance between the BIS-11 and BART (r = .08 vs. -.07), but there was no evidence of 
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increased incremental validity for substance-use. Findings suggest that methodological factors 

may help explain the poor concordance of self-report and behavioral measures of impulsivity, but 

the magnitude of these correlations remained quite small. Further, alternative scoring algorithms 

were correlated with substance use but did not explain any variance that was distinct from typical 

algorithms. Future directions are discussed for elucidating the discrepancy between self-report and 

behavioral measures of impulsivity-related constructs, such as using large self-report item pools to 

develop computer adaptive tests.
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Self-report and behavioral measures of impulsivity are often weakly correlated or 

uncorrelated in the empirical literature. Meta-analytic work has highlighted this problem, 

with a mean correlation between self-report and behavioral measures of impulsivity of just .

10, regardless of whether measures assess the same or conceptually different facets of 

impulsivity (Cyders & Coskunpinar, 2012; Duckworth & Kern, 2011). That is, measures of 

ostensibly the same construct share approximately 1% of variation with each other. 

Although this finding has been found across samples and research groups, surprisingly little 

empirical work has investigated potential causes of this weak concordance. Understanding 

this measurement issue is particularly relevant to substance use and other addictive 

behaviors, for which impulsivity is among the most frequently studied risk factors. Further, 

this issue has broader relevance, as indicated by NIMH's efforts to identify and adequately 

assess transdiagnostic risk factors (e.g., cognitive control; Ellingson, Richmond-Rakerd, 

Statham, Martin, & Slutske, 2016) across multiple levels of measurement (e.g., self-report, 

behavior; Insel et al., 2010). While recognizing that many factors may drive the poor 

concordance among self-report and behavioral measures of impulsivity and related 

constructs, the current study focused on methodological differences related to how self-

report and behavioral measures are administered and scored.

Self-report and behavioral measures differ in at least four important ways that may underlie 

their discordance (Willerman, Turner, & Peterson, 1976). First, self-report measures instruct 

participants to “be honest,” whereas behavioral measures instruct participants to “try hard” 

or “do (their) best.” Second, self-report measures may be monotonous, particularly for 

individuals high in impulsivity, resulting in varied motivation across participants. In contrast, 

behavioral measures may be more engaging, resulting in greater participant motivation. This 

feature may not hold for all behavioral measures as some may also be experienced as 

relatively monotonous (e.g., Go/No-Go or Stroop tasks). Third, all participants are 

administered the same items on self-report measures, but adaptive, computer-based 

behavioral measures may administer different item sets based on performance. Finally, self-

report measures aim to identify participants' typical level on a given construct (e.g., typical 

impulsivity/self-control), and behavioral measures aim to identify participants' peak level on 

a given construct (e.g., maximal ability to exert self-control over impulses). These 

differences are not mutually exclusive. For example, behavioral measures may assess 

maximal ability, in part, because participants are instructed to “do their best.” The current 
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study focused on methodological differences that may identify participants' typical versus 

maximal levels of impulsivity.

Traditionally, self-report measures of individual differences produce a score informed by all 

items (e.g., a sum or average), described as a typical score in that it assesses participants' 

typical functioning (Willerman et al., 1976). In contrast, behavioral measures identify a peak 

level, described as a maximal score in that it assesses participants' maximal functioning. 

Notable differences between typical and maximal measures have been highlighted. 

Willerman and colleagues (1976) used self-narratives (a short paragraph) to assess 

participants' anger susceptibility, including “what you typically would do and say in 

expressing your anger,” and “what you might be capable of doing and saying if you 

maximally expressed your anger.” Whereas the typical narrative was modestly correlated 

with a behavioral task of anger expression (r′s = -.03 – .32), the maximal narrative 

demonstrated moderate to strong correlations (r's = .48 – .59). The nature of self-report used 

by Willerman and colleagues differs from self-report questionnaires commonly used to 

assess individual differences, but these findings suggest that assessing self-report by using 

maximal ability may increase the concordance with behavioral measures, relative to typical 

ability.

There have been limited published follow-up studies to these findings. In examining 

cognitive functioning, some have speculated that fluid intelligence, including constructs 

related to impulsivity (e.g., working memory, processing speed, reasoning), is better 

assessed by maximal than typical ability (see Ackerman & Kanfer, 2004 for a review). In 

relation to substance use, however, self-report measures tend to demonstrate stronger 

associations. For example, self-report measures of self-control are associated with (main 

effects) of alcohol use and physical activity, in models where behavioral measures are 

unrelated to these outcomes (Allom, Panetta, Mullan, & Hagger, 2016; Thush et al., 2008). 

