
Positive and Negative Retinotopic Codes in the Human 
Hippocampus 

 

Peter A. Angeli1,6*, Adam Steel1,2,3, Edward H. Silson4, Caroline E. Robertson1,5** 
1 Department of Psychology, Dartmouth College, Hanover, NH, USA 
2 Beckman Institute, University of Illinois Urbana-Champaign, Urbana, IL, USA 
3 Department of Psychology, University of Illinois Urbana-Champaign, Urbana, IL, USA 
4 Department of Psychology, University of Edinburgh, Edinburgh, UK 
5 Senior Author 
6 Lead Contact 

* Correspondence: peter.a.angeli@dartmouth.edu 

** Correspondence: caroline.e.robertson@dartmouth.edu 

 

Competing interest: The authors declare no competing interests. 

 

Data availability: All raw and minimally processed data is made publicly available via the Natural Scenes 
Dataset (naturalscenesdataset.org). Subsequently analyzed data available from lead contact upon 
request. 

 

Code availability: All analyses performed with publicly available code packages. Additional information 
needed for reanalysis or replication is available from the lead contact upon request. 

 

Acknowledgements: The authors would like to thank the Natural Scene Dataset authors for making their 
data publicly available. This work was supported by funding from the National Institutes of Mental Health 
under award number R01MH130529 to CER, from the Neukom Institute for Computational Sciences to 
AS, and from the Biotechnology and Biological Sciences Research Council award BB/V003917/1 to EHS. 

 

Number of Figures: 4 

Number of Tables: 0 

Number of Supplemental Figures: 6 

Abstract Word Count: 221 

Main Text + Figure Legend Word Count: 2303 

  

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted October 5, 2024. ; https://doi.org/10.1101/2024.09.27.615397doi: bioRxiv preprint 

mailto:peter.a.angeli@dartmouth.edu
mailto:caroline.e.robertson@dartmouth.edu
https://doi.org/10.1101/2024.09.27.615397
http://creativecommons.org/licenses/by-nc-nd/4.0/


Abstract 
   The hippocampus is thought to coordinate sensory-mnemonic information streams in the 
brain, representing both the apex of the visual processing hierarchy and the central hub of 
mnemonic processing. Yet, the mechanisms underlying sensory-mnemonic interactions in the 
hippocampus are poorly understood. Recent work in cortex suggests that a retinotopic code – 
typically thought to be exclusive to visual areas – may help organize internal and external 
information at the cortical apex via opponent interactions. Here, we leverage high-resolution 7T 
functional MRI to test whether a bivalent retinotopic code structures activity within the human 
hippocampus and mediates hippocampal-cortical interactions. In seven densely-sampled 
individuals, we defined the retinotopic preferences of individual voxels within the hippocampus 
and cortex during a visual mapping task, as well as their functional connectivity during 
independent runs of resting-state fixation. Our findings reveal a robust retinotopic code in the 
hippocampus, characterized by stable population receptive fields (pRFs) with consistent 
preferred visual field locations across experimental runs. Notably, this retinotopic code is 
comprised of roughly equal proportions of positive and negative pRFs, aligning with the 
hypothesized role of negative pRFs in mnemonic processing. Finally, the signed amplitude of 
hippocampal pRFs predicts functional connectivity between retinotopic hippocampal and cortical 
voxels. Taken together, these results suggest that retinotopic coding may scaffold internal 
mnemonic and external sensory information processing within the hippocampus, and across 
hippocampal-cortical interactions. 

 

Introduction 
   Classic views of the brain posit that sensory and mnemonic information occupy opposite poles 
of the visual processing hierarchy (Felleman and Van Essen 1991). As information ascends the 
visual hierarchy toward the hippocampus, it is thought that representations become 
progressively more memory-oriented, gradually shedding sensory-based neural codes such as 
retinotopy. However, recent findings challenge this view. Even in the hippocampus – at the apex 
of this hierarchy – signatures of egocentric sensory information processing, including retinotopy, 
appear to be more preserved than previously thought. For example, recent evidence for the 
coding of egocentric visual information has been found in the hippocampus of both rodents 
(Acharya et al. 2016; Purandare et al. 2022) and non-human primates (Gulli et al. 2020), while 
representations of the retinal position of visual stimuli have been found in the human 
hippocampus (Knapen 2021; Silson et al. 2021). These findings are particularly striking given 
the well-established role of the hippocampus in episodic memory (Scoville and Milner 1957; 
Cohen and Squire 1980) and potentially related abstract representations like allocentric spatial 
position (O’Keefe and Dostrovsky 1971). How might a retinotopic code support information-
processing within this core memory structure? 

