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Scene-level movie data from 
Amazon X-Ray in the US market 
combined with IMDb
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This paper presents a structured, scene-level dataset of movie content that addresses the limitations 
of previous research relying on small or non-standardized screenplay collections. Such collections 
often lack consistent scene representations and actor metadata and use draft versions that differ 
from their final cinematic products, limiting both the scale and accuracy for content-level analysis. 
To overcome these limitations, we compile scene breakdowns for 3,265 movies from Amazon X-Ray 
in the US Amazon Prime Video market, detailing the characters appearing in each scene and linking 
them to their corresponding IMDb IDs. Subtitles are included for the subset of 3,110 movies, providing 
complementary dialogue-level data, and each title is linked to its corresponding IMDb ID to enable 
augmentation with additional metadata for extended analyses. Integration of these resources can 
allow accurate, large-scale analyses of on-screen representation, character interactions, and narrative 
structure that were not feasible with earlier screenplay-based datasets. This dataset enhances the 
consistency and accessibility of movie data, providing a reliable stepping stone for quantitative research 
on film as cultural artifacts.

Background & Summary
Movies are one of the most influential forms of cultural expression, playing a critical role in shaping and reflect-
ing societal norms, values, and identities1,2. Despite their global reach and cultural significance, research on films 
has been largely limited to genre-level or metadata-based analysis, lacking the depth of content-level examina-
tion that other art forms have enjoyed. Literature, music, and visual arts have benefited from detailed, large-scale 
analyses, ranging from textual analysis in literature and lyrics3,4 to acoustic and visual analysis in music5,6 and 
art7,8. These content-driven methodologies have enabled deeper exploration of themes, narratives, and societal 
impact across time and space3,5,6,8–11. However, movies, which are equally or even more widespread and acces-
sible than these other cultural forms, have not received comparable analytical attention. This gap has hindered 
our ability to fully leverage films as complex social and cultural artifacts, largely due to the limited availability of 
comprehensive and accurate content-level data sources.

Existing sources for content-level film analysis, such as screenplays12,13 and large-scale subtitle corpora14, 
have provided useful but incomplete insights. Screenplays offer rich narrative details, including dialogues, scene 
descriptions, and technical notes, but often exist only as early drafts that diverge from the final cinematic prod-
uct. Subtitles capture spoken dialogue along with speaker labels and sound effects, but omit the visual and 
non-verbal dimensions of scenes. Critically, both sources lack the ability to accurately map narrative content to 
precise character identities and temporal boundaries of scenes, limiting the potential for reliable, character- and 
scene-centric investigations. As a result, previous computational work on film, such as character network or 
demographic representation analysis15–22, has often relied on heuristic or error-prone extraction methods from 
these text-based resources.

More specifically, many recent studies have employed network abstractions of character interaction, using 
social network analysis to measure differences in demographic representation15–18 and applying advances in 
graph embeddings19,20. These studies typically rely on scene co-occurrence networks extracted from scripts and 
subtitles16,20– 23. However, this approach faces compounding challenges. Beyond the fundamental issue of dis-
crepancies between publicly available scripts and their final filmed versions, the network extraction process itself 
presents significant difficulties. Character disambiguation remains a well-known problem15, making it difficult 
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to reliably construct networks and map characters to rich external metadata, such as actor demographics (e.g., 
gender, race, age) available on platforms like IMDb.

In this context, Amazon X-Ray provides a unique and reliable source of information that can overcome 
many of these issues and create complementarity. It contains curated, scene-level information about all visible 
characters in a movie, including non-speaking roles, thereby enabling precise reconstruction of character (co-)
occurrence within each scene. These data are synchronized with on-screen content rather than inferred from 
textual cues, allowing for more accurate representation of narrative dynamics. Each character is also linked to 
an IMDb identifier, providing access to rich, structured metadata (e.g., gender, race, and occupation). However, 
X-Ray metadata lacks IMDb identifiers at the movie level and remains embedded within Amazon’s proprietary 
ecosystem, limiting its direct reuse for research.

To overcome these limitations, our work contributes in three primary ways: (1) large-scale harvesting and 
processing of X-Ray data, including scene-level character information and associated subtitles, from the U.S. 
Amazon Prime Video platform; (2) accurate mapping of movies to their corresponding IMDb identifiers using 
an automated and validated title- and cast-based matching pipeline; and (3) systematic validation of data cov-
erage and accuracy, providing useful assessments on reproducibility and representativeness across decades and 
genres.

