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4.2. Business Management 
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4.3. Common Sense Questionnaire 
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Appendix B: Additional Analyses 

1. Invariant Feature Learning task Analysis from Study II 

Learning was measured using the percentage of test phase number strings that had been 

correctly selected above the 50 % chance level. An answer that identified the string containing 

the invariant feature was deemed correct. Overall, the participants performed near chance and 

consistent with this, a one-sample t-test provided no evidence of learning (M = 0.51 %, SEM = 

1.15 %, t(51) = 0.44, p = .66, d = 0.06). Both groups performed near chance and there was no 

evidence of a significant difference between them (TD: M = 2.69 %; ASC: M = -1.67 %; SED = 

2.25 %; t(51) = 1.94, p = .06, d = 0.54). Although, the difference was not significant, there was a 

trend towards a larger score in the TD group. This trend difference might have masked a learning 

effect in the TD group. However, when considering just the TD-group, there was still no 

evidence of learning from a one-sample t-test (t(25) = 1.77, p = .09, d = 0.35). Thus, there was 

no evidence of learning on the IFL task. 

2. Full Equivalence Analyses of Learning Indices from Study II 

Equivalence analysis (Rogers, et al., 1993; Stegner, et al., 1996) necessitates the a priori 

specification of an equivalence threshold; this was specified as random within-subject variability 

in TD group. This threshold was chosen using the logic that an interesting between-group 

difference should be at least as large as the estimated random within-subject variability. To 

elaborate on the notion of random within-subject variability: if a test measures what it purports to 

measure perfectly, then the two split-half scores of that test would correlate perfectly with one 

another. Yet, in spite of no conceptual difference between two split-halves – they are randomly 

derived halves of the same test – usually such scores do not correlate perfectly. Consequently, 

the variability in one split half-score that cannot be explained by variability in the other split-half 

score is determined to be random within-subject variability. Therefore, the equivalence threshold 

= estimated random within-subject variability = [(1- r2) * Varx * (n - 1) / (n - 2)]0.5; Varx = 

variance on one split-half, r = correlation between the split halves. The null hypothesis would 

then be tested that the difference between the groups is at least as large as the equivalence 
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threshold by conducting two one-tailed t-tests. For example, consider the CC equivalence 

analysis reported below. 

 CC 

t(50) = [ x TD – (x ASC ± E)] / Sx TD – x ASC x

TD = 2.71 %; 

x

ASC = 3.05 %; Equivalence threshold (E) = random within-subject 

variability = [(1- 0.252 * 26.89 * (52 - 1) / (52 - 2)]0.5 = 5.13 % 

t(50) = [2.71 - (3.05 ± 5.13)] / [3.972 / 26 + 3.762 / 26)]0.5 

t(50) = 4.47 and t(50) = -5.10. 

Since an investigator is interested in whether the difference between the groups is at least 

as large, they just need to consider the t-test that yields the largest p-value (i.e. just need to test 

the possibility of finding the smallest difference between the actual difference and the threshold, 

given the null hypothesis that the difference is at least as large as the equivalence threshold). 

Therefore, equivalence analysis rejects the hypothesis of non-equivalence (CC: t(50) = 4.47, p < 

.001).7 The remaining four equivalent analyses are reported below. 

 SRT 

t(50) = [

x

TD – (

x

ASC ± E)] / S

x

TD – 

x

ASC 

x

TD = 4.82 %; 

x

ASC = 4.63 %; E = [(1 - 0.382 * 31.05 * (52 - 1) / (52 - 2)]0.5 = 5.25 % 

                                                 
7 This analysis used a revised estimate of within-subject variability compared with Brown and colleagues 

(2010). This revised estimate did not change the pattern of results; however, this means that the exact figures differ 

somewhat for the CC and SRT analysis. After publication of Brown and colleagues (2010), it was made clear to me 

that the method used in Brown and colleagues (2010) for calculating the split-half scores for the CC and SRT was 

too liberal. Specifically, the same baselines were used to calculate the two difference scores for each of the two split-

halves. The original rationale was that learning is measured by the decreases in RTs to high-frequency (or probable), 

trials, and is effectively ‘normed’ by the use of the baseline (low-frequency or improbable trials). Given the non-

split, and thus more reliable, baseline is always available for an SRT, or CC, task of that length, the logic was that 

the variability for the baseline did not need to be estimated. However, it was realised that the baseline is, of course, 

not the same between experiments and so when estimating reliability it is necessary to estimate all sources of 

measurement error. Thus, split-halves were calculated for both high-frequency and low-frequency (and probable and 

improbable) trials. Each half was randomly paired together with a half of the other trial-type, which were then used 

to calculate two split-half average proportional increases in RT differences across blocks. 



APPENDICES  205   
 

 
t(50) = [4.82 - (4.63 ± 5.25)] / [3.382 / 26 + 4.732 / 26)]0.5 

t(50) = 4.76 and t(50) = -4.44, p < .001. 

 

 AGL 

t(50) = [ x TD – ( x ASC ± E)] / S x TD – x ASC 

x TD = 3.35 %; x ASC = 3.20 %; E = [(1 - 0.332 * 114.07 * (52 - 1) / (52 - 2)]0.5 = 10.31 % 

t(50) = [3.35 - (3.20 ± 10.31)] / [7.942 / 26 + 8.362 / 26)]0.5 

t(50) = 4.63 and t(50) = -4.49, p < .001. 

