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Abstract

The quality of information that informs decisions in expert domains such as law enforcement and national
security often requires assessment based on meta-informational attributes such as source reliability and information
credibility. Across 2 experiments with intelligence analysts (n = 74) and nonexperts (n = 175), participants
rated the accuracy, informativeness, trustworthiness, and usefulness of information varying in source reliability
and information credibility. The latter 2 attributes were communicated using ratings from the Admiralty Code,
an information-evaluation system widely used in the defence and security domain since the 1940s. Ratings of
accuracy, informativeness, and likelihood of use were elicited as repeated measures to examine intraindividual
reliability. Across experiments, intraindividual reliability was best when levels of source reliability and information
credibility were moderately consistent compared to when they were maximally inconsistent (i.e., one low and
one high) or maximally consistent (both high or low). As well, trustworthiness ratings depended more on source
reliability than on information credibility. Finally, the likelihood of using information was consistently predicted
by accuracy ratings and not by judged informativeness or trustworthiness. The current findings offer insights into
the ability of experts and novices to reliably use information-evaluation systems for structuring human judgments
about intelligence.

Across virtually every domain, individuals must integrate and evaluate information to support
effective judgment and decision-making (e.g., eye-witness testimony, Brewer and Burke, 2002;
navigation, Nardini et al., 2008; sensation and perception, Knill and Saunders, 2003; Landy et al., 2011;
Zaki, 2013; emotion recognition, Juslin 2000, Leitzke and Pollak, 2016; weather forecasting, Lusk,
1993; consumer behavior, Miyazaki et al., 2005; Wall et al., 1991; auditing and accounting, Lambert
and Peytcheva, 2020; clinical diagnoses, Hoffman et al., 1968; intelligence and national security,
Mandel et al., 2023; Samet, 1975). Effective information evaluation requires access to useful, accurate,
informative, and trustworthy information. However, the quality of information is often uncertain and
may vary in terms of such criteria. This is particularly important to understand in high-stakes contexts
such as defence and national security where intelligence professionals routinely evaluate information
quality to inform critical and highly influential decisions.

© Crown Copyright - His Majesty the King in Right of Canada, 2025. Published by Cambridge University Press on behalf of Society for
Judgment and Decision Making and European Association for Decision Making. This is an Open Access article, distributed under the terms
of the Creative Commons Attribution licence (https:/creativecommons.org/licenses/by/4.0), which permits unrestricted re-use, distribution and
reproduction, provided the original article is properly cited.

https://doi.org/10.1017/jdm.2025.10007 Published online by Cambridge University Press


doi:10.1017/jdm.2025.10007
https://orcid.org/0000-0001-6497-4400
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1017/jdm.2025.10007

2 Megan O. Kelly et al.

The evaluation of information quality is an important precursor to making intelligence assessments
that support defence and national security decision-making (Carter, 2009; Irwin and Mandel, 2019;
NATO, 2016; Samet, 1975). To facilitate effective information evaluation, raw intelligence (e.g.,
communications from informants or intercepted electronic signals) is often accompanied by explicit
meta-informational attributes that provide information about the information or raw intelligence—
for example, the reliability of the intelligence source. Despite the routine occurrence of judging
information quality, it is unclear how information-quality judgments are influenced by the consistency
(or inconsistency) among the available meta-informational attributes. In the present work, we aim to
better understand the various assessments made in response to 2 key meta-informational attributes,
source reliability and information credibility, based on a widely implemented information-evaluation
system used in intelligence analysis.

1. Information-evaluation processes

Formal information evaluation in the intelligence and national security domain often employs the
Admiralty Code or NATO System, which was developed by the British Admiralty’s Naval Intelligence
Division during World War II (Hanson, 2015; Irwin and Mandel, 2019). The North Atlantic Treaty
Organization (NATO) joint intelligence doctrine (among other organizations; Hanson, 2015; Miron
et al., 1978; United States Department of the Army, 1951) uses the Admiralty Code for evaluating
the quality of raw intelligence, which is often unverified, incomplete, and/or prone to inaccuracies or
biases. The Admiralty Code uses a 6 X 6 alphanumeric rating system, which requires the evaluation of
source reliability and information credibility independently from one another. See Table 1 for standards
(updated NATO AJP-2.1, NATO, 2016).

In applying the Admiralty Code, source reliability has been linked to the confidence in the
information source provided and past performance levels (Irwin and Mandel, 2019; McDowell, 2009).
For additional context, an older standard for the Admiralty Code detailed that source reliability could
range from a source that ‘has proved unworthy of any confidence’ (‘E’: unreliable) to a source that is
‘tried and trusted’ and ‘depended upon with confidence’ (‘A’: completely reliable; NATO STANAG
2511; NATO, 2003). The standards imply that source reliability can only be judged for sources that
have been used in the past. Thus, if a source is completely novel, it is designated as ‘reliability cannot
be judged’ (‘F’). In general, source reliability can be thought of as the confidence associated with
a source’s long-term success in providing quality information (Irwin and Mandel, 2019; McDowell,
2009; NATO, 2003; Samet, 1975).

In contrast to source reliability, the information credibility scale of the Admiralty Code refers to the
probability that the information being evaluated is true. The earlier standards outlined that information
credibility can range from information that ‘positively contradicts previously reported information’ or
‘conflicts with the established pattern of an intelligence target in a marked degree’ (‘5’: improbable)
to information that ‘originates from another source than the already existing information on the same

Table 1. NATO AJP-2.1 source reliability and information credibility scales.

Reliability of the collection capability Credibility of the information
A Completely reliable 1 Completely credible

B Usually reliable 2 Probably true

C  Fairly reliable 3 Possibly true

D  Not usually reliable 4 Doubtful

E  Unreliable 5 Improbable

F  Reliability cannot be judged 6  Truth cannot be judged
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subject’ (‘1°: confirmed by other sources; NATO STANAG 2511; NATO, 2003). Notably, completely
novel information that ‘provides no basis for comparison with any known behavior pattern of a target’
is classified as ‘truth cannot be judged’ (‘6’; NATO STANAG 2511; NATO, 2003). Generally, then,
information credibility is based on the degree to which the information seems true, with a key factor
in determining truth being confirmation from other independent sources (e.g., Irwin and Mandel, 2019;
NATO, 2003; Samet, 1975).

Once the information has been ‘encoded’ with the alphanumeric designations for source reliability
and information credibility independently, the information and codes are communicated for subsequent
interpretation (‘decoding’), often by an intelligence analyst who is distinct from the encoding process.
For example, if information from a source judged as ‘Completely Reliable’ is perceived by the encoding
party as ‘Possibly True’ in information credibility, the information would be communicated with the
alphanumeric designation of ‘A3’ for subsequent decoding.

