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Abstract: E-markets of the future may extend to real-time, on-line auctions of, for example, real estate or antiques. To 

operate successfully in real-time e-markets, knowledge-based recommenders may become indispensable. Real-time e-

market trading decisions typically take place in dynamic and uncertain environments in which high stakes, time pressure, 

multiple players, and feedback loops are key characteristics. A 2x2x2 design was used in which risk, time pressure and 

availability of a probabilistic recommender were manipulated. The effect of the recommender on the confidence and 

performance of three groups of decision-makers (novices, journeymen and expert) was examined. Finally, deductive logic 

ability was assessed. 84 participants engaged in a laboratory-based computer simulation of a customized version of 

Blackjack that approximated a real-world e-market decision environment. Recommender use differed with expertise level. 

Novices were significantly more confident when the recommender was available and used its advice to avoid decision 

errors. The recommender did not alter the confidence of journeymen and experts but they used it to avoid errors as 

contextual factors became more complex. There were significant group differences in recommender use to improve 

strategic outcomes: recommender use enhanced experts’ performance, damaged journeymen’s and had little effect on 

novices’. In addition, deductive logic ability was significantly related to fewer decision errors. These results suggest that, 

to be effective in dynamic e-market environments, knowledge-based recommenders should be tailored to individual 

differences, particularly decision-makers’ expertise and reasoning ability. 
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INTRODUCTION 

 Although e-commerce speeds up transactions, it also 
places an organization’s competitors just another click away 
[1]. Therefore, e-organizations use recommenders to gain 
commercial leverage by adding “perceived value to the 
transaction” [2]. Recommenders assist consumers to 
navigate large product information spaces by narrowing the 
search and suggesting items of potential interest [3,4]. From 
a commercial perspective, recommenders boost sales by 
personalizing the web-site to suit customer’s preferences, 
recommending additional, similar products (i.e. cross-
selling), and by building customer loyalty through 
individualized customer profiling [5]. Recommender systems 
have, therefore, become indispensable business tools that are 
“re-shaping the world of e-commerce” [5]. 

 To operate successfully in real-time e-markets, 
individualized, knowledge-based recommenders may 
become indispensable. However, traditional preference-
based recommenders would be insufficient in an e-market 
environment because knowledge-based recommenders 
would operate as semi-autonomous e-agents providing 
personalized advice or representing the user in the virtual 
marketplace [6]. Confidence or trust in the quality of the 
recommender’s advice is central to this e-relationship, 
particularly in uncertain environments in which financial risk 
is involved with use of the technology [7]. 
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 Due to the relatively low cost, instantaneous transmission 
of information world-wide via the internet, ‘word of mouse’ 
may become the predominant market force of the future [8]. 
Therefore, it is in e-organizations’ interests to ensure that 
recommenders are matched to customers’ requirements 
through individualized customer profiling. Because trust and 
use of a recommender are determined by results [9,10], it is 
important to understand how characteristics of the 
recommender, the user, and the task interact to influence 
recommender use and decision outcomes. 

 Knowledge-based recommenders enhance users’ decision 
quality by expanding their cognitive abilities [11]. According 
to the theory of bounded rationality [12], decision makers 
lack the resources to process all relevant information because 
of cognitive limitations, particularly those of short-term 
memory [13]. Consequently, less than optimal decision 
strategies are chosen [13]. This effect is exacerbated by time 
pressure [11]. Therefore, recommenders may be used to 
maintain optimum decision strategies under time pressure. 
Chu and Spires [14] found that, when selecting rental 
apartments, time-pressured participants used the recom-
mender’s functions to process information faster, thereby 
reducing cognitive load and effort. However, time-
constrained users accessed fewer of the recommender’s 
alternatives suggesting that highly complex decision aids 
may not confer additional benefit under time pressure. 

 Bounded rationality theory, however, is concerned 
primarily with the effect of cognitive limitations on decision 
quality and does not explicitly consider the role of effort in 
decision making [11]. In addition, to improving decision 
quality, Chu and Spires [11] found that decision makers use 
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recommenders according to a cost-benefit principle in which 
the relative cost (effort) associated with recommender use is 
traded off with the relative benefit (decision quality). Chu 
and Spires [11] found that, in some cases, decision makers 
were prepared to expend extra effort to use recommenders 
that improved accuracy. In contrast, Todd and Benbasat [15] 
report that computerized decision aids that required less 
effort than a more normative strategy, but conferred a similar 
benefit in terms of accuracy, were used. Overall, therefore, 
both quality and effort “play a joint role” in the use of 
recommenders [11], although the cost-benefit ratio appears 
to differ across studies. 

 Another critical aspect of the recommender which may 
influence its use is whether the recommender is a command 
or status aid [16]. A status decision aid provides information 
on the current state of the environment. In contrast, a 
command aid dispenses advice. Status and command 
recommenders support different parts of the decision 
process. A status recommender supports the identification of 
a problem whereas a command display supports action 
selection, thus eliminating the need for problem diagnosis 
[16]. In e-markets, command recommenders may be more 
beneficial than status recommenders because they support 
the action selection stage of decision making, thereby 
eliminating the need to process all relevant information in a 
time-constrained and risky environment. 

