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Abstract

This study uses the Palestinian Oral History
Archive (POHA) to investigate how Palestinian
refugee groups in Lebanon sustain a cohesive
collective memory of the Nakba through shared
narratives. Grounded in Halbwachs’ theory of
group memory, we employ statistical analysis
of pairwise similarity of narratives, focusing
on the influence of shared gender and location.
We use textual representation and semantic em-
beddings of narratives to represent the inter-
views themselves. Our analysis demonstrates
that shared origin is a powerful determinant of
narrative similarity across thematic keywords,
landmarks, and significant figures, as well as in
semantic embeddings of the narratives. Mean-
while, shared residence fosters cohesion, with
its impact significantly amplified when paired
with shared origin. Additionally, women’s nar-
ratives exhibit heightened thematic cohesion,
particularly in recounting experiences of the
British occupation, underscoring the gendered
dimensions of memory formation. This re-
search deepens the understanding of collective
memory in diasporic settings, emphasizing the
critical role of oral histories in safeguarding
Palestinian identity and resisting erasure.

1 Introduction

The Nakba, a pivotal moment in Palestinian history
marked by the mass displacement of approximately
770,000 Palestinians during the forcible establish-
ment of Israel (Bisharat, 1994; Khalidi, 1992; Abū-
Sitta, 2016; Khoury, 2012; Khalidi, 1997; Masalha,
2012), embodies a broader colonial project to es-
tablish an ethnocratic state (Khoury, 2012; Pappé,
2007; Benvenisti et al., 2007; Masalha, 2012). The
memory of the Nakba and the immense suffer-
ing caused by forced displacement, loss of land,
and erasure of the Palestinian presence remains
central to the national consciousness of Palestini-
ans (Allan, 2013; Sa’di and Abu-Lughod, 2007;
Jayyusi, 2007; Khalidi, 1997). Among Palestini-

ans, refugees in Lebanon are exemplary in their
resilience and their maintainance of a collective
identity despite being intensely marginalized and
disadvantaged. Denied basic rights under Lebanese
law, they experience profound spatial, institutional,
and economic exclusion (Siklawi, 2019; Rmeileh,
2021). Against these hardships, camps have histor-
ically served as spaces of resistance, particularly
during the 1970s and 1980s when they became
bases for the Palestinian Liberation Organization
(Siklawi, 2019; Rmeileh, 2021). Beyond armed
resistance, cultural efforts such as storytelling and
poetry are crucial for preserving their national iden-
tity and asserting the right to return (Siklawi, 2019;
Rmeileh, 2021; Sayigh, 2015, 1998).

In consideration of the unique social and po-
litical context in which Palestinian refugees in
Lebanon are situated, this study is centered on
the following research questions: Do Palestinian
refugee groups in Lebanon, physically isolated
from their homeland, maintain cohesive collective
memory formation in their remembrance of the
Nakba? And if so, what are the indicators of simi-
larity in their narratives?

To answer these questions, we employ natural
language processing (NLP) techniques in one of
the most comprehensive digital repositories of oral
histories told by refugees of the Nakba, the Pales-
tinian Oral History Archive (POHA) (Sleiman and
Chebaro, 2018). POHA has been used extensively
to study collective memories and narratives of
refugees. We contrast and complement prolific in-
terpretive approaches (Davis, 2011; Barakat, 2019;
Swedenburg, 1995; Moon, 2023) that study the so-
ciohistoric impacts of the Nakba and extend other
quantitative studies, such as Banat et al. (2018),
which demonstrate the persistence of collective
memory in Palestinian youth. Our methodology
uses various textual representations of archive in-
terviews that encode themes, specific entities, and
semantic content. We then statistically compare
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pairwise similarities of textual representations of
the refugees’ narratives. Through this, we measure
the degree of similarity within different refugee
communities in Lebanon in terms of how members
remember the Nakba. As a theoretical framework,
we use Halbwachs’ (1992) concept of group mem-
ory to understand how Palestinian remembrance of
the Nakba in the diaspora is shaped by boundary-
making identity markers, in this case, location and
gender. Our main findings show that sharing origin
is a strong indicator of higher similarity in refugee
narratives, sharing residence in Lebanon is also an
indicator of similarity, and sharing both is in many
cases an even stronger indicator of cohesion. We
also find that the same gender is an indicator of
cohesion, although to a smaller degree, as women’s
narratives are weakly similar to other women. By
analyzing the narratives documented within POHA,
which represents more than 50 cities and refugee
camps in Lebanon, this study contributes under-
standing of how collective memory formation func-
tions on a larger scale within the Palestinian con-
text.

2 Background

Memory work, through oral histories, counters
Zionist narratives and challenges the erasure of
Palestinian experiences (Khoury, 2012; Bisharat,
1994; Hanafi and Knudsen, 2011; Sayigh, 2015;
Masalha, 2012; Massad, 2006). By documenting
the lived experiences of women, refugees, and ev-
eryday Palestinians that are underrepresented in na-
tional archival records and historiography (Sleiman
and Chebaro, 2018; Allan, 2021; Farah Aboubakr,
2017; Hanafi and Knudsen, 2011), oral histories
provide a more complex account of the Nakba.

This complexity is seen in how refugees diverge
in how they remember the Nakba. Collective mem-
ory formation and positionality often dictate which
events, people, and places are remembered based
on the concerns that were and continue to be rele-
vant for refugees (Ben-Ze’ev, 2002, p.14). As Silmi
found in her analysis of oral histories within the
Nakba Archive, different “economic, social, and
political locations entail different positions, frames
of reference and value systems. . . [such] different
positionalities are reflected in the way they remem-
ber and tell their stories of life in Palestine and
Arab-Jewish relations before the Nakba” (2021,
p.61). Gender produces further multiplicity, seen
in Rosemary Sayigh’s (1979; 1998; 2007) exten-

sive analysis of recorded testimonies in Lebanon’s
refugee camps. Sayigh was one of the first to assert
that “women are often ‘subversive’ tellers of na-
tional history” (1998, p.47) because they include in-
ternal conflicts within the resistance movement and
detailed accounts of atrocities suppressed within
official historiographies. Similarly, Humphries and
Khalili (2007) and Khoury (2018) found that Pales-
tinian women choose to transmit information based
on what is meaningful within their lived experi-
ences, causing their stories to diverge from "offi-
cial" histories significantly.

