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ABSTRACT

The rise in processing power, combined with advancements in machine
learning, has resulted in an increase in the use of computational methods
for automated content analysis. Although human coding is more effective
for handling complex variables at the core of media studies, audiovisual
content is often understudied because analyzing it is difficult and time-con-
suming. The present work sets out to address this issue by experimenting
with unimodal and multimodal transformer-based models in an attempt to
automatically classify segments from the popular medical TV drama Grey’s
Anatomy (ABC, 2005-) into three isotopies that are typical of the medical
drama genre. To approach the task, this study explores two different clas-
sification approaches: the first approach is to employ a single multiclass
classifier, while the second involves using the one-vs-the-rest approach to
decompose the multiclass task with a series of binary classifiers. We investi-
gate both these approaches in unimodal and multimodal settings, with the
aim of identifying the most effective combination of the two. The results of
the experiments can be considered promising, as the multiclass multimodal
approach results in an F1 score of 0.723, a noticeable improvement over
the F1 of 0.686 obtained by the one-vs-the-rest unimodal approach based

on text.
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Introduction

In the field of media studies, content analysis is an established methodology
for the study of audiovisual products. A central aspect of content analysis
is coding, which consists in assigning units of analysis to categories for the
purpose of describing and quantifying phenomena of interest (Krippendorff
1980: 84-5). Previous research has identified three fundamental categories
or “isotopies” that characterize the medical drama genre: the professional
plot, the sentimental plot, and the medical cases plot. In the context of
medical dramas, content analysis can be conducted by assigning isotopies to
segments, i.e. portions of video “characterized both by space—time—action
continuity and invariance in the thematic-narrative elements” (Rocchi and
Pescatore 2022: 3). This poses a challenge for automated approaches, as
modern segmentation algorithms are not effective in identifying units that
are relevant for the three isotopies. Additionally, coding requires trained
annotators with a significant degree of expert knowledge and a good un-
derstanding of content analysis. Recognizing the complexity of the task and
the need for more effective strategies, we experiment with unimodal and
multimodal transformer-based models to evaluate the possibility of stream-
lining the content analysis process for medical dramas. With this objective,
we formulate the following research questions:

* Research Question 1: Is it better to approach the task with a single
multiclass model or a one-vs-the-rest approach?

* Research Question 2: Which modality is more informative for the
task of predicting the isotopies?

* Research Question 3: Does the inclusion of keyframes in addition to
the subtitles result in higher performance as compared to only using
the subtitles?

To answer our research questions, we first create a multimodal corpus by
combining subtitles and keyframes extracted from 17 seasons of Greys
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Anatomy (ABC, 2005-), one of the longest-running medical drama se-
ries. Three deep learning models, namely CLIP, BERT, and MMBT, are
trained using this corpus to explore the impact of different modalities on
the identification of the isotopies. Additionally, we investigate two different
approaches to the classification problem: a multiclass approach, which con-
siders all isotopies simultaneously, and a one-vs-the-rest approach, which
identifies one isotopy at the time." The results of the experiments are prom-
ising, with the multiclass multimodal approach obtaining an F1 score of
0.723. Furthermore, our findings suggest a relationship between the two
approaches and the modalities involved, as well as differences in terms of the
contribution of the individual modalities.

Related Work

With its ability to engage several human faculties at once, audiovisual con-
tent can convey information in a more multifaceted way compared to static
images or text. However, the addition of the time element through shots
and scenes makes the task of understanding the content of a video complex.
One of the biggest challenges in the fields of natural language processing
and computer vision is developing the ability for machines to analyze and
summarize audiovisual products, making them more searchable and accessi-
ble (Tapaswi 2016: 3). As multimodal data often represents an object from
different viewpoints, which can be complementary in contents, it can po-
tentially be more informative than unimodal data. However, there are also
instances where the modalities end up competing with each other, caus-
ing multimodal models to underperform compared to the unimodal ones
(Huang et al. 2021: 10944).