 In closed system environments where all contingencies 
can be anticipated, it would be impossible to better the 
advice recommended by command displays [17]. However, 
in probabilistic or open system environments (such as e-
markets) where unanticipated events occur, a command 
decision aid will sometimes provide inaccurate advice [17]. 
Reliance on a probabilistic recommender often improves 
decision-making performance above that of unaided decision 
making [18,19]. However, users do not rely fully on 
probabilistic recommenders, probably due to inaccuracies. 
Therefore, the quality of their aided decision making is often 
less than the standard set by the recommender [10,19,20]. 
Therefore, it is important to understand the factors that 
influence the continued use of probabilistic recommenders 
despite their occasional inaccuracies. 

 Probabilistic command recommenders may be more 
beneficial in some environments than others, and this effect 
may be attenuated by task familiarity and level of user 
expertise. For example, Dexter et al., [18] reported that 
probabilistic command recommenders improved the quality 
of typical decision making among managerial operating 
room (OR) staff. In contrast, status recommenders did not 
confer any benefit on OR decision outcomes. Furthermore, 
decision-making unassisted by probabilistic command 
recommenders was no better than chance. When the 
probabilistic command recommender dispensed inaccurate 
advice, it was (appropriately) ignored. However, Sarter and 
Schroeder [16] found that use of probabilistic command aid 
to assist performance in an unfamiliar task in a high risk 
domain, adversely affected aspects of pilot performance, 
presumably because pilots were less willing to ignore its 
advice when it was inaccurate. However, this effect was 
attenuated by level of expertise - more experienced pilots’ 
performance recovered faster from inaccurate advice. 

 A ubiquitous research finding is that decision aid neglect 
is more prevalent among users with greater domain-related 
knowledge [21], an effect commonly ascribed to 
overconfidence [20]. However, according to the theory of 
technological dominance [22], other critical factors, such as 
cognitive fit between the user and the decision aid, 
familiarity with the decision aid and task complexity 
influence expert decision makers’ reliance on a 
recommender. Arnold, Collier, Leech and Sutton [23] 
provide empirical support for the cognitive fit component of 
this theory, that is, a skill mismatch between recommender 
and user results in poorer performance. Specifically, 
intelligent decision aids designed to elevate novice decision 
making to a level similar to that of an expert resulted in 
poorer decision making while aids matched to expert users’ 
skill level resulted in enhanced decision making. 
Whitecotton [19] also reported differential expertise-related 
effects arising from the use of a probabilistic recommender. 
While the recommender enhanced the performance of 
financial forecasters above their baseline performance, it 
improved different aspects of performance according to the 
financial analysts’ experience. Among experts (professional 
financial analysts), the recommender improved the 
calibration of forecasts while among less experienced 
forecasters (undergraduate and graduate MBA students) the 
recommender reduced the variation in forecasts. 

 The different expertise-related benefits conferred by 
probabilistic recommenders may be due to the development 
of competence. According to models of expertise, novice 
performance is characterized by explicit rules and an 
avoidance of gross errors while expert performance is 
characterized by a big picture approach based upon 
underlying abstract principles [24]. These two differing foci 
may underlie the differential benefit conferred by 
probabilistic recommenders. 

 User expertise may also interact with contextual variables 
to influence the use of probabilistic recommenders. Two key 
contextual variables that characterize e-markets, such as real-
time e-auctions, are risk and time pressure. However, 
relatively few studies have examined the use of 
recommenders in risky and time–pressured environments 
[16]. 

 A notable exception examined the effect of two types of 
recommenders (accurate and probabilistic) on pilot 
performance when dealing with ice build-up on an 
aeroplane’s exterior during flight [16]. Ice build-up on an 
airplane’s wings or tail is a potentially serious problem that 
can interfere with lift and stability, ultimately leading to mid-
air stalling. Accurate recommenders improved pilot 
performance across the board. In contrast probabilistic 
recommenders, which were accurate 70% of the time, were 
detrimental to pilot’s performance, although pilots who were 
familiar with the task recovered more quickly from decisions 
based on inaccurate advice. Therefore, user expertise may 
influence the efficacy of a probabilistic recommender in 
risky, time-pressured environments. 

 The likelihood of systematic processing of information 
by decision makers also seems to depend on individual 
differences rather than merely contextual factors, such as 
time pressure and risk level. Individuals with higher levels of 
deductive logic ability may adopt a more analytical approach 
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to problem solving and engage in more systematic 
processing of information. It has been estimated that human 
error accounts for approximately 90% of industrial and 
system failures [25]. However, there is a lack of an extensive 
empirical body of knowledge detailing how or why errors 
occur, as well as the absence of an adequate body of 
theoretical knowledge to explain error occurrence [25]. The 
best way to interpret errors, therefore, may be as “failures of 
reasoning” [25]. The ability to reason, that is, to form 
conclusions based on incoming information, facilitates 
successful interaction with the environment [26]. Therefore, 
higher levels of logic ability should promote more successful 
decisions by reducing errors. 

