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Abstract 
 

The understanding of the processes of how decisions are taken by means of machine learning 

models is becoming central in the domain of artificial intelligence, as seen in the promulgation of the 

General Data Protection Regulation of 2016 by the European Union. In order to cope with this 

problem, the concepts of interpretability, understandability and explainability with regards to 

modelling are matter of debate in recent years. However, a widespread consensus on the definitions 

of these concepts among the scholars has not been reached yet. It is not clear to what extent these 

terms convey similar meanings and how their semantic change has shifted through the years. In this 

thesis, I try to address this problem by proposing two approaches. First, an old traditional approach 

based on collocations is used. Afterwards, a more refined approach based on distributional semantic 

models is implemented. The results obtained show that interpretability, understandability and 

explainability are terms that share many similarities in their use in the current period. However, 

interpretability and explainability seem to be more close related between themselves and connected 

to concepts dealing with transparency of the models. On the other hand, understandability shows a 

peculiar connection to the concepts of maintainability and modifiability. With regards to their 

semantic change through the years, it is observed that interpretability and understandability in the 

decade 2000-2010 were closer to the concept of accuracy rather than the concept of transparency. 

Moreover, it is observed that understandability is preserving a close meaning to the concepts of 

modifiability and maintability at least from 2000 onwards. With regards to explainability, it is seen 

that the term is never been popular until after 2018 and little mentions can be accounted for it in 

previous periods. Anyways, it is not recognized as a neologism since some traces of its use can be 

traced back around year 1850.  
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Summary 
 

Problem statement and research questions. 

In these recent years, the implementation of machine learning models for automatic decision 

processes has seen a rapid progress. Therefore, the understanding of the processes of how decisions 

are taken by means of machine learning models is becoming central in the domain of artificial 

intelligence, as seen in the promulgation of the General Data Protection Regulation of 2016 by the 

European Union. In order to cope with this problem, the concepts of interpretability, understandability 

and explainability with regards to modelling are matter of debate in the current period. However, a 

widespread consensus on the definitions of these concepts among the scholars has not been reached 

yet. It is not clear to what extent these terms convey similar meanings and how their semantic change 

has shifted through the years. Therefore, the following research questions are proposed: 

1. How similar are the terms interpretability, understandability and explainability in relation to 

modelling in the current scientific literature? 

2. How is the meaning of the term interpretability changed through the time in relation to 

modelling in the scientific literature? 

3. How is the meaning of the term understandability changed through the time in relation to 

modelling in the scientific literature? 

4. How is the meaning of the term explainability changed through the time in relation to 

modelling in the scientific literature? 

Methodology. 

In order to be able to answer the research questions, it is first needed to obtain a suitable 

database for further analysis. Various queries are entered into Scopus, a scientific online database of 

papers, and the results are assessed. Afterwards, data exploration experiments are executed onto the 

metadata retrieved from the selected query. In particular, the number of papers per year, the 

frequencies of papers per scientific field per year and the frequencies of the terms per year are 

investigated. Based on the results of the data retrieval and exploration, the granularity of the periods 

must be chosen to organize the corpora of the texts for the diachronic semantic shift analysis. 

Afterwards, it is possible to start with the first analysis of the similarities and the semantic shift 

of the terms by means of the collocations. This old traditional corpus approach studies the meaning 

of the target word by looking at the raw frequencies of the adjacent words in the texts. In order to do 

so, the abstracts from the metadata retrieved are cleaned, lemmatized and stop words are removed. 
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Pointwise Mutual Information is used as association measure. Per each of the terms investigated, first 

the current period is analysed to look for similarities among the target terms, as requested by the first 

research question. Second, an analysis of the collocations through the periods is done, as requested 

by the other research questions. 

