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Abstract 47 

The declarative memory system allows us to accurately recognize a countless number of items 48 

and events, particularly those strengthened by repeated exposure. However, increased familiarity 49 

due to repetition can also lead to false recognition of related but new items, particularly when 50 

mechanisms supporting fine-grain mnemonic discrimination fail. The hippocampus is thought to 51 

be particularly important in separating overlapping cortical inputs during encoding so that similar 52 

experiences can be differentiated. In the current study of male and female human subjects, we 53 

examine how neural pattern similarity between repeated exemplars of a given concept (e.g. 54 

apple) influences true and false memory for target or lure images. Consistent with past work, we 55 

found that subsequent true recognition was related to pattern similarity between concept 56 

exemplars and the entire encoding set (global encoding similarity), particularly in ventral visual 57 

stream. In addition, memory for an individual target exemplar (a specific apple) could be 58 

predicted solely by the degree of pattern overlap between the other exemplars (different apple 59 

pictures) of that concept (concept-specific encoding similarity). Critically, subsequent false 60 

memory for lures was mitigated when high concept-specific similarity in cortical areas was 61 

accompanied by differentiated hippocampal representations of the corresponding exemplars. 62 

Furthermore, both true and false memory entailed the reinstatement of concept-related 63 

information at varying levels of specificity. These results link both true and false memory to a 64 

measure of concept strength expressed in the overlap of cortical representations, and importantly, 65 

illustrate how the hippocampus serves to separate concurrent cortical overlap in the service of 66 

detailed memory. 67 

 68 

 69 
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Significance Statement 70 

In some instances, the same processes that help promote memory for a general idea or concept 71 

can also hinder more detailed memory judgments, which may involve differentiating between 72 

closely related items. The current study shows that increased overlap in cortical representations 73 

for conceptually-related pictures is associated with increased accurate recognition of repeated 74 

concept pictures. Whether similar lure items were falsely remembered as old further depended on 75 

the hippocampus, where the presence of more distinct representations protected again later false 76 

memory. This works suggests that the differentiability of brain patterns during perception is 77 

related to the differentiability of items in memory, but that fine-grain discrimination depends on 78 

the interaction between cortex and the hippocampus.  79 

 80 

 81 

 82 
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Introduction 96 

Memories can vary greatly in their level of specificity, and factors that help reinforce memory 97 

for an overall concept do not always promote later discrimination of details. For example, 98 

passing through a hall of landscape paintings may strengthen one’s memory for that general 99 

category of artwork but create difficulty in later recognizing a specific painting. Formal models 100 

of memory stress that recognition judgments are not made in isolation but instead depend on the 101 

relationships between items in an overall encoding set (e.g. other works of art in a museum). 102 

Higher correspondence among encoding items is thought to produce stronger familiarity signals 103 

during retrieval, leading to a positive relationship between “global similarity” and accurate 104 

recognition (Gillund & Shiffrin, 1984; Hintzman, 1988; Nosofsky, 1991) that might also produce 105 

false memory for similar but new items (Nosofsky, 1988).  106 

Past neuroimaging work has linked overlap in evoked cortical representations to 107 

recognition success both for measures capturing the similarity between a stimulus and all other 108 

encoding set items (Davis, Xue, Love, Preston, & Poldrack, 2014), and between similar 109 

(LaRocque et al., 2013; van den Honert, McCarthy, & Johnson, 2016) or identical stimulus 110 

repetitions (i.e. self-similarity, Ward et al. 2013; Xue et al. 2013; Xue et al. 2010). The idea that 111 

pattern similarity provides a neural index of item strength or consistency beneficial for 112 

subsequent memory broadly accords with prior work connecting memory to stimulus-based 113 

similarity measures like semantic (e.g. word associative strength) or physical (e.g. overlap in 114 

visual form) relatedness (for a review, see Clark & Gronlund, 1996). Assuming that brain-related 115 

measures partly capture shared features between encoding items, relationships between the most 116 

closely-related stimuli (e.g. exemplars of the same concept) may be even more important for 117 

subsequent memory than general global encoding similarity.  118 
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 When new items closely resemble past experience, increased encoding similarity can also 119 

produce false memory (Konkle et al., 2010; Pidgeon & Morcom, 2014, 2016; Roediger et al., 120 

2001). The hippocampus is thought to separate overlapping cortical inputs during encoding 121 

(Norman, 2010; Norman & O’Reilly, 2003; Yassa et al., 2010), thereby protecting against later 122 

false recognition of related items. Thus, increased encoding-related representational overlap 123 

might increase susceptibility to subsequent false alarms while also reflecting item strength or 124 

stability that is beneficial for target recognition. In fact, increased similarity between temporal 125 

pole representations during word processing has been shown to predict false alarms to critical 126 

lures (Chadwick et al., 2016; Zhu et al., 2019), while other studies have focused on 127 

corresponding retrieval-related representations (Bowman et al., 2019; Lee et al., 2018; Ye et al., 128 

2016). Along with univariate activity differences in posterior cortex (Abe et al., 2013; Garoff et 129 

al., 2005; Gonsalves et al., 2004; Kurkela & Dennis, 2016), several studies have described 130 

encoding activity associated with true and false memory formation in MTL (Kim & Cabeza, 131 

2007; Okado & Stark, 2005). A major unanswered question concerns how false memory relates 132 

to hippocampal processes that operate directly on overlapping stimulus-evoked representations in 133 

neocortex.  134 

In the present study, we addressed how the overlap and separation of cortical 135 

representations influences true and false memory. During encoding (Figure 1A), subjects viewed 136 

different exemplars (e.g., a specific dog picture) for a set of general concepts (e.g., the concept 137 

“dog”). A recognition memory test one day later (Figure 1B) included new exemplars of 138 

encoded concepts (lures), as well as direct repeats (targets), and novel concept pictures.  139 

Figure 1 about here 140 
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We examined pattern similarity specifically between related exemplars of a concept 141 

(concept-specific encoding similarity) but also across the entire encoding set (global encoding 142 

similarity). We hypothesized that in posterior cortex, the former might indicate concept-level 143 

activation that should increase both true and false memory. To probe the mnemonic 144 

consequences of undifferentiated exemplar representations, we explored how the hippocampus 145 

might attenuate cortical overlap to enable accurate discrimination of similar lures. Together, 146 

these analyses address theoretical accounts of mnemonic strength and separation by examining 147 

cortical representations between region and memory phase.   148 

 149 

Materials and Methods 150 

Participants 151 

Thirty participants completed both sessions of the experiment in accordance with a protocol 152 

approved by the Duke University Institutional Review Board. All participants were right handed 153 

and had normal or corrected-to-normal vision and no disclosed history of neurological or 154 

psychiatric disorder. Due to a technical error, behavioral data from one participant was not 155 

saved, leaving twenty-nine in the final sample (n = 29, 21 female; mean age = 24.97 years).  156 

 157 

Stimuli  158 

Object picture stimuli were photographs of common, nameable objects appearing on a white 159 

background. The images were collected from the internet, resized to 300x300 pixels, and 160 

centered on a white background to form images whose final dimensions were 600x600 pixels. 161 

Pictures were drawn from a number of living and nonliving categories (e.g. animals, tools, 162 

clothing, furniture, vehicles, musical instruments), which were selected based on past work 163 
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examining representational structure (e.g. see Kriegeskorte, Mur, & Bandettini, 2008) and 164 

because the concepts they included had many readily available exemplar images. The musical 165 

instruments category, which served as the target class for the category detection encoding task 166 