One should note, that some findings more strongly link behavioral rather than self-report 

measures of impulsivity to substance use (e.g., cessation outcomes in treatment-seeking 

adolescent tobacco smokers (Krishnan-Sarin et al., 2007).

The current study applied a typical scoring algorithm (i.e., sum score) and two maximal 

scoring algorithms to self-report measures of impulsivity, in a sample that was also 

administered behavioral measures of impulsivity-related constructs. Thus, the concordance 

among self-report and behavioral measures of impulsivity was compared across algorithms. 

Item Response Theory (IRT) analyses were used to estimate item difficulty, from which 

results were incorporated into the maximal scoring algorithms. We hypothesized that the 

maximal scoring algorithms would increase the concordance of self-report and behavioral 

measures. Finally, we examined whether these alternative scoring algorithms are more 

strongly associated with substance use measures (alcohol and marijuana), relative to 

traditional algorithms.
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Methods

Participants

Participants were 1,038 college students attending one of two universities (one public, one 

private) (M age = 18.4 years; 49.7% female; 84.6% European ancestry). All participants 

were administered self-report measures of impulsivity and substance use. A subset was 

administered behavioral measures to investigate alcohol and neurocognitive functioning, 

through the Brain and Alcohol Research in College Students study (BARCS; Dager et al., 

2013). All data collection was approved by the Institutional Review Boards at both 

universities.

Measures

Self-Reported Impulsivity—Participants completed the 40-item Zuckerman Sensation 

Seeking Scale (ZSS; M. Zuckerman, Kolin, Price, & Zoob, 1964) and 30-item Barratt 

Impulsiveness Scale, Version 11 (BIS-11; Patton, Stanford, & Barratt, 1995). The ZSS is 

thought to assess general reward sensitivity, using forced-choice items between one of two 

preferences (e.g., “I like ‘wild’ uninhibited parties” vs. “I prefer quiet parties with good 

conversation”). The BIS-11 assesses impulsivity more broadly, using a 5-point scale of item 

endorsement, from never/rarely to almost always/always.

Behavioral Impulsivity—Participants completed two behavioral measures, the Balloon 

Analog Risk Task (BART; assessing behavioral risk-taking) and the Experiential 

Discounting Task (EDT; assessing behavioral intertemporal choice). The BART is a 

computer-based task that assesses risk-taking in the context of obtaining increasing reward 

within a trial, while the risk of losing the reward concurrently increases probability within 

that trial. Thus, the BART involves “actual risky behavior for which, similar to real-world 

situations, riskiness is rewarded up until a point at which further riskiness results in poorer 

outcomes” (Lejuez et al., 2002 p. 76). The total number of pumps was used as a measure of 

performance on the task. In contrast, the EDT assesses delay-discounting (Reynolds & 

Schiffbauer, 2004), the tendency for an individual to forego a small but immediate reward 

for a larger but more distal and probabilistic reward.

Substance Use—Alcohol and marijuana use were assessed using quantity measures from 

the substance use disorders module of the Structured Clinical Interview for DSM-IV-TR 

(First, Spitzer, Gibbon, & Williams, 2002). Alcohol use was measured as the number of 

drinks consumed within the last six months. Marijuana use was measured as the number of 

joints consumed in the last six months. Therefore, both measures assessed past-six-month 

consumption.

Analytic Procedures

IRT Analyses—IRT analyses were conducted in R using the mirt package (Chalmers, 

2012). The check.monotonicity function from the mokken package in R was used to 

examine the monotonicity assumption of IRT analyses (Van der Ark, 2007). Three items 

from the ZSS and three items from the BIS-11 violated the assumption of monotonicity, and 

37 items from the ZSS and 27 items from the BIS-11 were retained for subsequent analyses. 
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Further, Horn's analyses (or parallel analyses) suggested that both the ZSS and BIS-11 are 

multidimensional (Horn, 1965).

Multidimensional IRT models were conducted using a four-factor structure for the ZSS and 

a six-factor structure for the BIS-11, consistent with empirical and theoretical work on these 

scales (Reise, Moore, Sabb, Brown, & London, 2013; Marvin Zuckerman, 1971). Two-

parameter IRT models estimated item difficulty and discrimination. Based on the item 

response format, a dichotomous response was modeled for the ZSS, and a polytomous 

response was modeled for the BIS-11.