After obtaining the results from the collocations, a more refined approach based on 

distributional semantic models is used. In this case, the whole context in which a target word is 

frequently found is used to define the meaning of the word. By following previous diachronic semantic 

studies, word2vec models are chosen for the current analysis. There are two types of word2vec 

models: Continuous Bag of Words (CBOW) and Skip-Gram (SG). As output, they both obtain a matrix 

containing the embeddings representing the meanings of the words present in a text source. However, 

the logic of how they obtain the vectors differs. Before proceeding with further analysis, it is decided 

to assess which combination of pre-processing of the text, namely lemmatization, stemming or un-

processed text, and model, CBOW or SG, leads to better results. The qualitative evaluation is based 

on the results obtained from the implementation in the current period, by investigating the top 10 

most similar words of the target terms and the computational time required. 

After selecting the best combination of text pre-processing and word2vec model, the 

similarities among the terms in the current period and the diachronic semantic shifts are evaluated on 

the abstracts from the metadata. Per each term, first the semantic similarity with the other target 

terms in the current period and the top 10 most similar words based on cosine similarity are checked. 

By doing this, it is possible to answer the first research question. Second, the diachronic semantic shift 

of the term is quantified by means of the Local Neighbourhood Measure. The most interesting periods 

are identified and their top 10 most similar words are investigated. By doing so, it is possible to answer 

the second, third and fourth research questions. 

Afterwards, it is decided to filter the abstracts for their respective scientific field. Only the top 

5 most represented scientific fields are considered. By doing this, it is evaluated if meaningful 

differences with regards to the semantic similarities and the diachronic semantic shifts of the terms 

can be observed in distinct scientific fields. Therefore, per each scientific field considered, the same 

process executed in the previous step onto the whole abstracts is done. 

Following, the full-texts of the abstracts retrieved after year 2000 are considered. A random 

sample per each scientific field per each year is obtained. The same process executed in the previous 

steps is done. By doing so, it is evaluated if the results obtained from the abstracts are consistent with 

a different text source represented by the full-texts.  
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Finally, the last step is the manual assessment of full-texts. In case for one of the target terms 

is not possible to trace considerations about its meaning in the past by implementing the models, for 

example because it does not meet the minimum frequency thresholds, it is decided to manually check 

the full-texts that are mentioning the term in their abstracts in the past, if existing. 

Discussion and conclusion. 

The results obtained show that interpretability, understandability and explainability are terms 

that share many similarities in their use in the current period. However, interpretability and 

explainability seem to be more closely related between themselves and connected to concepts dealing 

with transparency of the models. On the other hand, understandability shows a peculiar connection 

to the concepts of maintainability and modifiability. With regards to their semantic change through 

the years, it is observed that interpretability and understandability in the decade 2000-2010 were 

closer to the concept of accuracy rather than transparency. Moreover, it is observed that 

understandability is preserving a close meaning to the concepts of modifiability and maintainability 

from year 2000 onwards. With regards to explainability, it is seen that the term has never been popular 

until 2018 and not many mentions are observed in previous periods. Anyways, it is not recognized as 

a neologism since from data exploration results it is seen that some traces of its use can be observed 

back to ‘800. 

From the analysis of the abstracts filtered per scientific field, in the current period it is 

observed that Computer Science and Engineering present a similar use of the terms and therefore the 

considerations made in the paragraph above still apply. On the other hand, for Mathematics different 

conclusions are obtained, since interpretability results to be closer to understandability in 

countertendency to what obtained in other fields. Moreover, the most similar words of explainability 

do not provide major insights about its meaning. This difference cannot be only reconducted to data 

scarcity since Mathematics and Engineering account to approximately the same number of abstracts 

in the current period. With regards to the other scientific fields and for the whole full-texts analysis, 

data scarcity severely affects the results and no further considerations can be made.  
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1. Introduction 
 