2. Challenges with applying the Admiralty Code

Despite the wide practice of the Admiralty Code, challenges with using the Admiralty Code to assess
and communicate information quality are evident. For example, when assigning (i.e., encoding) the
alphanumeric codes, analysts or operators most often assign codes that fall along the diagonal such
that source reliability and information credibility align perfectly in the ordinal position (i.e., assigned
codes of A1, B2, C3, etc.; Baker et al., 1968). That is, encoders do not tend to assign inconsistent meta-
informational attributes such as high source reliability and low information credibility, or vice versa.
Relatedly, encoders may use source reliability as a cue for information credibility and not vice versa
(Miron et al., 1978).

These findings indicate that analysts may not be assigning source reliability and information
credibility classifications independently from one another despite the instruction within the Admiralty
Code to do so (Mandel et al., 2023; Samet, 1975). Nevertheless, national intelligence communities
commonly advise that intelligence assessments, which do share dependencies, be given independently
from one another. For instance, the Office of Director of National Intelligence advises that analysts
assign probability and confidence assessments independently, even though probabilities do, in fact, put
boundaries on confidence levels. For instance, an event that is judged to have a 99% chance of occurring
can have at most an upper bound of 100% on a confidence interval around the estimate. Such a small
room for error would be inconsistent with expressing ‘low confidence’. Therefore, the guidance from
the intelligence community that such a probability could be coupled with low confidence is ill advised,
and recent research shows that analysts and nonexperts alike do treat probability and confidence as
related constructs (Irwin and Mandel, 2023). Similarly, it is unclear whether information evaluators
are capable of treating source reliability and information credibility as fully independent, even if such
guidance were prescriptively valid.

The research discussed thus far has focused on the unreliability of the encoding processes of the
Admiralty Code. However, further ambiguity in applying the Admiralty Code may be evident during
the decoding process in which analysts use such meta-information to weigh the raw intelligence
they receive. This issue is the focus of the current work. In past research, Samet (1975) compared
the consistency of Admiralty Code interpretations across 2 separate tasks in US army captains. In
the first task, participants selected which of 2 camps were more likely to be attacked provided the
camps differed in source reliability and/or information credibility (e.g., Camp X: A3 vs. Camp Y:
Cl1). In the second task, participants assigned the probability of event likelihood for each of the
alphanumeric codes involving A—E source reliability and 1-5 information credibility. If A3 was
judged as more likely than Cl1 in the first task, and if probabilities x and y were assigned to A3
and C3, respectively, in the second task, then responses between tasks were considered consistent if
x >y, ambiguous if x =y, and inconsistent if x < y. Samet (1975) found that across 2 different tasks,
response consistency was lower than expected: consistency was ambiguous or inconsistent for one-
third of the cases, and the vast majority of participants were inconsistent at least some of the time.
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These findings suggest that, at an intraindividual level, users of the Admiralty Code interpret the same
meta-information inconsistently. This poses issues for downstream intelligence analysis (i.c., use of
that information in making intelligence assessments) and is compatible with the idea that intelligence
processes that aim to support analysts’ judgments may inadvertently amplify noise (or unreliability)
due to undetected ambiguities or algorithmic imprecision in how those processes should be executed
(Chang et al., 2018; Mandel, 2020).

3. Consistency among meta-information

Multiple intelligence processes intended to facilitate formal structure in analysis procedures and
increase intelligence accountability have exhibited unreliability (Chang et al., 2018; Karvetski and
Mandel, 2020; Marcoci et al., 2019a, 2019b). For instance, in the Admiralty Code, the consistency or
reliability within individuals’ interpretations of the alphanumeric codes could depend on whether the
meta-informational attributes of source reliability and information credibility are consistent with one
another. We sought to examine how the reliability within individuals’ assessments might be influenced
by the agreement among source reliability and information credibility (e.g., both high source reliability
and high information credibility vs. high source reliability and low information credibility).

While the influence of consistency between the source reliability and information credibility on
information assessment is underexplored in the context of the Admiralty Code, work in other domains
suggests attribute consistency is an important factor in effective or reliable use of attributes. For
example, Slovic (1966) examined how the use of attributes in judgments depended on attribute
consistency and found that both attributes contributed to judgments if both of them agreed, but that
only one of these attributes were used when they disagreed. In a similar vein, Miyazaki et al. (2005)
tested the effect of consistency in 2 product attributes on the price—quality relationship for a product and
found that 2 positive attributes (e.g., strong brand, strong warranty) led to a clear price—quality relation
for the product. When a product had both a positive attribute and a negative attribute, consumers tended
to focus on the negative attribute during evaluation. Thus, individuals may opt to favor one attribute
over the other in the case of disagreement. Individuals may also resort to ‘averaging’ the attributes
when receiving inconsistent information (e.g., Lichtenstein et al., 1975). More generally, these studies
support an attribute consistency hypothesis in which intrajudge reliability is expected to increase with
increases in attribute consistency.

In the current context of the Admiralty Code, Mandel et al. (2023) examined whether consistency in
the levels of source reliability and information credibility affected intraindividual reliability (i.e., test—
retest) in ratings of information accuracy. In support of the attribute consistency hypothesis, they found
that intraindividual reliability was directly related to attribute consistency. If attribute consistency was
high (as in A1 or ES5 ratings), reliability was significantly better than if attribute consistency was low
(as in A5 or E1 ratings). These findings suggest that individuals may experience increased difficulty in
assigning reliable judgments when presented with inconsistent attributes compared to consistent ones.

4. The present research
4.1. Effect of attribute consistency on intraindividual reliability

A central aim of the current work was to further examine the relation between intraindividual reliability
in information quality ratings and the level of meta-informational attribute consistency. Critically, we
aimed to do so with improved statistical power by collecting larger samples than those in earlier work.
Across 2 experiments, we elicited information quality ratings in response to varying levels of source
reliability and information credibility. Crossing levels of source reliability and information credibility
allowed for the key manipulation of attribute consistency such that information presented to individuals
was either of low, medium, or high attribute consistency.
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Mandel et al.’s (2023) research provides initial evidence that analysts have difficulty integrating
source-reliability and information-credibility information when the 2 attributes indicate disparate levels
of information quality. However, their experiments were conducted on small samples of intelligence
analysts and focused on a single dependent measure, namely, the probability that the information
received was accurate. Although information accuracy undoubtedly contributes to information quality,
information quality is a multifaceted construct. Other indicators include the informativeness of infor-
mation (Batini and Scannapieco, 2016; Eppler and Wittig, 2000; Stvilia et al., 2007), its trustworthiness
(Batini and Scannapieco, 2016; Nurse et al., 2011; Stvilia et al., 2007), and the receiver’s intention to
use the information (Batini and Scannapieco, 2016; Huang et al., 1999; Madnick et al., 2009). In the
present work, we studied intraindividual reliability across 3 measures (i.e., accuracy, informativeness,
and likelihood of use), which were assessed in 2 blocks in a repeated measures. In addition to studying
reliability across more dependent measures, we examined how results generalized to nonexperts
unfamiliar with the Admiralty Code (Experiment 2). This extension to nonexperts in Experiment 2 is
of interest when considering that previous work has focused on sampling analysts specifically.