The dataset includes 3,265 movies with scene-level breakdowns of character appearances, linked to IMDb 
IDs (on both character- and movie-level). A subset of 3,110 movies additionally includes corresponding subti-
tles. Specifically, the scene breakdowns derived from Amazon X-Ray provide precise start and end timestamps 
that delineate the temporal boundaries of each scene with character appearances, enabling clear segmentation 
of the film’s structure. The subtitle data, in turn, contain start and end timestamps for every line of dialogue, 
making it straightforward to determine the exact scene in which each line was spoken. Researchers can fur-
ther enrich the dataset by retrieving additional metadata directly from IMDb using the provided identifiers, 
enabling a range of analyses spanning representation, screen time, language use, and network structure. Note 
that although we are unable to include screenplay data due to legal restrictions on redistribution, we provide 
open-source code that allows researchers to independently expand the dataset by collecting or integrating legally 
permissible materials.

Our dataset has limitations that warrant acknowledgment. It relies on Amazon’s internal, proprietary pro-
cesses for X-Ray data generation, and Amazon controls which movies are available at any given time (see 
the Technical Validation section for the representativeness of the data provided in this Descriptor, relative 
to award-winning movies by decade). Despite these constraints, we believe this dataset offers substantial net 
improvements over previous methods and sources and can lead to a significant advancement in film analysis 
that brings it closer to the depth of exploration that literature, music, and art have long enjoyed. Moreover, as 
video understanding emerges as a key research area in AI and machine learning24–27, while relatively small, this 
dataset provides a high-quality, structured resource to help advance new computational models and analyses. 
By making this comprehensive content-level dataset publicly available, we offer researchers a valuable tool to 
explore underrepresented areas of analysis in the broader domain of culture and creative work.

Methods
Our data collection pipeline comprised several steps of retrieval and refinement, as illustrated in Fig. 1 and 
described in this section.

Retrieval of Movie Entries from Amazon US.  Defining retrieval scope.  Due to intellectual property 
laws, Amazon Prime Video offers different selections of movies and TV series across various regions. Our data 

Fig. 1  Data retrieval and processing pipeline. This pipeline processes 3,265 X-Ray movies and matches them 
with 3,110 associated subtitles.
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resource focuses on the US market, collecting data from the Amazon US website (https://www.amazon.com/gp/
video/storefront) in August 2023. At the time of collection, the US Amazon website featured a catalog of movies 
and TV series under the Prime Video category. We chose to collect only movies bundled with Prime, which did 
not incur additional costs beyond the Prime subscription, ensuring the broadest possible audience for the corpus.

Retrieving initial data.  We used the selenium-wire browser automation library28, an extension of selenium29 
that allows inspection of browser requests and responses, for data collection. The Amazon US website limits 
pagination, allowing navigation up to page 400. To overcome this limitation, we employed a filtering approach 
to access all movie entries in successive cohorts. First, we gathered movies marked as “Included with Prime” 
without applying additional filters. We then expanded this initial collection by filtering movies by their release 
year in decade-based batches: before 2010, between 2010-2020, and after 2020. Although Amazon’s filtering is 
not always accurate, this approach increased data recall when merging results across cohorts.

Processing entries and duplicates removal.  Each entry we retrieved included its page URL and film title. 
Through manual inspection, we found that multiple films could share the same title, and a single film could have 
multiple titles. To remove duplicates, we used the film title and a portion of the unique URL from the Prime 
Video page, as shown in Fig. 3. Entries were identified as duplicates if they shared the same “title and URL por-
tion” pair. This heuristic successfully de-duplicated most of the movies in our dataset, resulting in 11,128 entries 
with links to their respective Prime Video pages.

For each entry, we created a unique identifier using the title collected at this step. This identifier, used as a 
directory name, was constructed by preprocessing the title to remove non-alphanumeric characters with the 
unidecode library30, mapping any non-ASCII characters to ASCII format and replacing spaces with underscores. 
Each movie identifier was also prefixed with its index within the batch. For example, a movie titled “12 Days 
with God” was mapped to “1265_12_Days_with_God,” where 1265 is the index and 12_Days_with_God is the 
processed title.

