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ABSTRACT

Computational content analysis (CCA) has experienced a surge in popularity in the field of
advertising research. Despite advancements, a comprehensive methodology guide in this
area is lacking, presenting challenges for researchers seeking to incorporate these techni-
ques into their study design. This methodology paper aims to provide a thorough overview
of CCA applied to different and multiple modalities, including text, images, audio, and
video, as a guide for interested researchers. We outline the use of machine learning through
CCA in advertising research, covering a wide range of supervised (classification, object
detection, emotion analysis, audio sentiment analysis, regression) and unsupervised (topic
modeling and clustering) machine learning methods, alongside conventional CCA methods
(entity extraction and sentiment analysis). Additionally, we provide a future research agenda
that demonstrates how researchers can utilize generative artificial intelligence in CCA.

Advertising researchers employ content analysis to
examine promotional content across various media
channels, such as magazines, television, newspapers,
banners, billboards, and advergames (Chang 2017).
The advent of the Internet and the rise of social
media have diversified brand advertising options
beyond traditional media, creating a wide range of
content from textual and visual to video as well as
combinations thereof, based on online platforms or
social media (Berger et al. 2020). This wealth of
advertising content serves as a valuable resource, pro-
viding insights into the application and effectiveness
of advertising strategies (Huh and Malthouse 2020).
However, traditional content analysis has limitations
in fully extracting insights from the vast pool of big
data available, which often restricts research to mere
samples (Chang 2017). Recent advances in data sci-
ence, coupled with progress in mathematics and pro-
gramming, have enabled researchers to explore large
amounts of advertising-related content in various for-
mats such as text, images, audio, and video using
methods, including supervised and unsupervised

machine learning (Huh and Malthouse 2020). Despite
these advancements, advertising researchers face chal-
lenges in effectively implementing computational con-
tent analysis (CCA) because this method adds
complexity, especially for those without a background
in data science.

The primary objective of this paper is to provide
guidance to researchers who intend to apply this
method in their studies. The paper aims to simplify
the intricate jargon associated with CCA, making it
accessible to researchers lacking prior background in
this methodology, and to ensure that a broader audi-
ence can effectively utilize it. Starting with a discus-
sion of the challenges of traditional content analysis,
the paper provides step-by-step guidance, focusing on
machine learning as the commonly applied method in
CCA, as well as conventional CCA methods developed
for text, to show how authors can utilize these for
multimodal advertising content. Subsequently, we pro-
vide a framework that integrates CCA techniques,
communication modalities, and their applicability to
research problems in advertising research that refer to
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message, source, and execution. By outlining future
research directions, including how researchers can
incorporate generative artificial intelligence (AI) as
part of CCA, this study opens up numerous opportu-
nities for researchers to explore the potential of CCA
in advertising research.

Limitations of Traditional Content Analysis

Content analysis is an objective and systematic tech-
nique for identifying patterns in and drawing infer-
ences from recorded communication (Krippendorff
2018). The goal is to uncover the underlying meaning,
themes, or structures within different types of data,
making it a valuable method for researchers studying
advertising and providing a systematic and objective
approach to analyzing advertising content (Segev,
Fernandes, and Hong 2016).

Traditional content analysis poses four main chal-
lenges to advertising researchers (Chang 2017), related
to resource demand, sampling error, coding errors, and
reduced complexity. First, the method is intense and
often requires substantial time investment for manual
analysis and categorization of large content volumes.
For instance, Guitart, Gonzalez, and Stremersch
(2018) recruited 12 university students to code the
content of 2,317 television ads, necessitating training
and monitoring to ensure that the output quality met
acceptable standards. This approach limits the scale
and depth of the analysis and makes traditional con-
tent analysis less scalable in larger studies and data-
sets. Second, because of resource constraints,
researchers often analyze only a sample of available
data. This approach introduces sampling errors that
impede the generalizability of the findings. Third, cod-
ing errors present a significant challenge. This issue is
particularly evident when dealing with rich multi-
media content such as videos, for which insights from
visual or audio elements are challenging for human
coders to extract. Finally, content analysis requires
transcribing multimedia/multimodal content into text
to reduce its complexity, focusing on what has been
said rather than how it has been conveyed, to enable
human coders to work with it. Extracting nuanced
aspects, such as overall sentiment, pitch, or tone, from
video advertising can be difficult or even impossible
for human coders to code. Use of CCA can overcome
these limitations by analyzing and extracting data
from content without reducing its complexity, ena-
bling researchers to draw further insights.