 

 PCL 

t(50) = [ x TD – ( x ASC ± E)] / S x TD – x ASC 

x TD = 4.95 %; x ASC = 8.74 %; E = [(1 - 0.302 * 173.66 * (52 - 1) / (52 - 2)]0.5 = 12.85 % 

t(50) = [4.95 - (8.74 ± 12.85)] / [7.012 / 26 + 11.752 / 26)]0.5 

t(50) = 3.37 p < .001 and t(50) = -6.20. 

 

 PAL 

t(50) = [ x TD – ( x ASC ± E)] / S x TD – x ASC 

x TD = 46.03 %; x ASC = 39.74 %; E = [(1- 0.872 * 431.39 * (52 - 1) / (52 - 2)]0.5 = 10.48 % 

t(50) = [46.03 - (39.74 ± 10.48)] / [15.072 / 26 + 23.642 / 26)]0.5 

t(50) = 3.05 and t(50) = -0.76 p = .22. 

 

3. PCL Strategy Analysis from Study II 

The full details of this analysis were not presented in the main body of the thesis because 

it was not an express aim of Study II to provide such in depth analysis of each individual implicit 

learning task performance. Study II had been designed to investigate the generality of any 

implicit learning deficit in ASC, and to determine whether any intact performance could be 
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attributed to other factors such as explicit-IQ related compensation. The study provided evidence 

of intact implicit learning on a range of tasks, which could not be accounted for by compensatory 

explicit strategies. However, in discussions about the study, it was suggested that although the 

overall ASC performances had been implicit and equivalent to the TD group, perhaps there were 

general differences between the groups in how they achieved those equivalent, implicit 

performances. Although this possibility was considered unlikely, such differences might be 

theoretically interesting for a functional analysis of differences in implicit learning and 

potentially useful to ASC research. Thus, a review was conducted into what analyses might 

reveal such differences in how the groups achieved their equivalent overall performances. Given 

the particular designs used for each of the tasks, it was concluded that a strategy analysis of the 

PCL dataset was most suited to such investigation (Gluck, et al., 2002). 

The two groups achieved equivalent overall performance on the PCL task, as reported in 

Study II. Gluck and colleagues (2002) have identified a number of different ‘strategies’ that 

participants tend to use during the PCL task (see also Lagnado, Newell, Kahan, & Shanks, 2006; 

Meeter, Myers, Shohamy, Hopkins, & Gluck, 2006; Price, 2009). Therefore, in order to 

determine whether the equivalent overall performance between the groups was achieved using 

similar learning strategies, a strategy analysis was conducted on the PCL data from both groups. 

Following the established method (e.g., Gluck, et al., 2002), response profiles were constructed 

that would be expected if a participant were reliably following a particular strategy and 

compared individually with each participant’s data. Gluck and colleagues’ (2002) Least Means 

Square procedure was used to determine the extent to which each strategy provided a fit for each 

participant’s dataset. A participant was classified as having utilised the strategy that provided the 

best fit for their data. In order to reflect the possibility that participants switched strategies, this 

process was conducted separately for each of the learning and test blocks. The different 

strategies that were modelled are described below and relate to the stimuli (A, B, C etc.) detailed 

in Table 17 (reproduced from Study III).  
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Table 17. The Stimuli and Probability Structure of the PCL Task 

Stimulus Cue 1 Cue 2 Cue 3 Cue 4 P (stimulus) P (vanilla|stimulus) 
A 0 0 0 1 .136 .143 
B 0 0 1 0 .079 .375 
C 0 0 1 1 .089 .111 
D 0 1 0 0 .079 .625 
E 0 1 0 1 .061 .167 
F 0 1 1 0 .061 .667 
G 0 1 1 1 .042 .250 
H 1 0 0 0 .136 .857 
I 1 0 0 1 .061 .333 
J 1 0 1 0 .061 .833 
K 1 0 1 1 .033 .333 
L 1 1 0 0 .089 .889 
M 1 1 0 1 .033 .667 
N 1 1 1 0 .042 .750 

Note: Cue 1 = brown moustache, cue 2 = red hat, cue 3 = blue glasses, cue 4 = bow tie. Each 
cue could be present (1) or absent (0) for each stimulus. The all-present (1111) and all-absent 
(0000) stimuli were never used. On any trial during the learning phase, there was a given 
probability of each of the 14 stimuli appearing (P(stimulus)), and a dynamic stimulus-outcome 
probability for each of these 14 stimuli. During the test phase, when feedback is removed, the 
stimulus-outcome probability is static (P(vanilla|stimulus)). All stimuli appeared equally often 
during the test phase. The overall probability of the vanilla outcome across all stimuli is 50 %.  

In addition to the stimulus-outcome probabilities detailed in Table 17, the constituent 

cues of the stimuli necessarily had a probabilistic relationship with the outcomes. Specifically, 

the final cue-outcome probabilities can be calculated from the table: P(vanilla|cue 1) = .733; 

P(vanilla|cue 2) = .600; P(vanilla|cue 3) = .450; P(vanilla|cue 4) = .222. 