1.1  Problem context 
 

In these recent years, the implementation of machine learning has seen a rapid progress in 

automatic decision processes (Lipton, 2018; Preece, 2018). Before that, human workers were the main 

agents who made decisions with regards to certain processes (Lipton, 2018). If a customer made use 

of any sort of service, such as applying for a job, a mortgage or recommended treatment, the response 

was exclusively provided by a human (Lipton, 2018). In this social context, an explanation for the 

answer received could be eventually asked to the decision-making agent (Lipton, 2018). This ensures 

that the decision can be psychologically processed and rationally accepted by the recipient (Samek et 

al., 2017). Nowadays instead, it happens that the decision maker may be a machine learning algorithm 

providing a predictive model (Gilpin, et al. 2018). The problem that arises with this novelty is that 

many machine learning algorithms are trained taking some input and predicting the corresponding 

output (Lipton, 2018), without clarifying the reasons of the underlying mechanism on why a specific 

decision is taken (Gilpin et al., 2018; Lakkaraju et al. 2020). This entails that autonomous machines 

and black-box algorithms are not entrusted by people if no understandable insight about the 

reasoning is provided, especially in important fields where machine learning can find wide use, such 

as healthcare and criminal justice (Rudin, 2019; Gilpin et al., 2018).  

To address this problem, in 2016 the European Union promulgated the “General Data 

Protection Regulation”, a comprehensive regulation that deals with the collection, storage and use of 

personal information (Goodman et al. 2017). Among the various restrictions and recommendations 

regarding data, also algorithms and their characteristics are subject to regulations. In particular, the 

“Right to Explanation” is introduced: when using black-box models, which should not be preferred for 

transparency reasons, an adequate explanation of a decision must be provided (Goodman et al., 

2017). For example, at minimum level, the explanation should respond to questions such as: is it 

equally probable that a model recommends a loan if the applier is from a minority? Which are the 

main features that determine the outcome of the prediction? (Goodman et al., 2017). In order to cope 

with this problem, two key concept must be introduced with regards to algorithms and models: 

interpretability and explainability (Carvalho et al., 2019; Gilpin et al., 2018).  

In general, it is said that interpretable models are named transparent, while incomprehensible 

models are defined as black boxes (Lipton, 2018). This implies a first distinction between 
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interpretability, that deals with the inherent transparency of the model, and explainability, which 

deals with the understanding of non-transparent models (Gilpin et al., 2018). The question that 

naturally follows is: How do you assess the transparency of a model? Lipton (2018) suggests that it 

may regards various facets of the algorithm, such as if it produces a unique solution, or if it can be 

understood what its parameters are representing. The author further describes which key features an 

interpretable model should aim at (Lipton, 2018): 

- Trust: it is the confidence that a model will perform well; 

- Causality: it should be able to provide clues about causal inferences from observational data; 

- Transferability: it should be able to be deployed in other settings without altering the 

environment and invalidating its decisions; 

- Informativeness: it is the capacity to provide a complete and proper information via its 

outputs; 

- Fair and ethical decision making: it should conform to ethical standards. 

All these specifications give a first insight on how to define the meaning of the term interpretability 

with regards to models. On the other hand, Rüping (2006) claims that interpretability is defined by the 

concepts of:  

- Understandability: the model needs to be understood; 

- Accuracy: the model need to be high-performant for the interpretation to be reliable; 

- Efficiency: it should take limited amount of time for the user to understand 

According to Lipton (2018), in literature the concept of interpretability is sometimes used as a 

synonym also of understandability. This suggests that the two terms may be used interchangeably.  

However, Bilal & Frénay (2016), citing also Rüding (2006), claim that understandability is the first and 

most important sub-component of the broader concept of interpretability, since it defines its property 

of being understood.  Bearing this in mind, onto the definition of what interpretability is, the concept 

of understandability must be taken into account for further analysis.  

Hence, in general it can be claimed that there is still little consensus about what interpretability is 

in machine learning (Lipton, 2018).  

On the other hand, explainable models are described as post hoc methods that are able to 

summarize the reasons for specific behaviours of a previous black-box model and obtain the trust of 

users (Rudin, 2019; Gilpin et al. 2018). They also manage to provide insights about the factors that 

determined their decisions and help to understand the process that the model developed (Rudin, 

2019; Gilpin et al. 2018). According to Gilpin et al. (2018), explainability is linked to a different meaning  
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compared to interpretability and the two terms should not be used interchangeably. While 

interpretability is connected to simplification of the problem space and is in antithesis with 

completeness, focusing only on important parts of the model, explainability is connected to the 

concept of explaining the processing and the representation of the data inside a model (Gilpin et al., 

2018). On the contrary, Lipton (2018) refers to post hoc explanation as “Post hoc interpretability”, 

therefore, what the others define as explainability still finds its meaning to be connected to the 

fundamental components of interpretability previously mentioned, namely: trust, causality, 

transferability, informativeness and ethics. Hence, it is implied that the two terms can be interpreted 

as synonyms.  