The limitations of resource demand, sampling
error, coding error, and reduced complexity can all be

addressed by CCA. As an automatic approach, CCA
significantly reduces the human resource and time
consumption associated with traditional methods. In
addition, CCA can work on large datasets, and an
increase in data volume can reduce sampling error.
Owing to the use of automation instead of human-
based analysis, researchers have more control over the
process and can reduce coding error via several qual-
ity metrics to evaluate the validity of CCA results.
Finally, CCA can deal with multimodal advertising
content—such as text, images, audio, and video—in a
single study, rather than reducing the complexity of
rich content to text for manageability in content ana-
lysis. To further illustrate how CCA can overcome the
limitations of traditional content analysis in advertis-
ing, we refer to three prior content analysis studies.
Whereas CCA offers the possibility of larger samples,
fewer coding errors, and reduced need for resources
for all these content analysis studies, we show how
the specific research question can be answered more
comprehensively and appropriately by applying CCA
to different communication modalities.

Reid et al. (1985) analyzed creative strategies utiliz-
ing 331 Clio-award-winning television (TV) commer-
cials to study whether there is a difference between
domestic and international advertisements in creative
strategies. The application of CCA in this study can
provide deeper insights by employing advanced meth-
odologies beyond advertising narrative. At the text
level, techniques such as topic modeling and text clas-
sification can be combined to analyze the scripts of
commercials. This approach can uncover prevalent
themes and categorize textual content to evaluate the
tone and style of communication, revealing how dif-
ferent narratives are crafted to appeal to domestic ver-
sus international audiences. Simultaneously, image
and video classification techniques can be applied to
analyze the visual elements within these commercials.
This method identifies key visual strategies and
themes, such as the use of specific settings or color
schemes that align with the creative strategies identi-
fied through text analysis and in domestic versus
international advertisements. Object detection further
enhances the analysis of creative strategies in domestic
versus international advertising by pinpointing specific
objects or symbols within the visuals that carry cul-
tural significance or contribute strategically to the
commercial’s appeal.

Rofiner and Eisend (2023) analyzed 486 TV com-
mercials, 2,110 print advertisements, and 478 YouTube
advertisements and coded the portrayal of ethnic
minorities to address their research question of how



ethnic minorities are represented, portrayed, and
potentially stereotyped in advertising across different
media. The CCA techniques can help to address this
question in a more comprehensive way. For example,
facial recognition and classification of images (print
ads) and videos (TV and YouTube ads) are able to bet-
ter identify and categorize ethnic minority individuals
of different ethnicities. Furthermore, emotion and sen-
timent analysis can identify specific emotions or emo-
tional tones associated with ethnic minorities compared
with majority endorsers and uncover subtle forms of
stereotyping, in addition to the stereotyping variables
that can be coded by human coders. For example, senti-
ment analysis can detect whether ethnic minorities
compared with majorities are portrayed in a positive,
negative, or neutral light.

In an examination of the dark aspects of advertis-
ing, Jones, Cunningham, and Gallagher (2010) aimed
to study violence in advertising and identify common
themes in violent advertisements. Multimodal CCA
can improve this research in several ways. First, text
classification can be applied to classify a representative
sample of advertisements into violent versus nonvio-
lent categories based on a training dataset rather than
sampling only violent advertisements. Additionally,
topic modeling can be employed across a wide range
of advertisements in different media to explore the
common violence themes in these advertisements and
identify the differences between these themes in vari-
ous media or contexts. Furthermore, object detection

JOURNAL OF ADVERTISING . 3

and classification techniques can be used to identify
violent imagery in both static and dynamic content.
For instance, machine learning algorithms can detect
weapons, physical alterations, or threatening gestures
in images and videos. Facial recognition and emotion
analysis provide deeper insights by evaluating the
emotions and reactions of characters depicted in vio-
lent advertisements. This approach can reveal how
violence is portrayed and perceived in endorsers,
showing whether they appear fearful, angry, or dis-
tressed, thereby providing further insights into adver-
emotion narratives when using

tisers’ intended

violence in advertising.

Computational Content Analysis

Computational content analysis employs computer-
based techniques to systematically analyze diverse
advertising content on a large scale to extract insights
into such content (Berger et al. 2020; Huh and
Malthouse 2020). As illustrated in Figure 1, advertis-
ing content analyzed by CCA can be categorized into
four types: text, images, audio, and video. Each type
corresponds to a wide range of advertising in both
traditional and digital media.

