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Abstract 23 

Some theories of episodic memory hypothesize that spatial context plays a fundamental 24 

role in episodic memory, acting as a scaffold on which episodes are constructed. A 25 

prediction based on this hypothesis is that spatial context should play a primary role in 26 

the neural representation of an event. To test this hypothesis in humans, male and female 27 

participants imagined events, comprised of familiar locations, people and objects during 28 

an fMRI scan. We used Multi-Voxel Pattern Analysis (MVPA) to determine the neural 29 

areas in which events could be discriminated based on each feature. We found that events 30 

could be discriminated according to their location in areas throughout the 31 

autobiographical memory network, including the parahippocampal cortex and posterior 32 

hippocampus, retrosplenial cortex, posterior cingulate cortex, precuneus and medial 33 

prefrontal cortex. Events were also discriminable based on person and object features, but 34 

in fewer regions. Comparing classifier performance in regions involved in memory for 35 

scenes and events demonstrated that the location of an event was more accurately 36 

classified than the person or object involved. These results support theories that suggest 37 

that spatial context is a prominent defining feature of episodic memory.  38 

  39 
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Significance Statement 40 

Remembered and imagined events are complex, consisting of many elements, including 41 

people, objects and locations. In this study we sought to determine how these types of 42 

elements differentially contribute to how the brain represents an event. Participants 43 

imagined events consisting of familiar locations, people and objects (e.g. kitchen, mom, 44 

umbrella) while their brain activity was recorded with fMRI. We found that the neural 45 

patterns of activity in brain regions associated with spatial and episodic memory could 46 

distinguish events based on their location, and to some extent, based on the people and 47 

objects involved. These results suggest that the spatial context of an event plays an 48 

important role in how an event is represented in the brain.   49 

  50 
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Introduction 51 

Spatial context is a defining property of episodic memory, distinguishing it from 52 

semantic memory (Tulving, 1972; Tulving, 2002). Spatial context contributes to the 53 

detail-richness of remembered and imagined autobiographical events, suggesting that it 54 

may play a scaffolding role in the representation of events in memory (Arnold, 55 

McDermott, & Szpunar, 2011; de Vito, Gamboz, & Brandimonte, 2012; Hebscher, 56 

Levine, & Gilboa, 2017; Robin & Moscovitch, 2014, 2017; Robin, Wynn, & Moscovitch, 57 

2016; Sheldon & Chu, 2016). Some studies, however, have found that other familiar 58 

elements, such as people and objects, contribute equally to the qualities of episodic 59 

memory and imagination (D’Argembeau & Van der Linden, 2012; Hebscher et al., 2017; 60 

McLelland, Devitt, Schacter, & Addis, 2014). 61 

Scenes, the canonical type of spatial context, engage brain areas associated with 62 

autobiographical memory and imagination (Hassabis, Kumaran, & Maguire, 2007; 63 

Hodgetts, Shine, Lawrence, Downing, & Graham, 2016; Spreng, Mar, & Kim, 2009; 64 

Zeidman, Mullally, & Maguire, 2014). Scene processing typically results in activation in 65 

a posterior network of regions including the parahippocampal gyrus, retrosplenial cortex, 66 

precuneus, posterior cingulate cortex, and the hippocampus (Epstein, Parker, & Feiler, 67 

2007; Epstein & Kanwisher, 1998; Hodgetts et al., 2016; Zeidman et al., 2014). These 68 

regions are also active when recalling the spatial context of a memory for an item or 69 

event (Bar, Aminoff, & Schacter, 2008; Burgess, Maguire, Spiers, & O’Keefe, 2001; 70 

Gilmore, Nelson, & Mcdermott, 2015; Hassabis et al., 2007; Kumaran & Maguire, 2005; 71 

Szpunar, Chan, & McDermott, 2009). These scene-related regions are also part of the 72 

autobiographical memory and imagination networks (Addis, McIntosh, Moscovitch, 73 
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Crawley, & McAndrews, 2004; Addis, Pan, Vu, Laiser, & Schacter, 2009; Addis, Wong, 74 

& Schacter, 2007; Cabeza & St Jacques, 2007; Hassabis et al., 2007; Maguire & 75 

Mummery, 1999; Rugg & Vilberg, 2012; Schacter et al., 2012; Spreng & Grady, 2010; 76 

Spreng et al., 2009; Svoboda, McKinnon, & Levine, 2006; Szpunar, Watson, & 77 

McDermott, 2007).  78 

Does this overlap of scene and autobiographical memory regions suggest that 79 

representations of spatial context are inherent in the representations of episodic memory? 80 

Higher hippocampal pattern similarity for events with similar spatial contexts suggests 81 

that the hippocampus represents the spatial context of memories (Chadwick, Hassabis, & 82 

Maguire, 2011; Kyle, Stokes, Lieberman, Hassan, & Ekstrom, 2015; Milivojevic, 83 

Varadinov, Vicente Grabovetsky, Collin, & Doeller, 2016; Nielson, Smith, Sreekumar, 84 

Dennis, & Sederberg, 2015; Ritchey, Montchal, Yonelinas, & Ranganath, 2015). Studies 85 

examining whole brain activity, however, indicate that more posterior neocortical 86 

regions, including the parahippocampal, retrosplenial and posterior cingulate cortex also 87 

represent spatial context (Hannula, Libby, Yonelinas, & Ranganath, 2013; Staresina, 88 

Alink, Kriegeskorte, & Henson, 2013; Szpunar, St. Jacques, Robbins, Wig, & Schacter, 89 

2014). Many of these studies did not directly compare the contributions of spatial context 90 

to the representation of episodic memory with those of other event elements. 91 

We investigated how spatial context is represented in memory for complex events as 92 

compared to other event features: people and objects. By varying all three features, we 93 

were able to determine which neural areas are associated with spatial context and directly 94 

compare the effects of spatial context to the other feature types. If events involving the 95 

same location resemble one another more than events that share other features, it would 96 
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support the hypothesis that spatial context plays an especially important role in 97 

determining the neural representation of an event, consistent with scene construction and 98 

related theories (Burgess, Maguire, & O’Keefe, 2002; Hassabis & Maguire, 2007, 2009; 99 

