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Abstract  31 

The function of the human hippocampus is normally investigated by experimental manipulation of 32 

discrete events. Less is unknown about what triggers hippocampal activity during more naturalistic, 33 

continuous experience.  We hypothesized that the hippocampus would be sensitive to the 34 

occurrence of event boundaries, i.e. moments in time identified by observers as a transition 35 

between events. To address this, we analysed functional MRI data from two groups: one (N=253, 36 

131 female) who viewed an 8.5min film and another (N=15, 6 female) who viewed a 120min film. 37 

We observed a strong hippocampal response at boundaries defined by independent observers, 38 

which was modulated by boundary salience (the number of observers that identified each 39 

boundary). In the longer film, there were sufficient boundaries to show that this modulation 40 

remained after covarying out a large number of perceptual factors. This hypothesis-driven approach 41 

was complemented by a data-driven approach, in which we identified hippocampal-events as 42 

moments in time with the strongest hippocampal activity: The correspondence between these 43 

hippocampal-events and event boundaries was highly-significant, revealing that the hippocampal 44 

response is not only sensitive, but also specific to event boundaries. We conclude that event 45 

boundaries play a key role in shaping hippocampal activity during encoding of naturalistic events. 46 

Significance statement  47 

Recent years have seen the field of human neuroscience research transitioning from experiments 48 

with simple stimuli to the study of more complex and naturalistic experience. Nonetheless, our 49 

understanding of the function of many brain regions, such as the hippocampus, is based primarily on 50 

the study of brief, discrete events. As a result, we know little of what triggers hippocampal activity in 51 

real-life settings, when we are exposed to a continuous stream of information. When does the 52 

hippocampus “decide” to respond during the encoding of naturalistic experience? We reveal here 53 

that hippocampal activity measured by fMRI during film-watching is both sensitive and specific to 54 
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event boundaries, identifying a potential mechanism whereby event boundaries shape experience 55 

by modulation of hippocampal activity. 56 

Introduction 57 

The hippocampus is, perhaps, one of the most widely-studied regions in the human brain, and 58 

research has suggested that it has many roles. The role revealed by each study depends on the 59 

specific experimental design and comparison of interest. For example, one set of studies may find 60 

the hippocampus responds more strongly to subsequently-remembered than subsequently-61 

forgotten events (Wagner et al., 1998; Kim, 2011), while others find it responds more strongly to 62 

novel events than previously-encountered events (Tulving et al., 1996; Kumaran and Maguire, 2009). 63 

The strength of these experiments lies in their ability to probe a specific dimension, comparing the 64 

hippocampal response to events in two conditions. Yet real life provides us with a continuous stream 65 

of complex information – what is an “event” in this context? In other words, what triggers 66 

hippocampal activity in naturalistic settings, when we do not present the hippocampus with 67 

discretised events? 68 

 69 

According to Event Segmentation Theory (Zacks et al., 2007; Kurby and Zacks, 2008), we naturally 70 

segment continuous experience into events, and this segmentation is driven by moments in time 71 

when prediction of the immediate future fails (event boundaries). Segmentation affects not only our 72 

perception of the experience, but its subsequent organisation in long-term memory (Kurby and 73 

Zacks, 2008; Radvansky, 2012; Sargent et al., 2013), such that elements within an event are bound 74 

together more cohesively than elements across events (Ezzyat and Davachi, 2011; DuBrow and 75 

Davachi, 2013). A natural candidate for mediating the effects of event boundaries on memory is the 76 

hippocampus, given multiple findings which, taken together, suggest a general sensitivity to 77 

prediction error (e.g., Strange and Dolan, 2001; Köhler et al., 2005; Kumaran and Maguire, 2006; 78 

Axmacher et al., 2010; Chen et al., 2011), combined with its well-established role in episodic 79 
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memory formation (Squire, 1992). Thus during naturalistic experience, event boundaries may be 80 

expected to be a particularly strong driver of hippocampal activity (though see Schapiro et al., 2016), 81 

potentially registering the preceding event to long-term memory as a bound representation (Ben-82 

Yakov and Dudai, 2011; Richmond and Zacks, 2017). 83 

 84 

This hypothesis gains further support from studies that have found increased hippocampal activity at 85 

the offset of discrete film clips (Ben-Yakov and Dudai, 2011; Ben-Yakov et al., 2013, 2014) or 86 

following a context switch (DuBrow and Davachi, 2016), and have related this activity to subsequent 87 

memory. However, the stimuli in these studies were clearly dissociated from one another, with 88 

boundaries imposed by the experimenter. It is unknown whether the hippocampus responds to 89 

subjective event boundaries during continuous, more naturalistic experience. Baldassano et al. 90 

(2017) analysed data from a full-length film and found: i) increased hippocampal responses 91 

coinciding with shifts in cortical activity patterns, and ii) a coincidence (35-40% match) of pattern 92 

shifts and annotated event boundaries. While these findings hint at a potential link between 93 

hippocampal activity and event boundaries, this study did not test a direct link, nor the potentially 94 

confounding effects of perceptual change.  95 

 96 

Here we examined the direct relationship between hippocampal activity and boundaries, and how 97 

that activity is modulated by the proportion of observers indicating a boundary (“boundary 98 

salience”), after adjusting for various perceptual confounds as well as objective shifts in 99 

time/location. Furthermore, even though hippocampal activity may be sensitive to event 100 

boundaries, it may not be specific to boundaries. That is, there may be other time-points with high 101 

hippocampal activity that do not correspond to event boundaries. By defining peaks in hippocampal 102 

activity during continuous stimuli, we were able to characterise the specificity of the hippocampal 103 

response to event boundaries. Finally, we assessed whether sensitivity to boundary salience was 104 

selective to the hippocampus by exploring an atlas of other brain regions. 105 
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 106 

We addressed these questions by analysing functional magnetic resonance imaging (fMRI) data from 107 

two independent datasets in which participants watched films (Shafto et al., 2014; Hanke et al., 108 

2016). By combining hypothesis-driven and data-driven approaches, we were able to demonstrate 109 

that the hippocampal response is sensitive and specific to event boundaries. 110 

 111 

 112 

Materials and Methods 113 

We analysed data from two datasets with fMRI scanning of participants viewing films – Stage II of 114 

the Cambridge Centre for Ageing and Neuroscience (CamCAN, www.cam-can.org) project (see 115 

Shafto et al., 2014 for more details) and the 3T audiovisual movie dataset of the studyforrest project 116 

(http://studyforrest.org, see Hanke et al., 2016 for more details). 117 

Participants 118 

CamCAN 119 

We used the 253 adults (131 female) who were aged 18-47 (mean age 34.8, SD[standard deviation]= 120 

7.9) from the healthy, population-derived cohort tested in Stage II of the CamCAN project (Shafto et 121 

al., 2014; Taylor et al., 2017). The majority of participants (228) were definitively right-handed 122 

(defined as a handedness measure of >=50 on a scale of -100[Left] to 100[Right]; definitively left-123 

handed were defined as <=-50 and those with a handedness measure of -49-49 were considered 124 

undetermined). All participants were native English speakers. Ethical approval was obtained from 125 

the Cambridgeshire Research Ethics Committee and all participants gave their written informed 126 

consent prior to participation.  127 

studyforrest 128 

The current analysis focused on 15 participants  (mean age 29.4, range 21–39, 6 female) for whom 129 
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functional MRI was collected during film viewing (Hanke et al., 2016; Sengupta et al., 2016). The 130 

participants were all right-handed native German speakers with normal visual function. Ethical 131 

approval was obtained from the Ethics Committee of the Otto-von-Guericke University and all 132 

participants gave informed consent prior to participation. 133 

Experimental Design 134 

CamCAN 135 

Participants viewed an abridged version of Alfred Hitchcock’s black-and-white television drama 136 

