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We designed a novel experiment to investigate the modulation of human recognition memory by environmental context. Human participants were asked to navigate through a four-arm Virtual Reality (VR) maze in order to find and memorize discrete items presented at specific locations in the environment. They were later on tested on their ability to recognize items as previously presented or new. By manipulating the spatial position of half of the studied items during the testing phase of our experiment, we could assess differences in performance related to the congruency of environmental information at encoding and retrieval. Our results revealed that spatial context had a significant effect on the quality of memory. In particular, we found that recognition performance was significantly better in trials in which contextual information was congruent as opposed to those in which it was different. Our results are in line with previous studies that have reported spatial-context effects in recognition memory, further characterizing their magnitude under ecologically valid experimental conditions.
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INTRODUCTION

Traditionally, the study of the dependence of human memory on environmental context has been conducted under highly constrained laboratory conditions. In general, investigations have assessed the role of context by manipulating the congruency of discrete information associated to items during learning and testing. This has typically been achieved through the use of synthetic cues of specific sensory modalities in isolation, such as colors and position of items on the screen (Murnane and Phelps, 1994; Hockley, 2008), or auditory stimuli (Geiselman and Glenny, 1977; Geiselman and Bjork, 1980). Studies with a broader definition of context have explored the role of space in recognition memory, by assessing how the congruency of the environments of encoding and retrieval affects performance in recognition tests. In such paradigms, subjects are typically presented with items to be learned in one environment, and later on tested on their ability to recognize items in the same or a different environment. Under those circumstances, consistent spatial-context effects in recognition memory have been reported in the last decades (for a review and meta analysis, see Smith and Vela, 2001).

However, key aspects of space that are known to affect memory in the animal literature have not been considered sufficiently in the environmental-context dependent memory field. In particular, theoretical work on the phenomenon of rate remapping has argued for a facilitation of memory retrieval when items are spatialized (Leutgeb et al., 2007; Rennó-Costa et al., 2010). Indeed, the retrieval of items associated with specific locations in space could benefit from pre-existing connections between hippocampal place cells depicting spatial trajectories (Lisman, 2015; Silva et al., 2015). Yet in traditional environmental-context dependent memory experiments, items have not been deployed spatially, but rather presented in a compressed form. Even in setups where environments of learning and testing are changed, stimuli are typically presented in a unique spatial location (i.e., a list of words to be read in or visual stimuli presented on a computer screen).

On the other hand, it has been shown that spatial memory in the mammalian brain is highly dependent on movement and action, being driven by a path integration signal (Rennó-Costa et al., 2010; Giocomo et al., 2011; Lu et al., 2013). Indeed, spatial information encoded by hippocampal place cells is significantly reduced when movement is restricted (Song et al., 2005; Chen et al., 2013). Yet, in previous investigations on context-dependent memory, participant’s movements during encoding and retrieval has been constrained or uncontrolled (Smith and Vela, 2001). This contrast with the long tradition of experiments in the human navigation literature where the modulation of spatial learning by spatial behavior has been explored (Chrastil and Warren, 2013). While several of these studies have been conducted in outdoor setups, others have employed Desktop Virtual Reality (VR; Wilson et al., 1997; Christou and Bülthoff, 1999; Gaunet et al., 2001; Carassa et al., 2002; for a review, see Chrastil and Warren, 2012). Although stationary VR does not assess the contribution of proprioceptive or vestibular information, it has a number of advantages that make it a valid tool for the study of human navigation. First, it captures information related to volition and cognitive decision making on the routes to take during way finding (Chrastil and Warren, 2012). Second, it has been shown to activate navigational systems of the brain including Place Cells in the hippocampus (Ekstrom et al., 2003), and Grid Cells in the Medial Entorhinal Cortex (MEC, Jacobs et al., 2013). Third, stationary VR allows the flexible manipulation of independent variables related to the configuration of space that would be otherwise impossible to handle (Tarr and Warren, 2002).

Grounded in the animal literature and previous theoretical work (Rennó-Costa et al., 2010), we aimed to test spatial-context effects in recognition memory under ecologically valid experimental conditions. We created a novel setup in which we associated discrete items to unique locations in a virtual maze. Following a within-groups methodology, we required the participants of our experiment to navigate the maze in order to find and memorize discrete images. We later on tested their ability to identify, from a new set of items, those previously presented from those that were new. Critically, we changed the contextual information associated with part of the old items during the retrieval phase of our experiment, in order to evaluate recognition memory for stimuli in congruent and incongruent spatial-context conditions.