 Logic ability is also related to expertise. Reasoning 
ability, which is central to intelligence [27], is associated 
with skill acquisition in the early stages of development 
[28,29] while deliberate focused practice predicts expert 
performance [30,31]. Therefore, it is expected that deductive 
logic ability will be related to error occurrence among less 
experienced decision makers (i.e. novices and journeymen) 
but not experts. 

 The studies reviewed above assessed the role of domain-
specific expertise on the use of probabilistic recommenders. 
Electronic consumers are unlikely to be professionals, 
however, they will have different levels of general decision-
making expertise. Unfortunately, classification of general 
decision-making ability lacks a universal yardstick. Level of 
education may be a suitable criterion to grade decision-
making performance. Level of education is significantly and 
positively associated with better decision making across a 
variety of market sectors [32] as well as being a significant 
predictor of later executive career success and amount of 
remuneration [33]. Applying the criteria of Ericsson et al., 
[31], education level provides a performance-based appraisal 
of expertise level which is preferable to an experience-
related approach because experience may not necessarily 
lead to expertise [23]. For example, education level uses a 
successive hurdle method in which qualifications are gained 
following satisfactory performance to a particular standard. 
Furthermore, performance is rated by domain experts 
(examiners) and provides a form of peer acknowledgment. 
Therefore, level of education was deemed a suitable measure 
for classifying participants in the present study into three 
general decision-making categories - novices, journeymen 
and experts. 

 The aim of the present study was to determine (a) if a 
probabilistic recommender would confer benefit in an e-
market environment (b) which contextual factors would 
affect recommender use and (3) which group of decision-
makers would benefit from the recommender. Therefore, this 
study examined the effect of contextual factors (risk and 
time pressure) on the use of a probabilistic, knowledge-based 
recommender among three groups of decision-makers – 
novices, journeymen and experts. Based upon the above 
research, it was hypothesized that: 

1. Although probabilistic in nature, the recommender 
will promote confidence and be used to improve 
general decision quality (i.e. reduce errors) by 
novices. 

2. Among more experienced decision makers, the 
probabilistic recommender will be used to enhance 
decision quality (i.e. reduce errors) as contextual 
complexity (risk and time pressure) increases. 

3. Experts will use the recommender to improve long-
run decisions (i.e. achieve more wins), due to their 
strategic focus. 

4. Deductive logic ability should promote the quality of 
decisions (i.e. reduce errors) among novices and 
journeymen but not experts. 

METHOD 

Participants 

 Eighty-four subjects participated in this study and 
included undergraduates, postgraduates and university 
research staff. Participation was voluntary and independent 
of course or work credit. All participants received $6 
payment, which is the standard rate for School of 
Psychology experiments. Participants were assigned to one 
of three mutually exclusive groups (novices, journeymen or 
experts) according to their level of decision-making 
expertise. Novices (n = 41) were students drawn from an 
undergraduate 2nd year Psychology class. Journeymen (n = 
24) comprised students and professionals who had either a 
graduate or postgraduate degree that was not a PhD. Experts 
(n = 19) were students and professionals who had attained a 
PhD or were studying for one. 

Apparatus and Task 

 Experience Scale: Participants completed a 5-point Likert 
scale that measured their lifetime experience with the card 
games ‘Blackjack’, ‘21’ and ‘Pontoon’. Scale points ranged 
from ‘1’ none to ‘5’ extensive. This measure was obtained to 
determine whether card game experience was a potentially 
confounding variable. 

 Deductive Logic Ability Test: Subjects also completed a 
commercially available deductive logic ability test - Verbal 
Critical Reasoning VA3 [34]. This instrument is a timed 
paper and pencil test that requires 30 minutes to complete. 

 Blackjack Computer Program: Participants played a 30-
minute custom-designed computer simulation of a simplified 
version of the card game, ‘Blackjack’, which included an on-
line recommender designed to minimize losses. 

 At the beginning of each hand, a blank screen was 
displayed. Subjects were then instructed to “place their bet” 
by the computer program. Subjects depressed a numeric key 
on the keyboard to indicate their choice of bet size with a 
minimum of 1 and a maximum of 9. Two cards were then 
dealt to the participant and the dealer (the dealer was the 
computer program). Card totals for both the dealer and the 
participant were calculated by the computer program and 
instantly displayed next to their cards. Participants were then 
asked whether or not they would like another card. 
Participants could either press a key to accept another card or 
not respond at all. Participants could ask for as many cards 
as they wished. The outcome of the hand was then displayed 
in the middle of the computer screen and the number of 
house points with which the subject had selected to play 
were then added to, or subtracted from, participants’ 
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cumulative total. The cumulative total could be either a 
negative or positive value. 

 The knowledge-based recommender dispensed advice 
according to the BASIC strategy. The principles 
underpinning this strategy have been derived from millions 
of computer simulations of the Blackjack game and, if 
followed, ensure “the highest quality of blackjack play” [35]. 
To provide individualized recommendations to the player, 
the recommender combined information on the cards 
currently held by the player and the dealer. Based on this 
information, participants were ‘advised to hit’ (i.e. ask for 
another card) or ‘advised to stand’ (i.e. refrain from asking 
for another card). However, the advice was probabilistic in 
nature as the cards that were dealt by the computer were 
random. 