Moving from text to images, and subsequently to
audio and video, corresponds to an increase in media
richness (Daft and Weick 1984). Less-rich content types
are nested within richer types. Videos represent the
richest content type, incorporating text that reflects

Video

* Traditional ads (TV commercials, video in outdoor
advertising)

« Digital ads (Video in social media, mobile marketing
and, search engine ads)

Audio

* Traditional ads (Radio commercials)

+Digital ads (Audio in social media, mobile marketing
and, search engine ads, podcasts)

Media richness

Image

Text

* Traditional ads (Image in magazine, newspapers,
billboards, outdoor advertising, brochures, flyers, direct
mail)

+ Digital ads (Image in social media, mobile marketing ads,
search engine ads, display ads)

* Traditional ads (Text in magazine and newspapers,
billboards, outdoor advertising, brochures and flyers, direct
mail, and ad copy)

« Digital ads (Text in social media and mobile marketing ads,
search engine ads, email promotions, digital press)

Figure 1. Different types of content in advertising.
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messages, images (because a video consists of a
sequence of images) that identify who delivered the
message, and audio that captures the manner in which
the message was delivered. Other than traditional con-
tent analysis, which is often applied to less-rich content
types or to a single content type, CCA can deal with the
entire spectrum of multimedia content and analyze dif-
ferent modalities of content in the same study (e.g., text
and images).

The content categories (text, image, audio, and
video) reflect how CCA has evolved in advertising
research, driven by different content types. We pro-
vide a comprehensive CCA toolbox covering all
modalities, while addressing the specific nuances of
each modality at every methodological step if needed.
We begin our methods section by explaining how
machine learning is central to CCA because most
techniques have evolved around this approach.

Machine Learning in CCA

Machine learning is a subset of AI that employs algo-
rithms and models to automatically identify patterns
and extract meaningful insights from large volumes of
content, including text, images, audio, and video. As
illustrated in Figure 2, machine learning can be broadly
categorized into four main groups: supervised, unsuper-
vised, semi-supervised, and reinforcement learning. The

choice between supervised, unsupervised, and semi-
supervised approaches primarily depends on whether
the content (text, image, audio, or video) has predefined
categories (e.g., brand post message appeals: emotional
vs. rational), labels (e.g., brand post sentiment: positive,
negative, neutral), or features (e.g., product presented
in brand posts) that can be used to classify or predict
outcomes.

Supervised learning utilizes labeled data to train
models for tasks such as classification, object detec-
tion, emotion analysis, audio sentiment analysis, and
regression. Its advantages include the ability to achieve
high accuracy and make precise predictions when
labeled data are available. However, it is limited by
the necessity for extensive labeled datasets, which can
be costly and time-consuming to obtain. Conversely,
unsupervised learning is applicable when data lack pre-
defined labels, and this type of learning is valuable for
exploratory data analysis and uncovering inherent
data structures through methods such as topic model-
ing and clustering. The advantages of unsupervised
learning include the ability to discover hidden pat-
terns and gain insights without labeled examples. Its
limitations involve challenges in evaluating model per-
formance and interpreting the discovered structures
without the guidance of labels.

Semi-supervised learning is useful when there is a
small amount of labeled data and a large amount of

(Machine Learning (ML)W

Automated pattern
recognition through
unstructured data.

: }

Supervised ML 1

[

( Semi-Supervised ML w

! }

( Unsupervised ML W (Reinforcement Learningw

Predicting outcomes
based on labeled
training data

based on small
amount of labeled

Predicting outcomes

Learning optimal
actions through trial
and error to maximize
cumulative rewards

Extracting patterns
from unlabeled data

training data
-
Classification Object detection
Assigning items to Detecting object in
predefined categories adverting content
- J
@ N
Emotion analysis ( Audio sentiment analysis
Extracting emotion Extracting emotion
displayed in human displayed in human
_ face voice )

1
)

Figure 2. Supervised and unsupervised machine learning in CCA.

‘ Regression

Predicting numerical/
categorical outcomes

Clustering

Topic modeling W ( 1

(
t

Grouping similar data
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documents
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unlabeled data, rendering it impractical or impossible
to manually label data. This approach can enhance
learning accuracy by leveraging the labeled data to
guide the learning from unlabeled data. The process
involves using labeled data to create an initial model,
which is then used to predict labels for the unlabeled
data. The model is iteratively refined as it learns from
both the labeled and newly labeled data, enhancing its
accuracy and robustness. Researchers can then use
these labels for training purposes and to perform fur-
ther analysis such as classification.