(described below), contained 72 unique instrument pictures. The remaining object pictures 167 

encompassed 144 concepts (e.g. dog, hammer, boots, chair). The complete set comprised seven 168 

different exemplar versions for each of these 144 concepts, for a total of 1008 object pictures. 169 

Two counterbalance lists were formed such that half of the concepts in a given list served as non-170 

repeated concepts (only one exemplar version was shown at encoding) while the other half of 171 

concepts served as the exemplar repeat concepts (six exemplar versions of each concept 172 

appeared at encoding).  173 

 174 

Experimental design 175 

The experiment took place over the course of two scanning sessions, separated by 24 hours (+/- 1 176 

hour). The first session consisted of six similarly structured runs of covert object encoding, with 177 

a final run of face encoding, not discussed here. In the object encoding runs, pictures appeared 178 

for 1 s, with a jittered fixation intertrial interval (ITI; M = 3 s, range = 2 s to 5 s). Subjects were 179 

told to make a categorization decision as quickly and as accurately as possible, pressing with 180 

their index finger when pictures of musical instruments appeared (12 per run, 72 total), and with 181 

their middle finger for objects of any other category. At focus in the present report, each run 182 

contained exemplar pictures (72 per run, 432 total) from a set of 72 concepts that were repeated 183 

in each of the six runs, for a total of six exemplar pictures per concept. In addition to the musical 184 

instrument target category and these concept repeat exemplars, each run also contained 12 object 185 

exemplars for concepts that were not repeated (12 per run, 72 total).  186 
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 Within runs, the order of trial presentation was random, with the constraint that neither 187 

musical instruments nor non-repeated concept exemplars appear on more than two consecutive 188 

trials. In addition to counterbalancing which group of 72 concepts served as the repeated or non-189 

repeated set, the assignment of exemplar version to run number was also counterbalanced across 190 

participants.  191 

 The second session contained two scanned memory tests as well as an unscanned post-192 

test. The first five runs of retrieval contained a word concept recognition test (data not discussed 193 

here). Four runs of object picture recognition followed the word memory test runs. Picture 194 

recognition contained targets (identical repeats of pictures shown at encoding), lures (an unseen 195 

exemplar version of an encoding item), and novel object pictures. Excluding musical 196 

instruments, the recognition section contained one target and one lure image for each concept 197 

from the encoding phase. Lure images for repeated concepts (18 per retrieval run, 72 total) 198 

corresponded to the seventh unseen exemplar of each concept, also counterbalanced across 199 

participants such that different exemplars served as the concept lure for different participants. 200 

Only one of the six encoding exemplars from each repeated concept was shown as a target 201 

during the scanned retrieval test. These targets (18 per retrieval run, 72 total) were drawn evenly 202 

from each of the six encoding runs. In addition, retrieval runs contained the same number of 203 

targets and lures for non-repeated encoding concepts. For all concepts, the order of target or lure 204 

appearance was controlled such that for half of the concepts, the target version of an object was 205 

seen prior to the lure version, with the reverse order for the other half. The order of trial 206 

presentation within run was random, with the constraint that the target and lure of a given 207 

concept not appear in adjacent retrieval runs. Picture recognition also included novel objects (8 208 
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per retrieval run, 32 total), which were images of nameable items whose concept had not 209 

appeared previously anywhere in the study.  210 

 Picture recognition trials were shown for 2 s, with a jittered fixation ITI (M = 3 s, range = 211 

2 s to 5 s). Subjects were instructed to make a 4-point recognition memory decision ranging from 212 

“definitely old” to “definitely new,” according to whether they thought the picture was either a 213 

repeat from the prior session (old) or was being seen for the first time (new). Subjects responded 214 

with the first four fingers of their right hand, and finger-response mappings were 215 

counterbalanced across subjects. Detailed instructions for this task emphasized that pictures were 216 

only to be considered old if they were judged to be identical to pictures seen at encoding, and not 217 

merely if they depicted a previously-shown concept. Responses to targets therefore ranged from 218 

high confidence hits to high confidence misses, while responses to lures spanned high confidence 219 

false alarms to high confidence correct rejections.  220 

After object recognition, participants completed a final two runs of face recognition, 221 

which concluded the task-based runs. In a behavioral session directly following the scan session, 222 

the remaining five encoding exemplars for each repeated concept that were not presented during 223 

scanned picture recognition were shown in a post-scan behavioral memory test. This test (data 224 

not discussed here) was similar in structure to the scanned recognition runs, but contained only 225 

targets of repeated concepts, and had a fixed ITI of 1 s.   226 

 227 

fMRI data acquisition and processing 228 

MRI data collection occurred on a 3T GE scanner at the Duke University Brain Imaging and 229 

Analysis Center. The first session consisted of seven consecutive functional runs. On each run, 230 

following a brief calibration scan, functional images were acquired using a SENSE spiral-in 231 
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sequence (TR = 2000ms, TE = 30ms, FOV = 24cm, 34 oblique slices with voxel dimensions of 232 

3.75 x 3.75 x 3.8mm, interleaved acquisition). All stimuli were projected onto a screen at the 233 

back of the scanner bore, and responses were recorded using a 4-button fiber optic response box. 234 

Scanner noise was reduced with earplugs, and head motion was minimized with foam pads. 235 

During the second session, both functional and structural data were acquired. Eleven task-based 236 

functional runs at the beginning of the session had parameters identical to those used during 237 

encoding. Following these runs, a high-resolution anatomical image (96 axial slices parallel to 238 

the AC-PC plane with voxel dimensions of 0.9x0.9x1.9mm) was collected. A final diffusion 239 

weighted structural scan was collected at the end of the second scanning session.  240 

Preprocessing and data analysis were performed using SPM12 (Wellcome Department of 241 

Cognitive Neurology, London, UK). After discarding the initial 5 volumes of each run to allow 242 

for scanner stabilization, images were corrected for slice time acquisition and motion. In 243 

addition, the ART toolbox was used to generate regressors corresponding to outlier volumes 244 

(default outlier cutoffs; https://www.nitrc.org/projects/artifact_detect/). Functional images were 245 

then coregistered to their respective anatomical images. Anatomical images were segmented to 246 

produce tissue maps for grey matter, white matter, and CSF, along with parameters used to 247 

normalize both anatomical and functional images to MNI (Montreal Neurological Institute) 248 

space. Finally, to account for confounding sources of physiological noise, normalized functional 249 

images were denoised using the DRIFTER toolbox (Särkkä et al., 2012) and remained 250 

unsmoothed.  251 

 252 

Statistical analysis 253 
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Behavioral data. Behavioral data was analyzed for both the category detection task in session 254 

one and for the object recognition memory task in session two. Overall accuracy of category 255 

detection (proportion of successfully categorized trials within musical instruments and non-256 

instrument items, separately) was calculated for each subject to assess general task engagement 257 

during encoding. To test for facilitation in object categorization due to the repetition of concepts, 258 

the mean reaction time of repeated and non-repeated concept trials was calculated separately 259 

within each run. The linear decrease in reaction times across runs was then compared between 260 

the conditions within the context of a 2 (repetition condition) x 6 (encoding run) repeated 261 

measures ANOVA. Behavioral memory performance was examined by computing hit rates and 262 

false alarm rates (proportion of hits and false alarms, collapsing high confidence and low 263 

