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Abstract

This paper presents a novel application of survival analysis to study gender differences in
emotional responses during Holocaust survivor testimonies. By analyzing 982 oral history
interviews (454 women, 528 men) from the USC Shoah Foundation, we examine the temporal
patterns of crying and sobbing events using multimodal analysis techniques. Our findings
reveal that women survivors cry earlier and more frequently than men during their testimonies,
with statistically significant differences in waiting times and recurrence patterns. Further-
more, we identify gender-specific triggers: women are more likely to cry when discussing
forced labor, while men show emotional responses when discussing captivity, mistreatment,
and religious topics. This study demonstrates how survival analysis can provide meaningful
insights into the temporality and gendered nature of traumatic memory transmission in oral
history interviews.

Keywords: Holocaust testimonies, survival analysis, multimodal analysis, gender dif-
ferences, oral history, emotional response

1 Introduction
It is the summer of 1944. Freight trains packedwithmen, women, and children arrive at Auschwitz-
Birkenau. Families are forcibly separated and sent to their death. Those few who survived have
recounted this moment millions of times. So did Alex and Elisabeth. They both arrived in Birkenau
around the same time - though from different places. Fifty years later, they both gave oral history
testimonies. However, the recollection by Elisabeth is different from the way Alex recalls the
moment of forced separation. Elisabeth breaks down. She keeps crying when recalling the moment
she was separated from her parents and her brother. They did not survive. Alex recalls the moments
of separation from his parents without any visible emotional breakdown. Neither did his parents
survive. Genuinely, one asks the question: are the different recollections by Elisabeth and Alex
part of a broader trend or pattern? In their belated oral history testimonies, do female and male
survivors of Nazi concentration camps start to cry and break down at the recollection of different
episodes? Are women or men more likely to cry when addressing a troubling past? Throughout
the interview process, do men or women tend to be overwhelmed earlier? The relevance of these
questions is underscored by a leitmotif, a phrase that Holocaust survivors keep repeating in their
testimonies: ”crying like a baby.”
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Holocaust scholars have been studying both the verbal and the non-verbal aspects of survivors’
memory as transmitted in belated audio/video testimonies; they have been investigating the per-
formative aspects of recounting the past [23]. A multimodal approach focusing on the fusion of
and interrelations between different modalities through which traumatic narratives unfold has been
applied since the early 1990s [10; 17]. Nonetheless, previous studies worked with a limited num-
ber of testimonies and approached multimodality through the close-reading and close-listening of
single testimonies [12; 20]. A large-scale multimodal analysis of oral history interviews with Holo-
caust survivors was not possible for two key reasons. First, even though approximately 100.000
testimonies have been recorded since the end of the Second World War, these testimonies were not
available as raw data; researchers could interact with them only through online databases, which do
not allow large-scale data analysis. Second, neither transcripts nor multimodal annotation, high-
lighting for instance moments of crying, were available. All this is now changing. Testimonies are
increasingly more available as data sets and generative AI facilitates their multimodal annotation
on an unprecedented scale [7]. Interest in multimodality is gaining momentum in the Humanities
and beyond [26; 27]. Despite this recent development, there is still a key challenge to be tackled
before large-scale multimodal studies of Holocaust memory can take place.

The challenge that Holocaust scholars, as well as students of other oral history interviews face,
is the lack of a comprehensive statistical framework for analyzing the multimodality of audio/video
interviews. A key goal of the VOICES project (https://voices.uni.lu), which the authors of
this paper are affiliated with, is to develop components for this framework. Here, we present one
of our components that relies on different branches of survival analysis. This is a statistical tool
widely applied in clinical research and engineering [15]. By analyzing 982 Holocaust testimonies
(454 women, 528 men) (timestamped transcripts with multimodal clues inserted, as well as top-
ical annotation added, see the data description in the Appendix) we address questions related to
gender and crying. Using survival analysis and other statistical tools, we find both unimodal and
multimodal evidence that women survivors cried more often and earlier than men.