Collection of X-Ray Data with IMDb ID Mapping.  Filtering movies without X-Ray.  Not all collected 
listings on Amazon Prime Video contain X-Ray data. We used browser automation tools to visit each movie’s 
Prime Video page and collect additional metadata on X-Ray availability. As shown in Fig. 4, the Prime Video page 
includes movie details such as title, description, and tags. The presence of an “X-Ray” tag indicates whether X-Ray 

Fig. 2  Structure of the augmented Amazon X-Ray Dataset. All X-Ray movie data produced and cleaned 
through our pipeline are organized by this directory and file schema. Locations of specific data are described in 
the top-level metadata files metadata_with_subtitles_tmdb.csv, and final_all_cast_with_
duplicates.csv, which use keys to index files in the indicated subdirectories. An explanatory notebook 
data_query_examples.ipynb, included in the dataset repository, shows how to query data with several 
examples. See Tables 1, 2, and 3 for descriptions of all csv files.
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data is available. After processing these pages with BeautifulSoup31, we excluded movies without the X-Ray tag, 
reducing the dataset to 3,823 entries.

Retrieving X-Ray data and metadata.  We collected details for each entry in our list by intercepting two net-
work requests triggered when clicking the play button on each movie. First, we intercepted the request for 
“PlaybackResource,” whose JSON response contained metadata, including the title, entity type (movies), runt-
ime, synopsis, ratings, subtitle types (subtitle, narrative, or SDH), descriptions, image links, and links to subti-
tles (in multiple languages, where available). It also included additional information such as audio tracks and 
additional metadata uniquely available on the Prime Video platform. Second, we intercepted the request for 
“X-Ray,” whose JSON response contained timestamp information for characters appearing in different scenes. 
This approach builds on previous work32. We saved the responses into two JSON files: PlaybackResources.json 
and Xray.json.

Processing X-Ray data.  We extracted metadata from each movie’s PlaybackResource file and compiled it into a 
single file. We then parsed the X-Ray files into three structured files for each movie, as detailed in Table 1. These 
X-Ray-derived files include scene boundary timestamps (in scenes.csv) and scene-level character appearance 
information (in people_in_scenes.csv), providing precise information on which characters appear on screen. 
Not all X-Ray files included scene-wise cast appearance data, so we removed entries with missing or incomplete 
scene-level cast data, leaving 3,570 entries.

Note that we compiled subtitle files (.ttml2) for all movies in our metadata list that included them (see Fig. 2). 
These subtitle files provide start and end timestamps for contiguous subtitles text shown on-screen, allowing 
researchers to identify the precise time periods when dialogue occurs. When the timing is sufficiently close to 
or falls within the scene boundaries defined by X-Ray data, these dialogue segments can be associated with the 
corresponding scene context (see the Jupyter notebook included in the dataset for examples of this).

Mapping IMDb IDs.  Linking each retrieved X-Ray movie to its corresponding IMDb ID provides a way 
to enrich our data with background cast, alternative titles, user ratings, crew and cast information, awards, 

Fig. 4  Example of the relevant portion of the Amazon Prime Video page for the movie Philomena.

Identical titles
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Identical title portion of URL
Fig. 3  Example of a duplicate movie based on Prime Video URL and title. Since these two entries have identical 
titles and identical title portions of their URLs, they are considered the same movie.
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nominations, quotes, and more. Unfortunately, the PlaybackResource information does not include IMDb IDs, 
so we devised an algorithm inspired by Ramakrishna et al.12 to match movies to their IMDb entries. Since X-Ray 
data already provides accurate information about the actors, along with their IMDb profiles, we used this data 
to assist in matching.

Accordingly, we used the cinemagoer Python package33 to retrieve data from IMDb. We initiated the search 
using the movie title from its PlaybackResource file, which returned several matches from IMDb. We then exam-
ined the top 5 cast members from the top 5 movie matches. Previous studies have shown that IMDb cast order 
reflects the importance of cast members15,16, and matching key cast members can clearly distinguish between 
movies. Additionally, since the X-Ray data is sourced directly from IMDb34, matching the top 5 cast proved 
effective. If at least one actor from this top-5 list matched an actor from the X-Ray data, we recorded the IMDb 
ID as a match. This process resulted in 3,129 successful matches out of 3,570 movies, leaving 441 unmatched.