confidence responses) for the repeated and non-repeated conditions separately, as well as false 264 

alarm rate for the novel condition. Corrected recognition (the confidence-collapsed hit rate for 265 

target items minus the corresponding confidence-collapsed false alarm rate for lure items) was 266 

compared between the repetition conditions with paired samples two-tailed t-tests, which were 267 

also run to ensure that the rate of lure false alarms (average false alarm rate across repeated and 268 

non-repeated conditions) was higher than the false alarm rate for novel items.  269 

fMRI data:  first-level models and ROIs. Statistical analysis of fMRI data was performed 270 

in SPM12 using the general linear model (GLM). Representational similarity analyses were run 271 

on unsmoothed trialwise beta estimates from a singletrial model constructed with the least 272 

squares single (LSS) method (Mumford, Turner, Ashby, & Poldrack, 2012). Accordingly, a 273 

separate GLM was run for each trial at encoding and retrieval. A high-pass filter of 128 s and 274 

grand mean scaling were applied to the data, and serial autocorrelations in the time series were 275 

accounted for using the autoregressive model (AR1). Events were modeled using a canonical 276 
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hemodynamic response, which was applied to a delta function locked to the onset of each trial. 277 

Models included one regressor for the trial of interest as well as one regressor for all other trials 278 

of interest, plus corresponding regressors for the temporal derivative. In addition, each model 279 

contained regressors for six motion parameters generated during motion correction, and also 280 

motion-related regressors generated by the ART toolbox to flag spikes in motion activity. Lastly, 281 

the singletrial beta volumes for each trial of interest were converted to t-values by dividing each 282 

voxel’s beta estimate by its standard-error estimate. 283 

Representational similarity analyses were run within an anatomical mask of the 284 

hippocampus (HC, ROI from the subcortical Harvard-Oxford Atlas, thresholded at 0.25) as well 285 

as four cortical regions (Figure 3D). For examining effects in ventral visual processing stream, 286 

we used Brodmann Area (BA) ROIs (cerebellar voxels removed) corresponding to early visual 287 

cortex (EVC, conjoined BA 17/18) as well as late visual cortex (LVC, BA 37). This division 288 

accords with past research that has described differential responses for true and false memory in 289 

visual cortex as a function of sensitivity to lower-lower level versus more integrative features 290 

(Bowman et al., 2019; Dennis, Bowman, & Vandekar, 2012; Kim & Cabeza, 2007; Slotnick & 291 

Schacter, 2004). Recent investigations have sought to explicitly connect memory veracity to 292 

differential stages of perceptual processing (e.g. Karanian & Slotnick, 2018), making the division 293 

of early and late visual cortex particularly relevant (see Discussion for further detail). While 294 

ventral visual stream is often the focus of work on stimulus representations, we also examined 295 

effects in two parietal regions—angular gyrus (ANG, BA 39) and dorsal parietal cortex (DPC, 296 

BA 7). In addition to broadly supporting memory processes (Davis, Wing, & Cabeza, 2018; 297 

Spaniol et al., 2009), recent work suggests that these parietal regions also exhibit representational 298 

aspects of conceptual and perceptual stimuli (Devereux, Clarke, Marouchos, & Tyler, 2013; 299 
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Fairhall & Caramazza, 2013; Kuhl & Chun, 2014; Lee & Kuhl, 2016). For each of these five 300 

regions, analyses were run within separate left and right hemisphere ROIs.  301 

fMRI data:  pattern similarity measures. For each ROI, voxelwise univariate activity 302 

patterns were extracted from singletrial beta images of concept repeat encoding trials and 303 

corresponding target and lure trials at retrieval. Trialwise patterns were then correlated with one 304 

another to produce encoding similarity measures (Fisher transformed Pearson’s r) and encoding-305 

retrieval similarity measures for each concept.  306 

For true memory analyses, concept-specific encoding similarity measures were 307 

constructed to assess whether memory for a given target item could be predicted solely by the 308 

relationships between its concept-matched exemplars, which might reflect a measure of 309 

activation strength for the given concept. Critically, this measure captured the averaged 310 

similarity values between all pairs of exemplars of a given concept excluding pairs involving the 311 

subsequently-presented target (average of non-hatched cells in Figure 2A). In this way, the 312 

target measure was composed entirely from data in runs other than those containing the given 313 

concept’s subsequent target exemplar (since each exemplar was in a separate run). In contrast to 314 

typical subsequent memory measures that involve the subsequently presented stimulus, this 315 

concept-by-concept metric minimized the contribution of stimulus processing for the individual 316 

target item and instead sought to determine whether memory was related concept level activation 317 

that might be reflected in values pertaining to the other non-target exemplars. Corresponding 318 

global encoding similarity values reflected the relationship between exemplars of different 319 

concepts. For a given concept, global encoding similarity encompassed the average of all 320 

pairwise combinations between that concept’s exemplars (again excluding the target) and all 321 

(non-target) exemplars of every other concept (non-hatched cells in Figure 2B). Concept-322 
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specific pairings were excluded from this global encoding similarity measure. Conceptwise 323 

difference measures were created by subtracting global from concept-specific encoding 324 

similarity.  325 

Lastly, for each concept we calculated three encoding-retrieval similarity measures that 326 

involved pattern similarity between target trials at recognition and encoding trials. First, an 327 

identical encoding-retrieval similarity measure simply captured the correlation between the 328 

retrieval target item and the initial appearance of that same exemplar at encoding. Second, for 329 

concept-specific encoding-retrieval similarity, all five pairwise combinations between the 330 

recognition target item and the (non-identical) encoding exemplars of the same concept were 331 

averaged. Third, the global encoding-retrieval similarity averaged the pairwise similarity values 332 

between the target and all repeated encoding exemplars belonging to different concepts. Three 333 

subtraction measures (identical > concept-specific, identical > global, concept-specific > global) 334 

were then generated. 335 

Similarity measures for false memory analyses were computed in a similar fashion as 336 

described above, with several differences. Concept-specific encoding similarity was calculated 337 

for each concept by taking the mean similarity value across all pairwise combinations (15 in 338 

total) of the six exemplars for a given concept. Global encoding similarity was calculated by 339 

averaging the pairwise encoding similarity values between all exemplars of a given concept and 340 

the exemplars from every other concept (excluding pairings from trials in the same encoding 341 

run). For each concept, a difference measure was calculated by subtracting the global encoding 342 

similarity value from the concept-specific encoding similarity value. Encoding-retrieval 343 

similarity values were also calculated using a method to that described for target trials, except 344 

that concept-specific encoding-retrieval similarity was composed of all six pairwise comparisons 345 
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between the lure and corresponding encoding exemplars. Because lures were by definition not 346 

previously encoded, no identical encoding-retrieval similarity level existed for false memory 347 

analyses. 348 

Using these conceptwise similarity measures, separate analyses were run to assess effects 349 

related to true memory (dependent variable = 4-pt memory response for target trials) and false 350 

memory (dependent variable = 4-pt memory response for lure trials). For both encoding 351 

similarity and encoding-retrieval similarity, separate regressions tested the effect of the different 352 

levels of similarity (identical, where applicable, as well as concept-specific and global) before 353 

differences between these levels was examined. In all regression analyses, predictor values were 354 

standardized, and significantly positive beta estimates signified a positive relationship between 355 

the similarity measure and subjective mnemonic oldness (i.e. similarity predicting true memory 356 

for regressions using target items, or predicting false memory for regressions using lure items).  357 