2 The problem set and survival analysis
An oral history interview as a time-continuous multimodal data can be conceptualized as parallel
sequences of events. Each sequence is a layer focusing on different features of the original au-
dio/video data. For instance, the rate of speech is one layer; the movement of the speakers’ eye
forms another layer. Change of posture or the abrupt acceleration of speech rate are distinct events
of the respective sequences. In addition to the non-verbal layers, extrapolated from voice, posture,
and other physical and biological aspects of the speakers, another key - verbal - layer is the content
of what is discussed. This layer can be also viewed as a sequence of events; each topic discussed
is an event belonging to the verbal layer. In an oral history interview, the different verbal and non-
verbal layers are parallel to each other since they unfold along the same temporal axis. If multiple
speakers (for instance an interviewer and several interviewees) are involved, each speaker can be
seen as a different set of layers.

It is reasonable to assume that different layers of multimodality are interconnected with each
other. For instance, certain events, that is to say topics, on the content layer trigger specific events
on the non-verbal layers. Explained through the example of the two Auschwitz survivors, the
narration of forceful separation upon arrival to the death camp triggers a specific vocal event, which
is crying. In Section 5, we present the results of our analysis investigating the interconnections
between events belonging to two different layers of multimodality by one speaker. At the same
time, here we do not address the problem of how different sets of layers by different speakers are
related to each other; this is subject of further research.

It is important to note that the occurrence of an event belonging to a given single layer of
multimodality involves a specific type of time. This is waiting time. For instance, as we note in
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Section 3, survivors do not start crying at the beginning of an interview. One has to listen and keep
waiting for this event to occur. The “usual” time one needs to wait for an event is informative. For
instance, it gives access to the way interviews by different groups of people, such as for instance
men and women, tend to unfold. As we demonstrate in the following sections, by focusing on the
waiting time, we can address the research questions raised in the introduction. For instance, we can
study whether men or women are more likely to break down emotionally throughout the interview
process. For studying the waiting time for the event of crying, we rely on survival analysis.

Specifically, with survival analysis we can address the following broader but more technical
questions that fall into two groups. The first group focuses on the study of a single multimodal
layer, such as crying and not crying, and works with the waiting time for the first occurrence of
an event: how long is the waiting time for a woman or a man to start to cry after an interview
begins? The second group also works with a single layer but focuses on the waiting time until
multiple events of the same type occur after the beginning of an interview. With this, we can study
the frequency of crying and its patterns of recurrence in interviews by women and men. With the
focus on the waiting time, survival analysis brings a great variety of quantitative and qualitative
phenomena into play, which enrich our understanding of multimodal memory transmitted through
oral history interviews.

Finally, survival analysis helps address a key problem. This is the perceived randomness of
the waiting time for events to occur, which can be understood through its application in clinical
trials. For instance, there is a clinical trial investigating the effectiveness of a new method to
treat terminal cancer; the goal of the trial is to find out whether the treatment is able to prolong
the life of those one thousand men and women who participated. The trial aims to give explicit
information about the time one is expected to live after the treatment; furthermore, it wants to
compare the effectiveness of treatment for men and women. Nonetheless, the time until death
varies a lot among the participants. From the perspective of the researchers, the duration (or the
waiting time) seems to be a random phenomenon that changes from subject to subject. Survival
analysis models the waiting time for one or multiple events to occur as a random variable; it uses
the data collected throughout the clinical trial to infer information about the waiting time as a
random variable, including the underlying probabilistic processes. Interestingly, the usual goal in
a clinical trial, modelling the perceived randomness of the waiting time until one or multiple events
occur, has similarities with the occurrence of multimodal events in oral history interviews. Each
interview can be conceptualized as one subject in a clinical trial. If the focus is the single layer (or
unimodality) defined by for example the events of crying and not_crying, the goal of the researcher
is to model the perceived randomness of the usual waiting time - calculated from the beginning of
the interview - for an interviewee to cry for the first time or for a number of times. The first case
(focus on the first event) belongs to survival analysis; the second case (focus on multiple events)
belongs to recurrent events analysis, which is a specific branch of survival analysis [2]. In case
the focus is on the relationship between two layers, the waiting time as a random variable is to be
measured from a starting point on one layer until response belonging to the other layer. As a whole,
both clinical trials and oral history interviews involve waiting time as a random variable; survival
analysis enables us to model this random variable, and describe its qualitative and quantitative
aspects. It is an established framework equipped with statistical significance testing and group
comparison, which, as we will see below, are highly useful to compare and gather insights into
multimodal and gendered memory of the Holocaust transmitted through oral history interviews
with survivors.

