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Abstract

We examined how people remember ‘where’ a certain event
happened given the time and date of the event (i.e., memory
for where). We especially focused on the kinds of information
people use when trying to retrieve their memory for where. In
order to increase ecological validity, we used experience sam-
pling technology. In the task, participants watched a video
that depicted a 3rd person’s life for a month period, which
was generated by using the 3rd person’s experience sampling
data. Then, participants were cued with a certain time and
were asked where the person was at that time as well as how
confident they were with their response. Using a conditional
logit model, we found that, temporal and spatial distances were
the main predictors of participants’ choice. We also found that
generic knowledge about one’s life and repeating events (or lo-
cations) also affect participants retrieval of memory for where.
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Introduction
Ronald Cotton was sentenced to life plus fifty-four years im-
prisonment after he was found guilty of a rape and burglary
which he did not commit (Thompson-Cannino, Cotton, &
Torneo, 2010). One of the critical factors for his conviction
was the false alibi which Cotton provided. He incorrectly re-
called where he was at the time of the rape, giving police a
reason to think that he was lying. Cotton was only exonerated
on the basis of DNA evidence after spending eleven years in
prison.

A suspects alibi is considered critical evidence in the legal
system, but alibi generation can be a difficult process even
for people who are innocent. People often assume that inno-
cent people will provide accurate alibis, however laboratory
experiments that have required participants to generate alibis
find that only half of the participants provided consistent ali-
bis (Strange, Dysart, & Loftus, 2014). Furthermore, showing
more confidence in alibi generation does not always lead to an
accurate alibi (Leins & Charman, 2016). Inconsistent mem-
ory is natural for innocent people (Crozier, Strange, & Loftus,
2017). People also often underestimate how difficult it can be
for innocent people to generate accurate alibis (Culhane &
Hosch, 2012; Olson & Charman, 2012). For example, Olson
& Wells (2012) reported that participants who went through

an alibi generation experience became more aware that alibi
generation is not easy, and subsequently considered a sus-
pect’s false alibi more believable.

Despite the difficulties in generating alibis, there has been
little research on understanding the mechanism underlying al-
ibi generation (or memory for where) compared to other pro-
cedures used in the legal system such as police line ups (e.g.,
Lindsay & Wells, 1985; McQuiston-Surrett, Malpass, & Tre-
doux, 2006) or decision processes during eyewitness identi-
fication (e.g., Lamberts, 2000). Even the handful of studies
that try to understand alibi generation are limited since most
of them were based on self-reports of participants which re-
duced the reliability of the results, as they could have pro-
vided narrative for events which they could remember clearly,
and therefore could have given evidence that was easy to cor-
roborate. Moreover, there was no way of verifying if the par-
ticipants were being truthful, as those who were unable to
verify their evidence or could not be bothered to verify them,
could have easily reported that there were no changes in their
alibis in the follow-up experiments. More importantly, pre-
vious studies did not look at how people separate memories
of interest from all the other memories that are stored (e.g.,
Leins & Charman, 2016), and usually only require partici-
pants to recall one single event, generate the alibi and subse-
quently verify their evidences. In order to study how individ-
uals isolate different events from all other experiences stored
in their memory, we need a more ecologically valid method-
ology to look into how memory is retrieved when individuals
are given a wide range of events they have experienced.

Experience sampling techniques provide an ecologically
valid method to examine our memory for where. Experi-
ence sampling has the advantage of collecting each partici-
pant’s day to day events automatically without selection-bias.
By utilizing modern smartphones, various modalities may be
easily recorded such as time, images, sounds, GPS, and ac-
celerometry. Recent studies that focus on human memory
have shown interesting findings using experience sampling
techniques such as the kinds of cues people use to remem-
ber when an event happened and how memories of time and
space are represented in the brain (e.g., Chow & Rissman,



2017; Dennis, Yim, Evans, & Garrett, 2017; Nielson, Smith,
Sreekumar, Dennis, & Sederberg, 2015; Sreekumar, Nielson,
Smith, Dennis, & Sederberg, 2018). Importantly, the data that
the experience sampling techniques capture includes events
that repeat in one’s life that contrast with laboratory stud-
ies which usually contain evenly distributed events or only
unique events.