Given the spatial context effects in recognition memory previously discussed, and the fact that we generated the conditions that are known to modulate memory in the hippocampus and the MEC, we predicted to observe a spatial context effect in our VR-based, spatial recognition test. In particular, we hypothesized to find better recognition performance and shorter decision times for items encoded in the congruent spatial context condition as compared to the incongruent one.

MATERIALS AND METHODS

Participants

Participants were 33 young adults (20 male, mean age 23.78 ± 3.91 years) recruited from Universitat Pompeu Fabra’s (Barcelona, Spain) student community. All participants were explained about the procedures by the experimenter and provided informed consent to participate in the study. The protocol was approved by the local Ethical Committee “Clinical Research Ethical Committee (CEIC) Parc de Salut Mar” (Barcelona, Spain).

Procedure

The experiment was organized in three main blocks: learning, encoding and retrieval. In all blocks, participants were asked to navigate a virtual maze comprising a central and four satellite rooms (Figure 1A). Each room had a unique visual texture on its walls (i.e., concrete, stone, brick and wood) and was connected to a second room and to the center room. During all blocks participants had to perform a navigation task, which consisted of finding a target room (indicated in the user interface, UI, Figure 1B) and memorize (encoding block) or recognize (testing block) a discrete stimulus. A trial was defined as the action of reaching the room and memorize/recognize the correspondent stimulus. The starting position for the first trial in each block was set to the central room for all participants. The sequence of rooms to visit was randomized. In all blocks participants were instructed to perform the task until they visited all images. Participants experienced the 3D world sitting in front of a 32″ computer screen and interacted with the application using the keyboard and the mouse. The VR application was created using the Unity3D game engine (Unity Technologies, San Francisco, CA, USA).
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FIGURE 1. Task description. (A) A view showing the spatial layout of the maze. Four satellite rooms are connected to a central one. (B) Twenty items are positioned in one of the walls in each room forming a 5 × 4 matrix. The target room at each trial is indicated in the top right of the user interface (UI) with a texture. (C) Schematic showing a trial in each of the phases of the experiment.



The experiment evolved over three blocks (Figure 1C).

Learning block. The objective of the learning block was for the user to gain spatial knowledge of the maze before the start of memory encoding and to help participants to familiarize themselves with the interface. Before starting navigation, subjects were shown a map of the environment and explained the characteristics of the maze. During navigation, they were asked to reach the target room indicated in the UI at each trial, until they completed 10 rooms.

Encoding block. In the encoding block, subjects had to memorize 80 images that were encountered during navigation. Images were located in one of the walls of each room in a 5 × 4 matrix (20 images per room). The matrix was designed so that each item would be associated with a unique spatial context in the environment, determined by its location in the maze (room) and its position on the wall. When the target room was reached at each trial, the correspondent stimulus was presented for 1 s, and then made invisible for the rest of the block.

Testing block. In the testing block subjects were asked to navigate again and visit a new set of 80 images (20 per room), from which half have been seen previously and half were new. As in the encoding phase, after reaching the target room at each trial, an item was revealed for 1 s. After stimulus presentation, subjects were asked to indicate whether they had seen the image in the previous block of the experiment using a 6 points confidence scale—from 1 (Sure unfamiliar) to 6 (Sure familiar) as in a traditional recognition memory experiment (Squire et al., 2007). The confidence question was presented in the UI and remained visible until participants reported their answers.

Two categories of items were distinguished: those presented in the same room and position on the wall matrix during the encoding and retrieval phases of the experiment (congruent items), and those presented in a different room and position on the wall (incongruent items).

All items (targets and lures) were extracted from the same pool of images belonging a dataset available in Moreno-Martínez and Montoro (2012). From the 360 objects in the dataset, a smaller pool of 160 items was selected from eight semantic categories (food, furniture, human body, musical instruments, buildings, tools, clothes and animals). For each subject separately, a subset of 80 images was selected randomly from this pool of 160 images, and assigned (again randomly) to specific conditions. In total, 20 images were assigned to the congruent condition and 20 to the incongruent condition. Eighty images were assigned to the “new” condition, from which 40 were presented during encoding and not shown at retrieval, and 40 were presented at retrieval but not shown during the encoding phase of the experiment.