Compared to visual and auditory information, textual features are less
explored for video understanding (Weng et al. 2021: 4843). In the broad-
er context of movies and TV shows, speech may sometimes be correlated
with the action (e.g., “Raise your glasses to...”), but it is more frequent for
it to be completely uncorrelated (Nagrani et al. 2020: 10318). In the field
of sentiment analysis, related work has been conducted on the TV show

Friends (NBC, 1994-2004). Zahiri and Choi (2017: 6-7) employ a CNN

' The scripts used for the experiments are available at https://github.com/TinfFoil/

isotopy-identification/.
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architecture with word2vec embeddings for the purpose of detecting emo-
tions from written dialogue, obtaining accuracies of 37.9% and 54% for
fine- and coarse-grained emotions respectively. They observe that emotions
are not necessarily conveyed in the text, and that disfluencies, metaphors,
and humor make the task particularly challenging.

Vision-and-language approaches to video understanding can be divided
into two types: one based on using a single frame, and another based on
extracting multiple frames (Sun et al. 2019, Zhu and Yang 2020). In the
context of video, the second approach is more common, as it is reasonable
to assume that training an effective video-and-language model requires lots
of samples from the video channel (Lei et al. 2022: 11). As demonstrated
by Li et al. (2021: 7), leveraging both video and subtitles achieves the best
performance on the VALUE benchmark (Li et al. 2021), which includes
11 video understanding tasks from a variety of datasets and video genres.
A similar result is reported by Liu et al. (2020: 10906) on the task of vid-
eo-and-language inference, which consists in analyzing a video clip paired
with a natural language hypothesis and determining whether the hypothesis
is supported or contradicted by the information conveyed in the video.

However, it is actually an open question whether training a model using
multiple frames is beneficial for downstream tasks, and if so, whether the
gains in performance justify the significant increase in computational costs
(Lei et al. 2022: 11). Despite the fact that most video-and-language models
are typically trained using multiple video frames, some studies suggest that
strong performance on challenging benchmarks can be achieved using just
a single frame (Lei et al. 2022, Buch et al. 2022). Furthermore, the diffi-
culty of making recognition decisions is intrinsically linked to the type of
category being classified. For instance, recognizing static subjects like dogs
and cats, or sceneries such as forests or seas, may only require a single frame.
However, distinguishing more complex actions, such as “walking” versus
“running’, often requires more frames (Wu et al. 2019: 1284).

To the best of our knowledge, this is the first work on narrative classifi-
cation for the medical drama genre. In the context of cinema, a similar work
is the Movie Narrative Dataset (MND), introduced by Liu et al. (2023).
MND consists of 6,448 annotated scenes from 45 movies, manually labeled
by multiple annotators into 15 key story elements. To benchmark the task
of classifying scenes based on their narrative function, the authors of MND
utilized an XGBoost classifier trained on temporal features and character
co-occurrence patterns. The classifier obtained an F1 score of 0.31, which,
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while still leaving room for improvement, is statistically significant and out-
performs a static baseline classifier. Unlike Liu et al. (2023), we adopt a
single-frame vision-and-language approach. This choice is motivated by the
previously mentioned studies showing the potential of using only a single
frame (Lei et al. 2022, Buch et al. 2022). Additionally, the decision to con-
sider a single frame is influenced by the substantial increase in computa-
tional costs associated with analyzing multiple frames (Lei et al. 2022: 11),
which presents significant challenges in terms of resource requirements and
processing time.

Dataset

The present work builds upon the Medical Dramas Dataset introduced by
Rocchi and Pescatore (2022: 2-3). For the purpose of the experiments, we
extracted 17 seasons of annotated data from the TV show Greys Anatomy
(2005-), for a total of 367 episodes and 244 hours of video.” Isotopy assign-
ment, also referred to as ‘coding’, was conducted according to a three-step
content analysis protocol. First, three isotopies underlying the medical dra-
ma genre were identified: the medical cases plot, the professional plot, and
the sentimental plot. According to Pescatore and Rocchi (2019: 111-112),
the isotopies can be defined as follows:

The medical cases plot (MC) is related to the storylines that usually
change between each episode, introducing new narrative elements and a
variety of characters into the hospital setting.