Another motivation for the current work was to ensure the effects reported by Mandel et al. (2023)
were not an artifact of the scoring rule they used. Mandel et al. (2023) indexed intraindividual reliability
by computing a standardized absolute error (SAE) measure between a first and second probability
judgment for items asked twice, wherein p; and p, refer to the ratings elicited at test and retest,
respectively:

SAE = |p1 = p2|/Max[p1, p2, 100 = p1, 100 — ps]

With SAE, however, error is expected to be inversely related to the extremity of the mean of the 2
repeated judgments. As judgments of highly congruent Admiralty Codes tend to have the most extreme
mean values, Mandel et al.’s (2023) results may be due to this confounding influence. In the present
research, we examine the reliability of judgments as a function of attribute congruence using a novel
scoring rule (described later) that, contrary to SAE, mildly penalizes extreme scores.

4.2. Effect of meta-information on information quality

While we expect general positive effects of source reliability and information credibility across indices
of information quality as found by Mandel et al. (2023), another aim of this work was to examine
how information-quality measures might be differentially affected by source reliability and information
credibility given previous mixed findings. Mandel et al. (2023) proposed that information accuracy
and information credibility both directly refer to characteristics of the information being evaluated,
whereas source reliability indirectly describes that information because it refers instead to the source
(see also Lemercier, 2014). This proposal was indirectly supported by Samet (1975), who found
greater weighting of information credibility than source reliability on likelihood judgments. However,
Mandel et al. (2023) did not find evidence of unequal weighting of these 2 factors on judgments of
information accuracy. In contrast, Samet (1975) found that participants’ event likelihood estimates
depended more strongly on information credibility than source reliability. That said, estimates were not
a direct measure of information quality in Samet (1975) as they were in Mandel et al. (2023), and this
difference might account for the apparent inconsistency. It remains plausible that other quality indices
encourage differential weighting. For example, given the well-documented relation between source
and trustworthiness (e.g., Bertino and Lim, 2010; Dai et al., 2008; Gil and Artz, 2007; Nurse et al.,
2011), an assessor might weigh source reliability heavier than information credibility when assessing
the trustworthiness of the information. We extended the previous work to test for differential effects
of source reliability and information credibility on 4 indices of information quality (i.e., accuracy,
informativeness, trustworthiness, and usefulness).
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4.3. Predictors of likelihood of information use

Finally, the intent to use information represents an ultimately consequential aspect of information
quality. Evaluating information quality will affect whether the analyst or consumer uses the information.
Therefore, a final aim of this research was to examine whether the rated probability of using information
characterized by a particular meta-informational profile was influenced by the other information-quality
measures (i.e., accuracy, informativeness, and trustworthiness). We assessed the predictive effect of
those measures across differing meta-informational profiles in an exploratory manner.

5. Experiment 1
5.1. Method

5.1.1. Participants

Participants were 74 intelligence analysts (n = 52 Canadian; n = 22 UK) who participated remotely
using a Qualtrics survey link distributed by their managers. Participation was voluntary, anonymous,
and there was no remuneration. Sixty-two percent of the sample indicated being familiar with the
source-reliability and information-credibility scales. Demographic information was available from
45.9% of participants, (the demographics for some analysts were not reported to protect their identities).
Of those reporting this information, 23.5% reported as female and the age range was 21 to 60 years
(M =35.06, SD = 9.45). The reported highest level of education attained was high school or equivalent
for 5.9%, trade school (nonmilitary) for 11.8%, undergraduate for 52.9%, and graduate for 29.4%. In
all, 53% stated that they were civilian and 47% reported being military (all participants responded).

5.1.2. Design

The experiment was a mixed design with one between-subjects factor (item set) and 3 within-subjects
factors (information-quality measure, source reliability, and information credibility). Specifically,
participants were randomly assigned to 1 of 2 experimental stimuli conditions (item set 1, item set
2; explained further below). Each participant provided ratings for each information-quality measure
(i.e., accuracy, informativeness, likelihood of use, and trustworthiness) as a function of both source
reliability (low, medium, high), and information credibility (low, medium, high). In addition, given
the varying levels of source reliability and information credibility, the attribute consistency between
source reliability and information credibility also varied within-subjects. Specifically, the consistency
in the levels of source reliability and information credibility could be low consistency (e.g., low source
reliability and high information credibility), medium consistency (e.g., low source reliability, medium
information credibility), or high consistency (e.g., low source reliability, low information credibility).
As shown in Table 2, both item sets included the same low- and high-attribute consistency items (AS,
El; Al, ES), but different medium-attribute consistency items (Set 1: A3, C1; Set 2: C5, E3).

5.1.3. Materials and procedure

Experiment 1 was approved by the Defence Research and Development Canada Human Research
Ethics Committee. At the start of the experiment, participants were informed that they would be
judging pieces of information classified as TOP SECRET along different dimensions, including
accuracy, likelihood of use, informativeness, trustworthiness, and prevalence. Next, they were shown
the source-reliability and information-credibility scales, followed by an annotated sample question (see
the Supplementary Material).

Before advancing to the experimental task, participants had to pass 2 screening questions. First, they
were asked to select the highest source reliability rating from a set of 4: ‘Reliability cannot be judged
(Fy’, ‘Not Usually Reliable (D)’, ‘Fairly Reliable (C)’, and ‘Usually Reliable (B)’. Participants who
provided an incorrect response were prompted to review the scales and try again. Those who failed
on their second attempt were automatically screened out of the experiment. This process was repeated
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Table 2. Item characteristics by set in Experiments I and 2.

Item rated Source reliability Information credibility SR-IC

from code Set (SR): A-E (IC): 1-5 attribute consistency
Al 1 and 2 High (A) High (1) High

E5 1 and 2 Low (E) Low (5) High

AS 1 and 2 High (A) Low (5) Low

El 1 and 2 Low (E) High (1) Low

A3 1 only High (A) Medium (3) Medium

Cl1 1 only Medium (C) High (1) Medium

C5 2 only Medium (C) Low (5) Medium

E3 2 only Low (E) Medium (3) Medium

with a question asking participants to select the lowest information credibility rating from a set of 4:
‘Doubtful (4)’, ‘Possibly True (3)’, ‘Improbable (5)’, and ‘Completely Credible (1)’.