In the next sections, we will discuss how survival analysis supports the study of
A, a single layer of multimodality and the waiting time for the first event defined by crying;
B, a single layer of multimodality and the waiting time for the multiple crying events to occur
To study the interrelationship between events (crying and topics) on two layers of multimodal-
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ity, we use another statistical tool, odds ratio analysis, explained in the Methods section. First, we
present the results of our analysis. In the Methods section, we give a technical description. Finally,
in the Discussions, we address the strengths and the limitations of the survival analysis for the use
of multimodal data analysis, and discuss future research directions.

3 Results: single layer and the first crying and sobbing event
Even though it is a natural phenomenon that survivors of Nazi concentration camps cry when
they recall a traumatic past, it is not always the case. In our interview data set, less than half
of the participants actually cry or sob - corresponding to 43.8% event rate. Given that there is
no statistically significant difference between the event rate of crying and sobbing separately for
men and women (results show p-value of 0.14 for crying event only). Therefore, we combined
these two observations as similar emotional responses. Many of the survivors get through the
interview process without emotional breakdown. Of course, those who cry or sob do not start to
cry immediately at the beginning of the interview; it takes time until the moment of crying arrives.
This leads to the question, overall are women or men more prone to cry? Which group is more
likely to start to cry earlier throughout the interview? If they cry, how long does it take for them
to start to cry for the first time?

To answer these questions, we modelled the probability of the event not crying in the function
of the interview time. We focused on the event not taking place, and included both those who
cry or sob at least once and those who do not cry or sob at all (see the censoring process and the
survival function in the Methods section). With this focus, we gathered insights into whether men
or women tend to collect themselves for a longer period of time (Figure 1). Our results show that
women are significantly less likely to collect themselves and more prone to experience crying and
sobbing (p-value = 0.0226) earlier than men (Figure 2, see the description of the Hazard ratio and
the Hazard function and the associated significance tests in the Methods section). Finally, we also
modelled the waiting time for a man or woman to start crying in those interviews where these
events actually occur. The result is in line with the previous finding. We found that the waiting
time for women to start to cry or sob tends to be significantly shorter (see the description of the
use of the Gamma distribution with Alpha=1 in the Methods section).

4 Results: single layer and multiple crying and sobbing events
In the previous section, we focused on the waiting time until the first event. Nevertheless, those
who cry in interviews are likely to cry multiple times. This leads to a number of questions. Is
the mean number of crying events more for women or men in the interviews we have? What is
the waiting time for these multiple events to occur for the two genders? In addition, we can also
ask whether the crying events tend to cluster in close proximity, that is to say, whether they follow
each other with short intervals? Alternatively, do they tend to set apart throughout the interview
process?

Overall, the probability of multiple crying events (equal or more than 3) is low in our data set;
on average survivors cry around two times through the interview process (Figure 3B). However,
we found that the mean number of crying events in women testimonies is higher (Figure 3A);
according to our analysis, the difference is statistically significant (see Figure 3D, as well as the
use of Gamma distribution for modelling multiple events along with the Female / Male risk ratio
analysis for multiple events in the Methods section). Our analysis also demonstrates that women
reach the mean number of multiple events quicker than men (see Figure 3C). Finally, in our data
set, crying events by women tend to cluster in closer proximity than those by men. (see the waiting
time between crying events estimated with the Beta parameter of Gamma distribution on Figure
3A).
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Figure 1: Probability that survivors have not yet cried during the interview (survival function
S(t))

Figure 2: Modeling the instantaneous risk (hazard) of a first crying event by gender
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Figure 3: Modeling the waiting time to multiple crying events in testimonies of women and men
using the Gamma distribution

5 Results: two layers and single crying and sobbing event
In the last three decades, Holocaust scholars have studied gender differences in Nazi concentra-
tion camps, where men and women were usually detained in different sectors. Scholarship has
pointed out systematic differences between experiences by women and men [31]. For instance,
it has been argued that solidarity was stronger among women. This and other similar findings of
previous scholarship make us hypothesize that women and men cry when recalling different types
of memories and concentration camp experiences.

