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1. Multi-voxel pattern analysis methods 

 

As described in the main text, our multi-voxel pattern analysis (MVPA) analysis 

procedure was carried out on each subject separately, using fMRI data collected from the 

whole brain. The analysis procedure involved three steps: Voxel selection (to narrow 

down the number of voxels that are fed into the classifier), classifier training, and 
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generalization testing.  In this section, we describe general aspects of our procedure 

relating to voxel selection and classification. In the next two sections (Section 2 and 

Section 3, below), we discuss specific details of how we used MVPA to analyze study-

phase and test-phase data.  

 

Voxel selection 

 

The goal of our voxel selection procedure was to isolate, for each subject, the voxels 

whose activity differed most strongly across the three encoding tasks at study (Polyn et 

al., 2005). For discussion of the benefits of doing voxel selection prior to classification, 

see Norman et al. (2006) and Mitchell et al. (2004).  To enact voxel selection, we ran a 

multiple regression analysis on data from the study phase using AFNI’s 3dDeconvolve 

program (for general discussion of AFNI, see Cox, 1996; for specific AFNI software 

routines, see http://afni.nimh.nih.gov/afni). In this analysis, we predicted each voxel’s 

time course using regressors corresponding to each of the three encoding tasks (artist, 

function, and read) plus six nuisance motion-correction parameter vectors that were 

generated by the AFNI motion correction algorithm, 3dvolreg. We created each encoding 

task regressor by first creating a “boxcar” regressor corresponding to the study-phase 

time points when a word was onscreen and the subject was performing the specified 

encoding task (e.g., artist) on the word. Then, to account for temporal dispersion in the 

hemodynamic response, we used AFNI’s waver function to convolve the boxcar 

regressors with a gamma-variate hemodynamic response function. For each voxel, we 

specified a set of three linear contrasts to test for differences in the beta-weights 
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associated with the artist, function, and read tasks (the contrast weights were 2 -1 -1, -1 2 

-1, and -1 -1 2). Finally, we computed the F-statistic for the combination of these three 

contrasts. This F-statistic indicates how strongly the voxel’s activity differed depending 

on whether subjects were performing artist vs. function vs. read encoding. 

Our voxel selection procedure involved taking, for each subject, the N voxels (out of 

approximately 50,000 total) that had the largest F statistic for that subject. These N 

voxels were then used in the pattern classification analyses for that subject. To select a 

value for N, we ran our study-phase classification analysis procedure (see Section 2 

below) using different numbers of voxels, and we chose the number of voxels that 

yielded the highest level of study-phase classification accuracy (i.e., accuracy in 

classifying which task subjects were performing at study, when the classifier was trained 

on other study trials). For simplicity, we decided to use the same number of voxels for all 

subjects, instead of individually tuning the number of voxels to maximize study-phase 

accuracy for each subject. Supplemental Figure 1 shows how study-phase classification 

accuracy (averaged across subjects from both Experiment 1 and Experiment 2) varied as 

a function of the number of voxels included in the analysis. The peak of this curve was 

1,000 voxels, so we set the number of voxels equal to 1,000 for all of our classification 

analyses. 

 

========================= 

Insert Supplemental Figure 1 About Here 

========================= 
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It is important to emphasize that our voxel selection procedure only used data from 

the study phase of the experiment; it did not factor in test phase data in any way. As such, 

the results of our train-on-study-phase, generalize-to-test-phase analyses (described in the 

main text and in Section 3 below) reflect the classifier’s ability to generalize to entirely 

new data that were not used for either voxel selection or classifier training.  

 

Neural network classifier 

  

Our classification analyses were implemented in MATLAB, using the Princeton 

MVPA Toolbox (http://www.csbmb.princeton.edu/mvpa) and the MATLAB Neural 

Networks Toolbox (Mathworks, Natick MA). The classification procedure was run 

separately for each subject. Before running the classifier, we z-scored the functional data 

separately for each voxel and each run (Polyn et al., 2005). We used a two-layer neural 

network classifier (i.e., input and output layers only; no hidden layer). There were 1,000 

units in the input layer, corresponding to the 1,000 voxels that passed through our GLM-

based voxel selection procedure for that subject.  The output layer contained three output 

units, one for each of the encoding tasks (artist, function, and read).  The network was 

purely feed-forward with full connections between the input and output layers, and a 

sigmoid transfer function was used on the output layer (Polyn et al., 2005). As in Polyn et 

al. (2005), the classifier was trained using the conjugate gradient descent version of the 

backpropagation algorithm, and a cross-entropy function was used to calculate prediction 

error during training (for further discussion of backpropagation see, e.g., Bishop, 1995; 

Duda et al., 2001; LeCun et al., 1998; Rumelhart et al., 1996).  
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Analysis procedure 

 

For all of our classification analyses, we divided up the fMRI data into a training set 

and a generalization testing set (see Section 2 and Section 3 below for description of the 

different ways in which we specified the training and testing sets).  First, we did voxel 

selection on the training set.  Next, we initialized the classifier weights to random values. 

After that, we trained the classifier on data from the study phase. Specifically, the 

classifier was given training patterns corresponding to individual study-phase brain scans 

(where one scan was collected every two seconds). For each scan, we clamped the pattern 

of voxel activity values from that scan onto the input layer. To specify the target 

(“correct”) output value for each study-phase pattern, we took the hemodynamically 

convolved task regressors described in the Voxel selection section above, rescaled the 

regressors into the zero-to-one range, and then binarized them such that values above 0.5 

were set to 1 and values below 0.5 were set to 0.  Time points where all three tasks had a 

target output value of zero (indicating that no task was strongly active at that time point) 

were not included in the classification analysis.  For all of the remaining time points, 

there was a single “correct answer” for each input pattern (i.e., one of the three output 

units had a target value of 1, and the other two output units had a target values of zero). 

Weights were updated after each training trial using backpropagation. 

After training, we used the network to classify individual brain scans from the 

generalization testing set. For each test pattern, we recorded the activity of each of the 

three output units. These activity values indicate how well the test pattern matches the 
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artist, function, and read brain states that were present in the training data set. To average 

out variability associated with random initial weight settings, we repeated this 

classification procedure 100 times, and we averaged together the classifier output values 

(for each test pattern) across these 100 classifier iterations. 