Maguire & Mullally, 2013; Nadel, 1991; Nadel & Peterson, 2013; O’Keefe & Nadel, 100 

1978). A second question is whether spatial context is represented primarily in the 101 

hippocampus, or by the posterior scene network. By examining activation patterns in the 102 

hippocampus and throughout the brain, we will determine whether the effects of spatial 103 

context on episodic memory are mediated via the neocortical posterior scene network or 104 

by the hippocampus directly. 105 

Materials and Methods 106 

Participants 107 

Nineteen healthy young adults participated in the study. One participant was excluded 108 

from analyses due to excessive motion in the scanner, resulting in 18 participants (8 109 

female, 10 male; Mage = 25.55, range = 18-29). All participants were right-handed, fluent 110 

in English, and had completed at least 12 years of formal education (M = 17.94, SD = 111 

2.69). All had normal or corrected-to-normal vision, no hearing problems and no history 112 

of psychological or neurological illness or injury. Participants provided informed consent 113 

prior to participating in the study, in accordance with the Office of Research Ethics at the 114 

Rotman Research Institute at Baycrest Health Sciences, and were provided monetary 115 

compensation for their participation. 116 

Experimental Design and Statistical Analyses 117 
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Experimental Design 118 

Prior to participating in the study, participants filled out an online questionnaire, 119 

providing the names of nine well-known people from their lives (three family members, 120 

three friends, three coworkers/colleagues) and nine well-known locations (three rooms in 121 

their house or a well-known house, three locations relating to school/work, three other 122 

locations frequently visited, e.g. stores, gyms, theatres, subway stations, etc.). These 123 

highly familiar real-world cues were used as stimuli in the experiment. 124 

Study procedure. Testing took place in a single session of approximately 2.5 hours. Prior 125 

to the scanning session, participants were given detailed instructions for the study 126 

procedures and completed six practice trials using a subset of cues that were not used 127 

again in the study, and had the opportunity to ask questions and receive feedback from 128 

the experimenter.  129 

During the scanning session, participants completed 6 runs of the main experimental task. 130 

In each run, participants completed 27 event imagination trials. On each trial, three cues 131 

were presented to the participant, who was instructed to imagine the cued features 132 

interacting in a life-like event involving themselves, and to picture as many details as 133 

possible about the event for the 8-second duration of the trial. The three cues always 134 

consisted of the names of one person, one location and one object. Three person and 135 

location cues were randomly selected from each category of the participant’s answers to 136 

the online questionnaire. The three object cues were randomly selected from a standard 137 

list of nine highly imageable objects, used across all participants. Participants were 138 

instructed to imagine novel events, distinct from the events on other trials and from any 139 
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existing memories. Participants were instructed to imagine each feature consistently 140 

across trials (i.e. the same specific location, the same specific objects). Participants 141 

pressed a key to indicate when they had an event in mind. After each event, participants 142 

rated the vividness of the imagined event on a scale from 1-4 (1: ‘not vivid’; 4: 143 

‘extremely vivid’). Over the 27 trials, participants imagined events based on all 144 

combinations of the nine cues (3 location x 3 person x 3 object). Each trial was separated 145 

by a jittered active fixation (5-7 seconds in duration), which randomly displayed an arrow 146 

either pointing left or right. Participants pressed a key corresponding to the direction of 147 

the arrow and then were instructed to focus on the arrow for the remainder of the fixation.  148 

On subsequent runs (2-5), participants were shown the same 27 cue sets in a random 149 

order and were asked to remember the events that they imagined in the first run, and re-150 

visualize them for the duration of the 8-second trial. Once again, they pressed a key to 151 

indicate when an event was in mind, and made a vividness rating after every event. 152 

Across runs, the order of the cues on the screen varied, and was counterbalanced within 153 

and across participants. A schematic of the procedure is shown in Figure 1. 154 

Single-feature imagination paradigm. For the final run, participants were presented with 155 

a single cue per trial (the remaining 3 location, 3 person and 3 object names, not 156 

previously seen in the experiment), and asked to imagine the features in isolation. Each 157 

cue was displayed for 4 seconds, during which time the participants were instructed to 158 

imagine the location, person or object in as much detail as possible. Participants made a 159 

vividness rating for each trial (1-4 scale), and trials were separated by the same jittered 160 

active fixation task as in the main experiment (3-5 seconds in duration). One participant 161 

was unable to complete this run due to time, resulting in N = 17 for this run. 162 
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Post-scan measures. Following the scan, participants completed post-scan ratings and 163 

descriptions for each cue set. Each of the 27 cue combinations was presented, and 164 

participants were asked to provide a brief description of what they imagined for each cue 165 

set. Descriptions were recorded using a microphone. Next, participants were asked to 166 

make ratings about the imagined events. First, participants were asked to rate how 167 

consistently they imagined the event across the 6 runs (1-4 scale, 1: ‘not consistent’; 4: 168 

‘very consistent’). Next, they rated how coherent the event was, referring to how 169 

integrated the three features were in the event (1-4 scale, 1: ‘not very integrated’; 4: ‘very 170 

well integrated’). Next, they rated the plausibility of the imagined event, by rating how 171 

easily the elements of the event fit together (1-4 scale, 1: ‘not very well’; 4: ‘extremely 172 

well’). Then, they rated how similar the imagined event was to an existing memory (1-4 173 

scale, 1: ‘not at all similar’; 4: ‘same as a memory’). Finally, each of the nine cues was 174 

presented alone, and participants rated the familiarity of each feature (1-4 scale, 1: ‘not 175 

very familiar’, 4: ‘extremely familiar’) and how easily they could picture each feature (1-176 

