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Abstract

Making predictions about future events relies denpreting streams of information that may
initially appear incomprehensible. This skill ralien extracting regular patterns in space and
time by mere exposure to the environment (i.e. outhexplicit feedback). Yet, we know
little about the functional brain networks that nage this type of statistical learning. Here,
we test whether changes in the processing and ctivitye of functional brain networks due
to training relate to our ability to learn temporagularities. By combining behavioral
training and functional brain connectivity analysiee demonstrate that individuals adapt to
the environment’s statistics as they change ovee from simple repetition to probabilistic
combinations. Further, we show that individual heag of temporal structures relates to
response strategy. Our fMRI results demonstrate l@@ning-dependent changes in fMRI
activation within and functional connectivity bewve brain networks relate to individual
variability in strategy. In particular, extractirige exact sequence statistics (i.e. matching)
relates to changes in brain networks known to belued in memory and stimulus-response
associations, while selecting the most probablearués in a given context (i.e. maximizing)
relates to changes in frontal and striatal netwofkais, our findings provide evidence that
dissociable brain networks mediate individual &pilin learning behaviorally-relevant

statistics.
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statistical learning.



1. Introduction

Successful interactions in a new environment emddrpreting initially incomprehensible
streams of information and making predictions ahgqdoming events. The brain is thought
to succeed in this challenge by finding regulatgyas and meaningful structures that help us
to predict and prepare for future actions. Thidl skithought to rely on our ability to extract
spatial and temporal regularities, often with miairaxplicit feedback (Perruchet and Pacton,
2006; Aslin and Newport, 2012). For example, prasitbehavioral studies have shown that
structured patterns become familiar after simpleosyre to items (shapes, tones or syllables)
that co-occur spatially or follow in a temporal seqce (Saffran et al., 1996; Saffran et al.,
1999; Chun, 2000; Fiser and Aslin, 2002; Turk-Brevet al., 2005).

Functional imaging studies have identified key nagions involved in the learning
of statistical regularities. In particular, strieéad hippocampal regions have been implicated
in the learning of temporal sequences (Rauch £1897; Schendan et al., 2003; Aizenstein
et al., 2004; Gheysen et al., 2011; Rose et al12Bsieh et al., 2014). Further, the medial
temporal cortex has been implicated in learningrobabilistic associations (Turk-Browne et
al., 2010; Schapiro et al., 2012). However, we kitittle about the functional brain networks
and their interactions that mediate statisticainizay.

Recent functional connectivity studies provide aculating evidence for learning-
dependent changes in human brain networks dueatairtg in a range of tasks including
visual perceptual learning (Lewis et al., 2009;®akarre et al., 2012), motor learning (Sun
et al., 2007; Bassett et al., 2011; Ma et al., 20aaditory learning (Ventura-Campos et al.,
2013) and language learning (Veroude et al., 20IMjese studies typically involve
prolonged training with feedback. Here we ask wletmere exposure to streams of
information (i.e. without trial-by-trial feedbackjhanges processing in functional brain

networks that mediate our ability to extract stated regularities.



We combine behavioral measurements and multi-sesitRl (before and after
training) to investigate processing in functionakib networks that mediate statistical
learning of temporal structures. Event structurethe natural environment typically contain
regularities at different scales from simple rejmti to probabilistic combinations. To
investigate the brain networks involved in extnagtsuch structures unencumbered by past
experience, we generated temporal sequences baskthriov models of different orders
(i.e. context lengths of O or 1 previous itenbigure 1). We exposed participants to
sequences of unfamiliar symbols and varied the esaopi structure unbeknownst to the
participants by increasing the context length. @oilitate learning, sequences were first
determined by frequency statistics (i.e. occurrepoabability per symbol), and then by
context-based statistics (i.e. the probability ofjimen symbol appearing depends on the
preceding symbol). Participants performed a preafictask, indicating which symbol they
expected to appear next in the sequence. Folloptagious statistical learning paradigms,
participants were exposed to the sequences witti@tby-trial feedback. We tested for
improvement in the prediction task and fMRI actiwatchanges in functional networks due
to training (i.e. before vs. after training on fuegcy and context-based statistics).

Further, we asked whether learning-dependent clsaimgiinctional brain networks
relate to the participants’ ability to learn temglostructures. Previous work (Shanks et al.,
2002; Erev and Barron, 2005; Lagnado et al., 2006zny et al., 2010; Eckstein et al., 2013;
Acerbi et al., 2014; Murray et al., 2015) has higfled the role of strategies in probabilistic
learning and decision making and suggests thatique\experience shapes the selection of
response strategies (Rieskamp and Otto, 2006; d-efvial., 2014). That is, observers are
shown to match their choices stochastically acogrdo the underlying input statistics or

maximize their reward by selecting the most probasitively rewarded outcomes. Here,



we tested whether learning-dependent changes ictidmal brain networks relate to the
participants’ response strategy when learning feegy and context-based statistics.

Our behavioral results show that individuals adaghe environment’s statistics; that
is they are able to extract predictive structuheg thange over time. Further, we show that
individual learning of structures relates to resggtrategy; that is individuals differed in
their response strategies, favoring probability immézation (i.e. extracting the most probable
outcome in a given context) or matching the examjusnce statistics. We used this
variability in response strategy to interrogate fiMRtivity in functional brain networks. Our
results demonstrate that distinct brain networksliate these two strategies. In particular,
learning-dependent fMRI changes in functional bratworks relate to individual variability
in response strategy: matching relates to fMRNatibn changes in brain networks involved
in memory and stimulus-response associations (@nofuprecuneus, sensorimotor, middle
temporal and the right central executive), whilexmmzing relates to activation changes in
frontal and striatal brain networks (including bdaganglia and the left central executive).
Further, increased functional connectivity due taning between networks involved in
memory and stimulus-response associations relatesatching, while between frontal and
striatal networks relates to maximization. Thust badings provide evidence for distinct
functional brain networks that mediate individudlilidy to extract behaviorally-relevant
statistics in variable environments.