For random effects testing, subjectwise beta estimates from each regression were entered 358 

into a separate 2 x 5 repeated measures ANOVA with factors of hemisphere (left/right) and ROI 359 

(EVC/LVC/DPC/ANG/HC). Along with main effects and interactions, effects in individual ROIs 360 

were examined by submitting beta estimates (which captured the relationship between brain 361 

similarity and memory outcome) to two-tailed t-tests, given that individual ROIs could show 362 

meaningful memory-related differences even in the absence of significant F-tests. Multiple 363 

comparisons were addressed through Bonferroni correction based on the number of ROIs tested 364 

(10 ROIs, yielding a corrected threshold of 0.005). 365 

Figure 2 about here 366 

 367 
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fMRI data: Hippocampal interaction analysis. For both target and lure responses, we also 368 

tested for the possibility that subsequent memory might be the product of concurrent changes in 369 

concept-specific encoding similarity across different ROIs (i.e. a between-ROI interaction in 370 

concept-specific encoding similarity). These analyses focused on cross-ROI interactions 371 

involving the hippocampus, given the role of this region in orthogonalizing overlapping inputs 372 

from cortical regions. Additional regressions were therefore run where the predictor of interest 373 

was the interaction of concept-specific encoding similarity between a pair of ROIs, rather than 374 

within a single ROI (see Figure 4A for example with lure memory). Interaction terms were 375 

formed by first z-scoring the series of concept-specific encoding similarity values for each of the 376 

two ROIs in the pair (hippocampal ROI and cortical ROI) and computing a conceptwise product 377 

(left/right hippocampal ROIs were paired with bilateral cortical ROIs to reduce the number of 378 

pairwise comparisons to 8, which yielded a Bonferroni corrected threshold of 0.0063). In 379 

addition to this interaction term, each regression also included the constituent standardized 380 

encoding similarity values for the separate ROIs forming the interaction. For the false memory 381 

regressions that yielded a significant result, the specific nature of the interaction was visualized 382 

by dividing trials into high and low similarity bins (median split on concept-specific encoding 383 

similarity measure) for both the cortical and hippocampal ROIs and plotting the average lure 384 

memory score for each set of trials (Figure 4B). To ensure that this interaction reflected the 385 

relationship between concurrent cortical and hippocampal patterns within exemplars of a given 386 

concept only, we also reran the interaction analysis using a global encoding similarity measure 387 

for the hippocampus.  388 

 389 

Results 390 
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Behavioral results 391 

Accuracy during the category detection encoding task was near ceiling, as expected. Participants 392 

correctly categorized objects as non-instruments at a high rate (M = 0.984, SEM = 0.04), and 393 

also successfully detected instruments (M = 0.870, SEM = 0.016). Collapsing across runs, 394 

reaction times for correct repeated concept trials were slightly but significantly faster than those 395 

concepts that were not repeated (repeated concept trials: M = 580.30 ms, SEM = 12.20 ms; non-396 

repeated concept trials, M = 570.1, SEM = 12.43; paired t(28) = 2.468, p = 0.002, d = 0.644). 397 

This difference reflected the decrease of reaction times across runs for the repeated concept 398 

condition, suggesting cross-form priming effects (Koutstaal et al., 2001; Simons, Koutstaal, 399 

Prince, Wagner, & Schacter, 2003). The linear change in reaction times across runs was tested 400 

with a 2 x 6 repeated measure ANOVA (Condition: repeated/non-repeated by Encoding run: 1-401 

6). The test on this linear trend showed a significant interaction between conditions (F(1,28) = 402 

7.531, p = 0.01), confirming that facilitation across runs was greater in the repeated concept 403 

condition, where exemplars corresponded to previously-shown concepts.  404 

 Behavioral performance during the scanned object recognition memory test showed an 405 

increased false alarm rate (collapsing high and low confidence responses) for repeated concept 406 

lures (M = 0.415, SEM = 0.032) compared to non-repeated concept lures (M = 0.265, SEM = 407 

0.022). When considered alongside the corresponding confidence-collapsed hit rates (repeated 408 

condition: M = 0.532, SEM = 0.033; non-repeated condition: M = 0.431, SEM = 0.033), 409 

corrected recognition (hits – false alarms) was slightly higher (paired t(28) = -2.065, p = 0.049, d 410 

= -0.383) in the non-repeated (M = 0.166, SEM = 0.022) vs. repeated condition (M = 0.117, 411 

SEM = 0.014). The combined false alarm rate for lure items across both conditions (M = 0.340, 412 

SEM = 0.026) was substantially higher (paired t(28) = 11.376, p < 0.001, d = 2.112) than that for 413 
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novel items (M = 0.093, SEM = 0.019), confirming reliable false memory for lures. A final 414 

within-subjects analysis focusing on picture recognition trials for concept repeat items found a 415 

small association between successful word recognition of a concept and the likelihood that its 416 

corresponding picture was judged old (group mean correlation between word recognition and 417 

picture target hit rate: r = 0.143, SEM = 0.032; between word recognition and picture lure false 418 

alarm rate: r = 0.127, SEM = 0.34) with no difference in this relationship between target and lure 419 

items (paired t-test between subjectwise correlations: t(28) = 0.492, p = 0.62, d = 0.091). 420 

 421 

Pattern similarity related to true memory 422 

Encoding similarity - Concept-specific and global measures 423 

While global encoding similarity may contribute strongly to recognition of items from 424 

heterogeneous encoding sets, the repetition of concept exemplars in the present design allowed 425 

for a measure of conceptual activation strength specific to the exemplars of a given concept. 426 

Unlike most subsequent memory analyses, which by definition examine the encoding signatures 427 

of subsequently-repeated items, we sought to determine whether memory for a specific target 428 

exemplar could be predicted solely on the basis of similarity between other exemplars of the 429 

same concept. Therefore, for the purposes of predicting target memory, the concept-specific 430 

encoding similarity measure excluded pairwise comparisons involving the subsequent target. We 431 

first ran a laterality (left/right) x region (five regions) ANOVA on beta estimates from a 432 

regression where concept-specific encoding similarity predicted later true memory. A main effect 433 

of region emerged (F(4,112) = 3.202, p = 0.016, partial η2 = 0.103; no significant main effect of 434 

laterality or interaction, ps > 0.1), with follow-up tests revealing two regions showing significant 435 

effects—left LVC (t(28) = 4.362, p < 0.001, d = 0.810) and left ANG (t(28) = 3.196, p = 0.004, d 436 
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= 0.593) (see Figure 3A). Effects of a similar direction were also present in right EVC and LVC 437 

but were not significant at a corrected threshold (see Table 1). These results show that in both 438 

late visual regions and angular gyrus, higher pattern overlap between exemplars of a given 439 

concept predicted later memory for the held out subsequent target.  440 

 We next tested how this concept-specific encoding similarity measure compared to a 441 

global encoding similarity measure that also excluded all items subsequently serving as 442 

recognition targets. An ANOVA with parameter estimates capturing global encoding similarity 443 

showed no main effects or interactions (all ps > 0.1), although significant effects were again 444 

observed in left LVC (t(28) = 5.055, p < 0.001, d = 0.939) and left ANG (t(28) = 3.518, p < 445 