Scoring Algorithms—Two alternative scoring algorithms for self-report measures (ZSS 

and BIS-11) were examined, informed by item difficulty estimates from IRT analyses; one 

algorithm was based items in ascending order of difficulty and one based on items in 

descending order of difficulty. Item difficulty provides an estimate of the latent trait value at 

which 50% of the sample will endorse the item. For example, assuming a standardized latent 

variable, an item on the ZSS with a difficulty of 1.96 (i.e., corresponding to a z-score of 

1.96) suggests that participants who endorse the item fall, on average, at the 95th percentile 

of the underlying trait. Given the polytomous structure of the BIS-11, there were multiple 

difficulties for each item, and the item difficulty at the threshold corresponding to an 

endorsement of at least occasionally (i.e., 2 on a 0-4 scale) was used to inform the scoring 

algorithms.

First, a scoring algorithm was adapted from the Wechsler Adult Intelligence Scale, wherein 

items are ordered by ascending difficulty (WAIS; Wechsler, 1981). Items are administered 

and scored until three consecutive items are answered incorrectly. This WAIS algorithm was 

applied to the BIS-11 and ZSS, with a denial of impulsivity counting as an “incorrect” 

response. Endorsements were scored until three consecutive items were denied.

Second, a maximal algorithm was implemented, wherein items were ordered by descending 

difficulty. Once two consecutive items were endorsed, the algorithm multiplied the mean 

score of all prior items by the number of remaining items. For example, if the two most 

difficult items on the ZSS were endorsed, a score of 37 was generated (i.e., [[1+1]/2]*37).

A typical scoring algorithm (i.e., a sum score) was also applied to the BIS-11 and ZSS. 

Correlations were moderate to strong between the typical and alternative algorithms but 

tended to be higher for the WAIS algorithm (r = .83 – .84) than the maximal algorithm (r = .

55 – .58).

Correlation Analyses—All subsequent analyses were conducted in Mplus (Muthén & 

Muthén, 1998). Participants' university was included as a cluster-level variable in all 

analyses, which adjusts for potentially biased standard errors due to non-independent 

observations in cluster sampling (i.e., students from distinct universities) (Rebollo, do Moor, 

Dolan, & Boomsma, 2006). Participant age, gender, and race/ethnicity were included as 

covariates. Correlation analyses investigated associations between these algorithms and 

performance on the BART and EDT. Differences between correlations were evaluated using 

chi-square difference tests, between models in which correlations were freely estimated (i.e., 

Ellingson et al. Page 5

Addict Behav. Author manuscript; available in PMC 2019 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



typical self-report and behavioral measure, maximal self-report and behavioral measures) 

and constrained to be equal. A significant decrement of fit in the constrained model would 

suggest a statistically significant difference between the use of the typical and alternative 

algorithm.

Incremental Validity—Cholesky models were conducted to decompose the proportion 

variation in substance-use outcomes into the typical scoring algorithm, and any remaining 

variation attributable to the alternative-scoring algorithm. That is, after accounting for the 

typical scoring algorithm, the proportion of variation in substance use attributable to the 

maximal and WAIS scoring algorithms was estimated. If statistically significant, this would 

suggest that the alternative algorithm accounts for variance not captured by the typical 

algorithm.

Results

Correlation Analyses

Raw, unadjusted correlations are shown in Table 1, to provide a benchmark for associations 

among self-report impulsivity measures using typical scoring algorithms (ZSS, BIS-11), 

behavioral impulsivity measures (EDT, BART), and substance use (alcohol, marijuana). 

Self-report measures were moderately correlated with each other (r = .46), and behavioral 

measures were weakly correlated (r = .15). Consistent with prior studies, self-report and 

behavioral impulsivity measures were weakly correlated (rs = -.07 – .09). Further, substance 

use measures appeared to be more strongly correlated with self-reported impulsivity (rs = .

23 – .44) than behavioral measures of impulsivity (rs = -.10 – .17).

Correlations between behavioral measures of impulsivity and self-report scores derived from 

typical, maximal, and the traditional WAIS scoring algorithms are displayed in Table 2. 

