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Abstract

INTRODUCTIOMapairedlongterm memoryis a defining feature oMild Cognitivelmpairment
(MCI) Wetestedwhether this impairment igem-specific limited to some memoranda

whereassome remain consistentimemorable

METHODSNe conducted itembased analysesf longterm visualrecognitionmemory. 394
participants(healthy control{HC) Subjective Cognitive Decli{@CL), andMCl) in the
multicentric DZNHE ongitudinalCognitive Impairment and Dementia Study (DELQ@Bie

tested with images from a pool @d35photograpls.

RESULT®/e observed consistent memorability for imagesli@s, SCDs, and M@kdictable
by a neural network trained onnather healthy sampleLooking aimemorabilitydifferences
between groupswe identifiedimagesthat could successfullgategorizegroup membership

with higher success and a substaniiabgereduction than the original image set.

DISCUSSIOMdividuals withSCD and MG@howconsistert memorabilityfor specific items
while other items show significant diagnostyc Certain stimulus featurescouldoptimize

diagnostic assessmenthile otherscouldsupport memory

Keywords! f T KSAYSNR& RA&aSI&S 0!50X 4dz02SO0GA@S 023y

impairment (MCI), memorability, diagnostic assessment, image analysis
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1. Background

Recentwork in healthy individuals hdeund that certain imageare intrinsically
memorableor forgettable across observefs,2]; there are imagesf faces or scenethat most
peoplerememberor forget, regardless of their different individual experiences. This
memorabilityof an image can be quntified andpredictsp /&2 2F G KS @I NAl yOS
performance on a memory te§2]. It is intrinsic to the image itsel§table acrosslifferent
image context$3], taskg4,5], and timing[6,7]. Viewing memorable imagesutomatically
elicits specific neural signaturds,9], andthe memorability score of an image can be predicted
by computational modelfl0,11]. However, imagattributes such as aesthetics, emotionality,
typicality, or what people believe will be memorable do not fully predict memors2ii 2],
and mamnorability isanautomatically processed image property that is resilient to the effects of
attention [4]. This means that researchers can predict in advance what images a person is likely
to remember or forget, and use such informationd@ate memorable ducational materials,

or designwell-balanced memory tests.

While memorability hasofaro SSy OKIF NI OG4SNRAT SR 61 a4SR 2y
memory behaviorit is uncleaiif memorability isalsoconsistentin populations with memory
impairments atincreasedisk for! f I K S Dise&&ADHsuch adMild Cognitive Impairment
(MCl)or Subjective 6gnitive Decline (SC[)3]. Consistent memorabilitin SCD an#1Clwould
enablebetter predictionof what images are likely to be remembered or forgotten.

Furthermore, banges irmemorability patterns across disease stagesldimprove cognitive
staging and design of cognitive progression markigysavoiding highly memorable images,

cognitive tests could be made more time efficiemd more sensitiveJnderstandingvhich

%

K S



101  stimulus features improve or impair memorability could provide insightstimocognitive
102 processes that are impairefurthermae, knowledge about memorabilitgould aid in the
103 design of memorable environments or allow clinicians to focus on aiding meimory

104 forgettable items.

105 In the currentstudy, we analyzd the performance of 394 individuals, including those

106  with SCD, MCI, and healthy controls (H@)a visuarecognitionmemory testin whicheach

107 participant had to memorize a randomly selected sublide®8 photographsfrom a pool 0f835.

108 This randomization affoled us the possibility to assess memorability unconfounded by

109 systematic effects of stimuluselection orstimulusorder effecs. First, we find significant

110 similarities across groups in the images they remember and foagelsimilarities to a

111 convolutional neural network (CNpained on memorabilityallowing the precise prediction of
112 memory performance for each grouecond, we find a separate set of images that can reliably
113 differentiate groups, with meaningful implicats for diagnosis. Finally, using a lasgale

114  online experiment to score the images, we analyze what image features mightol¢iael

115 memorability and diagnosticity of different images

116

117 2. Methods

118 2.1Sudy design

119 Visual memoryests were analyzed frorthe DZNH.ongitudinal Cognitive Impairment
120 and Dementia Study (DELCODE), an observational, longitudinal melinarpasedstudy

121 across 10 sites in Germany. Specific detailsiatos study the visual memory taskand data
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handling and quality contrare reported in Jessen et §l4] and Dizel et a[15]. The data
analyzed in this studyere from the second data release from the DELCODE study comprising
of 700 individual®of which394 participantswith complete datasetsvere analyzed, including

