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growing number of) higher order probabilities. Hidden
Markov models (HMMs, e.g., Rabiner, 1989) deal with the
combinatorial explosion by factoring the joint probability
density into smaller, more manageable pieces using condi-
tional independence assumptions. When these assump-
tions are met, HMMs have been applied successfully in
eye movement data analysis (e.g., Cagli, Coraggio,
Napoletano, & Boccignone, 2008; Salvucci & Anderson,
2001; Simola et al., 2008; van der Lans, Pieters, & Wedel,
2008) and active computer vision (e.g., Rimey & Brown,
1991). The factorization is formalized in a graphical model
whose parameters are then estimated from data via
sophisticated algorithms such as Markov chain Monte
Carlo (e.g., Scott, 2002; van der Lans et al., 2008). This
makes the development of an HMM a slow and laborious
process that requires domain knowledge and considerable
expertise. This method seems ill suited for exploratory
data analysis in domains where the underlying factoriza-
tion is not known.

The present article pioneers the use of reinforcement
learning algorithms to capture temporally extended sequen-
tial information in eye movement protocols. We present a
novel application of a temporal-difference learning algo-
rithm (Sutton, 1988; Sutton & Barto, 1998) to construct a
successor representation (SR; Dayan, 1993; White, 1995)
of an eye movement sequence that keeps the simplicity
of the fixed-size transition matrix and extends the event
horizon. The key idea is that upon observing a transition
from one AOI to another, instead of simply updating the
transition probability from the first to the second AOI,
we associate the first AOI with the second AOI and all
expected subsequent AOIs based on prior visits to the

second AOI. This is equivalent to learning to predict future
scanpaths based on past scanpaths. After traversing the
entire fixation sequence for a trial, the resulting SR can be
conceptualized as having extracted the statistical regular-
ities in temporally extended scanpaths, collapsing the
information into a fixed-size matrix. Specifically, an SR
matrix contains, for each AOI, the temporally discounted
number of expected future fixations to all AOIs (Dayan,
1993). Given their uniform size, the SR matrices from
different observers and/or trials can be analyzed using
standard statistical methods to identify significant regular-
ities for various comparisons of interest. The new method
is very well suited for exploratory data analysis.

To demonstrate the effectiveness of the scanpath SR as
an exploratory tool, we apply this method to discern
individual differences in problem solving strategies on a
benchmark test of fluid intellectual ability, Raven’s
Advanced Progressive Matrices (APM; Raven, Raven, &
Court, 1998). The Raven APM is a geometric analogy test
with excellent psychometric properties (Brouwers, Van de
Viver, & Van Hemert, 2009) that has, for 70 years, been a
popular and trusted instrument in clinical (e.g., Soulieres
et al., 2009), developmental (e.g., Eslinger et al., 2009), and
cognitive (e.g., Gray, Chabris, & Braver, 2003) psychol-
ogy. As we report in the Results and discussion section
below, the SR analysis allows us to predict individual
Raven scores with unprecedented precision from the eye
movement data. In the process, the scanpath SR also yields
new theoretical insights about Raven problem solving
strategies.

We can evaluate scanning patterns to predict Raven
scores because both measures correlate with a third, hidden

Figure 1. Example of the Raven problem format and trial sequence. (Left) The problem matrix and the 8 response alternatives are shown
with solid lines. The height of the rectangular box around the matrix subtended 9 degrees of visual angle. Eye fixations were assigned to
10 areas of interest (AOIs) as indicated by dotted lines: nine for the matrix cells (top row = 1–3, middle = 4–6, bottom = 7–9) and one for
the entire response area. (Right) Each trial had three phases: fixation, solution, and response. Participants fixated for 1 s. Eye movements
and verbal protocols were collected during the solution phase. Moving the mouse cursor out of the fixation box triggered the response
phase, during which the problem matrix was masked and the participant clicked on their chosen answer. The intertrial interval (ITI) was
200 ms. (This problem was generated by the authors to protect the security of the standardized test.)
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the association between 1 and 2. After traversing the
whole scanpath, the estimated SR matrix approximates the
ideal SR matrix, which contains the temporally discounted
number of expected future fixations on all AOIs (rows),
given the participant just fixated on any individual AOI
(column). Note that the entries in the SR matrix are not
probabilities. They are (discounted, expected) numbers of
visits, and thus, the sum across each column of the ideal
SR matrix equals