Participants were not instructed to optimize their spatial behavior in order to find the shortest path connecting two rooms, but were informed about the spatial layout of the environment during the learning phase.

Dependent Variables

Three dependent variables were measured in the experiment.

Recognition accuracy: number of correct answers divided by the total number of trials in a correspondent condition.

Decision Time (DT): time elapsed from question onset until participant’s responses. We only considered correct responses and excluded trials in which it was more than 2.5 SD away from the mean for each participant separately.

Navigation Optimality: ratio between the shortest possible trajectory length connecting initial and target rooms at each trial and the actual trajectory length of that trial. The measurement ranges from 0 (if a subject never reaches the target room) to 1 (shortest trajectory length). Given the shape of the environment, only one possible combination of corridors connecting two rooms was the correct choice to achieve optimal performance. This measure was created to evaluate how well participants learnt the maze before the testing phase of the experiment.

A repeated measures ANOVA model was built to characterize the relationship between familiarity (novel/familiar), and confidence (high/low) with recognition performance. A second ANOVA model was constructed to quantify the influence of elapsed time (short/long) and old item condition (congruent-incongruent) on recognition performance. For the analysis of DTs we used a one-way ANOVA with factor item condition (old congruent—old incongruent—new). Pairwise post hoc comparisons were performed using paired t-tests. All reported post hoc tests are corrected for multiple comparisons using the Bonferroni method.

RESULTS

Overall Results

We first aimed to evaluate if our VR based recognition test could capture the dynamics of recognition memory previously identified in traditional laboratory setups (Squire et al., 2007; Wixted, 2007). We conducted a Receiver Operating Characteristic (ROC) analysis for each participant, to assess how well they could discriminate targets and lures at different levels of confidence. A ROC is simply a plot of the hit rate (old items are correctly identified as old) as a function of the false-alarm rate (new items are incorrectly identified as old) at different levels of confidence (Squire et al., 2007).

All participants performed above chance levels (0.5 for Hits and False Alarms, along the diagonal in Figures 2A,B) at different levels of confidence. The average area under the curve (AUC) was 0.86 ± 0.01 (SE, Figure 2B). As expected for declarative memories (Kahana, 2012), the z-ROC curve was asymmetrical along the chance diagonal (mean z-ROC slope = 0.86), indicating a greater variance in the distribution of the old items memory strength (Squire et al., 2007).
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FIGURE 2. Recognition performance. (A) Performance as a function of proportion of trials correctly and incorrectly identified. Each point is one session (n = 33); red point indicates the mean performance. (B) Behavioral Receiver Operating Characteristic (ROC) curve for individual sessions (gray) and average (red). Each data point is a different confidence level. (C) Response probabilities for familiar and novel, correct and incorrect items. Error bars represent ± SE across subjects. (D) Normalized recognition accuracy was significantly higher in trials recognized with high confidence compared to low confidence trials. ***P ≤ 0.001. P values are corrected for multiple comparisons.



Participants responded in general with high confidence (74.9% of the trials, SE = 4.6%); medium and low confidence were assigned less frequently and in similar proportions (M = 17.4%, SE = 2.3% and M = 13.3%, SE = 1.7% respectively, Figure 2C). Due to this unequal distribution, we pooled data from trials with intermediate and low confidence ratings for a comparison between high and low confidence with an equivalent number of samples. Normalized accuracy was significantly better in the high confidence group (0.89 ± 0.01 vs. 0.64 ± 0.02; main effect of confidence, F(1,32) = 97.9, P < 0.01, η2 = 0.76). Post hoc tests revealed that indeed performance for items retrieved with high confidence was significantly higher than low confidence trials t(32) = 9.98, p < 0.01, d = 1.73; Figure 2D.

In general, these results are consistent with a recent report that measured performance, confidence and decision times (DTs) in a traditional recognition memory experiment (Rutishauser et al., 2015), suggesting that the main features of recognition memory were well captured by our spatial test.