136 participants wittSCD, 65vith MCl and 193HC Individuals withSCand MCI were

recruited through referrals and seléferrals, whileHCwere recruited through public
advertisementsGroup membership was determined using @ERAD neuropsychological
battery [16]. MCI individuals were defined as those with test performanocder 1.5 standard
deviations below the agesex, and educatioradjusted mean performance. S@bd HC
individuals were defined as those with performancewab this cutoff but SCD individuals

subjectively reported decline in cognitive functioning with concerns

¢KS atdzReé LINRPG202f ¢Fa | LIWINRBYOSR o0& | ff
ethical committees, and all participants gave writieformed consent. DELCODE is

retrospectively registered at the German Clinical Trials RegdBRKS00007966), (04/05/2015).

2.2Visual memory test

Participants performedrafMRIscene imagencoding and retrievabsk[17]. First
while in the fMRI scannepatrticipants studied 88 novel scetergetimages (44 indoor and 44
outdoor scenesand 44 repetitions ofwo pre-familiarized images (one indoand one
outdoor, 22 times each). All images wébit gray scalepresented on atMR-compatibleLCD
screen (Medres Optostim)scaled to 1250 x 750 pixel resolution and matched for luminance,

with a viewinghorizontal halfangleof 10.05°across scanneré&ach image was presented for

Ay O



143  2500ms(with an optimized jitter for statisticadfficiency) andparticipantscategorizedhem as

144 GAYR22NEB2ANK) dAdekKR I odzi G2y LRNBazdinkedsay, A RS 2 F
145 participantscompleteda recognition memory task with these 88 images and 44 nioiel

146  images(22 indoor and 22 outdoor). Participants indicated their recognition memory with a 5

147  point scale: 1) am sure that this picture is ne®)| think that this picture is new8)| cannot

148 decide if this picture is new or oM)I think | saw this picturedfore or 5) | am sure that | did

149  see this picture befor&kesults from the fMRitudy are reported in [7].

150 While each participant was tested on 88 target imaged 44 foil imageshese images
151 wererandomlysampled from a larger set of 835 scene imagdlsying us to conduct image
152 based analyses on a large set of ima(pe® Figure 1 for example imageB)is randomization
153 allowed us to avial confounding effects of imageelectionand imageorder on memory

154 performance.On average, each image served as a taigeafge for 20.3HC 14.3 SC3nd6.8

155 MClindividuals
156
157 2.3 Analyzing similarity oMCI, SCPand healthy individuals: Predicting performance

158 We first askedvhether there are consistencies in memory performanceMdland
159 SCQust as there ardor healthy individual$l]; i.e, whether thereare certain imagethat they
160 tend to remember or forgetand, f such consistencies exist, to what degree they aligh the

161 images that tend to be remembered and forgottenHZs

162 ¢2 FRRNBaa (GKAa& |[jdzSadA 2 yhrate (HE)pemoMiant®on NI v |

163 images in the visual memory task were calculated betwberdifferent groups.To asess
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memorabilityconsistency, we conductedansistency analysasdescribed in Isola et al. [1]
where participants are split into random halvex(ossL000 iterations) and theidRs are
calculatedfor allimages, and LJS I NJY | yofiglatetlBetvden the two halvesVe also
examinedwhether a convolutional neural network (CNN) that is significantly able to predict
memory performance in healthy individuglkl] could predict memorability fo6CD and MCI
groups MemNet is a CNN with the architecture and pretrairsegof HybridcCNN[18], a CNN
able to classify object and scene images, then trained to predict the memorability score of an
image (i.e., the likelihood for that image to be remembered by any given perBba)training

of MemNet was originally conducted withseparate set of images in a separate set of healthy
adultsrecruited online [1], and here we tested it with new images and data across participant
groups from the current study. Specificallye wbtained MemNet scores for each of the 835
stimulusimagd | YR dza SR { LIS NX | t¢gsfifie degieq/td whiole NNBf | G A2y a
memorability CNNoredicted memory scorewere correlated withparticipantgroup memory

scores.