Oral history archives, especially in audiovisual
formats, present unique challenges for computa-
tional methods due to their non-textual medium
(Pessanha and Salah, 2021). Greenberg (1998)
observes that NLP is particularly well-suited for
archival collections, as numerous studies have
demonstrated its ability to induce new metadata
fields and values from archival records or existing
metadata. More broadly, NLP can enrich archival
practices—it can identify recurring themes, topics,
and significant entities such as people, places, or
events (Colavizza et al., 2021; Jaillant and Rees,
2023). Notably, there is also substantial work
in NLP interested in capturing narrative structure
(Piper, 2023; Zhu et al., 2023; Shuttleworth and
Padilla, 2022; Santana et al., 2023; Szojka et al.,
2020; Bendevski et al., 2021; Akter and Santu,
2024). This line of research at times even pertains
to biographical narratives (Bamman and Smith,
2014; Brookshire and Reiter, 2024), similar to
those in POHA. We largely do not take advantage
of these techniques for two reasons—POHA’s in-
terviews have been explicitly given structure by
archivists and there are few pre-existing resources
available for Arabic—but our study speaks to a
more collective direction for computational narra-
tive analysis.

Using computational methods, we uncover cohe-
sion in narratives of dispossession and resilience,
highlighting how these stories redefine Palestinian
identity through collective experiences of loss and
resistance (Bisharat, 1994; Qumsiyeh, 2011). In
this paper, we leverage both the metadata included
in POHA and transcriptions of interview speech
to construct a holistic representation of Nakba nar-
ratives. The Nakba-POHA collection thus stands
as a testament to the enduring fight for Palestinian
rights and dignity and an example of how com-
putational tools can uncover deeper insights from
underrepresented histories.
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3 Theoretical Framework and Hypothesis

To understand how Palestinians remember the
Nakba, we build upon Halbwachs’ (1992) theo-
retical framework of group memory. This theory
is appropriate for our analysis of narrative cohe-
sion within refugee communities because it out-
lines how individual memories are co-constructed
through external social relations. Halbwachs ob-
serves that individuals will retrieve their memories
in alignment with the logic of the group to which
they belong. This can involve the reconstruction
or rearranging of individual memories so that they
have greater coherence with other group members’
memories. In this process, the individual memo-
ries of group members will resemble each other
and reflect the overall interests and thoughts of the
group. However, this phenomenon only holds when
the group is strongly established, long-lasting, and
able to resist external modes of thinking. If group
membership is interrupted through contact with ex-
ternalities, such as outside beliefs or exposure to a
different social context (Halbwachs, 1992, p.188),
the cohesion of recollection can also be interrupted.

Halbwachs delineates groups as families, reli-
gious groups, and social classes that have devel-
oped a distinctive unity of outlooks over time (1992,
p.52). Additionally, other potential group forma-
tions particular to the Palestinian context, such as
the nature of trauma, age group, class, and tribe,
could have an impact on narrative cohesion. How-
ever we limit our analysis to gender and geogra-
phy because prior work has proven these aspects
to be central identity markers that shape refugees’
experiences of community (2018). As discussed
in the background section, Palestinian women ex-
hibit their own gendered memory of the Nakba.
Therefore, we situate gender as a boundary-making
identity marker. Additionally, geographical dis-
placement from an original location to a foreign
location is the key aspect that shapes Palestinian
refugee groups and their experience (Sayigh, 1979;
Safran, 1991). Therefore we situate place of origin
and place of residence as another boundary-making
identity marker.

Using this theoretical framework, we test the
cohesiveness of the memories of Palestinians that
have formed groups within Lebanon. While Pales-
tinian refugees remember the Nakba in a multiplic-
ity of ways, we expect that refugees’ boundary-
making identity markers will reflect higher cohe-
sion in their narratives.

H1. We hypothesize that same interviewee gender
would be associated with increased cohesion in
narratives (more so than across genders).

H2. We hypothesize that two interviewees belong-
ing to the same spatial group will be associated
with increased cohesion in their narratives.

For our analysis, we define groups as intervie-
wees who have the same gender, place of residence
at the time of the interview and/or share the same
place of origin from which they were displaced
during the Nakba. Cohesion of group memories
will be measured in the broader narratives around
themes pertaining to the Nakba experience, such
as the narration of Zionist invasions and their ex-
pulsion, as well as mentions of specific landmarks,
significant figures, keywords and places. We expect
that when refugees belong to the same group, there
will be a higher similarity in how group members
remember these entities.

4 Data & Methods

4.1 The Palestinian Oral History Archive

POHA is an archive of over a thousand video
and audio interviews with Palestinian refugees in
Lebanon displaced during the Nakba (Sleiman and
Chebaro, 2018).1 Although POHA is designed
as an audiovisual archive (Sleiman and Chebaro,
2018), our approach focuses on the transcripts of
the interviews. We opted for textual processing
techniques to facilitate medium to large-scale anal-
ysis, acknowledging the potential for future multi-
modal analyses incorporating audiovisual features.
Each POHA interview entry also includes meta-
data about the interviewee(s), interviewer(s), and
content. We extracted this information from the
POHA website. The content metadata includes
keywords, headers summarizing main topics, sig-
nificant figures, landmarks mentioned, and Table
of Contents headers (TOCs) outlining each inter-
view’s structure. Details about the origin and resi-
dence of interviewees provide valuable context for
understanding the narratives (see appendix A.1 for
extraction details). To convert the audio content
into text, we used the API of a transcription service,
Transkriptor (Transkriptor, n.d.). We discuss this
process in appendix A.5.

1POHA houses distinct archival collections to preserve
Palestinian oral history. While its focus is largely on the
Nakba, it also includes interviews documenting folklore and
traditional tales; we filtered these out for our analysis.
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Table 1: Aspects that we represent in different vectors
and the sources for representation, specifying which
ones use a BoW representation and which one use a
semantic embedding using a LLM.