Spatial Behavior

The analysis of spatial behavior revealed that all four satellite rooms were occupied an equivalent amount of time across participants (Wood: M: 12.72 min, SD = 1.41 min, Stone: M = 12.9 min, SD = 1.57 min, Brick: M = 12.64 min, SD = 1.46 min, Concrete: M = 12.54 min, SD = 1.4 min, F(3,96) = 2.58, P = 0.06, η2 = 0.07, Figure 3A). Two example trajectories are shown in Figure 3B.
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FIGURE 3. Navigation performance. (A) Mean time of all participants in each room. Error bars represent ±SD across subjects. (B) Example trajectories from the same participant indicating different optimality values (green = 0.97, pink = 0.60). (C) Optimality in navigation as a function of trial number. Trial 80 marks the start of the testing block. Blue line represents mean optimality and shaded area the standard deviation. (D) Navigation optimality as a function of recognition accuracy. Blue line shows the least square fit.



Participant’s navigation was close to optimal after the learning session, although some learning also took place during the first trials of the encoding block (Figure 3C). Mean optimality was higher in the testing block (M = 0.91, SE = 0.01) compared to the encoding block (M = 0.87, SE = 0.009, t(32) = 7.76, p < 0.01, d = 1.35; Figure 3C). The individual data revealed the different profile of responses observed across participants (Supplementary Figure S1).

We aimed to assess the statistical dependency of navigation optimality and recognition accuracy. For this we calculated a mean optimality value for each session and participant. Neither optimality or recognition accuracy were normally distributed (Shapiro Wilk’s normality test, p < 0.05). Therefore, we used the Spearman’s rank correlation coefficient. Results indicated that optimality in navigation and overall performance in the recognition test were positively correlated, r(3753) = 0.37, p = 0.03, Figure 3D.

We next assessed the relationship between the two variables by dividing subjects into those who scored high in navigation optimality (>median of all subjects), and those that performed low (<median). Recognition accuracy was not significantly different in the two groups t(29) = 1.5, p = 0.14, d = 0.53.

Spatial Context Modulates Recognition Performance

The main objective of this research was to assess differences in performance related to the congruency of spatial context of items at encoding and retrieval. Target items in the retrieval block were presented in the same room and position on the wall with respect to their location when encoding took place (congruent trials), or in a different room and different position on the wall (non-congruent trials).

A repeated measures ANOVA model revealed a main effect of item condition (old congruent–old incongruent) in recognition performance, F(1,32) = 7.77, P < 0.01, η2 = 0.19. Post hoc analysis confirmed that accuracy in recognition was better for congruent compared to non-congruent trials (Congruent: M = 0.87, SE = 0.01, Non-congruent: M = 0.81, SE = 0.02, t(32) = 2.9, p = 0.01, d = 0.51, Figure 4A).
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FIGURE 4. Recognition performance for congruent and non-congruent items. (A) Normalized accuracy in non-congruent and congruent trials. (B) Decision Time (DT) for non-congruent and congruent trials. **P ≤ 0.01. P values are corrected for multiple comparisons.



Given that the testing block included a recognition test at each trial, mean duration was significantly higher in the testing as compared to the encoding block (Encoding: M = 28.67, SD = 3.75, Testing: M = 33.45, SD = 7.51, t(32) = 4.1, p < 0.01, d = 0.71). Since subjects navigated with different levels of optimality and that the order of presentation of items was randomized, the target item’s elapsed time between encoding and retrieval was different at each trial. To assess the influence of this factor in recognition performance, we split trials into those with short and long elapsed time (below and above the median for each subject) and included this factor in our ANOVA model. We found a main effect of elapsed time on recognition performance (F(1,32) = 4.89, P < 0.05, η2 = 0.13). This effect did not reach significance after Bonferroni correction in the Post hoc Analysis (Short: M = 0.86, SE = 0.01, Long: M = 0.82, SE = 0.01, t(32) = 2.23, p = 0.09, d = 0.38). No interaction between elapsed time and item condition was found (F(1,32) = 0.01, P < 0.89, η2 = 0.0005).

We next checked whether the observed differences in performance for congruent and incongruent items were confirmed in DT. Analysis showed a significant main effect of condition F(2,64) = 10.88, p < 0.01. Post hoc analysis revealed that although DT was shorter for congruent items (M = 0.87, SE = 0.09), compared to non-congruent (M = 0.98, SE = 0.11), this difference did not reach significance after Bonferroni correction, t(32) = 2.9, p = 0.05, d = 0.4 (Figure 4B). New items, on the other hand, were recognized with significantly larger DTs than old congruent and old incongruent trials (new: M = 1.2, SE = 0.11), compared to old congruent t(32) = 4.56, p < 0.01, d = 0.79; compared to old incongruent t(32) = 7.14, p < 0.01, d = 1.24.