2.4 Analyzing dissimilarity oMCIl, SCCand healthy individualsDifferentiating groups

An equally important question is whether there is a set of images in which consistencies
in memory performance reliably differ betwe@mpairedpopulations and healthy individuals. If
such images exist, then they could form an optimized test to distingunesinoryimpaired

individualsfrom healthy controls with high efficiency.
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To explore this question, we conducted an analysis we caltehative Image Subset
(IIS)Analysigo comparethe groups Here, we describe the analysis comparing MCI to HC,
however the same analysis was also conducted with @&DsHC First, he HC participant
pool was randomly downsampled so that the same numbéf@ivere used in the analysis as
MCI individualsThe entire pool of participantavasthen split into two rardom halves (Group A
and Group B)}HRon the memory task was calculated for each imagahHerH C(HRs roup Heaithy)
and forthe MCI individual§HRsroupmc) in Group A. Using this performance metric, we formed
three subsets of image3henumber of images used in each subset wakectediteratively for
all possible subset sizes, ranging from 0% to 100% of images (835 images) in 1% increments, to

determine the optimal image subsetsizey t 8 A Yl 3Sa gAGK G £SFHad n

induded inthe analysisThe three resulting subsets were:

1) dH>ME, the top set of images wheldCoutperformedMCI(i.e., maximizing
HRsroupa Healthy HRsoupamat T Y2 0S G KIF G AG Aa al)p{¢é¢ F2NI I+ O

2) GH<ME, the top set of images whemdCloutperformedHC(i.e., maximizingdRsroupayici
- HRroupA Healthy

3) oH=ME, the top set of images whetdCperformed most similarlyo MCl(i.e.,

minimiZingl HR;roupA,HeaIthy HR;roupAMCI D

We then assessed the performance of classifgigjects inGroup B using eaatf the three
subses of images. Specifically, using just the images in a single subseti@p),,we
determined theHRfor each of the individuals i@roup BHRsoups. We then performed a
Receiver OperatinGharacteristic (ROC) analysis to determine the diagnostic ability of this

subset of images, applying a rangeHicutoffs from 0O to 1 to classify an individual from Group



206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

B as eitheHCor MCJ, usingHRsroups We calculatd the accuracy of this test basesh group
membership, and contrastl successfuMCldiagnosisgensitivity, ortrue positiverate) with
misclassification o C(specificity, or 1 false positivaate). We assessd classification
performance by Area Under the Curve (AUC), where a scdréndiicates perfect performance,
while 0.5 indicates chance performandéis complete analysis was conducted across 100

random participant splits into Group A aBd

2.5 Finding imagattributes that distinguishthese image sets

To see what aspects tife images may determine their membership into different
image sets, we conducted an experimessingthe online crowdsourcing platform Amazon
Mechanical Turk (AMT). For each of the 835 images, 12 online participants rated the scene in
the image on fivealevant properties identified in previous scene perception and memorability
research12,19] using a 5point Likert scalesize(the perceived size of the portrayed scene, not
the image pixel sideclutter,aesthetics interest, and whether they thinthey would remember
the image(subjective memorability)They also indicated whether the imagleoweda natural
or manmade scenand if there was a person present. 450 people anonymously participated in
the study and provided consent, and this study wagraped by the National Institutes of
Health (NIH) Office of Human Subjects Research Proteclimmsmain comparisons were
testedfor each attribute, using paired sampletessts:1) forgettable versus memable images
with similar perbrmance betweerHCandMCI/SCD individugl®) diagnostic versus nen

diagnostic images, whetdCandMCI/SCD individuatdiffered in their performance.

10
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Forgettable and memorable images were identified as the top set of images wheréi{Qiaiind
impaired individualhad averge performance below or above (respectively) median
performance, and the difference between groups was minimized, HM). Diagnostic and
non-diagnostic images were selected from the sets resulting from the 11S analysis (Section 2.4),
e.g.,H>M andH<M image sets, respectively. The number of images in each set was taken as the

optimal number of images identified from the 1S analysis.

We alscexamined how memorability and diagnosticiglate tomore metacognitive
attributes: similarity to other imageand confidence ratings of the participantsrst, t is
possible that the memorability or diagnosticity of an image is related to how similar that image
is to other images ia set (e.g., memorable images are more visually uniglie)assess image
similarity, we usedan object classification CNN callakxNet CNNRO]. This classification CNN
is often used as a model for the human visual systmwingsimilarities tothe brain for visual
processing of objecti1] and scene$22]. This CNN can thus ajpgimate the neural
representationof an imageat different levels of extractiofi.e., low, mid-, and highlevel
visual features)For eactltlassificatiorCNNayer, weobtainedthe outputs for all 835 images
and calculated their averageearson correkion to all other imagesSecond, w also analyzed
proportion of high confidence ratings given to each image by participants in the main

experiment, to see if memory confidencerelated toimagediagnosticity.

3.Results

11
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Memorable for MCI, Forgettable for HC f Memorable for HC and MCI \
HC: 36.4%, MCI: 100% -

HC: 23.3%, MCI: 100%

Scatterplot of Image Performance HC: 100%, MCI:100% HC: 100%, MCI:100%

/.