With regards to the importance of explainability and post hoc methods, different positions 

among the scholars can be revised. On one hand, Rudin (2019) affirms that the focus should be put 

only on the interpretability of models rather than on explainable models. Rudin (2019) argues that 

often post hoc explanations are not reliable: they are necessarily not fitting perfectly the original 

model, otherwise the explanation would coincide with the original model, and they can also provide 

an inaccurate representation of the problem space. It is also claimed that among data scientists is 

present a wrong conception about the existence of a tradeoff between explainability and accuracy 

(Rudin, 2019). However, it is found that it is not often the case that complicated black box are more 

accurate for predictive performance than interpretable models (Rudin, 2019) and, hence, one should 

directly aim at building interpretable models that can be understood. On the other hand, Gilpin et al. 

(2018) argue that interpretability alone cannot be considered sufficient to solve all the issues regarding 

the understanding of opaque models. They claim that interpretability for black-boxes is a way to 

describe the internal system of a model in a simplified and human-intelligible way, so it is in a tradeoff 

with the concept of completeness of the results (Gilpin et al., 2018). This is argued to be misleading 

and unethical: it is not reliable to hide complexities of a model and its outcomes only for 

comprehension purposes, because it could also lead to unjustified conclusions based on simplified 

results (Gilpin et al., 2018).  

As it can be noticed from the previous paragraphs, in literature there is not a universal clear 

definition of the meanings of the terms above-mentioned. In particular, scholars have different 

opinion on the meaning of the terms and many attempts to reach a common agreement have been 

tried (Doshi-Velez et al., 2017). However, a widespread consensus has not been obtained and debate 

is still ongoing (Gilpin et al., 2018). 
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1.2 Motivations 
 

Machine learning techniques and implementations are becoming more widespread and important 

in crucial decision making in the contemporary world (Preece et al., 2018). The comprehension and 

reliability of the models are central concepts to avoid problems such as discrimination-based choices, 

as highlighted by the “Right to explanation” of the GDPR (Goodman et al. 2017). As mentioned in 

section 1.1, the meaning of the terms that deal with this problematic are debated and no widespread 

agreement is present for their definition, hence, it is worth to investigate those concepts. In order to 

do so, the terms interpretability, understandability and explainability are analysed synchronically and 

diachronically. Synchronic linguistic studies deal with the state of the language in a specific period, 

usually the present time, whereas diachronic linguistic studies deal with the process of change of 

language over the time (Jatowt & Duh, 2014). It is claimed that executing both the diachronic and 

synchronic semantic analysis will provide a clearer overview of the contexts where the terms are 

shifting, their current similarities and an initial basis for more rigorous definitions. 

 

1.3 Research questions 
 

From the considerations made in section 1.2, the following research questions are raised: 

5. How similar are the terms interpretability, understandability and explainability in relation to 

modelling in the current scientific literature? 

6. How is the meaning of the term interpretability changed through the time in relation to 

modelling in the scientific literature? 

7. How is the meaning of the term understandability changed through the time in relation to 

modelling in the scientific literature? 

8. How is the meaning of the term explainability changed through the time in relation to 

modelling in the scientific literature? 

 

1.4 Related work 
 

The scientific field where the terms are investigated by means of automated methods is named 

Computational Linguistics. A long tradition in this research area has shown that the contexts where a 

word is frequently found can provide a good approximation of the meaning (Baroni et al., 2014). The 
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basic idea is that words that occur frequently in the same contexts have also semantically similar 

meanings (Baroni et al., 2014). Therefore, by analysing the words that are frequently associated to 

another target word, it is possible to infer the meaning  of the latter. Synchronic linguistic studies deal 

with the state of the language in a specific period (Jatowt & Duh, 2014).  