“Bang! You’re Dead” (Hasson et al., 2008, 2010), edited from 30 min to 8 min while maintaining the 137 

plot (Shafto et al., 2014). The film was chosen to be compelling but unfamiliar to participants.  138 

studyforrest 139 

Participants viewed the film Forrest Gump (R. Zemeckis, Paramount Pictures, 1994) with German 140 

dubbing. The film was edited to be 2 hours and divided into 8 segments, each approximately 15 min 141 

long, presented in a separate run (Hanke et al., 2016). All participants except one had previously 142 

seen the film (and the additional participant had previously heard an audio-only version). 143 

Film segmentation 144 

We identified the occurrence of event boundaries using subjective annotations, recorded using 145 

PsychoPy v1.85.0 (Peirce, 2007). Sixteen observers viewed each of the films and indicated with a 146 

keypress when they felt ‘one event (meaningful unit) ended and another began’ (based on the event 147 

segmentation approach in Newtson, 1973; Zacks et al., 2010). In terms of granularity of 148 

segmentation (coarse/fine-grained), participants were instructed to segment in the manner that felt 149 

most natural to them. Eight of the sixteen observers watched Forrest Gump with German dubbing 150 

(as in studyforrest) and eight watched the film in English. To account for response time, 0.9s was 151 

subtracted from the logged button presses (calculated based on prior testing to estimate reaction 152 

time). If different observers marked boundaries within one TR (repetition time, TR~2s; see below) of 153 
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one another, these were treated as a single boundary (and the time of the boundary was defined as 154 

the average time identified by the different observers). As events in close proximity (relative to the 155 

sampling resolution) are not properly separable, we ran an additional iteration to combine 156 

boundaries that were less than 2 TRs apart. All boundaries that had been identified by at least two 157 

observers and were within 2 TRs of one another were then replaced by a single boundary (the time 158 

of the boundary was defined as the average of all observers in the two original boundaries and the 159 

number of observers was set to be a summation of the two original ones). The process was run in 160 

two iterations (limiting the second iteration only to boundaries identified by at least two observers), 161 

rather than initially combining all boundaries separated by 2 TRs, as the latter would have resulted in 162 

long chains, such that two boundaries separated by over 12s could end up being averaged together.  163 

Boundaries within 10s of the end of the run were also removed, as they could not be properly 164 

estimated in the single-event analysis. To avoid including spurious boundaries (e.g. due to accidental 165 

button presses), we set a threshold for the number of observers required to identify a boundary in 166 

order for it to be included in the analysis: We estimated the “true” number of boundaries by 167 

averaging the total number of boundaries across observers, and set the threshold to be the one that 168 

yielded the closest number of boundaries to this estimation. In both studies, the optimal threshold 169 

was found to be 5, so only boundaries identified by a minimum of 5 observers were included in the 170 

analysis. In CamCAN, the final set of boundaries consisted of 19 boundaries, separated by 6.5-93.7s 171 

(mean 23.9s, SD=21.8s) and a range of 5-16 observers who identified each boundary (5 observers: 3 172 

boundaries; 6:4; 8:1; 10:2; 12:2; 13:2; 14:2; 15:2; 16:1). In studyforrest, there were 161 boundaries 173 

(12-25 per run), separated by 4.9-167.7s (mean 43.3s, SD=33.6s) and a range of 5-15 observers who 174 

identified each boundary (5 observers: 37 boundaries; 6:26; 7:16; 8:13; 9:15; 10:18; 11:12; 12:9; 175 

13:9; 14:5; 15:1).  The boundaries were divided into three levels of salience (according to the 176 

number of observers that identified the boundary) such that each level contained roughly the same 177 

number of events. In CamCAN, there were 7 low salience events (5-6 observers), 5 medium salience 178 

events (7-12 observers) and 7 high salience events (13-16 observers). In studyforrest, there were 179 
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60/43/54 low/med/high salience events (low=5-6; med=7-9; high=10-16). An advantage of using an 180 

independent set of observers for segmentation is that asking participants to indicate boundaries 181 

while watching a film in the scanner may alter the brain responses, e.g., by making boundaries task-182 

relevant, and no longer corresponding to naturalistic viewing. An alternative would be to ask each 183 

participant to annotate the film again, after having watched it in the scanner, but a concern here, 184 

which is of particular relevance for the hippocampus, is that memory for the film might affect the 185 

decisions about event boundaries. 186 

To determine whether watching Forrest Gump in English or German would affect segmentation, we 187 

ran the procedure described above for identifying boundaries separately for the subgroups that 188 

watched the film in each language. We compared the number of matching boundaries (up to 1 TR 189 

apart) between the two groups (77) to the number of matching boundaries when randomly dividing 190 

the observers into two groups (mean= 78.4). As there was no significant difference between the 191 

groups (46% of random divisions yielded a lower match), we combined the two language groups for 192 

all subsequent analyses. 193 

As familiarity has been shown to affect the exact timing of boundary-related activity (Baldassano et 194 

al., 2017), we assessed the familiarity of our observers relative to the familiarity of the original 195 

participants. While familiarity was not recorded in CamCAN, the film was chosen to be unfamiliar to 196 

participants. Of the 16 observers who segmented the CamCAN film, only one had previously seen 197 

bits and pieces of the film and it was unfamiliar to the rest. Thus both fMRI participants and 198 

observers were generally unfamiliar with the CamCAN film. In studyforrest, the majority of 199 

participants (14/15) had previously seen the film and had varying degrees of familiarity. While we 200 

could not match the exact degree of familiarity, among the observers who segmented the film, the 201 

majority had also previously seen Forrest Gump (13 had seen it, 2 had not and familiarity 202 

information was not collected for an additional observer). Thus both fMRI participants and observers 203 

were generally familiar with the studyforrest film. 204 

 205 
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fMRI Acquisition 206 

CamCAN 207 

Imaging was performed on a 3T Siemens TIM Trio scanner (Siemens Medical Solutions) at the MRC 208 

Cognition and Brain Sciences Unit, employing a 32 channel head coil. High resolution 3D T1-weighted 209 

structural images were acquired using a Magnetization Prepared Rapid Acquisition Gradient-Echo 210 

(MP-RAGE) pulse sequence (1x1x1 mm resolution, TR[repetition time]=2250ms, TE[echo 211 

time]=2.99ms, TI[inversion time]=900ms, flip angle=9°, FOV[field of view]=256x240x192mm, 212 

GRAPPA acceleration factor =2). Functional images were acquired using a multi-echo, T2*-weighted 213 

echo-planar imaging (EPI) sequence (TR =2470ms, TE[five echoes]=[9.4,21.2,33,45,57ms], flip 214 

angle=78°, 32 axial slices with 3.7mm thickness and a 20% gap, FOV=192×192mm, voxel-215 

size=3×3×4.44mm). 216 

studyforrest 217 

Imaging was performed on a 3T Philips Achieva scanner (Philips Medical Systems), employing a 32 218 

channel head coil. High resolution T1-weighted structural images (Hanke et al., 2014) were acquired 219 

using a 3D turbo field echo (TFE) sequence (acquisition voxel size of 0.7 mm with a 384×384 in-plane 220 

reconstruction matrix [0.67 mm isotropic resolution], TR=2500ms, TE=5.7ms, TI=900ms, flip 221 

angle=8°, FOV=191.8×256×256mm, bandwidth 144.4 Hz/px, Sense reduction AP 1.2, RL 2.0). 222 