Eliciting judgment ratings. The experimental task comprised 4 blocks of questions about information
quality. Within each block, participants were shown the 6 pieces of information corresponding to the
condition they were randomly allocated to (i.e., Set 1 or Set 2), one at a time and in random order. For
each item, participants responded to 2 of 5 questions about information quality below (determined by
the block) using 100-point sliders with a starting position of 50:

1. Use: ‘How likely would you be to use a piece of information with this combination of reliability and
credibility ratings in your analysis?’' [0 = Extremely unlikely, 100 = Extremely likely]

2. Accuracy: ‘How likely is a piece of information with this combination of reliability and credibility
ratings to be accurate?’ [0 = Extremely unlikely, 100 = Extremely likely]

3. Informativeness: ‘How informative would a piece of information with this combination of reliability
and credibility ratings be?’ [0 = Not at all informative, 100 = Extremely informative]

4. Trustworthiness: ‘How trustworthy do you think a piece of information with this combination
of reliability and credibility ratings would be?” [0 = Not at all trustworthy, 100 = Extremely
trustworthy]

5. Prevalence: ‘How likely is it to encounter a piece of information with this combination of reliability
and credibility ratings?’ [0 = Extremely unlikely, 100 = Extremely likely]”

The information quality questions were posed to participants as follows: Block I elicited accuracy
and likelihood of use judgments; Block 2 elicited trustworthiness and informativeness judgments; Block
3 elicited prevalence and, for a second time, likelihood of use judgments; finally, Block 4 elicited the
second judgments for informativeness and accuracy. Hence, likelihood of use, informativeness, and
accuracy judgments were each elicited swice in total, while trustworthiness and prevalence judgments
were each elicited once. Critically, because judgments of accuracy, informativeness, and likelihood
of use were elicited twice—that is, as test and refest—this allowed for a measure of intraindividual
reliability.

For half of the participants, question order was reversed within blocks (e.g., Block 1: likelihood of
use, then accuracy; Block 2: informativeness, then trustworthiness). Between blocks, a buffer printed
in capital letters and italics stated, ‘Note: the questions you will be asked are changing. Please read

'For the participants in the condition that had item set 1 and question order 1, the item was actually stated unintentionally as
‘How likely would you be to include a piece of information with this combination of reliability and credibility ratings in your
analysis?’ instead.

2 Although we collected prevalence ratings (see question wordings below), we opted to exclude prevalence as a dependent
measure of interest because, upon reflection, we did not consider it to be an indicator of information quality—a key focus in our
investigation. Therefore, prevalence ratings results are not discussed, although they are available in the Supplementary Material
for the relevant key main analyses (the results were qualitatively the same).
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them carefully!” Participants provided 48 responses in total (i.e., 4 blocks X 6 items X 2 questions).
Following the experimental task, participants completed brief tasks unrelated to the current research.
Finally, all participants indicated their familiarity with the rating scales, provided basic demographic
information, and were debriefed.

5.1.4. Analyses

Analyses were conducted using R version 4.3.1. For the relevant within-participants variables for
analysis of variance or covariance (ANOVA or ANCOVA, respectively) (‘ez’; Lawrence, 2016),
Greenhouse-Geisser corrected degrees of freedom, and p values are reported where applicable (i.e.,
whenever Mauchly’s test for sphericity was significant). For any regression analyses conducted (‘stats’
package; R Core Team, 2023), multicollinearity, heteroscedasticity, and normality of residuals were
all checked using the vif (‘car’ package; Fox and Weisberg, 2019), bptest (‘Imtest’ package; Zeileis
and Hothorn, 2002), and ggnorm (‘stats’ package; R Core Team, 2023) functions, respectively. Effect
sizes from ANOVAs are generalized eta squared, 7 2, which is more comparable across within-
and between-participant designs and are expected to be smaller than partial eta squared in repeated-
measures designs with multiple factors (Bakeman, 2005; Olejnik and Algina, 2003).

5.2. Results and discussion

5.2.1. Effect of meta-information on information quality

We examined the influences of source reliability and information credibility on ratings using a 2
(source reliability: low, high) X 2 (information credibility: low, high) X 2 (set: 1, 2) X 4 (measure: use,
accuracy, informativeness, trustworthiness) mixed ANOVA, wherein item set was the only between-
participants factor. There were main effects of source reliability [F(1, 72) = 562.06, p < .001,
n6> = .51] and information credibility [F(1, 72) = 490.91, p < .001, ng> = .48] such that ratings
were higher when source reliability and information credibility were higher. There was also a main
effect of information-quality measure [F(2.60, 187.33) = 4.43, p = .007, > = .01] such that ratings
were lowest for the accuracy measure and highest for informativeness. Source reliability and measure
significantly interacted [F(2.58, 186.03) = 23.64, p < .001, 6> = .04] such that the positive effect of
high source reliability (vs. low source reliability) on ratings was largest for trustworthiness and smallest
for informativeness. Information credibility and measure significantly interacted [F(2.68, 192.91) =
15.38, p < .001, ng* = .03] such that the positive effect of high information credibility on ratings (vs.
low information credibility) was largest for accuracy and smallest for trustworthiness. Finally, source
reliability and information credibility also significantly interacted [F(1, 72) = 30.43, p < .001, ng~ =
.03] such that the positive effect of information credibility was significantly larger for a high reliability
source than a low one. No other main or interaction effect was significant [Fs < 3.57, ps > .060].
Importantly, as Figure 1 shows, the interaction effects reflect variations in the degree of the observed
effects but not in the direction of those effects. In all cases, higher source reliability and information
credibility were associated with higher information quality ratings.’

To explore whether source reliability and information credibility differed from one another in their
influence on each information-quality measure, we compared 3 pairs of items that were complementary
in terms of high/low source reliability and low/high information credibility. For example, A5 (highest
source reliability and lowest information credibility) was compared to E1 (lowest source reliability and
highest information credibility). The same was performed for A3 versus C1 (observations from item
set 1), and C5 versus E3 (observations from item set 2). Table 3 presents the results of these paired
comparisons for each dependent variable. Comparing AS and E1, ratings for information accuracy were
significantly higher for E1 than A5, indicating that information credibility was weighted more heavily
than source reliability [#73) = 2.30, p = .024, d = 0.27]. However, the comparisons between A3 and
C1 and C5 and E3 showed no such significant effect for accuracy ratings [ts < 1, ps > .599]. In fact,

3The Supplementary Material presents figures analogous to Figure | that are disaggregated by dependent measure.
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Figure 1. Mean information quality rating (i.e., averaged across accuracy, informativeness, trust-
worthiness, and likelihood of use) as a function of source reliability and information credibility in
Experiment 1. Error bars represent 95% bootstrap bias corrected and accelerated Cls using 10,000
samples.

when comparing within item pairs (A5 vs. E1, A3 vs. C1, C5 vs. E3) in their ratings for probability
of using information and degree of informativeness, there was no evidence of a significant difference.
The exception to this was trustworthiness ratings: in all 3 comparisons, the item with higher source
reliability had higher ratings compared to the item with higher information credibility. That is, AS
was rated significantly more trustworthy than E1, A3 was rated significantly more trustworthy than
C1, and C5 significantly more trustworthy than E3. Recall that participants were asked to judge the
trustworthiness of the information rather than the source. These results suggest that when information
quality is framed in terms of trustworthiness, greater weight will be given to the source even if directly
information-relevant meta-information is provided.