 

2. Study-phase classification analyses 

 

As discussed in the main text, all of our MVPA analyses depend on the idea that we 

can classify which task subjects are performing at study. To address this question, we 

used a leave-one-out generalization procedure where we took study-phase data from 5 out 

of the 6 functional runs and did voxel selection and classifier training on these five runs; 

we then applied the trained classifier to study-phase data from the sixth (“left out”) run.  

We iterated this procedure six times, leaving out a different run each time (see Hastie et 

al., 2001 for additional discussion of the leave-one-out procedure). 

 

Percent correct analyses 

 

We assessed the performance of the classifier by comparing the classifier’s response 

to the binary encoding task regressors described in the Analysis procedure section above. 

For each individual scan, we labeled that scan as being “correct” if the classifier output 

unit associated with the correct task was more active than the classifier output units 

associated with the other two tasks.  For each subject, we computed an overall percent 

correct value.  



McDuff, Frankel, and Norman Supplemental Materials 7 

The significance of these percent correct values was assessed for each individual 

subject using a non-parametric statistical procedure; for a detailed description of this 

procedure, see the Supporting Online Material associated with Polyn et al (2005). We 

used a wavelet-based signal decomposition procedure to generate surrogate classifier 

output time-courses that had the same spectral characteristics as the original time-courses 

(Bullmore et al., 2001). For each of the actual classifier output time-courses (one per 

task), we computed ten thousand surrogate classifier output time-courses. These surrogate 

time-courses were used to create distributions of percent correct scores. By comparing 

the actual percent correct score to these distributions, we were able to generate a p value: 

the proportion of surrogate percent correct scores exceeding the percent correct score that 

was obtained in the experiment. These p-values indicate the probability that the observed 

percent correct score would have been obtained by chance (i.e., assuming that there was 

no real correspondence between classifier output and the task being performed).  

 

========================= 

Insert Supplemental Table 1 About Here 

========================= 

 

The scores in Supplemental Table 1 indicate that classification was significantly 

above chance (where chance = 1/3 = 33%) for every subject.  Note that these accuracy 

scores reflect a “best case” scenario, insofar as we tuned our voxel selection parameters 

to maximize average study-phase classification accuracy (see Section 1 above).  

However, we should note that classifier accuracy was reasonably robust to changes in the 
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number of selected voxels. Supplemental Figure 1 plots how classification accuracy 

(averaged across subjects from both experiments) varied as a function of the number of 

included voxels. The figure shows that including anywhere from 500 to 5000 voxels 

yielded near-peak average classification accuracy. The only time when classifier 

accuracy dipped far below its peak was in the 10-voxel condition (and classifier accuracy 

was still well above chance in this condition). 

 

3. Measuring activity at test  

 

To measure activation of task-specific study-phase patterns at test, we did voxel 

selection and trained the classifier based on study-phase data from all six runs. We then 

applied the trained classifier to test-phase data from all six runs. To analyze these results, 

we created event-related averages showing classifier output for new-item trials and 

incongruent trials.  For each new-item and incongruent test trial, we measured the activity 

of each classifier output unit (artist, function, and read) for 7 successive scans (lasting 2 

seconds each), starting with the scan when the test word was presented. For new-item 

trials, the classifier outputs were binned according to whether a particular task was the 

targeted task (TT) on that trial, or one of the other tasks (OT) on that trial.  For 

incongruent-item trials, the classifier outputs were binned according to whether a 

particular task was the targeted task (TT) on that trial, the actual task (AT) that was 

performed on that item at study, or the other task (OT).  Our primary analyses of these 

event-related averages are presented in the Results section of the main text. Here, we 

present extra analyses that address the timing of targeted-task activity. 



McDuff, Frankel, and Norman Supplemental Materials 9 

 

Analyzing the timing of targeted-task activity 

 

In the main text, we hypothesized that subjects in Experiment 1 would attempt to 

constrain retrieval at test by performing the targeted task on the test word (for additional 

discussion of this idea, see Jacoby et al., 2005). This claim has strong implications for the 

timing of activation of the targeted task (TT). If we assume that TT activity commences 

when the test word is presented, and we assume that TT activity triggers a standard 

hemodynamic response, this implies that activation of the TT representation 

(operationalized in terms of the TT – OT difference) should start out at zero on the scan 

when the test word is presented, and that it should peak approximately three scans later.  

Contrary to this view, in Experiment 1, the TT – OT difference was significant for the 

scan when the test word was presented (time point 1 on the event-related averages) for 

both new-item and incongruent trials (this trend was also present, albeit to a lesser extent, 

in Experiment 2; see Figure 2 in the main paper). There are two possible explanations for 

this finding: One possibility is that subjects started to activate their TT representation in 

response to the task cue (e.g., “Artist?”), instead of waiting for the presentation of the test 

word. Another possibility relates to the fact that test trials were arranged into 3-trial 

miniblocks, where each trial in a miniblock used the same TT task. As such, TT activity 

at the outset of a trial could reflect “spill-over” of TT activity from the preceding trial.  

 

========================= 

Insert Supplemental Figure 2 About Here 
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========================= 

 

To eliminate the possibility of spill-over effects, we re-analyzed the data from new-

item and incongruent trials in Experiment 1, limiting the analysis to trials/conditions 

where neither the targeted task nor the other task served as the targeted task on the 

previous trial. This ensures that the TT – OT difference is uncontaminated by lingering 

TT activity. Limiting the analysis in this fashion involves discarding the second and third 

trials from each miniblock (since, as mentioned above, the targeted task on these trials 

was the same as the targeted task on the previous trial). It also involves discarding some 

fraction of the first-in-miniblock data, since the “other” task on these trials sometimes 

matched the targeted task on the previous trial. To compensate for this loss of data, we 

pooled together data from new-item and incongruent trials for this analysis (instead of 

analyzing new-item and incongruent trials separately). The results of this analysis are 

shown in Supplemental Figure 2.  The left-hand side of the figure shows an event-related 

average of classifier output, time-locked to the presentation of the test word (at time point 

1). The figure shows that, when the possibility of spill-over is eliminated, the TT – OT 

difference was very close to zero for time point 1 (the scan where the test word was 

presented), and the TT – OT difference peaked at time points 3, 4, and 5. The timing of 

this response fits with the idea, expressed above, that subjects activated the TT 

representation in response to the test word (not beforehand). The right-hand side of 

Supplemental Figure 2 shows an event-related average of classifier output, time-locked to 

the presentation of the task cue (at time point 1). As discussed in the Materials and 

Methods section of the main text, the task cue preceded the test word by either 2, 3, or 4 



McDuff, Frankel, and Norman Supplemental Materials 11 

time points. The graph here collapses across these conditions, so the test word appeared 

at either time point 3, 4, or 5 on the graph. The figure illustrates that there is no event-

related TT activity response triggered by the task probe – TT activity does not start to 

appear until much later (after the test word has appeared).  