Design 

 This study used a within subjects 2 x 2 x 2 time pressure 
by risk by recommender support design, with expertise 
included as a between subjects’ factor. Each of the three 
independent variables comprised two levels: time stress was 
either high or low (1 second vs 2 second duration to reach a 
decision); stakes were either high or low (house points 
multiplied by 10 vs 2); and the decision aid was either 
activated or not. The order of the experimental conditions 
were randomly assigned and presented by the computer 
program. Subjects played 20 hands per condition and 160 
hands in total. 

 Time pressure, or the time to register a response, was 
internally controlled by the pace of the computer program. 
The stakes level was denoted by either a green screen (low 
stakes) or a blue screen (high stakes). 

 Three dependent variables were used: average bet size, 
the total number of errors according to the BASIC strategy, 
and the total wins. The average bet was used as an index of 
confidence. Two aspects of decision performance were 
measured: total errors were an indicator of the quality of 
decision outcomes while total wins represented strategic 
outcomes. 

Procedure 

 The rules of the blackjack game were explained to all 
participants. Participants were instructed that the recom-
mender would be available on a proportion of trials. 
However, due to the uncertainty of the blackjack game, they 

were told that the advice was probabilistic in nature, 
meaning that sometimes its advice would be inaccurate. 
Participants were also told that they were free to follow or 
ignore the advice. Participants completed a consent form and 
the blackjack experience scale. They then undertook the 
blackjack task followed by the deductive logic test. 

RESULTS 

Statistical Analyses 

 In the following analyses, the focus was on the effect of 
contextual factors (risk and time pressure) on the use of a 
probabilistic, knowledge-based recommender among three 
groups of decision makers (novices, journeymen and 
experts). Data were analyzed with repeated measures 
analysis of variance (ANOVA) to examine the effects of 
manipulations on the average bet size (confidence), error 
commission (decision quality) and wins (strategic 
outcomes). Pearson’s correlation was used to assess the 
association between deductive logic ability (VA3 scores) and 
decision quality (error commission). Finally, a Kruskall-
Wallis test was used to examine group differences in 
blackjack experience. 

Blackjack Experience 

 The sample as a whole had a moderate amount of 
lifetime Blackjack experience (mode and median = 3). 
Kruskall-Wallis test results revealed that blackjack 
experience did not differ significantly among the three 
expertise groups (p>.05). Therefore, group differences 
reported in the following analyses were likely to be due to 
the study variables rather than differences in Blackjack 
experience. 

Average Bet Size (Confidence) 

 The effect of the recommender on confidence levels was 
examined. Confidence levels were determined behaviorally, 
that is, by the size of the average bet: a relatively larger bet 
indicated greater confidence and a lower bet indicated lower 
confidence. A behavioural index of confidence is likely to be 
more accurate than self-report because it measures 
‘confidence in action’. In all of the following analyses, a 
comparison was made between assisted decision making (i.e. 
the recommender was available) and unassisted decision-
making (i.e. the recommender was unavailable). 

 

Table 1. Average Bet Size (Confidence) – Means & Standard Deviations for Main Effects 
 

 Novices Journeymen Experts Total Sample 

Recommender 

Mean 

(S.D.) 

Off 

4.85 

(2.10) 

On 

5.15 

(2.04) 

Off 

6.15 

(2.15) 

On 

6.05 

(2.26) 

Off 

5.24 

(2.24) 

On 

5.12 

(2.15) 

Off 

5.41 

(2.21) 

On 

5.44 

(2.15) 

Risk level 

Mean 

(S.D.) 

Low 

5.25 

(1.89) 

High 

4.74 

(2.25) 

Low 

6.44 

(2.02) 

High 

5.76 

(2.39) 

Low 

5.44 

(1.96) 

High 

4.91 

(2.43) 

Low 

5.71 

(2.01) 

High 

5.14 

(2.35) 

Time pressure 

Mean 

(S.D.) 

Low 

5.29 

(2.17) 

High 

4.70 

(1.98) 

Low 

6.52 

(2.11) 

High 

5.68 

(2.30) 

Low 

5.33 

(2.28) 

High 

5.03 

(2.11) 

Low 

5.71 

(2.23) 

High 

5.14 

(2.13) 
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 Novices bet significantly more when the recommender 
was available compared to when it was unavailable F(1,40) 
= 5.68, p<.05 (see Table 1). The effect size was moderately 
large (partial eta squared = 0.12). These results suggest that 
the availability of the probabilistic recommender increased 
novices’ decision confidence. However, the recommender 
did not exert a significant effect on the confidence levels of 
journeymen or experts. None of the two-way or three-way 
interactions were significant (see Table 2). 

Error Commission (Decision Quality) 

 Although only moving towards significance, the 
availability of the recommender reduced error commission 
for all three groups. The effect of the recommender on error 
commission was influenced by contextual variables, with the 
relationship becoming more complex as expertise increased. 
Overall, availability of the recommender only tended to 
increase participants’ decision accuracy. 