5.2.2. Effect of attribute consistency on intraindividual reliability

As noted earlier, an aim of our research was to examine whether the attribute consistency hypothesis

would be supported when reliability was scored using a rule that did not yield higher error scores

because the 2 repeated judgments were more extreme. Letting p; and p; refer to the judgments elicited

at test and retest, respectively, the maximum absolute normalized error (MANE) is defined as follows:
If pp =p1:

MANE = 0 (perfect reliability)
If[100 — Min(py, p2)] > Max(p1, p2):

MANE = |p; - p2| /Max (p1,p2)
Else:

MANE = |p; — p>| /[100 — Min (p1, p2)] .
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Table 3. Effect of source-reliability/information-credibility trade-offs on mean information-quality
measures in Experiment 1.

Stimuli pair

and measure Mean (SD) t df P Cohen’s d
A5-El
Accuracy Mys=39.11 (24.15) 2.30* 73 .024 0.27
Mg; =49.07 (23.76)
Use Mys=42.55(24.77) 0.79 73 430 0.09
MEI = 4542 (2475)
Informativeness Mys =47.36 (23.92) 1.38 73 172 0.16
MEI =52.12 (2186)
Trustworthiness Mys =60.76 (23.85) 6.17*** 73 <.001 0.72
Mg; =35.53 (24.04)
A3-C1
Accuracy My3=67.51(15.73) 0.42 34 .677 0.07
Mc; =66.49 (15.52)
Use My3="71.83(16.71) 1.61 34 A17 0.27
Mc; =67.77 (17.46)
Informativeness My3=70.26 (11.62) 0.54 34 .596 0.09
Mc; =68.91 (10.04)
Trustworthiness My3="177.11 (11.55) 3.77%* 34 001 0.64
Mc; =65.77 (14.44)
C5-E3
Accuracy Mcs =32.15(17.18) 0.27 38 786 0.04
Mgz =33.05 (13.61)
Use Mcs =38.03 (21.21) 1.09 38 282 0.17
Mgz =34.38 (21.68)
Informativeness Mcs =40.00 (19.15) 0.66 38 Sl 0.11
Mgz =42.21 (20.84)
Trustworthiness Mcs =41.72 (16.40) 4.19%** 38 <.001 0.67

Mgz =27.59 (17.34)

Note: Bold p-values are statistically significant.

Thus, MANE calculates 2 absolute normalized error scores and selects the one that maximizes error.*

The exception is where scores perfectly agree and error is set to 0 by default.

We conducted a 3 (consistency: low, medium, high) X 3 (measure: accuracy, informativeness, use)
x 2 (set: 1, 2) mixed ANOVA on MANE. There was a significant main effect of consistency [F(1.78,
127.82) = 12.47, p < .001, 5 % = .04] such that the medium consistency led to significantly lower
MANE than both low consistency [#(73) = 2.42, p = .018, d = 0.28] and high consistency [#73) = 5.56,
p < .001, d = 0.65], with MANE lower for low consistency than for high consistency [#(73) = 2.33,
p = .023, d = 0.27]. No other main or interaction effects were statistically significant [F's < 2.33,
ps > .100]. Figure 2 presents mean MANE and 95% bootstrap confidence intervals according to each
level of attribute consistency within each item set for Experiment 1.° These findings indicate that the
earlier attribute consistency effect reported by Mandel et al. (2023) may have been due to the choice

4We thank Jon Baron for suggesting this rule. We adapted it slightly by setting cases where the two judgments were identical
to MANE = 0 to avoid missing cases.
3The analogous means and 95% Cls as a function of dependent measure are presented in the Supplementary Material.
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Figure 2. Mean maximum normalized error (MANE) by consistency and set in Experiment 1. Error
bars are bias corrected and accelerated 95% bootstrap Cls using 10,000 samples.

of scoring rule, which penalizes judgment pairs with less extreme mean values. In the present study,
contrary to the consistency effect, highly consistent attributes were the least reliable.

To examine the relation between an individual’s mean MANE across levels of consistency, we
conducted 3 separate correlations: (i) the mean MANE at low consistency with the mean MANE
at medium consistency, (ii) the mean MANE at medium consistency with the mean MANE at high
consistency, and (iii) the mean MANE at low consistency with the mean MANE at high consistency.
Mean MANE correlated positively between low and medium levels of consistency [#(72) = 4.04, r =
43, p < .001], correlated positively between medium and high levels of consistency [#(72) = 5.01, r =
.51, p < .001], and correlated positively between low and high levels of consistency [#(72) =2.43, r =
.28, p = .017]. Therefore, it appears there are stable individual differences in reliability across levels of
attribute consistency.

5.2.3. Predictors of likelihood of information use

We regressed participants’ ratings of likelihood of information use on their ratings of perceived
information accuracy, informativeness, and trustworthiness for each of the 4 items common to Sets 1
and 2 (i.e., Al, A5, E1, and ES). Each of the 4 models was significant. Table 4 shows the overall model
statistics for the 4 models and the statistics for each parameter in the 4 models.® Across stimuli, accuracy
ratings significantly predicted likelihood of use ratings. Additionally, when source reliability was low
and information credibility was high, informativeness ratings significantly predicted likelihood of use
ratings. No other relations were significant. The findings suggest that judged information accuracy is
the principal determinant of intention to use information.

6. Experiment 2

In Experiment 2, we sought to examine whether the findings observed in Experiment 1 are specific to
professional intelligence analysts who may have received training in information-evaluation methods or
whether those with little or no prior experience in information-evaluation methods would show similar
findings. While we do not presume that the Admiralty Code itself is relevant for use in the general
population, the generalizability of findings across expert and nonexpert samples would indicate that

®Results were qualitatively the same when excluding potentially influential observations and participants with potentially
influential observations (identified with influence_plot() from the regclass package; Petrie, 2020), see analogous results for these
analyses in the Supplementary Material.
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Table 4. Models fitted for each stimulus and predictor of use likelihood ratings for Experiment 1.

Stimulus, model fit, and predictor b SE B t )2

Al (high SR, high IC):

F(3,70)=23.10, p < .001, RzAdj_ = 48
Accuracy 0.80 0.12 0.78 6.77 <.001
Informativeness -0.13 0.10 -0.11 1.27 208
Trustworthiness 0.13 0.22 0.13 0.57 573

A5 (high SR, low IC):
F(3,70)=13.98,p < .001, R%;4; = .35

Accuracy 0.50 0.11 0.48 4.59 <.001
Informativeness 0.15 0.10 0.13 1.45 151
Trustworthiness 0.17 0.11 0.17 1.60 113

E1 (low SR, high IC):

F(3,70)=27.63,p < .001, R25qj. = .52
Accuracy 0.61 0.09 0.59 6.76 <.001
Informativeness 0.33 0.10 0.30 3.30 .002
Trustworthiness —-0.01 0.09 —-0.01 0.14 .892

E5 (low SR, low IC):
F(3,70)=6.05, p=.001, R2xqj. = .17

Accuracy 0.44 0.15 0.43 2.96 004
Informativeness 0.01 0.10 0.01 0.10 923
Trustworthiness 0.21 0.15 0.21 1.46 150

Note: SR, source reliability; IC, information credibility. Bold p-values are statistically significant.

general cognitive processes underlie the results. In contrast, if such findings from expert populations
do not generalize to nonexpert samples, it might suggest that responding in these information systems
is driven by analyst training. Finally, testing the generalizability of the results from expert analysts
to nonexperts could be relevant for better understanding the application of systems analogous to
the Admiralty Code to other areas of specialization, such as education and training, given the broad
utility of properly assessing information when provided meta-informational attributes such as source
reliability or information credibility (e.g., Hanson, 2015).