Figurel

2. Material and Methods
2.1 Observers
Twenty-three participants (mean age = 21.8 yeaexewested in multiple scanning and

behavioral training sessions. The data from foutippants were excluded from further



imaging analysis due to excessive head movemesigoal variance. A single run from six
of the remaining nineteen participants was alscoresd due to excessive head movement or
signal variance. All participants were naive to #m of the study, had normal or corrected-
to-normal vision and signed an informed consents Study was conducted in the School of
Psychology, Birmingham and was approved by the é&msity of Birmingham Ethics
Committee.

2.2 Stimuli

Stimuli comprised four symbols chosen from Ndjukfiabary Figure 1a). These symbols
were highly discriminable from each other and wendamiliar to the participants. Each
symbol subtended &.%f visual angle and was presented in black ondzgrey background.
Experiments were controlled using Matlab and thgRsphysics toolbox 3 (Brainard, 1997;
Pelli, 1997). For the behavioral training sessia@tsnuli were presented on a 21-inch CRT
monitor (ViewSonic P225f 1280 x 1024 pixel, 85 Harhe rate) at a distance of 45 cm. For
the pre and post-training fMRI scans, stimuli wpresented using a projector and a mirror
set-up (1280 x 1024 pixel, 60 Hz frame rate) atvig distance of 67.5 cm. The physical
size of the stimuli was adjusted so that angulae svas constant during behavioral and
scanning sessions.

2.3 Sequence design

To generate probabilistic sequences that differedheir structure, we used a temporal
Markov model and manipulated the memory order efdbquence, which we refer to as the
context length. The Markov model consists of aeseof symbols, where the symbol at time
is determined probabilistically by the previolssymbols. We refer to the symbol presented
at timei, s(i), as thetargetand to the precedingtuple of symbols(s(i-1), s(i-2), ..., s(i-k))

as thecontext The value ofK' is the order or level of the sequence:

P (s(i) | s(i-1), s(-2), ... , s(1)) = P (s(i) | 1), s(i-2), ... , S(i-K)), k<i



In our study, we used two levels of memory lendi;k=0,1. The simplesk=0"
order model is a memory-less source. This generatemch time point a symbol according
to symbol probabilityP(s), without taking account of the previously genedadgmbols. The
orderk=1 Markov model generates symkxii) at each time conditional on the previously
generated symbdal(i-1). This introduces a memory in the sequence; thahésprobability of
a particular symbol at timeestrongly depends on the preceding synggpll). Unconditional
symbol probabilities(s(i)) for the cas&=0 are replaced with conditional on&Xs(i)[s(i-1)).

At each time point, the symbol that follows a giveontext is determined
probabilistically, making the Markov sequences ls&stic. The underlying Markov model
can be represented through the associated cordegitional target probabilities. We used 4
symbols that we refer to as stimuli A, B, C andTbe correspondence between stimuli and
symbols was counterbalanced across participants.

For level-0, the Markov model was based on thédadity of symbol occurrence:
one symbol had a high probability of occurrences tow probability, while the remaining
two symbols appeared rarelffigure 1b). For example, the probabilities of occurrence for
the four symbols A, B, C, and D were 0.18, 0.7250and 0.05, respectively. Presentation of
a given symbol was independent of the items thateguwed it. For level-1, the target
depended on the immediately preceding stimufiguf e 1b). Given a context (the last seen
symbol), only one of two targets could follow; dmad a high probability of being presented
and the other a low probability (e.g., 80% vs. 20%)r example, when Symbol A was
presented, only symbols B or C were allowed toofelland B had a higher probability of
occurrence than C.

To test whether participants adapt to changefentémporal structure, we ensured
that the sequences across levels were matcheddpemies other than context-length. That

is, sequences across levels were matched for tderuof symbols presented (i.e. all four



symbols were presented for both level-0 and leveéquences). To ensure that for level-1
participants learned context-target contingencéserahan individual symbols, all symbols
in level-1 were presented with equal frequency (harginal probability of each symbol was
0.25). These constraints resulted in differencasénprobability distributions between level-
0 and level-1. However, we designed the stochasticces from which the sequences were
generated so that the context-conditional uncegtaemained highly similar across levels. In
particular, for the zero-order source, only two bwis were likely to occur most of the time;
the remaining two symbols had very low probabi{f}y05); this was introduced to ensure that
there was no difference in the number of symbokssg@nted across levels. Of the two
dominant symbols, one was more probable (probgb@li72) than the other (probability
0.18). This structure is preserved in Markov chafnorder 1, where conditional on the
previous symbol, only two symbols were allowed ¢dioflv, one with higher probability
(0.80) than the other (0.20). This ensures thasthecture of the generated sequences across
levels differed predominantly in memory order (icantext length) rather than context-
conditional probability.
2.4 Procedure
Participants were initially familiarized with th@sk through a brief practice session (8
minutes) with random sequences (i.e. all four syslaeere presented with equal probability
25% in a random order). Following this, particimatdok part in multiple behavioral training
and fMRI scanning sessions that were conductedftereht days. Participants were trained
with structured sequences and tested with botlttstred and random sequences to ensure
that training was specific to the trained sequences

In the first scanning session, participants weaesgnted with zero- and first-order
sequences and random sequences. Participants lveerérained with zero-order sequences,

and subsequently with first-order sequences. Fah davel, participants completed a



minimum of 3 and a maximum of 5 training sessid@®#0(1400 trials). Training at each level
ended when participants reached plateau performéiree performance did not change
significantly for two sessions). A post-trainingasaing session followed training per level
(i.,e. on the following day after completion of traig) during which participants were
presented with structured sequences determinechéystatistics of the trained level and
random sequences (90 trials each). The mean titeevah (xstandard deviation) between the
pre-training and the post-training test sessiors a6 (+3.3) days.

2.5 Psychophysical training

Each training session comprised five blocks ofcitmed sequences (56 trials per block) and
lasted one hour. To ensure that sequences in dack Wwere representative of the Markov
model order per level, we generated 10,000 Markexyusnces per level comprising 672
stimuli per sequence. We then estimated the Kuthhabler divergence (KL divergence)
between each example sequence and the generaturgesdn particular, for level-0

sequences this was defined as:

KL = Yeargec Q(target) log (8Lersen),
and for level-1 sequences this was defined as:

KL = Y context @ (context) Ztarget Q(taget|context) log (w

P(target|context)”’’

where P( ) refers to probabilities or conditional probabégi derived from the presented
sequences, ang( ) refers to those specified by the source. We sttty sequences with
the lowest KL divergence (i.e. these sequenceshedtclosely the Markov model per level).
The sequences presented to the participants dtirengxperiments were selected randomly
from this sequence set.