Aspect Source Representation

Keywords/themes Metadata BoW
Significant Figures Metadata BoW
Families Metadata BoW
Landmarks Metadata BoW
NER Transcripts BoW
Semantic by theme Transcripts Semantic Emb

4.2 Measuring Interviewees’ Narrative
Cohesion

We measure cohesion among interviews by compar-
ing their similarities on different representations.
We use various aspects of the interviewee narra-
tives data to construct these representations. Ta-
ble 1 outlines the different aspects we encode into
representations and the methods used. We employ
two main forms of representation:

Bag-of-Words (BoW): Applied primarily to
metadata to represent specific entities and
themes (denoted by curated keywords).

Semantic Embeddings: Dense vector representa-
tions obtained from the transcripts using a
large language model, interpreted as captur-
ing broader semantic similarity.

In the following sections, we provide more
specifics on these representations.

4.2.1 Bag-of-Words Representations of Key
Entities

We use bag-of-words (BoW) representations to cap-
ture specific entities related to various aspects of
the interviews. These are listed in the metadata
curated by archivists, focusing on landmarks, fam-
ilies, significant figures, and keywords. The key-
words are curated to form a thematic representation
of the interview (Sleiman and Chebaro, 2018). Ad-
ditionally, we extract general named entities from
the transcripts using an Arabic NER model from
the CAMeL Tools library (Obeid et al., 2020) (de-
tails in appendix B.1). These entities capture men-
tions of places or landmarks without proper names,
contributing to a nuanced understanding of simi-
larity. Comparisons using BoW representations
emphasize narrative similarity based on shared
entities like families or significant figures. In

contrast, keyword-based similarity reflects shared
broad themes between interviews.

4.2.2 Semantic Embeddings from Transcripts
We complement our analysis by measuring nar-
rative similarity through semantic embeddings of
the transcripts. Utilizing instruction-conditioned
embeddings (Su et al., 2023) and OpenAI’s
text-embedding-3-large model, we generated
vector representations for interview sections (see
appendix B.3). Notably, we did not filter out inter-
viewers’ speech; since we wanted to retain the full
narrative structure of each interview as a text, and
since Sleiman and Chebaro (2018) describe a high
degree of consistency in their approach. This indi-
cates that the interviewers follow the same structure
and that the embeddings reflect the interviewees’
narratives.2

To avoid oversimplifying the diverse interview
content, we partitioned transcripts thematically us-
ing metadata-derived characteristics. Each inter-
view’s archivist-curated Table of Contents (TOC)
provides descriptive headers for sections. We per-
form thematic narrative comparisons, by extracting
embeddings from excerpts corresponding to TOC
subheaders. We categorized the TOC headers into
themes to compare excerpts across interviews (de-
tails in appendix B.2). The resulting embeddings
are visualized using UMAP (McInnes et al., 2018)
in fig. 1. Additional details on obtaining the em-
beddings are provided in appendix B.3.

For analysis, we focused on the four more preva-
lent themes closely related to the Nakba—Zionist
Attacks During and After the Nakba; Exile, Expul-
sion, and Displacement; British Mandate Colonial-
ism and Occupation; and Resistance and Popular
Struggles—we created embeddings for transcript
excerpts within these themes.

4.2.3 Similarity as cohesion
Given representations eAi , e

A
j of interviews i, j,

where the eAi could be BoW representations of
metadata entities or semantic embeddings of the
transcripts, we measure the cohesion of the inter-
views via the cosine similarity σ(eAj , e

A
j ) between

the representations

σ(eAj , e
A
j ) =

eAj · eAj
∥eAj ∥∥eAj ∥

. (1)

2Any filtering method barring that based on speaker iden-
tity could also potentially eliminate valuable testimony from
interviewees.
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Figure 1: UMAP of instruction-based embeddings of
interview transcript sections for all themes. Related
themes are visually indistinguishable in this decomposi-
tion, while different themes are distant from each other.

Despite using the same measure for similarity,
We heavily lean into the meanings of each of the
aspects to interpret the meaning of similarity and
cohesion contingent on what is being represented.

4.3 Statistical Analysis of Narrative Cohesion

We aim to compare pairs of interviews given in-
terviewee identity markers. For example, we test
whether pairs where both interviewees are female
are more or less similar than pairs where both are
male. To achieve this, we estimate models where
the dependent variable is the similarity score, and
the independent variables encode identity or com-
munity comparisons of interest.

4.3.1 Analysis by Gender Pairings
To analyze differences by gender, we use the
following model with the standarized similarity
σA
ij = σ(eAi , e

A
j ) as the dependent variable:

σA
ij =

∑
X∈{FF,FM,MM}

βX gXij +µi+ηj+ϵij . (2)

Here, gXij = 1(gij = X) are dummy
variables indicating gender pairing (X ∈
{FF, FM,MM}). Then, βX captures the ef-
fects of the gender pairings. Random effects
µi ∼ N (0, σ2

µ) and ηj ∼ N (0, σ2
η) account for

interviews i and j, respectively, and the residual
error is ϵij ∼ N (0, σ2

ϵ ).

4.3.2 Analysis by Community(Location)
Pairings

To compare similarities σT (per theme) based on
location, we use:

σT
ij = β0+β1s

o
ij+β2s

r
ij+β3(s

o
ij×srij)+µi+ηj+ϵij .

(3)

In this model, soij and srij are binary indicators
of whether interviews i and j share the same ori-
gin or residence, respectively. The interaction term
captures the combined effect of shared origin and
residence. Random effects and residuals are de-
fined as before.

Due to imbalance—with few pairs sharing both
origin and residence—we apply an inverse weight-
ing scheme based on the prevalence of each pairing
type (details in appendix B.4.1). To better cap-
ture uncertainty, we also ran the models within
a Bayesian framework using the brms package
(Bürkner, 2017), allowing us to compare credible
intervals with the frequentist results, we detail more
in appendix B.5.

5 Findings

Using the models outlined, we test cohesion for
both gender and location along a set of different
aspects. As discussed in Section 3, we hypothe-
size that narrative cohesion will be higher 1) within
same-gender pairs and 2) within same-community
pairs (place of origin and place of residence). We
refer to analyses of BOW representations of meta-
data and extracted named entities as relating to
“factual” aspects of the interviews and the analyses
using embeddings of different interview sections
as “thematic.”