Reinforcement learning is another category of
machine learning, in which an agent learns by inter-
acting with an environment. It takes actions, receives
feedback in the form of rewards or penalties, and
aims to develop a strategy (policy) to maximize cumu-
lative rewards over time (Oh et al. 2020). While
reinforcement learning holds great potential for opti-
mizing advertising strategies, its implementation in
CCA requires continuous interaction between content
creators and users, making it more complex to imple-
ment compared with other methods.

Computational Content Analysis Toolbox

Utilizing machine learning techniques, particularly
supervised and unsupervised learning, along with
conventional CCA methods, we developed the
Computational Content Analysis Toolbox (Table 1). In
this toolbox, we explain the available methods for
researchers in advertising, including their main pur-
pose, modality, key algorithms and techniques, and val-
idity metrics, following the structure of previous
method papers (Donthu et al. 2021). The supervised
machine learning methods include classification, object
detection, emotion analysis, audio sentiment analysis,
and regression, and unsupervised machine learning
methods encompass fopic modeling and clustering. In
addition to machine learning-based CCA, conventional
CCA remains one of the longest-standing and most
widely used method in text analysis, encompassing
tasks such as entity extraction and sentiment analysis.
These tasks are typically carried out using a variety of
techniques to extract meaning from text. While the
conventional techniques have been widely used in mar-
keting research, they were primarily developed for text
content and are not applicable beyond text.

To facilitate the usability of the CCA Toolbox, we
provide plain definitions in Table 2 of key algorithms,
techniques, and validity metrics for supervised
machine learning, unsupervised machine learning, and
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conventional CCA methods, which serve as the core
components of these methods.

Supervised Machine Learning

The five main methods in supervised machine learn-
ing are classification, object detection, emotion ana-
lysis, audio sentiment analysis, and regression (see
Table 3).

Classification

When researchers know the class or categories of
advertising content, they can use supervised machine
learning to classify advertising content into predefined
categories (Silge and Robinson 2017). In contrast to
topic modeling or clustering, where authors aim to
discover themes or categories in advertising content,
classification involves knowing the labels or categories
(e.g., one-sided vs. two-sided advertising messages in
advertising text) in the data and using categorization
to assign each individual advertisement to these pre-
defined categories.

Research Question

Classification helps researchers categorize advertising
content into two (binary) or more (multiclass) classes.
A common example of binary classification is catego-
rizing advertising content into emotional and rational
categories based on a training dataset. For multiclass
classification, researchers may identify the tone of the
advertising content, categorizing it as professional, cas-
ual, friendly, or authoritative. For instance, Ordenes
et al. (2019) used classification to categorize brand
post content on Facebook and Twitter into three
classes: assertive, expressive, and directive. Shi et al.
(2023) used image classification to categorize images
of individuals who used fast-fashion copycat brands in
their posts into different classes of facial attractiveness
and body features, as well as their compatibility and
distinctiveness, scoring them from high to low. Yang
et al. (2022) used this method to classify the energy
level of TV commercial audio from high to low.

Data Collection

To enable classification, authors must use labeled data
that assist machine learning algorithms in learning
from a sample for use in the data analysis process.
Researchers are likely to work with content in English
because classification tools are predominantly devel-
oped for the English language.
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Table 1. Computational Content Analysis Toolbox.