   A possible clue comes from recent studies describing retinotopic coding in memory-related 
cortical regions such as the default network (DN). In contrast to the positive response typically 
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observed in visual regions, retinotopy in the DN is characterized by decreased activity during 
visual presentation (Szinte and Knapen 2020; Klink et al. 2021; Knapen 2021; Steel et al. 2024). 
Notably, this negative retinotopic response structures an opponent dynamic between mnemonic 
regions within the DN and nearby perceptual regions containing positive retinotopic responses 
(Steel et al. 2024). This relationship suggests that retinotopic codes may help coordinate 
sensory-mnemonic interactions across cortical networks by “tagging” mnemonic vs. perceptual 
information streams at the cortical apex. Yet, to date, it is unknown whether this bivalent 
retinotopic code exists in the hippocampus, or how it might shape hippocampal-cortical 
interactions. 

   Here, we leverage high-resolution 7T functional MRI of independent visual mapping and 
resting-state fixation tasks to test whether a bivalent retinotopic code structures activity within 
the human hippocampus and mediates hippocampal-cortical interactions. We tested two 
specific hypotheses. First, if positive and negative retinotopy correspond to perceptual and 
mnemonic information, respectively, we would expect negative retinotopic responses in the 
hippocampus during the visual mapping task, given its central role in episodic memory. Second, 
if positive and negative retinotopy support the separation of sensory and mnemonic information, 
we anticipate distinct whole-brain functional connectivity patterns to emerge during fixation for 
each type of hippocampal retinotopy.  

   In brief, our results show the hippocampus contains a robust retinotopic code, with a roughly 
equal proportion of positive and negative population receptive fields (pRFs) distributed evenly 
throughout the hippocampus. Critically, the signed response amplitude of a retinotopic 
hippocampal voxel (i.e. positive or negative) predicts its functional connectivity with retinotopic 
voxels across cortex, suggesting that a bivalent retinotopic code scaffolds information 
processing both within the hippocampus, and across hippocampal-cortical networks. 

 

Results 
   We first sought to understand the percentage of voxels in the hippocampus that displayed 
significant positive or negative retinotopic coding (i.e., were selectively activated or deactivated 
by visual stimulation in a particular part of the visual field). To test whether a voxel was 
retinotopic, we applied a population receptive field (pRF) modeling approach (Fig. 1, Dumoulin 
and Wandell 2008, for implementation see Cox 1996, 2012; Silson et al. 2015; Steel et al. 2024) 
to hippocampal activity from human participants who underwent a sweeping bar visual mapping 
task as part of the Natural Scenes Dataset (Allen et al. 2022, see also Benson et al. 2018). For 
all analyses, we isolated voxels whose retinotopic model fit exceeded that of a control null 
distribution, calculated by applying the retinotopic model to matched-length resting-state fixation 
data (Fig. 2A).  
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Fig. 1. Population receptive field (pRF) modeling approach for identifying both positive and 
negative retinotopic responses in the hippocampus. A. Schematic of fMRI pRF modeling 
paradigm, starting with a sweeping bar visual mapping task, derived from the Human 
Connectome Project RETBAR task (top left, Benson et al. 2018). From task data, we modeled 
the predicted activity for 4 million possible pRFs, covering all possible combinations of x 
position, y position, and size. From these possible time series, the closest match was chosen for 
each voxel of observed data, with flexibility to apply an amplitude scalar (either positive, in red, 
or negative, in blue) to improve fit. Voxels with a positive amplitude parameter are termed 
+pRFs, while those with negative amplitude parameters are termed -pRFs. B. Example voxel 
time series with model fit highlight exceptional model fits in hippocampal voxels. Dots are 
observed time-points, solid line shows the best model fit. Note the increase in activation relative 
to baseline in the +pRF, in contrast to the -pRF's significant deactivation below baseline. 