Therefore, in the current study we used experience sam-
pling techniques to examine how individuals isolate events
and investigated the type of information they use to retrieve
information to make judgments about where they have been.
In the experiment, participants watched a video that depicted
the life of one of the authors (SD), which was created by using
a month worth of experience sampling data. After watching
the video, the participants where cued with a specific time
and date and were asked where SDwas at that time, which
mimicked the alibi generation procedure. Additionally, par-
ticipants were asked how confident they were for making each
judgment.

Experiment
Methods

Subjects One hundred and five participants participated via
mTurk (N = 40), flyers around campus (N = 10), and students
research experience pool from a major Australian university
(REP, N = 55). Participants recruited from mTurk and flyers
received US$8.4 and AU$15 respectively, and REP students
participated for course credit.

Materials We used the Unforgettable.me system (Dennis,
Yim, Garrett, Sreekumar, & Stone, 2018) to collect one of the
author’s (SD) life for four weeks. Unforgettable.me captured
time, GPS, accelerometry and obfuscated audio data (using
Mel-Frequency Cepstral Coefficients, MFCCs) through an
android app. that was installed on SD’s phone. The sys-
tem recorded these events every ten minutes, except for the
accelerometry, which was recorded continuously.

With the collected sensor data, a video was created depict-
ing four-weeks of SD’s life. The video showed where SDwas
every hour and included images that were accompanied by
day, time, date and address of the locations (see Figure 1A).
Also, a narration described SD’s activity when a location
changed (e.g., ”Back at work at the Redmond Barry Build-
ing”). The images were extracted from Google streetview
based on GPS location or selected by the experimenter when
streetview images were not available (e.g. airport). For im-
ages between 6pm to 7am, the brightness of the images were
decreased by adjusting the gamma value (γ) using the follow-
ing equation:

γ = 0.6+(1− log10|2 ·H−23|) (1)

where H is the time between 6pm and 7am using the 24-
hour notation. This manipulation provided an additional cue
to the time of day. The length of the video was approximately

20min. 1.
Test trials were constructed by first clustering the median

GPS points of each hour time bin. A cluster was defined as
points that were within a 100m radius from the center of the
cluster. Fifty-nine clusters were formed with a median num-
ber of points in each cluster being 8.64 (SD = 30.38; see Fig-
ure 2). Based on the clustering results, each trial was con-
structed where the target location was first randomly picked
from the smallest cluster in the pool. Then three distractor lo-
cations (lures) were picked randomly from clusters different
from the target cluster with a constraint of being more than
a 100m distant from the target location. For each subject, 52
trials were generated by iterative going through these steps.

Procedure Participants were instructed to watch a video
that depicted SD’s four-week of life. They were asked to
remember as much information as they could regarding the
time, day and date of the events, and the location and ad-
dresses that were presented in the video. After watching the
video, participants were tested on where a certain event hap-
pened in SD’s life. For each trial, a question was provided
at the bottom of the screen (e.g., Click marker where SDwas
Tuesday afternoon 3pm on Feb 20), and a map was presented
with four choices (markers) that were labeled A, B, C, and D
(see Figure 1B). Participants were asked to click on the cor-
rect marker using the mouse. They were allowed to move the
map and to zoom in or out by scrolling the mouse or using
the +/- signs at the bottom right corner of the map. After
providing a response, participants were asked how confident
they were in their response using a five point scale (i.e., 1:
not all confident, 2: not very confident, 3: a little confident,
4: somewhat confident, and 5= very confident). There were
52 trials in total, where the first two trials were presented as
practice trials, and therefore were excluded from all analyses.
The experiment lasted around 40 minutes.