Functional images (Hanke et al., 2016) were acquired using a gradient-echo, T2*-weighted echo-223 

planar imaging (EPI) sequence (TR =2000ms, TE=30ms, flip angle=90°, 35 axial slices with 3.0mm 224 

thickness and a 10% gap, FOV=240x240mm, voxel-size=3×3×3mm). Slices were automatically 225 

positioned in AC-PC orientation using Philips' ‘SmartExam’ (such that the topmost slice was at the 226 

superior edge of the brain). 227 

Data Preprocessing 228 

Data from both studies were pre-processed using SPM12 (www.fil.ion.ucl.ac.uk/spm), automated 229 

with the Automatic Analysis (AA) 4.2 pipeline system (Cusack et al., 2014, for details on the specific 230 
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analysis used, see Taylor et al., 2017) in MATLAB (v8.5.0 R2015a, The MathWorks). T1 anatomical 231 

images were coregistered to the Montreal Neurological Institute (MNI) template using rigid-body 232 

transformation, bias-corrected, and segmented by tissue class. Diffeomorphic registration was then 233 

applied to the grey matter to create a group template, which was, in turn, affine-transformed to MNI 234 

space. For the CamCAN functional images, the data from the multiple echos were first averaged, 235 

weighted by the contrast-to-noise ratio of each echo for each voxel. For both datasets, the 236 

functional images were corrected for motion and then corrected for slice acquisition times by 237 

interpolating to the middle slice. The images were rigid-body co-registered to the corresponding T1 238 

image and the spatial transformations from that image to MNI space (diffeomorphic+affine) were 239 

applied. Finally, effects of abrupt motion were reduced by applying wavelet-despiking (Patel et al., 240 

2014). In the CamCAN data, two additional steps were performed: anatomical segmentation was 241 

informed by additional T2 images and field maps were used to correct EPI distortions prior to motion 242 

correction (no T2 images or fieldmaps were available for the studyforrest data). High-pass filtering 243 

(cutoff of 256s) was implemented with a cosine basis set as part of the general linear model (GLM) 244 

within SPM12 (for the pattern analyses, the data were filtered first by taking the residuals from a 245 

GLM containing just the cosine terms).  246 

Anatomical Region of Interest (ROI) Definition 247 

The T1 images, after alignment to the group template in MNI space, were averaged separately for 248 

each dataset. Bilateral group-ROIs of the hippocampus were then manually traced using ITK-SNAP 249 

(www.itksnap.org, Yushkevich et al., 2006). As right/left and anterior/posterior hippocampus yielded 250 

similar results in the effects of interest (and did not have an a priori hypothesis regarding such 251 

differences), the analyses were all run on the average across left and right hippocampus. The visual 252 

(‘Visual Cortex V1’), auditory (‘Primary auditory cortex TE1.0+TE1.1’) and angular gyrus ROIs were 253 

defined using the Juelich atlas (Eickhoff et al., 2005). The angular gyrus ROI was defined using the 254 

same ROI as in Baldassano et al. (Baldassano et al., 2017). In order to run the whole-brain analysis 255 
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using with the same mixed-effects models used for the hippocampal analysis, we used an ROI-based 256 

approach  – running the model on all ROIs from the Harvard Oxford Atlas (Desikan et al., 2006). 257 

Angular gyrus (AG) pattern shift analysis  258 

In a recent study, Baldassano and colleagues (Baldassano et al., 2017) used a data-driven approach 259 

for event segmentation of realistic experience. They found that in high-level regions such as the 260 

angular gyrus (AG) and posterior medial cortex, points in time of rapid change in activity patterns 261 

(cortical event boundaries) corresponded to event boundaries as defined by human observers. 262 

Moreover, cortical event boundaries, particularly in the AG, coincided with an increase in 263 

hippocampal univariate activity. Our analysis focused on the AG, using an anatomical ROI from the 264 

Eickhoff atlas (Eickhoff et al., 2005). To test whether AG pattern changes could account for any 265 

hippocampal response to event boundaries in the current studies, we defined AG boundaries 266 

implementing the Hidden Markov Model segmentation from Baldassano et al. (2017), with one 267 

alteration. In the original segmentation procedure, the number of events was estimated in a data-268 

driven manner. In the current studies, this approach did not yield optimal results – in studyforrest 269 

the estimated number of events ranged from 4 to 59 per run (while the actual number of boundaries 270 

ranged from 16 to 25) – so we defined the number of events in each scan according to the number 271 

of event boundaries. We classified the AG pattern shifts according to whether they matched an 272 

event boundary (i.e., occurred up to 2 TRs after) and separately averaged the hippocampal response 273 

around match/non-match AG pattern shifts. In the AG analysis we defined a match as up to 2 TRs 274 

(4.94/4 s in CamCAN/studyforrest), as opposed to 1 TR for the hippocampal analyses, to be 275 

consistent with the original analysis in Baldassano et al. (2017), which defined a match as up to 3 TRs 276 

which equalled 4.5s in their study. The hippocampal response was calculated by z-scoring the entire 277 

time-course for each run of each participant, then averaging over participants, over left/right 278 

hippocampus and over event boundaries. An examination of the original results (Baldassano et al., 279 

2017) reveals that the peak hippocampal response occurred in the first 4-5 s after the AG shift. 280 
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Therefore, we computed the amplitude of the hippocampal response as an average of TRs 0-2 (0-281 

4.94s in CamCAN, 0-4s in studyforrest) relative to the AG shift.  282 

 283 

Statistical Analysis 284 

Assessing significance of response to boundaries 285 

The amplitude of the hippocampal response to event boundaries was measured using a GLM with a 286 

single predictor for all event boundaries (i.e, a stick function at event boundaries, convolved with the 287 

canonical hemodynamic response function [HRF]), together with the high-pass filter regressors as 288 

nuisance predictors. To assess the significance of the hippocampal response to boundaries, we 289 

compared it with the measured response to boundaries in 1000 random permutations of the event 290 

durations (the intervals between consecutive boundaries), and used the ratio of permutations with a 291 

larger response than the intact one (in absolute value for a two-tailed estimation) to derive a p-value 292 

(Figure 1A). A similar approach was used to assess the significance of the hippocampal response at 293 

AG pattern shifts, comparing the amplitude of the response to the amplitude calculated when 294 

permuting events (here defined as the epochs between AG pattern shifts).  295 

 296 

Mixed-effects model 297 

When using films as memoranda, the stimulus-as-fixed-effects fallacy (Clark, 1973; Westfall et al., 298 

2016) becomes more pertinent, as each film has specific characteristics that do no generalise to all 299 

films. We thus used a mixed-model for statistical analysis, incorporating both participants and items 300 

(event boundaries) as random effects (Baayen et al., 2008). We first estimated the hippocampal 301 

response to each participant-by-item in a GLM with a separate predictor for each boundary of each 302 

participant, as well as high-pass filter confound predictors. For the purposes of this analysis, all 303 

boundaries closer than 6s to one another were removed as the responses to events in such close 304 
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proximity cannot be dissociated in a single-trial GLM. This did not change the number of event 305 

boundaries in CamCAN (19), but reduced the number from 161 to 157 in studyforrest. The resulting 306 

betas were then submitted to two linear mixed-models, one with boundary salience as the (fixed) 307 

effect of interest, based on the number of observers who identified the item as a boundary (divided 308 

into three bins of low/medium/high salience with approximately equal numbers of events in each), 309 

and the second with nObservers as the (fixed) effect of interest, (the precise number of observers 310 

who identified the boundary, with no binning). Both models incorporated participant and item as 311 

random effects. We tested a linear dependence between hippocampal activity and 312 

salience/nObservers as we did not have an a-priori reason to expect a non-linear dependence. 313 

However significant results in these models do not necessarily indicate the nature of dependence is 314 

strictly linear. In studyforrest there was an additional fixed effect of run number (for each of the 8 315 

runs). While studyforrest included only right-handed participants and CamCAN included both right 316 

and left handed participants, we did not observe an effect of handedness in CamCAN. We thus 317 

included all participants in the CamCAN analysis, regardless of handedness.  318 

The linear models were then fitted using restricted maximum likelihood with the lme4 (Schielzeth 319 

and Nakagawa, 2013) and lmerTest (Kuznetsova et al., 2017) packages in R (R 3.1.3, R Core Team, 320 