   Our analysis confirmed the presence of robust and reliable positive and negative pRFs in the 
hippocampus. Pooled across all participants, the average goodness of fit (R2) for hippocampal 
voxels was 0.083, with slightly stronger fits for negative amplitudes than positive (negative mean 
R2 = 0.086, positive mean R2 = 0.081; Welch two-sample t-test, t(7110.5) = -4.612, p < 0.001). 
On average, 9% of hippocampal voxels were significantly well-fit by the retinotopic model, 
exceeding the 95th percentile of model fits on null distribution (Fig. 2A). This proportion of 
significant pRFs is fairly close to the 13% of hippocampal neurons recently identified as showing 
a bidirectional sensitivity to the location of a moving light bar in rodents (Purandare et al. 2022), 
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suggesting a relatively consistent prevalence of visually-responsive hippocampal neurons 
across species.     

 

Fig. 2. Hippocampal pRF modeling is reliable and robustly identifies both + and -pRFs across 
participants. A. The pRF model explains significantly more variance when fit on hippocampal 
activity during a sweeping bar task than when fit on null activity during resting-state fixation. 
Pooling hippocampal voxels across participants (left), the distribution of pRF model fits 
calculated on task data was significantly right shifted compared to those fit on null data 
(asymptotic two-sample Kolmogorov-Smirnov Test, Ha:task < null, all amplitudes: D- = 0.224, p 
< 0.001; positive amplitudes only: D- = 0.217, p < 0.001; negative amplitudes only: D- = 0.239, p 
< 0.001). The task-fit model also explained more variance on a participant level (right, paired t-
test, all amplitudes: t(6) = 3.779, p < 0.001; positive amplitudes only: t(6) = 6.039, p < 0.001; 
negative amplitudes only: t(6) = 3.238, p < 0.05) B. In hippocampal voxels that passed the 
significance thresholds, key pRF features (center position, amplitude) are consistent between 
individual runs of the retinotopic mapping task. Center position consistency was calculated 
using average Euclidian distance between pairs of runs (black dots), while amplitude sign was 
calculated using a 3-run Dice-like coefficient (red and blue dots). Significant voxel coefficients 
were compared against distribution of coefficients sampled from all hippocampal voxels. Each 
point is a participant, from left to right: subj01, subj02, subj04, subj05, subj06, subj07, and 
subj08. C. Representative maps of pRF modeling results for each participant. Across 
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participants, 9% of hippocampal voxels displayed significant pRFs, and every participant had 
both positive and negative pRFs. Voxel opacity reflects magnitude of R2 value, and voxels 
passing significance threshold of 0.117 are outlined. Error bars indicate standard error around 
the mean. ***p < 0.001 **p < 0.01 *p < 0.05 

   Intriguingly, the hippocampus showed an equal proportion of positive and negative pRFs 
(+pRFs and -pRFs, for examples see Fig. 1B). Every participant had both +pRFs and -pRFs in 
their hippocampus (Fig. 2C), and on average slightly over half (55%) of the significant 
hippocampal pRFs had a negative response amplitude. We also found a remarkably even 
topographic distribution within the hippocampus, with no significant difference in the prevalence 
of +/-pRFs along the long axis of the hippocampus (Supplemental Fig. 1) or between 
hippocampal subfields (Supplemental Fig. 2). This uniformity in both prevalence and spatial 
location indicates that retinotopically-scaffolded interactions may be relevant to a wide range of 
hippocampal functions.   

   Importantly, these significantly retinotopic voxels also demonstrated stable pRF features (Fig. 
2B). Both center position estimates (i.e., preferred visual field location) and signed response 
amplitude (i.e., positive or negative responses) were highly reliable across different runs of the 
sweeping bar task, as compared with a null distribution of voxels generated by samplings of all 
hippocampal voxels (see Methods; all center position p-values < 0.01; all signed response 
amplitude p-values < 0.05). This shows that, run-to-run, the preferred visual field location of a 
retinotopic voxel in the hippocampus is stable, as is its amplitude (positive vs negative). 