To test this hypothesis, we applied the multilayered approach outlined above. Again, the se-
quence of memories and experiences discussed through the interview process is one layer. In our
data set, memories and experiences are encoded into topics from a purpose-built thesaurus; each
interview in the data set is available as a time-stamped and minute-based sequence of segments;
each segment is annotated with the topics discussed in the segment (see the data description and
the details of the topical annotation in the Appendix). The other layer is given by the time-stamped
moments of crying or sobbing. The availability of these two timestamped and therefore paral-
lel layers enable us to inquire whether there are different topics triggering crying or sobbing for
women and men - with delay and without delay.

To answer this question, in this study we worked with higher level topics only. As described in
the Appendix, the thousands of topics used to annotate interview segments derive from a purpose-
built and patented thesaurus or controlled vocabularies. This thesaurus, developed by our data
provider, the USC Shoah Foundation, is structured as a directed acyclic graph. For this study, each
low level and highly specific topic was replaced with the highest topics in the hierarchy, which
are the core nodes of the graph structure. In total, we worked with twenty-three single topics and
studied which one triggers a crying event for men and women (see the description of odds ratio
analysis in the Methods section).

We found that the following topics are significantly likely (with p-value below 0.05 with
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multiple-tests correction) to trigger crying if bothmen andwomen are included: captivity, mistreat-
ment and death, discussion of religion and philosophy, forced labour. Nonetheless, with gender
included the results are different. There is a statistically significant probability that women start to
cry at the discussion of forced labour. By contrast, captivity, mistreatment, discussion of religion
and philosophy are associated with men crying. It is important to underline, there are also other
topics likely to trigger crying but they lack statistical significance. Generally speaking, our results
related to interrelationship between the verbal layer of topics and the non-verbal layer of crying
remains preliminary; we need further post-processing of the topical thesaurus to work with lower
level topics.

6 Method description
6.1 Study design and case study mapping

Let I = {1, . . . , N} index oral-history interviews. For interview i ∈ I , let Di > 0 denote the
observed interview duration (in continuous time units), and let {ti,1 < · · · < ti,ki} ⊂ (0, Di] be
the time stamps at which an emotional breakdown is annotated (crying or sobbing). Define the
counting process

Ni(t) =

ki∑
j=1

1{ti,j ≤ t}, t ∈ [0, Di],

and the at-risk process Yi(t) = 1{t ≤ Di} [16; 25]. We study:

1. Time to first breakdown: Ti = inf{t > 0 : Ni(t) ≥ 1} if ki ≥ 1 and Ti = Di otherwise,
with event indicator δi = 1{ki ≥ 1}.

2. Recurrent breakdowns: the trajectory {Ni(t), 0 ≤ t ≤ Di} and gap times Wi,j = ti,j −
ti,j−1, with ti,0 := 0.

Interviews without a breakdown are administratively right-censored at Di. We assume indepen-
dent interviews and non-informative censoring (conditional on the observed history, interview ter-
mination is independent of future breakdowns) [15; 16]. In the case study, N = 982 interviews
(women = 454, men = 528) are analyzed. Gender is Gi ∈ {0, 1} (0=female, 1=male). When
thematic annotation is available, the current topic is a time-varying covariate Zi(t) ∈ {1, . . . ,K}
(piecewise-constant over topic segments).