For each trial, a sequence of 8-14 stimuli appkarehe center of the screen, one at a
time in a continuous stream, each for 300ms folbwe a central white fixation dot (ISI) for

500ms Figure 1a). This variable trial length ensured that paréeifs maintained attention



during the whole trial. Each block comprised equahber of trials with the same number of
stimuli. The end of each trial was indicated byed dot cue that was presented for 500ms.
Following this, all four symbols were shown in &22Zyrid. The positions of test stimuli were
randomized from trial to trial. Participants wersked to indicate which symbol they
expected to appear following the preceding sequbggaressing a key corresponding to the
location of the predicted symbol. Participants mear a stimulus-key mapping during the
familiarization phase: key ‘8’, ‘9’, ‘5" and ‘6’ irthe number pad corresponded to the four
positions of the test stimuli - upper left, uppight, lower left and lower right, respectively.
After the participant's response, a white circlgp@ared on the selected item for
300ms to indicate the participant’s choice, follow®y a fixation dot for 150ms (ITI) before
the start of the next trial. If no response was enatthin 2s, a null response was recorded
and the next trial started. Participants were giveadback (i.e. score in the form of
Performance Index, see Behavioral analysis) aktiteof each blockrather than per-trial
error feedbackthat motivated them to continue with training.
2.6 Scanning sessions
The pre-training scanning session (Pre) includeduas (i.e. three runs per level) the order
of which was randomized across participants. Scanisiessions after training per level
(denoted as Post-0, Post-1) included nine runsgrattsired sequences determined by the
same statistics as the corresponding trained Bawlrandom sequencésach run comprised
five blocks of structured and five blocks of rand@equences presented in a random
counterbalanced order (2 trials per blocks; a totdlO structured and 10 random trials per
run), with an additional two 16s fixation blocksyenat the beginning and one at the end of
each run. The trial design was adjusted to affomtlefing of fMRI signals within the
scanning timing constraints. In particular, eacal romprised a sequence of 10 stimuli that

were presented for 250ms each, separated by a biterikal during which a white fixation



dot was presented for 250ms. Following the sequyeaceesponse cue (central red dot)
appeared on the screen for 4s before the testagligpbmprising four test stimuli) appeared
for 1.5s. Participants were asked to indicate wliibol they expected to appear following
the preceding sequence by pressing a key corresgpmaol the location of the predicted
symbol. A white fixation was then presented forsblefore the start of the next trial. In
contrast to the training sessions, no feedbackgnas during scanning.
2.7 fMRI data acquisition
The experiments were conducted at the Birminghanvadsity Imaging Centre using a 3T
Philips Achieva MRI scanner. T2*-weighted functibraaad T1-weighted anatomical (175
slices; 1x1x1 mrhresolution) data were collected with a 32-chareeld coil. Echo planar
imaging (EPI) data (gradient echo-pulse sequenaesg acquired from 32 slices (whole
brain coverage; duration=6min; TR=2s; TE=35 msx2.5x4 mni resolution; SENSE).
2.8 Behavioral analysis
2.8.1 Performance index
We assessed participant responses in a probabifistnner. We computed a performance
index per context that quantifies the minimum oagrl(min: minimum) between the
distribution of participant responses and the thistron of presented targets estimated across
56 trials per block by:
Pl(context) = getMin (Pesdtarget|context), R{target|context))

where the sum is over targets from the symbol s&,AC and D.

The overall performance index is then computethasaverage of the performance
indices across contexts, Pl(context), weighted g torresponding stationary context

probabilities:

Pl =) coneaPl(context) - P(context)



To compare across different levels, we defined oamalized Pl measure that
guantifies participant performance relative to @mdguessing. We computed a random
guess baseline; i.e. performance index.pPthat reflects participant responses to targets wit
a) equal probability of 25% for each target pealtfor level-0 (Phng = 0.53); b) equal
probability for each target for a given context fevel-1 (Plang = 0.45). To correct for
differences in random-guess baselines across |avelsubtracted the random guess baseline
from the performance index Bnaizea= Pl — Plang).

2.8.2 Strategy choice and strategy index

To quantify each participant’s strategy, we comgaradividual participant response
distributions (response-based model) to two basehodels: (i) probability matching, where
probabilistic distributions are derived from the ikav models that generated the presented
sequences (Model-matching) and (ii) a probabilitaximization model, where only the
single most likely outcome is allowed for each eomt(Model-maximization). We used
Kullback-Leiber (KL) divergence to compare the @sge distribution to each of these two

models. KL is defined as follows:

KL = Z M (target) log(M(mrget))

R(target)
target

for level-0 model, and

Z M (context) Z M(target|context) log(LLargeticontext)y

R(target|context)
context target

for level-1 model, wherdk( ) and M( ) denote the probability distribution or conditional
probability distribution derived from the human peases and the models (i.e. probability
matching or maximization) respectively, acrosgradl conditions.

We quantified the difference between the KL diegrge from the response-based
model to Model-matching and the KL divergence frthra response-based model to Model-

maximization. We refer to this quantity as strategyice indicated byAKL(Model-



maximization, Model-matching). We computed stratefggice per training block, resulting
in a strategy curve across training for each imtligi participant. We then derived an
individual strategy index by calculating the intaglgof each participant’s strategy curve and
subtracting it from the integral of the exact matghcurve, as defined by Model-matching
across training. We defined the integral curveeddhce (ICD) between individual strategy
and exact matching as the individual strategy indéggative strategy index indicates a
strategy closer to matching, while positive indedicate a strategy closer to maximization.
2.9 fMRI data analysis

2.9.1 Data pre-processing

We pre-processed the fMRI data in Matlab R2013a &RM12 software package

(http://www.fil.ion.ucl.ac.uk/spm/software/spm12fpllowing the pipeline described in

(Taylor et al., 2015). We first processed the Tdighted anatomical images by applying
brain extraction and segmentation. From the segrdenl we created a white matter (WM)
mask and a cerebrospinal fluid (CSF) mask. For 8détl run, we corrected the EPI data for
slice scan timing (i.e. to remove time shifts irceslacquisition) and motion (least squares
correction). We co-registered each run to the Tagenand calculated the mean CSF and
WM signal per volume. We then aligned the T1 imag®&INI space (affine transformation)
and applied the same transformation to the EPL éatally, we resliced the aligned EPI data
to 3 x 3 x 4 mm resolution and applied spatial smoothing with arbisotropic FWHM
Gaussian kernel.