   Given that receptive field features (e.g. visual field bias) have been shown to provide insight 
into function (Groen et al. 2022), we characterized the visual field coverage, size, and 
eccentricity for both positive and negative hippocampal pRFs. First, we replicated previous 
descriptions of a contralateral visual hemifield bias among hippocampal +pRFs (Silson et al. 
2021). Surprisingly, -pRFs did not show a statistically significant preference for the contralateral 
hemifield (Supplemental Fig. 3). In addition, -pRFs were generally smaller and less eccentric 
than +pRFs (Supplemental Fig. 4). These receptive field differences suggest that retinotopically 
organized mnemonic information may be partially decoupled from the bottom-up constraints 
imposed by sensory systems. 

   How does the proportion of -pRFs in the hippocampus compare to visual and mnemonic 
regions downstream in the visual hierarchy (Felleman and Van Essen 1991)? Early visual cortex 
is primarily driven by perceptual information and is dominated by +pRFs (9.6% -pRFS, se: 
1.6%; Fig. 3A) consistent with the well-established role for +pRFs in patterning visual 
perception. Moving up the hierarchy, the proportion of -pRFs gradually increases, even while the 
overall proportion of significant pRFs decreases. In high-level cortex, the visual 
parahippocampal place area (PPA) has 20.7% -pRFs (se: 6.1%) while the anterior portion 
implicated in scene memory (Steel et al. 2021, 2024) has 32% -pRFs (se: 5.1%). This pattern 
culminates in the hippocampus, which has the highest proportion of -pRFs (54.7%, se: 7%). All 
in all, placing the hippocampus within its context in the visual hierarchy strengthens the view the 
+pRFs pattern perceptual information while -pRFs organize mnemonic information. 
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Fig. 3. While pRF prevalence decreases along the visual hierarchy, the proportion of -pRFs 
increases. Top. Regions of interest displayed on the cortical surface over pRF amplitudes in an 
example participant highlights how pRF prevalence changes along the ventral visual stream. 
Bottom. Pooling across participants, -pRF prevalence increases moving up the visual hierarchy, 
despite a decreasing overall proportion of significant pRFs, culminating in the hippocampus with 
the fewest pRFs and highest proportion of -pRFs. ROIs for early visual cortex and PPA provided 
as part of NSD release. PPA split into anterior and posterior portions at center of mass. PPA = 
parahippocampal place area. 

   So far, we have shown the presence of robust positive and negative retinotopic biases for 
voxels within the human hippocampus. Given previous work respectively implicating negative 
and positive pRFs in mnemonic and visual information processing in cortex (Steel et al. 2024), 
we next sought to understand whether +/-pRFs in the hippocampus structure hippocampal-
cortical connectivity.  In other words, are +pRFs in the hippocampus preferentially coupled to 
+pRFs in cortex? To answer this question, we turned to resting-state fixation data from the same 
participants and tested whether the spontaneous resting-state activity of voxels in both the 
hippocampus and cortex was structured by their retinotopic features during the independent 
visual mapping task. We found that cortical pRFs co-fluctuate significantly stronger with 
hippocampal pRFs of the same signed response amplitude (Fig. 4B): positive pRFs in the 
hippocampus are more strongly correlated with positive (vs. negative) pRFs in cortex, and vice 
versa. These results suggest that pRF amplitude sign may structure hippocampal-cortical 
information flow, in addition to organizing intra-hippocampal perceptual and mnemonic 
information. 
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Fig 4. Hippocampal pRFs demonstrate a functional connectivity preference for cortical pRFs of 
the same signed amplitude. A. To assess the influence of pRF amplitude sign on hippocampal-
cortical functional connectivity, we calculated the average activity during resting-state fixation in 
+pRFs, -pRFs, and non-significant pRFs. We then ran a whole brain deconvolution with all three 
average time courses as predictors, with a specific general linear test contrasting hippocampal 
+pRF against hippocampal -pRFs, producing a whole brain "preference" map. B. Hippocampal 
pRFs demonstrated a preference for cortical pRFs of the same signed amplitude in two ways. 
First, using the functional connectivity cortical preference map calculated previously as a mask, 
we found a significantly greater proportion of -pRF voxels among cortical voxels which preferred 
hippocampal -pRFs, compared to those preferring hippocampal +pRFs (left; two-sided paired t-
test; t(6) = 6.024; p = 0.0009). Additionally, the proportion of -pRFs among hippocampal +pRF 
preferring voxels was significantly below 50% (one-sided t-test; t(6) = -9.1, p = 0.00005), while 
in hippocampal -pRF preferring voxels it was significantly above 50% (t(6) = 2.68; p = 0.019). 
This preference was also represented more generally by increased average correlation between 
hippocampal and cortical pRFs of the same signed amplitude, compared against mismatched 
sign (right; one-sided paired t-test; hippocampal -pRFs: t(6) = -2.81, p = 0.015; hippocampal 
+pRFs: t(6) = 3.78, p = 0.005). Error bars indicate standard error around the mean. ***p < 0.001 
**p < 0.01 *p < 0.05 