6.2 Nonparametric estimands

For time to first breakdown, the survival and cumulative hazard are

S(t) = Pr(T > t), H(t) =

∫ t

0
h(u) du,

with h(t) the hazard. We estimate S(t) by Kaplan–Meier andH(t) by Nelson–Aalen [14; 16; 19].
Group contrasts (men vs. women) use the log-rank test [29]. As an assumption-lean summary, we
report the restricted mean survival time (RMST) up to τ0,

RMST(τ0) =
∫ τ0

0
S(t) dt, ∆RMST = RMSTmen(τ0)− RMSTwomen(τ0),

with inference following [22; 30].
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6.3 Semiparametric hazard regression (first breakdown)

Cox proportional hazards (PH) models quantify covariate effects [6]:

hi(t) = h0(t) exp{βGGi + γ⊤xi + η⊤zi(t)},

where h0 is an unspecified baseline, xi are time-invariant covariates, and zi(t) are time-varying
covariates (e.g., topic indicators). Parameters are estimated by the partial likelihood

L(θ) =
J∏

j=1

exp{θ⊤X(j)}∑
i∈R(t(j))

exp{θ⊤Xi(t(j))}
,

with distinct event times t(1) < · · · < t(J), risk set R(t), Xi(t) = (Gi, xi, zi(t)), and θ =
(βG, γ, η). Because covariates vary over time, we compute cluster-robust (sandwich) standard
errors with interview as the clustering unit [15; 18]. PH diagnostics use scaled Schoenfeld residuals
and global tests; if PH is violated, we include time-interactions or rely on RMST contrasts [11; 22;
24; 30].

6.4 Recurrent breakdowns: counting-process models

For multiple breakdowns within an interview, the intensity is

λi(t | Hi(t)) = Yi(t)λ0(t) exp{βGGi + γ⊤xi + η⊤zi(t)},

with historyHi(t). We fit (i) Andersen–Gill (AG) with robust variance [3]; (ii) Prentice–Williams–
Peterson (PWP) gap-time, which resets the clock after each event [21]; and (iii)Wei–Lin–Weissfeld
(WLW) marginal models with event-order strata and interview-level robust variance [32]. We also
plot the cumulative mean function of events over time (nonparametric MCF) [5; 19].
Parametric interpretation (waiting time to the kth event). Under a homogeneous Poisson break-
down process with rate λg in group g, the waiting time to the kth event is

T (k) ∼ Gamma(α = k, rate = λg) , E[T (k)] =
k

λg
.

For k = 1 this reduces to the Exponential distribution (α = 1). We use these fits descriptively (by
gender), while inference relies on the semiparametric models [5].

6.5 Topic-specific hazards and multilayer alignment

We represent each interview in start–stop form with one record per maximal segment of constant
covariates. Let {[si,ℓ, ei,ℓ)}Li

ℓ=1 be the segmentation; within segment ℓ, zi(t) ≡ zi,ℓ and the like-
lihood contribution occurs at segment endpoints with events. Topic-specific effects are obtained
via topic indicators in zi(t) or by stratifying on Zi(t); interactions Gi ×Zi(t) allow gendered dif-
ferences by topic. Multiple testing across topics is addressed with Bonferroni and FDR control [1;
4].

6.6 Rate–ratio models for total event counts (robustness)

As a coarse, time-agnostic robustness check for recurrence, we model the number of breakdowns
per interview,Ki = Ni(Di), using Poisson or negative-binomial regression with a duration offset:

logE[Ki | Gi, xi] = α+ βGGi + γ⊤xi + logDi,

reporting the gender rate ratio exp(βG) and its confidence interval [13]. This complements the
event-history analyses.
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6.7 Topic-trigger association via odds ratios (time-agnostic)

To align with the descriptive “trigger” analyses in the Results, we also compute odds ratios (ORs)
for whether a crying/sobbing event occurs when (or shortly after) a high-level topic is present.
For a given topic and gender, construct a 2 × 2 table of segments: topic present/absent × event
observed/not observed within a pre-specified window (e.g., same minute or within L minutes).
The odds ratio and large-sample CI are

OR =
ad

bc
, log(OR)± 1.96

√
1

a
+

1

b
+

1

c
+

1

d
,

with Fisher’s exact test p-values when counts are sparse; multiplicity across topics is controlled by
FDR [1; 4; 28]. These ORs are descriptive and complement the time-to-event models.