3.1. Strategy Models 

Singleton strategies. These strategies modelled participants who only learnt about 

stimuli that were composed of only one of the four possible cues. In particular, one model 

assumed participants learnt about all four singleton stimuli (A, B, D and H), while the second 

assumed participants only learnt about the two singleton stimuli with the strongest probability of 
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an outcome (A &H). In both cases, it is assumed that participants guessed on the remaining 

trials. 

Single-Cue strategies. These strategies modelled participants who learnt about only one 

cue, and used that cue’s presence or absence to determine responding to all stimuli, regardless of 

the presence or absence of any of the other cues. This produced four models: one for each of the 

four cues. 

Intermediate strategies. These strategies modelled participants who learnt about and 

responded to stimuli on the basis of more than one cue, but in contrast to the integrative 

strategies described below, these participants did not learn about the relative likelihood of 

outcomes for cues, instead they learnt only about the direction of the outcome. Specifically, the 

singleton-prototype model assumed participants learnt the optimal response pattern for all four 

singleton stimuli, and generalised this responding to include the two stimuli with two singleton 

cues that were associated with the same outcome (C & L). The singleton-2vs1 model extended 

the prototype model and assumed responding was also generalised to stimuli where 3 singleton 

cues are present (G, K, M & N), with responding determined by the outcome associated with 2 of 

the 3 singleton cues present. 

Integrative strategies. These strategies modelled participants that learnt about and 

responded to stimuli on the basis of more than one cue and had to keep track of the relative 

strengths of associations of cues and/or stimuli. The optimal singleton model extended the 2vs1 

model such that responding was also generalised to stimuli where 2 singleton cues were present 

and each were associated with the opposite outcome but one more strongly than the other (E, J). 

The all-but-two-strong model was the same as the optimal singleton model except that it 

predicted guessing on the stimuli with 3 cues present including two cues strongly associated with 

opposite outcomes (M &K). The summing-all-single-cues model departed from the singleton 

assumption that participants learnt only about singleton stimuli, and instead assumed participants 

learnt the number of times each cue was associated with an outcome, and summed this 

probability for each of the 14 stimuli. The summing-two-strong-single-cues was the same as 

summing-all-single-cues except that it assumed participants only learnt about the two cues most 

strongly associated with an outcome, and therefore guessed on stimuli in which both cues were 

absent (B, D & F). The multi-cue model assumed that participants distinguished each of the 14 

stimuli, and learnt about each of the 14 stimuli’s association with an outcome. The multi-strong 
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model assumed that participants distinguished the stimuli holistically but only learnt about the 8 

stimuli that were associated strongly with one outcome (A, C, E, G, H, J, L, & N). 

Incorrect strategies. Participants that responded in a consistent but incorrect manner 

were modelled by incorrect strategies (Price, 2009). Three types of incorrect strategies were 

considered: (1) incorrect singleton strategies modelled participants that responded on singleton 

stimuli with the opposite response expected and then guessed on the remainder of stimuli; (2) 

incorrect one-cue strategies modelled participants that provided a response depending on the 

presence or absence of just one-cue but that the response was in opposition to the cue’s outcome-

association; (3) incorrect multi-cue strategies modelled participants that distinguished the 14 

stimuli but provided responses in opposition to each stimulus’s outcome-association. 

Random strategy. This strategy modelled participants that responded with the two 

outcomes equally often for each of the stimuli. 

In addition to the introduction of four novel strategies (described above as summing-all-

single-cues, summing-two-strong-singles-cues, multi-strong and incorrect multi-cue), three 

general improvements were applied to the modelling of all these strategies: 

1) The impact of the dynamic probabilities experienced throughout the task was 

modelled. The dynamic nature of the probabilities experienced by participants has been 

acknowledged previously, and addressed using other techniques such as rolling regression (e.g., 

Kelley & Friedman, 2002; Lagnado, et al., 2006; Speekenbrink & Shanks, 2009); however, it has 

not been previously addressed within a strategy analysis framework. In this strategy analysis, the 

impact of dynamic probabilities was modelled by generating response profiles for each block 

according to the outcomes a participant had cumulatively experienced up until that learning 

block. In contrast, previous strategy analyses appeared to use the same probabilities to model 

response profiles for each of the four learning blocks; probabilities that were only correct after 

the fourth learning block. Furthermore, Study II utilised a test block with feedback removed, and 

thereby provided responses that could be modelled according to static probabilities.  

2) Both maximising and matching behaviour were modelled for all strategies. Once a 

participant has learnt an outcome probability according to a given strategy, they might always 

select the more probable outcome (maximising) or they might distribute their responses in order 

to match the probability of the outcomes (matching). Lagnado and colleagues (2006) noted this 

distinction and implemented alternative profiles for the multi-cue model according to both 
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maximising and matching. Lagnado and colleagues (2006) found that the multi-matching model 

seemed to provide the best-fit of all the strategies. Surprisingly, however, matching behaviour 

was not applied to all the other possible strategies. In Study II, two sets of response profiles were 

generated for all of the strategies based on either maximising or matching behaviour. The 

maximising models were retained, in spite of the finding by Lagnado and colleagues (2006) that 

a matching model provided the best-fit, because the literature is divided: other researchers have 

reported the prominence of maximising behaviour (e.g., White & Koehler, 2007). 