 

4. Group General Linear Model analysis: Task-specific study-phase activity 

 

Our finding of well-above-chance scan-by-scan classification of encoding task states 

(see Section 2 above) indicates that the three encoding tasks were associated with distinct 

patterns of neural activity. We ran two analyses aimed at characterizing which brain 

regions showed discriminative activity. In the first analysis (described in this section), we 

used a standard mass-univariate GLM analysis to identify brain regions whose activity 

reliably discriminated between the encoding tasks during the study phase.  In the second 

analysis (described in Section 5) we created classifier “importance maps” showing which 

voxels contributed most strongly to the classifier’s ability to detect the three task states. 

The GLM analysis and the importance-map analysis included subjects from both 

Experiment 1 and Experiment 2. 

The specific goal of the GLM multiple regression analysis described here was to 

identify clusters of voxels that (across subjects) were reliably more active or reliably less 

active during a particular encoding task at study, relative to the other two tasks.  The 

preprocessing steps and GLM regressors used in this analysis were identical to the 

parameters that we used for the GLM analyses described in the Voxel selection section. 

As with the voxel selection analyses, we ran the multiple regression analysis using 
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AFNI’s 3dDeconvolve program. The only differences between this analysis and the GLM 

used for voxel selection are as follows: 1) In this analysis, we report results at the group 

level, whereas voxel selection was done based on effects at the individual-subjects level; 

and 2) in this analysis, we report task-specific effects (i.e., for each task, which voxels 

showed differential activity for that task vs. the other tasks), whereas voxel selection was 

done based on the overall (main) effect of encoding task on voxel activity. 

The multiple regression analysis produced a set of beta weights indicating the extent 

to which a particular voxel’s activity correlated with a condition of interest for individual 

subjects.  Prior to running the group analysis, we warped these beta weights from each 

individual subject’s brain space into Talairach space (using AFNI’s program, @auto_tlrc) 

and smoothed them using a 4mm Gaussian blur (with AFNI’s program 3dmerge). To 

identify regions that were differentially activated (or deactivated) by a particular task at 

study, we conducted a 2-way ANOVA (using AFNI’s 3dANOVA2) on the beta weights 

from the study phase (encoding task: artist, function, and read).  We treated task (artist, 

function, read) as a fixed effect, and subject as a random effect.  As in our voxel selection 

procedure, we ran contrasts on the artist, function, and read beta weights to identify 

voxels that were differentially active during the different encoding tasks.  For example, 

the contrast weights used to specify voxels that were differentially active for the artist 

task (vs. the function and read tasks) were 2, -1, -1 for artist, function, and read.  

The ANOVA yielded contrast maps that showed the extent to which each individual 

voxel’s activity was differentially modulated by each encoding task at study.  We used 

these contrast maps to identify clusters of voxels whose activity (as a group) was 

differentially modulated by the artist, function, and read tasks, respectively.  To correct 
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for the problem of multiple comparisons, we used AFNI’s program AlphaSim to identify 

the number of contiguous voxels (the size of the cluster) necessary to reduce the 

probability of falsely detecting a cluster of that size to 0.001.  The clusters were chosen to 

include voxels whose contrast result was either positive or negative and exceeded t >5.68 

(p = 0.00001).  The volume of the cluster had to exceed 243 microliters with a minimum 

connectivity radius of 6 mm.  The clusters that were found using the above restrictions 

are reported in Supplemental Table 2.  Coordinates are reported in the Talairach-

Tournoux (T-T) Atlas coordinate space.  The focus point of each cluster is reported (LPI 

format).  The “direction of activation change” column indicates whether a particular 

cluster showed increased (+) or decreased (-) activity for the specified task, relative to 

the other two tasks. 

 

========================= 

Insert Supplemental Table 2 About Here 

========================= 

 

Given that the primary purpose of this paper is not to identify discriminative brain 

regions, we will not dwell on the results of this GLM analysis. Nonetheless, it is worth 

noting that our group GLM results appear to be consistent with the results of other fMRI 

studies that have used similar tasks. For example, numerous studies have observed left 

inferior frontal gyrus (LIFG) activity in tasks that require controlled retrieval from 

semantic memory and/or selection among multiple meanings (for a recent review, see 

Badre and Wagner, 2007). This fits well with our finding that LIFG was more active for 
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the function task (which places strong demands on controlled semantic retrieval and 

selection) than for the other two tasks (which place weaker demands on controlled 

semantic retrieval and selection).   

 

5.  Classifier importance maps 

 

A more direct way of gaining insight into how the classifier is discriminating between 

encoding tasks is to look at the classifier’s weights (after it has been trained on study-

phase data).  Specifically, we wanted to use classifier weight information to establish 

which voxels were most important in activating each task’s output unit, when that task 

was present.  For example, for scans associated with the artist task, which voxels played 

the largest role in (correctly) activating the artist unit? In our neural network classifier, 

the net contribution of a voxel to activating a task unit is a function of the voxel’s 

activation, multiplied by the weight between that voxel and the task unit. Logically 

speaking, there are two ways for a voxel to make a net positive contribution to activating 

a particular task unit:   

 

1) The voxel could have a positive z-scored average activation value (indicating that 

it was more active than usual) for scans associated with that task, and it could have a 

positive weight to that task unit.  Voxels meeting this criterion were assigned a positive 

importance value impij = wij * avgij, where wij is the weight between input unit i 

(corresponding to voxel i) and output unit j (corresponding to task j), and avgij is the 

average activation of input unit i while subjects were performing task j.  
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2) The voxel could have a negative z-scored average activation value (indicating that 

it was less active than usual) for scans associated with that task, and it could have a 

negative weight to that task unit. In this case, the “double negative” combination of 

negative activation and negative weight results in a net positive contribution.  Voxels 

meeting this criterion were assigned a negative importance value impij = -wij * avgij. 