4 scale, 1: ‘not very easily’; 4: ‘extremely easily’). 177 

MRI setup and data acquisition 178 

Stimuli were presented and responses were recorded using EPrime 2.0 software 179 

(Psychology Software Tools, Pittsburgh, PA, RRID:SCR_009567). Stimuli were 180 

projected onto a screen behind the MRI scanner, visible to the participant via a mirror 181 

attached to the head coil. Participants made responses using an MRI-compatible response 182 

box, placed under their right hand. Participants were scanned in a 3.0-T Siemens 183 

MAGNETOM Trio MRI scanner using a 12-channel head coil. High-resolution gradient-184 

echo multislice T1-weighted scans (160 slices of 1-mm thickness, 19.2 × 25.6 cm field of 185 
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view) coplanar with the EPI scans as well as a whole-brain magnetization prepared rapid 186 

gradient-echo (MP-RAGE) 3-D T1-weighted scans were acquired for anatomical 187 

localization in the middle of the scanning session, between the third and fourth functional 188 

runs. During the seven functional runs, T2*-weighted EPIs sensitive to BOLD contrast 189 

were acquired. Images were acquired using a two-shot gradient-echo EPI sequence 190 

(22.5×22.5 cm field of view with a 96×96 matrix size, resulting in an in-plane resolution 191 

of 2.35 × 2.35 mm for each of 35 3.5-mm axial slices with a 0.5-mm interslice gap; 192 

repetition time = 2.0 sec; echo time = 27msec; flip angle = 62°). 193 

Behavioural data analysis 194 

Means and standard deviations for behavioural measures are reported. When measures 195 

were collected for each feature type separately, ratings were compared across features 196 

categories using repeated-measures ANOVAs with one repeated-factor of cue type. 197 

Mauchly’s test of sphericity was used to test the validity of the sphericity assumption, 198 

and when violated, Greenhouse-Geisser corrected p-values are reported. Post-hoc 199 

comparisons were performed using Bonferonni-corrected paired t-tests. 200 

fMRI data analysis 201 

Preprocessing. Functional images were converted into NIFTI-1 format, reoriented to 202 

radiological orientation, and re-aligned to the mean image of the first functional run using 203 

the 3dvolreg program in AFNI (Cox, 1996, RRID:SCR_005927). To retain higher spatial 204 

resolution for multivariate pattern analyses, the data were not spatially smoothed. 205 

Statistical analyses were first conducted on realigned functional images in native EPI 206 

space. The MP-RAGE anatomical scan was normalized to the Montreal Neurological 207 
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Institute (MNI) space using nonlinear symmetric normalization implemented in ANTS 208 

(Avants, Epstein, Grossman, & Gee, 2008, RRID:SCR_004757). This transformation was 209 

then applied to maps of statistical results derived from native space functional images 210 

using ANTS to normalize these maps for group analyses.   211 

Searchlight multi-voxel pattern analysis (MVPA). Every imagination event across the six 212 

runs was modeled using an 8-second SPM canonical hemodynamic response model in a 213 

voxel-wise general linear model (GLM) via AFNI’s 3dDeconvolve program. The GLM 214 

also included a single parametric regressor for the vividness ratings, and 12 nuisance 215 

regressors per run to account for motion and physiological noise in the data using the 216 

CompCor approach (Behzadi, Restom, Liau, & Liu, 2007). This resulted in one GLM per 217 

subject, each with 235 regressors (162 events, 1 parametric vividness regressor, 72 218 

nuisance regressors). The resultant 162 beta estimates for the event imagination trials 219 

were then used as the input for MVPA analyses. 220 

To identify brain areas where patterns of activity distinguished between the features in 221 

each category (person, location, object) or between each unique event, we performed a 222 

series of four searchlight analyses over the entire brain. Each analysis used a shrinkage 223 

discriminant analysis (SDA) as a classifier, a form of regularized linear discriminant 224 

analysis that can be applied to high-dimensional data that have more variables (voxels) 225 

than observations (trials). With this method, the estimates of the category means and 226 

covariances are shrunk toward zero using James-Stein shrinkage estimators as a way to 227 

ensure the estimability of the inverse covariance matrix and to reduce the mean squared 228 

error when used for out-of-sample prediction (sda package for R; Ahdesmaki, Zuber, & 229 

Strimmer, 2013).  230 
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Each classifier used a local 10-mm radius spherical neighborhood that surrounded a 231 

central voxel, resulting in an average of 175 voxels in the searchlight. The classifiers 232 

were trained via leave-one-run-out cross-validation on the beta coefficients estimated 233 

from each event imagination trial. A separate classifier was trained on each of the 234 

location features, person features, object features and the conjunction of all three features 235 

(i.e. each of the 27 unique event combinations) to determine which voxels discriminate 236 

between the features of each type, regardless of the other elements of the event, and 237 

which voxels distinguish each unique event. The searchlight sphere was moved around 238 

the entire brain, excluding voxels falling outside a functional brain mask, creating a 239 

whole-brain map of classification performance attributed to the central voxel of each 240 

sphere. Code for the searchlight analyses is available at 241 

https://github.com/bbuchsbaum/rMVPA/blob/master/R/searchlight.R. 242 

Classifier performance was assessed using area under the curve (AUC), where 0.5 243 

corresponded to chance level discrimination. Whole-brain maps of AUC values were 244 

generated for each subject and each classifier. These maps were spatially transformed to 245 

MNI space and analyzed with voxel-wise permutation t-tests. FSL’s Randomise function 246 

(Winkler, Ridgway, Webster, Smith, & Nichols, 2014; RRID:SCR_002823) was used to 247 

perform non-parametric one-sample t-tests for each voxel, testing if the classifier 248 

performance was significantly above chance, using threshold-free cluster enhancement 249 

(TFCE) (Smith & Nichols, 2009) to identify significant clusters and maintain a family-250 

wise error rate of p < 0.05. Randomise uses non-parametric permutation testing rather 251 

than assuming a Gaussian distribution, which has been demonstrated to be less prone to 252 

Type I errors than parametric fMRI analysis methods (Eklund, Nichols, & Knutsson, 253 
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2016). TFCE computes a voxel-wise score reflecting the strength of signal (in this case, 254 