2017, https://www.R-project.org/), with the following formulas (‘: indicates interaction; ‘(1|x)’ 321 

indicates a random effect; ‘salience/nObservers’ means that either salience or nObservers was used 322 

in the model):  323 

CamCAN: ‘betas ~ salience/nObservers +  (1|participant) + (1|event boundary)’ 324 

studyforrest: ‘betas ~ salience/nObservers + runNum + (1|participant) + (1|event boundary)’ 325 

Because event boundaries are typically characterised by various types of visual and auditory change, 326 

we ran a second analysis incorporating multiple predictors estimating the following attributes (a 327 

brief summary is followed by a more detailed description of each predictor, including its correlation 328 

with nObservers): 329 
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(1) isLoc/isTemp: shift in location/time; (2) visDist: visual distance between frames immediately 330 

preceding and frames immediately following a boundary; (3) visCorr: visual correlation between 331 

frames immediately preceding and frames immediately following a boundary; (4) visHistDist: the 332 

distance between the colour histograms of the frames before and after a boundary; (5) lumdist: 333 

difference in overall luminance before and after a boundary; (6) DCNN: the correlation between the 334 

layers of a deep neural net run on the frames before and after a boundary; (7) psdCorr: correlation 335 

of the power spectral density (PSD) before and after a boundary as a measure of auditory similarity; 336 

(8) psdDist: the distance of the PSD across a boundary; (9) absVolDist: absolute difference in volume 337 

across a boundary; (10) V1 and A1 betas: average V1/A1 response (across participants) to each 338 

event; (11) isAG: binary predictor indicating whether a boundary coincides with a pattern shift in the 339 

angular gyrus. 340 

1) isLoc/isTemp (change in location/time) – Event boundaries are often characterised by a change in 341 

location, time or both. Due to the sensitivity of the hippocampus to both time and space, we added 342 

predictors to account for these changes. For the CamCAN film, location/temporal changes were 343 

identified by the authors and incorporated into a single predictor, isLocTemp (as the two always 344 

coincided). The correlation of isLocTemp with nObservers was 0.8 (p=4x10-5). The studyforrest 345 

project already includes annotations for every film shot, including the spatial location and indication 346 

of temporal progression relative to the preceding shot (Häusler and Hanke, 2016). These were used 347 

to create separate predictors for change in location (isLoc) or time (isTemp). The correlation of 348 

isLoc/isTemp with nObservers was 0.42/0.47 (p=3.2x10-8/p=5.3x10-10). The correlation between isLoc 349 

and isTemp was 0.81 (p=3.9x10-37). 350 

2) visDist (visual distance) – The visual distance between each pair of frames (up to 1500 frames/1 351 

min apart) was calculated using IMage Euclidean distance (IMED, Wang et al., 2005). This measure 352 

takes into account the similarity not only with the parallel pixel in the second image, but also 353 

similarity with surrounding pixels (weighted by a distance function), and is thus less sensitive to 354 
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small movements between frames. Due to computational memory restrictions, we first resized the 355 

images to 1/8 of the original resolution (resulting in 96x72 pixels for CamCAN frames and 192x82 356 

pixels for studyforrest frames), and then compared each pair of frames with the same parameters 357 

(distance weighting matrix G and width parameter σ) used in Wang et al. (2005), with one exception: 358 

For ease of calculation, only pixels in a 9X9 square around a given pixel were taken into 359 

consideration, as beyond this range the weights in the G matrix were virtually zero. The original 360 

distance measure is for grayscale images, summing the distance of all pixels to calculate the global 361 

image distance. To extend the measure for colour images (in studyforrest), we calculated the 362 

distance for each channel of each pixel separately, then summed over channels and pixels for the 363 

global measure. 364 

After having calculated the visual distance between pairs of frames, the distance across each 365 

boundary was defined as the maximal distance between any frame in the 1s window before the 366 

boundary with any frame in the 1s window following the boundary. The same approach to 367 

calculation visual change across boundaries was applied to all following visual measures. Correlation 368 

with nObservers:   0.31/0.07 (p=0.2/0.38) in CamCAN/studyforrest. 369 

3) visCorr (visual correlation) – The visual correlation between each pair of frames (up to 1500 370 

frames/1 min apart) was calculated using IMage Normalized Cross-Correlation (IMNCC, Nakhmani 371 

and Tannenbaum, 2013). This measure uses a similar approach to IMED for calculating correlations 372 

while taking into account spatial relationships of pixels. When calculating IMNCC we used the same 373 

parameters (G, σ) as for the IMED calculation above. Correlation with nObservers: -0.31/-0.15 374 

(p=0.19/0.05) in CamCAN/studyforrest. 375 

4) visHistDist (visual histogram distance) – In addition to measuring the visual distance between 376 

frames, we measured the visual distance between the histograms of the frames. The rationale for 377 

this is that two frames may be quite distinct in terms of the objects they contain and their spatial 378 

layout, but still depict a similar setting, with similar lighting and colours. To test for such global 379 
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similarity, we calculated the histogram of each frames and computed the Euclidean distance 380 

between the histograms. For RGB frames (studyforrest) we calculated the histogram for each 381 

channel separately, then computed the distance over all bins of the three histograms together. 382 

Correlation with nObservers: 0.3/0.12 (p=0.21/0.12) in CamCAN/studyforrest. 383 

5) lumDist (luminance distance) – In order to detect global lighting changes, we calculated the 384 

difference in global luminance between frames – first calculating the average luminance over all 385 

pixels then taking the absolute difference. Correlation with nObservers: 0.27/-0.02 (p=0.26/0.77) in 386 

CamCAN/studyforrest. 387 

6) DCNN (deep convolutional neural network) – DCNNs are able to extract higher-order information 388 

from images, beyond the low-level perceptual properties, with higher layers corresponding to 389 

higher-order visual regions (Güçlü and van Gerven, 2015). To automatically identify similarities 390 

between frames at multiple levels of visual feature hierarchy, we submitted each frame to AlexNet, 391 

one of the most commonly used DCNNs for image identification (Krizhevsky et al., 2012). We then 392 

correlated the representation of each pair of frames in each layer of the network. Calculation of the 393 

correlation across boundaries was identical to the rest of the visual features, with the exception that 394 

every boundary had 21 correlation values, one for each layer of the network, yielding 21 vectors of 395 

per-boundary correlations. As these vectors were highly correlated, we ran singular value 396 

decomposition (SVD) on the correlation matrix and used the set of first components that explained 397 

90% of the variance in each study (6 in CamCAN and 7 in studyforrest). Correlation with nObservers 398 

ranging -0.53 to 0.45 in CamCAN (p=0.02–0.68) and -0.15 to 0.2 (p=0.01-1) in studyforrest. 399 

7) psdCorr (power spectral density correlation) – To assess the auditory difference across 400 

boundaries, we calculated the power spectral density (PSD) in the 500ms epochs before and after 401 

each boundary, with a cutoff frequency of 5000Hz (when examining the entire audio, over 99% of 402 

the power was below this cutoff). The pre- and post-boundary PSDs were correlated as a measure of 403 

auditory similarity. Correlation with nObservers: -0.27/-0.07 (p=0.26/0.33) in CamCAN/studyforrest. 404 
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8) psdDist (power spectral density distance) – In addition to measuring the audio correlations, we 405 

calculated the Euclidean distance between the PSDs. Correlation with nObservers: 0.24/-0.03 406 