5.1 Women’s narratives are slightly more
cohesive

We begin by testing cohesion within same-gender
pairs. Palestinian women testify to different ex-
periences of all three temporalities represented
in POHA’s biographies (pre-1948 village life, the
Nakba, and refugee life); we also assume that group
memory is operative on some level. While we do
not expect that woman-woman or man-man pairs
will necessarily display more or less cohesion ac-
cording to our measure, we do expect that their
levels of cohesion will be separable compared to
the standard of man-woman pairs.

We use the model specified above in 4.3.1 to
iteratively test the relationship between gender and
different bag-of-words descriptors of the narrative.
This yields the coefficients displayed in Figure
2. Our results suggest that there is evidence for
women displaying thematic narrative cohesion but
not necessarily factual cohesion.

Our original hypothesis about the particularity
of women’s experiences is only partially supported.
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Figure 2: Model coefficients reflecting the relationship
between factual mention-based cohesion and gender.
Pairs of interviews where both interviewees are men
tend to be less similar than those where both intervie-
wees are women or those where one is a man and one
is a woman; interviews where both interviewees are
women are usually more similar, especially for the less
specific measures.

Resistance and Popular Struggles Zionist Attacks
During and After the Nakba

British Mandate
Colonialism and Occupation Exile, Expulsion, and Displacement
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Figure 3: Model coefficients reflecting the relationship
between thematic cohesion within topics and gender.
Pairs of interviews where both interviewees are men
may be slightly more similar than the reference class of
man-woman pairs, and pairs of interviewees where both
interviewees are women are the most similar of all.

In the context of factual mentions, women display
only more cohesion than men in the context of
landmarks and named entities actually found in the
transcript. Otherwise, men seem to diverge in their
mentions of landmarks and families as well as key-
words and named entities. Thematically, women
are observably cohesive only in discussions of the
British Mandate. This speaks to how gender is
not necessarily primary to the parties and places
mentioned in life narratives in POHA.

The specific contexts in which there is observ-
able similarity within gender pairs confirm argu-
ments made in the qualitative literature we inven-
tory in Section 2. The segments of interviews in
which women talk about subjects related to vil-
lage life in the pre-Nakba period are particulary
cohesive; however, women also display significant
similarity in discussions of Zionist attacks. In con-
trast, men appear to have descriptions of both the
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Figure 4: Model coefficients reflecting the relationship
between factual mention-based cohesion and shared
location. Same origin and resid. consistently predicts
the mention of similar entities and (for the keywords)
broader concepts. Being from the same place and living
in the same place often has a large positive correlation
with similarity.

pre-Nakba period and the post-Nakba period (cor-
responding to the British Mandate and refugee life
categories) that are not notably similar.

5.2 Shared communities lead to shared
narratives

We also test group memory cohesion in the context
of locations. Qualitative work on the experience of
Palestinians in Lebanon has observed the develop-
ment of shared narratives about both refugee life
and the Nakba itself. We expect that both intervie-
wees’ origins and their current community impact
their personal narration of Palestinian history.

We use a mixed effects model, including an in-
teraction term representing the sharing of both orig-
inal and current residences. This corresponds to an
unusual commonality in experiences, given the im-
portance of both interviewees’ places of origin and
their condition in exile. As shown in Figures 4 and
5, we find that shared origin and shared residence
in Lebanon predict shared themes while narrating
certain salient aspects of the Nakba.

We find strong support for our original hypoth-
esis. Nevertheless, our results speak to a more
nuanced relationship between shared current resi-
dence and narrative similarity than one might pre-
viously expect. Shared current residence alone
predicts similarity along every axis we examine
aside from discussions of community life (implic-
itly in the pre-Nakba context); shared origin alone
predicts cohesiveness in both factual mentions and
thematic narration, albeit moreso for factual men-
tions. However, sharing both residence and place
of origin is more predictive than place of origin
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Figure 5: Model coefficients reflecting the relationship
between thematic cohesion within topics and shared
location. Similar to Figure 4, being from the same
homeplace or residence consistently predicts higher sim-
ilarities in every major theme. Living in the same place
and being from the same location is quite predictive of
narrating major historical events similarly

alone for categories related to both the pre and
post-expulsion periods. This suggests processes
of collective narration in the refugee context medi-
ate the inclusion of shared themes in individuals’
life narratives, depending on whether or not those
individuals are from the same place originally.

6 Discussion

We observe evidence of group memory in several
different scenarios concerning boundary-making
identity markers. When interviewees share a com-
munity space (same origin or same residence),
there is higher similarity within their narratives.
Critically, sharing both same origin and residence
often results in an even stronger similarity in inter-
viewees’ narratives. This indicates that the cohe-
siveness of narratives depends on the continuity of
the group, which, in turn, depends on the continu-
ity of shared space. As well, we observe weaker
evidence that gender is an indicator of similarity,
though women’s narratives tend to be more similar.

The cohesion of narratives based on location
can be reasonably explained through the theoreti-
cal framework of group memory. Refugees shar-
ing same origin but not the same residence still
have cohesive narratives, demonstrating that group
members’ bond to other members of their orig-
inal village are not severed in exile. As Toiva-
nen and Baser (2019) state, diasporic memory is
not constrained by spatial boundaries, therefore
refugees can participate in group recollection with
others from the same origins even when they are
physically separate. When traumatic experiences
threaten group bonds, members will "erase from its
memory all that might separate individuals" (Halb-

wachs, 1992, p.183), allowing for a collective nar-
rative to emerge from individual memories. There-
fore, the cohesion of narratives when refugees share
the same origin but not the same residence is evi-
dence of the strength and continuity of their bond
despite the violent expulsion of the Nakba.

Refugees who share the same residence but
not the same origin also have cohesive narratives,
which shows that the Nakba itself was a catalyst for
the formation of new group boundaries. It is antici-
pated that place of residence impacts group forma-
tion because studies (Brubaker, 2005; Safran, 1991;
Butler, 2001) show that different segments of a di-
aspora will engage in boundary-maintenance and
preserve a distinct identity due to self-segregation
or social exclusion from the host society. Consid-
ering Palestinian refugees in Lebanon continue to
be denied citizenship, legal identity, or work visas,
their isolation from the rest of Lebanese society
has caused refugees to turn inwards and develop
strong group bonds with each other. Sharing the
same place of residence, even without a continous
bond stretching back to the homeland, therefore
contributes to preserving a shared identity and co-
hesive memory as a group.