AUC) at a given voxel and the extent of contiguous voxels demonstrating the same 255 

effect, without relying on the definition of an absolute threshold. This method has been 256 

demonstrated to be more sensitive than other voxel-wise or cluster-wise thresholding 257 

methods (Smith & Nichols, 2009).  FWE-corrected t-maps were produced for each 258 

classifier, indicating which voxels were able to distinguish events based on each feature.  259 

Contrasting classifier performance. To compare performance across the different 260 

classifiers, subtraction analyses were performed contrasting classification by each cue 261 

type. For each contrast, whole-brain AUC maps were subtracted at the subject-level. The 262 

resulting maps were tested against zero at the group-level, using FSL Randomise to 263 

perform non-parametric one-sample t-tests. TFCE was used to identify significant 264 

clusters maintaining a family-wise error rate of p < 0.05. Resulting clusters correspond to 265 

voxels in which classification was significantly higher for a given feature as compared to 266 

one of the features. 267 

Multi-feature ROI definition. In order to define a broader and more targeted set of areas 268 

that represent the features making up the events in this paradigm, we used the single-269 

feature scanning run to define a set of ROIs selective for the feature categories (i.e. 270 

locations, people, objects). Importantly, the single-feature run used a separate set of cues 271 

from the event imagination runs, which were still personally familiar and drawn from the 272 

same categories as the event imagination cues. In this run, however, cues were presented 273 

singly, and participants were asked to imagine them in isolation. Thus, the single-feature 274 

run was independent of the multi-feature event runs, allowing us to define regions of 275 

interest sensitive to the feature categories in an unbiased manner. 276 
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Similar to the searchlight MVPA procedure described above, we trained an SDA 277 

classifier to discriminate the features, although in this case, the classifier was trained and 278 

tested to discriminate between feature categories (person, object, scene), rather than 279 

between specific items (e.g. kitchen, bedroom, office) within a category. The parameters 280 

of the classifier were the same as in the previous analyses, except that the classifier was 281 

trained using five cross-validation folds derived from contiguous blocks of trials within 282 

the run, since there was only one run of the single feature paradigm. This run contained 283 

54 trials, comprising 6 blocks of the same 9 cues (3 locations, 3 people, 3 objects). Each 284 

block consisted of 9 trials in a random order, so that each cue was presented once per 285 

block, and presentations were spaced evenly throughout the run. The classifier was 286 

trained using leave-one-block-out cross-validation, resulting in training on 5 blocks and 287 

testing on the sixth. Accuracy was assessed for each feature category by calculating the 288 

average AUC for discriminating that category from the other two categories in each 289 

voxel, for each participant. To derive a map of reliable classification performance at the 290 

group level, the spatially normalized AUC maps were compared against chance (AUC = 291 

.5) using one-sample t-tests. This procedure produced a separate normalized map for 292 

location, person and object features, representing the voxels that were selective for these 293 

features.  294 

To create a set of ROIs that equally represented all three episodic features, we selected 295 

the 1000 most significant voxels from each feature category map based on ranking the t-296 

values of every voxel in the brain. We then merged these voxels using a set-wise union to 297 

create a combined mask containing the set of voxels most able to discriminate the three 298 

features. On average, for the top 1000 voxels for each category, the object voxels had 299 
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higher t-values than the location voxels (t1998 = 3.831, p = 0.00013) but did not differ 300 

from the person voxels (t1998 = 1.503, p = 0.133), and the person voxels had marginally 301 

higher t-values than the location voxels (t1998 = 1.803, p = 0.072), though overall means 302 

and ranges were similar (Location voxels: M = 8.51, SD = 0.72, range = 7.70-11.68; 303 

Person voxels: M = 8.59, SD = 1.15, range = 7.23-12.37; Object voxels: M = 8.66, SD = 304 

1.01, range = 7.54-12.93). Note that these values reflect how well, on average, these 305 

voxels were able to discriminate that feature category from the other categories, and do 306 

not reflect discrimination ability within categories. 307 

Hippocampal ROI definition. T1-weighted structural scans were anatomically segmented 308 

using Freesurfer automated cortical and subcortical parcellation software (version 5.3, 309 

aparc.a2009s atlas, RRID:SCR_001847; Destrieux, Fischl, Dale, & Halgren, 2010; Fischl 310 

et al., 2002, 2004). To test hypotheses about the hippocampus, for each subject, a mask of 311 

the left and right hippocampus was computed based on the Freesurfer parcellation, and 312 

used to define the hippocampal ROI for representational similarity analyses.     313 

Comparing classifier performance across event features. In order to compare 314 

classification performance across features, we computed average classification accuracy 315 

(as measured by area under the curve) within the ROIs described above. Separate SDA 316 

classifiers were trained and tested on each feature using only the voxels in the ROI, and 317 

summary measures of performance were computed. For each ROI, we compared average 318 

classifier performance across features using a repeated-measures ANOVA with one 319 

factor of feature type, and follow-up paired t-tests, using the Bonferonni correction for 320 

multiple comparisons. 321 
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To compare classification accuracy while varying the number of voxels contributing to 322 

the classification, we performed separate classification analyses based on subsets of 323 

voxels. For each event feature (object, person, location) all voxels in the brain were 324 

ranked according to the correlation-adjusted t-statistic (cat score; Zuber & Strimmer, 325 