1 þ + þ +2 þ I ¼ 1

1j +
Q 1: ð2Þ

Appendix A provides additional technical details.
To summarize, given parameters ! and + , the algorithm

produced one 10 � 10 SR matrix per participant per trial.
Averaging across the 28 trials for each participant, we
were left with 35 individual matrices. Each matrix
summarized the eye fixation patterns of the corresponding
participant. To reduce the dimensionality of the space, we
performed a principal component analysis (PCA; Everitt
& Dunn, 2001) of the successor representations. Each SR
matrix was reshaped to a vector of 100 features. The whole
data set occupied a matrix of size 35 � 100. Following
standard PCA practice, we rescaled each feature (column)
so that it had zero mean and unit variance across the
35 participants. The first 20 principal components retained
over 90% of the variance in the SR data. Conceptually,
these components represent dimensions of individual differ-
ences in fixation patterns. They are expressed mathemati-
cally as orthogonal basis vectors in the 100-dimensional SR
space. Each participant was characterized by 20 projections
onto this rotated basis.

Finally, the cumulative Raven score (i.e., the number of
correct responses) of each participant was introduced as the
target variable of a hierarchical linear regression analysis.
The SR projections entered as predictor variables.

We also compared the novel SR method to several
regression models with traditional predictors based on AOI
dwell times. Following Vigneau et al. (2006), we explored
the following variables: proportional time on matrix
(PTM = the dwell time on the matrix area divided by the
overall latency), latency to first toggle (FT = the time
stamp of the first saccade to the response area), overall
latency on easy items (LEz), the number of toggles on
easy items (NT), the toggle rate on easy items (TR = NT
divided by item latency), and matrix time distribution
index (MTDI = the proportional dwell time on cells 1, 2,
4, and 6 minus the proportional dwell time on cells 3, 6, 7,
8, and 9). An item was defined as “easy” if at least 80% of
the participants answered it correctly (Vigneau et al.,
2006). The first 5 items in each of our test sets met this
criterion in our data. PTM, FT, and MTDI were averaged
across all 28 items and LEz, NT, and TR across the
10 easy items. Thus, each participant was characterized by
6 measures, which were then used to predict their Raven
score.

Results and discussion

The Raven scores varied between 12 and 27 across the
35 participants (M = 21.9, SD = 3.7).2 We performed a
hierarchical linear regression to assess how much of this
variance can be explained on the basis of the SR principal
component projections. Two of the projections correlated
very strongly with the scores, whereas the third best
predictor was insignificant. Therefore, we used two
predictors in all regressions. We implemented a two-tier
algorithm to maximize the fit to the Raven scores. In the
inner loop, it calculated the SR matrices for given
parameters ! and + (Equation 1), then calculated the first
20 principal components and the corresponding projec-
tions for each participant, picked the two projections that
correlated most strongly with the scores, and constructed
a linear regression model with these two predictors. In the
outer loop, a Nelder–Mead optimization routine searched for
! and + that maximized the multiple regression coefficient
of the inner loop model. The best fit (R2 = 0.56) was
achieved with learning rate !* = 0.233 and discount factor
+* = 0.255. Figure 2d reports this optimal model. To our
knowledge, this is the most accurate prediction of Raven
scores based on eye-tracking data reported to date.

In addition to providing an accurate prediction of Raven
scores, the two scanpath SR principal components selected
for the regression had clear interpretations with respect to
participants’ strategies. Figure 2a shows the first compo-
nent, which accounted for the largest proportion (31%)
of the variance in the scores. It was also the first PCA
component, capturing the strongest individual differences
in eye movement patterns. This component is characterized
by a prominent diagonal “box” structure (Figure 2a). The
3 � 3 red boxes indicate the benefits of systematically
scanning within a given row of the problem matrix as
opposed to haphazard scanning or column-wise scanning.
The positive (red) values “dripping” from each box indicate
systematic integration as participants moved from row to
row.

The second component, which accounted for another
25% of the variance in the scores, is dominated by a solid
blue line across the response area (Figure 2b). We interpret
this solid blue area as an “anti-toggle” component. That is,
participants who made fewer toggles from each cell of the
problem matrix to the response area achieved higher
scores than participants who toggled more frequently.