DISCUSSION

According to the encoding specificity principle (Tulving and Thomson, 1973), human memory is improved when information available at encoding is also available at retrieval. Previous research has shown that the principle is valid in recognition memory (Smith and Vela, 2001), although in highly constrained experimental setups. Here, we approached the problem from the perspective of space and human spatial behavior. Using VR, we could generate encoding and retrieval conditions that are more likely to occur in the real world, and that are known to modulate memory in rodents (Rennó-Costa et al., 2010; Lu et al., 2013). In our setup, each item to be learned was associated with a unique spatial context, and active navigation was required to reach the items at encoding and retrieval. This allowed us to create a strong contextual association for each item, which included spatial and navigational aspects.

Our results confirm a significant modulation of recognition memory by incidental context. Recognition accuracy was significantly higher for items in which contextual information was congruent compared to those in which it was different. Furthermore, we identified a tendency for congruent items to be recognized in shorter DTs as compared to incongruent ones, although this difference did not reach significance after Bonferroni correction (p = 0.05).

These findings contribute to a long tradition of investigations that have explored the modulation of recognition memory by environmental context in experimental psychology. Indeed, early studies have reported mixed results on the effects of spatial context in recognition i.e., inexistent (Fernandez and Glenberg, 1985) or small (Smith, 1985; Murnane and Phelps, 1994). Our data confirms the current view that such effects exist (Smith and Vela, 2001), and we further quantify that recognition accuracy was 6% higher for items in which spatial position at encoding and retrieval was congruent compared to that of trials in which it was different (a bigger effect than the 2% reported for instance in Smith, 1985, for lists of words).

On the other hand, the analysis of trajectory data revealed that on average subjects learned the maze throughout the experiment, which is reflected in the increased navigation performance during the testing as compared to the encoding block. Interestingly, we observed that navigation optimality and recognition accuracy were positively correlated. However, the observed variability in the individual data indicated that navigation optimality was differently liked to performance in the memory test across subjects (Supplementary Figure S1). For instance, subject 15 navigated optimally (Mean optimality = 0.96) but had an overall recognition accuracy of 0.68, whereas subject 8 navigated similarly well (Mean optimality = 0.98), with an overall memory of 0.975. The high inter-subject variability and the fact that some subjects performed poorly in the last trials of the encoding block suggests that participants used different strategies to navigate and did not learn the maze equally. Although the positive correlation we observe is consistent with a critical role of space representation in the association of items with their context (Nadel, 2008), the relationship of spatial learning and memory for spatialized items will require further investigation.

A final remark related to the spatial behavior analyses is that navigation performance affected the time elapsed between the encoding and retrieval blocks of the experiment. At an item level, the time elapsed between these two moments was dependent on spatial performance and on the order of presentation of stimuli, which was randomized. We controlled for this potential confound variable in our analyses and found that time elapsed did not significantly affected memory and did not interact with the modulation of recognition performance by spatial-context previously discussed.

In terms of overall accuracy, our results are consistent with several studies that have characterized human behavior in recognition memory experiments (Squire et al., 2007; Rutishauser et al., 2015). This can for instance be appreciated in the asymmetrical shape of the ROCs, the distribution of AUCs, the enhanced performance in high confidence trials as compared to low confidence ones, or in the faster DTs for familiar items as compared to new ones (Squire et al., 2007; Rutishauser et al., 2015).

Moreover, our results suggest that VR can be a powerful tool to investigate the modulation of memory by incidental context. Previous studies have questioned the validity of virtual environments for the study of spatial behavior and particularly route memory (van der Ham et al., 2015). Indeed, disembodied navigation does not capture key factors of navigation that affect memory, such as proprioceptive or vestibular information (Chrastil and Warren, 2012). Nonetheless, it is likely that the effects we observe are not related solely to the visual information associated with the items, but to a broader context which includes spatial and navigational aspects. It has been shown that the brain systems for navigation including Grid and Place cells activate during stationary VR navigation (Ekstrom et al., 2003; Jacobs et al., 2013). Moreover, place cells that fire when specific items are encoded during navigation in Desktop VR also discharge when these items are retrieved in free recall (Miller et al., 2013). We speculate that the activity of place cells representing space might have contributed to a stronger context effect in our setup, even in the absence of real movement. Indeed, even if subjects were not actually moving when the stimulus was presented, each item was shown in a specific place, i.e., a room, probably encoded by place cells in the hippocampus. The specific contribution of embodiment in the modulation of memory will remain to be determined in future experiments.

