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60  Abstract

61 Research on the impairment of episodic memory in Alzheimer's disease often focuses on the
62 processes of memory rather than the content of the specific images being remembered. We recently
63 showed that patients with mild cognitive impairment (MCl), Stage 3 of Alzheimer’s disease, can memorize
64 certain images quite well, suggesting that episodic memory is not uniformly impaired. Certain images, on
65 the other hand, could not be memorized by MCI patients and were instead diagnostic for distinguishing
66 MCI from healthy older adults. In this study, we investigate whether poor memory for diagnostic images is
67 related to impaired neural processing in specific brain regions due to Alzheimer’s biomarker pathology. 64
68 healthy controls and 48 MCI participants in the DELCODE dataset performed a visual scene memory task
69 during fMRI, with CSF Alzheimer’s disease biomarker data collected (i.e., amyloid and tau biomarkers). We
70 found that diagnostic images have larger behavior-biomarker correlations for total tau, phospho-tau,
71 AB42/AB40, AB42/phospho-tau compared to non-diagnostic images, suggesting that memory for these
72 specific images are more affected by Alzheimer’s disease pathology. The fMRI data revealed an interaction
73 effect between group membership (healthy control / MCl) and image diagnosticity (diagnostic /
74 non-diagnostic scene images), with MCI participants having higher activation in scene processing regions
75 (parahippocampal place area, retrosplenial cortex and occipital place area) for diagnostic images than
76 non-diagnostic images. In contrast, healthy controls showed no differences in processing between
77 diagnostic and non-diagnostic images. These results suggest that MCI individuals may engage in
78 inefficiently heightened encoding activation for these diagnostic images. Our results show that special
79 “diagnostic” images exist that can reveal amyloid and tau pathology and differences in neural activity in
80 scene regions.

81

82 Keywords: mild cognitive impairment, memorability, Alzheimer’s disease biomarker, visual memory,
83 scene processing, scene perception

84


https://doi.org/10.1101/2023.11.30.569265
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.30.569265; this version posted December 2, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity.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
available under aCC-BY-NC-ND 4.0 International license.

ss Introduction

86 Memory loss is the earliest major symptom in the progression of Alzheimer’s Disease. Before
87 developing into dementia, many individuals first experience amnestic mild cognitive impairment (MCl),
88 where their memory performance falls significantly below their age-norm. While we know that individuals
89 with MCI generally have worse memory than cognitively normal controls, less is known about the
90 mechanisms of this impairment. Does episodic memory decline equally for all memoranda or do certain
91 memoranda suffer more than others? If the latter is true, which brain regions contribute to
92 content-specific memory loss? Here, we addressed these questions with a content-based exploration of
93 Alzheimer’s biomarker and functional neuroimaging data from healthy controls and MCl individuals.
94 Studies on episodic memory impairment in the face of neurodegeneration have primarily focused on
95 memory processes and tasks rather than memory content (Grande et al., 2021). Typical tasks for memory
96 assessment are designed and performed largely independent of the specific contents to be remembered
97 (Costa et al., 2017). In other words, little effort has been made to evaluate whether specific stimuli are
98 more effective than others in revealing clinical differences. In some cases, different participants are
929 assigned with different stimuli for the same task and the performance is assumed to be comparable.
100 However, this assumption may not be true, as memory for certain contents may be specifically damaged
101 in some dementia stages.
102 Prior works have characterized how memory contents are differentially remembered by people by
103 examining the memorability of images. Memorability is an intrinsic attribute of a visual stimulus that
104 describes the likelihood of successful memory in the general population. For scene images (lsola et al.,
105 2011a), face images (Bainbridge et al., 2013), words (Xie et al., 2020), and many other stimulus types,
106 some items are consistently remembered better than others. Importantly, memorability is driven by
107 characteristics of the stimuli themselves and remains stable across different people. This consistency of
108 memorability is observed in various memory and perceptual task paradigms (Goetschalckx et al., 2017;
109 Broers & Busch, 2020; Bainbridge, 2020) and across different presentation times and delay intervals (e.g.,
110 Borkin et al., 2015; Isola et al., 2013), and is separable from the surrounding image context (Kramer et al.,
111 2023). Memorability is also independent of other cognitive attributes such as attentional state
112 (Wakeland-Hart et al., 2022) and encoding strength or motivation (Bainbridge, 2020). Thus, memorability
113 is an intrinsic attribute for the stimulus that is relatively robust across tasks, contexts and observers. In
114 exploring what makes a stimulus memorable, studies have suggested that semantic attributes explain a
115 large proportion of variance (Kramer et al., 2023), while visual attributes explain much less variance (Isola
116 etal., 2013; Dubey, et al., 2015).
117 Neuroimaging studies have shown that image memorability may influence how specific items are
118 processed and represented throughout visual perception and memory processes. Functional magnetic
119 resonance imaging (fMRI) studies compared activity associated with viewing memorable versus
120 forgettable images while controlling for other low-level visual features and semantic features (Bainbridge
121 et al., 2017). Participants showed more activity in inferotemporal cortex (IT) and medial temporal lobe
122 (MTL) for images that are memorable versus forgettable on average, even when they themselves did not
123 successfully remember the memorable images. These regions engage in high-level visual perception and
124 memory encoding, suggesting that memorability may touch upon both processes. Moreover, the
125 memorability effect is distinct from low-level vision and individual-specific memory processes. Even in
126 non-human primates, image memorability can be predicted from the population magnitude response of
127 IT neurons (Jaegle et al., 2019). The current hypothesis on why the brain shows such sensitivity to
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128 memorability suggests that image memorability is a high-level visual property that reflects the
129 prioritization of certain information for processing and memory (Xie et al., 2020).