 

Discussion 
   In conclusion, we investigated retinotopic coding as a possible mechanism for discriminating 
between external sensory information and internal mnemonic information in the human 
hippocampus. In all participants, we found significant retinotopic responses in the hippocampus, 
roughly evenly split between voxels which showed increased signal during visual stimulation 
(+pRFs) and voxels with a relative decrease in signal (-pRFs), and these visually responsive 
voxels had stable features across retinotopic mapping runs. Critically, we demonstrate that the 
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relationship between retinotopic responses in the hippocampus and those in cerebral cortex is 
consistent with a whole-brain organization scheme where +pRFs and -pRFs preferentially 
represent perceptual and mnemonic information, respectively. These results have significant 
implications for understanding hippocampal function and hippocampal-cortical interactions. 

 

Methods 
Overview 

   We used data made publicly available through the Natural Scenes Dataset (NSD, Allen et al. 
2022) which included 8 participants scanned extensively at 7T over the course of several days. 
The high resolution of the data allowed for detailed explorations of hippocampal activity. 
Relevant to the present study, each participant completed both three runs of sweeping bar 
retinotopic mapping task and several runs of a resting-state fixation task. Retinotopy and fixation 
data were minimally preprocessed using manual ICA denoising, and all subsequent analyses 
were performed in participant-specific volume space. To allow for the identification of negative 
retinotopic responses, pRF modeling was performed using AFNI’s mapping procedure 
(3dNLfim). We did not regress global signal, and data were left unsmoothed. 

 

Participants and Data Acquisition 

   Data from the eight participants (ages 19-32) included in the NSD release was used for the 
current study. One participant (subj03) was excluded from all analyses due to an insufficient 
amount of resting-state fixation data which passed our quality control criteria (see Quality 
Control and Preprocessing below). The final set of seven participants had a mean age of 26.1 yr 
(all right-handed; 5 women) and all had normal or corrected-to-normal visual acuity. All 
participants provided informed consent for the study. 

   MRI data was acquired at the Center for Magnetic Resonance Research at the University of 
Minnesota as described in Allen et al. (2022), and the study was approved by the University of 
Minnesota institutional review board. Briefly, anatomical scans were acquired using a 3T 
Siemens Prisma scanner with a 32-channel head coil, including several T1-weighted 
magnetization prepared rapid acquisition gradient echo (MPRAGE, voxel size = 0.8 mm3 
isotropic, TR = 2,400 ms, TE = 2.22 ms, flip angle = 8°, in-plane acceleration factor = 2) and T2-
weighted sampling perfection with application-optimized contrasts using different flip angle 
evolution sequence (SPACE, voxel size = 0.8 mm3 isotropic, TR = 3,200 ms, TE = 563 ms, in-
plane acceleration factor = 2) acquisitions. The remaining data was acquired on a 7T Siemens 
Magnatom scanner and a single-channel-transmit, 32-channel-receive head coil. Functional 
data were gradient-echo echo-planar scans (voxel size = 1.8 mm3 isotropic, TR = 1,600 ms, TE 
=  22 ms, flip angle = 62°, matrix = 120 x 120, field-of-view = 216 mm x 216 mm), corrected with 
dual-echo fieldmaps (matched slice prescription to EPI, voxel size = 2.2 mm x 2.2 mm x 3.6 mm 
TR = 510 ms, TE = 8.16 ms, TE = 9.18 ms). For improved hippocampal segmentation, an 
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additional T2-weighted turbo-spin echo scan was collected (voxel size = 0.357 mm x 0.357 mm 
x 1.5 mm, 56 oblique slices perpendicular to anterior-posterior axis of the hippocampus, TR = 
16,000 ms, TE = 53 ms, in-plane acceleration factor = 2).   