In future research, we also aim to investigate the neural signatures of the behavioral effect we observe in the human hippocampus, a key structure in the binding of items and context (Bird and Burgess, 2008; Nadel, 2008; Dede et al., 2013). Indeed, previous research conducted with intracranial recordings in humans has shown increases in hippocampal gamma power for associative vs. non-associative recognition in a non-spatial setup (Staresina et al., 2016). Moreover, neurons in the hippocampal formation have been reported to encode several components of recognition tasks, such as object categories, novelty/familiarity and confidence (Rutishauser et al., 2015). Hippocampal cells have also been linked to the encoding of recollection and familiarity—both key cognitive processes that are thought to underlie recognition memory (Merkow et al., 2015).

In summary, by extending the study of recognition memory to the domain of spatial behavior, we report for the first time human behavioral data expressing the link between space and recognition memory performance. This is a novel finding that extends our current understanding of recognition memory, and could be used in the design of novel educational paradigms (Pacheco et al., 2014).

AUTHOR CONTRIBUTIONS

The original hypothesis was advanced by PFMJV and DP, MS-F, AD and PFMJV contributed to the concept and design of the experiment. Testing and data collection were performed by DP. Data analysis and interpretation were conducted by DP and MS-F, DP and PFMJV wrote the manuscript. All authors approved the final version of the manuscript for submission.

FUNDING

The research leading to these results has received funding from the ERC grant agreement n° 341196 (CDAC).

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: http://journal.frontiersin.org/article/10.3389/fnbeh.2017.00143/full#supplementary-material

REFERENCES

Bird, C. M., and Burgess, N. (2008). The hippocampus and memory: insights from spatial processing. Nat. Rev. Neurosci. 9, 182–194. doi: 10.1038/nrn2335


Carassa, A., Geminiani, G., Morganti, F., and Varotto, D. (2002). Active and passive spatial learning in a complex virtual environment: the effect of efficient exploration. Cogn. Process. 3–4, 65–81.


Chen, G., King, J. A., Burgess, N., and O’Keefe, J. (2013). How vision and movement combine in the hippocampal place code. Proc. Natl. Acad. Sci. U S A 110, 378–383. doi: 10.1073/pnas.1215834110

Chrastil, E. R., and Warren, W. H. (2012). Active and passive contributions to spatial learning. Psychon. Bull. Rev. 19, 1–23. doi: 10.3758/s13423-011-0182-x

Chrastil, E. R., and Warren, W. H. (2013). Active and passive spatial learning in human navigation: acquisition of survey knowledge. J. Exp. Psychol. Learn. Mem. Cogn. 39, 1520–1537. doi: 10.1037/a0032382

Christou, C. G., and Bülthoff, H. H. (1999). View dependence in scene recognition after active learning. Mem. Cognit. 27, 996–1007. doi: 10.3758/bf03201230

Dede, A. J., Wixted, J. T., Hopkins, R. O., and Squire, L. R. (2013). Hippocampal damage impairs recognition memory broadly, affecting both parameters in two prominent models of memory. Proc. Natl. Acad. Sci. U S A 110, 6577–6582. doi: 10.1073/pnas.1304739110

Ekstrom, A. D., Kahana, M. J., Caplan, J. B., Fields, T. A., Isham, E. A., Newman, E. L., et al. (2003). Cellular networks underlying human spatial navigation. Nature 425, 184–188. doi: 10.1038/nature01964

Fernandez, A., and Glenberg, A. M. (1985). Changing environmental context does not reliably affect memory. Mem. Cognit. 13, 333–345. doi: 10.3758/bf03202501

Gaunet, F., Vidal, M., Kemeny, A., and Berthoz, A. (2001). Active, passive and snapshot exploration in a virtual environment: influence on scene memory, reorientation and path memory. Cogn. Brain Res. 11, 409–420. doi: 10.1016/s0926-6410(01)00013-1