 

Voxels where the sign of wij differed from the sign of avgij (indicating a net negative 

contribution of that voxel to detecting that task state) were assigned an importance value 

of zero.  Importance maps were computed using the above equations for each individual 

subject.  Crucially, note that (with these equations) both positive and negative importance 

values indicate a net positive contribution of that voxel to activating the task unit (when 

that task is present). The sign of the importance value indicates whether the voxel 

contributes via a characteristic deactivation that is picked up by the classifier (via a 

negative weight), or a characteristic activation that is picked up by the classifier (via a 

positive weight).  Computing importance values in this way makes it easier to compare 

importance maps to the GLM results discussed in Section 4 (which indicate, for each 

task/cluster combination, whether the cluster is more or less active for that task, 

compared to other tasks). Note that this procedure for computing importance values 

differs from the procedure used by Polyn et al. (2005), which measured whether each 

voxel i made a net positive or negative contribution to the activation of output unit j, but 

did not indicate whether voxels making net positive contributions did so because they 

were more or less active than usual during condition j.   



McDuff, Frankel, and Norman Supplemental Materials 16 

After creating importance maps for each subject, these individual-subject importance 

maps were transformed to match a common template in Talairach space using AFNI’s 

automatic Talairaching functionality (@auto_tlrc).  We then used AFNI’s program 

3dmerge to apply a Gaussian blur with a full width at half maximum of 4mm to the 

Talairached importance maps for each individual subject.  This blurring makes it easier to 

identify commonalities in importance maps across subjects. To create group average 

importance maps, AFNI’s program 3dmerge was used to compute the mean importance 

value across all subjects for each voxel/task combination.  The structural image in 

Talairach space from subject 8 was used as an underlay for the montage, which was 

created with the AFNI software package. The resulting importance maps are shown in 

Supplemental Figure 3. 

 

========================= 

Insert Supplemental Figure 3 About Here 

========================= 

 

The importance maps reveal distinct patterns of activations and deactivations that 

(across subjects) were associated with each encoding task.  The regions labeled as 

important in Supplemental Figure 3 appear to be a superset of the regions identified by 

the GLM analysis (see Supplemental Table 2). The fact that regions found by the GLM 

appear in the classifier importance maps is not surprising, insofar as we used a GLM 

analysis to select which voxels were fed into the classifier for each subject.  The main 

difference between the classifier importance maps and the GLM clusters is that the 
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classification analysis is more liberal in choosing which voxels to include. In addition to 

incorporating significant “peak clusters”, the classifier maps also incorporate voxels that 

were in the “top 1000 voxels” for some subjects but (for whatever reason) did not reach 

conventional levels of significance in the group analysis.  For discussion of how 

classifiers benefit by accumulating weak information from voxels that do not meet 

conventional significance levels, see Norman et al. (2006), Haynes and Rees (2006), and 

Kamitani and Tong (2005).  

 

6.   Group General Linear Model analysis: Regions that predict correct rejections of 

incongruent items 

 

In the main paper, we used MVPA techniques to show that the amount of AT activity 

measured in Experiment 2 (during multi-agenda source monitoring) was related to the 

probability of correctly rejecting an incongruent item, but this relationship was not 

present in Experiment 1 (during single-agenda source monitoring).  In this section, we 

use a GLM analysis to explore whether there were any specific brain regions whose 

activity predicted correct rejections of incongruent items, and (if so) whether the 

relationship between activity and behavior in these regions interacted with our use of 

single-agenda vs. multi-agenda instructions. 

Towards this end, we ran GLM multiple regression analyses on Experiments 1 and 2 

separately to identify regions of the brain that discriminate between correct and incorrect 

responses on incongruent trials.  The preprocessing steps used in this analysis were 

identical to the parameters that we used for the GLM analyses described in Section 4 of 
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this supplemental report (Group General Linear Model analysis: Task-specific study-

phase activity). As before, we ran the multiple regression analysis using AFNI’s 

3dDeconvolve program. We used all of the regressors that we used in the study-phase 

GLM analysis (i.e., regressors corresponding to each of the three encoding tasks, plus six 

nuisance motion-correction parameter vectors), and we also included six regressors 

specifying the different response types made during the test phase: correct and incorrect 

responses to incongruent items, correct and incorrect responses to congruent items, and 

correct and incorrect responses to new items. 

The multiple regression analysis produced a set of beta weights indicating the extent 

to which a particular voxel’s activity correlated with a condition of interest for individual 

subjects.  To identify regions that were differentially activated (or deactivated) by a 

particular response type at test, we conducted a 2-way ANOVA (using AFNI’s 

3dANOVA2) on the beta weights from the test phase (incongruent response type: correct 

and incorrect).  We treated response (correct, incorrect) as a fixed effect, and subject as a 

random effect.  We ran contrasts on the correct and incorrect beta weights to identify 

voxels that were differentially active when the subject made correct vs. incorrect 

judgments on incongruent trials.  

The ANOVA yielded contrast maps that showed the extent to which each individual 

voxel’s activity was differentially modulated by incongruent response type.  We used 

these contrast maps to identify clusters of voxels whose activity (as a group) was 

differentially modulated by the correct and incorrect responding.  The clusters were 

chosen to include voxels whose contrast result was either positive or negative and 

exceeded t >5.90 (p = 0.0001).  The three clusters that were found are reported in 
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Supplemental Table 3.  Coordinates are reported in the Talairach-Tournoux (T-T) Atlas 

coordinate space.  The focus point of each cluster is reported (LPI format).  The 

“direction of activation change” column indicates whether a particular cluster showed 

increased (+) or decreased (-) activity for the specified task, relative to the other two 

tasks. 