 

Task Paradigms 

   The task for retinotopic mapping was adapted from the Human Connectome Project 
Retinotopy Dataset (Benson et al. 2018, RETBAR1 and RETBAR2) and consisted of a bar 
aperture slowly moving across the visual field in multiple directions, revealing objects at multiple 
scales (i.e. faces, houses, and objects) superimposed on a pink-noise background (Fig. 1A). 
Both the apertures and textures updated at a rate of 15 Hz, and over the course of each run 
covered a circular region with a diameter of 8.4°. For each 300 second run, participants were 
instructed to fixate on a small (0.2° x 0.2°) semi-transparent dot in the center of the screen, and 
indicate with a button press whenever the color of the dot changed (which occurred every 1-5 
sec). Three runs of this task were collected, for a total of 900 seconds of data. Additional 
wedge/ring runs were also acquired as part of the NSD, but here we consider only the bar 
stimulus, consistent with other studies characterizing -pRFs (Szinte and Knapen 2020; Klink et 
al. 2021; Steel et al. 2024). 

   In all resting-state fixation tasks, participants were instructed to fixate on a small white cross 
(0.5° x 0.5°) in the center of a gray screen. In each session where fixation tasks were acquired, 
one run was collected at the beginning of the session, and the other at the end. The first fixation 
run included no additional instructions. For the second fixation run, participants were instructed 
to take a deep breath 12 sec into the run, when the fixation cross turned red for 4 sec. Each run 
of fixation was 300 sec, and between 14 and 34 runs were collected for each participant. 

 

Quality Control and Preprocessing 

     All data was assessed for quality prior to inclusion in the dataset as described in the original 
data release (Allen et al. 2022). Because of the sensitivity of resting-state functional connectivity 
to data quality, particularly motion, we performed additional quality control measures on the 
fixation data. First, to remove artifacts associated with the instructed deep breath during the 
second fixation run in each session, we removed the first 25 TRs (40s) of every fixation run, 
leaving 260 sec (4.25 min) of data. We then assessed the quality of this trimmed data using 
AFNI’s quality control report creation tool (APQC, Taylor et al. 2024). We excluded any 
individual fixation runs with a maximum displacement of greater than 1.8 mm or a framewise 
displacement greater than 0.12 mm. Runs with a maximum displacement between 1 mm and 
1.8 mm, and a framewise displacement of between 0.1 mm and 0.12 mm were assessed on a 
case-by-case basis, and excluded if the movement was the result of large shifts (approach 
similar to Du et al. 2024). After these exclusions, one participant (subj03) had only a single 
fixation run remaining (4.25 min), and so was excluded from the present study’s analyses. The 
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other 7 participants had between 8 and 24 runs (mean: 14, sd: 6.13, 34 - 102 min) of fixation 
after quality control. 

   Retinotopy and fixation data were minimally preprocessed, including unwarping and aligning, 
as described in the NSD data release (Allen et al. 2022). To further denoise the data, we 
performed a manual ICA classification (Griffanti et al. 2014, 2017; Steel et al. 2021), as 
automated ICA denoising tools have poor performance on high resolution data like the NSD 
(Beckers et al. 2023). For each run, the time series was decomposed into independent spatial 
components along with their associated temporal signal using FSL’s melodic ICA (Beckmann 
and Smith 2004). We then assigned each component to either signal or noise using established 
criteria in the field (Griffanti et al. 2017). After classification, all the noise components were 
regressed from the data (fsl_regfit; Griffanti et al. 2014), and the resulting denoised time course 
was normalized to percent signal change. We did not perform global signal regression (Saad et 
al. 2012), and all functional data was left unsmoothed. 