3) The possibility of forgetting or disregarding old information was modelled for all 

strategies. Finally, another possibility relating to the dynamic experience of learning was 

acknowledged: participants may have utilised their strategies according to the most recent 

outcomes that they experienced, disregarding or forgetting earlier experiences. Therefore, two 

sets of response profiles were generated for all the strategies based on either a cumulative or 

recent use of information. The recent use of information assumed participants only used 

outcomes experienced within the current block. 

Together, these improvements combat some of the key criticisms aimed at previous 

strategy analyses, including the unrealistic assumptions of global, static probabilities (e.g., 

Lagnado, et al., 2006). In light of such improvement, strategy analysis is preferable to an 

alternative rolling regression analysis (e.g., Kelley & Friedman, 2002; Lagnado, et al., 2006; 

Speekenbrink & Shanks, 2008). Strategy analysis is preferable because it allows an assessment 

of a wide range of strategies, which is particularly important when analysing TD and ASC 

participants who may have attended to different aspects of the stimuli. In contrast, rolling 

regression analysis only assesses the strength with which individual cue weights were learnt, and 

thereby assumes that all participants learn only about the individual cue weights. This 

assumption does not allow for participants who learnt more holistically about the stimuli, which 

was particularly inappropriate presently because the MrPotatoHead stimuli used in Study II were 

expressly designed to be evaluated as integrated customers rather than a set of individual cues. 

Additionally, a great benefit of rolling regression analysis was not applicable in Study II. 

Specifically, a rolling regression analysis analyses a participant’s responses and predicts what 

cue-weights would produce those responses (under the assumption that the learner was learning 

and responding only on the basis of cue-weights), and thereby quantitatively estimates the cue-

weights of the learner. The great benefit arises from a comparison of those weights with the 
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participant’s ratings of the cue weights/cue usage, which thereby reveals whether their 

performance reflected their explicit judgement. However, such ongoing assessment was not 

included in this task in case its inclusion encouraged explicit processes (e.g., Gebauer & 

Mackintosh, 2007).8 

3.2. Strategy Use 

Figure 13 depicted the number of participants using each category of strategy between 

the two groups across the different phases of the PCL task. This figure demonstrated that the 

distribution of strategies was similar between the two groups. Accordingly, chi-square 

contingency table analyses provided no evidence that Group impacted upon the distribution of 

strategies in any of the blocks (for all blocks: χ2 ≤ 5.53, ps ≥ .27 and Φ2 ≤ .11). There were no 

obvious trends in the use of individual strategies, and further analyses of all six categories were 

inappropriate given the small number of participants in several of the categories. 

                                                 
8 Lagnado and colleagues (2006) found that the inclusion of ratings did not make the performance more 

explicit on their task. However, this may have resulted from the performance already being explicit prior to their 

inclusion of the ratings. Thus, there was still a risk associated with including ratings in Study II, and the ratings were 

omitted. The risk seemed particularly relevant given there is reason to suspect that the version of the PCL task used 

by Lagnado and colleagues encouraged explicit performance. Specifically, the stimuli in their Weather Prediction 

task are composed of particularly discrete cues (symbols on a Tarot Card), which is known to encourage explicit 

learning (Maddox & Ashby, 2004). Additionally, the PCL procedure used in Study II was designed to encourage 

implicit performance. Study II used holistic MrPotatoHead stimuli. Also, the feedback conditions were selected to 

minimise explicit learning: feedback was displayed immediately after the response and feedback processing time 

was minimised by allowing only 600ms between first receiving the feedback and beginning the next trial (Maddox 

& Ashby, 2004). The equivalent procedural details were not reported by Lagnado and colleagues (2006). 
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Figure 13. There was a similar distribution of strategy use between the TD (top panel) and the 
ASC group (bottom panel). Depicted are the numbers of participants selecting a particular 
strategy across the different stages of the PCL task for both groups. 

In line with Price (2009) and Shohamy and colleagues (2004), important comparisons 

were considered more sensitively by collapsing across some of the categories. Therefore, the 

categories of strategies were classified as either ‘incorrect’ or ‘correct’ (all strategies except 

incorrect strategies), and ‘integrated’ or ‘non-integrated’ (all strategies except integrated 

strategies). The number of incorrect and correct strategies appeared similar between the groups, 

see Figure 14. Chi-square contingency table analyses provided no evidence that Group impacted 

upon the distribution of correct and incorrect strategies in any of the blocks (for all blocks: χ2 ≤ 
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1.56, ps ≥ .35 and Φ2 ≤ .03). It was also evident from Figure 14 that the total number of 

participants using a correct or incorrect strategy appeared stable over the course of the task, and 

that the two groups were similar in this stability. In line with this interpretation, a Wilcoxon 

matched-pairs, signed ranks test provided no evidence of an increased use of correct strategies in 

the Test block relative to Block 1 (z = .69, p = .65, d = .09), and a Mann-Whitney U-test gave no 

evidence of a difference between the groups in this change across the blocks (z = .27, p = .72, d = 

.06). 
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Figure 14. There was a similar distribution in the use of correct and incorrect strategies 
between the TD (top panel) and the ASC group (bottom panel). Depicted are the numbers of 
participants selecting a correct or incorrect strategy across the different stages of the PCL task 
for both groups.  