130 While many studies have explored memorability in cognitively normal participants, researchers are
131 only starting to test how memorability for the same contents may differ between healthy people and
132 memory-impaired individuals. A recent study tested whether a difference in memorability scores for a
133 stimulus exists across groups, and whether it can be used as a diagnostic tool for MCl assessment
134 (Bainbridge et al., 2019). This study examined a specific set of images for which a large memorability
135 difference was observed between HC and MCI participants. If neurodegeneration causes uniform loss of
136 all memory contents, we should expect a general drop in memorability scores from HCs to MCI
137 participants but find few images that show a drastic memorability difference between the two groups.
138 That is, the images that HCs remember best should also be the images that MCI participants remember
139 best. However, the researchers found that different images were memorable and forgettable in the HC
140 and MCI groups, with a change in memorability patterns. While some images were similarly memorable
141 or forgettable to both HCs and MCI participants, a set of images that was memorable to HCs became
142 forgettable to MCI participants (Figure 1). While memory for other images remained relatively intact, MCI
143 participants showed targeted difficulties in remembering these specific images, indicating that these
144 images may tap into the most vulnerable components of episodic memory. Indeed, classification models
145 based on a participant’s memory for these “diagnostic” images significantly predicted whether a
146 participant belonged to a HC or MCI group better than classification models based on their memory for
147 other images. Cognitive assessments designed to include more of these diagnostic images may have
148 better sensitivity in detecting the subtle memory impairments in early stages of Alzheimer’s dementia.
149

Diagnostic Images
HC>MCI

Hit Rate for HC:

Hit Rate for MCI:

Hit Rate for HC: 100% 94.7% 84.6% 77.8% 71.4%

Hit Rate for MCI: 88.9% 83.3% 73.3% 66.7% 60%
150
151 Figure 1. Sample diagnostic and non-diagnostic images in the current dataset. Diagnostic images (upper row)
152 are images for which HCs have a much higher hit rate (HR) than MCl individuals. Non-diagnostic images (lower

153 row) are images for which HCs have a slightly higher HR than MCI individuals, close to the average performance

154 difference between HCs and MCI.
155
156 Although behavioral studies suggest that diagnostic images have the potential to improve clinical

157 practices, little is known about how image diagnosticity relates to an individual's Alzheimer’s Disease
158 biomarker status or brain activity. Understanding this relationship could help to explain what specific
159 brain pathologies are highlighted by diagnostic images. Amyloid and tau-pathology, hallmark biomarkers
160 of Alzheimer’s disease, are commonly measured by cerebrospinal fluid (CSF) (e.g., total tau, phospho-tau
161 and AB42, AB42/AB40, AB42/phospho-tau). Both pathologies cause neural dysfunction due to synaptic
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162 impairment and atrophy and cell loss in brain regions crucial for successful episodic memory (Jagust,
163 2018). As Alzheimer’s disease pathologies are revealed by biomarker and neuroimaging data, diagnostic
164 images may show a stronger relationship with certain biomarker or functional activity patterns, which can
165 explain why these images become more diagnostic.

166 In this study, we investigated whether poor memory for diagnostic images in MCl due to Alzheimer’s
167 disease is related to impaired neural processing in specific brain regions due to Alzheimer’s biomarker
168 pathology. We integrate behavioral, CSF biomarker and fMRI data to explore whether images with high
169 memorability differences between HC and MCI participants (diagnostic images) could better indicate
170 Alzheimer’s disease pathology. Using a cross-validation approach, we find that for several biomarkers,
171 memory performance for diagnostic images showed significantly higher correlations with biomarker
172 status than non-diagnostic images. We also find that for diagnostic images, MCI participants have higher
173 activation in scene processing regions despite their worse memory performance, in contrast with HCs
174 who show no activation differences between diagnostic and non-diagnostic images. These results suggest
175 that diagnostic images could reveal Alzheimer’s disease pathologies better than other images and that
176 they pose a particular neural processing challenge to scene regions.

177

173 Results

179 Consistency of hit rate and image diagnosticity in HC and MCl individuals

180 We analyzed the subset of participants from the DZNE Longitudinal Cognitive Impairment and
181 Dementia Study (DELCODE) who had behavioral, biomarker, and fMRI data available (Table 1; Jessen et al.,
182 2018). 64 HC and 48 MCI participants completed a scene memory task and had their CSF Alzheimer’s
183 disease biomarker status measured. During the encoding phase (in scanner), they viewed novel scene
184 images and completed indoor/outdoor judgements. In the recognition phase (out of scanner), they rated
185 1 to 5 on whether they have seen these images as well as some new images. From the memory
186 performance of HC and MCI individuals, we identified sets of diagnostic and non-diagnostic images,
187 where diagnostic images were those with the greatest performance differences between groups, while
188 non-diagnostic images were those with the smallest differences (see Methods).