0.001, d = 0.653). Notably however, the concept-specific > global encoding similarity difference 446 

measure suggested that concept-specific encoding similarity may have been a greater predictor of 447 

memory than global encoding similarity. A significant main effect of region (F(4,112) = 3.542, p 448 

< 0.001, partial η2 = 0.112; no significant main effect of laterality or interaction, ps > 0.1) 449 

appeared from the ANOVA on the concept-specific vs. global difference measure. Post-hoc tests 450 

in right EVC (t(28) = 2.956, p = 0.006, d = 0.549) and left LVC (t(28) = 2.806, p = 0.009, d = 451 

0.521; Figure 3C) identified these regions as showing the strongest memory-related difference 452 

between concept-specific and global encoding similarity, although effects fell short of the 453 

corrected threshold. These findings indicate that, along with the contribution of broader global 454 

similarity, the relationships between concept-matched exemplars may be particularly important 455 

for determining later recognition of a given target item.  456 

 Analyses focused on hippocampal-cortical interactions in concept-specific encoding 457 

similarity (discussed in more detail in false memory results section) did not show any significant 458 

cross-region interactions (all ps > 0.05). 459 
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Encoding-retrieval similarity – Identical, concept-specific, and global measures 460 

Although our focus in the current study was on the relationship between exemplars at encoding, 461 

we also analyzed target memory with respect to encoding-retrieval similarity. ANOVAs on all 462 

three levels of encoding-retrieval similarity returned significant main effects of region (identical: 463 

F(4,112) = 3.487, p < 0.010, partial η2 = 0.111; concept-specific: F(4,112) = 3.494, p = 0.010, 464 

partial η2 = 0.111; global: F(4,112) = 7.531, p < 0.001, partial η2 = 0.212) but no main effects of 465 

laterality or laterality by region interactions (all ps > 0.05). Follow up tests (Table 2, top half) 466 

showed that while regions including EVC, LVC, and DPC showed identical encoding-retrieval 467 

memory effects, within-concept effects were limited to LVC. Global encoding-retrieval 468 

similarity also increased with target memory in LVC, as well as in DPC. 469 

We next compared these levels of encoding-retrieval similarity against each other (Table 470 

2, bottom half). Every ROI showing significant memory-related effects for identical encoding-471 

retrieval similarity remained significant when global encoding-retrieval similarity was subtracted 472 

(identical > global encoding-retrieval similarity—main effect of region: F(4,112) = 2.954, p = 473 

0.023, partial η2 = 0.095; no main effect of laterality or laterality by region interaction: ps > 0.1). 474 

This result replicates past findings form scene recognition showing that memory-related 475 

reinstatement effects for scene recognition are particularly strong in regions of visual cortex (e.g. 476 

Ritchey, Wing, LaBar, & Cabeza, 2013).  477 

An even closer comparison was examined by subtracting concept-specific encoding-478 

retrieval similarity from identical similarity (identical > concept-specific encoding-retrieval 479 

similarity). This measure isolated memory effects linked to the recapitulation of the specific 480 

target item rather than other exemplars of that same concept. Notably, while F-tests on the 481 

ANOVA using this measure were not significant (ps > 0.1), in left EVC (t(28) = 3.186, p = 482 
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0.004, d = 0.592) and right DPC (t(28) = 3.531, p = 0.002, d = 0.623) successful recognition was 483 

accompanied by reinstatement of neural patterns specific to the target exemplar rather than the 484 

other exemplars of that concept. Bilateral LVC also showed effects in this direction, but did not 485 

survive correction for multiple comparisons (see Table 2, Identical > Concept-specific).  486 

The final subtraction measure (concept-specific > global encoding-retrieval similarity) 487 

produced a significant main effect of region (F(4,112) = 3.032, p = 0.020, partial η2 = 0.098) and 488 

region by laterality interaction (F(4,112) = 2.827, p = 0.028, partial η2 = 0.092), but no main 489 

effect of laterality (p > 0.1). This pattern of effects was driven by right LVC, where 490 

reinstatement of patterns corresponding to a target’s concept-matched exemplars tracked 491 

memory even after global measures had been subtracted. Thus while it appears that successful 492 

recognition is related to reinstatement of patterns at all three levels, memory effects at the highest 493 

level of specificity are seen in early visual regions and DPC, while effects in later visual cortex 494 

may reflect information common to other exemplars of a given target concept.   495 

Figure 3 about here 496 

 497 

Pattern similarity related to false memory  498 

Encoding similarity - Concept-specific and global measures 499 

To test whether higher similarity across exemplars of a given concept led to later difficulty in 500 

distinguishing lure items at test (i.e. increased the chance of subsequent false alarms), we first 501 

computed the mean concept-specific encoding similarity for each ROI and used these measures 502 

to predict lure memory. Beta estimates from regressions where this similarity value predicted 503 

subsequent false memory were analyzed in the context of a repeated measures ANOVA, with 504 

factors of laterality (left/right) and ROI (five regions). Results from this ANOVA showed neither 505 
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a significant laterality by region interaction nor significant main effects (all ps > 0.05), nor were 506 

memory-related effects significant in any single region (all ps > 0.05; see Table 3, top). 507 

Corresponding tests from a second ANOVA run with regression values testing the relationship of 508 

global encoding similarity and memory were also not significant (all ps > 0.05).  509 

As encoding similarity might further depend on the function of the hippocampus, we 510 

tested whether subsequent lure memory related to the interplay between concept-specific cortical 511 

similarity and the overlap or separation of corresponding hippocampal patterns (i.e. an 512 

interaction between cortical and hippocampal concept-specific encoding similarity). We 513 

computed cross-ROI interaction terms by multiplying concept-wise similarity measures in the 514 

hippocampus (separately for left and right hemisphere ROIs) with those in bilateral cortical ROIs 515 

(see Figure 4A and Methods). Parameter estimates for these cross-ROI interaction terms were 516 

entered into a 2 x 4 ANOVA with factors of hippocampal laterality and cortical region. A 517 

significant main effect of hippocampal laterality was present (F(3,28) = 4.938, p = 0.035, partial 518 

η2 = 0.150), with no significant main effect of region or region by laterality interaction (ps > 519 

0.1). Post-hoc tests revealed a significant cross-ROI interaction effect for several pairs involving 520 

right hippocampus: right HC to DPC (t(28) = 3.602, p = 0.003, d = 0.669) and right HC to EVC 521 

(t(28) = 3.027, p = 0.005, d = 0.562). These significant interactions indicate that subsequent false 522 

memory is not influenced by cortical similarity alone but depends on the structure of 523 

corresponding exemplar representations in hippocampus. In both regions, high cortical overlap 524 

accompanied by differentiated hippocampal representations (i.e. low concept-specific encoding 525 

similarity) is associated with reduced subsequent false alarms. As illustrated in Figure 4B, in 526 

EVC the subsequent false alarm rate is the highest for concepts that have high similarity in 527 

cortex while also having undifferentiated hippocampal representations. High cortical similarity 528 
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accompanied by more dissimilar hippocampal patterns was instead associated with subsequent 529 

correct rejections, a pattern also observed in DPC. A corresponding interaction analysis for true 530 

memory (i.e. predicting target memory) returned no significant interactions (all ps > 0.05). 531 