The professional plot (PP) deals with the relationships and dynamics
within the hospital among doctors and other medical staff.

The sentimental plot (SP) comprises the emotional and personal rela-
tionships between the main characters throughout the series. It covers a
wide sphere of emotions such as friendship, love, empathy, and conflict.

The second step involved breaking down each episode into segments.
For each segment, start and end times were marked. This aspect is especially
important, as it allowed the subsequent alignment with the text of the subti-
tles. The third phase, i.e. the actual coding phase, followed the identification
of the segments. During this step, the appropriate isotopies were assigned to

2 'The data was mainly obtained from https://doi.org/10.17605/OSEIO/24TUS, with
the addition of 5 seasons of unpublished data provided by the authors.
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each previously identified segment, taking into account their development
over time, and not treating them as independent segments. A weight from
0 to 6 was assigned to each of the plots. If a segment could only be attrib-
uted to a single plot, a weight of 6 was assigned to that plot and a weight
of 0 to the other two. When there were overlaps between narrative lines, a
weight was assigned to each of the co-occurring narratives according to their
relevance in the segment. In some cases, segments were not attributable
to either of the isotopies and all three were marked as “NA” (Rocchi and
Pescatore 2022: 3).

Data Extraction

The availability of start times and end times for each segment allowed for
the alignment of the dataset with another source of data tagged with tem-
poral information: the subtitle track of the episodes. Each subtitle has four
parts in a SubRip Subtitle (SRT) file:* a counter indicating the number of
the subtitle; start and end timestamps; one or more lines of text; and an
empty line indicating the end of the subtitle. By relying on these features,
the SRT files were processed to extract the timestamps and the text of the
subtitles.

For the purpose of aligning the subtitles with the data obtained from
the Medical Dramas Dataset, a method for assigning each of the subtitles to
the corresponding segment was then identified. Inspired by Tapaswi et al.
(2015: 5), in which subtitles appearing at video shot boundaries were attrib-
uted to the shot which has a majority portion of the subtitle, the mean of
each subtitle’s timespan was used as the criterion for the alignment. For ex-
ample, given a subtitle that starts at 00:00:00.804 and ends at 00:00:02.701,
the mean is 00:00:01.752. If a segment starts at 00:00:00.000 and ends at
00:00:07.000, then the subtitle is part of that segment. By doing so, a sub-
title that overlaps with two different segments is assigned to the one where
it appears on the screen for the longest amount of time.

In addition to aligning the subtitles, keyframes were also extracted from
each of the episodes. A script based on OpenCV (Bradski 2000), an open-
source computer vision library, was developed to accomplish this task. For
each video, the midpoint of each segment was calculated based on the start
and end times of the segment. The corresponding keyframe is then extracted

3 hteps://docs.fileformat.com/video/srt/ (last accessed 16-07-2023).
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and stored as a JPG file. Table 1 illustrates a few examples from the corpus,
consisting of different segments and their timestamps, as well as the text
obtained from the subtitles, the filenames of the keyframes and the assigned
isotopies. Segments up to 00:00:49 are missing in this case because they
were labeled as NA. An example of a keyframe is also shown in Figure 1.

‘ segm_start ‘ segm_end ‘ pp ‘ sp ‘ mc ‘ img_name
S13E01_0 00:00:49 00:02:18 0 6 0 S13E01_0.jpg

Meredith: Don’t you wish you could just take it back... That thing you said, that thing
you did. [...] We can’t undo the past. "Cause the future keeps coming at us.

‘ img_name
S13E01_1 | 00:02:18 00:02:36 0 2 4 S13E01_1.jpg

[Siren wails] Isaac: What do we got? We got a male, mid 20s. [...] We'll need a CT. All
right, let’s get him to Trauma One. Let’s go. Page Avery!

‘ img_name
S13E01_2 | 00:02:36 00:03:18 0 6 0 S13E01_2.jpg

Two champagnes. You got it. | thought you were dancing with Maggie. [...] Take a
breath. What happened to DelLuca?

TaBLE 1
Some instances from the resulting corpus. The text obtained from the subtitles has
been shortened for displaying purposes.