189 In the recognition task, as expected from their differing pathology, HC participants outperformed
190 MCI participants: HC participants on average had a HR of 75.28% (SD = 11.69%) while MCI participants
191 had a hit rate of 63.63% (SD = 19.94%). We identified diagnostic and non-diagnostic images from the pool
192 of 835 total stimulus images based on the behavioral performance of all participants. For the 100
193 diagnostic images, for which HC participants had much better performance than MCI participants, HC
194 participants had an average HR of 89.27% (SD = 13.07%) and MCI participants had an average HR of 29.69%
195 (SD = 15.34%), with an average hit rate difference between HC and MCI participants of 59.58% (SD =
196 14.34%). For the 100 non-diagnostic images identified from the whole sample, for which the HR
197 difference between groups were close to the average of all images, HC participants had an average HR of
198 75.11% (SD = 15.34%) and MCI participants had an average HR of 62.45% (SD = 15.14%), with an average
199 hit rate difference between HC and MCI participants of 12.66% (SD = 4.24%).

200 If certain intrinsic attributes of an image affect how it is remembered by healthy controls and
201 participants, we should expect some level of consistency for the memory performance within HC and MCI
202 groups, and for the performance difference between groups. That is, if an image is
203 memorable/forgettable for one set of healthy controls, it should also be memorable/forgettable for
204 another independent set of healthy controls (and this should also hold true for MCI participants). To
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205 examine this, we conducted a split-half consistency analysis with 1000 rounds of cross-validation. The
206 average Z-transformed Spearman correlation coefficient between the two halves was p = 0.20 (SD = 0.05)
207 for HC participants and p = 0.097 (SD = 0.07) for MCI participants, both significantly above 0, indicating a
208 consistency in memory (one-sample t-test of Z-scored coefficients: p < 10'10). We also examined whether
209 the performance differences between the two groups were consistent. The average Z-transformed
210 Spearman correlation coefficient for diagnosticity was p = 0.10 (SD = 0.11) and was significantly higher
211 than zero (p < 1'10). These results show that memory performance for a given image is highly consistent
212 within the HC and MCI groups. Further, the difference in performance between HCs and MCls for a given
213 image is also consistent, demonstrating that images have an intrinsic “diagnosticity”.

214

215 Overall prediction of memory performance based on biomarkers

216 We calculated the correlation between the five CSF biomarkers included in our analysis. As shown in
217  Table 2, While AB42 doesn’t significantly correlate with total tau and phospho-tau, the other biomarkers
218 strongly correlate with each other. We next examined the general power of CSF biomarker status to
219 predict participants’ HR on all images, which will demonstrate how closely biomarker status is linked with
220 task performance. Separate linear regression models were used to predict a participant’s HR based on
221 each of the five target biomarkers. All biomarkers except for phospho-tau were significant predictors of
222 hit rate (AB42: R? = 0.023, p = 0.02; total tau: R? = 0.035, p = 0.004; phospho-tau: R* = 0.011, p = 0.11;
223 AB42/40: R® = 0.023, p = 0.02; AB42/phospho-tau: R = 0.026, p = 0.01). These results first confirm that
224 there is a basic relationship between CSF biomarker and behavioral performance before we test this
225 relationship separately for diagnostic and non-diagnostic images.

226

227

228 Table 1. Characteristics of participants

229 P-values denote results of independent-sample t-test comparisons between HC and MCI group.

230 HC: healthy control group; MCI: mild cognitive impairment group; MMSE: Mini-Mental State Examination;
231 AB42/40: ratio of AR42 to AR40; AB42/Phospho-tau: ratio of AB42 to phospho-tau

232
HCn MCI n HC Mean(SD) MCI Mean(SD) P

Age 64 48 68.70(4.97) 72.33(5.00) <0.001
Years of education 64 48 14.52(2.65) 13.63(2.71) 0.08
MMSE 64 48 29.38(0.85) 27.94(1.56) <0.001
Total-tau 64 48 348.53(141.7) 538.60(261.1) <0.001
Phospho-tau 64 48 46.98(15.12) 67.18(29.43) <0.001
Ap42 64 48 823.92(274.9) 646.09(311.9) <0.001
AB42/40 64 48 0.097(0.02) 0.077(0.03) 0.002
AB42/Phospho-tau 64 48 18.26(4.92) 12.20(7.81) <0.001

233

234
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235  Table 2. Correlation between CSF biomarkers
236 t-tau: total tau; p-tau: phospho-tau; AB42/40: ratio of AB42 to AR40; AB42/p-tau: ratio of AB42 to phospho-tau
237 **:p <0.001

238
AB42 t-tau p-tau AB42/40 AB42/p-tau
AB42
t-tau -0.13
p-tau 0.13 0.88™
AB42/40 0.76" 0.56 -0.58"
AB42/p-tau 0.65 0.67" 0.73" 0.90"
239
240