2009), indicating the voxels that were the most informative in the training set. Then, 326 

separate models were trained and tested on each feature, using only the N highest ranked 327 

voxels, to control for the number of voxels contributing to the classification results. We 328 

varied the voxel number by powers of two (from 200 to 25600, and then used the whole 329 

brain) and compared classifier performance as a function of voxel number and feature 330 

type using a 9 (voxel number) x 3 (feature type) repeated-measures ANOVA, and follow-331 

up Bonferonni-corrected paired t-tests. Mauchly’s test of sphericity was used to test the 332 

validity of the sphericity assumption, and when violated, Greenhouse-Geisser corrected 333 

p-values are reported. 334 

Results 335 

Behavioural results 336 

In-scan vividness ratings of events were high (M = 3.01, SD = 0.58, on a scale where ‘1’ 337 

represented ‘not vivid’ and ‘4’ represented ‘extremely vivid’). Since cues differed across 338 

subjects, it was not possible to examine group-level differences in vividness relating to 339 

the individual features. We could, however, examine the variance in vividness ratings 340 

according to each feature category by grouping events according to each feature within 341 

subject, and calculating the variance in the vividness ratings for that feature category 342 

across the group. If one feature consistently resulted in higher variability in the vividness 343 
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ratings, differences in that feature may have been driving the vividness judgments for the 344 

events. This was not found to be the case, as a repeated-measures ANOVA with one 345 

factor of feature type found no main effect of feature type on within-subject variance of 346 

vividness ratings (F(2,34) = 1.287, p = 0.288). 347 

Vividness ratings of single features during the single-feature run were high overall (M = 348 

3.50, SD = 0.37). Since this run presented single features, it was possible to compare 349 

vividness ratings across the feature categories (MLocation = 3.54, SDLocation = 0.44; MPerson = 350 

3.53, SDPerson = 0.44; MObject = 3.44, SDObject = 0.40). A repeated-measures ANOVA with 351 

one factor of feature type revealed no significant difference between the categories on 352 

vividness ratings (F(2,32) = 0.764, p = 0.474).  353 

Mean post-scan ratings of events revealed that events were generally rated as fairly 354 

consistently imagined, with good coherence of the features, medium plausibility and low 355 

similarity to existing memories (Consistency: M = 3.12, SD = 0.57; Coherence: M = 3.06, 356 

SD = 0.62; Plausibility: M = 2.43, SD = 0.59; Similiarity to Memory: M = 1.49, SD = 357 

0.35). The familiarity and imageability of the individual features were also both rated 358 

highly on the 4-point scales (Familiarity: M = 3.32, SD = 0.46; Imageability: M = 3.37, 359 

SD = 0.47). When compared across categories, repeated-measures ANOVAs with one 360 

factor of feature type revealed significant differences across the feature categories 361 

(Imageability: F(2, 34) = 11.979, p = 0.0001, η2 = 0.20; Familiarity: F(2, 34) = 12.118, p 362 

= 0.001, η2 = 0.22, Greenhouse-Geisser correction was applied for Familiarity ANOVA, ε 363 

= 0.655), Figure 2. Post-hoc Bonferonni-corrected paired t-tests revealed that in both 364 

cases, the location and person features were rated more highly than the object features 365 

(Familiarity: Location vs. Object, t17 = 3.859, pcorrected = 0.0068, d  = 0.85; Person vs. 366 
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Object, t17 = 3.694, pcorrected = 0.0054, d  = 0.87; Imageability: Location vs. Object, t17 = 367 

3.866, pcorrected = 0.0037, d  = 0.91; Person vs. Object, t17 = 3.646, pcorrected = 0.0060, d  = 368 

0.86), but location and person features did not differ (Familiarity: Location vs. Person, t17 369 

= 1.299, pcorrected = 0.634; Imageability: Location vs. Person, t17 = 1.067, pcorrected = 370 

0.903).  371 

fMRI results 372 

Classification of events by feature 373 

To determine which areas of the brain could distinguish events based on their spatial 374 

context, we conducted a searchlight pattern classification analysis to discriminate multi-375 

feature events based on their locations. This analysis revealed a collection of posterior 376 

regions able to reliably classify events based on location information (Figure 3, see 377 

extended data table Figure 3-1). Regions included the retrosplenial cortex, posterior 378 

cingulate cortex, precuneus, parahippocampal cortex, left posterior hippocampus, angular 379 

gyrus, occipital cortex and the medial prefrontal cortex.  380 

In contrast, when the searchlight classifier was trained and tested on person features, a 381 

much smaller set of regions was found to reliably distinguish between events (Figure 3, 382 

see extended data table Figure 3-2). Significant regions were primarily along the cortical 383 

midline, including the posterior cingulate cortex and the dorsal medial prefrontal cortex, 384 

and also included the right lingual gyrus, left angular gyrus and left inferior parietal 385 

lobule.  386 
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The object feature classifier again revealed a smaller set of regions than the location 387 

classifier, which could distinguish between events based on the included object (Figure 3, 388 

see extended data table Figure 3-3). Regions were primarily in the left parietal lobe 389 

including the left inferior parietal lobule, left supramarginal gyrus, left angular gyrus, 390 

posterior left superior temporal gyrus and the precuneus.  391 

Importantly, while these classifiers are separately trained on the three features (location, 392 

person, object), they all operated on the same set of events, with the only difference being 393 

how the events were labelled for each analysis, depending on which feature was under 394 

study. Thus, in order to classify events according to one feature, differences based on that 395 

feature must be uniquely discriminable from other trial-wise variations, such as those 396 

resulting from variations in the other features.  397 

Classification of unique events 398 

To determine which parts of the brain could distinguish each unique event, formed by a 399 

unique combination of the location, person and object features, we conducted another 400 

searchlight classification analysis treating each event as unique. Crucially, to accurately 401 

distinguish these events from one another, the unique conjunction of all three features had 402 

to be considered, resulting in 27 categories, corresponding to each feature combination. 403 

This analysis revealed a set of areas able to distinguish the unique feature combinations 404 

including the posterior cingulate cortex, precuneus, supramarginal gyrus, left angular 405 

gyrus, posterior middle temporal gyrus, left fusiform gyrus and left middle frontal and 406 

medial frontal gyri (Figure 4, see extended data table Figure 4-1).  407 
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Contrasting classifier performance 408 