We also extended Experiment 1 (and earlier work by Mandel et al. 2023) by exploring how
potentially relevant individual differences in cognition may influence the reliability of individuals’
responses. Specifically, individuals who are more likely to answer intuitively—or less likely to answer
accurately—might be less reliable or reflective in their responses. We provide a test of this general idea
by considering both the intuitive response rate and the overall accuracy on the cognitive reflection task
(CRT; Frederick, 2005) as proximate indicators of less reflective responding (Erceg and Bubi¢, 2017;
Piazza and Sousa, 2014; Shenhav et al., 2012 Pennycook et al., 2016). This permits the inclusion of
the intuitive response rate and accuracy rate each in an analysis of intraindividual reliability in quality
measures, provided such measures relate to reliability.

6.1. Method

6.1.1. Participants

Experiment 2 was approved by the Defence Research and Development Canada Human Research
Ethics Committee. Data was collected from 175 participants using Qualtrics Panels. Participants were
sampled from Canada and the United States and were required to have English as their first language.
They were prohibited from completing the experiment on a smartphone. The sample was 62.9%
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female and sample age ranged from 18 to 60 years (M = 40.26, SD = 12.84). The highest level
of education attained reported was high school or equivalent for 36.0%, trade school (non-military)
for 21.1%, undergraduate for 37.7%, and graduate-masters for 4.6% with 1 participant not reporting.
All participants stated that they were ‘civilian’, and 13.1% reported prior familiarity with the source
reliability or information credibility scales.’

6.2. Design, materials, and procedure

The design was the same as in Experiment 1 and the materials and procedure were also the same
as Experiment 1 with one exception. Specifically, all participants also completed the CRT after the
core task of the experiment before responding to basic demographic questions and debriefing. Two
participants did not complete the CRT and were excluded from analyses involving the CRT scores.

6.2.1. Analyses

The intuitiveness and accuracy scorings of the CRT items were performed based on earlier work such
that the intuitive responses were coded with ‘1° with other response types coded as ‘0’ and such that,
for accuracy, correct responses were coded with ‘1’ and incorrect responses with ‘0’ (Erceg and Bubic,
2017; Piazza and Sousa, 2014; Shenhav et al., 2012; alternatively, see Pennycook et al., 2016). Analyses
were conducted in R and Greenhouse-Geisser corrected degrees of freedom and p values are reported
where applicable for the within-participant factors. Analyses were not preregistered.

6.3. Results and discussion

6.3.1. Effect of meta-information on information quality

We examined the influences of source reliability and information credibility on ratings using a 2
(source reliability) x 2 (information credibility) X 2 (set) X 4 (measure) mixed ANOVA with set
as the only between-participants factor. There were significant main effects of source reliability
[F(1, 173) = 393.52, p < .001, ng*> = .27] and information credibility [F(1, 173) = 398.41, p < .001,
16’ = .26], such that ratings were higher when source reliability and information credibility were higher.
As in Experiment 1, there was also a significant interaction between source reliability and measure
[F(2.53,437.74) = 6.84, p < .001, ng* < .01] such that the positive effect of high source reliability (vs.
low source reliability) was the largest for trustworthiness ratings and the smallest for informativeness
ratings. Information credibility and measure also significantly interacted [F(2.82, 487.33) = 3.73,
p =.014, ng*> < .01] such that the positive effect of high (vs. low) information credibility was largest
for accuracy ratings and smallest for trustworthiness ratings, which was also seen in Experiment 1.
An interaction between source reliability and information credibility [F(1, 173) = 32.72, p < .001,
n6> = .01] revealed that the positive effect of information credibility was larger for a high-reliability
source than a low one, like in Experiment 1. The interaction effects reflect variations in the degree
of the observed effects but not in the direction of those effects such that higher source reliability
and information credibility was associated with higher information quality ratings. No other effects
or interactions were statistically significant [Fs < 1.97, ps > .110]. Figure 3 presents the mean
values across the information-quality measures (i.e., accuracy, informativeness, trustworthiness, and
likelihood of use) as a function of source reliability and information credibility (see the Supplementary
Material for the analogous figures disaggregated by measure).

To examine the differential influences of source reliability and information credibility on the separate
dependent measures, we compared 3 pairs of items that were complementary in terms of high/low
source reliability and low/high information credibility as in Experiment 1 (i.e., A5-E1, A3—C1, and C5—
E3). Table 5 presents the results of these paired comparisons for each dependent variable. Comparing

"The rate of prior familiarity might be inflated if participants interpreted prior familiarity as experience with similar constructs
in other studies (i.e., not prior familiarity with the NATO Admiralty Code specifically).
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Figure 3. Mean information quality rating (i.e., averaged across accuracy, informativeness, trust-

worthiness, and likelihood of use) as a function of source reliability and information credibility in
Experiment 2. Error bars are bias corrected and accelerated 95% bootstrap Cls using 10,000 samples.

within the item pairs (A5 vs. E1, A3 vs. C1, C5 vs. E3), there was no evidence of any significant
differences in ratings of accuracy, informativeness, or likelihood of use (s < 1.67, ps > .096, ds <
0.13). Consistent with the findings from Experiment 1, the exception to this was trustworthiness ratings
such that, in 2 out of 3 comparisons (A5-E1 and C5-E3), the item with higher source reliability had
higher ratings compared to the item with higher information credibility. However, unlike in Experiment
1, A3 was not rated significantly more trustworthy than C1, though it is in the numerically consistent
direction as the other comparisons, with A5 having the numerically higher trustworthiness rating.

6.3.2. Effect of attribute consistency on intraindividual reliability
Participants’ mean MANE scores did not significantly correlate with the proportion of intuitive
responding on the CRT [#(171) = 1.61, r = .12, p = .110] or the proportion of accurate responding
on the CRT [#(171) = 1.22, r = —.09, p = .225]. Therefore, these CRT measures were not included as
covariates when analyzing intraindividual reliability.

As in Experiment 1, we examined the effect of attribute consistency on intraindividual reliability as
a function of set and consistency. We conducted a 3 (consistency: low, medium, high) X 3 (measure:
accuracy, informativeness, use) X 2 (set: 1, 2) mixed ANOVA on MANE with set as a between-
participants factor. Contrary to the attribute consistency hypothesis, we found a significant main effect
of attribute consistency [F(1.67, 288.60) = 3.27, p = .048, ng > = .01] such that medium consistency
was significantly lower in error than low consistency [#(174) = 3.24, p = .001, d = 0.24]. There was no
significant difference between low and high consistency [#(174) = 0.55, p = .583, d = .0.04] or between
medium and high consistency [#(174) = 1.71, p = .088, d = 0.13]. The interaction between item set and
measure was also significant [F(1.70, 294.34) = 3.78, p = .025, 55 > < .01] such that use and accuracy
errors were greater in set 2 than in set 1, while error in informativeness judgments was greater in set
1 than in set 2 (see Figure 4).® No other main or interaction effects were statistically significant [Fs <
1.94, ps > .140].