We manually mapped the 441 unmatched movies to their correct IMDb IDs, and the procedure is detailed 
in the Technical Validation section. To verify the overall accuracy of our initial, automated IMDb ID matching 
process, we randomly sampled 120 movies from the 3,129 matches and found only one matching error, result-
ing in an error rate of 0.83%. The code for this automated matching process is available on Github at https://
github.com/safal312/xray-collector. The final dataset, including all the manually matched entries, comprises 
3,265 movies and represents a thoroughly validated and cleaned set of matches. All identified sources of error 
were corrected, resulting in a dataset that is ready for use35 (Fig. 2).

Data Records
The dataset is available at Zenodo with https://doi.org/10.5281/zenodo.1765973435. The processed and 
cross-referenced X-Ray data files described in the Methods section are outlined in Fig. 2. The parsed X-Ray data, 
metadata, and cast data files are provided in .csv or .txt format and are detailed in Tables 1, 2, and 3. A Jupyter 
notebook containing examples of how to query the dataset is included in the data repository.

Technical Validation
Validation and Resolution of Errors.  We conducted technical validation for two sets of movies: (1) those 
successfully matched with their corresponding IMDb IDs and (2) those that initially remained unmatched.

For the first set of 3,129 movies successfully matched to IMDb IDs, we assessed the accuracy of the matching 
process as described in the “Mapping IMDb IDs” section. We randomly sampled 120 movies from this set and 
found only one matching error, resulting in an error rate of 0.83%, which suggests high accuracy and reliability 
for our automated matching process.

For the 441 unmatched movies, we manually mapped each movie to the correct IMDb ID, aiming to max-
imize accuracy. In this process, we also identified the reasons for the initial matching failures. First, using the 
movie title and additional metadata (e.g., description, release year, and cast), we retrieved IMDb IDs for each 
entry, regardless of whether they were classified strictly as movies. During this manual verification, we identified 
several non-movie entries (e.g., stand-up comedy specials and anthologies) mistakenly included due to Amazon 
Prime Video’s classification errors. These entries (N = 20), which do not follow traditional narrative movie 
structures, were excluded from the final dataset.

Further investigation of the 441 unmatched entries revealed that some PlaybackResource and X-Ray files 
did not correspond to the listed movie. In a subset of cases (28 PlaybackResource files and 94 X-Ray files), the 

Field for Data File Description

people.csv: Contains a list of actors, corresponding characters, and IMDb name IDs for actors.

name_id Name ID of person from IMDb. The URL corresponding to a name_id would be https://www.imdb.com/name/ < 
name_id >. Example: https://www.imdb.com/name/nm0451321for nm0451321.

person Name of the person.

character Name of the character in the movie.

scenes.csv: Contains a list of scenes, along with the start and end timestamps of each scene.

scene Scene number.

start Scene start timestamp in milliseconds.

end Scene end timestamp in milliseconds.

people_in_scenes.csv: Contains a list of scenes with IMDb IDs of people appearing in the scene, along with start and end timestamps.

scene Scene number.

start Scene start timestamp in milliseconds.

end Scene end timestamp in milliseconds.

name_id Name ID of person from IMDb.

timestamp Timestamp of the character’s first appearance in the scene, in milliseconds.

Table 1.  Parsed X-Ray data files. These files are provided for each film in the schema shown in Fig. 2 under 
the xrays directory. Note that the scene timestamps in these files are not known to be aligned to the subtitle 
timestamps contained in .ttml2 files (Fig. 2). However, the example Jupyter notebook demonstrates how 
subtitles can be assigned to scenes based on temporal overlap. The majority of subtitle segments fall fully 
within scene boundaries, indicating a strong degree of alignment between the two timestamp sources. Perfect 
correspondence is not expected, as spoken dialogue may cross visual scene boundaries.

https://doi.org/10.1038/s41597-026-06602-y
https://github.com/safal312/xray-collector
https://github.com/safal312/xray-collector
https://doi.org/10.5281/zenodo.17659734
https://www.imdb.com/name/
https://www.imdb.com/name/nm0451321


6Scientific Data |          (2026) 13:275  | https://doi.org/10.1038/s41597-026-06602-y

www.nature.com/scientificdatawww.nature.com/scientificdata/

Amazon US movie pages returned erroneous files that were duplicates of other movie listings. To identify these 
cases, we compared the unique movie ID generated at the start of our data pipeline with the ID generated from 
the retrieved PlaybackResource and X-Ray files. For the movies with erroneous PlaybackResource files, IMDb 
matching was impossible because the title used in the search did not align with the actual cast list, so we manu-
ally corrected the metadata for these entries. For the erroneous X-Ray files, IMDb matching was not feasible due 
to the lack of reliable cast data, so we removed these entries entirely.