FIGURE 1

Keyframe 13x01.
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Data Preprocessing and Description

The preprocessing of the corpus involved several steps designed to refine
and improve the quality of the data and was mainly conducted using the
NLTK library (Bird et al. 2009). Most importantly, segments containing
nine subtitles or less in which stopwords and consecutive repeated words
constituted more than 65% of the total tokens, were removed. In addition
to this, other preprocessing steps included removing song lyrics (e.g., “J 7
don’t want to wait...J”); song names (e.g., “/Lordes “Team’ playing]”); subtitle
author’s names (e.g., “7elescript by Raceman, Subtitles/Sync by Bemused’);
italics tags (e.g., “<i>” and “</i>” in “Im <i>really</i> sorry”); hesitations
(e.g., “-he” in “He-he doesnt... He doesn’t mean that”); hyphens indicating
dialogue between different characters (e.g., “-Is he talking? -Yeah.”); and seg-
ments containing only sounds (e.g., “/Whistles]”).

Labels were also preprocessed as part of the data preparation, with the
original range of [0, 6] discretized into binary values of {0, 1}. Values in
the interval [0, 2] were mapped to 0 and values in the interval [4, 6] were
mapped to 1; as a result, segments with label combinations 330, 303, and
033 were removed as they could not be discretized into the required binary
representation. This is because segments having combinations such as PP=3,
SP=3, MC=0 are characterized by two different isotopies having the same
weight. The counts of the instances per class before and after discretization
are illustrated in Table 2. Although some of the granularity in the original
data is lost, the main advantage of this approach is that it simplifies the clas-
sification task by reducing the number of classes, which enables the model
to focus on identifying those segments where there is a complete or mostly
complete correspondence to one of the isotopies.

Before discretization After discretization
Values PP SP MC Values PP SP MC

0 13,668 8,718 11,641

1 321 310 245 0 13,690 8,907 11,381
2 667 751 621

4 368 445 394

5 156 297 233 1 3,299 8,082 5,608
6 2,775 7,340 4,981

TABLE 2

Corpus label distribution before and after discretization.
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The resulting corpus contains 276,357 subtitles, which are grouped into
16,989 labeled segments. The corpus has a total of 2,260,655 tokens (38,629
types) and the mean length of a subtitle is 8.430 + 3.921 tokens. Each seg-
ment consists of 1 to 74 subtitles, and about 95.7% of the segments (16,272)
contains up to 37 subtitles. The dataset is imbalanced, with the sentimental
plot class being the most represented out of the three (8,082 positive instanc-
es). The least represented class is the professional plot, with 3,299 positive
instances, while the medical cases class has a total of 5,608 positive instances.

Experiments

To address our research questions, we explore two different classification
approaches to determine which one is better suited for the problem at hand:
the first approach is to employ a single multiclass classifier, while the second
involves using the one-vs-the-rest approach. Although neural networks can
handle the multiclass problem by directly predicting one of the three possi-
ble target classes, using the one-vs-the-rest (OvR) strategy may be beneficial
in certain situations. This approach, also known as one-vs-all (OvA), consists
in decomposing the task into 7 binary classifiers, each trained to distinguish
between one class and the rest. The final prediction is made by selecting the
class associated with the classifier that outputs the highest probability (Aly
2005: 1-4). We investigate the multiclass and one-vs-the-rest approaches for
both unimodal and multimodal settings. For the multiclass approach, we
first fine-tune and evaluate a unimodal textual and a unimodal visual mod-
el, and then a multimodal one. For the one-vs-the-rest approach, we do the
same for each unimodal binary sub-problem, and then repeat the problem
decomposition approach in the multimodal setting as well.

For the unimodal textual setting, we use the bert-base-uncased imple-
mentation of BERT from the HuggingFace library (Devlin et al. 2018).
The model is fine-tuned exploring epochs € [1, 2, 3] with a batch size of
16, one of the batch sizes recommended by the authors of BERT (Devlin et
al. 2018). For optimization, we employ the AdamW optimizer (Loshchilov
and Hutter 2017) with a learning rate of le-5 and an epsilon value of 1e-8.
We encode the training, validation, and test datasets with BertTokenizer?