========================= 

Insert Supplemental Table 3 About Here 

========================= 

To follow up on these results, we took the peak voxels from each of the three clusters 

identified in the above analysis, and we ran an independent samples t-test comparing the 

individual subject beta weights from Experiment 1 vs. Experiment 2. The t-test revealed 

that the reported region in the hippocampus discriminated more strongly between correct 

and incorrect trials in Experiment 2 vs. Experiment 1, t(21) = 3.20, p < 0.01.  This result 

would not survive multiple-comparisons corrections, but it is suggestive of there being a 

difference in how hippocampal activity relates to behavior in Experiment 1 vs. 

Experiment 2. 

In summary: The results of this GLM analysis echo the results of our MVPA analysis. 

In both cases, we found brain activity that discriminates between correct and incorrect 

responding to incongruent items in Experiment 2 (multi-agenda source monitoring), but 

not Experiment 1 (single-agenda source monitoring).  Importantly, the GLM result is 

ambiguous when considered on its own: The fact that hippocampal activity was related to 

behavior in Experiment 2 does not tell us what subjects were remembering on those 

trials, or even if they are remembering anything (insofar as the hippocampus is activated 
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by encoding as well as retrieval; see, e.g., Stark and Squire, 2001).  The results of the 

MVPA analysis help to fill in these details:  Specifically, the MVPA analysis tells us that 

retrieval of information about the actual task performed on the item at study is driving 

correct rejections in Experiment 2 (but not in Experiment 1).  

 

7. Accuracy differences as a function of targeted task depth-of-processing 

 

========================= 

Insert Supplemental Tables 4 and 5 About Here 

========================= 

 

In this section, we explore how depth-of-processing of the targeted task affected 

subjects’ memory performance. Prior work by Marsh and Hicks (1998) and others (e.g., 

Dobbins and McCarthy, 2008) has demonstrated that – on exclusion tasks – subjects 

respond more accurately when they are asked to target deeply encoded items vs. 

shallowly encoded items. In the Marsh and Hicks (1998) study, subjects either targeted 

items they generated from anagrams (deep encoding) or items they read (shallow 

encoding). Subjects in that study showed a higher hit rate and a lower false alarm rate (on 

both incongruent trials and new-item trials) when asked to target the “generate” condition 

than the “read” condition. 

In our study, we can address the effects of targeting deeply vs. shallowly encoded 

items by comparing the target-artist condition (deep) to the target-read condition 

(shallow), or by comparing the target-function condition (deep) to the target-read 
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condition (shallow).  Supplemental Table 4 presents the behavioral results from 

Experiment 1, broken down according to which task was targeted at test (artist, function, 

or read). The overall pattern of results replicates the pattern observed by Marsh and Hicks 

(1998): For both comparisons (target-artist vs. target-read, and target-function vs. target-

read), hits were numerically greater for the deep condition than the shallow condition, 

and false alarms (on both incongruent trials and new-item trials) were numerically lower 

for the deep condition than the shallow condition.  Three of the aforementioned 

differences were significant at p < .05: artist hits > read hits; function incongruent false 

alarms < read incongruent false alarms; artist new-item false alarms < read new-item 

false alarms; the other differences had p values > .05. For discussion of how to interpret 

this pattern of results, see Dobbins and McCarthy (2008). 

Supplemental Table 5 shows the behavioral results from Experiment 2, broken down 

according to which task was targeted at test.  As in Experiment 1, artist hits (i.e., correct 

“same task” responses) were significantly greater than read hits in Experiment 2, t(11) = 

5.17, p < .01. There was a trend for function hits to be greater than read hits but it was not 

significant, t(11) = 1.65, p > .05.  In Experiment 2, there were no significant effects of 

depth of processing on false alarms to incongruent items (i.e., incorrect “same task” 

responses); neither artist nor function false alarms to incongruent items differed 

significantly from read false alarms. Likewise, there were no significant effects of depth 

of processing on false alarms to new items (i.e., incorrect “same task” responses); neither 

artist nor function false alarms to new items differed significantly from read false alarms. 

  

8. Accuracy differences as a function of actual task depth-of-processing 
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========================= 

Insert Supplemental Tables 6 and 7 About Here 

========================= 

========================= 

Insert Supplemental Figure 4 About Here 

========================= 

 

The previous section explored how depth-of-processing of the targeted task affected 

performance. This section explores how depth-of-processing of the actual task (on 

incongruent trials) affected performance. We expected that the effect of deep vs. shallow 

processing would depend on how well subjects were making use of retrieved information 

about the actual (non-target) task.  If subjects make proper use of actual-task recollection 

(i.e., they treat it as evidence that item was not studied with the targeted task), accuracy 

should be better for deep vs. shallow items; deep items are more likely to trigger actual-

task recollection (see Yonelinas, 2002 for a review), and thus will be more likely to 

trigger a correct rejection.  

Supplemental Table 6 shows the behavioral results for incongruent trials in 

Experiment 1, split by actual task.  Numerically, the data show a reversed depth-of-

processing effect: Accuracy was better for the (shallow) read task than the (deep) artist 

and function tasks.  The function vs. read difference was significant, t(10) = -2.90, p = 

0.02 but the artist vs. read difference was not, t(10) = -.81, p > .05.  This trend towards a 

reversed depth of processing effect suggests that subjects in Experiment 1 were not using 
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actual-task recollection to reject incongruent items (otherwise, the opposite pattern of 

results would have been observed).   

Supplemental Table 7 shows the behavioral results for incongruent trials in 

Experiment 2, split by actual task. In this study, there was a normal depth-of-processing 

effect: Accuracy was better for the (deep) artist and function tasks than the (shallow) read 

task. The artist vs. read difference was significant, t(11) = 3.46, p = 0.005 but the 

function vs. read difference was not, t(11) = 1.83, p = 0.09.  These results fit with the idea 

that subjects in Experiment 2 were utilizing actual-task recollection to (correctly) reject 

incongruent items.   

