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Extracting value from text



Extracting value from text

•Contracts or legal documents
•News coverage and opinion pieces
• Transcripts of phone calls or interviews
•Reviews and user comments
•Descriptions



Extracting value from text

•Predict writer’s emotional state
•Predict writer’s attitude toward topic
•Answer writer’s questions*
• Engage in productive dialogue*



Extracting value from text

• Training deep neural 
networks
• RNNs and LSTMs

•Pre-trained word 
embeddings
•Word2Vec
• FastText
• GloVe
• ELMo

• Syntax parsing
• Part-of-speech 

tagging
• Context free 

grammars
•Collection of words
• LSA 
• LDA
• TF-IDF



An example: finding exceptional subgroups
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ABSTRACT
Descriptions of images form the backbone for many web-based
systems that identify images, generate descriptions of novel images,
or cluster and categorize images based on tags and text information.
These computational models assume descriptions that randomly
vary in construction and content, but traditionally have no assump-
tion that description content is not homogeneous. This assumption
becomes problematic as these models are increasingly extended to
descriptions of images of people [Gatt et al. 2018], where people
are known to show systematic biases in how they process others
[Levin 2000].

Therefore, this paper presents a novel approach to mining ex-
ceptional subgroups of descriptions in which the content of those
descriptions reliably di�ers from the general set of descriptions. We
develop a novel interestingness measure for subgroup discovery
appropriate for probability distributions across topics. This new
quality measure for estimating the interestingness of a subgroup is
incorporated into a novel process for mining exceptional subgroups.
The proposed method is applied to a new web-based experiment in
which 500 raters describe images of 200 people. Our analysis identi-
�es multiple exceptional subgroups and the attributes of the raters
and images that produce these exceptional descriptions. The impli-
cations of these subgroups for building description-based models
for processing and rating images on the web are discussed.

CCS CONCEPTS
• Information systems→WorldWideWeb; •Mathematics of
computing→ Exploratory data analysis; •Human-centered
computing → Collaborative and social computing;
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1 INTRODUCTION
Machine learning and computational linguistics is increasingly fo-
cused on building multi-modal models that integrate visual and
text-based information, including answering questions and gener-
ating text descriptions of images [Antol et al. 2015; Borji et al. 2015;
Krishna et al. 2017], identifying objects in images based on text
descriptions [Lin et al. 2014], or improving the sentence parsing of
descriptions by grounding them with visual information [Chrupała
et al. 2017]. The data for these systems rely on text descriptions
of images written by people, yet people generate idiosyncratic de-
scriptions that di�er signi�cantly based on the goals, biases, and
expertise of the person writing the description [Gatt et al. 2018].

The issue of detecting heterogeneity of descriptions is particu-
larly important for descriptions of people. People systematically
di�er in how they encode, search for, and remember faces of other
races and genders [Hendrickson and Semmler [n. d.]; Herlitz and
Lovén 2013; Levin 2000], which may systematically bias the descrip-
tions people generate of others. Importantly, computational models
built using descriptions of faces that are assumed to be homoge-
neous but contain a subset of descriptions systematically biased
based on the race or gender of the rater are particularly likely to
propagate these implicit biases into their output [Dwork et al. 2011;
Torralba and Efros 2011].
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Figure 1: Overview on the proposed approach.

In this paper we present a novel approach for solving this is-
sue for descriptions of images by identifying homogeneous sub-
groups of descriptions that reliably di�er in their content from the
general set of descriptions. Figure 1 provides a �rst glance of the
proposed approach. Speci�cally, we extract a low-dimensionality
representation of individual descriptions based on latent Dirichlet
allocation (LDA) [Blei et al. 2003]. Using that representation, we
apply subgroup discovery for detecting homogeneous subgroups
of descriptions [Wrobel 1997] in this low-dimensional space.



Description of the Dataset
• 2,491 unique descriptions and ratings of 193 faces by 500 raters
• Self-reported information about each rater:

• Age, gender, ethnicity, country of origin
• Judgments about the attributes of the image:

• Age, hair color, eye color, ethnicity, gender, attractiveness, typicality, occupation
• Additionally two written descriptions were provided:

• A description of the physical attributes (the only description used in this work)
• A description of non-physical attributes (‘what you can guess about the person‘)
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Figure 2: Example depicting the description generation task: The �gure shows the image on the left, the questions relating to
the (nominal) attributes on the top right, and the two types of free text descriptions on the bottom right.