241 Diagnostic images provide a stronger link between behavior and biomarker status

242 The diagnostic images are characterized by a much better performance for HC and much worse
243 performance for MCI than any other images. To verify that these behavioral differences really reflect
244 impaired memory associated with neurodegeneration, we examined whether the behavioral performance
245 of diagnostic images is more relevant to biomarker status indicative of MCI. Specifically, we compared the
246 correlations of behavioral performance and biomarker status between diagnostic and non-diagnostic
247 images (Figures 2 & 3). Importantly, we used a cross-validation approach, so we tested the ability to
248 predict participants’ biomarker status based on diagnostic images determined from a separate set of
249 participants. For four of the five biomarkers we examined, the diagnostic set had significantly larger
250 correlations between behavior and biomarker measures than the non-diagnostic set (total tau: mean
251 difference = -0.050, p < 0.001; phospho-tau: mean difference = -0.060, p < 0.001; AB42/40: mean
252 difference = 0.029, p < 0.001; AB42/phospho-tau: mean difference = 0.040, p < 0.001). As the only
253 exception, for AB42, the correlations from diagnostic images were not significantly different from
254 non-diagnostic images (mean difference = -0.0008, p = 0.18). In conclusion, the behavioral performance
255 calculated from the diagnostic images consistently showed a stronger link with CSF biomarker
256 measurements compared to the non-diagnostic images for all biomarkers except for AB42. Further, these
257 links were found with a separate set of participants than those used to measure image diagnosticity,
258 demonstrating that these results are generalizable across people. As a whole, these results indicate that
259 the diagnostic images are overall more sensitive for predicting the amyloid and tau pathology of both HC
260 and MCI participants, which can be directly related to neurodegeneration specific to Alzheimer’s
261 dementia. As these biomarker results serve as evidence that visual memory processes for the diagnostic
262 images may be more impaired by neuronal pathology, we further examined how memory processes are
263 impaired by analyzing fMRI data.

264
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I | (non deagnostic images) |

265
266 Figure 2. Analysis process for the comparison between behavior-biomarker correlations. In the training set (80%
267 of participants, subsampled to have even group membership), 50 diagnostic images and 50 non-diagnostic
268 images were identified. In the test set (the remaining 20% participants), we compared the HR-biomarker
269 correlation of diagnostic images vs. non-diagnostic images.
270
271
s Biomarker-HR Correlation
0.15 m

0.1

-Diagnnslic images
[——INen-diagnostic images

Spearman Correlation
[=]

-0.1

015 % Fx

e Ap42 total tau phospho-tau AB42/AB40 ApB42/phospho-tau
272 CSF Biomarker
273 Figure 3. Comparison of biomarker-HR correlation between diagnostic and non-diagnostic images. ** indicate
274 significance at a level of p < 0.001.
275
276
277 MCI participants have higher activation in left hemisphere scene processing regions for diagnostic
278 images
279 Through fMRI analysis, we investigated which brain regions contribute to processing diagnostic
280 images. We first conducted a whole-brain univariate analysis to locate potential areas that are related to
281 image diagnosticity. For the HC and MCI groups separately, we averaged the volumes for diagnostic and

282 non-diagnostic images for each individual and conducted a group-level t-test between diagnostic and
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283 non-diagnostic images (Figure 4). For MCI participants, several temporal and occipital regions that
284 comprise the ventral visual stream (Kravitz et al., 2011) and overlap with scene processing regions (Silson
285 et al,, 2019) in the left hemisphere showed significantly higher activation for diagnostic images compared
286 to non-diagnostic images. No difference was observed in the hippocampus. In HC participants, these
287 scene processing regions showed no differences between diagnostic and non-diagnostic images. This
288 suggests that while HC participants showed no effect of image diagnosticity in these regions, MCI
289 participants had increased activation for the diagnostic images compared to non-diagnostic images, even
290 though they performed worse on the diagnostic images.

291 In our stimulus set, the diagnostic and non-diagnostic images were all scene images. Thus, we
292 examined whether this activity increase was present in regions specifically involved in scene processing
293 and memory. We located key scene processing ROIs (PPA, MPA and OPA) in both hemispheres using
294 independent templates (Silson et al., 2019) and conducted a mixed-design ANOVA (participant group *
295 image diagnosticity) within the ROIs (Figure 5). No significant main effect of participant group was found
296 in any of the ROIs, which means that the average activations across all images within scene ROIs were not
297 systematically different between HC and MCI participants. Within the left hemisphere, a significant main
298 effect of image diagnosticity was found in left PPA (F(110) = 5.689, p = 0.019), left MPA (F(110) =7.32, p =
299 0.008) and left OPA (F(110) = 4.22, p = 0.042). In the right hemisphere, a main effect of image
300 diagnosticity was marginally significant in right MPA (F(110) = 3.615, p = 0.06), but not significant in the
301 right PPA (F(110) = 0.035, p = 0.85) or right OPA (F(110) = 1.149, p = 0.28). These image diagnosticity
302 effects imply a general trend of higher activation in scene processing for diagnostic images across
303 participant groups. However, importantly we found a significant interaction between participant group
304 (HC or MCI) and image diagnosticity (diagnostic vs. non-diagnostic) in the left PPA (F(110) = 14.509, p =
305 0.0002), left MPA (F(110) = 6.679, p = 0.001) and left OPA (F(110) = 2.287, p = 0.03). Paired t-tests showed
306 that there was no effect of diagnosticity in the HC group (left PPA: p = 0.23; left MPA: p = 0.92; left OPA: p
307 = 0.91) but a significant effect of diagnosticity within the MCI group (left PPA: p = 0.0007; left MPA: p =
308 0.003; left OPA: p = 0.01) in left scene ROIs. The interaction effect was of marginal significance in the right
309 OPA (F(110) = 3.729, p = 0.056) and not significant in the right PPA (F(110) = 0.478, p =0.49) or right MPA
310 (F(110) = 1.501, p = 0.22). These results indicate that MCI participants had higher activation in scene
311 processing regions in the left hemisphere for diagnostic images compared to non-diagnostic images. In
312 contrast, HC participants showed no difference of activation for diagnostic and non-diagnostic images in
313 scene processing ROIs.