(p=0.33/0.68) in CamCAN/studyforrest. 407 

9) absVolDiff (absolute volume distance) – To detect abrupt volume changes we calculated the 408 

average volume in the 100ms before and after the boundary, taking the absolute difference as the 409 

measure of volume change. Correlation with nObservers: 0.12/-0.01 (p=0.62/0.88) in 410 

CamCAN/studyforrest. 411 

10) V1Betas, A1Betas: To account for additional low-level visual/auditory changes that may not be 412 

captured by the stimulus-defined predictors, we added the per-trial activity in V1 and A1. The per-413 

trial response in these regions was calculated in a single-trial GLM and averaged over participants to 414 

extract the stimulus-driven component of their activity. Correlation of V1Betas with nObservers: 415 

0.56/0.28 (p=0.01/0.0005) in CamCAN/studyforrest and for A1Betas: 0.35/0.25 (p=0.14/0.002). 416 

11) isAG (angular gyrus boundary) – To account for the effect of AG pattern shifts, we classified the 417 

event boundaries according to whether they matched an AG pattern shift (occurred up to 2 TRs 418 

before it) and added this as a binary predictor. Correlation with nObservers: 0.56/0.06 (p=0.01/0.46) 419 

in CamCAN/studyforrest. 420 

Adding all predictors to the model in CamCAN was not possible as we would have 19 predictors for 421 

19 events. We thus ran separate SVDs on the visual, auditory and higher-order visual (CNN) 422 

predictors, taking the two first components in each. The models for the two experiments were then 423 

fit using the following formulas:  424 

CamCAN: ‘betas ~ salience/nObservers + isLocTemp + visComp1 + visComp2 + audComp1 + 425 

audComp2 + DCNN1 + DCNN2 + isAG + (1|participant) + (1|event boundary)’ 426 
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studyforrest: ‘betas ~ salience/nObservers + runNum + isLoc + isTemp + visDist + visCorr + visHistDist 427 

+ lumDiff + DCNN[1…7] + psdCorr + psdDist + absVolDiff + V1Betas + A1Betas + isAG + (1|participant) 428 

+ (1|event boundary)’ 429 

Significance of the predictor of interest (salience/nObservers) was estimated using the anova 430 

function of the lmerTest package (Kuznetsova et al., 2017), with type III error calculation and the 431 

Satterthwaite approximation for degrees of freedom (Satterthwaite, 1941), found to yield optimal p-432 

value estimations for mixed models (Luke, 2017). The effect size (marginal R2) was calculated using 433 

the r.squaredGLMM function of the MuMIn package (Barton 2016, MuMIn: Multi-Model Inference. 434 

R package version 1.15.6, https://CRAN.R-project.org/package=MuMIn; see Nakagawa and 435 

Schielzeth, 2013 for a discussion of this approach). 436 

Plotting 437 

The time-course of the average response to each condition (Figure 1B,C) was calculated using a FIR 438 

analysis of the hippocampal ROI. We extracted and normalised (z-score) the time-course from the 439 

hippocampal ROI, and then interpolated the time-course to be in 1s resolution for both projects. 440 

Event boundaries were binned according to the number of observers who identified them, into 441 

low/medium/high levels of salience (see Film segmentation). We constructed a GLM with a separate 442 

predictor for each condition X time-point in the range [-2…12s] relative to stimulus onset at time 0. 443 

This yielded an estimate of the per-condition response for each participant, which was used for 444 

plotting purposes (Figure1B,C). The hippocampal response plotted against number of observers 445 

(Figure 2) is item-based, with each dot representing the average response to each boundary 446 

(averaged across participants). The FIR analysis is participant-based, while the scatter plot in Figure 2 447 

is item-based. Both types of averaging are used for illustration purposes only (with mixed effects 448 

used for statistical analysis). 449 

Hippocampal data-driven segmentation 450 
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In addition to the hypothesis-driven approach, we defined “hippocampal-events” as the set of 451 

momentary events that, when modelled, minimised the residual error in the hippocampal time-452 

course. The raw hippocampal time-course of each participant (averaged over all voxels in the 453 

hippocampus) was first high-pass filtered and z-scored, then averaged across participants. The 454 

number of hippocampal-events was pre-defined as the number of event boundaries, and we 455 

iteratively chose hippocampal-events until this number was reached (in studyforrest the number of 456 

event boundaries was calculated per-run). Hippocampal-events were chosen in the following 457 

manner, starting with a general linear model, M, that included only a constant predictor and an 458 

empty list of hippocampal-events: 459 

1) Run over all TRs that have not yet been added to the model. 460 

2) For each TR – create a temporary model Mtemp by adding a predictor with a stick function at that 461 

TR, convolved with the canonical HRF, and calculate the residual sum of squares (RSS) of this model. 462 

3) Choose the TR (model) that most reduces the RSS, and define it as a hippocampal-event, adding 463 

its corresponding predictor to M before the next iteration. This was done under two constraints – 464 

the beta value associated with the hippocampal-event is positive, and does not flip the signs of any 465 

beta values of the hippocampal-events defined in previous iterations.  466 

A hippocampal-event (data-driven) was considered to match an event boundary (hypothesis-driven) 467 

if it was up to 1 TR from a boundary. To calculate the significance of the number of matching events, 468 

we compared it to the number of matches when randomly shuffling the subjective events 1000 469 

times (while maintaining the event durations).  470 

 471 

Results 472 

Our main question of interest was whether subjective event boundaries trigger hippocampal activity 473 

during continuous naturalistic experience. This entails estimating both the sensitivity and specificity 474 

of hippocampal activity to event boundaries. Sensitivity was assessed in a hypothesis-driven 475 
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approach, by examining the hippocampal response at event boundaries subjectively-annotated by 476 

independent observers. Specificity was assessed using a data-driven approach, identifying 477 

hippocampal-events based on the amplitude of the hippocampal response and testing the overlap 478 

between these events and subjective boundaries.  479 

The hippocampus is sensitive to event boundaries 480 

In the hypothesis-driven analysis, we defined event boundaries by using a separate group of 16 481 

people who indicated with a keypress when they experienced an event shift while watching each 482 

film (see Methods). We first assessed overall sensitivity to the occurrence of event boundaries by 483 

comparing the estimated response to a boundary to the distribution of estimated responses when 484 

shuffling the events (the durations between boundaries). In CamCAN, this yielded a p-value (two-485 

tailed) of 0.002 and in studyforrest, the estimated response to boundaries in the intact event order 486 

was larger than for any of the random permutations (equivalent to p<0.001, Figure 1A). Having 487 

determined overall sensitivity to boundaries, we set out to determine whether the hippocampal 488 

response was modulated by “boundary salience”, estimated by the number of observers who 489 

marked the boundary.  For illustration purposes, we first plotted the average response to each 490 

boundary (averaged across participants) by the number of observers that identified the boundary. In 491 

both studies we found an overall higher response when a larger number of observers marked a 492 

moment in time as a boundary (Figure 1B,C). To quantify this effect, we ran two mixed-effects 493 

models. Since we did not necessarily anticipate a linear correspondence between the precise 494 

number of observers and hippocampal activity, the first model estimated sensitivity to boundary 495 

salience by binning boundaries into low/medium/high salience, approximately equated for the 496 

number of boundaries in each bin. Then in a second model, we then additionally tested whether 497 

there existed a linear relationship between hippocampal activity and the number of observers.  498 

Within each model, salience or nObservers was as the (fixed) effect of interest, and participant and 499 

event boundaries were random effects, as reported below for each film separately. 500 
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CamCAN 501 

We found an increase in the hippocampal response to a boundary as a function of the boundary 502 

salience (Figure 2A), and the mixed-effects model revealed this modulation was significant 503 