Subgroup discovery [Atzmueller 2015; Wrobel 1997] has been
established as a versatile and e�ective method in descriptive and
exploratory data mining that aims at identifying interesting groups
of individuals, where “interestingness is de�ned as distributional
unusualness with respect to a certain property of interest” [Wrobel
1997]. This can relate to simple properties of interest, e. g., binary,
nominal, or numeric target concepts. For example, we can consider
the subgroup described by the pattern face_gender = female AND
face_eye_color = blue which could have a high share of blond hair
color. Here, the target concept (hair color: blond) is binary. However,
this can also extend to more complex quality functions including
multi-target concepts, e. g., when comparing distributions of target
concepts. In the scope of this paper, we will adopt such a broad
de�nition of subgroup discovery, in particular targeting exceptional
model mining [Duivesteijn et al. 2016], as a variant of subgroup
discovery that focuses on complex target properties. Here, we focus
on such complex models relating to Dirichlet distributions on top-
ics: E�ectively, we combine both topic modeling (using LDA) and
subgroup discovery for mining exceptional subgroups. We present
a novel quality function for subgroup discovery, i. e., comparing
subgroups’ topic distributions (which relates to a new complex
model class in the exceptional model mining setting) in order to
identify homogeneous subgroups that deviate strongly regarding
their assigned textual descriptions.

The e�cacy of the proposed approach is validated on a new
dataset of 2491 descriptions of 193 faces which has been collected
online. We present results of applying the method on that dataset
and discuss the implications for computational models based on

descriptions of people. The derived insights can then can be applied
for building models for processing and rating images on the web.

The contribution of the paper is summarized as follows:
(1) We present a novel approach for mining exceptional sub-

groups in descriptions of people using subgroup discovery
on topic models using LDA.

(2) We introduce a new interestingness measure for subgroup
discovery comparing the distribution of topics in subgroups
to the overall (expected) distribution.

(3) We present and discus the results of applying the proposed
novel methodology to a real-world dataset of descriptions of
people collected online.

The remainder of the paper is organized as follows: Section 2
outlines the experiment for collecting the data, and describes the
dataset. Next, Section 3 describes our novel approach using sub-
group discovery on generated topic distributions. Section 4 presents
and discusses results. Finally, Section 5 concludes with a summary
and presents interesting directions for future work.

2 EXPERIMENT
The starting point for analysis and the proposed approach is a
dataset capturing textual descriptions of images (depicting faces)
and according (standardized) features and properties. In this section,
we �rst describe the image collection (i. e., the stimuli) provided to
the set of raters describing the respective images. After that, we
sketch the experimental procedure for obtaining textual descrip-
tions of the images, in addition to according features and properties.
Finally, we summarize the characteristics of the resulting dataset.



Latent Dirichlet Allocation Model

The words in 
a document

The topic of 
the document

The distribution
of topics



Latent Dirichlet Allocation Model

The words in 
a document

The topics of 
the document

The distribution
of topics
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Topic Modeling
• Modeling topics

• Latent Dirichlet Allocation (LDA) modeling across the 193 documents 
consisting of the 193 images of faces

• Grid search on LDA parameters
• Maximizing difference between documents

• Sum of the cosine similarity all pairs of documents of a topic

• Minimize number of topics per document
• conditional entropy across topic distributions for all documents

• Result: 9 topics

• For 2491 individual descriptions: Probability distribution on topics
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Figure 3: Detailed overview on the proposed approach.

3.2 Topic Modeling
The latent Dirichlet allocation model (LDA) [Blei et al. 2003] is the
most popular method of topic modeling in natural language pro-
cessing. It is a statistical model of how text documents are generated
that relies on the assumption that a written text can be represented
as a collection of topics. The logic for this representation is that
across many documents, only a much smaller number of topics ac-
tually exist. Each topic is associated with speci�c words, and certain
words are more or less likely to occur in a document that includes
a speci�c topic. Thus a document composed of words is created by
sampling a set of topics, which in turn sample a set of words. Given
a set of documents, the LDA model infers the most-likely topics,
the words they are associated with, and which documents contain
which topics.

More formally, the representation for a document d is de�ned
as a probability distribution across topics for that document (�d ),
where the probabilities are drawn from a Dirichlet distribution
�d ⇠ Dir (� ). The vector of � values contains an element for each
topic, yet a single prior for � is shared for all topics. Furthermore,
each topic k is modeled as a probability distribution across words
(�k ), where the probabilities are drawn from a Dirichlet distribution
�k ⇠ Dir (�). The vector of � values contains an element for each
word, yet a single prior value for � is shared for all words in all
topics.

Below, we outline the process of constructing a representation
for each unique description as a probability distribution across
topics. However, the short nature of many individual descriptions
prevented the direct application of LDA with each description as a
separate document. Instead, the 2491 individual descriptions were
combined to create 193 documents, with each document containing
all descriptions written based on a single image.

Using this document representation, a grid search across the
three major parameters of the LDA model (� , � , and the number
of topics k) was conducted. The evaluation function for a speci�c
parameterization aimed to maximize the di�erence between docu-
ments while minimizing the number of topics per document. The
di�erence between documents was parameterized as the sum across

all pairs of documents of the cosine similarity of probability dis-
tribution of topics. The number of topics per document was pa-
rameterized as the sum of the conditional entropy across the topic
probability distribution for all documents. The topic representation
that maximized this utility function contained nine topics and the
�ve words with the highest probability for each topic are shown in
Figure 4.