Results and Discussion
The mean accuracy across participants was .35, which was
statistically above chance-level (SD = .14, one-sample t-test
against .25, t(104) = 6.83, p < .001), with a mean reaction
time (RT) of 13.80sec (SD = 9.22sec). There were twenty-
eight participants (thirteen from mTurk, and fifteen from the
REP pool) that showed below-chance level (i.e., .25) perfor-
mance. Excluding these participants made the mean accuracy
.41 (SD = .12, one-sample t-test against .25, t(76) = 11.71,
p < .001), with a mean RT of 15.34sec (SD = 9.02sec). Data
of these twenty-eight participants were excluded for the anal-
yses that follow.

In order to examine the factors that affected the partici-
pants’ choice, we used a conditional logit model (McFad-
den, 1973) utilizing the pylogit library (Brathwaite & Walker,
2018). There were four predictors, which included (1) spatial
distance, (2) accelerometry dissimilarity (or distance), (3) au-
dio dissimilarity (or distance), and (4) temporal distance. In

1An example of the video could be found at https://000001.
mall-lab.com/video-preview
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“Back at work at the Redmond Barry Building” 

Figure 1: An example of the materials used in the Experiment. (A) a screen shot of the video that was created to depict SD’s
life, (b) a test trial asking where SDwas at a certain time.
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Figure 2: Distribution of cluster sizes of clusters used in gen-
erating the test trials.

order to acquire a more stable measure of distance for the con-
ditional logit model, the distance between the target and each
alternative choice was calculated by taking all values in an
hour bin of the target and all values in an hour bin of the alter-
native choice. Then, we took the median of these distances as
the distance between the target and an alternative. Distances
for all predictors were calculated using this method except for
the temporal distance, which will be explained below.

Spatial distance was calculated by using Euclidean dis-
tance of the GPS coordinate. Accelerometry dissimilarity was
first pre-processed using a discrete Fourier Transformation,
then the Euclidean distance was calculated. Audio dissimilar-
ity, which was recorded in a Mel-Frequency Cepstral Coeffi-
cient (MFCC) format (Mermelstein, 1976), was also calcu-
lated using Euclidean distance. Temporal distance was calcu-
lated in two ways - a continuous time measure and a categori-
cal time measure. The continuous time measure calculated

the distance by taking the absolute difference between the
time of an alternative choice and the target. There were three
kinds of categorical time measure, which were week, day of
week, and time of day. The time of day was classified into
four categories, where 12am to 11am was regarded as morn-
ing, 12pm to 5pm as afternoon, 6pm to 8pm as evening, and
9pm to 11pm as night. The categorical time distances were
produced in an all-or-none fashion where if the categories
matched the distance was zero and if they did not match the
distance was one.

We first used a conditional logit model with all predic-
tors included. Results showed evidence that spatial dis-
tance (β = −.025,robust t = 11.19, p < .001), continuous
time (β =−4.64E−4,robust t = 1.96, p = .049), categorical
time(week) (β =−.169,robust t = 2.52, p = .012), and cate-
gorical time(day) (β =−.190,robust t = 3.74, p < .001) pre-
dicted participant’s response, while audio dissimilarity (β =
2.3E−5,robust t = 0.571, p = .568), accelerometry dissim-
ilarity (β = −2.4E − 5,robust t = 0.55, p = .582), and cat-
egorical time(hour) (β = −.071,robust t = 1.56, p = .118)
did not. However, we also find that the predictors are cor-
related (see Table 1). In particular, the continuous time mea-
sure (temporal), and the three categorical time measure (i.e.,
WEEK, DAY, HOUR) are highly correlated.