2.9.2 Independent Component Analysis (ICA)

We used group spatial ICA (GICA) (McKeown et aP98; Haberecht et al., 2001; Calhoun
et al., 2009; Calhoun and Adali, 2012) to extra@rtipipant- and session-specific
hemodynamic source locations using the Group ICA RIMToolbox (GIFT)

(http://mialab.mrn.org/software/qift/). Pre-traigirsessions comprised of 3 runs, whereas




post-training sessions comprised of 9 runs. To wactor the difference in number of runs
between sessions, we matched the post-trainingoseass to the pre-training session in
their acquisition order and therefore, we inclutfegimatched 3 runs for subsequent analyses.
Following pre-training processing of each run, wexfgrmed intensity normalization and
dimensionality reduction. We used the Minimum Dggon Length criteria (MDL)
(Rissanen, 1978) to estimate the dimensionality @etérmine the number of independent
components. We used a two-level dimensionality eedn procedure using PCA,; first at the
participant level and then at the group level. TBA estimation was run 20 times and the
component stability was estimated using ICASSO (btirg et al., 2004).

This procedure resulted in 28 independent com@sn&ve generated participant- and
session-specific spatial maps and timecourses &h ecomponent using GICA3 back
reconstruction. Participant spatial maps were patesl and, as intensity normalization was
performed prior to ICA, they represent percent aigochange. For further analysis, we
extracted the timecourse per participant per corapbmand regressed out the six motion
parameters (translation and rotation) as well asntean WM and CSF signal. We then
removed slow drifts by applying linear detrendingtbe regressed timecourse (Van Dijk et
al., 2010).

2.9.3 Component selection

We used a quantitative method, as described ivé8teet al., 2007), to remove components
of non-neuronal originWe first converted each component’s spatial map tomap and
thresholded it at z=1.96 to calculate its spat@ralation with grey matter (GM) and CSF
probabilistic maps (as extracted from the MNI tesg). We rejected any component with a
spatial correlation of £0.025 with CSF or WM and of4R0.025 with GM. To supplement
this method, we visually inspected all rejected ponents to verify that they were not of

neuronal origin. This method resulted in 13 rejgatemponents: 7 components had a high



spatial correlation with CSF, 1 component had & leigrrelation with WM and 5 components
had a low correlation with GM.

We labeled the selected components based on Ispatialation with known resting-
state networks, as the brain’s functional architextt rest has been shown to relate to task-
based networks (Fox and Raichle, 2007; Smith e2809). We correlated the thresholded
spatial maps with network templates (Allen et 2011) and labeled each component based
on its highest correlation value to the networkptates. In further analysis, we used only the
selected components. To further denote the arehsded in each selected component, we
created participant-specific maps per componentwgraging the maps across runs and
sessions per participant. We then generated a graypbased on one sample t-test on the

participant average map (FWER corrected at p<0.00®) visualized the significant clusters

in xjView toolbox (http://www.alivelearn.net/xjviemand labeled them based on their peak
voxels Table 1).
2.9.4 GLM-based analysis
We generated a GLM event-related (epoch) designramé multiple regression analysis on
each component’s timecourse (treated for nuisaacebles: 6-motion, CSF and WM) per
participant per run. The GLM design was composedanofiom and structured trial blocks
convolved with the hemodynamic response functidre dutput of the regression is a sep of
weights (i.e. parameter estimates) for the taskditmms (random, structured sequences);
where the weights represent the degree to which the compdimeacourse is modulated by
each task condition. We then averaged ftheveights of each task condition across runs
resulting in a single value for each condition participant per component per session.

To test whether component activation changeslatioa to individual behavior (i.e.
strategy), we correlated strategy for frequencygll®) and context-based (level-1) statistics

with change of3 weight (i.e. post- minus pre-training) per compuneaeparately for each



task condition (random, structured). We used thbuRbCorrelation Toolbox (Pernet et al.,
2013) and Pearson’s skipped correlation to accémmpotential outliers. We accepted as
significant the correlations where the bootstrapg® confidence interval (Cl) after 1000
permutations doesn’t cross the zero origin.

2.9.5 Functional Network Connectivity (FNC)

To investigate the functional interaction of thewwrks identified in the analysis of temporal
dynamics, we calculated the between network conigcof these components (Jafri et al.,
2008). We defined as FNC the correlation of eaampmnent’s timecourse (after nuisance
regression and detrending) with every other compbt®dimecourse, per participant. We
converted the correlation coefficients to z-sco(Esher z-transform) and averaged the
values across runs for each pair of componentsividgr one connectivity value per
participant per session. We then correlated theagdan average z-score (post- minus pre-
training) with strategy for frequency (level-0) aocontext-based (level-1) statistics using the

Robust Correlation method.

3. Results

3.1 Behavioral performance

Previous studies have compared learning of diftergmatiotemporal contingencies in
separate experiments across different participaotips (Fiser and Aslin, 2002; Fiser and
Aslin, 2005). Here, to investigate whether indiatki extract changes in structure, we
presented the same participants with sequencesclizaiged in structure unbeknownst to
them Eigure 1a). We parameterized sequence structure based omeh®ry-order of the
Markov models used to generate the sequences (3gettat is, the degree to which the
presentation of a symbol depended on the histogrefiously presented symbolSigure

1b). We first presented participants with simple zerder sequences (level-0) followed by



more complex first-order sequences (level-1), aipus work has shown that temporal
dependencies are more difficult to learn as themgth increases (van den Bos and Poletiek,
2008) and training with simple dependencies maylif@e learning of more complex
contingencies (Antoniou et al., 2016). Zero-ordeguences (level-0) were context-less; that
is, the presentation of each symbol depended amlthe probability of occurrence of each
symbol. For first-order sequences (level-1), thespntation of a particular symbol was
conditionally dependent on the previously presesigdbol (i.e. context length of one).