 

Population Receptive Field Modeling 

   For population receptive field (pRF) modeling, we average all three denoised and normalized 
retinotopy runs together to produce a final retinotopy time series, and ran the AFNI modeling 
procedure using 3dNLfim as described in Silson et al. (2015). First, we produced a final 
retinotopy time course by averaging the three identical runs of sweeping bar stimulation. Next, 
the model calculated 4 million predicted time series based on the timing of the presented 
sweeping bar (resampled to the temporal resolution of the fMRI acquisition, TR = 1.333s), each 
corresponding to a simple 2D Gaussian receptive field with a given center position and size. For 
each voxel, the best of these predicted time series was chosen along with a flexible amplitude 
scalar using a combination of Simplex and Powell optimization algorithms, minimizing the least-
squares error between the acquired retinotopy time series and the amplitude-scaled prediction. 
Importantly, amplitude here reflects the relative activation/deactivation of a given voxel to visual 
stimulation of its receptive field. 

     

Reliability and Stability of Hippocampal pRF Modeling  

   To test the reliability of our pRF mapping estimates in the hippocampus, we ran the above 
pRF model on the average time course from all of a participant’s untrimmed (300s) fixation runs 
which passed quality control, using identical model parameters. Critically, the predicted model 
time courses were still based on the sweeping bar stimulus, which participants did not see 
during fixation, producing a null distribution of model parameters absent the modeled visual 
input. We used this null model to both quantifying the reliability of task-derived hippocampal 
pRFs and identify an appropriate R2 cutoff for identifying significant pRF voxels (see Results, 
Fig. 2). Specifically, we chose an R2 threshold corresponding to the 95th percentile of the null 
model (0.117), leaving a 5% chance that a non-retinotopic voxel could erroneously be included 
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in our analysis. We determined this cutoff was optimal for ensuring pRF reliability while also 
maintaining an adequate number of supra-threshold voxels. 

   In addition to this null-distribution guided R2 threshold, we screened out pRFs based model 
estimates of size (sigma) and eccentricity, guided by the size of the presented stimulus 
(diameter 8.4 d.v.a., bar width 1.05 d.v.a). Specifically, we excluded any voxels with a size 
estimate smaller than .42 d.v.a. or larger than 3.78 d.v.a (10% and 90% of the largest possible 
sigma estimate), as well as voxels with a center eccentricity greater than 3.78 d.v.a. (90% of 
maximum possible eccentricity). 

   We also sought to validate the stability of pRF features (amplitude sign and center position) 
between individual runs of the sweeping bar retinotopy task. To do so, we fit the above pRF 
model on each individual run of the sweeping bar stimulus, rather than the average, producing 
three sets of model parameters for each hippocampal voxel. We then applied the voxel-level 
categorization of significant pRFS and non-significant voxels used for the three-run average 
pRF model (described above), ensuring that the significance categorization would not differ 
across runs. To assess center position stability, we calculated for each significant voxel the 
average Euclidean distance between all three pairings of sweeping bar runs (i.e. run 1 - run 2, 
run 1 - run 3, and run 2 - run 3). We quantified amplitude sign stability by binarizing voxels 
according to their amplitude, and calculated a Dice-like coefficient (𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 =
!|#$%&	∩	#$%)	∩	#$%!|
|#$%&|*|#$%)|*|#$%!|

) across all three runs. Specifically, we produced two coefficients per 

participant: a positive amplitude value (significant pRFs with positive amplitudes binarized to 1, 
other significant pRFs set to 0), and a negative amplitude (significant pRFS with negative 
amplitudes binarized to 1, other significant pRFs set to 0). We calculated the significance of 
these stability measures in each participant by z-scoring the values derived from only significant 
pRFs with 5000 additional measures derived from a random sampling of all hippocampal voxels, 
both significant and non-significant. The sampled voxel and significant-only voxel sizes were the 
same. 

 

Functional connectivity 

   We used a resting-state functional connectivity approach to explore how pRF model amplitude 
predicts hippocampal-cortical interactions. We first averaged the time courses of 
hippocampal significant +pRFs, -pRFs, and non-significant voxels for each run of fixation 
(without spatial smoothing), then concatenated all of a participant’s average runs to produce a 
time course for each voxel type. We similarly concatenated the fixation run time courses for 
every voxel in cerebral cortex. Each cerebral time series was then deconvolved (3dDeconvolve) 
with the three average hippocampal time series (+pRFs, -pRFs, non-significant) as predictors, 
followed by a general linear test contrasting the +pRF and -pRF parameters to assess each 
voxels preference for hippocampal positive or negative pRFs. We used this linear deconvolution 
to assess mean correlation by taking the square root of the voxel-level R2, multiplied by the sign 
of the regression coefficient, to produce a Pearson’s r. 
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Visual Field Coverage 