(p=0.0003, F(1,17)=20.12). The effect size was small (R2=0.04), but it is worth noting the model was 504 

run on single trial estimates, and thus effect sizes are expected to be small compared to models 505 

which average over participants or within-condition items. Notably, we observed significant 506 

modulation not only by the coarse measure of boundary salience, but also by the number of 507 

observers who marked each boundary (p=0.0001, F(1,17)=23.7, R2=0.04). 508 

 509 

Because event boundaries are typically characterised by visual and auditory shifts, we fit an 510 

additional model to test whether low-level visual and auditory changes could account for the 511 

hippocampal sensitivity to boundaries. These included various measures of visual and auditory 512 

change across the boundary, such as luminance and sound-level differences, as well as responses 513 

extracted from early visual and auditory cortices (for a full list, see Methods). In addition, we added 514 

predictors to account for two additional hypotheses regarding the trigger for hippocampal 515 

responses. First, a recent study (Baldassano et al., 2017) found increased hippocampal activity 516 

following boundaries defined by cortical pattern shifts, particularly in the angular gyrus (AG). These 517 

cortical pattern changes exhibited a large degree of overlap with subjectively-annotated boundaries, 518 

thus hippocampal sensitivity to event boundaries could arise from AG pattern shifts. To test this, we 519 

added to the model a binary predictor indicating whether an AG boundary occurred in temporal 520 

proximity to each annotated one. Second, we added a predictor of objective shift in time/location 521 

(isLocTemp) to determine whether the sensitivity to boundaries was driven by such changes (see 522 

Methods for definition). When adding all predictors, the effects of boundary salience and 523 

nObservers were no longer significant (p=0.94, F(1,7)=0.007 and p=0.88, F(1,7)=0.02, respectively), 524 

potentially due to the large number of predictors (11) relative to the number of event boundaries 525 

(19). Indeed, when adding each covariate to the model separately, both the effect of salience and 526 
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the effect nObservers remained significant (Table 1). Notably, most event boundaries were 527 

characterised by a change in location such that the predictors for isLocTemp and nObservers were 528 

highly dependent (r=0.8), and their respective contributions could not be properly dissociated. Thus, 529 

we cannot conclude, based on this dataset alone, whether this modulation by boundary salience 530 

may be accounted for by other perceptual factors, particularly spatial/temporal change. 531 

 532 

Studyforrest 533 

In studyforrest we similarly found an increase with boundary salience (Figure 2B, boundary salience: 534 

p=2.2x10-6, F(1,148)=24.3, R2=0.02; nObservers: p=3.6x10-5, F(1,148)=18.2, R2=0.01). Now however, 535 

even when adding all confounds, as well as separate predictors for spatial and temporal changes 536 

(isLoc, isTemp), the boundary effects remained significant (boundary salience: p=0.002, 537 

F(1,129)=9.5; nObservers: p=0.03, F(1,129)=4.9). Notably, the hippocampus also demonstrated 538 

sensitivity to change in location (p=0.003, F(1,148)=8.8) or time (p=0.002, F(1,148)=9.4), but not 539 

when accounting for perceptual confounds, boundary salience or nObservers (minimal p-value in 540 

these tests = 0.18, F(1,147)=1.5). Thus, while changes in location/time modulate hippocampal 541 

activity, this does not seem to account for its sensitivity to boundary salience. Moreover, in neither 542 

study was change in time/location a significant predictor of hippocampal activity after accounting for 543 

salience. 544 

Thus in both studies, we found that the hippocampus is sensitive to boundary salience, and to the 545 

specific number of observers who subjectively reported a shift. Furthermore, in studyforrest, where 546 

there was a sufficient number of event boundaries to assess the relative contribution of potential 547 

additional drivers, we found that the sensitivity to the number of observers could not be explained 548 

by objective measures such as visual/auditory change or by change in location/time. The modulation 549 

of hippocampal response by boundary salience suggests the hippocampus is not only sensitive to the 550 

occurrence of event boundaries, but also to their salience.  551 
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 552 

Both hippocampal activity and AG patterns are driven by event boundaries 553 

Another potential explanation for the increase in hippocampal activity at event boundaries is that 554 

event boundaries elicit cortical pattern shifts, which in turn drive hippocampal activity (Baldassano 555 

et al., 2017). While inclusion of the AG predictor did not account for the sensitivity to boundary 556 

salience in the above analyses, AG pattern shifts could still account for the overall hippocampal 557 

response to boundaries, regardless of their boundary salience. To test this, we divided AG pattern 558 

shifts into those that corresponded with an event boundary (AG-match) and those that did not (AG-559 

non-match), averaging the hippocampal response around each type (Figure 3). We replicated the 560 

finding of Baldassano and colleagues (Baldassano et al., 2017) of an increased hippocampal response 561 

to overall AG pattern shifts (CamCAN: p=0.04, studyforrest: p=p<0.001, higher than all random 562 

permutations). However, this increase was only found for AG pattern shifts that coincided with 563 

event boundaries: For matching shifts (9/19 in CamCAN and 35/161 in studyforrest), there was a 564 

significant increase in hippocampal activity at the shift (CamCAN: p=0.007, studyforrest: p<0.001), 565 

whereas for the non-matching shifts, there was no significant increase in hippocampal activity 566 

(CamCAN: p=0.97, studyforrest: p=0.74). In a direct comparison of match and non-match shifts, the 567 

difference was significant in studyforrest (CamCAN: p=0.08, studyforrest: p<0.001). This suggests 568 

that both AG pattern shifts and increased hippocampal activity are driven by the occurrence of event 569 

boundaries, rather than AG pattern changes and hippocampal activity being directly related. 570 

Selectivity of hippocampal modulation by boundary salience 571 

Our a-priori interest, based on previous studies, was the effect of event boundaries on hippocampal 572 

activity. However, additional regions may show similar modulation by boundary salience, given the 573 

large number of regions that have been reported to respond to event boundaries in general (Zacks 574 

et al., 2001, 2010). We tested this by re-running the above mixed-models on anatomically-defined 575 

regions across the brain taken from the Harvard-Oxford Atlas (Desikan et al., 2006). We averaged 576 
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across left and right homologous regions. Of the 55 homologous regions in the atlas, five showed a 577 

significant modulation by boundary salience (when correcting for multiple comparisons using Holm-578 

Bonferroni) in both experiments (Table 2) – the hippocampus, posterior cingulate cortex (PCC), 579 

precuneus, posterior parahippocampal cortex and lingual gyrus. Of these, the effect remained 580 

significant only in the hippocampus and PCC when adding the perceptual and objective-shift 581 

predictors in studyforrest (with a trend in precuneus, p=0.06). When testing modulation by 582 

nObservers, only hippocampus and PCC were significant in both experiments (Table 2),and the effect 583 

again remained significant in both regions when accounting for the additional covariates. Thus while 584 

several regions demonstrate sensitivity to boundary salience, only in the hippocampus and PCC can 585 

this sensitivity not be accounted for by perceptual confounds or objective shifts in time/location.  586 

 587 

Specificity of hippocampal response to event boundaries 588 

In the data-driven analysis, we set out to reveal whether increased hippocampal activity is specific to 589 

event boundaries. To do so, we defined “hippocampal-events” as points in time that, when modelled 590 

as events, best explained the observed hippocampal response, with the number of hippocampal-591 

events set according to the number of event boundaries. These hippocampal-events were then 592 

compared to the pre-defined boundaries, dividing them into those that matched a pre-defined 593 

boundary (temporal distance of up to 1 TR) versus those that did not (Figure 4). In CamCAN, 11/19 594 