The number of participants using integrated strategies appeared similar between the two 

groups, see Figure 15. Consistent with this interpretation, there was no evidence that Group 

affected the distribution of integrated and non-integrated strategy use from chi-square 

contingency table analyses (for all blocks: χ2 ≤ 2.56, ps ≥ .20 and Φ2 ≤ .05). Figure 15 also 

indicated that the total number of participants using an integrated or non-integrated strategy 

remained stable over the course of the task, and that this was true for both groups. In line with 
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this interpretation, a Wilcoxon matched-pairs, signed ranks tests provided no evidence of an 

increased use of integrated strategies in the Test block relative to Block 1 (z = 1.81, p = .12, d = 

.26), while a Mann-Whitney U-test supplied no evidence of a difference between the groups (z = 

0.83, p = .41, d = .22). 

 

 

Figure 15. There was a similar distribution in the use of integrated and non-integrated 
strategies between the TD (top panel) and the ASC group (bottom panel). Depicted are the 
numbers of participants selecting integrated or non-integrated strategies across the different 
stages of the PCL task for both groups. 
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3.3. Consistency of Strategy Use 

The general consistency of individual participants’ strategy use was considered using two 

novel indices. First, for each individual, the frequency with which each strategy fitted their 

responses across the 5 blocks of the PCL was calculated (0-5 was possible for any strategy). The 

strategy that fitted an individual most frequently was used as the individual’s score (1-5 was 

possible for each individual), and the mean score was calculated for each group. Both groups 

seemed to use their most-frequently-fit strategy relatively regularly across the blocks with the 

TD group using the same strategy 2.88 times (SD = 0.43), and the ASC group 2.76 times (SD = 

0.81). There was no evidence of a difference between the groups (t(38) = 0.64, p = .53, d = .18).  

Second, for each individual, the 4 transitions from each block of the PCL were scored: if 

the same strategy was used consecutively, the transition scored 1, if a different strategy was used, 

the transition scored 0 (0-4 was possible for each individual). The TD group used a strategy 

consecutively a mean number of 1.38 times (SD = 0.90), while the ASC group was 1.46 times 

(SD = 0.95), with no evidence of a difference between the groups (t(50) = 0.30, p = .77, d = .08). 

Insofar that both groups scored above 0, there was some consistency in their use of strategy. 

However, participants were clearly not completely consistent: on average, the most frequent 

strategy was used approximately 3 times during the task, but the consecutive strategy score was 

below 3. Thus, this difference between most-frequent and consecutive scores implied that 

individuals did not persist with their most-frequent strategy once it was identified. Instead, 

participants continued to show strategy-exploration, probably returning to their most-used 

strategy upon finding the new strategy inappropriate. Such individual behaviour was consistent 

with the earlier conclusion from the Group level analyses that there were no coherent trends 

towards the use of particular strategies over the course of the task.  

The consistency of an individual’s strategy use was further analysed by collapsing across 

categories to consider the most interesting comparisons with greater power. The mean frequency 

with which a correct or incorrect strategy was used (out of 5) was 4.00 times (SD = 0.89) for the 

TD group and 3.92 times (SD = 0.80) for the ASC group (t(50) = 0.33, p = .75, d = .08), while 

the mean frequency of either correct or incorrect consecutive strategy use (out of 4) was 2.65 

times (SD = 1.20) for the TD group and 2.62 times (SD = 1.17) for the ASC group (t(50) = 0.12, 

p = .91, d = .03). These analyses implied that the use of correct or incorrect strategies was 
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consistent. Again, such individual consistency fitted with the earlier finding that there were no 

trends towards using correct strategies over the blocks at the Group-level. 

The mean frequency with which an integrated or non-integrated strategy was used (out of 

5) was 4.23 times (SD = 0.82) for the TD group and 4.12 times (SD = 0.86) for the ASC group 

(t(50) = 0.50, p = .62, d = .14), while the frequency of either integrated or non-integrated 

consecutive strategy use (out of 4) was 3.08 times (SD = 0.98) for the TD group and 3.19 times 

(SD = 0.80) for the ASC group (t(50) = 0.47, p = .64, d = .13). These analyses implied individual 

consistency in the use of integrated or non-integrated strategies, and were therefore coherent with 

the earlier conclusion that there were no Group-level trends towards the use integrated strategies 

across the blocks. 

3.4. Impact of Strategy on Performance 

In order to assess the impact of strategy use on performance, and in particular differences 

between the groups in their capacity to utilise different strategies, percentage correct during the 

PCL was compared between different categories of strategies. It was not possible to conduct 

analyses using all six categories because the data was not sufficiently distributed among those 

categories. Therefore, the integrated-non-integrated and correct-incorrect categorisations were 

analysed. An inspection of Figure 16 showed that the use of correct strategies resulted in superior 

task performance. ANOVAs with two between-subject factors Categorisation (Correct vs. 