Finally, sharing the same origin and place of res-
idence is often a strong indicator of similarity. This
is consistent with the framework of group mem-
ory, which states that groups maintain cohesive
memories so long as they are resistant to outside
influences (Halbwachs, 1992). When Palestinians
from the same village were forcibly displaced to
the same place in Lebanon, their group continuity
was maintained. This is not the case for all mem-
ories, however, as refugees in the same residence
narrativize refugee life and conditions dissimilarly.
These memories are newer compared to those from
the Nakba period, so it is possible this specific
theme has not yet been subjected to the processes
of group memory. Overall, however, existing re-
search states that diasporic group memory is shaped
by both the homeland and the host country (Toiva-
nen and Baser, 2019; Voytiv, 2024), therefore it is
not unexpected that Palestinian refugees who share
the same past and present location have an even
stronger similarity in their narratives than refugees
who ohare only one location.

Our findings regarding gender merit further dis-
cussion. Gender narrative similarity is more vari-
able and there is no single identifier of a stronger
similarity or dissimilarity. This speaks to an overall
shared understanding of the Nakba transcending
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gender boundaries. However, we highlight sig-
nificant differences. Namely, increased cohesion
concerning themes in general (keywords) and pre-
Nakba village context. This connects to two factors
that influence group memory. First, the constructed
social and cultural roles of gender among Pales-
tinians in refugee camps, and second, the nature
of refugee camps as spaces of displacement and
vulnerability, which operate under unique socio-
economic constraints that profoundly shape gen-
der dynamics. Second, pre-Nakba, villages were
closely knit communities where women’s roles and
responsibilities were shaped by communal prac-
tices and survival strategies, including support-
ing resistance (Sayigh, 2007; Tamari, 2008; Nimr,
2008; Yahya, 2017). In these settings, women often
internalized dominant national narratives shaped
by the era, which laid the foundation for their role
in the broader narrative of resistance (Tamari, 2008;
Sayigh, 1998; Yahya, 2017).

Women’s factual cohesion appears strongest
when referencing specific landmarks or entities in
transcripts. This can be associated with their emo-
tional connection to physical places. In contrast,
men’s narratives exhibit notable divergence in their
descriptions of landmarks, families, and other en-
tities. This suggests that men’s experiences are ei-
ther more individualized or less influenced by com-
munal memory practices. Sayigh’s ethnography
corroborates this, highlighting men’s fragmented
recollections shaped by personal trajectories and
interactions with political and economic systems
(Sayigh, 1998, 2015).

Overall, our findings challenge the notion that
same-gender pairs inherently produce cohesive nar-
ratives (Tamari, 2008; Nimr, 2008; Sayigh, 2015,
1998). Instead, cohesion reflects the collective
memory fostered by women’s roles in village life
and under colonial rule, even as factual details vary.

7 Conclusion

This paper constitutes a large-scale computational
analysis of an oral history archive of the Nakba
using natural language processing. Drawing from
qualitative literature on Palestinian refugees’ expe-
riences, we explore how boundary-making identity
markers shape their life narratives. Comparing the
narratives of Palestinians beyond Lebanon or the
narratives of those from rural vs. urban contexts are
opportunities for further research into how locality
shapes narrative cohesion. This study, however, is

bound by the scope of POHA which focuses solely
on Lebanon and offers a preliminary foray into one
means of capturing multidimensional narrative co-
hesion in an archive. With these findings, we hope
to both reaffirm and extend prior scholarship on
Palestinian collective memory, by providing empir-
ical evidence of how oral narratives allow refugees
to build continuity and counteract the violent frag-
mentation of Palestinian society after the Nakba.

Limitations

From a substantive standpoint, the analysis and
interviews (which represent just a fraction of the
Palestinian refugee population in Lebanon) provide
only a partial perspective on the Nakba. Captur-
ing the depth of this historical tragedy in a single
analysis is inherently difficult, especially when the
Nakba remains an ongoing condition of exile.

Our analysis uses mixed effects models to ex-
plore the relationship between cohesion and com-
munity membership; here, we identify assumptions
that may not be robust. Although we tried a trian-
gulation approach with different aspects, the tex-
tual representations are limited in capturing nar-
rative structure. Generally, our focused approach
only begins to characterize POHA. Future research
could explore other methods for understanding oral
history archives, complementing interpretive ap-
proaches that engage directly with individual inter-
views. In addition, the metadata results in this pa-
per partly reflect curation decisions by the POHA
team. Archivists’ positionality often influences
descriptive practices (King, 2024; Carbajal and
Caswell, 2021), introducing potential bias in meta-
data terminology. Discrete metadata fields also risk
reducing the rich lived experiences in interviews
to simplified categories, although we use semantic
embeddings to counteract these limitations.
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A Data Appendix

A.1 Extraction of POHA data
We extracted both audio files and corresponding
metadata from the Palestinian Oral History
Archive by scraping their website, located on
the American University of Beirut’s website
at libraries.aub.edu.lb/poha/. Every record in
POHA has its own dedicated ID, running from
4158 to 4887; each record’s page has the URL
https://libraries.aub.edu.lb/poha/Record/{ID}.

For each interview page, we use the
BeautifulSoup library (Richardson) to ex-
tract data from the HTML. Some of the fields (e.g.,
significant figures who appear in an interview) are
variously present and absent; we flexibly add these
to JSON representations of the metadata. Interview
audio was downloaded from the “Interview
Audio/Video” field present for most interviews. A
minority of the interviews did not have available
recordings; after this scraping process, during
which we excluded those, we were left with 720
interviews.

A.2 Extracting Information from Bios
Our initial extracted metadata directly from POHA
did not include specific fields for gender or place
of residence. However, this information was some-
times present also within the metadata, just not in
a structured format. When available, such informa-
tion was often embedded within the bio field.

To extract gender and place of residence from
the bios—which was essential for our study—we
utilized a large language model. We compiled the
bios in both Arabic and English and supplied them
to gpt-4o (OpenAI et al., 2024) using the follow-
ing prompt:
From the following *interview

description* + *metadata on names
and places of origin* extract the
following information in JSON format
.

The input data has the following
structure.