 Among novices, availability of the recommender tended 
to result in fewer decision errors F(1,40) = 3.67, p = 0.06 
(see Table 3). The effect size was moderate (partial eta2 = 
.08). 

 Results for the 2-way and 3-way interactions are 
displayed in Table 4. 

 Among journeymen, a more complex two-way 
interaction between availability of the recommender and risk 
level was observed, F(1,23) = 3.50, p = 0.07. Specifically, as 
shown in Fig. (1), compared to unassisted decision making, 

availability of the recommender in a high risk situation 
tended to improve decision accuracy. The effect size was 
large (partial eta2 = .22). 

Fig. (1). Journeymen: the effect of the recommender and risk level 

on performance (error commission). 

 Among experts, a very complex 3-way interaction 
F(1,18) = 3.97, p = 0.06 was found. In a high risk situation, 
availability of the recommender was more likely to improve 
decision accuracy when time pressure was high (compared to 

unassisted decision making). In a low risk situation, 
availability of the recommender was more likely to improve 
decision accuracy when time pressure was low (compared to 
unassisted decision making) (see Figs. 2, 3). The effect size 
was large (partial eta2 = .18). 

Table 2. Average Bet Size (Confidence) – ANOVA Results 

 

Novices 

n = 41 

Journeymen 

n = 24 

Experts 

n = 19 

Total Sample 

n = 84 
ANOVAs 

Sig Partial eta 
2
 Sig Partial eta 

2
 Sig Partial eta 

2
 Sig Partial eta 

2
 

Recommender x Risk NS .03 NS .06 NS .00 NS .00 

Recommender x Time  NS .02 NS .00 NS .11 NS .03 

Recommender x Group  - - - - - - NS .06 

Risk x Time p<.001 .29 p<.05 .20 p<.05 .22 p<.001 .19 

Risk x Group  - - - - - - NS .00 

Time x Group  - - - - - - NS .05 

Recommender x Risk x Time NS .00 NS .01 NS .11 NS .03 

Table 3. Error Commission (Decision Quality) – Means & Standard Deviations for Main Effects 

 

 Novices Journeymen Experts Total Sample 

Recommender 

Mean 

(S.D.) 

Off 

6.06 

(2.24) 

On 

5.54 

(2.29) 

Off 

6.29 

(2.37) 

On 

6.15 

(2.25) 

Off 

6.31 

(2.08) 

On 

6.11 

(2.13) 

Off 

6.22 

(2.25) 

On 

5.94 

(2.35) 

Risk level 

Mean 

(S.D.) 

Low 

5.96 

(2.32)  

High 

5.65 

(2.20) 

Low 

6.29 

(2.62) 

High 

6.15 

(2.34) 

Low 

6.46 

(2.40)  

High 

5.97 

(1.80) 

Low 

6.23 

(2.43)  

High 

5.92 

(2.17) 

Time pressure 

Mean 

(S.D.) 

Low 

5.18 

(2.17) 

High 

6.42 

(2.35) 

Low 

5.80 

(2.33) 

High 

6.64 

(2.63) 

Low 

5.68 

(2.13) 

High 

6.75 

(2.07) 

Low 

5.55 

(2.23) 

High 

6.60 

(2.37) 
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Wins (Strategic Outcomes) 

 Among journeymen, a simple main effect was found for 
the recommender F(1,23) = 4.79, p<0.05. Availability of the 
recommender significantly impaired journeymen’s strategic 
performance – fewer wins were attained (see Table 5). The 
effect size was large (partial eta2 = .17). 

Fig. (2). Experts: high risk environment – the effect of 

recommender use and time pressure on performance (error 

commission). 

Fig. (3). Experts: low risk environment - the effect of 
recommender use and time pressure on performance (error 
commission). 

 

 A significant two-way interaction between availability of 
the recommender and expertise was observed, F(1,81) = 
3.21, p<0.05. In particular, as revealed in Fig. (4), 
availability of the recommender enhanced experts’ 
performance, impaired journeymen’s performance and 
exerted little effect on novices’ outcomes. The effect size 
was moderate (partial eta2 = .07). The three-way interaction 
was not significant (see Table 6). 

Deductive Logic Ability and Decision Quality 

 To examine the association between individual 
differences in deductive logic ability and decision quality, 
the correlation between deductive logic ability and total 
errors on the Blackjack task was calculated. A significant 
negative correlation was found for the total sample (r = -.30, 
p<0.01, n = 84). Thus, decision-makers with higher levels of 
deductive logic committed fewer errors. The association was 
strongest for journeymen (r = -.60, p<0.01, n = 24) 
suggesting a strong analytical approach to decision making, 
possibly due to their research training. Among novices, there 
was a marked tendency for those with higher levels of logic 
to commit fewer errors (r = -.23, p = 0.07, n = 41) indicating 
that they are still developing their skills. Among experts, the 
correlation between logic and errors was not significant (r = -
.18, p>0.05, n = 19) suggesting that other factors may 
influence decision quality. 