As a final test to ensure that the observed false memory interaction effects reflected the 532 

influence of elevated hippocampal similarity specifically for the individual concept exemplars 533 

whose cortical representations were also high, we repeated the above interaction analysis using 534 

the global encoding similarity measure for hippocampus. Here, interaction terms were created by 535 

taking the product of concept-specific encoding similarity for a given bilateral cortical ROI, as 536 

before, but global encoding similarity for the hippocampus (i.e. similarity between a given 537 

concept and all other encoding concepts). Notably, interaction effects computed with this less 538 

specific measure of hippocampal encoding similarity did not also predict subsequent false 539 

memory (ps > 0.05), indicating that effective separation of overlapping cortical inputs involves 540 

the formation of dissimilar hippocampal representations that correspond to concurrent cortical 541 

patterns.  542 

In sum, it appeared that encoding concept similarity within any given ROI was not 543 

sufficient, in and of itself, to meaningfully predict later lure memory. Instead, increased concept 544 

similarity in visual and parietal ROIs was associated with the subsequent success or failure of 545 

lure discrimination only through associated concept-level patterns in the hippocampus. While 546 

influential models of memory propose that the hippocampus operates on distributed cortical 547 

inputs (McClelland, McNaughton, & O’Reilly, 1995; Norman & O’Reilly, 2003; Treves & 548 

Rolls, 1994), this is, to our knowledge, the first fMRI evidence linking behavioral episodic 549 

memory outcomes to an interaction between concurrent representations in the hippocampus and 550 

the cortex. Furthermore, from a methodological standpoint, these results illustrate the potential of 551 
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a representational analog to functional connectivity analysis, which instead of univariate activity 552 

examines covariation in representational structure corresponding to sets of trials across an 553 

experiment. 554 

Encoding-retrieval similarity – Concept-specific and global measures 555 

Additional analyses probed whether false memory was associated with increased pattern 556 

similarity between lures at retrieval and various encoding items (see Table 3, bottom). An 557 

ANOVA for within-concept encoding-retrieval similarity (mean similarity between a lure and 558 

corresponding encoding exemplars of the same concept) returned a significant laterality by 559 

region interaction (F(4,112) = 2.484, p = 0.048, partial η2 = 0.082; no significant main effects: ps 560 

> 0.1). Post-hoc tests identified trend-level effects in right LVC (t(28) = 2.409, p = 0.023, d = 561 

0.447) and right HC (t(28) = 2.970, p = 0.006, d = 0.551). A test of global encoding-retrieval 562 

similarity values yielded no significant main effects or interaction (all ps > 0.1). In a direct 563 

comparison between the two levels of similarity (concept-specific > global encoding-retrieval 564 

similarity) (all F-tests: p > 0.05), neither right LVC nor right HC survived correction for multiple 565 

comparisons (right LVC: t(28) = 2.313, p = 0.028, d = 0.430; right HC: t(28) = 2.649, p = 0.013, 566 

d = 0.492). While these results present an equivocal picture, they suggest that, especially in 567 

hippocampus, false alarms to lures may be accompanied by reinstatement of encoding patterns 568 

associated with concept-matched exemplars.  569 

 570 

Discussion 571 

The current study explored how the representational structure of highly similar encoding 572 

exemplars related to true and false recognition. We examined conceptual activation strength at 573 

encoding by measuring the representational overlap among exemplars of the same concept 574 
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(concept-specific encoding similarity) and compared this to a set-wide between-concept measure 575 

(global encoding similarity). Concept-specific encoding similarity strongly tracked true memory, 576 

and subsequent recognition of a target object could be predicted by the degree of pattern overlap 577 

between its concept-matched exemplars in angular gyrus and late visual cortex. Increased 578 

concept-specific encoding similarity in dorsal parietal and early visual processing regions also 579 

related to subsequent false memory, but only through an interaction with corresponding 580 

hippocampal patterns. Subsequent false alarms were reduced for concepts where high cortical 581 

overlap was accompanied by differentiated hippocampal patterns. This novel finding suggests 582 

that the fine-grain discrimination necessary to resist false recognition relates to the success or 583 

failure of the hippocampus in disambiguating attendant cortical representations. We discuss the 584 

implications of these findings, and their relationships to past work below.  585 

Pattern similarity related to true memory 586 

Recognition memory is known to depend on the relationship between elements in an 587 

encoding set, and this may be particularly true when strong concept representations are generated 588 

by the repetition of visosemantic information across items. In support of this idea, we found that 589 

greater cortical similarity between non-target exemplars of a given concept (i.e. concept-specific 590 

encoding similarity) was associated with later recognition of that concept’s target image, 591 

particularly in left angular gyrus and late visual cortex (Figure 3B).  592 

The present results offer some insight into related work on self-similarity, which explores 593 

overlap between multiple presentations of an identical stimulus at encoding. This work has found 594 

that subsequent memory is associated with higher self-similarity in both frontoparietal (Xue et 595 

al., 2013, 2010) and occipitotemporal (Hasinski & Sederberg, 2016; Ward et al., 2013; Xue et 596 

al., 2010) regions. The widespread neuroanatomical distribution of these effects suggests that it 597 
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is not merely the consistency of early perceptual processing across identical presentations that 598 

benefits memory. However, the degree to which strengthening of a concept-level representation 599 

might influence later memory is hard to quantify given that both stimulus form and meaning are 600 

identical in self-similarity analyses. Our data suggest that self-similarity effects may capture a 601 

broader conceptual-level strengthening of repeated stimuli in addition to stability of perceptual 602 

processing. While the current findings emphasize the beneficial mnemonic consequences of 603 

strengthened representations at the level of individual concepts, an important caveat is that 604 

distinct exemplars of a given concept also typically overlap in visual form, with perceptually-605 

driven brain and stimulus similarity likely contributing to the observed memory effects along 606 

with conceptual dimensions. 607 

 While both true memory and false memory were associated with higher concept-specific 608 

encoding similarity, only in the latter was this relationship contingent upon concurrent 609 

representational overlap in the hippocampus. The absence of hippocampal involvement for true 610 

memory is somewhat surprising given various encoding-related findings that the hippocampus 611 

supports subsequent cortical reactivation (Gordon et al., 2014; Wing et al., 2015) and even 612 

exemplar-level discrimination (van den Honert et al., 2016). In one particularly relevant study 613 

where global encoding similarity reflected the relationship between a given word and all other 614 

encoding-set words, higher hippocampal pattern overlap positively predicted later memory 615 

(Davis et al., 2014). However, better subsequent memory has also been tied do lower 616 

hippocampal similarity (i.e. distinctiveness) among items of the same overall category (e.g. 617 

faces, scenes, objects) (LaRocque et al., 2013). One possibility is that when stimulus sets are 618 

conceptually heterogeneous and more uniformly distributed (e.g. lists of unrelated words), 619 

overlap benefits memory through general inter-item familiarity, while the presence of stimuli 620 
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that cluster into discrete categories may instead spontaneously promote hippocampal separation 621 

processes. However, this influence may have been diminished in the present study if participants 622 

coded object exemplars as part of an overarching (non-instrument) category, given past findings 623 

that task orientation biases representations in hippocampus and neocortex (Aly & Turk-Browne, 624 

2016; Çukur, Nishimoto, Huth, & Gallant, 2013).  625 

 Successful recognition was also related to increased overlap between recognition targets 626 

and corresponding encoding items. These results (see Table 2) broadly mirror past findings of 627 

encoding-retrieval similarity (e.g. Ritchey et al., 2013; Staresina, Henson, Kriegeskorte, & Alink, 628 