Incorrect) and Group (TD vs. ASC) were conducted separately within each level of block, and 

revealed that the use of correct strategies led to superior task performance in every block (all Fs 

≥ 9.00, ps ≤ .01 and η2
p ≥ .16). There was no evidence of any group differences or interactions 

(all Fs ≤ 1.20, ps ≥ .28 and η2
p ≤ .02). 
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Figure 16. In both the TD (top panel) and the ASC group (bottom panel), there was a similarly 
superior performance by participants using correct rather than incorrect strategies. Depicted 
are the mean accuracies of participants selecting correct or incorrect strategies across the 
different stages of the PCL task for both groups. The error bars show twice the standard error of 
differences between categorisation means separately for each of the two groups. 

Figure 17 demonstrated that the use of integrated strategies resulted in superior task 

performance. ANOVAs with two between-subject factors Categorisation (Integrated vs. Non-

Integrated) and Group (TD vs. ASC) were conducted separately within each level of block, and 

revealed that the use of integrated strategies led to superior task performance in every block 

except the first (Block 1: (F(1, 48) = 2.38, p = .13, η2
p = .05; for all other blocks: Fs ≥ 19.07, ps ≤ 
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.001 and η2

p ≥ .28). While there was a numerical trend for the ASC group to have utilised 

integrated strategies to achieve better PCL performance, there was no statistical evidence of such 

interactions (all Fs ≤ 3.81, ps ≥ .06 and η2
p ≤ .07). There was no evidence of overall Group 

differences (all Fs ≤ 2.96, ps ≥ .09 and η2
p ≤ .06). 

 

 

Figure 17. In both the TD (top panel) and the ASC group (bottom panel), there was a similarly 
superior performance by participants using integrated rather than non-integrated strategies. 
Depicted are mean accuracies of participants selecting integrated or non-integrated strategies 
across the different stages of the PCL task for both groups. The error bars show twice the 
standard error of differences between categorisation means separately for each of the two 
groups. 
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3.5. Implicitness of Strategies 

There is debate as to whether strategies reflect implicit or explicit learning (e.g., 

Lagnado, et al., 2006; Meeter, Radics, Myers, Gluck, & Hopkins, 2008; Price, 2009; cf, Gluck, et 

al., 2002; Shohamy, Myers, Kalanithi, & Gluck, 2008). For example, in two studies researchers 

have found correspondence between the estimates of cue weights and actual cue weights 

(Lagnado, et al., 2006; Price, 2009). However, Gluck and colleagues have found no 

correspondence between reported strategies and best-fit strategies (e.g., Gluck, et al., 2002). 

Therefore, it seems possible that whether strategies are used explicitly will depend upon the 

particulars of the task. The PCL task procedure used in Study II was designed to minimise 

explicit learning by following the recommendations of previous research, which has detailed the 

factors affecting the explicit contributions to categorisation performance. Therefore, Study II 

used configural, holistic stimuli, rather than stimuli with particularly discrete cues (Maddox & 

Ashby, 2004). Additionally, Study II used feedback conditions found to minimise explicit 

processing: feedback was displayed immediately after a response and feedback processing time 

was minimised by allowing only 600 ms between first receiving the feedback and beginning the 

next trial (Maddox & Ashby, 2004). 

Accordingly, there was evidence from the explicit interviews that implied the task 

procedures had been successful in minimising explicit processing. In particular, the verbal 

reports were blindly evaluated in order to determine which strategy each report resembled. Each 

report was classified as most-resembling either integrated/ intermediate (these two strategy 

categories could not be distinguished from the reports); single-cue; singleton; incorrect; or 

random. The number of times a reported strategy matched the best-fit strategy was calculated. 

This calculation was only carried out for the Test Block because participants were only asked 

about their final strategies. The number of participants who provided strategies that corresponded 

to their best-fit strategy was small (n = 14), and a two-tailed binomial test demonstrated that the 

number was not significantly above the chance level of 20 % (p = .28; a chance level of 20 % 

was used because 5 category classifications were possible). The number of matches was similar 

for both the TD (n = 6) and ASC groups (n = 8), and a chi-square contingency table analysis did 

not provide any evidence of an association between the number of matches and Group (χ2 = 0.39, 

p = .76, Φ2= .01).  
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Additionally, the verbal reports were blindly evaluated and rated on a 3-point scale of 

‘explicitness’ (1 = reported no knowledge of the relationships in the task; 2 = reported 

knowledge about the existence of relationships in the task but provided no details as to what they 

were and/or expressed doubt about their existence; 3 = reported knowledge about at least one 

relationship they believed to be present in the task). The reports received a variety of ratings (1-

rating, n =13; 2-rating, n =14; 3-rating, n =25), and while more participants appeared to have 

provided 3-ratings than anything else, a chi-square goodness-of-fit test failed to reject the null 

hypothesis that all ratings were chosen equally often (χ2 = 5.12, p = .08, w = .31). A chi-square 

contingency table analysis failed to provide any evidence of an association between Group and 

the Explicitness rating (TD: 1-rating, n =4; 2-rating, n = 8; 3-rating, n =14; ASC: 1-rating, n = 9; 

2-rating, n = 6; 3-rating, n = 11; χ2 = 2.57, p = .30, Φ2= .05). More important than this analysis of 

the distribution of the absolute ratings was whether the insight was related to performance. 