These depth-of-processing effects, coupled with the fact that AT classifier activity 

was much higher for deep vs. shallow tasks in Experiment 2 (average AT classifier 

activity was .57 for artist, .59 for function, and .35 for read at time point 2), suggest a 

possible confound: Insofar as deep tasks were associated with higher accuracy than 

shallow tasks, and deep tasks were also associated with higher AT activity, then the 

observed relationship between AT activity and accuracy in Experiment 2 (at time point 2) 

may reflect task differences in AT activity (i.e., deep tasks = high accuracy and high AT; 

shallow tasks = low accuracy and low AT) as opposed to a within-task relationship 

between AT activity and accuracy.  If this were the case, it would not contradict our 

hypothesis (insofar as it still shows a relationship between AT and accuracy), but it 

would compromise our claim that we can detect behaviorally meaningful differences in 

AT activity across trials (within conditions). 

To address the concern that depth-of-processing differences were driving our effect, 

we re-ran the Experiment 2 area-under-the-ROC (AUC) analysis, looking just at the trials 
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where the actual task was a deep encoding task (artist or function). Also, to avoid the 

possibility that differences between the two deep tasks might introduce a confound, we 

ran the analysis separately for “actual task = artist” and “actual task = function” trials and 

then averaged these results together (weighting them equally) for each subject.1 The 

results of this analysis are shown in Supplemental Figure 4, along with the results of our 

original AUC analysis from the main paper (Figure 4B) where we did not restrict by task.  

Importantly, the AUC scores were still just as large in the new analysis as in the original 

analysis (and AUC for time point 2 was still significantly above .5).  This finding 

indicates that, while there were AT differences across tasks, our ability to predict 

behavior using AT in Experiment 2 was not a simple artifact of task differences: We were 

still able to predict behavior when we focused just on AT variance that was present 

within the two deep-task conditions.2  

 

9. RT analyses 

 

========================= 

Insert Supplemental Table 8 About Here 

========================= 

                                                 
1 We were not able to run this analysis for Experiment 1 because the analysis requires at 
least one artist error and one function error per subject (otherwise AUC is undefined), 
and this was not the case for all of the subjects in Experiment 1. 
2 When we limited the analysis to “actual task = read” trials, we did not find a positive 
relationship between AT activation and correct rejections at time point 2. To the contrary, 
AT activation was nonsignificantly higher for errors than for correct rejections. This null 
effect may be attributable to a floor effect on AT recollection (and classifier activation) 
for the read task. Practically speaking, this finding suggests that researchers interested in 
showing a relationship between AT activation and behavior should focus on deep (as 
opposed to shallow) tasks.  
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Supplemental Table 8 shows reaction times as a function of response type and trial 

type (congruent, incongruent, and new) for both Experiment 1 and Experiment 2. Note 

that trials where subjects did not respond within the allotted 2 seconds were omitted from 

the RT analysis, since we did not record a response on these trials.  These RT results 

provide a source of converging evidence regarding subjects’ use (or lack of use) of 

actual-task recollection.  Several studies have found that scrutinizing retrieved 

information is a time-consuming process (see, e.g., Gronlund and Ratcliff, 1989; 

Hintzman and Curran, 1994; Rotello and Heit, 2000); subjects need to wait for 

recollected information to come to mind, and they need to compare recollected 

information with their representation of the target source. If subjects rely on this (slow) 

process to correctly reject familiar lures, this should slow down correct rejection RTs; in 

particular, it should differentially slow down correct rejection responses compared to hits 

(which can sometimes be triggered by fast familiarity, in addition to slower, more 

deliberative processes). RT data from Malmberg (2008) support this idea: Malmberg used 

an associative recognition paradigm where subjects were relying heavily on recollected 

information to reject familiar lures; in this study, he found that correct rejections of 

related lures were significantly slower than hits. 

The above results imply that we can use the RT difference between incongruent 

correct rejections (CRs) and hits to assess whether subjects are scrutinizing retrieved 

details: The more that subjects scrutinize retrieved details, the larger this RT difference 

should be.  In particular, the claim (from the main paper) that subjects are making use of 

recollected details in Experiment 2 but not Experiment 1 suggests that the (incongruent) 
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CR – hit RT difference should be larger in Experiment 2 than in Experiment 1.  To test 

this hypothesis, we computed CR – hit RT difference scores for each subject in both 

experiments, and then we ran a t-test to see whether these difference scores were different 

across experiments.  Numerically, incongruent correct rejections were 57 msec slower 

than hits in Experiment 2, but correct rejections were 26 msec faster than hits in 

Experiment 1. As predicted, the CR – hit RT difference was significantly larger in 

Experiment 2 than in Experiment 1, t(23) = 2.08, p < .05.  This finding supports our 

hypothesis that subjects were scrutinizing retrieved details more carefully in Experiment 

2 vs. Experiment 1. 
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TABLES 

 

Supplemental Table 1 

 

Experiment 1: Study phase percent correct classification results, 1000 voxels 

Subject Percent Correct P Value 

1 84.96 < 0.0001 

2 78.75 < 0.0001 

3 56.43 < 0.0001 

4 57.07 < 0.0001 

5 79.69 < 0.0001 

6 88.74 < 0.0001 

7 92.99 < 0.0001 

8 83.79 < 0.0001 

9 84.70 < 0.0001 

10 88.73 < 0.0001 

11 74.62 < 0.0001 

 

Experiment 2: Study phase percent correct classification results, 1000 voxels 

Subject Percent Correct P Value 

1 80.01 < 0.0001 

2 77.17 < 0.0001 

3 85.37 < 0.0001 



McDuff, Frankel, and Norman Supplemental Materials 32 

4 64.17 < 0.0001 

5 75.52 < 0.0001 

6 78.03 < 0.0001 

7 78.30 < 0.0001 

8 50.50 < 0.0001 

9 72.02 < 0.0001 

10 81.00 < 0.0001 

11 84.59 < 0.0001 

12 60.31 < 0.0001 
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Supplemental Table 2 

 

Voxel clusters differentially activated by the encoding tasks, as identified by the study-

phase group GLM analysis (using data from Experiment 1 and Experiment 2) 