Finally, we applied these insights from the unmatched cohort to the larger, automatically matched set to 
identify any remaining discrepancies in X-Ray and PlaybackResource files. After either correcting or removing 
problematic entries, we compiled a clean and complete final dataset of 3,265 movies.

Decade Years covered in dataset Total movies in dataset Screenplays in top 100 list by decade
Academy Award-winning movies 
(total awards given)

1930s 1931, 1932, 1936, 1939 6 1 0 (106)

1940s 1940, 1941, 1944, 1945, 
1947, 1948, 1949 10 2 1 (180)

1950s All years 24 7 4 (154)

1960s All years 34 5 5 (147)

1970s All years 54 11 6 (134)

1980s All years 91 3 1 (136)

1990s All years 145 4 7 (139)

2000s All years 327 10 8 (147)

2010s All years 1,403 9 19 (149)

2020s All years 1,171 7 3 (56)

Total — 3,265 59 (of 939) 54 (of 1,348)

Table 4.  Decadal coverage of the Augmented Amazon X-Ray Dataset for the top-100 most popular movies and 
Academy Awards. There are a total of 939 possible top-100 movies per decade, instead of 1,000, because IMDb 
provided only 39 for the 2020s.

Field Description

title Title of the movie.

imdb_id IMDb ID of the movie.

file Unique identifier of the movie in the dataset.

dir Name of the batch in which the data was collected (e.g., com, before2010, in2010s, after2020). Data was collected in 
batches using decade-based filtering. The “com” batch is the initial collection without filters.

synopsis Brief synopsis of the movie, collected from Prime Video.

year Year of the movie’s release.

link Link to the Prime Video page of the movie; all must have the prefix www.amazon.com added to form the full URL.

subtitle Indicator of subtitle availability:

SDH Movie has English SDH subtitle.

SDH_EN Movie has non-English SDH and English non-SDH subtitles.

EN Movie only has English non-SDH subtitle.

Null Subtitle data not available.

tmdb_id TMDb ID of the movie (identifier for https://www.themoviedb.org/, an alternative movie database).

original_language Language of origin of the movie, sourced by TMDb. Null if data unavailable.

original_country Country of origin of the movie. Null if data unavailable.

Table 2.  Fields in X-Ray movie metadata file metadata_with_subtitles_tmdb.csv, one of the top-
level files in the schema shown in Fig. 2.

Field Description

name_id IMDb ID of the person.

person Name of the person.

character Character name in the movie.

file Unique indicator of the movie in the dataset.

Table 3.  Fields in cast metadata file final_all_cast_with_duplicates.csv, one of the top-level files 
in the schema shown in Fig. 2. “Duplicates” refer to the fact that one person can have multiple castings across 
different movies, and therefore multiple rows in this file.
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Coverage Assessment.  The applicability of this dataset depends on its coverage and representativeness 
of the full range of films produced throughout history. We evaluate this coverage in two ways: by compar-
ing our dataset against IMDb lists of the 100 most popular movies per decade and against lists of Academy 
Award-winning films by year, sourced from the Academy Awards official website (Table 4). Coverage is sparse in 
the earlier decades, with only select years, such as 1931, 1932, 1936, and 1939, represented in the 1930s. However, 
from the 1950s onward, our dataset includes movies from each year, showing progressive improvement in cover-
age over the decades.

Although our datasets’ coverage is moderate relative to these benchmarks, this presents a valuable analytical 
opportunity: the ability to study films that may not be well-remembered or acclaimed as the best of their time. 
By sampling movies based on production rather than popularity, our dataset mitigates survival bias, providing 
a more representative selection of films. This broad coverage, combined with the dataset’s unique scene-level 
breakdown, is a resource not previously available in film studies.

To further enhance coverage, especially for recent decades, we plan to implement periodic updates. These 
updates will involve collecting additional data as it becomes available and refining our collection methods 
to capture more recent releases. The code for this process is available for others to use as well. Additionally, 
exploring partnerships with movie databases and production companies could provide better access to recent, 
high-quality metadata. This proactive approach will help ensure that our dataset remains a dynamic and valuable 
resource for cultural analysis and film studies.

Data availability
The dataset is available at Zenodo with https://doi.org/10.5281/zenodo.1765973435.

Code availability
Code is available on Github at https://github.com/safal312/xray-collector.
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