(58%) hippocampal-events matched pre-defined boundaries and in studyforrest 61/161 (38%) 595 

matched. To assess the significance of the match, we compared it to random shuffling of the pre-596 

defined events. This revealed both matches were significantly above chance (CamCAN: p=0.008; 597 

studyforrest: p<0.001, with the largest match occurring in the random shuffling being 36, far lower 598 

than the actual match of 61).   599 

Taken together, these complementary analyses suggest the hippocampus is both sensitive and 600 

specific in its response to the occurrence of event boundaries. Moreover, its response is modulated 601 
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by boundary salience, even after accounting for shifts in time/location and multiple types of 602 

perceptual change. 603 

 604 

 605 

Discussion 606 

We examined the relationship between event boundaries in continuous experience and the brain’s 607 

response measured by fMRI, using films as a proxy for real-life experience. In particular, we 608 

examined the sensitivity, specificity and selectivity of the response of the hippocampus, given extant 609 

but indirect evidence implicating it in processing of event boundaries (Ben-Yakov and Dudai, 2011; 610 

Ben-Yakov et al., 2013; DuBrow and Davachi, 2016; Baldassano et al., 2017). In two distinct films, 611 

subjective event boundaries were defined by independent observers.  612 

Event boundaries were a reliable trigger for an increased hippocampal response. Moreover, the 613 

hippocampal response was sensitive to boundary salience, with the strongest hippocampal response 614 

occurring at boundaries identified by the largest proportion of observers. Interestingly, in the longer 615 

film (studyforrest, which had a sufficient number of events), this sensitivity remained after covarying 616 

a large number of measures of perceptual change at those event boundaries. To address specificity, 617 

we took an alternative, data-driven approach, in which we identified moments in which the 618 

hippocampus exhibited the strongest responses, and tested the correspondence between these 619 

“hippocampal-events” and the subjective event boundaries. In both films, there was a significant 620 

match, reaching 58% in CamCAN. 621 

Our finding that the hippocampus is sensitive to subjective event boundaries complements other 622 

studies that explicitly manipulated boundaries using discrete stimuli, such as film clips (Ben-Yakov 623 

and Dudai, 2011; Ben-Yakov et al., 2014) or sequences of pictures (DuBrow and Davachi, 2014, 2016; 624 

Hsieh et al., 2014) and studies identifying hippocampal sensitivity to spatial boundaries (e.g., Doeller 625 
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et al., 2008; Bird et al., 2010; Gupta et al., 2012; McKenzie and Buzsáki, 2016; Lee et al., 2017). It is 626 

difficult however to determine how much of the hippocampal response in these experiments relates 627 

to perceptual change at discrete points in time, rather than subjective segmentation of continuous 628 

stimulation. Milivojevic et al. (2016) examined hippocampal activity in a continuous film, but focused 629 

on the representation of the events themselves, rather than sensitivity to boundaries. The only prior 630 

study, to our knowledge, that examined hippocampal activity to subjective event boundaries during 631 

continuous films is that by Baldassano et al (2017). These authors found an increase in hippocampal 632 

activity that coincided with shifts in cortical patterns (in angular gyrus). These cortical pattern shifts 633 

also tended to coincide with subjective boundaries, revealing an indirect link between hippocampal 634 

activity and event boundaries in naturalistic experience. Here we provide more direct evidence that 635 

hippocampal activity is driven by subjective event boundaries. Indeed, our data do not support the 636 

alternative interpretation that the hippocampal response is driven by pattern shifts in cortical 637 

regions, because we found an increase in hippocampal activity only at those cortical pattern shifts 638 

that coincided with an annotated boundary, suggesting it is the boundaries, and not the pattern 639 

shifts, that drive hippocampal activity. 640 

Hippocampal activity was not only triggered by a boundary, but was also graded according to the 641 

salience of a boundary, measured by the level of agreement across observers. This sensitivity to 642 

boundary salience did not appear to reflect purely the degree of perceptual change within the film, 643 

given that we covaried out a large number of measures of visual and auditory change, including 644 

responses in early sensory cortices. Adding these as covariates, as well as explicit changes in location 645 

or time, did remove the significant effect of boundary salience in the CamCAN film, but not in the 646 

studyforrest film. Note that we are not claiming that perceptual changes or changes in location/time 647 

do not contribute to hippocampal responses; only that they are insufficient to account for the full 648 

range of hippocampal response to subjective boundaries: The hippocampus responded at some 649 

moments in time not characterised by a large perceptual change, while some salient perceptual 650 

changes went ‘unnoticed’ by the hippocampus if they weren’t experienced as a boundary. We 651 
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discuss below which feature of event boundaries, other than perceptual change, may constitute the 652 

primary driver of the hippocampal response. 653 

Additional regions exhibited sensitivity to boundary saliency – the parahippocampal cortex, lingual 654 

gyrus, posterior cingulate and precuneus. Notably, all of these are known to respond at event 655 

boundaries, and the latter three are modulated by grain of segmentation (Zacks et al., 2006; Speer et 656 

al. 2007; Magliano and Zacks, 2011), which may be linked to boundary salience (coarser boundaries 657 

being more salient). 658 

 659 

Caveats 660 

One caveat with our study is that we cannot tell whether increased boundary salience reflects: 1) 661 

increased strength, such that boundaries perceived as stronger are more likely to be detected by 662 

observers, 2) increased likelihood of identifying a boundary across participants (rather than any 663 

difference in strength within participants), or 3) coarser levels of event segmentation, which are 664 

likely to elicit more agreement. A second caveat is that, while the specificity of the data-driven 665 

hippocampal-events to subjective boundaries was highly significant, the absolute match was less 666 

than half of the studyforrest events (38%). This lower correspondence relative to the CamCAN film 667 

could owe to i) the lower number of participants, rendering peaks in the average hippocampal 668 

response more prone to random noise, and/or ii) a difference in the nature of the films (the 669 

boundaries in studyforrest tended to be less clear-cut due to the narration). An examination of 670 

periods of the film around the occurrence of hippocampal-events that did not coincide with 671 

boundaries did not reveal a clear trigger; investigation of a wider array of films may identify such 672 

additional triggers. 673 

Functional significance 674 
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Two main questions arise as to the nature of hippocampal sensitivity to event boundaries: what 675 

constitutes a boundary for the hippocampus, and what type of hippocampal processing does the 676 

boundary-triggered activity reflect? With regard to what defines a boundary, Event Segmentation 677 

Theory (Zacks et al., 2007) postulates that boundaries correspond to spikes in prediction error. 678 

However, in naturalistic experience, these spikes are typically associated with both increased change 679 

and greater uncertainty, and it is difficult to disentangle these two (Richmond and Zacks, 2017). 680 

Moreover, prediction error can occur for different features of the event (Zwaan et al., 1995; Huff et 681 

al., 2014), such as location, time, action, etc, which may have additive effects on the probability of 682 

event segmentation (Zwaan et al., 1995; Zwaan and Radvansky, 1998; Magliano et al., 2001; Zacks et 683 

al., 2009; Huff et al., 2014). Magliano et al. (2001) found that changes in time or movement, but not 684 

location, were sufficient to induce an event boundary, and Magliano et al. (2011) proposed that 685 

action discontinuity was the primary driver of segmentation. The types of change that induce 686 

segmentation may depend on the nature of the stimulus, and in films specifically, may depend on 687 

the types of continuity editing applied (Magliano and Zacks, 2011; Baker and Levin, 2015). Indeed, 688 

through bespoke editing rules designed to create a sense of continuity, large changes can go 689 

unnoticed (Smith and Henderson, 2008; Smith et al., 2012; Baker and Levin, 2015). Thus, perhaps 690 

hippocampal boundaries are elicited not by the degree of perceptual discontinuity, but by the sense 691 

of conceptual discontinuity that they elicit. For example, a character joining/leaving a conversation 692 

may constitute a boundary, eliciting a hippocampal response despite little perceptual change, 693 

whereas a cut to a visually-distinct frame may elicit no response if it is experienced as part of the 694 

same event. This is supported by a recent study finding that participants segmented videos depicting 695 

the same actions in first and third order perspective similarly, despite low similarity of visual features 696 

across presentation types (Swallow et al., 2018). 697 

The second question pertains to the functional significance of the hippocampal boundary response. 698 