Memorable for HC, Forgettable for MCI
HC: 84.6%, MCI: 0%

MCI Hit Rate

HC: 28.0%, MCI: 28.6% HC: 28.6%, MCI: 28.6%
1

“bd U
= i HC Hit Rate

Figure 1. Example images agdoup performance The scatterplot shows the distribution of memory performance
(hit rate) for all 835 images for healthy controls (HC) versus individuals with Mild Cognitive Impairment (MCI). The
diagonal line indicates the points at which performancegsal between both groups. Based on performance,

images can be conceptually sorted into four quadrants: 1) images that are memorable to both HC and MCI
individuals (green), 2) images that are memorable to HC but forgettable to MCI (blue), 3) images that ar
forgettable to both groups (yellow), and images that are memorable to MCI but forgettable to HC (red). Example
images and performances at the extreme ends for each quadrant are arranged around the scatterplot. In the work
that follows, we analyze thesedir groups of images and determine if they can be used meaningfully to predict

memory performance.
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3.1 Consistencies in the memories pharticipant groups
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1: o cems

0.8f

06

MCI Hit Rate

02} .
L p=006

0
0 0.2 0.4 0.6

0.8 1
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Figure2: Consistencies across groups atte memorability neural network. The scatterplots show a comparison

of hit rates for each of the 835 imagbstweenall pairings of the experimental groggHealthy Controls, HC;

Subijective Cognitive Decline, SCD; Mild Cognitive Impairmen}, 8Glell apredicted hit ratefrom the

memorability predictionconvolutional neural network (CNNgpearmag i@nk correlation”) is shown for each

plot, and aterisks (*) indicate significant correlations. Scatterplot points are colored by quadrant (as in Figure 1),

and the diagonal line indicates points where both groups show equal performance.

As expectedparticipantgroupswith increasing memory impairmeérshowed decreases

in average memiy performance (HOM=0.68, SD=0.17; SCD: M=0.62, SD=0.18; MCI: M=0.53,

13



270 SD=0.26)However, therenvere also impressive correlations across groups in the images they

271 remembeedbest or worst (Figure 2HCand SCadl & A 3y A FA Ol y Gorrdlatia® I NXY | y Q
272  of "=0.50(p=1.03 x 164, while HCand MCI had a significanbrrelationof “=0.28(p=1.34 x

273 1079, and SCD and MCI had a significzotelationof “=0.31(p=2.12 x 16°). HCperformance

274  was significantly more similar to SCD performance than MCI perform@ngd 8,p~0), and

275 SCD performance was significantly more similai@performance than MCI performance

276  (Z=5.42,p~0). These resultsdicate thatall participant groupsended to remember the same

277 images as each othehAll groups werealsointernally consistentiC “=0.42; SCD:=0.32; MCI:

278 "=0.22; allp < 0.0001) meaninga memory impaired individuaill still tend to remember

279 similar images to someone else with the same diagnosis.

280 The MemNetCNNtrained to predict imagenemorabilityshowed significant
281 correlationswith HC(" =0.24,p=3.29 x 16?) and SCbehavior(' =0.23,p=1.84 x 164, while

282 MCI behaviocorrelationsdid not pass significance thresholds.06,p=0.080).
283

284
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3.2 Differentiating memory impaired groups from healthy controls

Figure 3 Finding the optimal number of images to diagnose MB).Ths scatterplot of image performance shows
an example of thahree possible subsets the images can be divided idtM (red), HM (yellow), andH>M

(blue).B) Area Under the Curve (AUC) by image set and number of images in fhestiety each of these subset
types at different set sizesve find that the H>M set (blue line) consistently outperforms the other image subsets
at all set sizes. Importantly, tHé>M set also outperforms the alinage set (gray dotted line) at a surprisingly small
number of images, first overtaking the-athage set at ol 192 images versus the 835 images used in tHenaljje
set. From this set of 192 images, each participant saw on average only 18.3 imagesRec&ii@r Operating
Characteristic (ROCurves for two peaksg the first peak wherd4>M overtakes the allmage set, and the max

peak whereH>M has the largest difference from the #thage setE & FlParticipant classification performance
averaged across 100 iterationgparticipant splithalves at a sample cutoff (determined as the point where the
sensitivity + specificitig at its maximum), broken down by participant type for the different image sets. Error bars
indicate standard error of the mearcross the 100 iterationdNote that the optimizedH>M image subset

particularly shows a boost MCldiagnosis sensitivitgverall other image sets.
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