* hteps://huggingface.co/transformers/v3.0.2/model_doc/bert.html#berttokenizer

(last accessed 16-07-2023).
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and pad the sequences to a maximum length of 512. To adapt the unimod-
al model for the two approaches, we modify the num_labels parameter of
BERT, setting it to 3 for multiclass classification and 1 for binary classifi-
cation. For multiclass, we use the default Cross Entropy loss function that
is computed by BERT when num_labels > 1 (Devlin et al. 2018). For
binary classification in the one-vs-the-rest scenario, we use the Binary Cross
Entropy with Logits loss from PyTorch.’

For the multimodal setting, we use the Multimodal Bitransformer
(MMBT) model. Introduced by Kiela et al. (2019), MMBT incorporates
the strengths of the transformer architecture and adapts it for process-
ing both textual and visual inputs. To further enhance the capabilities of
MMBT, we follow Muti et al. (2022) in using OpenAl’s CLIP (Radford
et al. 2021) as the visual encoder instead of the default ResNet-152 archi-
tecture used by MMBT. As for preprocessing, we use the Pillow library
(Clark 2015) to prepare 288x288 pixel versions of all frames by rescaling
and padding, while also maintaining the original aspect ratio of the frames
(Neskorozhenyi 2021). We then slice the frames into three equal parts to
obtain four vectors: a vector for each of the parts that encode spatial infor-
mation and one for the whole frame. The visual feature extractor of CLIP
is RN50x4, a modified version of ResNet-50 which has been shown to be
particularly effective for vision-and-language tasks (Shen et al. 2021: 5-8).

As for the textual encoder, we again use bert-base-uncased so as to be
able to compare the performance of MMBT and BERT. We fine-tune the
MMBT architecture by exploring epochs € [1, 2, 3] with a batch size of 8
and a gradient accumulation of 20 steps to reduce memory usage. For opti-
mization, we employ the MADGRAD optimizer (Defazio and Jelassi 2022)
with a learning rate of 2e-4. As for BERT, we adhere to the preprocessing
and parameters used in the unimodal textual setting. Given that MMBT
is largely based on BERT’s architecture, the num_labels parameter and the
loss functions are also configured in the same way as BERT. We maintain
these choices for the unimodal visual model based on CLIP, with the excep-
tion that we do not use the textual encoder. As for the CLIP-based model,
we leave RN50x4 as the feature extractor and we follow Wei et al. (2022) in
using a batch size of 16.

> hueps://pytorch.org/docs/stable/generated/torch.nn. BCEWithLogitsLoss (last accessed
16-07-2023).
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Models are evaluated using the F1-measure, a metric combining preci-
sion, which measures the accuracy of positive predictions, and recall, which
measures the model’s ability to identify all positive instances (Géron 2017:
84-87). Macro-averaging the F1 scores for each class gives equal weight to
each class regardless of the number of instances. The models which obtained
the most promising results during 10-fold cross-validation are illustrated
in Table 3. A final evaluation of these models is then carried out on an in-
dependent test set that was not used during training to assess the models’
performance on unseen data: in the case of the multiclass approach, the
model which obtained the highest macro-averaged F1-measure on the val-
idation set is evaluated on the test set; in the case of the one-vs-the-rest ap-
proach, the best-performing individual binary classifiers based on validation
F1 score are ensembled to obtain the final prediction on the test set. Table 4
reports the results of this final evaluation.

‘ Multiclass ‘ One-vs-the-rest

Model (e) All (e) PP (e) | SP (e) | MC All

CLIP (3) 0.553 (3) 0444 | (2) | 0.710 | (3) | 0.593 | 0.582

BERT (3) 0.716 (2) 0.619 | (2) | 0.815 | (2) | 0.711 | 0.712

MMBT (3) 0.736 (3) 0.580 | (3) | 0.825 | (3) | 0.741 | 0.715
TaBLE 3

Validation F1 scores of the best models. (¢) refers to the number of epochs.