Consistent with prior work, there were weak correlations between behavioral and self-report 

measures of impulsivity-related constructs using the typical scoring algorithm. In fact, using 

typical scoring algorithms for self-report measures, only two of the four correlations reached 

statistical significance. The ZSS was positively correlated with the EDT (r = .09), and the 

BIS-11 was negatively correlated with the BART (r = -.07). The WAIS algorithm yielded 

similar correlations as the typical algorithm, and these estimates were not significantly 

different from each other in constrained models. The maximal algorithm, however, yielded a 

correlation for the BIS-11 and BART that was significantly different than the typical 

algorithm (r = .08) and in the expected direction (Δχ2
(1) = 4.13, p < .05). Thus, the maximal 

scoring algorithm increased the concordance between the BIS-11 and BART and yielded 

similar correlations as the typical algorithm in all other models.

Incremental Validity

Table 3 displays the proportion of variation explained by self-reported impulsivity, across 

the scoring algorithms, in behavioral measures of impulsivity and substance use. Consistent 

with prior studies, the typical algorithm for self-report measures explained approximately 

1% of the variance in behavioral measures of impulsivity. Notably, the maximal algorithm 
for BIS-11 explained an additional 2% of the variation in the BART that was not accounted 
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for by the typical algorithm. The WAIS algorithm failed to account for a significant 

proportion of variation in the EDT or BART, after accounting for the typical algorithm; 

however, the WAIS algorithm for the ZSS explained 1%-2% of variation in these measures 

(ps = .07 – .37. Altogether, over 95% of the variation in EDT and BART performance was 

unexplained by self-report measures, regardless of the scoring algorithm.

For substance use, the typical algorithm of the ZSS accounted for a large and statistically 

significant proportion of variation in substance use (10% - 17% [SEs = 1.9% - 2.3%], ps < .

001). Similarly, the BIS-11 accounted for a substantial proportion of variation in marijuana 

use (4.3% [SE = 2.1%], p = .04), and a large but statistically nonsignificant proportion in 

alcohol use (7.4% [SE = 5.7%], p = .19). After accounting for the typical algorithm, a 

negligible proportion was accounted for by either the maximal or WAIS algorithms (<1%). 

Thus, the maximal and WAIS algorithms did not explain any variation in substance use 

outcomes not already accounted for by the typical algorithm.

Discussion

The current study suggests that methodological factors may underlie some of the 

discrepancies between self-report and behavioral measures of impulsivity-related 

assessments. In particular, a scoring algorithm that identifies an individual's maximal, or 

peak, levels of impulsivity or impulse control may improve the concordance between self-

report and behavioral measures, although the incremental proportion of the variance 

accounted for by this approach is small, or in most cases, not statistically significant. It has 

been suggested that behavioral measures reflect peak, rather than typical, functioning, and it 

is possible that these algorithms increased concordance by assessing peak functioning (i.e., 

impulse control) rather than typical functioning (Ackerman & Kanfer, 2004). Notably, 

associations with substance-use outcomes were not improved using the alternative scoring 

algorithms of self-report measures.

Further researcher is needed to explore the many possible explanations for the discordance 

between self-report and behavioral measures of impulsivity-related constructs. While a 

maximal scoring algorithm yielded some benefit in the current study, there may be greater 

advantages if self-report measures of impulsivity-related constructs are developed with such 

methodological factors (e.g., see Willerman et al., 1976). There is already a vast literature on 

the utility of IRT models for developing measures that cover a wide spectrum of item 

difficulty, which could be implemented to more adequately assess impulsivity in ways that 

may correspond with laboratory tasks (Mellenbergh, 1994; Smith & McCarthy, 1995; Smith, 

McCarthy, & Anderson, 2000; Steinberg & Thissen, 1995; Thissen & Steinberg, 1988). For 

example, impulsivity scales developed from comprehensive items pools and informed by 

IRT analyses may further increase the concordance between behavioral and self-report 

measures. Statistical packages have recently been developed to aid such efforts, including 

the administration of computer adaptive tests (Magis & Barrada, 2017). Further, it may be 

worth investigating how behavioral measures can be made more like self-report measures.

These findings may suggest that self-report and behavioral measures assess different aspects 

of the same construct, such as trait-like differences (via self-report) and state-like processes 
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(via behavioral measures) (Allom et al., 2016); however, others have conceptualized self-

report measures as subjective and explicit, whereas behavioral measures are objective and 

implicit (Dislich, Zinkernagel, Ortner, & Schmitt, 2015; Ortner & Proyer, 2014). As noted 

by Willerman and colleagues (1976), self-report measures typically assess stable, trait-like 

constructs, and behavioral measures may be more state-like. Analytic approaches 

incorporating multiple time points of data, such as state-trait models, may be used to 

investigate this possibility. Additionally, the domains assessed with different instruments 

(impulsiveness, sensation-seeking, risk-taking, delay-discounting, as assessed in the current 

study) may vary. Such limitations warrant further investigation in future studies. An 

additional limitation in the current study involves the multiple comparisons conducted; as 

such, the study should be considered exploratory. That being said, the largely null findings 

suggest that the methodological considerations explored do not account for a substantial 

amount of the variation in the relationships between the self-report and behavioral measures.