2012; Wing et al., 2015; Xiao et al., 2017), and further show that in early visual and dorsal 629 

parietal regions, true memory entails recapitulation of patterns specific enough to differentiate 630 

exemplars of the same concept. One potential implication of this finding is that when encoding 631 

targets are directly repeated at retrieval, the precision of the cortical match may be sufficient to 632 

drive accurate memory, even if related exemplars were not well-differentiated at encoding. In 633 

cases where memory judgments instead operate on lure items (discussed below), the absence of 634 

perceptual repetition may make accurate memory judgments (i.e. correct rejections) more 635 

dependent on the ability of the hippocampus to separate overlapping cortical inputs.  636 

Figure 4 about here 637 

 638 

Pattern similarity related to false memory 639 

Concept-specific encoding similarity in several cortical regions was found to promote 640 

later target recognition, and we predicted that the same type of overlap might also reflect 641 

undifferentiated exemplar representations, leading to subsequent false memory. A recurrent 642 

finding in the neuroimaging literature is that activity associated with false memory is often found 643 
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in later visual processing regions, with early visual regions instead tracking true memory (e.g. 644 

Dennis et al., 2012; Schacter & Slotnick, 2004; Stark, Okado, & Loftus, 2010). This pattern of 645 

findings may reflect the increased influence of top-down processing in higher-level sensory 646 

regions, and generally accords with false memory findings in the semantic domain—e.g., that 647 

representations in anterior temporal regions during word encoding relate to later false memories 648 

(Chadwick et al., 2016; Zhu et al., 2019).  However, similarity between low-level visual stimulus 649 

properties has been found to influence subsequent false alarms in short term memory tests 650 

(Kahana et al., 2007), and recent neuroimaging work has now implicated early visual regions in 651 

false memory judgments (Karanian & Slotnick, 2017, 2018). Interestingly, no region, visual or 652 

otherwise, showed a direct relationship between cortical similarity and false memory in the 653 

present data. Instead, the influence of cortical overlap between a concept’s exemplars depended 654 

upon concurrent patterns in the hippocampus, while reinstatement of concept-specific patterns in 655 

hippocampus also tracked false alarms.  656 

The present cross-region interactions at encoding (Figure 4) show that hippocampal 657 

pattern differentiation promotes accurate lure discrimination specifically when cortical similarity 658 

is high. High cortical overlap in this context may reflect the same type of strong, concept-level 659 

activation though to underpin the beneficial link between encoding similarity and target memory, 660 

where effects were broad and not hippocampally-contingent. It is possible that in both cases, 661 

concept strengthening occurs through the incidental retrieval of previously-seen concept 662 

exemplars during encoding. Past work has linked pattern similarity across repetition and explicit 663 

retrieval practice to later memory outcomes (Wirebring et al., 2015; Kuhl & Chun, 2014; van den 664 

Honert et al., 2016). Notably, a recent study examined reactivation in parietal cortex during 665 

associative retrieval and found that reinstatement of item-level representations was linked to 666 
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successful lure discrimination on a subsequent test, while more general category reinstatement 667 

predicted false alarms (Lee et al., 2018). While Lee and colleagues found that cortical specificity 668 

at retrieval predicts lure discrimination, the current data highlight the further influence of the 669 

hippocampus in determining how cortical overlap influences fine-grain memory.  670 

 The results also showed tentative evidence that higher encoding-retrieval similarity 671 

between lures and concept-matched encoding exemplars tracked false memory (Table 3, 672 

concept-specific encoding-retrieval similarity). While future confirmatory work will be 673 

necessary, the present cross-phase hippocampal finding presents a parallel with the encoding-674 

related interaction and suggests that the lack of differentiated hippocampal patterns at encoding 675 

may yield a generalized trace to be recovered when participants encounter lure items. Several 676 

previous reports have implicated the hippocampus in formation of false memories (Okado & 677 

Stark, 2005; Pidgeon & Morcom, 2016) or compared its role in true and false memory retrieval 678 

(Cabeza, Rao, Wagner, Mayer, & Schacter, 2001; Dennis et al., 2012; Gutchess & Schacter, 679 

2012). The present finding suggest that false memories may arise from a failure to engage 680 

specific mechanisms (McClelland et al., 1995; Norman, 2010) that, when operating effectively, 681 

allow for the encoding of individuated representations necessary for accurate memory, 682 

potentially leading to the recovery of indistinct traces at retrieval.  683 

Conclusion 684 

Past theoretical and empirical work has shown that the similarity between items in memory has 685 

important implications for subsequent recognition. While prior research has primarily explored 686 

true memory, in the present study we demonstrated that a more focused measure of concept-687 

specific encoding similarity relates not only to true memory, but also to false memory during 688 

fine-grain memory discriminations. For predicting false memory, increased concept-specific 689 
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cortical overlap also depended on the nature of corresponding hippocampal representations: 690 

when high cortical similarity was accompanied by differentiated hippocampal patterns, a given 691 

concept’s lure was more likely to be successfully discriminated. In sum, these results 692 

demonstrate how the hippocampus can resolve, or fail to resolve, overlap in cortical 693 

representations, which can lead to both true and false memory for concept-related information.  694 

 695 

 696 

697 
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Table 1. Encoding similarity measures predicting subsequent true memory 927 

ROI Beta estimate   t-value   p-value 
  Left Right   Left Right   Left Right 
Encoding similarity 
Concept-specific 
  EVC 0.048 0.064 1.921 2.634 0.065 0.014 
  LVC 0.081 0.044 4.362 2.317 <0.001 0.028 
  ANG 0.064 0.046 3.194 2.027 0.003 0.052 
  DPC 0.039 0.035 1.735 1.831 0.094 0.078 
  HC -0.008 0.002 -0.448 0.091 0.657 0.928 
Global 
  EVC 0.026 0.031 1.010 1.287 0.321 0.209 
  LVC 0.091 0.056 5.054 2.658 <0.001 0.013 
  ANG 0.061 0.050 3.518 2.350 0.002 0.026 
  DPC 0.033 0.040 1.560 1.729 0.13 0.095 
  HC 0.031 0.022 1.369 1.239 0.182 0.226 
Concept-specific > Global 
  EVC 0.051 0.068 2.010 2.956 0.054 0.006 
  LVC 0.061 0.030 2.806 1.531 0.009 0.137 
  ANG 0.051 0.035 2.363 1.585 0.025 0.124 
  DPC 0.032 0.024 1.334 1.223 0.193 0.232 
  HC -0.017 -0.004   -1.023 -0.172   0.315 0.865 

Note: positive estimates signify positive relationship between similarity measure and subsequent 928 
oldness ratings to targets.  929 
 930 

 931 

 932 
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 937 

 938 

 939 
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Table 2. Encoding-retrieval similarity measures predicting true memory 940 