Diagnostic images — Non-diagnostic images

Left Lateral Left Medial Right Lateral Right Medial

314
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315 Figure 4. Univariate contrast results (t-statistic) between diagnostic and non-diagnostic images in HC and MCl
316 participants (p < 0.005, cluster threshold corrected at 131 voxels). For MCl participants, diagnostic images
317 showed significantly higher activation in left PPA, MPA/RSC and OPA. HC participants showed no differences in
318 activation between diagnostic and non-diagnostic images. In this whole-brain analysis, there were also no right
319 hemisphere regions that showed a significant difference in either group.

320
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322 Figure 5. Mean activation difference for diagnostic — non-diagnostic images for HC and MCI participants. In left
323 PPA, MPA/RSC and OPA, MClI participants showed significantly higher activation for diagnostic images

324 compared to non-diagnostic images, while no difference was found in HC participants. * indicates significance
325 at a level of p<0.05.

326

327 Discussion

328 The aim of this study was to explore whether diagnostic images, which are identified from
329 memorability differences between HCs and MCI participants, are also related to greater sensitivity to CSF
330 biomarker status and differed in brain activation in scene-related regions. We found that the memory
331 performance of diagnostic images had stronger correlations with tau and amyloid beta biomarker status.
332 Among the five CSF biomarkers that we examined, diagnostic images showed significantly higher
333 sensitivity to total tau, phospho-tau, AB42/AB40 and AB42/phospho-tau. These results indicate that both
334 amyloid and tau-pathology contributed to the diagnosticity difference in image memory. We also found
335 that for MCI participants, diagnostic images elicited greater activation than non-diagnostic images in
336 scene-related regions PPA, MPA and OPA in the left hemisphere. In contrast, no difference of brain
337 activation was found in HCs. A hypothesis we propose is that MCI participants have impaired processing
338 of semantically rich scene images and must dedicate more neural resources to processing these images.
339 Thus, MCI participants showed worse memory on these images despite elevated activity in scene-related
340 regions. This hypothesis will need to be validated with further studies directly manipulating the content of
341 scenes to make them more or less diagnostic.

342 By investigating how memory differs across content, we could potentially get a better understanding
343 of the memory impairment in dementia. Our results show that different aspects of episodic memory (e.g.,
344 semantic or perceptual processing) may also have different rates of degradation. Similarly, studies on
345 autobiographical memory have reported a specific impairment of personal thoughts and episodic details
346 compared to semantic details in aging and dementia (Barnabe et al., 2012; Levine et al., 2002; Kopelman
347 et al., 1989). These results also show that differences in memory performance for specific contents are
348 not simply due to the idiosyncratic differences across people or contexts. Instead, this difference is


https://doi.org/10.1101/2023.11.30.569265
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.30.569265; this version posted December 2, 2023. The copyright holder for this preprint
(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
available under aCC-BY-NC-ND 4.0 International license.

349 consistent across individuals and can be related to the interplay between stimulus properties and the
350 pathological processes of Alzheimer’s dementia.

351 In progressive neurodegenerative conditions like Alzheimer’s dementia, the ability to remember
352 certain contents may fade earlier than others, especially when memory ability is not completely lost
353 (Grande et al., 2021). The selective impairment of certain types of stimuli may eventually be attributed to
354 specific sub-components of the memory system. By studying how the memory for certain contents are
355 more affected, we can explore how the architecture of the memory system is affected by pathological
356 aging processes. Moreover, identifying content-specific impairments for certain disease stages will allow
357 better designs for diagnostic assessments. If memory for certain contents is particularly damaged for MCI
358 or Alzheimer’s disease participants, a memory test probing these contents should be more sensitive, as
359 the participants differ more from healthy controls. Our results from the fMRI data revealed greater
360 activations in several scene-related ROIs (MPA, OPA, PPA) for diagnostic images in MCI participants. These
361 data show that it is particularly the scene processing regions that are implicated in memory dysfunction
362 for diagnostic images. Why we observed increased activation in these regions remains to be clarified.
363 Previous studies have reported hyperactivation in hippocampus or parahippocampal gyrus (including PPA)
364 during encoding (Hamalainen et al., 2006; Kircher et al., 2007) in Alzheimer’s disease. Moreover, MTL
365 hyperactivation is related to the degree of future memory decline in MCI participants (Dickerson &
366 Sperling, 2008). Our analysis is different from these studies as we compared the activation of two sets of
367 images in the same participants. In our analysis, diagnostic images showed increased activation for MCI
368 participants, which may indicate that diagnostic images are those that elicit more hyperactivation than
369 other images even though MCI participants showed difficulties in remembering these images. Thus,
370 increased activation in diagnostic images may be attributed to impairment in scene memory and
371 processing specific to MCI.