8The analogous means and 95% Cls as a function of dependent measure are presented in the Supplementary Material.

https://doi.org/10.1017/jdm.2025.10007 Published online by Cambridge University Press


https://doi.org/10.1017/jdm.2025.10007

Judgment and Decision Making 15

Table 5. Effect of source-reliability/information-credibility trade-offs on mean information-quality

measures in Experiment 2.

o
N

Stimuli pair and measure Mean (SD) t df P Cohen’s d
A5-El
Accuracy Mys =50.64 (27.89) 0.69 174 490 0.05
Mg; =52.62 (27.81)
Use Mys =47.98 (27.65) 0.20 174 .845 0.01
MEI = 4847 (2846)
Informativeness Mys =48.62 (28.29) 1.67 174 .096 0.13
Mg; =53.18 (28.92)
Trustworthiness Mys =57.04 (28.75) 3.71 174 <.001 0.28
Mg; =45.95 (29.09)
A3-C1
Accuracy My3 =68.45 (18.07) 0.73 87 469 0.08
Mc; =66.70 (18.07)
Use My3 =68.08 (18.90) 1.06 87 292 0.11
Mc; = 65.36 (18.65)
Informativeness My3=69.01 (19.34) 0.27 87 791 0.03
Mc; =69.64 (18.52)
Trustworthiness My3 =69.76 (20.15) 1.26 87 210 0.13
Mc; =66.44 (18.99)
C5-E3
Accuracy Mcs =42.29 (25.08) 0.28 86 781 0.03
Mgz =41.53 (24.78)
Use Mcs =38.94 (25.92) 0.41 86 .682 0.04
Mgz =37.83 (25.81)
Informativeness Mcs =43.40 (26.89) 0.63 86 531 0.07
ME3 =44.94 (2751)
Trustworthiness Mcs =47.23 (24.21) 431 86 <.001 0.46
Mgz =35.15 (27.38)
Note: Bold p-values are statistically significant.
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Figure 4. Mean maximum absolute normalized error (MANE) as a function of consistency and set in
Experiment 2. Error bars are bias corrected and accelerated 95% bootstrap Cls using 10,000 samples.
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Table 6. Models fitted for each stimulus and predictor of use likelihood ratings in Experiment 2.

Stimulus, model fit, and predictor B SE B t p

Al (high SR, high IC):
F(3,171)=161.5, p < .001, R*5g; = .73

Accuracy 0.78 0.05 0.77 16.53 <.001
Informativeness 0.04 0.06 0.04 0.74 463
Trustworthiness 0.05 0.07 0.05 0.66 510

AS (high SR, low IC):
F(3,171)=23.9,p < .001, R%qj. = .28

Accuracy 0.35 0.07 0.34 4.78 <.001
Informativeness 0.31 0.07 0.31 4.82 <.001
Trustworthiness 0.03 0.07 0.03 0.41 .681

E1 (low SR, high IC):

F3,171)=16.8, p < .001, RzAdj_ =21
Accuracy 0.29 0.07 0.29 3.96 <.001
Informativeness 0.24 0.07 0.24 3.29 .001
Trustworthiness 0.10 0.08 0.10 1.26 210

ES (low SR, low IC):
F(3,171)=154.9, p < .001, R*pgj. = .73

Accuracy 0.67 0.05 0.65 12.62 <.001
Informativeness —0.18 0.08 —0.18 2.36 .020
Trustworthiness 0.41 0.08 0.41 5.21 <.001

Note: SR, source reliability; IC, information credibility. Bold p-values are statistically significant.

As in Experiment 1, we examined the correlations between mean MANE at different levels of
consistency. As in Experiment 1, mean errors correlated positively between low and medium levels of
consistency [£(173) = 8.60, r = .55, p < .001], but the correlations between medium and high levels of
consistency [#(173) =1.56, r=.12, p=.120] and low and high levels of consistency were not significant
[#(173) = 1.75, r = .13, p = .081]. Thus, there is weaker evidence of stable individual differences in
reliability in the nonexpert sample.

6.4. Predictors of likelihood of information use

We regressed participants’ ratings of likelihood of information use on their ratings of perceived
information accuracy, informativeness, and trustworthiness for each of the 4 items common to sets 1
and 2 (i.e., Al, AS, E1, and ES5). Each of the 4 models was significant. Table 6 shows the overall model
statistics for the 4 models and the statistics for each parameter in the 4 models.” In each model, accuracy
ratings significantly predicted likelihood of information use ratings, and informativeness ratings
predicted likelihood of use ratings in all cases except when both source reliability and information
credibility were high. The fit of the models was much higher in the 2 reliable cases. Finally, when
source reliability and information credibility were both low, trustworthiness ratings also predicted
likelihood of use ratings. Thus, compared to analysts, the nonexperts were influenced by a wider range
of considerations.

Results were qualitatively the same when excluding potentially influential observations and participants with potentially
influential observations (identified with influence_plot() from the regclass package; Petrie, 2020), see analogous results for these
analyses in the Supplementary Material.
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6.5. Reanalysis of intraindividual reliability in Mandel et al. (2023)

Given the lack of support for the attribute consistency hypothesis in these studies, we reanalyzed data
from Mandel et al. (2023) using the MANE scoring rule to determine whether the attribute consistency
effect would likewise be eliminated. We combined the data from Experiments 1 and 2 because the
samples of each experiment were small (combined N = 57) and the methods were the same in all critical
respects. As in the present analyses, MANE was computed for judgments for which a given Admiralty
Code was presented twice. The critical codes that were subject to reliability tests were Al, A3, AS,
Cl1, C3, C5, El, E3, and ES5. Thus, there were 3 high-consistency values (A1, C3, ES), 4 moderate-
consistency values (A3, C1, C5, E3), and 2 low-consistency values (A5, E1). The MANE scores for
items in each level of consistency were averaged and these mean MANE values were analyzed using
one-way (consistency) repeated-measures ANOVA. The main effect of consistency was significant,
F(1.37,69.71) = 5.35, p = .006, > = .06. Medium consistency (M = 0.20, SD = 0.10) was significantly
lower in error than high consistency (M = 0.30, SD = 0.24), [¢(51) = 3.20, p = .002, d = 0.44]. There
were no significant differences between low (M = 0.23 SD = 0.17) and high consistency, [#(51) = 1.83,
p =.073, d = 0.25] or between medium and low consistency [#(51) = 1.30, p = .199, d = 0.18]. Thus,
as in the present experiments, MANE is lowest in the medium-consistency level rather than the high-
consistency level predicted on the basis of the attribute consistency hypothesis.