Distinguishing self-report and behavioral measures of impulsivity conceptually (e.g., 

explaining state vs. trait risk), as well as empirically (i.e., weakly correlated), may also 

provide some benefits to understanding substance use. For example, models that incorporate 

both types of measurement methods, as weakly correlated risk factors, may explain distinct 

and meaningful variance in substance use, compared to models that include highly 

concordant risk factors that are less conceptually distinct. This potential benefit does not 

negate, however, the utility of understanding why different measures impulsivity are 

discordant.

Summary

The current findings suggest that methodological factors related to instrument administration 

and scoring may in part contribute to the poor concordance among self-report and behavioral 

measures of impulsivity, but that these contributions at most contribute only a small amount 

of the variance. As such, other factors clearly underlie this discordance and warrant further 

investigation. Further, alternative scoring algorithms were correlated with substance use but 

did not explain any variance that was distinct from typical algorithms. Thus, other 

possibilities should be explored.
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Highlights

• Self-report and behavioral measures of impulsivity are only weakly 

concordant.

• We examined whether a scoring algorithm of peak impulsivity improves 

concordance.

• Assessing peak, instead of typical, impulsivity improved concordance for 

some measures but explained only a small proportion of variance.
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Table 2

Correlations estimates for the Experiential Discounting Task and Balloon Analog Risk Task with the Barratt 

Impulsiveness Scale-Version 11 and Zuckerman Sensation Seeking Scale using Typical, Maximal, and WAIS 

scoring algorithms.

Behavioral Measure Typical Maximal WAIS

Pearson Correlation Estimates (Standard Errors)

BIS-11

EDT .02 (.02) .06 (.05) -.01 (.02)

BART M -.07 (.03) ** .08 (.01) *** -.08 (.01) ***

ZSS

EDT .09 (.02) *** .12 (.01) *** .03 (.01) *

BART .08 (.05) .08 (.05) .02 (.03)

Note.

M
statistically significant difference, with maximal scoring algorithm demonstrating greater concordance with behavioral measure than typical 

algorithm.

***
p < .001,

**
p < .01,

*
p < .05.

Abbreviations: ZSS: Zuckerman Sensation Seeking Scale; BIS-11: Barratt Impulsiveness Scale-Version 11; EDT: Experiential Discounting Task; 
BART: Balloon Analog Risk Task performance, modeled by total pumps.
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Table 3

Estimates of the proportion of variation explained by typical and alternative scoring algorithms in behavioral 

measures of impulsivity and substance use.

Proportion of Variance Explained by: Remaining Proportion of Variance Explained by:

Outcome Typical Algorithm Maximal Algorithm WAIS Algorithm

BIS-11

Behavioral Measures

 EDT .00 (.00) .00 (.01) .00 (.00)

 BART .01 (.00) *** .02 (.00) *** .00 (.00)

Past Six -Month Substance Use

 Alcohol Quantity .07 (.06) .00 (.00) .00 (.00)

 Marijuana Quantity .04 (.02) * .00 (.00) .00 (.00)

ZSS

Behavioral Measures

 EDT .01 (.00) * .01 (.01) .01 (.01)

 BART .01 (.01) .00 (.00) .02 (.01)

Past Six -Month Substance Use

 Alcohol Quantity .17 (.02) *** .00 (.01) .00 (.00)

 Marijuana Quantity .10 (.02) *** .00 (.00) .00 (.00)

Note.

***
p < .001,

**
p < .01,

*
p < .05.

Standard errors are listed in parentheses. Estimates listed as .00 are less than .01. Alcohol quantity was the total number of drinks in the last six 
months. Marijuana quantity was the total number of joints smoked in the last six months. Abbreviations: BART: Balloon Analog Risk Task; 
BIS-11: Barratt Impulsiveness Scale-Version 11; EDT: Experiential Discounting Task; ZSS: Zuckerman Sensation Seeking Scale
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