372 For MCI participants, the increased activation of diagnostic images compared to non-diagnostic
373 images appeared mostly in the left hemisphere. While right OPA also showed a marginal effect, most
374 regions in the right hemisphere showed a much smaller effect or no effect. In general, the left hemisphere
375 has been reported to engage in more semantic or verbal processing of memory in healthy participants
376 (Kennepohl et al, 2007; Dalton et al., 2016). For Alzheimer’s disease patients, structural changes and
377 functional connectivity declines seem to be more severe in the left hemisphere. (Berron et al., Liu et al.,
378 2018; Low et al.,, 2019; Roe et al., 2021). Moreover, Alzheimer’s disease patients with lateralized
379 pathology in the left hemisphere demonstrate more language-specific deficits (Ossenkoppele et al, 2016;
380 Frings et al., 2015). Thus, there might be a link between the level of semantic processing in memory for
381 these specific scene images and the lateralized activation difference between diagnostic and
382 non-diagnostic images. Future research may validate this asymmetry effect and investigate which
383 attributes of the images are most relevant to lateralized brain activity in MCI participants.

384 There are some limitations to the current work that should motivate future study. First, the
385 measurement of image memorability and diagnosticity scores was noisy due to the limited number of
386 trials assigned to each image. Each participant only saw a limited subset of the whole image pool (88 out
387 of 835 images), resulting in around ten trials per image each for the HC and MCI groups. In this case, the
388 consistency of the memorability score may be lower than the ideal case where each image is viewed by
389 many more participants. Moreover, it is possible that memory performance for MCl participants are less
390 consistent than HCs. It would be important to replicate these findings with an experiment dedicated to a
391 relatively smaller set of images with more participants. It would also be interesting to test how
392 manipulating the experimental context or task around these diagnostic images impacts their ability to
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393 diagnose an impairment. Additionally, future study may explore whether semantic processing was the
394 missing component in MCI participants for diagnostic images by testing this relationship in in other image
395 categories (e.g., objects, faces) or directly manipulating the semantic content of images.

396 Our results show that when HCs and MCI participants take the same memory task, there is a reliable
397 difference in performance driven by the image, which is indicative of neural pathology and reveals
398 differential neural processing. This highlights the importance of measuring and analyzing the diagnosticity
399 of individual images when carrying out memory tests in clinical contexts. If an episodic memory test
400 includes more diagnostic images rather than including random images, it should have higher sensitivity
401 and accuracy. It is also promising to consider content-specific diagnosticity on other clinically oriented
402 tests of memory. More broadly, a content-specific exploration of memory for Alzheimer’s dementia and
403 other dementias (i.e., testing questions of what is being remembered and why) introduces novel
404 questions and perspectives that are not covered by the conventional view of the memory system. By
405 studying the characteristics of episodic memory in a content-based space, we can explore the functional
406 architecture of the memory system in ways that may have been otherwise impossible to observe.

407 In conclusion, the current study reveals that diagnostic images for MClI showed a stronger
408 relationship between memory performance and CSF Alzheimer’s disease biomarkers in HC and MCI
409 participants. Moreover, MCI participants have elevated neural activation in scene-related regions for
410 diagnostic images than non-diagnostic images. Our results show that by looking at how memory contents
411 are differentially impaired in MCI, we can better understand the effect of neurodegeneration processes in
412 the memory system.

413

a2 Online Methods

415 Participants

416 Behavioral and fMRI data from a visual memory task as well as CSF biomarker data were analyzed
417 from the DZNE Longitudinal Cognitive Impairment and Dementia Study (DELCODE), which is a longitudinal
418 and observational clinical study of Alzheimer’s Disease based in 10 sites in Germany. Details about the
419 study design, data acquisition and tasks were reported in Jessen et al. (2018). We included all healthy
420 control (HC) and mild cognitive impairment (MCI) participants that have both CSF biomarker and fMRI
421 data available, with a total of 64 HC (36 females, 28 males) and 48 MCIs (23 females, 25 males). MCI
422 participants were recruited by referral and self-referral to a memory clinic, while HC participants were
423 recruited by public advertisements. MCl individuals all reported memory concerns and performed more
424 than 1.5 standard deviations below the age-, sex-, and education-adjusted mean in the delayed recall
425 subtest of the Consortium to Establish a Registry for Alzheimer's Disease (CERAD) neuropsychological
426 battery. HC individuals had normal cognitive performance (within 1.5 SD) in all CERAD-NP subtests and
427 had no subjective concerns of decline in cognitive functioning.