Geiselman, R. E., and Bjork, R. A. (1980). Primary versus secondary rehearsal in imagined voices: differential effects on recognition. Cogn. Psychol. 12, 188–205. doi: 10.1016/0010-0285(80)90008-0

Geiselman, R. E., and Glenny, J. (1977). Effects of imagining speakers’ voices on the retention of words presented visually. Mem. Cognit. 5, 499–504. doi: 10.3758/bf03197392

Giocomo, L. M., Moser, M. B., and Moser, E. I. (2011). Computational models of grid cells. Neuron 71, 589–603. doi: 10.1016/j.neuron.2011.07.023

Hockley, W. E. (2008). The effects of environmental context on recognition memory and claims of remembering. J. Exp. Psychol. Learn. Mem. Cogn. 34, 1412–1429. doi: 10.1037/a0013016

Jacobs, J., Weidemann, C. T., Miller, J. F., Solway, A., Burke, J. F., Wei, X. X., et al. (2013). Direct recordings of grid-like neuronal activity in human spatial navigation. Nat. Neurosci. 16, 1188–1190. doi: 10.1038/nn.3466


Kahana, M. J. (2012). Foundations of Human Memory. New York, NY: Oxford University Press.


Leutgeb, J. K., Leutgeb, S., Moser, M. B., and Moser, E. I. (2007). Pattern separation in the dentate gyrus and CA3 of the hippocampus. Science 315, 961–966. doi: 10.1126/science.1135801

Lisman, J. (2015). The challenge of understanding the brain: where we stand in 2015. Neuron 86, 864–882. doi: 10.1016/j.neuron.2015.03.032

Lu, L., Leutgeb, J. K., Tsao, A., Henriksen, E. J., Leutgeb, S., Barnes, C. A., et al. (2013). Impaired hippocampal rate coding after lesions of the lateral entorhinal cortex. Nat. Neurosci. 16, 1085–1093. doi: 10.1038/nn.3462

Merkow, M. B., Burke, J. F., and Kahana, M. J. (2015). The human hippocampus contributes to both the recollection and familiarity components of recognition memory. Proc. Natl. Acad. Sci. U S A 112, 14378–14383. doi: 10.1073/pnas.1513145112

Miller, J. F., Neufang, M., Solway, A., Brandt, A., Trippel, M., Mader, I., et al. (2013). Neural activity in human hippocampal formation reveals the spatial context of retrieved memories. Science 342, 1111–1114. doi: 10.1126/science.1244056

Moreno-Martínez, F. J., and Montoro, P. R. (2012). An ecological alternative to Snodgrass & Vanderwart: 360 high quality color images with norms for seven psycholinguistic variables. PLoS One 7:e37527. doi: 10.1371/journal.pone.0037527

Murnane, K., and Phelps, M. P. (1994). When does a different environmental context make a difference in recognition? A global activation model. Mem. Cognit. 22, 584–590. doi: 10.3758/bf03198397


Nadel, L. (2008). “The hippocampus and context revisited,” in Hippocampal Place Fields: Relevance to Learning and Memory, ed. S. J. Y. Mizumori, (New York, NY: Oxford University Press), 3–15.



Pacheco, D., Wierenga, S., Omedas, P., Wilbricht, S., Knoch, H., and Verschure, P. F. (2014). “Spatializing experience: a framework for the geolocalization, visualization and exploration of historical data using VR/AR technologies” in Proceedings of the 2014 Virtual Reality International Conference. (New York, NY: ACM), p. 1.


Rennó-Costa, C., Lisman, J. E., and Verschure, P. F. (2010). The mechanism of rate remapping in the dentate gyrus. Neuron 68, 1051–1058. doi: 10.1016/j.neuron.2010.11.024

Rutishauser, U., Ye, S., Koroma, M., Tudusciuc, O., Ross, I. B., Chung, J. M., et al. (2015). Representation of retrieval confidence by single neurons in the human medial temporal lobe. Nat. Neurosci. 18, 1041–1050. doi: 10.1038/nn.4041

Silva, D., Feng, T., and Foster, D. J. (2015). Trajectory events across hippocampal place cells require previous experience. Nat. Neurosci. 18, 1772–1779. doi: 10.1038/nn.4151

Smith, S. M. (1985). Environmental context and recognition memory reconsidered. Bull. Psychon. Soc. 23, 173–176. doi: 10.3758/bf03329818