{{
"en": {{"bio": "<bio in english >",

interviewee: ["<name person
1>", "<name person 2>",
...],

place_of_origin: ["<origin
person 1>", "<origin
person 2>", ...]}}

"ar": {{"bio": "<bio in arabic >",
interviewee: ["<name person

1>", "<name person 2>",
...],

place_of_origin: ["<origin
person 1>", "<origin
person 2>", ...]}} ,

}}

The output data must have the following
structure. Not all fields might be
present , in that case , omit those

```json
{{

"en": {{ # for english data
extraction

"interview_date ": ""
"interview_location ": ""
"interviewees ": [

{{
"name": "",
"place_of_origin ": "",
"gender ": "",
"birth_date ": "",
"place_of_residence ": "",
"occupation ": "",
"occupation_entity ": ""

}},
]

}},
"ar": {{ # for arabic data extraction

"interview_date ": ""
"interview_location ": ""
"interviewees ": [

{{
"name": "",
"place_of_origin ": "",
"gender ": "",
"birth_date ": "",
"place_of_residence ": "",
"occupation ": "",
"occupation_entity ": ""

}},
]

}}
}}
```

Notes:
- The interview might have more than one

interviewee.
- The description is given in english

and in arabic , extract the data for
both versions , make sure the order
of interviewees is the same for both
versions

https://doi.org/10.1080/01419870.2023.2261289
https://doi.org/10.1080/01419870.2023.2261289
https://doi.org/10.1080/01419870.2023.2261289
https://doi.org/10.48550/arXiv.2310.18783
https://doi.org/10.48550/arXiv.2310.18783
https://libraries.aub.edu.lb/poha/


95

- Output the `name ` as it appears in `
interviewee ` list. If the name does
not appear in the interview list use
the name as it appears on the bio

- Output the `place_of_origin ` as it
appears in `place_or_origin ` list.
If the place does not appear in the
place_of_origin list use the place
as it appears on the bio

- Use date format %Y-%m-%d (eg.
2024 -08 -25) if possible , if not , use
%Y (eg. 2024)

- Be careful with keeping the correct
transliteration of arabic names and
places

----------------------
Interview description:

{{
"en": {{"bio": "{data[" en_bio "]}",

interviewee: {data["
en_interviewee "]},

place_of_origin: {data["
en_place_of_origin "]}}}

"ar": {{"bio": "{data[" ar_bio "]}",
interviewee: {data["

ar_interviewee "]},
place_of_origin: {data["

ar_place_of_origin "]}}}
}}

Listing 1: Prompt to extract structured information from
the bios

Note that in addition to the bios, we provided
the interviewees’ names and places of origin as
recorded in the metadata. This ensured that the
model used consistent names, simplifying the pro-
cess of linking all data together.

A.3 Curating Places of Residence
Initially, our metadata extraction did not include
direct information about the place of residence for
each interviewee. While the bios sometimes con-
tained additional details beyond the specified meta-
data—including place of residence—this was not
always the case. As explained in the previous sec-
tion, we used gpt-4o to extract structured data
from the bios.

After this process, many interviews still lacked
specified places of residence in the bios, necessitat-
ing an alternative extraction method.

In our second approach, we focused on inter-
views for which no metadata was available. Arabic-
speaking team members manually read the in-
terview transcripts to identify the interviewees’
places of residence. This task was inherently time-
consuming, requiring approximately 30 minutes
per interview for a native speaker due to the length
of the interviews and the challenge of obtaining

full context.
To expedite this process, we utilized gpt-4o

with the following prompt:

From the following excerpt of an
interview , extract the place of
residence of the interviewee if such
place is mentioned.

Notes:
- Do not confuse the place of residence

with the place of origin of the
interviewee.

- Attempt to identify the place where
the interviewee is living at the
time of the interview.

- It is very unlikely that the place of
residence is within Palestine , as
these are stories of exiled refugees
.

Respond with the place of residence of
the interviewee , the timestamp , and
the line of text where you found it.

Also , add a short explanation of why the
place is likely to be the place of

residence.
If no place of residence can be

reasonably identified , add a short
explanation of why.

Text:
--------
speaker_id; timestamp; text
{text here}

Listing 2: Prompt to Extract Place of Residence from
Interview Excerpt

Here, the text is formatted as specified in the
prompt: speaker_id; timestamp; text.

Given that the interviews often exceeded the
model’s context window, we partitioned them by
their table of contents and submitted each section
individually. After processing a few interviews, our
team members gained insights into which sections
were more likely to mention the place of residence.
Combining these insights with the model’s sugges-
tions, we efficiently processed approximately 250
interviews to obtain places of residence.

Out of the interviews that initially lacked resi-
dence information, we successfully identified the
place of residence for 207 interviews. This left us
with 52 interviews where the place of residence
remained unidentified or unclear.

A.4 Deduplication of Places
We frequently encountered variations in how places
of origin and places of residence were referenced
within the metadata and bios. For example, a single
refugee camp might be referred to in up to eight
different ways due to the addition or omission of
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words, or the inclusion of the area or country name.
This inconsistency posed challenges for grouping
and matching interviews based on places of origin
and residence.

To resolve this issue, we performed a deduplica-
tion process using the RecordLinker library (Far-
ley and Gutman, 2020). This tool allowed us to
match locations by comparing both the Arabic and
English versions of the names, utilizing edit dis-
tance metrics for each language. The process clus-
tered records that likely referred to the same entity.
We chose the most prevalent name in the data as
the representative name for each cluster, effectively
minimizing the impact of misspellings and varia-
tions by standardizing the names across the dataset.

After this process, we reduced the number of
unique places to approximately 150 different places
of origin and 100 different places of residence. We
then manually curated these lists to finalize the
mappings, ensuring accurate and consistent dupli-
cation of the interview information.

A.5 Transcriptions and validation
Filtering out interviews about folktales, we are left
with 724 interviews. This still comprises about
a thousand hours of audio and video. We use
Transkriptor, a commercial transcription tool, to
transcribe the interviews (Transkriptor, n.d.). Tran-
scriptor supports transcription optimized for spe-
cific dialects of Arabic; this is important for the
fidelity of our transcriptions of POHA, given that
many of the interviews are in Levantine Arabic
rather than MSA. While we explored using smaller
Whisper (Radford et al., 2022) models, the large
volume of interviews and specificity of the data led
to low-quality and slowly obtained results.