Figure 3 illustrates these two strategies on synthetic data.
We generated 28 sequences according to the systematic
strategy. Each sequence began with 50 fixations within the
3 AOIs on the first row, followed by 50 fixations within
the second row, 50 fixations within the third row, and a few
fixations to and from the response area. Figure 3a plots one
of those sequences. We calculated 28 SR matrices from
these sequences using the optimal parameters !* and +*.
Figure 3c plots the average of these matrices. It represents
a “pseudo-observer” who consistently follows the system-
atic strategy on all trials. The diagonal box structure is
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clearly visible (cf. Figure 2a). Note that the cells along
the main diagonal have positive values even though the
fixation sequences contained no transitions from any AOI
directly back to itself. This illustrates an important differ-
ence between the successor representation and a transition
probability matrix. Despite the absence of immediate
repetitions in the sequence, there are plenty of round-trip
scanpaths, which give rise to the positive SR values along
the diagonal. We also generated 28 sequences of length 150
according to the toggling strategy. They contained multi-
ple transitions to and from the response area (Figure 3b).
The corresponding trial-averaged SR matrix (Figure 3d)
has high values along the bottom and right edges,
corresponding to scanpaths ending in and starting from
R, respectively. Figures 3f and 3g plot the deviations from
the grand mean (Figures 3e). This approximates the PCA
algorithm, which reorganizes the variance of the individ-
ual feature vectors. As our simplified illustration has only
two cases, both patterns merge into a single “pseudo-
component” that merely changes sign. The behavioral data
set contained 35 cases whose SR matrices mixed the
systematic pattern with the toggling pattern (and other
idiosyncratic patterns) in different proportions. The SR
projections quantify the degree to which these two
strategies are expressed in the scanpaths of each individual
participant. The systematic projection was positively
correlated with the Raven scores, whereas the toggling
projection was negatively correlated.

Prior studies have attempted to characterize the con-
structive matching and response elimination strategies
with more traditional dwell time variables. The previous
high-water mark was set by Vigneau et al. (2006), who
reported R2 = 0.51 (corrected down to 0.48) for predicting
Raven scores with a linear combination of the matrix
time distribution index (defined in the Methods section),

the number of toggles on easy items, and the latency on
easy items. When applied to our data, however, these
variables achieved a much lower uncorrected R2 = 0.16
(Table 1). The most that can be achieved with linear
regression on any 3 dwell time predictors on our data is
R2 = 0.21 (Table 1, bottom row).

Apparently, as Vigneau et al. (2006) acknowledge, these
methods of quantifying eye movement data are noisy and
thus susceptible to overfitting. This begs the question of
how well the scanpath SR would perform on new data.
We conducted leave-one-out cross-validation to test the
generalization performance of our method. We partitioned
the data into a training set of 34 participants and a test set
of 1 participant. We ran our two-tier algorithm on the
training set. The parameters ! and + optimized on the
training set were then used to calculate the SR matrix for
the fixation sequences in the test set. Finally, we calculated
the model’s prediction of the test Raven score by multi-
plying the test SR matrix by the weight matrix estimated
from the training set. We repeated this process 35 times,
testing on the data from each participant in turn. This
produced 35 predicted scores, each one based on a model
that had no access to the data that were subsequently used
to test it. The squared correlation between these cross-
validated predictions and the observed scores was Rcv

2 =
0.41. This is a much better estimate of generalization
performance than the goodness-of-fit R2 on the training set
(Haykin, 2009). The latter is inflated because it reflects
not only the genuine regularities in the population, which
will generalize to new cases, but also the idiosyncrasies
of the training sample, which will not. This explains the
drop from R2 = 0.56 to Rcv

2 = 0.41. Note that this still is
very respectable cross-validated performance, which sets
a new benchmark for Raven score prediction. For compar-
ison, the corresponding values for the best model based on

Figure 2. Principal components, weight matrix, and Raven score prediction for the optimal model described in the text. (a) The first
component captures the tendency to scan the problem matrix row by row (as indicated by the 3 � 3 clusters of positive values along the
diagonal), whereas (b) the second component penalizes the tendency to toggle to the response area (as indicated by the negative values
in the last row). The prediction weight matrix (c) is the sum of these two components, scaled by their respective regression coefficients.
The x<axis represents the sender area of interest (AOI) and the y<axis represents the receiver AOI. (d) The predicted versus observed
Raven scores for all 35 participants (R2 = 0.56).
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Figure 3. Synthetic data illustrating the systematic and toggling strategies and their respective successor representations (SRs). Sample
fixation sequences generated according to the (a) systematic and (b) toggling strategies. (c, d) The corresponding SR matrices, each
averaged across 28 replications. The diagonal box structure in (c) reflects the row-by-row scanning pattern in (a), whereas the bottom-
heavy matrix in (d) reflects the toggles to the response area. The matrix in (e) is the mean of (c) and (d). (f, g) The deviations from the
meanVhence, the negative (blue) values. Compare with Figure 2.
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dwell time variables were R2 = 0.21 and Rcv
2 = 0.09

(Table 1). This suggests that the SR algorithm can extract
reliable regularities from the data much better than
traditional dwell time methods. The SR advantage comes
from the sequential information in scanpaths and from the
data-smoothing properties of the temporal-difference
learning algorithm.