Supervised learning

Audio Sentiment

Method Classification Object Detection Emotion Analysis Analysis Regression
Purpose Assigning items to Detecting object in Extracting emotion Extracting emotion Predicting numerical/
predefined advertising content displayed in human displayed in human categorical
categories face voice outcomes
Modality o Text e Image e Image e Audio o Text
e Image e Video e Video e Image
e Audio e Audio
e Video e Video
Algorithms/Techniques e Support vector e Convolutional e CNNs e Mel-frequency e Linear regression
machines neural networks e Multi-task cepstral e Ridge regression
e Logistic regression (CNNs) cascaded coefficients e Lasso regression
e Naive Bayes e You Only Look convolutional (MFCCs) e Support vector
e Decision trees Once (YOLO) networks (MTCNN) e Deep neural regression
e Random forest e Faster region- e Long short-term networks
based memory (LSTM) e Recurrent neural
convolutional networks networks (RNNs)
neural network
(Faster R-CNN)
Validity metrics e Accuracy e Intersection over e Accuracy e Accuracy e R-squared
e Precision union (loU) e Precision e Precision e Mean absolute
e Recall e Mean average e Recall e Recall error (MAE)
e F1 score precision (mAP) e F1 score e F1 score e Mean squared
e Area under the e Accuracy e AUC-ROC e AUC-ROC error (MSE)
curve-receiver e Precision e Root mean square
operating o Recall error (RMSE)
characteristic curve e  F1 score
(AUC-ROCQ) e AUC-ROC
Unsupervised Learning Conventional CCA
Method Topic modeling Clustering — Entity extraction Text sentiment analysis
Purpose Discovering topics in Grouping similar data — Identifying and Determine emotional
the collection of points together extracting specific tone of the
documents entities (e.g., brand message
name or emotions)
Modality e Text o Text — o Text o Text
e Image
e Audio
e Video
Algorithms / Techniques e Latent e K-means: — e Dictionaries and e Dictionaries and
Dirichlet allocation e Fuzzy K-means lexicons lexicons
(LDA) e Hierarchical o Rule-based
e Non-negative clustering methods
matrix e Gaussian mixture

Validity metrics

factorization (NMF)
e Latent semantic
analysis (LSA)
e Coherence score
Perplexity

models

e Silhouette

e Dunn Index

e Davies-Bouldin
Index

e Construct validity

e Convergent validity

e Discriminant
validity

Construct validity
Convergent validity

Analysis Process

Training Data Preparation. In this step, researchers
prepare a training dataset by defining labels for each
item of content or document (Buisson 2021). These
labels help to train a model and test it in a large data-
set of, for instance, brand posts including text, images,
audio and/or video from a wide range of brands.
Advertising content usually does not have any prede-
fined labels; however, it is possible to manually label
the data and create such a dataset. Similar to trad-
itional content analysis, coders should be trained, and
agreement levels and how coders resolved conflicting
coding should be reported. For text training data
preparation, prior research has utilized platforms such

as Amazon MTurk, in which workers have been hired
for labeling (Li and Xie 2020). Previous research indi-
cates that 10% of the total data represents an appro-
priate amount for training data; however, in big data
(e.g., 1 million brand social media posts), this number
would be beyond the capacity of manual work (Géron
2022). Thus, the number of training datasets is
adjusted based on model evaluation results, which
determine if the existing training data are sufficient to
achieve accurate categorization. Public datasets and
platforms such as Kaggle, LibriSpeech, Mozilla
Common Voice for voice, ImageNet for images, and
YouTube-8M for videos can also be leveraged for
training data preparation.
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Method

Algorithms

Validity metrics

Supervised Learning
Classification

Object Detection

Emotion Analysis

Audio Sentiment Analysis

Regression

Support vector machines: A model that finds the
optimal hyperplane to separate classes, often used
with non-linear boundaries

Logistic regression: A linear model for binary
classification that predicts the probability of a class
label

Naive Bayes: A probabilistic classifier that applies
Bayes’ Theorem with the assumption of
independence between features

Decision trees: A model that splits data into
branches based on feature values, forming a tree
structure for classification

Random forest: An ensemble of decision trees that
aggregates their predictions for more accurate and
robust classification

Convolutional neural networks (CNNs): A deep
learning model for identifying patterns in images,
such as edges and shapes

You Only Look Once (YOLO): A real-time object
detection system that predicts bounding boxes
and class probabilities for multiple objects in a
single pass, optimizing for speed and accuracy
Faster region-based convolutional neural
network (Faster R-CNN): An advanced object
detection model that enhances speed and
precision by integrating region proposal and
classification into a single process

CNNs

Multi-task cascaded convolutional networks
(MTCNN): A CNN framework for detecting and
aligning facial features

Long short-term memory (LSTM) networks: A
type of recurrent neural network (RNN) that
models sequential data, capturing long-term
dependencies

Mel-frequency cepstral coefficients (MFCCs):
Audio features derived from the short-term power
spectrum of sound, widely used to capture
essential characteristics of the audio signal in
speech and audio processing

Deep neural networks: Neural networks with
multiple layers capable of modeling complex
patterns in large datasets, often used for
classification and regression tasks, including audio
sentiment analysis