As the sequences we employed were probabiliste, developed a probabilistic
measure to assess participants’ performance ipréddiction task. Specifically, we computed
a performance index (PIl) that indicates how clostlg probability distribution of the
participant responses matched the probability ibigfion of the presented symbols. This is
preferable to a simple measure of accuracy bedhesprobabilistic nature of the sequences
means that the ‘correct’ upcoming symbol is notqueiy specified; thus, designating a
particular choice as correct or incorrect is otieitrary.

Comparing normalized performance (i.e. after s@dding performance based on
random guessing) before and after training perllévigure 2a) showed that participants
improved substantially in learning probabilisticustures (i.e. mean improvement higher
than 20% for all levels). A two-way repeated measukNOVA with Session (Pre, Post) and
Level (level-0, level-1) showed a significant maifiect of Session (F(1,18)=58.7, p<0.001),
but no significant effect of Level (F(1,18)=0.6, ®459) nor a significant interaction
(F(1,18)=0.6, p=0.459), indicating that particimmhproved similarly at both levels through
training. Further, we asked whether these learreffgcts were specific to the trained
structured sequences. We contrasted performansé&ustured vs. random sequences before
and after training sessions. A repeated-measurég3\ANshowed a significant interaction of

Session (Pre, Post) and Sequence type (structuaedom) for level-0 (F(1,18)=20.5,



p<0.001) and level-1 (F(1,18)=58.6, p<0.001), ssfjgg that learning improvement was
specific to the structured sequences.

3.2 Response strategies. matching vs. maximization

Previous work (Shanks et al., 2002; Lagnado e2@D6; Rieskamp and Otto, 2006; Eckstein
et al., 2013; Acerbi et al., 2014; Fulvio et al012; Murray et al., 2015) on probabilistic
learning and decision making has proposed thatvithaals use two possible response
strategies when making a choice: matching vs. mizsithon. Observers have been shown to
either match their choices stochastically accordimghe underlying input statistics or to
maximize their reward by selecting the most probaimsitively rewarded outcomes. In the
context of our task, as the Markov models that geed stimulus sequences were stochastic,
participants needed to learn the probabilities dfeent outcomes to succeed in the
prediction task. It is possible that participansed probability maximization whereby they
always select the most probable outcome in a peaticontext. Alternatively, participants
might learn the relative probabilities of each spin@.g. p(A)=0.18; p(B)=0.72, p(C)=0.05;
p(D)=0.05) and respond so as to reproduce thigildision, a strategy referred to as
probability matching.

To quantify participants’ strategies across tragniwe computed a strategy index that
indicates each participant’'s preference (on a naotis scale) for responding using
probability matching vs. maximizatiorFigure 2b). Figures 2b, 2c indicate variability in
strategy index across participants. Comparing idda strategy across levels showed
significantly higher values for level-1 comparedl¢wel-0 (t(18)=2.2, p=0.04), suggesting
that participants adopted a strategy closer to mization when learning context-based
rather than frequency statistifSigure 2c). Note, that this relationship was not confounded
by differences in performance, as there were naifssggnt correlations (level-0: r=0.34,

p=0.19; level-1: r=0.04, p=0.88) between perforneamdter training and strategy index.



Further, we conducted two additional analysesaatrol for the possibility that the
differences we observed in strategy index betweeal$ may be confounded by differences
in the probability distributions between levelse(i72% vs. 80% probability for the most
frequent target for level-0 vs. level-1) and PrsEiwe observed significantly higher strategy
index for level-1 compared to level-0 (t(18)=2.p$0.042) after scaling the strategy index in
level-0 by 0.8/0.72 (i.e. the ratio of maximum Bt €xact maximization for level-1 vs. level-
0). Second, strategy index remained higher forH&évthan level-0 (1(18)=2.36, p=0.030)
after regressing out the post-training Pl from tegg index per level. Thus, our result
showing higher strategy index for level-1 than le¥as unlikely to be confounded by
differences in Pl or the probability distributiobstween levels.

Finally, participants were exposed to the sequent®ut trial-by-trial feedback, but
were given block feedback about their performarzg tmotivated them to continue with
training. A control experiment during which the f@pants were not given any feedback
showed similar results to our main experiment; thahigher strategy index for level-1 than
level-0, suggesting that differences in the stnatbgtween levels could not be simply
attributed to feedback. Taken together, these teesubgest that participants adopt a strategy
closer to maximization for learning higher—ordeggences (i.e. context-based statistics) than
simple frequency statistics. This is consistenhwpitevious studies showing that participants
adopt a strategy closer to matching when learnisgrgple probabilistic task in the absence
of trial-by-trial feedback (Shanks et al., 2002)owéver, for more complex probabilistic
tasks, participants weight their responses towanés most likely outcome (i.e. adopt a
strategy closer to maximization) after training gbado et al., 2006).

Figure2

3.3fMRI analysis: functional brain networks



To identify functional brain networks that mediata ability to adapt to changes in temporal
statistics, we performed fMRI on participants befand after training on each level with
structured and random sequences. First, we decadptise fMRI timecourse into
functionally connected components (i.e. componectsnprising voxel clusters with
correlated fMRI time course) using ICA and seleatethponents of neuronal origin using a
spatial correlation method with known brain netweo(Rllen et al., 2011)Kigure 3, Table
1). We then tested whether learning-dependent clsamgéVRI activation in these brain
networks relate to individual strategy when leagnfrequency and context-based statistics.
For each component we extracted3 aveight across voxels for structured and random
sequences per session (pre-, post-training). Weelated learning-dependent changes in
fMRI signal (post-pre3 weight) for structured sequences with individuahtegy. Positive
correlations indicate increased activation aftaining that relates to maximization, while
negative correlations indicate increased activatioat relates to matching, as negative
strategy index indicates strategy towards matching.
Figure 3, Tablel