To directly compare classification performance across cue types, we subtracted above 409 

chance classification values in pair-wise contrasts. The only contrasts to yield significant 410 

clusters were those comparing location > object and location > person (see Figure 5 and 411 

extended data tables Figure 5-1 and 5-2). Classifying events according to location as 412 

compared to objects resulted in significantly higher performance in a large posterior-413 

medial cluster including the lingual gyrus, areas of occipital cortex, retrosplenial cortex, 414 

posterior cingulate cortex, and posterior parahippocampal cortex. Comparing 415 

classification based on location with that based on person cues resulted in a small 416 

significant cluster in the posterior cingulate cortex. The reverse contrasts of person > 417 

location and object > location, as well as comparisons between person and object cues, 418 

resulted in no significant clusters corresponding to  better classification performance 419 

based on object or person features. 420 

Determining multi-feature ROI 421 

In order to compare classification of the events based on each of the features in a set of 422 

regions representing all three features, we first defined a set of regions in the brain that 423 

showed sensitivity to each of the features, as described in the Methods section. An 424 

MVPA classifier was used to determine the regions selective for each feature (location, 425 

person, object) based on the independent data from the single-feature run, which used a 426 

separate set of cues, in the same categories as the event imagination runs. A classification 427 

analysis determined sets of regions that could accurately distinguish each feature 428 

category from the others. From each of these sets of feature-sensitive regions, the 1000 429 
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most significant voxels were masked and merged to create a multi-feature ROI, 430 

representing the voxels most selective for all three features. This ROI included a large 431 

region in the posterior medial cortex, spanning the posterior cingulate cortex, precuneus 432 

and retrosplenial cortex (Figure 6). In addition, it included bilateral parahippocampal 433 

cortex clusters, extending into the posterior hippocampus on the left, bilateral angular 434 

gyrus clusters, and dorsomedial prefrontal cortex clusters.  435 

Comparison of classification performance across features 436 

To quantitatively compare classifier performance across features, we trained and tested 437 

classifiers based on each feature and compared average classification performance in the 438 

multi-feature ROI. As shown in Figure 7, events were more accurately classified based 439 

on location as compared to person or object features. A one-way repeated measures 440 

ANOVA comparing classification performance (as measured by area under the curve) 441 

confirmed a main effect of feature type (F(2,34) = 16.18, p = 0.000016, η2 = 0.31). While 442 

average classification performance was significantly above chance for all three features 443 

(Location: t17 = 10.40, pcorrected = 0.000000052, d = 2.45; Person: t17 = 5.27, pcorrected = 444 

0.00037, d = 1.24; Object: t17 = 3.96, pcorrected = 0.006, d = 0.93), follow-up Bonferonni-445 

corrected paired t-tests demonstrated that classification based on location was 446 

significantly more accurate than that based on object (t17 = 6.94, pcorrected = 0.000014, d = 447 

1.63) and on person (t17 = 3.55, pcorrected = 0.015, d = 0.84), while person and object 448 

classification did not differ from one another (t17 = 1.59, pcorrected = 0.79). 449 

Based on our a priori questions about representations in the hippocampus, we also 450 

assessed classifier performance in a hippocampal ROI. There was no difference in 451 
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classifier performance based on feature (F(2,34) = 0.31, p = 0.74), and classification 452 

accuracy was not significantly above chance for any of the features (Location: t17 = 0.81, 453 

puncorrected = 0.43; Person: t17 = 1.50, puncorrected = 0.15; Object: t17 = 0.69, puncorrected = 454 

0.50). Note that these non-significant differences are not likely attributable to the smaller 455 

size of the hippocampal ROI, since better classification performance based on location 456 

was also observed in a parahippocampal cortex ROI. 457 

Last, we compared classification accuracy varying the total number of voxels used to 458 

train and test the classifier, to compare classifier performance controlling for voxel 459 

number without constraining the analyses to particular ROIs. As shown in Figure 8, 460 

classification according to location features consistently led to better performance than 461 

classification according to person or object features across varying voxel numbers. This 462 

difference was confirmed by a repeated-measures ANOVA on classification performance 463 

with factors of feature type and voxel number, which found a significant main effect of 464 

feature (F(2,34) = 5.742, p = 0.007, η2 = 0.119), a marginally significant interaction 465 

between feature and voxel number (F(18,306) = 2.629, p = 0.062, η2 = 0.016; 466 

Greenhouse-Geisser correction, ε = 0.163), and no significant main effect of voxel 467 

number (F(9,153) = 1.753, p = 0.180; Greenhouse-Geisser correction, ε = 0.267). Follow-468 

up comparisons indicated that the difference between location and person classification 469 

was significant across all voxel numbers (t17 = 4.161, pcorrected = 0.002, d = 0.98). The 470 

overall difference between location and object classification did not survive Bonferonni-471 

correction (t17 = 2.155, pcorrected = 0.14), but differences were most apparent at 1600 and 472 

3200 voxels (Figure 8). There was no significant difference between classification based 473 

on person and object (t17 = 0.734, pcorrected > 0.99). 474 
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 Discussion 475 

This study provides evidence that location plays a prominent role in the neural 476 

representation of events with overlapping spatial, person and object features. The 477 

influence of location in the neural code is found throughout posterior-medial regions 478 

implicated in processing scenes and events, including the parahippocampal cortex and 479 

left posterior hippocampus, retrosplenial cortex, precuneus, posterior cingulate cortex and 480 

angular gyrus.  481 

Imagined events that included familiar locations, persons and objects were classified 482 

using searchlight MVPA to determine the regions in which one can distinguish among 483 

events with overlapping features based on each feature. Classifying events according to 484 

location yielded the largest set of areas, including the posterior cingulate cortex, 485 

retrosplenial cortex, angular gyrus, precuneus, parahippocampal cortex and the left 486 

posterior hippocampus, consistent with regions in the autobiographical and scene 487 

memory networks (Hodgetts et al., 2016; Zeidman et al., 2014). Classification according 488 

to person features revealed a smaller set of regions, including the right lingual gyrus and 489 

medial prefrontal and parietal regions, which have been associated with thinking about 490 

oneself and others (Andrews-Hanna, Reidler, Sepulcre, Poulin, & Buckner, 2010; 491 