 In computational linguistics, diachronic linguistic studies deal with the process of change of 

language over the time (Jatowt & Duh, 2014). The aim is to capture the semantic change of words by 

using a data driven approach (Kutuzov et al. 2018). The basic idea still refers to the contextual 

information: if a word is associated to different contexts in two different time periods, then it is 

possible to detect a change of its use (Baroni et al. 2014).  

Based on the overview above provided, it is intuitive to comprehend that synchronic and 

diachronic studies are strongly related. At the beginning of diachronic semantics studies, the semantic 

change of a word was investigated by only evaluating the changes in the raw frequencies of associated 

words: based on the increase or decrease of the frequency of a word A collocating with another word 

B through the time, the change in the meaning of A was inferred (Kutuzov et al., 2018). However, it 

was seen that assessing mere frequencies was not enough for a complete evaluation of the meaning, 

therefore word embedding models were introduced (Kutuzov et al. 2018). In an embedding matrix, 

each n-dimensional vector (embedding) represents the meaning of a word in a corpus. These vectors 

are obtained solely from the text source and no a-priori knowledge is needed. In the beginning, the 

embedding matrix of the word vectors was computed based on co-occurrence counting, however, in 

2014 Kim et al. were the first to implement a prediction-based model for the creation of embeddings. 

Baroni et al. (2014) found that the prediction-based approach lead to superior results compared to 

the “count-based” approach.  

In order to detect the semantic change between two periods, it does not make sense to directly 

compute the cosine similarity of the two embeddings of the target word in the two different 

embedding matrixes (Kutuzov et al., 2018; Kulkarni et al. 2015). Even though the learnt meaning of 

the word is quite consistent, namely if we run several time the model onto the same text we will find 

that the most similar words to a target word are the same with similar cosine similarity measure, the 

numerical representation (the vector) changes every time (Kutuzov et al., 2018). Therefore, various 

approaches have been developed through the years.  

In 2014, Kim et al. train a model on year xi  and then use the vectors to initialize the model of the 

subsequent year xi+1. In 2015, Kulkarni et al. suggested to align the models into one vector space by 

means of linear transformations to preserve the general vector space structure (Kutuzov et al., 2018). 

In 2016, Eger and Mehler used the “second-order” embeddings to assess the difference in meaning of 
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a word across various periods: instead of using alignments, they initialize all the models with the 

intersection set of the vocabularies of the corpora. After that, a vector containing the cosine similarity 

between a target word and all the other words in the vocabulary is obtained per each period. Finally, 

it is possible to compare these “second-order” embeddings of the words through the periods. This is 

supported by the fact that numerical vectors may change, but the cosine similarity among the words 

should be relatively stable. The assumption is that a large part of common words do not change in 

meaning through the time. Other researchers claim that however an additional alignment step is 

required (Yang and Donnat, 2017). In 2016, Hamilton et al. (2016b) used a combined approach of 

model alignments and “second-order” embeddings to quantify the semantic shift.  

 

1.5 Contribution 
 

I argue that in literature there is currently little research about diachronic semantic shift of specific 

scientific terminology, therefore this project is claimed to provide insights for future studies in this 

domain. In previous diachronic semantic shift works, the focus has been mainly on detecting words 

that changed the most through the time, rather than narrowing the analysis on specific terms.  

Secondly, as already mentioned in section 1.2, the analysis of the terms provides a clearer overview 

of the contexts where the terms are shifting, their current similarities and an initial basis for more 

rigorous definitions. This is important because technical terms are determinant for scientific and 

economic progress, therefore it is necessary to avoid deficient terminologies that may result 

detrimental for information flow and knowledge sharing (Nedobity, 1983). Third, a comparison 

between traditional corpus approaches and distributional semantic models onto a small dataset is 

provided. 
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2 Literature review 
 

In this chapter, the necessary theoretical background for further steps of the project is presented. 

First, the linguistic basics of semantic change are presented. Second, text mining and distributional 

semantic model are proposed and explained as a solution for detecting semantic change. Finally, 

Word2Vec models are introduced. 