The success of the scanpath SR in cross-validated pre-
diction is also a direct result of the stability of the principal
components across folds. The same two componentsV
systematicity and toggleVwere chosen on all 35 cross-
validation folds and were qualitatively indistinguishable
from iteration to iteration. Although it is difficult to
quantify the component overlap across folds because the
two components sometimes switched places, the weight
matrices derived from them can be combined linearly. The
average weight matrix is shown in Figure 4a and is
virtually identical to the weight matrix from the global
model trained on all data (Figure 2c). This suggests that
the components were not driven by outliers and reflect
genuine dimensions of individual differences in scanpath
patterns across the majority of observers. The optimized SR
parameter values were also quite stable across the 35 folds:
mean ! = 0.236 (SD = 0.02), mean + = 0.259 (SD = 0.05).
The stability of the temporal discount factor + suggests that
the scanpath patterns have regularities with a characteristic
time scale.

Finally, we compared the new scanpath SR method to
first- and second-order transition probability matrices
(Table 1). We began by calculating the first-order

transition matrix for each sequence. Averaging across
28 trials produced one 10 � 10 matrix per participant.
After reshaping, the first-order data set occupied a matrix
of the same size (35 � 100) as the SR data set and was
analyzed and cross-validated in the same way. The first
20 principal components retained 89% of the variance in
the first-order data. Hierarchical linear regression with
2 components yielded R2 = 0.29 on the full training set
but did not cross-validate (Rcv

2 = 0.01). Adding variables
to the regression model improved the fit only marginally
(e.g., Rcv

2 = 0.07 with 4 components). This suggests that
first-order transition matrices are too myopic to support
robust prediction of Raven scores. It also demonstrates
that the excellent performance of the SR method cannot
be attributed to the PCA-based dimensionality reduction
algorithm.

Second-order transition probabilities are conditionalized
on the two preceding fixations in the sequence. This calls
for the estimation of a 10 � 10 � 10 matrix per trial.
Given that the median (clipped) sequence length was
only 88, the second-order estimates were extremely
variable even after averaging across the 28 trials. Still, it
was interesting to check whether the PCA algorithm could
identify individual differences among the participants.
After reshaping, the second-order data set occupied a matrix
of size 35 � 1000 and the first 20 principal components
retained 74% of the variance. Hierarchical linear regres-
sion with the second-order projections yielded good fits
to the Raven scores (Table 1). The best generalizability
(Rcv

2 = 0.26) was achieved with 4 predictor variables.
While quite respectable and much better than the Rcv

2

achievable with traditional measures, this falls far short of
the SR-based prediction. Moreover, unlike the SR-based

R2 Rcv
2

Successor representation (with PCA) 0.56 0.41
Variables used by Vigneau et al. (2006)

Proportional time on matrix (PTM) 0.17 0.09
Latency to first toggle (FT) 0.02 0.01
Latency on easy items (LEz) 0.11 0.04
Number of toggles on easy items (NT) 0.01 0.00
Toggle rate on easy items (TR) 0.12 0.04
Matrix time distribution index (MTDI) 0.02 0.01
Vigneau et al.’s model (MTDI + NT + LEz) 0.16 0.03
Best traditional model (PTM + TR + LEz) 0.21 0.09

Transition probability matrices (with PCA)
First-order transitions, 2 components 0.29 0.01
First-order transitions, 4 components 0.51 0.07
Second-order transitions, 2 components 0.42 0.19
Second-order transitions, 4 components 0.57 0.26

Table 1. Goodness-of-fit R2 and leave-one-out cross-validated
Rcv

2 for predicting Raven scores from eye movement data. The top
line reports the performance of the novel method based on
successor representations and principal component analysis
(PCA). It is compared to some prominent dwell time variables from
the literature (Vigneau et al., 2006) and to first- and second-order
transition probability matrices.

Figure 4. Leave-one-out cross-validation results. The average
weight matrix (a) across 35 leave-one-out fits is virtually identical to
the weight matrix produced by the fit to all data at once (Figure 2c).
Each Raven score was predicted by a separate model that had
no access to the data for the respective individual. The squared
correlation between the cross-validated predictions and the
observed scores was Rcv

2 = 0.41.
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