The data from Mandel et al. (2023) also permitted additional tests in which the expectation of mean
judgment extremity is held constant, while attribute consistency is varied. These include the comparison
of high-consistency C3 (M = .16, SD = .15) with low-consistency A5 (M = .21, SD = .20) and E1
(M = 24, SD = .23). The C3-A5 comparison was not significant, #51) = 1.35, p = .183. The C3-E1
comparison was significant, #(51) = 2.13, p = .038. These tests suggest when mean judgment extremity
is controlled, there is some evidence for the attribute consistency hypothesis. However, the evidence is
inconclusive as only one of the 2 tests was statistically significant and the sample size of the study is
small.

7. General discussion

Expert assessments require disparate sources of information, and information naturally varies in quality
for many reasons. Accordingly, information is often encoded with meta-informational attributes cueing
information quality (Irwin and Mandel, 2019). Those attributes, however, may conflict with each other
and if they do, the inferences that people draw from them about information quality may become less
reliable, as earlier work suggests (Lichtenstein et al., 1975; Slovic, 1966).

Across 2 experiments, using a new scoring rule (MANE) that provides a more conservative test of
the attribute consistency hypothesis than that conducted by Mandel et al. (2023), we observed that the
intraindividual reliability of information quality judgments varied as a function of attribute consistency,
although not as predicted by the attribute consistency hypothesis. In our studies and in a reanalysis of
data from Mandel et al. (2023), the lowest level of error was invariably associated with the medium
level of attribute consistency. The findings, therefore, suggest that the earlier report of evidence in
support of the attribute consistency hypothesis was due to the selection of a scoring rule that had a
statistical expectation of lower error for high-consistency attribute pairs.

Although there was some evidence to support the attribute consistency hypothesis from pairwise
tests that held expected mean judgment extremity constant, on balance, the evidence for this hypothesis
is inconclusive. A more definitive test of the hypothesis would require a large sample evaluating stimuli
that control for expected average judgment extremity, preferably across a range of dependent measures
of information quality. As well, future studies could compare the reliability and perceived usefulness
of the Admiralty Code to alternative methods that encode qualitative meaning at the ‘cell’ level. For
example, Icard (2023, 2024) proposes a 3 (Honesty of Source: Honest vs. Imprecise vs. Dishonest) x 3
(Truth of Content: True vs. Indeterminate vs. False) matrix wherein the 9 categorizations (i.e., ‘cells’)
are qualitatively well described. The effectiveness of this and alternative proposals could inform next-
generation models for information evaluation in intelligence.
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The present findings extend previous work in other respects. We observed similar consistency-
reliability results among professional analysts (Experiment 1) and nonexperts (Experiment 2),
suggesting that both groups judge similarly despite differing in formal intelligence training, including
with respect to the Admiralty Code. As well, reliability estimates tended to correlate across levels
of attribute consistency in both experiments. These findings suggest that there are stable individual
differences in the ability to fuse information from multiple attributes. The CRT task did not predict
reliability in Experiment 2. However, future work could examine the impact of other potentially
relevant individual differences (e.g., need for cognition, conscientiousness) as well as the promise of
more structured judgment elicitation methods on the assessment of information quality. For instance,
Irwin and Mandel (2019) outlined a list of questions that analysts might routinely ask themselves when
conducting information evaluation and Mandel and Irwin (2024) suggest that various judgment tasks
in intelligence such as information evaluation could be crowdsourced and subsequently aggregated to
improve accuracy and reliability.

Our findings also extend the earlier work by testing how the meta-informational attributes of
source reliability and information credibility might be differentially weighted when considering each
information-quality measure. Only trustworthiness ratings differentially weighted these attributes,
giving more weight to source reliability. The lack of evidence for unequal weighting of source reliability
and information credibility for other information-quality measures raises prescriptive questions. Given
that information credibility directly pertains to the information quality, whereas source reliability is an
indirect indicator, one might have expected the former to be weighted more heavily, and some might
argue that it should. Perhaps in a more naturalistic setting, reasoning for differential weighting between
source reliability and information accuracy might be salient in response to key contextual information at
that time. For example, Samet (1975) presented participants with plausible raw intelligence and found
that information credibility (or ‘accuracy’ in their version) was weighted more heavily than source
reliability when judging event likelihood. Samet’s (1975) inclusion of plausible raw intelligence could
have introduced additional contextual interactions not present in the current work. The current findings
suggest that ‘all else being equal’, source reliability and information credibility are also treated ‘equal’
when judging certain aspects of information quality and that this is true of experts and nonexperts alike.

A final question we addressed was whether accuracy, informativeness, and/or trustworthiness
predicted intent to use that information (i.e., the rated probability of using that information) given
that, in practice, intent to use the information is arguably most consequential in terms of information
quality indices. That is, if an analyst decides not to use the information, it cannot influence the
analyst’s substantive assessment. Across both experiments, accuracy ratings significantly predicted
likelihood of use regardless of the levels of source reliability or information credibility (low vs. high).
The other indices of information quality did not consistently predict likelihood of use ratings across
experiments—although in Experiment 2, there was some evidence that informativeness also predicted
likelihood of use. While information quality indices might be similarly affected by source reliability
and information credibility, these results suggest that accuracy, in particular, is predictive of one’s
intention to use the information. Thus, accuracy appears to be an essential factor in opting whether
to use information and earlier works focusing on eliciting accuracy judgments likely indirectly capture
the likelihood of using information. These findings suggest that it may therefore be beneficial to focus
on methods for reliably assessing information accuracy, and that intelligence doctrine might do well to
be explicit about the connection between judged information accuracy and decision-making regarding
information use or disuse.

7.1. Limitations

In the current work, we examined a single information-evaluation system and, for experimental control,
did not incorporate contextual information along with the meta-informational attributes that would
typically accompany the alphanumeric coding in day-to-day administration. This could potentially
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affect the generality of the present findings. We are also aware that being an experienced intelligence
analyst does not necessarily imply one is also an expert in applying the Admiralty Code to effectively
manage complex situations. Indeed, this could explain why performance was similar across the 2
samples (of experts and novices). Future work could focus on isolating a particularly expert sample
(e.g., human intelligence analysts who interact with such meta-information on a regular basis), though
collecting an adequately powered sample of such individuals is nontrivial.

Despite the points we raise above, the generality of the current findings is expected to be higher than
in previous relevant work for 3 main reasons. First, the task that participants completed was based on a
real-world information-evaluation system (the Admiralty Code) which has been in use for the better half
of a century and across many domains including intelligence and national security. Second, Experiment
2 was specifically designed as a generalizability test (i.e., from an expert sample to a nonexpert sample)
comprising a large sample collected from a general online pool and the results across experiments were
similar in their qualitative results. Third, where possible, samples were diverse in their demographics
including sex, age, educational attainment, and expertise (i.e., professional analysts in Experiment 1,
general online sample in Experiment 2).
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