Buckner, Andrews-Hanna, & Schacter, 2008). Classification according to object features 492 

resulted in the smallest set of regions, consisting mainly of medial and lateral left parietal 493 

regions, which may be associated with somatosensation or spatial imagery (Andersen, 494 

Snyder, Bradley, & Xing, 1997; Simon, Mangin, Cohen, Le Bihan, & Dehaene, 2002). 495 

Direct contrasts between these conditions revealed that classification accuracy was 496 
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significantly higher for locations as compared to objects in a large set of posterior-medial 497 

regions, and as compared to people in a posterior cingulate cluster.  498 

In order to compare classification accuracy for the three features in a set of regions 499 

associated with all three event features, a multi-region ROI was independently defined 500 

based on single-feature trials, producing a set of regions similar to autobiographical 501 

memory networks (Benoit & Schacter, 2015; Schacter et al., 2012; Spreng & Grady, 502 

2010; Svoboda et al., 2006). In these areas, classification of the events was above chance 503 

for all three feature types, but significantly more accurate when based on location, 504 

indicating that location plays a primary role in the neural representation of events. In 505 

addition, we compared classification accuracy across the brain while varying the number 506 

of voxels included in the classification, but not limiting the analysis to particular ROIs, 507 

which also revealed that classification based on location resulted in significantly higher 508 

accuracy than classification based on person features and object features. This difference 509 

was apparent for location compared to person classification across all voxel numbers, and 510 

for location compared to object in fewer instances. Thus, across our analyses, location 511 

effects most consistently play a dominant role in event representation.  512 

Together, these findings suggest that spatial context is a prominent defining feature of the 513 

neural representation of events, consistent with behavioural findings showing that spatial 514 

context influences the phenomenology of events (Arnold et al., 2011; Hebscher et al., 515 

2017; Robin & Moscovitch, 2014; Robin et al., 2016; Sheldon & Chu, 2016). The 516 

parahippocampal, retrosplenial, and posterior cingulate cortices and the precuneus have 517 

been consistently implicated in studies of memory and perception of scenes and spatial 518 

context (Andrews-Hanna et al., 2010; Auger, Mullally, & Maguire, 2012; Epstein & 519 
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Kanwisher, 1998; Epstein, 2008; Horner, Bisby, Bush, Lin, & Burgess, 2015; Szpunar et 520 

al., 2014; Zeidman et al., 2014), and, along with the medial prefrontal cortex, are also 521 

parts of the autobiographical memory network (Benoit & Schacter, 2015; Rugg & 522 

Vilberg, 2012; Spreng & Grady, 2010; Spreng et al., 2009; St Jacques, Kragel, & Rubin, 523 

2011; Svoboda et al., 2006). These results suggest that the role of these scene-related 524 

regions in the autobiographical memory network relates to representing the spatial 525 

context of events and memories.  526 

These results are consistent with aspects of the scene construction theory, which states 527 

that spatial context provides a scaffold on which remembered and imagined events are 528 

constructed (Bird & Burgess, 2008; Hassabis & Maguire, 2007, 2009; Maguire & 529 

Mullally, 2013; Nadel, 1991). Location effects did not differ significantly from both 530 

person and object across all analyses, and there was evidence for significant classification 531 

of events based on people and objects in certain regions, demonstrating that these other 532 

event elements also contribute to the neural representation of events, and in some 533 

analyses and brain areas may play comparable roles to location. Nonetheless, in 534 

comparison to the other two features, location appeared to most consistently play a role in 535 

determining the neural representation of events. The prominence of location was evident 536 

despite the fact that familiar people and the rich associations they can evoke (Liu, Grady, 537 

& Moscovitch, 2016), should, in principle, make people as strong a defining feature of 538 

events as location. This study limited the features under study to location, person and 539 

objects, which were chosen since they are highly-imageable, personally-familiar features 540 

of events, though events also involve other features such as temporal context, emotions, 541 

and thoughts.  542 
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Scene construction theory also stipulates that the dependence of episodes on spatial 543 

representations relates to their mutual dependence on the hippocampus (Hassabis & 544 

Maguire, 2007, 2009; Maguire & Mullally, 2013). In our results, the left posterior 545 

hippocampus was included in the set of regions found to discriminate events based on 546 

location, and in the multi-feature ROI, which demonstrated more accurate classification 547 

for events based on location. Both of these effects, however, were also shown in the 548 

larger set of scene-related regions including parahippocampal, retrosplenial, and posterior 549 

cingulate cortices and precuneus. Moreover, when classification of events was assessed 550 

in a hippocampal ROI, classification was not significantly above chance for any of the 551 

features, and there were no significant differences between location and the other 552 

features. Thus, while we present evidence that location plays an important role in 553 

determining the neural representation of an event, it seems to do so by virtue of a set of 554 

neocortical areas relating to the processing of scene and episodic memory. 555 

These findings are not necessarily incompatible with scene construction theory; it is 556 

possible that the posterior-medial scene regions represent the spatial contexts of events 557 

directly, while the hippocampus may be instrumental for constructing or binding these 558 

scenes and events (Eichenbaum & Cohen, 2014; Eichenbaum, Otto, & Cohen, 1994; 559 

Maguire, Intraub, & Mullally, 2015; Maguire & Mullally, 2013; Olsen, Moses, Riggs, & 560 

Ryan, 2012; Yonelinas, 2013). If the hippocampus provides an index to neocortical 561 

representations (Moscovitch, Cabeza, Winocur, & Nadel, 2016; Teyler & Discenna, 562 

1986), patterns of hippocampal activity may not directly reflect the features of the 563 

memory, instead employing a sparser indexing code (O’Reilly & Norman, 2002; Rolls & 564 

Treves, 2011). Consistent with this interpretation are previous findings that cortical areas 565 
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such as the parahippocampal cortex and perirhinal cortex show increased pattern 566 

similarity for related stimuli in given categories, while the hippocampus shows no 567 

differentiation, or even decreased similarity for related representations (Copara et al., 568 

2014; Dimsdale-Zucker, Ritchey, Ekstrom, Yonelinas, & Ranganath, 2018; Ezzyat & 569 