   To assess the visual field coverage of hippocampal pRFs, we applied a max-operator 
approach similar to Silson et al. (2021) and Steel et al. (2024). In each participant, we 
reconstructed the 2D Gaussian corresponding to each significant pRF, with the amplitude fixed 
to 1. We refer to values derived from this Gaussian as pRF values. Next, we stored the max 
pRF value across all significant pRFs with a given amplitude (positive or negative) at each point 
in the visual field, resulting in a max-operator visual coverage map for each participant. Group-
level coverage maps present the average across all participant’s max-operator maps. 
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Supplemental Materials 
 

 

Supplemental Fig 1. Hippocampal pRFs are evenly distributed along the long axis. The 
proportion of significant pRFs (top) or -pRFs among significant pRFs (bottom) calculated in 18 
bins evenly spaced along the hippocampal long axis. Mean across participants is indicated by 
the solid black line, shading indicated standard error around the mean. To establish significant 
differences along the long axis we used a linear mixed-effects model with a random intercept for 
subject (proportion ~ AP bin + (1|subject). This demonstrated that neither the proportion of 
significant pRFs (F(1, 118) = 0.608; p = 0.437) nor the proportion of -pRFs (F(1,118) = 0.469, p 
= 0.495) significantly differed along the long axis.  
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Supplemental Fig 2. Hippocampal pRFs are evenly distributed among subfields. The 
proportion of significant pRFs (top) or -pRFs among significant pRFs (bottom) calculated in 
hippocampal subfield regions automatically generated through Freesurfer. Bars indicate mean 
across participants, error bar is standard error of that mean. To establish significant differences 
we used a linear mixed-effects model with a random intercept for subject (proportion ~ subfield 
+ (1|subject). This demonstrated that neither the proportion of significant pRFs (F(8, 48) = 
1.268; p = 0.282) nor the proportion of -pRFs (F(8,48) = 0.853, p = 0.562)) significantly differed 
significantly between subfields. 
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Supplemental Fig 3. Hippocampal -pRFs deviate from +pRF visual hemi-field preference. We 
found that hippocampal +pRFs preferentially cover the contralateral visual field (top; one-sided 
paired t-test, Ha: μcontra > μipsi; left hemisphere: t(6) = -3.256, p = 0.008; right hemisphere: t(6) = -
1.972; p = 0.048), as previously reported by Silson et al. (2021). In contrast, -pRFs did not show 
a statistically significant bias for the contralateral hemifield (bottom; left hemisphere: t(6) = 
0.863, p = 0.21; right hemisphere: t(6) = 1.648; p = 0.925). 

  

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted October 5, 2024. ; https://doi.org/10.1101/2024.09.27.615397doi: bioRxiv preprint 

https://doi.org/10.1101/2024.09.27.615397
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

Supplemental Fig 4. Compared to hippocampal +pRFs, -pRFs are smaller and less eccentric. 
Plots comparing the size (A) and eccentricity (B) of significant positive and negative pRFS in the 
hippocampus. In both a distribution pooled across participants (left) and on the participant-level 
(right), -pRFs demonstrated a significantly smaller size than +pRFs (pooled statistic: asymptotic 
two-sample Kolmogorov-Smirnov test; participant-level statistic: two-sided paired t-test, t(6) = -
3.981, p = 0.007). Negative pRFs were also significantly less eccentric in the pooled 
distributions, but this effect was not significant on the participant level (p = 0.094) 
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Supplemental Fig 5. Hippocampus-cortex functional connectivity preference maps for all 
participants. 
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Supplemental Fig 6. Convergence of hippocampus-cortex FC preference maps with cortical 
pRF amplitudes. Red colors indicate cortical +pRFs within regions of cortex preferring 
hippocampal +pRFs, and similarly blue for -pRFs. Black indicates a mismatch between FC 
preference and pRF amplitude, either -pRF preference with a +pRF, or vice versa. 
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