DISCUSSION 

 To operate successfully in real-time e-markets, 
knowledge-based recommenders may become indispensable. 
This study investigated the effects of risk level and time 
pressure on the use of a probabilistic, knowledge-based 
recommender by decision makers with three levels of 
expertise (novices, journeymen and experts) using a 
laboratory-based approximation of a real-time e-market 
decision environment. Because the recommender acted in an 
advisory capacity, rather than merely recommending items 
of interest, it represented a second-generation knowledge-
based recommender. 

 The blackjack task was selected as a close approximation 
of key aspects of e-commerce activities, such as e-auctions. 
Real-time e-auctions are dynamic, time-pressured events in 
which risk may be high (e.g. real estate or antique auctions) 

Table 4. Error Commission (Decision Quality) – ANOVA Results 

 

Novices 

n = 41 

Journeymen 

n = 24 

Experts 

n = 19 

Total Sample 

n = 84 ANOVAs 

Sig Partial eta 
2
 Sig Partial eta 

2
 Sig Partial eta 

2
 Sig Partial eta 

2
 

Recommender x Risk NS .01 p = .07 .13 NS .00 NS .00 

Recommender x Time  NS .01 NS .08 NS .01 NS .01 

Recommender x Group  - - - - - - NS .01 

Risk x Time p = .05 .09 p<.05 .22 NS .09 p<.01 .12 

Risk x Group  - - - - - - NS .00 

Time x Group  - - - - - - NS .01 

Recommender x Risk x Time NS .00 NS .00 p = .06 .18 NS .02 
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or low (e.g. household item auctions). Other key e-auction 
characteristics such as uncertainty, multiple bidders, 
immediate feedback (i.e. amount bid and accepted, and 
decision outcome) were also present in the Blackjack task. In 
addition, the dynamic and unfolding nature of the Blackjack 
task, in which previous decisions impacted on future 
decisions and outcomes, more accurately emulated e-market 
environments. Due to the uncertainty inherent in e-auctions, 
a probabilistic, knowledge-based recommender was provided 
in a proportion of trials to compare its effect on decision 
confidence and outcomes, compared to unassisted decision-
making. The knowledge-based probabilistic recommender 
provided personalized advice based upon the player’s and 
dealer’s card totals according to an optimum decision 
strategy (i.e. BASIC). 

 Research into the effect of expertise on recommender use 
usually employs tasks specific to the users’ domain of 
expertise [16,19]. The present study used a semi-familiar 
task (i.e. participants had a moderate amount of experience 
with blackjack but none were professionals). Participants 
were classified according to their expertise in decision-
making, which is a generic, transferable skill. The mix of a 
semi-familiar task and generic decision making expertise 
was selected to provide a closer analogue with e-bidders 
operating in an e-market situation. That is, e-bidders are 
unlikely to be professionals in the auction industry but they 
will have different levels of decision-making expertise. 
Level of education was also deemed suitable due to its  
 

Fig. (4). The effect of the recommender and decision-maker 

expertise on performance (Wins). 

association with successful decision-making and the 
research-related component of web-based e-commerce 
activities. 

 The effect of the recommender on decision confidence 
and performance differed according to the type of outcome 
(errors or wins), contextual complexity and the decision 
maker’s expertise. Availably of the probabilistic 
recommender significantly increased the confidence of 
novices only. Klein and Jiang [36] also found that decision 
aids fostered a positive response among novices who 
reported a ‘warmth of reaction’. However, among  
 

Table 5. Wins (Strategic Outcomes – Means & Standard Deviations for Main Effects 
 

 Novices Journeymen Experts Total Sample 

Recommender 

Mean 

(S.D.) 

Off 

7.04 

(2.29) 

On 

7.06 

(2.30) 

Off 

6.86 

(2.21) 

On 

6.15 

(2.07) 

Off 

6.61 

(2.10) 

On 

7.14 

(2.27) 

Off 

6.84 

(2.23) 

On 

6.78 

(2.61) 

Risk level 

Mean 

(S.D.) 

Low 

6.84 

(2.35) 

High 

7.26 

(2.25) 

Low 

6.68 

(2.05) 

High 

6.33 

(2.23) 

Low 

6.65 

(2.32)  

High 

7.10 

(1.87) 

Low 

6.72 

(2.26) 

High 

6.90 

(2.20) 

Time pressure 

Mean 

(S.D.) 