Recurrent neural networks (RNNs): A type of
neural network designed to process sequential
data by maintaining a memory of previous inputs,
ideal for tasks such as speech and time series
analysis

Linear regression: Models the relationship
between a dependent variable and one or more
independent variables by fitting a linear equation
to the data

Ridge regression: A linear regression model that
includes a penalty term to reduce overfitting by
shrinking large coefficients

Lasso regression: Similar to ridge regression but
can drive some coefficients to zero, effectively
selecting features by simplifying the model
Support vector regression: A regression model
that uses support vectors to fit data within a
margin of error, handling both linear and non-
linear relationships

Accuracy: The proportion of correctly predicted
instances out of the total instances

Precision: The proportion of true positive
predictions out of all positive predictions
Recall: The proportion of actual positives that are
correctly identified

F1 score: The harmonic mean of precision and
recall, which balances the two metrics
AUC-ROC: The area under the curve-receiver
operating characteristic curve, measuring the
model’s ability to distinguish between classes
across all threshold settings

Intersection over union (loU): Measures the
overlap between the predicted bounding box and
the ground truth box; used to evaluate the
accuracy of object detection models

Mean average precision (mAP): A metric that
averages the precision across different recall levels
for each class, providing an overall measure of the
model’s performance in object detection tasks
Accuracy

Precision

Recall

F1 score

AUC-ROC

Accuracy

Precision

Recall

F1 score

AUC-ROC

Accuracy
Precision
Recall

F1 score
AUC-ROC

R-squared: The proportion of variance in the
dependent variable that is explained by the
independent variables in the model

Mean absolute error (MAE): The average of the
absolute differences between predicted and actual
values, measuring prediction accuracy

Mean squared error (MSE): The average of the
squared differences between predicted and actual
values, with larger errors having a greater impact
Root mean square error (RMSE): The square root
of MSE, providing an error metric in the same
units as the target variable, sensitive to larger
errors

(continued)
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Table 2. Continued.

Method

Algorithms

Validity metrics

Unsupervised Learning

Topic Modeling .

Clustering .

Conventional CCA

Entity Extraction °

Sentiment Analysis .

Latent Dirichlet allocation (LDA): A generative
probabilistic model that discovers underlying topics
in a document collection by analyzing word co-
occurrence patterns

Non-negative matrix factorization (NMF): A
matrix factorization technique that decomposes a
matrix into non-negative components, often used
to uncover latent topics in text data

Latent semantic analysis (LSA): A technique that
uses singular value decomposition (SVD) on term-
document matrices to capture relationships
between terms and documents, revealing hidden
topics

K-means: Divides data into k clusters by assigning
points to the nearest cluster centroid

Fuzzy K-means: Allows data points to belong to
multiple clusters with varying membership levels
Hierarchical clustering: Creates a tree of clusters
by iteratively merging or splitting clusters
Gaussian mixture models: Models data as a
combination of Gaussian distributions, assigning
points based on probabilities

Dictionaries and lexicons: Predefined lists of
words or phrases used to identify and categorize
specific entities within text data, based on
linguistic or domain-specific criteria (e.g., linguistic
inquiry and word count [LIWC])

Rule-based methods: Methods that apply hand-
crafted rules, such as regular expressions or
pattern matching, to identify and extract entities
from text based on predefined linguistic patterns
Dictionaries and lexicons: Techniques that use
predefined lists of words associated with specific
sentiments (positive, negative, neutral) to classify
the sentiment of a text; examples include tools
such as LIWC, VADER, or SentiWordNet

Coherence score: Measures the semantic similarity
of words within a topic, assessing the
interpretability and quality of the topics generated
by the model

Perplexity: A statistical measure of how well a
probability model predicts a sample, with lower
values indicating better model performance

Silhouette score: Measures how similar an object
is to its own cluster vs. other clusters

Dunn index: Evaluates cluster compactness and
separation by comparing the smallest distance
between observations not in the same cluster to
the largest intra-cluster distance

Davies-Bouldin index: Computes the average
similarity ratio of each cluster with its most similar
cluster, considering cluster dispersion and
separation

Construct validity: Ensures extracted entities
accurately represent intended concepts, validated
by manual checks

Convergent validity: Confirms different methods
or tools consistently identify the same entities
Discriminant validity: Ensures extracted entities
are distinct from other constructs, avoiding overlap
and misclassification

Construct validity: Ens<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>