Table 1: Correlation between predictors. Note that ∗ and +
represents Bonferroni-corrected p< .001 and p= .02 respec-
tively.

temporal spatial accel. audio WEEK DAY
spatial .13*

accel. .13* -.06*

audio .07* .01 -.02+

WEEK .75* .22* .09* .05*

DAY .48* .36* .05* .06* .52*

HOUR .30* .22* -.01 .06* .33* .43*



When entering each predictor into the conditional logit
model one at a time, results showed evidence that spatial
distance (β = −.036,robust t = 17.73, p < .001), continu-
ous time (β = −.002,robust t = 14.43, p < .001), categori-
cal time(week) (β =−.642,robust t = 17.26, p < .001), cat-
egorical time(day) (β = −.662,robust t = 18.94, p < .001),
and categorical time(hour) (β =−.509,robust t = 13.53, p <
.001) predict participant’s response, while audio dissimilarity
(β = 2.2E−4,robust t = 0.137, p = .891) and accelerometry
dissimilarity (β = −6.9E− 5,robust t = 1.55, p = .121) did
not. Also, when comparing all possible models, the model
with spatial distance, categorical time(week), and categori-
cal time(day) was the best model (BIC = 9899). Therefore,
through different analyses, evidence showed that time (both
continuous and categorical) and spatial distance are the crit-
ical predictors for participant’s response, but audio and ac-
celerometry are not.

We further examined the error patterns regarding the tem-
poral and spatial distances, which were critical predictors
based on the conditional logit model result. For the tempo-
ral distance, we investigated whether participants made errors
that were temporally earlier or later than when the cued tar-
get event happened. For each participant, we calculated the
time differences between the time of the incorrectly chosen
event and the time of the cued target event (response event
time minus target event time). There was no evidence that the
distribution was skewed (M = .058,SD = .371, p = .18; see
Figure 3A). The results imply that participants were making
temporally symmetric errors near the cued target event with
more errors if the alternative choice was temporally near the
target event.

Similar to the temporal distance, we examined the spa-
tial distance between the responded location and correct tar-
get location for all erroneous responses. We first binned the
whole range of distances (.0929km ∼ 4170km) evenly into
ten bins, then calculated the proportion of error for each bin.
As shown in Figure 3B, there were more errors that were
close to the correct target answer, which is evident by the his-
togram decreasing as the spatial distance increased. Notably,
we also see two bumps in the plot. One around the spatial
distance of 900km (3rd bar of Figure 3B) and another around
3500km (6th bar of Figure 3B). The distance of the first bump
(i.e., around 900km) corresponds to the two locations that
SDcommutes between on the weekdays and weekends, and
the distance of the second bump (i.e., around 3500km) corre-
sponds to where SDstays during the weekdays and a location
of a conference that SDattended. Therefore, the results shows
that it is not purely spatial distance that is affecting the par-
ticipants performance, but a mixture of spatial distance and a
location-based process (e.g., Friedman, 1993). We will re-
turn to this argument more in the General Discussion section.

Finally, we examined the confidence ratings. The mean
confidence rating across subjects (mean of mean) was 3.38
(SD = .71). As shown in Figure 4, we also find a positive re-
lationship between confidence and accuracy (logistic mixed-

effect model with participant as a random intercept, β = .214,
SE = .033, z = 6.38, p < .001, BIC = 5122; χ2(1) = 41.92,
p < .001).

General Discussion
The current study examined the kinds of information people
use when trying to retrieve their memory for where by uti-
lizing experience sampling methods. We find that people’s
responses were predicted by spatial and temporal distances
(both continuous and categorical), which implies that peo-
ple are more confused when retrieving where something hap-
pened if there are other memories that happen close by tem-
porally or spatially. Effects from both temporal and spatial
distances have been identified in different memory tasks that
used experience sampling methods. For example, Dennis,
Yim, Evans, & Garrett (2017) showed that distance between
GPS locations predicted people’s memory for when. Nielson,
Smith, Sreekumar, Dennis, & Sederberg (2015) also provided
evidence that memories that are closer in time and space show
similar neural representations.