Low 

7.06 

(2.18) 

High 

7.03 

(2.42) 

Low 

6.74 

(2.14) 

High 

6.28 

(2.15) 

Low 

6.84 

(1.93) 

High 

6.92 

(2.29) 

Low 

6.88 

(2.34) 

High 

6.74 

(2.12) 

 

Table 6. Wins (Strategic Outcomes - ANOVA Results 

 

Novices 

n = 41 

Journeymen 

n = 24 

Experts 

n = 19 

Total Sample 

n = 84 
ANOVAs 

Sig Partial eta 
2
 Sig Partial eta 

2
 Sig Partial eta 

2
 Sig Partial eta 

2
 

Recommender x Risk NS .01 NS .00 NS .00 NS .01 

Recommender x Time  NS .00 NS .02 NS .06 NS .02 

Recommender x Group  - - - - - - p<.05 .07 

Risk x Time NS .00 NS .05 NS .05 NS .03 

Risk x Group  - - - - - - p = .05 .00 

Time x Group  - - - - - - NS .02 

Recommender x Risk x Time NS .00 NS .03 NS .10 NS .01 
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journeymen and experts the recommender did not improve 
confidence. It may be that, in the face of incorrect advice, 
experienced participants were more cognizant of the 
potential for the recommender to be inaccurate and, 
therefore, did not trust its advice. Nevertheless, availability 
of the recommender improved the decision making 
performance of all participants, although the circumstances 
differed according to their level of expertise. 

 Among novices, simple main effects for recommender 
use and error commission were found, although the effect 
represented a marked tendency only (p = .06). Error 
avoidance is typical of novice performance [24]. Therefore, 
novices’ reliance on the knowledge-based recommender to 
avoid errors most likely reflects their developmental level. In 
contrast, journeymen’s and experts’ tendency to use the 
recommender’s advice to avoid decision errors was related to 
task complexity. Compared to unassisted decision making, 
availability of the recommender resulted in lower error 
commission among journeymen when time pressure was 
high, and among experts’ when both risk and time pressure 
were high. Due to the potential for greater loss in a high risk 
situation, journeymen may have relied on the recommender 
to reduce uncertainty [37]. Experts may have used the 
recommender to reduce uncertainty in a high risk situation 
but also to alleviate the greater cognitive load and effort [11] 
associated with processing the same amount of information 
in a shorter period of time. 

 These results are consistent with the theory of 
technological dominance [22], which posits that intelligent 
decision aid use by experienced decision-makers is mediated 
by task complexity. Gino and Moore [38] found that decision 
makers assigned a greater weight to advice when tasks were 
difficult. Thus, it appears that the more experienced decision 
makers (i.e. journeymen and experts) used the recommender 
to extend their cognitive capabilities which may have been 
stretched by higher task demands. While time pressure 
augments the effects of cognitive limitations [14] it also 
increases the information processing load on working 
memory [13]. Therefore, experts may also have relied on the 
recommender to reduce cognitive effort and thereby improve 
decision accuracy [11]. 

 The significant group differences in the use of the 
recommender to improve strategic outcomes (i.e. wins) most 
likely reflected users’ different experience-related perspec-
tives. Despite its sometimes inaccurate advice, experts used 
the probabilistic recommender to increase their wins. Due to 
greater experience, experts may be better equipped to 
accommodate the sometimes inaccurate advice dispensed by 
the recommender [39]. They may also be better at evaluating 
the usefulness and importance of advice when making risky 
decisions [40]. Experts’ use of the recommender to increase 
wealth (i.e. achieve more wins) but not for error avoidance 
suggests a strategic focus on the long-run. These results are 
noteworthy because decision makers tend to adopt a short-
run rather than a long-run focus as uncertainty increases 
[41]. The present study found that provision of a 
recommender promoted a long-run or strategic focus, at least 
among experts. 

 In contrast, availability of the recommender damaged 
journeymen’s performance, resulting in fewer wins. There 
are two possible, inter-related explanations for this result. 

According to Anderson’s three stage model of skill 
acquisition [42] journeymen are at the second ‘knowledge 
compilation’ stage. Knowledge compilation is concerned 
with how declarative knowledge (i.e. facts) is used in 
problem solving. This suggests an analytical approach to 
problem solving. Journeymen may be trying to integrate the 
extra (and sometimes conflicting) advice dispensed by the 
recommender with their own judgment. This may have 
placed greater information processing demands on working 
memory, resulting in impaired performance through 
cognitive overload [13]. The large and significant correlation 
between deductive logic ability and error commission found 
among journeymen supports this interpretation. 

 Availability of the recommender had little effect on 
novice performance. Novices may have appraised the advice 
as lower quality, due to its inaccuracies, and discounted it 
[43]. A relative lack of experience may have reduced 
tolerance for imperfect or probabilistic advice [39]. Chau, 
Phillips and Von Baggo [44] found that, in the face of losses, 
use of a probabilistic decision aid was abandoned and users 
reverted to their own personalized strategies. It may be that 
the probabilistic nature of the recommender, coupled with 
the uncertain nature of the decision environment, prompted 
novices to estimate that their own (guessing) strategies were 
as effective as the recommender’s advice. 

 An interesting anomaly surfaced - although experts did 
not demonstrate confidence in the probabilistic recommender 
by increasing their bet size, they used the recommender’s 
advice to increase their wealth (i.e. achieve more wins). In an 
uncertain and dynamic environment, experts may be able to 
accommodate inaccurate advice due to their strategic focus 
but may not trust the recommender’s advice, due to its 
potential to be inaccurate. In contrast, novices were 
significantly more confident when the recommender was 
available, but they only tended to use it to improve decision 
quality (i.e. reduce errors) most likely due to its probable 
versus absolute accuracy. 