‘ Multiclass ‘ One-vs-the-rest
Model (e) All (e) PP ()| SP | (e) | MC All
CLIP (3) 0.536 (3) 0443 | (2) | 0.696 | (3) | 0.559 | 0.566
BERT (3) 0.672 (2) 0.563 | (2) | 0.788 | (2) | 0.706 | 0.686
MMBT (3) 0.723 (3) 0592 | (3)|0.818 | (3) | 0.728 | 0.713
TABLE 4

Test F1 scores of the best models. (e) refers to the number of epochs.
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Discussion

As for RQ1, the answer is not straightforward. The approach which resulted
in the best-performing model is the direct multiclass approach. Specifically,
multiclass MMBT trained over 3 epochs achieved the highest macro-av-
eraged F1 score on the test set: 0.723. This result could be attributed to
the ability of the multiclass MMBT approach to better handle correlations
between different classes, a feature not captured by the one-vs-the-rest ap-
proach, which treats each class independently. It is possible that the added
visual information allows MMBT to disambiguate instances more effective-
ly than the multiclass BERT model, resulting in one-vs-the-rest being more
effective for BERT: F1 0.686 for one-vs-the-rest compared to 0.672 for
multiclass. CLIP also benefits from the one-vs-the-rest approach. This could
be due to the fact that one-vs-the-rest is more suitable for unimodal models,
as a similar trend also arises when it comes to multiclass BERT compared to
one-vs-the-rest BERT.

However, it should be noted that the one-vs-the-rest approach results in
a noticeable increase in computational cost compared to training a single
multiclass model. On two NVIDIA Quadro P4000 8GB GPUs, 10-fold
cross-validation with MMBT required 8 hours for the multiclass model
and 24 hours for the three binary models in the one-vs-the-rest approach.
This is in part due to the smaller batch size of 8, which was chosen due to
hardware limitations, although the difference is also noticeable in the case
of BERT, which required 5 hours for multiclass and 16 for one-vs-the-rest
with a batch size of 16. Approaches based on CLIP took about the same
time. Furthermore, when considering BERT, the difference between multi-
class and one-vs-the-rest is fairly small on the validation set, although one-
vs-the-rest performed noticeably better on the test set. As the best approach
to the task depends on both the modalities involved and the computational
resources that are available, we will answer RQ2 and RQ3 by considering
both settings.

In order to address RQ2, we compare the results obtained by the two
unimodal approaches to determine which modality is more informative for
the task of predicting the isotopies. On the test set, one-vs-the-rest BERT
achieved an F1 score of 0.686, while one-vs-the-rest CLIP obtained a signif-
icantly lower F1 score of 0.566 (cf. Table 4). The difference between the two
modalities is also evident in the multiclass setting, where BERT obtained
an F1 score of 0.672 compared to CLIP’s 0.536. As for RQ2, we can con-
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clude that BERT performs better than CLIP, which suggests that the text
might be more informative than the keyframes for the task of predicting
the isotopies. It should be noted, however, that the models based on CLIP
were limited by the fact that only a single keyframe was considered for each
segment. Given the average length of the texts available to BERT, it is clear
that the textual models not only had access to more information but could
also analyze dialogue at different points in time, unlike CLIP which looks
exclusively at the midframe of a segment. To overcome this limitation, an
approach that takes into consideration multiple frames or a more systemat-
ically-chosen single frame could be developed.

Moving on to RQ3, we proceed to assess whether the combination of
keyframes and subtitles resulted in higher performance by comparing the
F1 scores of MMBT and BERT. As shown in Table 4, the best-performing
MMBT model, i.e. multiclass MMBT, obtained an F1 score of 0.723, which
is noticeably higher than multiclass BERT’s F1 score of 0.672. The same is
true in the one-vs-the-rest setting. Although not as effective for MMBT as
it was for BERT, one-vs-the rest MMBT resulted in an F1 score of 0.713,
which is still significantly better than one-vs-the-rest BERT’s improved
F1 of 0.686. Overall, multiclass MMBT’s F1 score of 0.723 is the highest
across all models and configurations. Considering RQ3, we can conclude
that using a multimodal approach can result in a noticeable improvement
over the text-only BERT model. Given the limitations presented in RQ2,
we can consider this result to be promising, as it suggests that integrating
more information from the visual channel can improve the performance
of the model regardless of the approach that is being used, although the
improvement is noticeably more pronounced in the multiclass setting com-
pared to one-vs-the-rest.