Study 

Task 

L P I Volume # Voxels Direction of 

Activation 

Change 

Area 

Artist 31 

-27 

32 

-49 

-3 

-88 

-91 

-62 

-5 

1 

-4 

-10 

-26 

47 

60 

2160 

1836 

810 

729 

513 

80 

68 

30 

27 

19 

- 

- 

- 

- 

- 

R. Inferior Occipital Gyrus 

L. Inferior Occipital Gyrus 

R. Cerebellum 

L. Precentral Gyrus 

L. Medial Frontal Gyrus 

Function 22 

-10 

-47 

-5 

-45 

49 

-27 

-56 

-48 

-8 

-61 

-68 

49 

28 

9 

-43 

-59 

-69 

-16 

-67 

-77 

-40 

40 

40 

-1 

62 

43 

-15 

36 

-8 

-9 

-6 

0 

3321 

2511 

2430 

1971 

1728 

1323 

1242 

1080 

1053 

648 

648 

123 

93 

90 

73 

64 

49 

46 

40 

39 

24 

24 

- 

+ 

+ 

+ 

- 

- 

- 

+ 

- 

+ 

+ 

R. Precuneus 

L. Superior Frontal Gyrus (BA 8) 

L. Inferior Frontal Gyrus 

L. Superior Frontal Gyrus (BA 6) 

L. Inferior Parietal Lobule 

R. Fusiform Gyrus 

L. Precuneus 

L. Middle Temporal Gyrus (BA 21) 

L. Middle Occipital Gyrus (BA 19) 

L. Lingual Gyrus 

L. Middle Temporal Gyrus (BA 21/22) 
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-32 

-4 

44 

-44 

-52 

-53 

33 

-7 

-86 

49 

-0 

2 

-61 

1 

-84 

17 

0 

-1 

29 

54 

18 

35 

5 

42 

594 

540 

432 

432 

324 

324 

297 

270 

22 

20 

16 

16 

12 

12 

11 

10 

- 

+ 

- 

+ 

+ 

- 

- 

+ 

L. Middle Occipital Gyrus (BA 18) 

L. Anterior Cingulate 

R. Precentral Gyrus 

L. Middle Frontal Gyrus 

L. Superior Temporal Gyrus 

L. Precentral Gyrus 

R. Middle Occipital Gyrus 

L. Cingulate Gyrus 

Read 35 

-36 

24 

-34 

-50 

-11 

-33 

-4 

46 

-9 

-3 

-46 

40 

-76 

-82 

-66 

-58 

0 

52 

-59 

49 

0 

-75 

36 

28 

42 

-8 

-6 

41 

40 

31 

42 

-24 

-2 

29 

-8 

-6 

-5 

25 

8019 

7020 

6129 

4617 

1134 

945 

918 

864 

567 

324 

270 

243 

243 

297 

260 

227 

171 

42 

35 

34 

32 

21 

12 

10 

9 

9 

+ 

+ 

+ 

+ 

+ 

- 

+ 

- 

+ 

- 

- 

- 

+ 

R. Middle Occipital Gyrus 

L. Inferior Occipital Gyrus 

R. Precuneus 

L. Inferior Parietal Lobe 

L. Precentral Gyrus 

L. Superior Frontal Gyrus 

L. Culmen 

L. Anterior Cingulate (BA 10) 

R. Precentral Gyrus 

L. Lingual Gyrus 

L. Anterior Cingulate (BA 32) 

L. Inferior Frontal Gyrus 

R. Middle Frontal Gyrus 
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Supplemental Table 3 

 

Voxel clusters differentially activated by correct vs. incorrect responding to incongruent 

items, as identified by the test-phase group GLM analysis (described in Section 6). 

 

Exp L P I Volume # Voxels Direction of 

Activation 

Change 

Area 

1       (no clusters found) 

2 28 

-31 

-16 

-5 

-14 

-26 

-1 

2 

-18 

162 

108 

81 

6 

4 

3 

+ 

+ 

+ 

R. Lentiform Nucleus 

L. Lentiform Nucleus 

L. Hippocampus 
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Supplemental Table 4 

 

Experiment 1: Mean proportions of trials where subjects responded “yes,” responded 

“no,” or failed to respond in time as a function of trial type (congruent, incongruent, and 

new) and which task was targeted at test 

 

 Yes No Failed to Respond 

Congruent, Artist 

Congruent, Function 

Congruent, Read 

0.83 (0.05) 

0.69 (0.07)     

0.55 (0.08)        

0.07 (0.04)      

0.17 (0.05)          

0.20 (0.04)          

0.11 (0.04) 

0.14 (0.07) 

0.24 (0.07) 

Incongruent, Artist   

Incongruent, Function 

Incongruent, Read          

0.09 (0.03)        

0.07 (0.02)        

0.12 (0.03)        

0.77 (0.05) 

0.81 (0.05)  

0.71 (0.06)      

0.14 (0.05) 

0.12 (0.05) 

0.17 (0.05) 

New, Artist                     

New, Function 

New, Read 

0.03 (0.02)      

0.04 (0.02)  

0.10 (0.03)        

0.88 (0.04) 

0.87 (0.04) 

0.74 (0.06)          

0.10 (0.04) 

0.09 (0.04) 

0.17 (0.04) 

 

Note:  Numbers in parentheses indicate the standard error of the mean. 
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Supplemental Table 5 

 

Experiment 2: Mean proportion of trials where subjects responded “same task”, 

responded “different task”, responded “new”, or failed to respond in time as a function 

of trial type (congruent, incongruent, and new) and which task was targeted at test 

 

 Same Task Different Task New Failed to 

Respond 

Congruent, Artist 

Congruent, Function 

Congruent, Read 

0.68 (0.04) 

0.47 (0.07)    

0.34 (0.06)    

0.06 (0.02)     

0.13 (0.05)       

0.13 (0.05)       

0.02 (0.01) 

0.01 (0.01) 

0.11 (0.06) 

0.25 (0.05) 

0.39 (0.08) 

0.43 (0.08) 

Incongruent, Artist   

Incongruent, Function 

Incongruent, Read          

0.08 (0.02)    

0.07 (0.03)    

0.08 (0.03)    

0.43 (0.06) 

0.52 (0.06)  

0.50 (0.06)     

0.09 (0.02) 

0.09 (0.03) 

0.06 (0.02) 

0.40 (0.08) 

0.33 (0.07) 

0.37 (0.07) 

New, Artist                     

New, Function 

New, Read 

0.01 (0.01)    

0.01 (0.01)  

0.00 (0.00)    

0.07 (0.04) 

0.10 (0.06) 

0.05 (0.03)       

0.60 (0.07) 

0.56 (0.08) 

0.55 (0.08) 

0.31 (0.07) 

0.32 (0.08) 

0.40 (0.08) 

 

Note:  Numbers in parentheses indicate the standard error of the mean. 
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Supplemental Table 6 

 

Experiment 1: Mean proportions of incongruent trials where subjects responded “yes”, 

responded “no”, or failed to respond in time, as a function of the actual task performed 

on the test word at study. 