First, we observed significant negative correlaibetween learning-dependent fMRI
changes and strategy index in functional brain ngtss known to be involved in memory
processes and stimulus-response associations rtiouter, for learning frequency statistics
(Figure 4a), we found significant negative correlations ofRMactivation change in the
Precuneus (CP_20, peak activations in bilateratypreus and cingulate; r=-0.70, CI=[-0.88,
-0.48]), the Sensorimotor (CP_6, peak activationBilateral precentral and postcentral gyri;
r=-0.70, CI=[-0.90, -0.42]) and the Right Centraie€utive (CP_17, peak activations in right
inferior parietal and right inferior frontal gyrus+-0.42, CI=[-0.73, -0.07]) networks with
strategy. For learning context-based statistlagure 4b), we found significant negative

correlations of fMRI activation change in the Pmeeus (CP_20; r=-0.37, CI=[-0.68, -0.03])



and the Middle Temporal (CP_26, peak activationsbilateral precuneus and middle
temporal gyrus extending medially into parahippogahtortex; r=-0.44, CI=[-0.74, -0.01])
networks with strategy. These results suggest itftaeased functional activation in these
brain networks after training relates to matchimg texact sequence statistics. This is
consistent with the role of precuneus and cingulateemory retrieval (Wagner et al., 2005;
Cabeza et al., 2008; St. Jacques et al., 201 heirdantext of episodic and working memory
tasks (Nyberg et al.,, 2002). Further, sensorim@mgas have been implicated in the
consolidation of stimulus-response associationsnlynat early stages of motor consolidation
(Muellbacher et al., 2002). Similarly, the Right @@l Executive Network has been
implicated in the initial stages of learning (Segdr al., 2000). Thus, these networks
contribute at the initial training on frequencytstics, while the Middle Temporal network
contributes at later learning of context-basedistte$, as this brain network has been
implicated in episodic memory and mnemonic taskgolining longer memory length
(Nyberg et al., 2002; Vincent et al., 2006; Cabetzal., 2008).
Figure4

In contrast, we observed significant positive clatrens between learning-dependent
fMRI changes and strategy in basal ganglia andLiéfé Central Executive Network. In
particular, for learning frequency statistics, varid a significant positive correlation of
fMRI activation change in the Basal Ganglia Netw¢@¥ 13, peak activation in bilateral
caudate) with strategy (r=0.43, CI=[0.04, 0.78iglre 5a), suggesting involvement of basal
ganglia in learning by maximizing. This is consmgtevith previous work suggesting that
basal ganglia is involved in the consolidation loé stimulus-response mapping (Albouy et
al., 2008; Shohamy et al., 2008) and category legriAshby and Maddox, 2005; Seger and
Cincotta, 2005). In particular, previous work omtans and animals emphasizes the role of

the caudate in switching between strategies (Moettlal., 2001; Cools et al., 2004; Seger



and Cincotta, 2005), and learning after a rule n&le(Cools et al., 2002; Pasupathy and
Miller, 2005). For learning context-based statstiove found a significant positive
correlation of fMRI activation change in the Lefel@ral Executive Network (CP_21, peak
activations in left inferior parietal and left middfrontal gyrus) with strategy (r=0.63,
Cl=[0.29, 0.84]) Figure 5b), suggesting that higher activation after traininghis region
relates to maximization. Executive networks havenbenplicated in holding and updating
task rules (Ridderinkhof et al., 2004; Vincent &t @008; D’Ardenne et al., 2012). In
particular, increased activation in the Left CehEaecutive Network has been shown after
training in the context of category learning (Segeal., 2000). This is consistent with our
behavioral results showing that participants adogtronger maximization strategy during
later training on context-based statistics.
Figure5

Finally, we tested whether our results were specib the learned structured
sequences. We computed fMRI activation for randagusences in brain networks that
showed significant correlations with strategy fdrustured sequences. For frequency
statistics, fMRI activation change in the Precunbletwork showed a significant negative
correlation with strategy (r=-0.53, CI=[-0.81, -0]L For context-based statistics: a)
activation change in the Middle Temporal Network-(:59, CI=[-0.87, -0.14]) and the
Precuneus Network (r=-0.57, CI=[-0.81, -0.25]) skdwa significant negative correlation
with strategy b) activation change in the Left GCahtExecutive Network showed a
significant positive correlation with strategy (16Q, CI=[0.25, 0.79]). To compare
correlations for structured vs. random sequences,sed a Steiger z-score comparison (Lee
and Preacher, 2013), for comparing of dependentledions with a shared variable (i.e.
strategy index). We found significantly higher niégacorrelations for structured vs. random

trials in: a) Precuneus (z=-2.19, p=0.029), b) Ri@éntral Executive (z=-2.43, p=0.015) and



c) Sensorimotor (z=-2.92, p=0.004) Networks. Thessults suggest differences in the
processing of structured vs. random sequences piymahen participants learn by
matching, as this strategy requires learning threciesequence statistics that differ between

these two sequence types.

3.4 Functional Network Connectivity (FNC)

Our analyses so far identified brain networks tehow learning-dependent changes in
functional processing that relate to individuabstgy for learning temporal structure. Next,
we asked whether learning-dependent changes icaheectivity between these networks
relate to individual strategy when learning frequerand context-based statistics. We
calculated pairwise correlations between the sairbnetworks (Precuneus, Sensorimotor,
Right Central Executive, Middle Temporal, Basal Gla) Left Central Executive) that
showed significant correlations with strategy (8e®). We calculated these correlations for
each session (Pre, Post-0, Post-1) and convered tb z-scores (Fisher z). We then
correlated change (post- minus pre-training z-gcareFunctional Network Connectivity
(FNC) with strategy index to assess the relatigngi strategy with changes in between-
network connectivityKigure 6).