Davachi, 2014; LaRocque et al., 2013), consistent with its role in pattern separation 570 

which orthoganalizes similar events.  571 

In contrast, other studies have reported changes in hippocampal pattern similarity based 572 

on features such as spatial or temporal context (Chadwick et al., 2011; Dimsdale-Zucker 573 

et al., 2018; Hsieh, Gruber, Jenkins, & Ranganath, 2014; Kyle, Smuda, Hassan, & 574 

Ekstrom, 2014; Milivojevic et al., 2016; Nielson et al., 2015; Ritchey et al., 2015). Many 575 

of these studies, however, used visually presented stimuli rather than imagined ones, 576 

which may have resulted in more consistent and easily discriminable neural 577 

representations in the hippocampus. In addition, since the cues in this study were highly 578 

familiar and based on remote memory, they may have been less dependent on the 579 

hippocampus, as is the case with navigation-related spatial memory (Hirshhorn, Grady, 580 

Rosenbaum, Winocur, & Moscovitch, 2012; Rosenbaum et al., 2000; Teng & Squire, 581 

1999). Furthermore, many of the studies above employed higher-resolution fMRI, 582 

allowing for the detection of pattern similarity differences specific to hippocampal 583 

subfields, which may be obscured in standard resolutions (Bakker, Kirwan, Miller, & 584 

Stark, 2008; Dimsdale-Zucker et al., 2018; Kyle et al., 2015; Schlichting, Zeithamova, & 585 

Preston, 2014).  586 

In summary, our study offers evidence that episodic events are discriminable based on 587 

their location in posterior-medial regions including the parahippocampal cortex, posterior 588 
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hippocampus, retrosplenial cortex, angular gyrus, posterior cingulate cortex and the 589 

precuneus. In a set of regions consistent with the autobiographical memory network, 590 

events were classified most accurately based on their location as compared to the person 591 

or object in the event. In conclusion, we propose that these findings illustrate the 592 

importance of spatial context in determining the neural representation of complex 593 

episodic events, providing evidence for a neural mechanism of how spatial context 594 

influences event memory. As such, our findings support scene construction theory which 595 

proposes that scenes underlie episodes by forming a scaffold on which events are 596 

constructed. Our findings indicate, however, that other event elements, such as people 597 

and objects, and a larger collection of brain areas exclusive of the hippocampus, are also 598 

involved in event representation. 599 

  600 
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Legends 886 
 887 

Figure 1. Schematic of event imagination and single-feature imagination paradigms. On 888 

each trial of the event imagination paradigm, participants were presented with the names 889 

of a familiar person, location and object and asked to imagine an event integrating these 890 

three features. They then made a vividness rating (1-4 scale). Events were separated with 891 

a jittered, active fixation period, which required participants to press a key indicating if 892 

the arrow was pointing left or right. In the single-feature run, participants were presented 893 

with single cues (non-overlapping with the cues used in the event imagination paradigm) 894 

and were asked to imagine them and provide a vividness rating. 895 

 896 

Figure 2. Post-scan ratings of familiarity and imageability by feature category for the 897 

features used in the event imagination runs. Location and person cues were rated 898 

significantly higher than object cues on both familiarity and imageability, but did not 899 

differ from one another. 900 

 901 

Figure 3. Regions significantly able to discriminate events based on location, person and 902 

object features, as determined by MVPA searchlight classification analysis. Colour 903 

intensity reflects t-values resulting from comparing the classification accuracy against 904 

chance, FWE-corrected p < 0.05. See Extended Data Figures 3-1, 3-2, 3-3 for cluster 905 

tables. Figures made with BrainNet Viewer (Xia, Wang, & He, 2013, 906 

RRID:SCR_009446). 907 

Figure 3-1. Clusters and local maxima from searchlight classification based on location 908 

features. 909 
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Figure 3-2. Clusters and local maxima from searchlight classification based on person 910 

features. 911 

Figure 3-3. Clusters and local maxima from searchlight classification based on object 912 

features. 913 

 914 

Figure 4. Regions significantly able to discriminate events based on the unique 915 

combination of features, as determined by MVPA searchlight classification analysis. 916 

Colour intensity reflects t-values resulting from comparing the classification accuracy 917 

against chance, FWE-corrected p < 0.05. See Extended Data Figure 4-1 for cluster table.  918 

Figure 4-1. Clusters and local maxima from searchlight classification based on each 919 

combination of features. 920 

 921 

Figure 5. Regions with significantly higher classifier performance for discriminating 922 

events based on location, as compared to object (left) and person (right). The reverse 923 

contrasts, and comparisons between person and object features yielded no significant 924 

clusters. Colour intensity reflects t-values resulting from comparing the difference in 925 

classification accuracy against zero, FWE-corrected p < 0.05. See Extended Data Figures 926 

5-1, 5-2 for FWE-corrected cluster tables. 927 

Figure 5-1. Clusters and local maxima from the contrast of location > object 928 

classification. 929 

Figure 5-2. Clusters and local maxima from the contrast of location > person 930 

classification. 931 
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 932 

Figure 6. Regions included in the multi-feature ROI, based on merging the voxels that 933 

could most reliably discriminate each feature from the others in the single-feature scan. 934 

Regions include the posterior cingulate cortex, precuneus, retrosplenial cortex, bilateral 935 

angular gyrus, bilateral parahippocampal cortex extending into the posterior hippocampus 936 

on the left, and the medial prefrontal cortex. 937 

 938 

Figure 7. Classification performance for each feature category in the multi-feature ROI. 939 

Classification of the location of an event was significantly more accurate than 940 

classification of the person or object included in the event. Mean classification was above 941 

chance (0.5) for all three feature types. 942 

 943 

Figure 8. Classification performance for each feature category, by voxel number. 944 

Classification performance is measured by area under the curve (AUC) for the 945 

classification at each voxel number. Number of voxels included in the classification was 946 

varied from 200 voxels to the whole brain.  947 

 948 

 949 


