 

Actual Task Yes No Timeout 

Artist 0.09 (0.03) 0.78 (0.06) 0.13 (0.04) 

Function 0.14 (0.03) 0.70 (0.06) 0.16 (0.05) 

Read 0.05 (0.02) 0.81 (0.06) 0.14 (0.06) 

 

Note:  Numbers in parentheses indicate the standard error of the mean. 
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Supplemental Table 7 

 

Experiment 2: Mean proportions of incongruent trials where subjects responded “same 

task”, responded “different task”, responded “new”, or failed to respond in time, as a 

function of the actual task performed on the test word at study. 

 

Actual Task Same Task Different Task New Timeout 

Artist 0.07 (0.02) 0.59 (0.05) 0.03 (0.01) 0.30 (0.06) 

Function 0.09 (0.03) 0.48 (0.07) 0.06 (0.02) 0.37 (0.08) 

Read 0.06 (0.02) 0.37 (0.07) 0.14 (0.05) 0.43 (0.09) 

 

Note:  Numbers in parentheses indicate the standard error of the mean. 
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Supplemental Table 8 

 

Experiment 1: Mean reaction time in milliseconds, as a function of response (yes, no) and 

trial type (congruent, incongruent, and new) 

          

 Yes No 

Congruent 1367 (42) 1415 (74) 

Incongruent 1564 (49) 1341 (52) 

New 1593 (78) 1190 (53) 

 

Note:  Numbers in parentheses indicate the standard error of the mean. All 11 subjects 

contributed to each cell, except for the new/yes cell (where 9 subjects contributed). 

 

Experiment 2: Mean reaction time in milliseconds, as a function of response (same task, 

different task, new) and trial type (congruent, incongruent, and new) 

          

 Same Task Different Task New 

Congruent 1496 (40) 1549 (38) 1516 (62) 

Incongruent 1579 (55) 1553 (37) 1476 (39) 

New 1116 (395) 1651 (69) 1400 (52) 
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Note:  Numbers in parentheses indicate the standard error of the mean. All 12 subjects 

contributed to each cell, except for the following cells: congruent/new (7 subjects 

contributed), incongruent/new (10 subjects contributed), new/same (3 subjects 

contributed), and new/different (7 subjects contributed). 
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 FIGURE CAPTIONS 

 

Supplemental Figure 1: Plot showing how study-phase classification accuracy (averaged 

across subjects from Experiment 1 and Experiment 2) varied as a function of the number 

of voxels included in the classification analysis. Error bars indicate the SEM (across 

subjects) of the classification accuracy scores. See Section 1 for details of our voxel 

selection procedure, and see Section 2 for details of how we computed study-phase 

classification accuracy. Classification accuracy peaked at 1,000 voxels. Note that, for the 

range of values explored here, classification was well above chance (33%) regardless of 

how many voxels were selected. 

 

Supplemental Figure 2: Event-related averages of targeted-task (TT) and other-task (OT) 

classifier output from Experiment 1, after we factor out “spill-over” of TT activity from 

preceding trials. The plots include data from new-item trials and incongruent trials. To 

ensure that our measure of TT activity (on this trial) was not contaminated by TT activity 

from the preceding trial, these plots only include trials/conditions where the targeted task 

and the other task (on this trial) differed from the targeted task on the preceding trial. The 

left-hand side of the figure shows classifier output for 7 successive scans, starting with 

the scan when the test word was presented.  The right-hand side of the figure shows 

classifier output for 7 successive scans, starting with the scan when the task cue was 

presented (note that, on a given trial, the test word was presented either 2, 3, or 4 time 

points after the task cue). On both the left and the right, the upper graph shows raw 
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classifier outputs, and the lower graph shows TT – OT difference scores. Error bars on 

the lower graphs indicate the SEM (across subjects) of the difference score. Scores 

marked with asterisks are significantly different from zero; one asterisk indicates p < .05; 

two asterisks indicate p < .01.  

 

Supplemental Figure 3: Classifier importance maps, showing which voxels were used by 

the classifier to discriminate between the three tasks. Specifically, the three figures plot 

the average importance of each voxel for each task, where importance is a function of the 

weight connecting the voxel to the task unit, and the average activity of the voxel when 

the task is being performed (see Section 5 for details). Voxels can contribute to detecting 

a task state by having a positive (above-average) activation value for the task and a 

positive weight, or by having a negative (below-average) activation value for the task and 

a negative weight.  Voxels in the former category (positive activation, positive weight) 

were given a positive importance value equal to activation * weight. Voxels in the latter 

category (negative activation, negative weight) were given a negative importance value 

equal to – activation * weight.  The importance maps shown here were created by 

computing individual subject importance maps (for subjects from both Experiment 1 and 

Experiment 2), putting them in Talairach space, applying a 4mm Gaussian blur, and then 

averaging the maps together. Red patches indicate positive importance values and blue 

patches indicate negative importance values. The slices in each diagram (going from left-

to-right and top-to-bottom) correspond to Z = -12, -2, 8, 18, 28, 38, 48, 58, and 68. The 

underlay shows anatomical data from a single subject (subject 8, Experiment 1). 
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Supplemental Figure 4: Analysis of how actual-task activity relates to behavior on 

incongruent trials in Experiment 2. Area under the curve (AUC) scores > .5 indicate that 

AT activity at that time point is associated with increased correct rejections; for further 

explanation of the AUC measure see the main paper (Figure 4).  “All” = version of the 

analysis where we lumped all trials together (regardless of the identity of the actual task) 

– these results were shown in Figure 4 in the main paper.  “AF only” = version of the 

analysis where we computed AUC within the two deep tasks (artist and function) 

separately, and then averaged these results together. Scores marked with asterisks are 

significantly different from chance (.5) at p < .05. 

 

 