Multiple studies have demonstrated that occurrence of boundaries during encoding shapes the 699 

subsequent organisation of information in long-term memory (e.g. Kurby and Zacks, 2008; 700 
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Radvansky, 2012; Sargent et al., 2013; Heusser et al., 2017). For example, episodic elements 701 

occurring within an event are bound together more strongly than those encountered across events 702 

(Ezzyat and Davachi, 2011; DuBrow and Davachi, 2013). While we did not have measures of memory 703 

performance in the current study, an intriguing possibility is that hippocampal activity during the 704 

event represents the content of that event (Hsieh et al., 2014; Allen et al., 2016; Milivojevic et al., 705 

2016; Terada et al., 2017), and the increased amplitude of that activity at an event boundary reflects 706 

registration to long-term memory of a bound representation of the preceding event (Ben-Yakov and 707 

Dudai, 2011; Richmond and Zacks, 2017). This is supported by previous evidence that the 708 

hippocampus responds more strongly at the offset of (but not during) subsequently remembered 709 

versus subsequently forgotten film clips (Ben-Yakov and Dudai, 2011), combined with the role of the 710 

hippocampus in episodic binding (Staresina and Davachi, 2009). Notably, a parallel is found in 711 

retrieval: the hippocampus is involved in retrieval across event boundaries but not in within-event 712 

retrieval (Swallow et al., 2011). Further research will be required to elucidate the exact nature of the 713 

hippocampal response, specifically whether it signals the context shift itself, thereby leading to 714 

segmentation in long-term memory (Polyn et al., 2009; Dubrow et al., 2017), or drives rapid replay of 715 

the preceding event, creating a cohesive representation (Ben-Yakov and Dudai, 2011; Sols et al., 716 

2017).  717 

In summary, there has been growing interest the neural basis of memory for naturalistic experience. 718 

While less controlled than typical laboratory studies (e.g., in terms of timing), continuous stimuli are 719 

closer to real-life memory. Here we demonstrate that the hippocampus is sensitive and specific to 720 

the occurrence of event boundaries while watching films. Thus the hippocampus appears important 721 

for segmenting continuous experience, most likely in order to transform continuous experience into 722 

representations of discrete events for registration into memory. 723 
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 900 

Figure legends 901 

Figure 1. Hippocampal response to event boundaries. (A) The average amplitude of the canonical 902 

response to an event boundary (brown lines) relative to the distribution of responses when 903 

randomly shuffling event order. Shown for CamCAN (top) and studyforrest (bottom). (B,C) Average 904 

response, across participants, to event boundaries, binned by boundary salience, in CamCAN (B) and 905 

studyforrest (C). The per-participant time-course was calculated using an FIR, and error bars reflect 906 

the standard error of the mean at each time-point. The vertical black line represents the event 907 

boundary.  908 
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Figure 2. Sensitivity of hippocampal response to boundary salience. The average magnitude of the 909 

canonical response to event boundaries (averaged over participants), by the number of observers 910 

that marked them (nObservers). Each dot represents the average response to a single boundary, 911 

while its colour reflects its salience level.  Results are presented for CamCAN (A) and studyforrest (B).  912 

Figure 3. Hippocampal response to AG pattern shifts. The average zscored (zs) hippocampal 913 

response at AG pattern shifts that match/do not match annotated event boundaries. Time zero 914 

(vertical lines) represent the time of the pattern shift, uncorrected for hemodynamic delay. Error 915 

bars represent standard error of the mean (across pattern shifts). Results are shown for CamCAN (A) 916 

and studyforrest (B). 917 

Figure 4. Specificity of hippocampal-events (data-driven) to predefined event boundaries. (A) The 918 

average hippocampal time-course in CamCAN plotted together with the fitted model. The vertical 919 

lines indicate the hippocampal-events estimated from the data – the set of events that minimised 920 

the residual error of the model when fitting to the hippocampal time-course. The model was created 921 

by convolving each of these events with an HRF as a separate predictor, yielding the fitted model 922 

plotted. The hippocampal-events were then divided into those matching a pre-defined boundary (up 923 

to 1 TR from a boundary, in orange, 58% of hippocampal-events) and non-matching ones (grey). (B) 924 

The hippocampal events in each of the 8 runs of studyforrest, divided into matching (38%) and non-925 

matching events. 926 

 927 

Table legends 928 

Table 1. Significance of mixed-effects models when separately accounting for each covariate. The 929 

results of mixed effects models separately accounting for each of the perceptual confounds and the 930 

shifts in time/location. Results are presented both for models with salience as the effect of interest 931 

and for models with nObservers as the effect of interest. All models were fitted using the following 932 

formula template (replacing <covariate> with each of the potential predictors): 933 
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betas ~ <covariate> + salience/nObservers + (1|participant) + (1|event boundary) 934 

Table 2. Regions demonstrating a significant modulation by boundary salience. Regions from the 935 

whole-brain ROI-based analyses that demonstrated a significant modulation by salience (top) or by 936 

nObservers (bottom) in both experiments after correction for multiple comparisons (using Holm-937 

Bonferroni). P-values, F values are presented for the analyses both without covariates (both 938 

experiments) and with (studyforrest only) Effect sizes (R2) were calculated based on the model 939 

including only the boundary effect (salience/nObservers) as a fixed effect. Region names taken from 940 

the HOA atlas. 941 
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Table 1. Significance of mixed-effects models when separately accounting for each covariate 

 Salience nObservers 

Predictor F(1,16) p-val F(1,16) p-val 

isLocTemp 4.9 0.04 5.7 0.03 

visDist 14.3 0.002 18.7 0.0005 

visCorr 18.3 0.0006 21.5 0.0003 

visHistDist 16.5 0.0009 19.7 0.0004 

lumDiff 17.2 0.0008 21.8 0.0003 

DCNN[1…6] minF=12.8 maxP=0.003 minF=15.6 maxP=0.001 

psdCorr 17 0.0008 20.1 0.0004 

psdDist 18.6 0.0005 22.5 0.0002 

absVolDiff 18.6 0.0005 22 0.0003 

V1Betas 9.8 0.006 11.9 0.003 

A1Betas 16.8 0.0008 19.5 0.0004 

isAG 16.9 0.0008 19.7 0.0004 
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Table 2. Regions demonstrating a significant modulation by boundary salience 

 
CamCAN studyforrest 

studyforrest 

(with covariates) 

Regions modulated 

by salience 
F(1,17) p-val R2 F(1,148) p-val R2 F(1,129) p-val 

Hippocampus 18.6 0.0005 0.04 23.4 3.3x10-6 0.02 9.1 0.003 

Cingulate gyrus, 

posterior division 

30.5 3.7x10-5 0.1 25 1.6x10-6 0.02 8.3 0.005 

Precuneous Cortex 22.6 0.0002 0.14 11.2 0.001 0.01 3.6 0.06 

Parahippocampal 

Gyrus, posterior 

division 

16.1 0.0009 0.09 14 0.0003 0.01 1.1 0.3 

Lingual Gyrus 17.5 0.0006 0.16 15 0.0002 0.03 0.02 0.89 

Regions modulated 

by nObservers 
F(1,17) p-val  F(1,148) p-val  F(1,129) p-val 

Hippocampus 18.6 0.0002 0.04 17.7 4.5x10-5 0.01 4.7 0.03 

Cingulate gyrus, 

posterior division 

30.5 6.6x10-5 0.1 20.3 1.3x10-5 0.01 5 0.03 

 

 