428

429 Visual memory task

430 Participants engaged in a visual memory task with an encoding phase in the scanner and a
431 recognition phase outside the scanner. In the encoding phase, the participants viewed 88 novel scene
432 images (44 indoor and 44 outdoor) as well as 22 repetitions for each of two pre-familiarized scene images
433 in random order. We do not report any analyses on the pre-familiarized scene images, only focusing on
434 novel images. Images were 8-bit grayscale indoor (e.g., rooms, halls) or outdoor (e.g., natural scene,
435 buildings) scene images, occasionally with people in the scene. Images were presented on a 30”
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436 MRI-compatible LCD screen (Medres OptoStim), scaled to 1250 * 750-pixel resolution and matched for
437 distance, luminance, color and contrast, with a viewing horizontal half-angle of 10.05° across scanners.
438 Each image was displayed for 2500ms with an optimized jitter for statistical efficiency. Participants were
439 asked to categorize images as ‘indoor’ or ‘outdoor’ with button presses. In the recognition phase after a
440 70-min delay, participants provided recognition ratings for the 88 scene images from the encoding phase
441 and 44 novel foil scene images. The rating was based on a 5-point scale: (1) | am sure that this picture is
442 new, (2) I think that this picture is new, (3) | cannot decide if this picture is new or old, (4) | think I saw this
443 picture before, or (5) | am sure that | did see this picture before. A 1 or 2 rating was coded as a new
444 judgement, while a 4 or 5 rating was coded as an old judgement. All images used in the encoding phase
445 and the recognition phase (including foil images) were randomly selected for each participant from an
446 image pool with a total of 835 images.

447

448 CSF Alzheimer’s disease biomarker assessment

449 CSF Alzheimer’s disease biomarkers were collected in the DELCODE dataset for the set of participants
450 that we included in our analysis (Jessen et al., 2018). Five types of CSF Alzheimer’s disease biomarkers
451 were determined using commercially available kits according to vendor specifications: V-PLEX AB Peptide
452 Panel 1 (6E10) Kit (K15200E) and V-PLEX Human Total Tau Kit (K151LAE) (Mesoscale Diagnostics LLC,
453 Rockville, USA), and Innotest Phospho-Tau (181P) (81581; Fujirebio Germany GmbH, Hannover, Germany).
454 These biomarkers address amyloid pathology (AB42, AB42/ AB40, AB42/phospho-tau) or tau pathology
455 (total tau and phospho-tau), which are two hallmarks of the neuronal degeneration process in
456 Alzheimer’s dementia.

457

458 Selecting diagnostic and non-diagnostic images

459 Using a similar approach to Bainbridge et al., 2019, we identified a diagnostic image subset and a
460 non-diagnostic image subset from the 835-image pool based on the memorability differences between
461 HC and MCI participants. In the biomarker analysis, we selected images based on 80% participants in the
462 training set of each iteration, while in the fMRI analysis we identified the images based on the behavior
463 from all participants. First, hit rate (HR) was calculated within the HC and MCI groups for each image.
464 Images were then sorted by the difference in HR between the HC and MCI groups. Only images with at
465 least three responses from each group were included. The diagnostic subset includes the images for
466 which HC have a much higher hit rate than MCI participants. In other words, HC participants have much
467 better memory performance than MCI participants for these images, compared to any other images in
468 the pool. The non-diagnostic subset includes the images that are in the middle of the sorted sequence.
469 For these ‘median’ images, HC only have a slightly better memory performance than MCI participants,
470 which corresponds to the fact that on average HC have higher memory performance than MCI
471 participants. Bainbridge et al. (2019) found that the diagnostic images by this same definition were better
472 at categorizing HC and MCI participants in receiver operating characteristic analysis of the behavioral data,

473 showing primary evidence that these images may better indicate Alzheimer’s disease-related impairment

474 in cognitive processing.

475

476 Split-half consistency analysis

477 To examine whether image memorability and diagnosticity are consistent across participants and
478 intrinsic to the images, we conducted a split-half consistency analysis for memorability and diagnosticity

479 within the HC and MCI groups. The analysis consists of 1000 iterations. In each iteration, subjects were
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480 randomly split into two halves while keeping the number of HC and MCI participants in each half equal to
481 the other half. For each participant half, we calculated for each image the proportion of correct
482 recognition responses in HCs (HR within HC group) and in MCl participants (HR within MCI group), and the
483 HR difference between the HC and MCI groups. We calculated Spearman rank correlations for each score
484 (HR for HC, HR for MCI, HR difference) between the two participant halves per iteration. Null distributions
485 were also generated by randomly shuffling the scores for one participant half for each score. The
486 correlations between the two halves were Fisher Z-transformed and compared with the null distribution
487 using independent samples t-tests. If the correlation of HR or HR difference between the two random
488 halves have a significant positive correlation, it would indicate that certain images are reliably more
489 memorable / diagnostic across all participants in the sample. This would show that the memory
490 difference between images can be attributed to images themselves rather than mere noise.

491

492 Comparing behavior-biomarker correlations between diagnostic and non-diagnostic images

493 In this analysis, we compared the magnitude of the correlation between image memory and
494 biomarker measures, separately for diagnostic and non-diagnostic images for the same set of participants.
495 Figure 2 demonstrates the major steps of this biomarker analysis. With a hold-out cross validation
496 approach, we assigned 80% participants to the training set and 20% participants to the test set with a
497 sampling process that enables an equal ratio of HC to MCI participants in the two sets. We identified
498 subsets of 50 diagnostic and 50 non-diagnostic images with the behavioral data of the training set. We
499 then compared the behavior-biomarker correlation of the two sets of images in the test set. Individual
500 participant memory performance was measured by HR within the diagnostic and non-diagnostic subsets
501 separately. We then calculated Spearman correlations between the participants’ HRs and each of the five
502 CSF biomarkers (AB42, total tau, phospho-tau, AB42/AB40, and AB42/phospho-tau). We repeated this
503 process 1000 times and generated correlation coefficients for diagnostic and non-diagnostic images for
504 each iteration. Meanwhile, we also calculated the correlation between diagnostic/non-diaghostic image
505 performance and randomly shuffled biomarker scores to generate null distributions. To examine whether
506 the behavior-biomarker correlation for the diagnostic set is significantly higher than that for
507 non-diagnostic images, we subtracted the Fisher Z-transformed correlation coefficients of diagnostic and
508 non-diagnostic images and got 1000 correlation score differences for each biomarker. Similarly, a null
509 distribution was also generated from shuffled data. This distribution of correlation differences was
510 compared with a null distribution using an independent samples t-test.