Two Arabic-speaking members of our team con-
ducted a qualitative assessment of the interviews
to validate transcriptions. This process involved
manually reviewing a subset of the transcriptions
to ensure accuracy and consistency, particularly for
dialect-specific nuances.

The translator effectively captured the local
Palestinian dialect without censoring words or omit-
ting context, achieving 90 percent accuracy. How-
ever, challenges arose from factors such as the qual-
ity of the interviews and their structural design.
In some cases, the transcription tool struggled to
recognize sentence boundaries and properly con-
nect the text, requiring careful contextual interpre-
tation without re-listening to the audio. Addition-
ally, there were minor issues with reading the local

dialect, as the transcription tool spelled words dif-
ferently than how native speakers would naturally
express them.

B Methods Appendix

B.1 Extracting named entities
In order to extract named entities, we use
the CAMeL Tools library (Obeid et al.,
2020). In particular, we used the CAMeL-Lab
/bert-base-arabic-camelbert-msa-ner
model available on HuggingFace to conduct flat
token classification. Inoue et al. (2021) describes
this model as having a F1 score of 74.1 on dialectal
Arabic (under which Levantine Arabic falls),
which is sufficient for our purposes given the
complementary nature of our analyses.

B.2 Defining the Themes
Overall, the Table of Contents (TOC) headers con-
tain over 3,000 entries. Unlike keywords and other
entities in the metadata—which required selec-
tion from a specific list of entities (Sleiman and
Chebaro, 2018)—the TOC headers were largely
left to the discretion of the archivists. Each inter-
view is unique; the flexibility of the headers allows
for a broad characterization of an interview’s con-
tent without imposing a strict classification system.
This means that although many headers are very
similar, there is no unique categorization of TOCs.

To generate the themes, we first took a random
sample of the headers in English and then prompted
gpt-4o (OpenAI) to generate a list of potential
themes to cluster the exemplars. This followed an
approach similar to QAEmb, where a large lan-
guage model is prompted to generate a rubric (Be-
nara et al., 2024). We used this as a starting point
for manual curation, adding and modifying themes
and relocating exemplars as needed.

In the end, we arrived at the following themes:

Childhood and Family Life Experiences and
memories of childhood and family life,
including upbringing, education, commu-
nity interactions, and daily life before
displacement.

Education and Intellectual Life Educational ex-
periences, curricula, teaching methods, and
intellectual pursuits both within Palestine be-
fore 1948 and among the Palestinian diaspora.

Community Life and Social Dynamics
Community structures, social customs,

https://huggingface.co/CAMeL-Lab/bert-base-arabic-camelbert-msa-ner
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celebrations, and dynamics within Pales-
tinian towns. Mostly represents community
pre-Nakba.

Zionist Attacks During and After the Nakba
Zionist attacks, occupation, and conflicts;
during and after the Nakba, including
invasions, occupations, massacres, battles,
and their effects on Palestinians.

Exile, Expulsion, and Displacement Accounts
of expulsion, exile, and displacement during
the Nakba, detailing the journeys, hardships,
and experiences of leaving Palestine.

Socio-Economic Life and Conditions
Examinations of socio-economic conditions
before the Nakba, including employment,
agriculture, economic activities, social
relations, and health care in Palestinian
communities.

Cultural Life and Folklore Explorations of
Palestinian cultural life and folklore, in-
cluding traditional songs, customs, and
stories.

British Mandate Colonialism and Occupation
Discussions of the British Mandate period
(1920–1948), focusing on British administra-
tion, policies, the role in Zionist colonization,
and Palestinian resistance prior to the Nakba.

Resistance and Popular Struggles Accounts of
Palestinian resistance movements and popular
struggles against colonialism and occupation.

Women’s Roles Exploration of women’s roles in
society, including contributions to community
rebuilding, activism, rights, and political in-
volvement during displacement.

Agriculture and Land Descriptions of agricul-
tural practices, land use, and the importance
of agriculture to community life in Palestine
before the Nakba.

Reflections and Final Thoughts Personal reflec-
tions on the refugee experience, aspirations
for the future, attempts to return, and thoughts
on migration and displacement.

Refugee Life and Conditions Examinations of
life as refugees, focusing on living conditions,
education, aid, social conditions in exile, and
discussions on the right of return.

We then classified all TOCs using a multilabel
approach by manually annotating a sample of 340
headers. For classification features, we embed-
ded the headers using instructed embeddings with
the instruction: “Represent the Interview Section
Header for classifying its main theme.” We used a
test split and compared the performance of differ-
ent multi-label models, with a one-vs-rest Support
Vector Machine Classifier (SVC) offering the best
performance with an AUC of 0.98. We also con-
ducted a qualitative spot-check of the results to
verify that the assigned themes were appropriate.

table 2 contains the list of curated themes and
the associated number of interview TOCs that were
classified as belonging to the theme.

B.3 Thematic Embeddings
To capture additional semantic similarities be-
yond what could be established from the POHA
metadata, we utilized embeddings generated by
Large Language Models (LLMs). Specifically, we
employed OpenAI’s text-embedding-ada-002
model.

Given that individual sections specified in the
Table of Contents (TOC) headers could fall into
multiple themes, we designed our approach to fo-
cus the embeddings on specific themes. This was
crucial because themes in personal narratives often
intersect; for instance, discussions of expulsions
are frequently preceded by accounts of Zionist at-
tacks.

To ensure the embeddings were theme-specific,
we constructed prompts by prepending a thematic
instruction to the text. The instructions were pro-
vided in both English and Arabic to avoid potential
biases arising from language differences. Experi-
ments showed no significant differences between
the two languages; however, we proceeded with
the Arabic prompt for consistency. The instruc-
tions used were:

Represent the following interview
transcript for analyzing the theme

Listing 3: Instruction prepended to generate
embeddings (in English)

A key challenge was generating a single repre-
sentation per theme in an interview. Often, multiple
headers pertained to the same theme, and individ-
ual sections could exceed the model’s maximum
context window of 8,091 tokens. To address this,
we divided the interview texts into manageable
chunks, each prepended with the instruction. We
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Table 2: Themes and count of interviews headers with such theme, roughly corresponds to the number of interviews
that contain the theme. In bold we note the themes that we focus on for analysis because they are both more related
to the Nakba topically and are prevalent as well

Theme TOCs count

Zionist Attacks During and After the Nakba 714
Community Life and Social Dynamics 697
Cultural Life and Folklore 580
Exile, Expulsion, and Displacement 548
Resistance and Popular Struggles 505
Socio-Economic Life and Conditions 327
British Mandate Colonialism and Occupation 259
Refugee life and conditions 255
Childhood and Family Life 233
Agriculture and Land 140
Reflections and Final Thoughts 51
Women’s Roles 40
Education and Intellectual Life 27

obtained embeddings for each chunk and then com-
bined them using max-pooling to create a single
representation for the theme within the interview.