6.8 Estimation, uncertainty, and reporting

Point estimates are accompanied by 95% confidence intervals: Greenwood-type for KM, robust
sandwich for Cox/AG/WLW/PWP, delta-method for RMST, exact or Wald intervals for ORs, and
robust SEs for count models [1; 13; 15; 16]. Unless noted, we use two-sided α = 0.05 with
multiplicity adjustments as above.

6.9 Relevance to the case study

Within this framework we address: (i) how long witnesses typically speak before a first breakdown
and whether this differs by gender/topic (KM/NA, RMST, Cox); (ii) how the instantaneous risk
evolves over an interview and across topics (Cox with time-varying covariates; AG/PWP/WLW);
(iii) whether total breakdown rates differ by gender (count models); and (iv) which topics are
associated with breakdowns in a time-agnostic sense (ORs). The Gamma summary provides an
interpretable parametric benchmark for the waiting time to the kth breakdown [5; 16; 25].

7 Discussions and future research
Time is an essential component of oral history interviews. To put it simply, as the interview pro-
gresses, it unfolds over time. Analyzing the temporal aspects of interviews in reference to different
layers of multimodality is much needed. In this paper, we showed how survival analysis can sup-
port these analytical efforts. Most importantly, we demonstrated how survival analysis enables the
generalization of temporal observations over a large number of interviews divided according to
gender. With this approach, we could compare how female and male survivors of the Holocaust
recall their traumatic past in their belated oral history interviews. Our results indicate systematic
differences between men and women. By focusing on the temporal aspects of the event of crying,
we found solid evidence that men and women tend to cry at different times and after recalling dif-
ferent types of Holocaust experiences. Nevertheless, survival analysis has a number of limitations,
which pinpoint the need for further research.

First, survival analysis is a tool to analyze a given data set. It does not enable us to go beyond
the data available and study the underlying population. In our case, this means that our results
remain valid in reference to the data set we have. However, to go beyond the generalizations and
evidence inferred from the data and to talk about the entire population of survivors, we need further
statistical tools such as the ones provided by the Bayesian framework and unseen species studies
[9]. Currently, our results are only indicative in relation to the entire survivor population.

Second, survival analysis works with time between two distinct events such as for instance
the beginning of an interview and the moment one starts crying. Nevertheless, between these two
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events, there can be a number of other events influencing the temporal dynamics of the interview
process. Hence, we need parallel sequence analysis to complement survival analysis.

Third, survival analysis helps explore events that follow each other with delay. In this paper,
we treated this “following each other” as triggering. We applied statistical significance testing to
check whether “following each other” is just a coincidence (null hypothesis) or whether we can
assume causality. To which extent the rejection of null hypothesis is indeed an indicator of true
causality is a question of philosophical discussions [8]. This paper is not to address this problem;
however, one has to see our results with keeping these discussions in mind.

To summarize, survival analysis is a valuable tool to support multimodal data analysis but
further statistical tools are needed to achieve more comprehensive results.

Code availability
The analysis scripts and reproducible code used in this study are available on GitHub at
https://github.com/toth12/multimodal-survival-analysis. The repository in-
cludes data-processing pipelines, modeling code (survival and recurrent-event analyses), figure-
generation scripts, and instructions to reproduce all results from a clean environment.
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A Data descriptions
Our data is a collection of 982 oral history testimonies (interviews) with 454 women and 528
men. The interviews were conducted by the USC Shoah Foundation between 1994 and 1998.
Trained human annotators of the Foundation annotated each interview with topical keywords from
a controlled vocabulary. The thousands of explicitly defined keywords in the controlled vocabulary
aim to cover all possible Holocaust experiences and they were developed by the Foundation itself.
The annotation process and the controlled vocabulary are patented by Samuel Gustman, Chief
TechnologyOfficer of the Foundation: “Method andApparatus for CataloguingMultimedia Data,”
U.S. Patent 5,832,495 (Nov. 3, 1998).

Specifically, in our data set each interview is available in three different formats: timestamped
transcripts with multimodal clues (crying, sobbing, etc) in text format; timestamped topical an-
notation grouped into minute-based segments in XML; original audio/video files in MP3. The
multimodal clues were added throughout the transcription process by the Foundation.

The dataset can be consulted on the website of the Foundation:
https://vha.usc.edu/
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