511

512 MRI acquisition and preprocessing

513 MRI data were acquired at nine scanning sites across Germany with Siemens scanners (three TIM
514 Trio systems, four Verio systems, one Skyra and one Prisma system). A 5-minute long T1-weighted
515 anatomical image was acquired with the following specifications: 3D GRAPPA PAT 2, 1 mm?> isotropic
516 voxels, 256 x 256 px, 192 slices, sagittal, repetition time (TR) 2500 ms, echo time (TE) 4.33 ms, inversion
517 time (TI) 110 ms, flip angle (FA) 7°. A 12-minute long T2-weighted anatomical image was also acquired:
518 optimized for medial temporal lobe volumetry, 0.5 x 0.5 x 1.5 mm> voxels, 384 x 384 px, 64 slices,
519 orthogonal to the hippocampal long axis, TR 3500 ms, TE 353 ms. Participants engaged in one run of
520 task-based functional MRI scan including a scene novelty and encoding task: 2D echo planar imaging (EPI),
521 GRAPPA PAT 2, 3.5 mm?> isotropic voxels, 64 x 64 px, 47 slices, oblique axial/AC-PC aligned, TR 2580 ms, TE
522 30 ms, FA 80°, 206 volumes. See Jessen et al. (2018) and Diizel et al. (2018) for more details about these
523  fMRI data.
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524 During the functional scans, participants performed a task where they viewed 132 scene images (88
525 target images, 44 repetition images) and were instructed to make indoor/outdoor judgement for each
526 image (described above in “Visual Memory Task”). All scanning sites used the same 30R MR-compatible
527 LCD screen (Medres Optostim) matched for distance, luminance, color and contrast across sites, and the
528 same response buttons (CurrentDesign). All participants underwent vision correction with MR-compatible
529 goggles (MediGlasses, Cambridge Research Systems) according to the same standard operating
530 procedures (SOP). SOPs, quality assurance and assessment (QA) were provided and supervised by the
531 DZNE imaging network (iNET, Magdeburg) as described in Jessen et al. (2014).

532

533 Whole brain univariate analyses

534 To explore the brain activation differences between diagnostic and non-diagnostic images, we first
535 compared the fMRI data of these two sets of images within the HC and MCI groups across the whole brain.
536 Specifically, we conducted group-level univariate analyses for diagnostic vs. non-diaghostic images with
537 MATLAB and AFNI. We first identified 100 diagnostic and 100 non-diagnostic images from the entire pool
538 of 835 images based on the behavioral performance from the whole dataset and labeled the trials that
539 contained either these diagnostic or non-diagnostic images for each participant. On average, each
540 participant viewed 9 diagnostic or non-diagnostic images and each diagnostic or non-diagnostic image
541 was seen by 7 HC participants and 5 MCI participants. At the individual subject level, we averaged all brain
542 volumes for diagnostic and non-diagnostic images separately. The averaged volumes were then
543 co-registered to the Montreal Neurological Institute (MNI) 2009 template using participants’
544 corresponding T1 images. After that, we conducted a paired t-test between participants’ diagnostic and
545 non-diagnostic volumes to draw group-level inferences in the HC and MCI groups. Whole brain maps were
546 thresholded at a level of a=0.005 and corrected for multiple comparisons with a cluster threshold

547 corrected cluster size of 131 voxels.

548
549 ROI analyses
550 Besides an exploratory contrast analysis across the brain, we are specifically interested in how image

551 diagnosticity affects visual processing and memory in the brain. Given the stimuli were all scene images,
552 we analyzed three regions of interest (ROIs) related to scene perception and memory: the PPA
553 (parahippocampal place area), RSC/MPA (retrosplenial complex / medial place area) and TOS/OPA
554 (transverse occipital sulcus / occipital place area). These regions respond selectively to scenes with
555 functional distinctions across them (Epstein & Baker, 2019). The PPA is thought to be involved in scene
556 perception and navigation, the MPA is involved in scene perception, navigation and scene memory, and
557 the OPA is mainly related to perceptual scene processing. ROl voxel specification data (demarcating the
558 three ROIs in the left and right hemispheres) were extracted from Silson et al. (2019) and transformed
559 into the MNI space. For each participant, the average activations for diagnostic and non-diagnostic images
560 were calculated within each ROI. A mixed-design ANOVA (within-group: diagnostic/non-diagnostic images;
561 between group: HC/MCI participant) was used to explore the effect of image diagnosticity as well as the
562 interaction effect on ROI activation for each of the left and right ROIs.

563
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