 Deductive logic ability was deemed the most suitable 
cognitive skill to assess decision making quality in the 
Blackjack task because logic ability is an implicit construct 
in most decision making models, which assume that the 
decision maker is a rational being [12,45]. This suggests that 
decision errors may be related to deficiencies in reasoning. 
Furthermore, the association between reasoning and errors 
may be attenuated by level of expertise - novice performance 
is characterized by explicit, rule-based reasoning while 
expert performance is characterized by an abstract 
understanding of deeper principles [24]. In addition, 
knowledge-based recommenders are constructed according 
to deductive ‘if-then’ principles to form conclusions about 
how information is related [46], therefore, deductive logic 
ability has greater congruence with a task that examines 
recommender use. Knowledge-based recommenders enhance 
users’ decision quality by expanding their cognitive abilities 
[11], therefore, a measure of users’ baseline cognitive 
abilities may assist with obtaining a closer skill match 
between the cognitive skill of the user and recommender 
[46]. 

 Although logic is an implicit construct in decision theory 
[45], little research has been conducted on the influence of 
individual differences in logic ability on decision making 
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[47]. The present study provided empirical support for the 
link between logic ability and decision making quality - 
decision makers with higher levels of deductive logic 
committed significantly fewer errors, thus reaching better 
quality decisions. These results also support the contention 
of Johnson et al., [25] that decision errors are best ascribed 
to failures of reasoning. Furthermore, although time pressure 
results in a significantly greater number of logical errors 
[48], the present study found that higher deductive logic 
ability ameliorates the deleterious effects of time pressure. It 
may be that individuals with higher levels of deductive logic 
may be less prone to errors due to faster processing of 
pertinent information. 

 The present study also found that the link between logic 
and error commission was attenuated by decision-makers’ 
expertise level. Consistent with models of expertise, logic 
ability was correlated with errors among less experienced 
decision makers (i.e. novices and journeymen) but not 
among experts. Cognitive ability is related to skill 
acquisition in the early stages of development [28,29] while 
deliberate, focused practice predicts expert performance 
[31]. 

 Previous research has reported inconsistent results on 
recommenders’ ability to improve decision quality and 
accuracy [11], and that experts generally abandon their use 
due to overconfidence [20,21]. These results extend current 
research knowledge because they show that experts use a 
probabilistic recommender to improve decision quality when 
task demands are high, and to improve strategic outcomes in 
high risk and time-pressured environments. Furthermore, 
they also indicate that journeymen’s strategic performance is 
damaged by probabilistic recommenders probably due to a 
cognitive mismatch and journeymen’s heavy reliance on 
their own reasoning skills. Finally, these results add to the 
scant research on the effects of time pressure and risk on the 
use of probabilistic recommenders [14,16]. 

 Knowledge-based recommenders which represent the 
user in e-markets and make recommendations based on 
product information, market conditions and user attributes 
(not simply preference profiles) may be thought of as second 
generation recommenders. Results from the present study 
suggest that there is a place for recommenders in real-time, 
on-line auctions provided they are tailored to fit end-user 
profiles. Since e-commerce places an organization’s 
competitors just another click away [1], ‘word of mouse’ 
may become the predominant market force of the future [8]. 
To ensure that e-organizations’ reputations are enhanced, or 
at least maintained, the use of knowledge-based 
recommenders tailored and matched to e-customers’ 
requirements may foster customer loyalty and satisfaction. 
Customer loyalty may become an even more precious 
commodity with the advent of location aware technologies, 
which can target potential customers via their mobiles [49-
51], suggesting another electronic avenue for participation in 
e-commerce activities. Seeking advice from colleagues and 
friends is a common feature of everyday decision making 
[21]. As e-commerce becomes more pervasive, seeking 
advice from a recommender may also become integral to 
decision-making, therefore, a well-matched recommender 
may encourage the user to regard the aid as an electronic 
colleague or agent [23]. 

Limitations 

 A potential limitation of this study was that the observed 
improvements in decision making performance when the 
recommender was available could potentially be ascribed to 
other confounds. Perhaps the display of this aid, for example, 
reduced anxiety and thus improved performance. Future 
research, therefore, should vary the validity of information 
the recommender offers. If this aid is utilized, the accuracy 
of decisions should depend on the validity of information the 
aid provides. There may have been a potential carry-over, 
due to practice effects, from using a within-subjects design. 
However, this effect was minimized because experimental 
conditions were randomly assigned by the computer. 

CONCLUSIONS 

 Knowledge-based probabilistic recommenders which are 
command-based can confer benefit in an e-market 
environment. Expert decision-makers may benefit the most 
from a probabilistic recommender, particularly if task 
demands are high (i.e. high risk and time pressure) or when 
making strategic decisions. Novice decision-makers may 
also benefit from a probabilistic recommender to improve 
the overall quality of their decisions. However, probabilistic 
recommenders interfere with the strategic performance of 
users with an intermediate level of decision-making 
experience. Therefore, user profiles based on decision-
making expertise may assist with matching the skill level of 
users and recommenders. 
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