Smith, S. M., and Vela, E. (2001). Environmental context-dependent memory: a review and meta-analysis. Psychon. Bull. Rev. 8, 203–220. doi: 10.3758/bf03196157

Song, E. Y., Kim, Y. B., Kim, Y. H., and Jung, M. W. (2005). Role of active movement in place-specific firing of hippocampal neurons. Hippocampus 15, 8–17. doi: 10.1002/hipo.20023

Squire, L. R., Wixted, J. T., and Clark, R. E. (2007). Recognition memory and the medial temporal lobe: a new perspective. Nat. Rev. Neurosci. 8, 872–883. doi: 10.1038/nrn2154

Staresina, B. P., Michelmann, S., Bonnefond, M., Jensen, O., Axmacher, N., and Fell, J. (2016). Hippocampal pattern completion is linked to gamma power increases and alpha power decreases during recollection. Elife 5:e17397. doi: 10.7554/elife.17397

Tarr, M. J., and Warren, W. H. (2002). Virtual reality in behavioral neuroscience and beyond. Nat. Neurosci. 5, 1089–1092. doi: 10.1038/nn948

Tulving, E., and Thomson, D. M. (1973). Encoding specificity and retrieval processes in episodic memory. Psychol. Rev. 80, 352–373. doi: 10.1037/h0020071

van der Ham, I. J., Faber, A. M., Venselaar, M., van Kreveld, M. J., and Löffler, M. (2015). Ecological validity of virtual environments to assess human navigation ability. Front. Psychol. 6:637. doi: 10.3389/fpsyg.2015.00637

Wilson, P. N., Foreman, N., Gillett, R., and Stanton, D. (1997). Active versus passive processing of spatial information in a computer-simulated environment. Ecol. Psychol. 9, 207–222. doi: 10.1207/s15326969eco0903_3

Wixted, J. T. (2007). Dual-process theory and signal-detection theory of recognition memory. Psychol. Rev. 114, 152–176. doi: 10.1037/0033-295x.114.1.152

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2017 Pacheco, Sánchez-Fibla, Duff and Verschure. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) or licensor are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fnbeh-11-00143-g004.gif
Congruent

Non Congruent

T T T T T T
VL 0+ 60 80 L0 90

< Aorinooy uonubooay

S0

Congruent

Non-Congruent





OPS/images/fnbeh-11-00143-g002.gif
Hit Rate

Probability of response

0.2 0.4 0.6 0.8 1.0

0.0

0.1 0.2 0.3 04 05

0.0

B o
o
©
‘29 %@ o © S
S598° ©%
o %o © Q
o 2 o
T
<
E
)
©  Individual Session o Individual Session
*  Mean ° —— Mean
—— Chance —— Chance
=]
S
T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Alarm Rate False Alarm Rate
D
—— Familiar
Q
—— Novel -
—— Correct § _—
Incorrect 5 ®
8 o H L
<
§ S
£ Q@ 8
5 © °©
8
8
3
T <
=}
. — o
o
T T T T T T T T
Now Now Now o o o N
High Med Low Low Med High Low High

Response

Confidence





OPS/images/fnbeh-11-00143-g003.gif
A B

15

0.7

06
L

| | | | 1500
| [ I I 1000
5 ° 2 500
£ c
=3 z 0
g - £ -500
— >
a2 1000
° T e soe s o °%°=3060-1600 0 1000 2000
Room Virtual units
c D
11 Ca—
2 o ° OO
1.0 R MR
£ 0.9 < 3—/
€ 5 ° e
g 08 :‘g ~
S €5, .
Q )
3
14 N °

0.6

0 20 40 60 80 100120140160 0»‘75 o.lsu 0'85 0;0 0'95

Trial Number Navigation Optimality





OPS/images/crossmark.jpg





OPS/images/fnbeh-11-00143-g001.gif
B
@ Learning Encoding Testing

An item is presented
in the interface for
1 second

Find the sphere
in the target room

Participants are tested
in their ability to
discriminate targets
from lures
Visit 9 rooms Remember a set of 80 images. Anew set of 80 images:
from 8 semantic categories 40 targets (20 congruent and

20 non-congruent)
20 lures






OPS/images/cover.jpg
’ frontiers _
In Behavioral Neuroscience










OPS/images/logo.jpg
’ frontiers )
in Behavioral Neuroscience