Finally, for each of the 2491 individual descriptions a probability
distribution across these nine topics was extracted as the semantic
representation for the target concept to be used for subgroup dis-
covery. For that, we present a novel quality function which directly
assesses topic distributions of subgroups.

Topic 1
enjoys   
games   
video   
play   
friends

Topic 4   
sales   
figure   
punctual   
son   
advantage

Topic 7   
activities   
outdoor   
laugh   
pets   
awkward

Topic 2   
good   
student   
hard   
friends   
college

Topic 5   
authority   
dude   
challenge   
legal   
spirited

Topic 8   
energetic   
moments   
notice   
pick   
predictable

Topic 3   
wise   
tshirt
black   
girl   
wearing

Topic 6   
hair   
eyes   
long   
style   
black

Topic 9   
warm   
metal   
heavy   
pays   
hipster

Figure 4: The �ve words with the highest posterior probabil-
ity for each of the nine topics.



Exceptional Subgroup Discovery

• Find descriptions of subsets in the data, that differ significantly for the 
total population with respect to a target concept.
• Example:

• “50% of all images rated by females aged between 30-40 show a strongly 
deviating typicality rating compared to the total population.”

• Identifying exceptional subgroups is necessary for plans to 
differentially process subgroups
• In this application, performed at the level of individual descriptions
• Evaluate the 20 most exceptional subgroups of descriptions



How exceptional are people’s descriptions?



Which features are often exceptional?

Title Suppressed Due to Excessive Length 7

Table 2. Exceptional subgroup attribute frequencies. The attributes and values
of a description that are indicative of subgroups that maximally deviate from the gen-
eral distribution of descriptions. The count column indicates the number of subgroups
that are distinguished by this attribute (out of the total of 20 deviating subgroups). R
and I in the column headers indicate Rater and Image attributes, respectively.

R. Country R. Gender I. Gender I. Eye Color I. Hair Color I. Ratings

USA (3) Female (3) Female (8) Black (12) Black (6) Typicality (4)
India (2) Male (7) Male (3) Brown (1) Blond (1) Attract. (5)

Green (1)

4.1 Attributes

Interesting patterns emerge across the seven attributes that identify the 20 sub-
groups most dissimilar to the overall set of descriptions, see Table 2 for a detailed
view. Though the gender of the rater and the face in the image were two of the
most common attributes to define exceptional subgroups (in our result set), only
four subgroups were defined by both the gender of the rater and face. This sug-
gests the interaction between rater and face gender was no more likely to identify
an exceptional subgroup than either factor independently.

A similar pattern emerges for the typicality and attractiveness ratings of
the faces. The two subjective attributes of the faces were defining attributes
for 8 of the 20 subgroups, but only co-occurred as defining characteristics in
one subgroup (a group of 20 descriptions consisting of images of females where
typicality was rated “agree” and attractiveness was rated “strongly-agree”).

The eye color of the image was a defining attribute of 14 of 20 exceptional
subgroups and the attribute value “black” was by far the most frequently oc-
curring value. This is particularly surprising given that eye color attribute was
described as “black” for only 13% of descriptions, which was second frequent
after “brown” and more frequent than “blue” and “green.” One possible ex-
planation of this pattern is that perceived eye color is highly correlated with
perceived ethnicity or race for these descriptions, a possibility we discuss further
in the discussion section.

4.2 Image and Rater Distributions

Given that 736 of 2491 descriptions were assigned to one of the 20 most distinct
subgroups, it is perhaps not overwhelmingly surprising that only 31% of images
did not appear in any subgroup (left panel of Figure 1). Despite most images
occurring in at least one subgroup, only nine images had at least 40% of their
descriptions included in a subgroup and only one image had more than 50%.

A di↵erent frequency pattern emerges for raters, as shown on the right of Fig-
ure 1. Unlike images, where at least one description was likely to be in a deviating
subgroup, more than 50% of raters do not have a description in any deviating

2 http://www.vikamine.org



Discussion
• Overall: Descriptions that significantly deviate from the population of 

descriptions are relatively frequent
• Topics and words people use when describing other people may vary 

widely 
• Some findings for this particular application:

• Male raters and female images are attributes that are likely to define 
deviating subgroups

• Black hair and black eyes are the attributes of images most likely to identify 
exceptional subgroups 



Going forward, new questions:

• To what degree does the choice of a representation 
impact the exceptional subgroups we find?
•Can enriching the word representations with linguistic 

information improve the process?
• To what degree does knowing exceptional subgroups 

improve prediction performance in other tasks?



Going forward, new questions:
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