Regarding temporal distance, both continuous time and
categorical time measures were important predictors. Al-
though the two measure both concern ‘time’, the continuous
time measure is related to a distance-based process, whereas
the categorical time measure is related to a location-based
process Friedman (1993). Distance-based process involves an
estimation between the two time points through general mem-
ory strength (or vividness of the memory), whereas location-
based process involves relating events that have similar cat-
egorical label of time (e.g., same day of week, same time of
day; Curran & Friedman, 2003). Therefore the results im-
ply that when retrieving memories for where (e.g., where was
I this Monday afternoon at 2pm?), people not only get con-
fused when there are other memories near the cued time (e.g.,
memories at 1:50, 2:05, 2:15 on the same day), but also get
confused when there are other memories that share tempo-
ral labels (e.g., memories of last Monday afternoon, Tuesday
afternoon, etc.).

Evidence for multiple processes also exists in the spatial
domain. As shown in Figure 3B, in general, people confuse
memories that are spatially closer to each other. However, we
also see two bumps in the plot around 900km and 3500km,
which provides evidence that spatial distance is not the only
process involved. As briefly discussed in the result section,
these two distances (900km and 3500km) are related to a lo-
cation that SDfrequently visited (i.e., home). Because partic-
ipants had information about where SDwas living and with a
generic knowledge that SDwould be at home at a certain time
window (c.f., Barsalou, 1988), participants are able to infer
where SDwould be even when they do not have direct ac-
cess to the memory. Moreover, selecting this popular location
(i.e., home) is a good guessing strategy for the participants
since it is one of the most frequent location that SDwould be
at. However, this process also creates interference when SD’s
schedule deviates from the regular routine (e.g., attending a
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Figure 3: (A) Temporal distance of the error responses that participants made by taking the difference between the time of the
incorrectly chosen event and the time of the target event. (B) Proportion of error responses across spatial distance.
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Figure 4: Accuracy and confidence rating. The dotted-
line represents chance-level (.25), and error bars represent
±1SEM.

conference in a different city), which may result in the errors
we see through the bumps in Figure 3B.

Another finding is that auditory and accelerometry were
not significant predictors for memory for where, whereas pre-
vious studies examining memory for when did find effects for
these predictors (e.g., Dennis, Yim, Evans, & Garrett, 2017).
First, it is possible that the different results stems from the dif-
ference in the task of the two studies. In Dennis, Yim, Evans,
& Garrett (2017), participants were presented with an image
that was taken at a certain time through their phone, and were
asked the time of the event. On the other hand, the current
study cued the subjects with a time and asked for the loca-
tion that corresponded to the time. Therefore, the image cues
in Dennis et al. (2017), which were richer, might have recon-

structed auditory and accelerometry information, whereas the
time cues in the current study did not. Alternatively, it is pos-
sible that the difference is due to using a 3rd person’s data
in the current study via creating a video. The video did not
include auditory and accelerometry information from the ex-
perience sampling data, and the lack of experiencing these
information could have affected the results. Therefore, it is
possible that when using each participant’s own experience
sampling data, instead of presenting a 3rd person’s video, the
two predictors may turn out to be effective predictors2.

Finally, the results have implications for alibi generation.
In a standard interrogation, the police will ask suspects where
they were when the crime was committed, and if they have
an alibi that could prove that they could not have committed
the crime. Based on our study, interrogations could be mod-
ified by asking supplementary questions which could poten-
tially reduce the chances of suspects reporting an erroneous
alibi by making suspects evaluate their answers. For exam-
ple, instead of asking only one question such as ”Where were
you on Saturday around 10pm”, the police could ask several
related questions such as ”Where were you on the previous
Saturday?”, ”What did you do before or after 10pm on that
Saturday?”, or ”Is it possible that you were nearby to the lo-
cation you stated instead?” These additional questions would
make the suspects evaluate their answers, potentially avoid-
ing an incorrect response based on events either temporally
and/or spatially close to the correct answer.
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