ROI Beta estimate   t-value   p-value 
  Left Right   Left Right   Left Right 
Encoding-retrieval similarity (single measures) 
Identical 
  EVC 0.093 0.065 4.214 2.885 <0.001 0.007 
  LVC 0.106 0.108 4.382 4.732 <0.001 <0.001 
  ANG 0.047 0.057 1.865 2.660 0.073 0.013 
  DPC 0.078 0.085 4.001 4.580 <0.001 <0.001 
  HC 0.049 0.023 2.424 1.054 0.022 0.301 
Concept-specific 
  EVC 0.044 0.057 1.940 2.124 0.062 0.043 
  LVC 0.063 0.078 3.410 5.158 0.002 <0.001 
  ANG 0.024 0.055 1.028 2.732 0.313 0.011 
  DPC 0.025 0.036 1.326 1.760 0.196 0.089 
  HC 0.013 -0.035 0.532 -1.562 0.599 0.130 
Global 
  EVC 0.010 0.032 0.422 1.150 0.676 0.260 
  LVC 0.103 0.087 4.658 3.912 <0.001 0.001 
  ANG 0.051 0.061 2.263 2.728 0.032 0.011 
  DPC 0.092 0.091 4.888 4.819 <0.001 <0.001 
  HC 0.004 0.001   0.236 0.033   0.815 0.974 
Encoding-retrieval similarity (comparison of measures)   
Identical > Concept-specific 
  EVC 0.069 0.037 3.185 1.515 0.004 0.141 
  LVC 0.072 0.064 2.742 2.736 0.011 0.011 
  ANG 0.033 0.029 1.264 1.373 0.217 0.181 
  DPC 0.061 0.067 2.794 3.351 0.009 0.002 
  HC 0.037 0.037 1.524 1.821 0.139 0.079 

Identical > Global 
  EVC 0.096 0.065 4.665 3.010 <0.001 0.005 
  LVC 0.094 0.098 3.886 4.231 0.001 <0.001 
  ANG 0.041 0.052 1.691 2.373 0.102 0.025 
  DPC 0.069 0.076 3.495 4.071 0.002 <0.001 
  HC 0.050 0.022 2.447 1.050 0.021 0.303 
Concept-specific > Global 
  EVC 0.051 0.060 2.237 2.301 0.033 0.029 
  LVC 0.039 0.061 2.155 4.007 0.040 <0.001 
  ANG 0.011 0.044 0.461 2.174 0.649 0.038 
  DPC 0.004 0.014 0.185 0.681 0.855 0.501 
  HC 0.015 -0.038   0.640 -1.720   0.527 0.096 
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Note: positive estimates signify positive relationship between similarity measure and oldness ratings to 941 
targets.  942 
 943 
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Table 3. Encoding similarity and encoding-retrieval similarity predicting false memory 966 

ROI Beta estimate   t-value   p-value 
  Left Right   Left Right   Left Right 
Encoding similarity 
Concept-specific 
  EVC -0.020 -0.002 -0.952 -0.119 0.349 0.906 
  LVC 0.014 -0.012 0.739 -0.598 0.466 0.555 
  ANG 0.013 -0.019 0.587 -1.265 0.562 0.216 
  DPC -0.014 -0.019 -0.637 -0.714 0.529 0.481 
  HC 0.026 -0.001 1.290 -0.070 0.208 0.945 
Global 
  EVC -0.016 0.013 -0.745 0.756 0.462 0.456 
  LVC 0.039 0.022 1.987 0.951 0.057 0.350 
  ANG 0.020 -0.006 1.235 -0.244 0.227 0.809 
  DPC 0.012 0.002 0.606 0.076 0.550 0.940 
  HC 0.033 0.008 1.738 0.324 0.093 0.749 
Concept-specific > Global 
  EVC -0.015 -0.009 -0.731 -0.423 0.471 0.676 
  LVC 0.001 -0.026 0.063 -1.242 0.950 0.224 
  ANG 0.008 -0.019 0.342 -1.342 0.735 0.190 
  DPC -0.020 -0.027 -0.947 -0.995 0.352 0.328 
  HC 0.022 -0.003 1.035 -0.133 0.309 0.895 
Encoding-retrieval similarity 
Concept-specific 
  EVC 0.016 -0.010 0.867 -0.780 0.393 0.442 
  LVC 0.019 0.056 0.895 2.409 0.379 0.023 
  ANG 0.009 0.031 0.504 1.473 0.618 0.152 
  DPC 0.024 0.001 1.173 0.045 0.251 0.965 
  HC 0.038 0.048 1.688 2.970 0.103 0.006 
Global 
  EVC -0.021 -0.029 -0.969 -1.537 0.341 0.135 
  LVC 0.016 0.030 0.662 1.350 0.514 0.188 
  ANG 0.006 0.032 0.195 1.055 0.847 0.301 
  DPC 0.034 -0.003 1.181 -0.090 0.248 0.929 
  HC 0.036 0.034 1.595 1.697 0.122 0.101 
Concept-specific > Global 
  EVC 0.034 0.004 1.672 0.282 0.106 0.780 
  LVC 0.019 0.056 0.845 2.313 0.405 0.028 
  ANG 0.011 0.029 0.617 1.505 0.542 0.144 
  DPC 0.017 0.002 0.885 0.106 0.384 0.916 
  HC 0.029 0.043   1.302 2.649   0.204 0.013 



40 
 

 40 

Note: positive estimates signify positive relationship between similarity measure and oldness ratings to 967 
lures.  968 
 969 
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Figure Captions 992 

Figure 1 – Schematic of experimental paradigm. During a category detection encoding task, 72 993 

object concepts were shown six times each, with different exemplar versions in each run. 994 

Another 72 object concepts were shown only once. Retrieval (post 24 hours) involved old/new 995 

recognition judgments (4-pt decision, with confidence) to items including repeated targets and 996 

additional lures (unseen exemplars) of encoding concepts, as well as novel objects.  997 

Figure 2 – Overview of encoding-based representational similarity analysis for true memory. 998 

(A) Concept-specific encoding similarity—example of pairwise pattern correlations contributing 999 

to concept-specific encoding similarity for a single concept, with hatched cells denoting 1000 

excluded comparisons involving subsequent target exemplars. (B) Global encoding similarity—1001 

subset of between-concept comparisons contributing to global similarity for a given concept 1002 

(hammocks). For the concept hammock, global similarity includes the depicted hammocks-mugs 1003 

similarity values along with the corresponding between-concept comparisons for hammocks-1004 

chairs, hammocks-jackets, etc. Within-run comparisons and those involving subsequent targets 1005 

were excluded. 1006 

Figure 3 – Encoding similarity predicting subsequent target memory – Beta estimates from 1007 

regressions analyses with (A) concept-specific encoding similarity, (B) global encoding 1008 

similarity or (C) the difference between these measures predicting subsequent memory. † = p < 1009 

0.05, * = p < 0.01, ** = p < 0.005, *** = p < 0.001. (D) Analyses were run in a subset of ROIs 1010 

covering posterior cortical regions and in hippocampal ROIs (not shown), separately within each 1011 

hemisphere (left/right).  1012 

Figure 4 – Cross region encoding similarity interactions and relationship to subsequent lure 1013 

memory – (A) Concept-specific encoding similarity was calculated by averaging the pairwise 1014 
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 42 

pattern correlations between each of the 6 exemplars of a given concept. The cross-ROI 1015 

interaction of these concept-by-concept measures was computed for ROI pairs involving the 1016 

hippocampus and other cortical regions. These interaction values were used to predict 1017 

subsequent lure memory. (B) Illustration of interaction in EVC and DPC, with average lure 1018 

oldness rating (i.e. higher for increasing false alarms) plotted for concepts with high/low 1019 

concept-specific encoding similarity in cortex (error bars reflect standard error). In EVC, high 1020 

concept-specific representational overlap in cortex is associated with subsequent false alarms for 1021 

concepts where hippocampal similarity is also high, but with reduced false alarms when both 1022 

EVC and DPC show reduced false alarms when reduced hippocampal similarity accompanies 1023 

high similarity in cortex.  1024 
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