In summary, one-vs-the-rest appears to be more effective for unimod-
al models, while textual features proved to be more informative than key-
frames for predicting the isotopies. Overall, the improvement obtained by
MMBT over BERT shows that the information from the visual channel
complements the one that is contained in the dialogues. However, although
one-vs-the-rest CLIP and BERT resulted in better generalization, the prob-
lem decomposition approaches would still require a longer training time
compared to the best-performing model-approach combination, multiclass
MMBT. Hence, addressing the task using a single multiclass MMBT model
would still be recommended over one-vs-the-rest BERT. The second-best
option would be to train a multiclass BERT model, which would be less
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computationally expensive but also less effective than MMBT. Regardless
of the approach, exploring more parameters, such as different batch sizes or
learning rates, would be the most immediate next step.

In the broader context, automated content analysis for isotopy identifi-
cation, a domain which has been previously unexplored, can greatly benefit
from multimodal approaches. Despite some limitations, these results also
indicate the potential of single-frame approaches for the task of multimodal
video classification.

Conclusions

This study examined three research questions to evaluate various methods
for automatic isotopy identification in the context of TV medical dramas.
The first research question focused on comparing, for all models, the per-
formance of a direct multiclass approach versus a one-vs-the-rest approach.
The second research question aimed to determine the most informative mo-
dality for the classification task. The third research question involved inves-
tigating whether the inclusion of keyframes in addition to subtitles resulted
in better performance compared to just using the subtitles. In order to an-
swer these research questions, we created a multimodal corpus by expand-
ing on the Medical Dramas Dataset introduced in Rocchi and Pescatore
(2022: 2-3). 17 seasons of annotated data were extracted from the TV show
Greys Anatomy (2005-), for a total of 367 episodes and 244 hours of video.
Textual features were extracted by temporally aligning the subtitles with the
segments, while visual features were obtained by extracting a frame, referred
to as a keyframe.

The findings from this work are promising, indicating that it is indeed
possible to leverage deep learning models to automatically identify the
distinctive isotopies of the medical drama genre in the context of Greys
Anatomy (2005-). We observed that the multimodal MMBT model per-
formed significantly better compared to the text-only BERT model and
the image-only CLIP model. More specifically, MMBT achieved the top
F1 score of 0.723, compared to BERT’s highest F1 score of 0.686, thus
shedding light on the potential benefit of incorporating visual information
alongside textual data. We have also examined different approaches to the
problem, observing that the one-vs-the-rest approach appears to be more
beneficial in the case of unimodal models. It is possible that the added visual
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information allows MMBT to disambiguate instances more effectively than
multiclass BERT, which could explain why this is the only setting in which
multiclass worked better than one-vs-rest. The textual information proved
to be more informative than the visual data, highlighting the importance of
dialogue for isotopy identification.

The potential for future work is vast, as there are many aspects that
could be further improved to enhance the performance of the models. For
example, future research could delve into a more systematic methodology
for frame selection, which in this study was limited to only the midframes
of the segments. Apart from investigating more systematic approaches for
frame selection, additional avenues for further research might include the
adoption of a dual-stream model as an alternative to the single-stream ar-
chitecture of MMBT. Existing research suggests that dual-stream models
can obtain better results thanks to their co-attention mechanism, which
enables them to handle complex relationships between the modalities (Du
et al. 2022: 5437). Moreover, cross-lingual transfer could be explored by
experimenting with multilingual transformer-based models like mBERT
(Devlin et al. 2018) or XLM-RoBERTa (Conneau et al. 2020). Given the
availability of subtitles in other languages, this approach could also lead to
improvements and open up the possibility of analyzing other shows pertain-
ing to the medical drama genre.
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