Therefore, the relationship between explicitness and performance was examined. If performance 

had been mediated explicitly, then those participants who were able to report explicitly the most 

information should have also performed the best. However, Figure 18 and a two-way ANOVA, 

with two between-subject factors of Group and Explicitness-rating, provided no evidence of an 

effect of Explicitness-rating on performance (F(2, 46) = 0.17, p = .85, η2
p = .01), nor of an 

interaction between Group and Explicitness-rating (F(2, 46) = 0.31, p = .74, η2
p = .01). This same 

pattern of results remained even after excluding the 12 participants who provided at least one 

incorrect piece of information about the relationships in the task (Explicitness-rating: F(2, 34) = 

0.39, p = .68, η2
p = .02; Group and Explicitness-rating F(2, 34) = 0.03, p = .97, η2

p > .01). 
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Figure 18. In both groups, PCL performance was not determined by the explicit knowledge 
participants had gained about the task. Presented are mean percentage of correct guesses that 
were provided above chance on the PCL test phase. This score is presented for the two groups 
depending upon the „explicitness‟ rating given to the post-task interviews. The error bars show 
twice the standard error of differences between group means at different levels of explicitness 
ratings. 

3.6. Modelling Improvements 

3.6.1. Modelling Maximising and Matching Behaviour 

Figure 19 demonstrated the importance of modelling probability-matching behaviour: 

maximising models rarely provided a better fit for the data when in competition with matching 

models. This seemed equally true for both groups and appeared to have remained stable across 

the blocks. Statistical analyses were not appropriate since the maximising category was always 

below 5. 
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Figure 19. In both the TD (top panel) and the ASC group (bottom panel), matching models 
provided a better fit for most participants. Depicted are the numbers of participants best 
modelled by matching or maximising choices across the different stages of the PCL task for both 
groups. 

3.6.2. Cumulative and Recent Use of Information 

Figure 20 depicted the number of participants best modelled by the recent or cumulative 

use of information models. The figure demonstrated that there were several instances in which 

the recent use of information models provided a better fit than the standard cumulative models. 

Thus, the analysis had been improved by including the recent use of information models. 
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Additionally, Figure 20 illustrated the similarity of the two groups in their use of cumulative and 

recent information. Chi-square contingency table analyses comparing the proportion of each 

group better modelled by recent or cumulative information in each block were consistent with 

this interpretation (for all blocks: χ2 ≤ 1.24, ps ≥ .40 and Φ2 ≤ .02). Figure 20 also showed that 

fewer participants relied on recent information as the task progressed. A Wilcoxon matched-

pairs, signed ranks test was consistent with the decreased use of recent information in the Test 

block relative to Block 2 (z = 2.94, p < .01, d = .50). It was also evident from Figure 20 that the 

decrease across the blocks in the use of recent information was similar in both groups. A Mann-

Whitney U-test was consistent with this interpretation, insofar that it provided no evidence of 

group differences in the number of participants changing to cumulative strategies in the Test 

block relative to Block 2 (z = 1.28, p = .24, d = .35). 
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Figure 20. In both the TD (top panel) and the ASC group (bottom panel), the recent use of 
information models provided a better fit for some participants. Depicted are numbers of 
participants best modelled by the recent or cumulative use of information across the different 
stages of the PCL task for both groups. There were no results for Block 1 because the two 
models made the same predictions and thus the models were indistinguishable. 

3.7. Discussion 

In Study II, analyses had indicated that the TD and ASC groups were equivalent in their 

overall performance on the PCL task. However, there was a possibility that the overall 

equivalence was achieved using notably different strategies. Overall, the analyses presented in 
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this appendix emphasised the similarity between the TD and ASC groups in their use of implicit 

learning strategies on the PCL task. Specifically, there was no evidence of differences between 

the groups using fine-grained analyses, which considered nuanced variations in strategy, such as 

which strategies were used, the consistency with which strategies were used and the success with 

which strategies were used. Additionally, there was evidence that the strategies were largely 

implicit: strategy insight appeared unrelated to both the strategies that the participants actually 

used and how successfully the participants performed. Thus, this strategy analysis has 

demonstrated that the equivalent overall PCL performance was underpinned by a similarity in 

the implicit learning strategies used by the groups. Additionally, this similarity on the PCL task 

implies that there cannot be general differences between the groups in how they achieve 

equivalent performances on implicit learning tasks. 

 More generally, this analysis described and demonstrated the benefits of two 

improvements to strategy analysis, specifically the inclusion of models to reflect both 

participants who preferred maximising to matching behaviour, and participants who preferred the 

recent use of information to the cumulative use. Additionally, it is proposed that the strategy 

analysis was improved both by the inclusion of new analyses, such as the analysis of the 

consistency with which strategies were used, and the avoidance of the unrealistic assumption that 

static probabilities were experienced by participants throughout the task. 