For frequency statistics, we found that a) conmigtchange between Left Central
Executive and Middle Temporal network correlatedatevely with strategy (r=-0.62, Cl=[-
0.86, -0.18]), and b) connectivity change betweeactheus and Sensorimotor networks
correlated negatively with strategy (r=-0.62, C0O=88, -0.15]). These results suggest that
increased connectivity between these networks tratining relates to learning by matching
the exact sequence statistics. For context-basgidtits, we found that connectivity change
between Right Central Executive and Basal Gangdtworks correlated positively with

strategy (r=0.55, CI=[0.01, 0.85]), suggesting thatreased connectivity between these



networks with training relates to maximization. $beresults are consistent with previous
work highlighting the role of Central Executive wetks in controlling learning of contextual

and stimulus-response associations (Ridderinkho&let2004; D’Ardenne et al., 2012).

Further, recent neurophysiology findings (Antzootatand Miller, 2014) show enhanced
connectivity between prefrontal cortex and basalgia in the context of category learning,
suggesting that fast learning in the basal ganglgy train slower learning in the frontal

cortex that may facilitate the generalization absitiaction of learned associations.

This functional connectivity analysis is consistesth our previous analyses showing
fronto-striatal networks involved in maximizatidhg strategy for which participants showed
stronger preference when learning context-basetiststa (Figure 2b, 2c). Our results
provide complementary evidence that learning-depenchanges in the connectivity of brain
networks known to be involved in memory and stirstlesponse associations mediate
learning by matching the exact sequence statistibde connectivity changes in frontal and
striatal networks mediate learning by maximizing.(extracting the most probable outcome
in a given context).

Figure 6
4. Discussion
Here, we investigate the functional brain netwotkat mediate our ability to adapt to
changes in the environment's statistics and makedigiions. Our behavioral results
demonstrate that individuals adapt to changesmpaoeal structure and extract the relevant
frequency or context-based statistics for makingdqmtions of upcoming events. Our fMRI
results provide evidence for dissociated functidsrain networks that mediate our ability to
extract behaviorally-relevant statistics.

Our modeling approach allows us to track partisipapredictions and their strategies

during training. We demonstrate that learning preek structures relates to individual



variability in response strategies: that is indiats favored either probability maximization
(i.e. extracting the most probable outcome in &gigontext) or matching the exact sequence
statistics. Previous behavioral studies have redardividual variability in response strategy
in the context of probabilistic learning tasks augjgested that strategies change during the
course of training with feedback (Gluck et al., 20&hanks et al., 2002; Lagnado et al.,
2006). Here we show that response strategy retatsgquence structure; that is, learning
context-based statistics relates to stronger mastian than learning simple frequency
statistics. Further, we provide evidence that thesgponse strategies engage distinct
functional brain networks: matching relates to dem in fMRI activation within and
functional connectivity between brain networks ilweal in memory and stimulus-response
associations, while maximizing relates to changdsontal and striatal brain networks.

Previous studies have implicated these brain métsvo reinforcement learning (e.qg.
for reviews (Robbins, 2007; Balleine and O'Dohef10)). Previous brain imaging and
neurophysiology studies have demonstrated learpgndent changes in functional brain
connectivity in a range of tasks: visual percepteatning (Lewis et al., 2009; Baldassarre et
al., 2012), category learning (Antzoulatos and &4jl2014), motor learning (Sun et al., 2007;
Bassett et al., 2011; Ma et al., 2011), auditogriang (Ventura-Campos et al., 2013) and
language learning (Veroude et al., 2010). Howewmst of this work has focused on reward-
based learning that involves training with triaHoial feedback. Here, we show that learning
temporal statistics may proceed without explicitaltby-trial feedback and involve
interactions between brain networks similar to éhkisown to support reward-based learning
(Alexander et al., 1986; Lawrence et al., 1998).

Finally, we considered whether the learning weeoled occurred in an incidental
manner or involved explicit knowledge of the ungierd sequence structure. Previous studies

have suggested that learning of regularities maguioémplicitly in a range of tasks:



visuomotor sequence learning (Nissen and Bullerd®87; Seger, 1994; Schwarb and
Schumacher, 2012), artificial grammar learning @eth967), probabilistic category learning
(Knowlton et al., 1994) and contextual cue learni@9un and Jiang, 1998). This work has
focused on implicit measures of sequence learmsingh as familiarity judgments or reaction
times. In contrast, our paradigm allows us to diyetest whether exposure to temporal
sequences facilitates the observers’ ability tolieitly predict the identity of the next

stimulus in a sequence. Although, our experiment@dign makes it unlikely that the
participants memorized specific stimulus positiamsthe full sequences, debriefing the
participants suggests that most extracted some fighability symbols or context-target
combinations. Thus, it is possible that prolongegosure to probabilistic structures (i.e.
multiple sessions in contrast to single exposussieas typically used in statistical learning
studies) in combination with prediction judgmeniBale et al., 2012) may evoke some
explicit knowledge of temporal structures, in castrto implicit measures of anticipation

typically used in statistical learning studies.

5. Conclusions

Our findings provide evidence that functional brammnectivity changes with learning in
dissociable networks to support our ability to agtrbehaviorally-relevant statistics. This
network connectivity relates to individual responsgategies when learning temporal
structures. Our paradigm tested learning of strestihat increased in context-length over
time; thus, it does not allow us to dissociatereay time course from changes in sequence
structure over time. In future work, it would bedresting to investigate the time course of
learning temporal statistics using dynamic connégtianalysis that allows us to track

changes in brain connectivity over time.
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Figures

Figure 1. Trial and sequence design. (a) The trial design: 8-14 symbols were presented
sequentially followed by a cue and the test disply Sequence design: Markov models of
the two context-length levels. For the zero-ordedsal (level-0): different states (A, B, C, D)
are assigned to four symbols with different probds. For the first-order model (level-1),
diagrams indicate states (circles) and conditipmababilities (solid arrow: high probability;
dashed arrow: low probability). Transitional prolb#ibs are shown in a four-by-four (level-
1) conditional probability matrix, where rows indte temporal context and columns the

corresponding target.

Figure 2: Behavioral performance. (a) Mean normalized performance index (PIl) across
participants per level during pre-training (greyrd)aand post-training (black bars) test
sessions. Error bars indicate standard error ofrtéan. (b) Strategy index boxplots for level-
0 and level-1 indicate individual variability. Theper and lower error bars display the
minimum and maximum data values and the centraé®agpresent the interquartile range
(25th to 75th percentiles). The thick line in thenttal boxes represents the median. (c)

Scatterplot of strategy index for level-0 agairisategy index for level-1.