We performed validation procedures to ensure
the quality of the embeddings. For instance, we ver-
ified that embeddings for the same theme were, on
average, more similar to each other than to embed-
dings from different themes—a consistency that
was consistently observed. The cosine similarities
ranged from approximately 0.30 to 0.80, with the
average often exceeding 0.60.

These thematic embeddings allowed us to cap-
ture nuanced semantic relationships within the in-
terviews, facilitating more sophisticated analyses
of the narratives.

B.4 Additional model details

B.4.1 Weighted Location Models
In our analysis of pairwise comparisons of inter-
view similarity based on the same place of origin
and the same place of residence, we identified a sig-
nificant imbalance in the data. Most interview pairs
did not share either place of origin or residence, and
less than 1% of the data involved pairs sharing both
place of residence and place of origin. table 3 de-
tails the counts for each condition comparing same
origin and same residence. Addressing this imbal-
ance was crucial, especially since we aimed to use
this data for the analysis of themes, where the data
would be further subdivided.

To mitigate the effects of this imbalance, we
incorporated weights into the regression estima-
tions of the mixed models. Specifically, we used an
inverse frequency weighting scheme, where each
observation is weighted inversely proportional to

Table 3: Prevalence of conditions comparing same ori-
gin and residence among pairs of interviews in the data.

Location Pair Condition Pairs

Same Origin
+Same Residence 251036
Same Origin
+Diff. Residence 18990
Diff. Origin
+Same Residence 3338
Diff Origin
+Diff Residence 634

its frequency in the data. This means that rarer com-
binations (e.g., interview pairs sharing both place
of origin and residence) receive higher weights, en-
suring they have a proportionate influence on the
model despite their low occurrence.

We applied the same weights, defined by the gen-
eral prevalence in our sample, to compute models
for both Bag-of-Words (BoW) based representa-
tions—which use all interviews—and for themes,
which involve pairings of interviews matching on
the same theme. This approach ensured consis-
tency in the weights applied to the observations
across different analyses.

B.5 Bayesian Models

To complement the frequentist mixed models and
to better understand the potential behavior of the pa-
rameters, we also implemented the models using a
Bayesian framework. We estimated the parameters
using Markov Chain Monte Carlo methods pro-
vided by the brms library (Bürkner, 2017), which
utilizes the Stan (Stan Development Team, 2024)
language and sampler to implement Bayesian mul-
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tilevel models similar to the lmer models.
We chose Bayesian models because they allow

for the estimation of credible intervals for the pa-
rameters, providing a probabilistic interpretation
of the parameter estimates. This enabled us to
confirm our results on the weak association of the
parameters and to understand the variability in our
estimates more clearly.

The models followed almost identical specifica-
tions to those described in section 4.3, both math-
ematically and in the code implementation. We
delineate them here following.

To compare similarities σT
ij (per theme) based

on location within a Bayesian framework, we use
the model

σT
ij ∼ N (µij , σ

2), (4)

µij = β0 + β1s
o
ij + β2s

r
ij + β3(s

o
ij × srij)

+ ui + vj , (5)

where ui and vj are random effects associated
with interviews i and j, respectively, accounting
for unobserved heterogeneity. σ2 is the residual
variance (not similarity).

We specify the following prior distributions for
the parameters:

β0 ∼ Normal(0, 0.1),

βk ∼ Normal(0, 1), for k = 1, 2, 3,

ui ∼ Normal(0, σ2
u), σu ∼ Exponential(1),

vj ∼ Normal(0, σ2
v), σv ∼ Exponential(1),

σ ∼ Exponential(1).

In this Bayesian model:

• β0 is the intercept with a prior centered at 0
and a small variance, reflecting our initial be-
lief about the central tendency of similarities.

• β1, β2, and β3 are the coefficients for the fixed
effects with priors reflecting moderate uncer-
tainty.

• σu and σv are the standard deviations of the
random effects, modeled with Exponential pri-
ors to ensure positivity and to express a pref-
erence for smaller values.

• The residual standard deviation σ also follows
an Exponential prior, promoting regulariza-
tion.
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Figure 6: Mixed model for location estimates for all
themes, following the same description as section 5.1.
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Figure 7: Mixed model for gender estimates for all
themes, following the same description as section 5.1.

The gender model follows a very similar defi-
nition but uses the parameters as described in sec-
tion 4.3

We show the results of the Bayesian models in
section appendix C.2

C Results Appendix

C.1 Model results for all themes

In the main body, we selected the results for the
key 4 themes as being more significant for our
analysis perspective on the Nakba. Here we add
the thematic plots of all themes, both for location
(fig. 6) and gender (fig. 7).
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Figure 8: Bayesian model estimates with credible in-
tervals for the models predicting similarity in themes
according to location matches of the pairings of inter-
views.

C.2 Bayesian model results
Here we add the results of the Bayesian models
on themes. Note here that although the representa-
tion we chose is the same, the intervals here mean
credible intervals instead of confidence intervals.
Results are for bayesian model for location cohe-
sion analysis on fig. 8 and for gender cohesion
analysis in fig. 9

C.3 Embedding similarity insights
POHA contains rich information about experiences
in different parts of pre-1948 Palestine. Here, we
present an additional table of contents-based plots.

We also explore the coocurrence of different
themes. The theme scheme that we use engenders
significant overlap among a couple of categories—
namely, Zionist attacks, expulsion, and resistance.
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Figure 9: Bayesian model estimates with credible in-
tervals for the models predicting similarity in themes
according to gender matches of the pairings of inter-
views.
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