4. Accuracy Analysis of SRT from Studies III and IV 

4.1. Study III 

4.1.1. Training: Block 1-10 

Unlike RTs, accuracy did not appear to improve as a consequence of training. For 

example, mean accuracy between the first five and last five blocks was similar, and this appeared 

equally true of both groups (TD: Mean difference (M) = 0.07 %; ASC: M = - 0.71 %; SED = 0.87 

%). Consistent with this interpretation, a mixed analysis of variance with factors of Group and 

Block revealed no significant effect of Block (F(5, 137) = 1.22, p = .30, η2
p = .04) nor interaction 

with Group (F(5, 137) = 1.63, p = .16, η2
p = .05). There was also no evidence of an overall effect 

of Group (F(1, 30) = 0.15, p = .70, η2
p = .01). The failure of accuracy to index learning during 

the training stage of the task was a consequence of a ceiling effect – accuracy was high from the 
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beginning. This was consistent with findings from Study II: Study II demonstrated that accuracy 

indexes learning by measuring the deterioration of performance on relatively unexpected 

(irregular) trials rather than improvement on the sequenced trials. The deterministic version of 

the SRT used in this study had no unexpected trials until the test block. 

4.1.2. Test: Block 10-12 

The introduction of the control sequence during the test block made the task more 

difficult to the extent that accuracy became an index of learning. Specifically, accuracy was 

worse on the control sequences in block 11 as compared with the training sequences averaged 

between blocks 10 and 12, and this decrease was similar between the groups (TD: Mean 

difference (M) = 9.08 %; ASC: M = 9.52 %; SED = 2.68 %). A mixed ANOVA with factors of 

Group and Block (Control Sequences Block 11 vs. Block 10&12) produced a pattern of results 

equivalent to the RT analysis: there was an effect of Block indicative of sequence learning (F(1, 

30) = 48.12, p < .001, η2
p = .62) but no interaction with Group (F(1, 30) = 0.03 p = .87, η2

p < 

.01). There was no overall difference between the groups in accuracy (F(1, 30) = 0.01 p = .91, 

η2
p < .01). 

4.1.3. Sequence validity: Block 10-12 

As an indirect measure of whether the application of the sequence was explicit, mean 

accuracy on training sequences in test block 11 (during which the global validity of the sequence 

was disrupted) were compared with mean accuracy on training sequences in neighbouring blocks 

10 & 12. Both groups were more inaccurate on the training sequence in Block 11 than in Block 

10 and 12 (TD: Mean difference (M) = 4.09 %; ASC: M = 0.85 %; SED = 1.96 %). A mixed 

ANOVA with factors of Group and Block (Training Sequences Block 11 vs. Block 10&12) 

revealed a main effect of Block (F(1, 30) = 6.37, p = .02, η2
p = .18), which indicated that the 

sequence learning had been explicit to the extent that performance had been more inaccurate 

when there had been a global disruption to the validity of the sequence knowledge. There was no 

significant effect of Group (F(1, 30) = 0.53, p = .47, η2
p = .02) nor interaction between Group 

and Block (F(1, 30) = 2.74, p = .11, η2
p = .08). 



APPENDICES  228   
 

 

4.2. Study IV 

4.2.1. Training: Block 1-2 

As in Study III, accuracy did not appear to improve as a consequence of training due to a 

ceiling effect. In both groups, mean accuracy was similar in the first and second block (TD: M = 

0.99 %; ASC: M = -2.83 %; SED = 2.51 %). Consistent with this, a mixed analysis of variance 

with factors of Group and Block revealed no significant effect of Block (F(1, 30) = 0.54, p = .47, 

η2
p = .02) nor interaction between Group and Block (F(1, 30) = 2.32, p = .14, η2

p = .07). There 

was no overall effect of Group (F(1, 30) = 1.92, p = .18, η2
p = .06). 

4.2.2. Test: Block 10-12 

Once again accuracy became sufficiently sensitive across the test block to index sequence 

learning. Accuracy was worse on the control sequences in block 11 as compared with the 

training sequences averaged between blocks 10 and 12, and this decrease was similar between 

the groups (TD: Mean difference (M) = 7.81 %; ASC: M = 8.52 %; SED = 2.24 %). A mixed 

ANOVA with factors of Group and Block (Control Sequences Block 11 vs. Block 10&12) 

produced a pattern of results equivalent to the RT analysis: there was effect of Block that 

indicated sequence learning (F(1, 30) = 53.35, p < .001, η2
p = .64) but there was no evidence of 

an interaction with Group (F(1, 30) = 0.10 p = .75, η2
p < .01). There was no overall difference 

between the groups in accuracy (F(1, 30) = 1.86 p = .18, η2
p = .06). 

4.2.3. Sequence validity: Block 10-12 

As an indirect measure of whether the application of the sequence was explicit, mean 

accuracy on training sequences in test block 11 were compared with mean accuracy on training 

sequences in neighbouring blocks 10 & 12. In both groups, there was a decrease in accuracy on 

the training sequences in Block 11 compared with Block 10 and 12 (TD: Mean difference (M) = 

3.48 %; ASC: M = 0.53 %; SED = 1.86 %). A mixed ANOVA with factors of Group and Block 

(Training Sequences Block 11 vs. Block 10&12) revealed a main effect of Block (F(1, 30) = 

4.66, p = .04, η2
p = .13), which was another indication that the sequence learning was explicit. 

There was no significant effect of Group (F(1, 30) = 0.52, p = .48, η2
p = .02) nor interaction 

between Group and Block (F(1, 30) = 2.53, p = .12, η2
p = .08). 