Figure 3: Spatial maps of ICA task-related components. 15 task-related components are
shown organized into known functional groups (Allenh al., 2011). Spatial maps are
thresholdedit p<0.005 (FWER corrected) and displayed in negiobl convention (left is

left) on the MNI template. The x,y,z coordinates pemponent denote the location of the

sagittal, coronal and axial slices, respectively.

Figure 4: ICA components related to matching strategy. Average spatial maps showing

significant negative correlation of BOLD change gpominus pre-training) with strategy



index for (a) learning frequency statistics: Presug) Sensorimotor and Right Central
Executive. (b) learning context-based statistiaecineus and Middle Temporal. Spatial
maps are averaged across sessions, thresholde®.80p (FWER corrected) and displayed
in neurological convention (left is left) on the Mdmplate. Open circles in the correlation

plots denote outliers.

Figure 5. ICA components related to maximization strategy. Average spatial maps
showing significant positive correlation of BOLD arige (post- minus pre-training) with
strategy index for: (a) learning frequency statstBasal Ganglia. (b) learning context-based
statistics: Left Central Executive. Spatial maps averaged across sessions, thresholded at
p<0.005 (FWER corrected) and displayed in neurclgtonvention (left is left) on the MNI

template.

Figure 6: Functional Network Connectivity (FNC) change related to strategy. Average
correlation matrix of FNC change (post- minus pegning) with strategy index for: (a)
frequency statistics and (b) context-based stesisBlack dots indicate significant positive,
while black diamonds significant negative corr@ati (at 95% bootstrapped confidence
intervals) of FNC change with strategy index. IC#mponents included in this analysis are:
left central executive network (ICEN), right cemtiexecutive network (rCEN), middle

temporal (MT), precuneus (PRCUN), basal ganglia)(B@& sensorimotor (SM).



Tables

Table 1: ICA components. Clusters within the 15 task-related componentsexteacted

from the group maps and are organized into knowrctfanal groups (Allen et al., 2011).

The table shows the number of voxels within eacistel, the x,y,z coordinates of the peak

voxel in MNI space and the t-statistic of the peakel.

Networ k Component Areas voxels  x,y,z(mm) t-value
Inferior Parietal R 387 48,-61,42 23.91
Cerebellum Posterior L 151 -12,-73,-34  18.51
Inferior Frontal Gyrus R 817 45,41,14 16.35
CP 17 Thalamus R 67 9,-22,6 15.95
Putamen R 155 30,14,-6 14.96
Inferior Parietal L 57 -48,-46,50 11.75
Attentional Inferior Parietal L 414 -36,-58,42 16.32
Cerebellum Posterior R 147 21,-67,-34 15.29
CP 21 Middle Frontal Gyrus 658 -45,23,30 15.04
Putamen L 46 -33,-16,-6 14.08
Insula L 25 -27,17,-2 11.76
cp 24 Cingulate Gyrus BL 3742 6,20,38 28.71
Cerebellum Posterior R 23 36,-67,-26 10.32
CP 13 Caudate BL 1548 18,17,2 28.46
| i Putamen BL 1321 -24,2,-6 25.81
Basal Ganglia -, »; Cingulate Gyrus 86 6,-1,46 12.07
Cerebellum Anterior 20 -3,-58,-38 11.17
Precuneus BL 819 12,-67,30 21.61
Cingulate BL 251 12,32,18 15.51
CP 20 Superior Frontal Gyrus L 26 -24,41,22 11.86
Inferior Parietal R 20 48,-55,42 10.72
Anterior Cingulate BL 1834 -6,44,10 24.39
Posterior Cingulate BL 121 -3,-46,30 18.83
Cingulate Gyrus 32 -3,-16,38 11.45
Default Mode CP 23 Superior Temporal Gyrus L 68 -48,-58,26 12.18
Cerebellum Posterior R 52 27,-79,-30 11.02
Superior Temporal Gyrus R 26 54,-61,38 10.61
Putamen R 24 30,8,2 10.48
Precuneus BL 1011 6,-61,18 21.88
Middle Temporal Gyrus R 237 45,-64,22 21.75
CP 26 Middle Temporal Gyrus L 233 -48,-67,14 13.61
Postcentral Gyrus R 93 48,8,26 14.71
Superior Temporal Gyrus L 516 -45,-19,6 19.38
Sensorimotor CP 5 Superior Temporal Gyrus R 654 48,-10,6 17.27
Medial Frontal Gyrus 24 -3,-1,62 12.41




Postcentral Gyrus L 448 -42,-28,54 25.15
Precentral Gyrus R 91 57,-13,34 14.48
CP6 Cerebellum Anterior R 72 21,-52,-26 12.48
Postcentral Gyrus R 30 36,-7,62 10.96
Parietal Superior L 20 -21,-61,58 10.03
Paracentral BL 1653 21,-31,66 24.7
CP 10 Cerebellum Anterior 125 -6,-46,-18 12.75
Insula L 139 -39,-13,-2 17.42
Supramarginal R 167 57,-28,26 17.17
Insula R 177 42,-10,-6 16.19
CP 19 Supramarginal L 114 -63,-31,22 15.48
Cingulate Gyrus BL 87 12,-34,38 13.3
Precuneus BL 33 -6,-49,58 13.21
Postcentral R 20 21,-46,66 11.2
Middle Temporal Gyrus L 22 -54,-61,6 9.83
cp 7 Lingual Gyrus BL 1197 5,-63,2 31.77
. Cerebellum Declive 47 -3,-73,-26 15.43
Visual o 10 Middle Occipital Gyrus BL 1730 308518 22.85
Posterior Cingulate BL 107 1,-31,26 15.94
Cerebellum Anterior Lobe 3013 30,-58,-34 36.86
Cerebellum — CP 16 Precuneus BL 30 3,-58,38 10.51
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Figure 3
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Figure 4
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Figure 5

a. Frequency statistics
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Figure 6
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Highlights
» Learning temporal structure without feedback alters functional brain networks
* Functional brain connectivity relates to individual strategies for learning

» Dissociable functional brain networks mediate learning of predictive statistics