 

2.1  Linguistic basics of semantic change 
 

Terms and terminology  

Term is defined by ISO 1087 (2000) as “a verbal designation of a general concept in a specific field”. 

This entails that it represents a specialized conceptual content within a field and therefore can be 

differentiated by the general broad concept of word. The difference between word and term can be 

synthesized by the fact that the latter is mono-referential in a particularly specific context representing 

a concept at high degree, whereas a word represents a broader set of meanings (Khan, 2016). 

According to W. Nedobity (1983), technical terms are determinant for scientific and economic 

progress, therefore it is necessary to avoid deficient terminologies that may result detrimental for 

information flow and knowledge sharing. 

Terminology is defined by Lynne Bowker as the field of studies that regards the collection, 

processing and presentation of terms which aim at setting a meaningful relationship to the concept 

they want to explain, facilitating the communication within a specialized area of study (Khan, 2016).  

In some specific field of science, terms are coined by means of standardized rules determined by 

dedicated bodies. The norms to which a new coined term has to adhere are specifically designed to 

manifest the intrinsic concept that the word has to represent. The syntax for the formation of new 

terms in a specific area of science is named as nomenclature (Cambridge English dictionary, n.d.). The 

complex of all these rules are designed with the purpose of providing the most clear framework for 

the introduction of new terms, in order to make them internationally recognizable from other scholars 

and experts. These specific type of terms are studied in Classical Terminology, where terms are defined 

as monosemous and set by external, non-linguistics reference points (Khan, 2016). The most widely-

known examples of nomenclatures in the scientific domain are certainly taxonomy, in the field of 

biology, and IUPAC nomenclature, in chemistry. 
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Semantic change 

A completely different mechanism of conveying a new meaning into a word is represented by 

semantic change. In this case, no neologisms are created for representing new concepts, rather an 

existing word changes its meanings through the time due to several possible cultural and linguistic 

factors (Traugott, 1996). This specific type of terms are studied by the descriptive terminology, where 

the focus is on the possible different uses of polysemous words (Khan, 2016).  

 

2.2 Text mining 
 

In these recent years, data mining fame is rising until the level of establishing itself as one of 

the most important field of studies in computer science (Kriegel et al. 2007). In general, data mining 

is defined also as “Knowledge Discovery in Databases” (KDD), since it represents the process of 

recognizing and understanding of potentially valid and useful patterns in the analysed data (Kriegel et 

al. 2007). The type of data that can be analysed by means of data mining techniques can cover a wide 

range of possible domains: numbers, dates, strings etc. (Kriegel et al. 2007). In computational 

linguistics studies, the most appealing sub-type of data mining deals with the assessment of 

unstructured data is text mining (Allahyari, 2017). Text mining is defined by Hotho et al. (2005) as a 

machine supported analysis of text. By extrapolating and computing statistics from data extracted in 

text collections, it is possible to discover useful patterns to feed to specifically designed algorithm with 

various tasks (Hearst, 1999). The tools and methods developed in the area of text mining can be 

crucially important for data integration aims (Stavrianou et al. 2007). By taking into consideration 

similarity measures between text attributes deriving from different sources, text mining is able to 

provide insights and semantic information that extend beyond a simply string-based similarity matrix 

(Stavrianou et al. 2007). A simple and essential representation of the process is illustrated in fig. 2.1. 

Many different areas of studies can beneficiate from the application of text mining techniques, such 

as history and sociology research, since it is possible to analyse repeated patterns and connection 

between events. (Stavrianou et al. 2007). Hence, the aim of text mining is to assist humans in 

automating difficult parts of text manipulation processes and combining data-driven text analysis on 

unstructured data (Hearst, 1999).  
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Figure 2.1. Representation of text mining process. 

 

 

2.3 Approaches for semantic shift and similarity detection 
 

Collocations 

Collocations are expressions composed of two or more adjacent words that convey some meaning 

(Manning and Schütze, 1999). Before the introduction of word embedding models, semantic change 

was commonly studied by assessing the change in raw word frequencies (Kutuzov et al., 2018). 

Scholars evaluated the increment or decrement in the frequency of a word A collocating (co-occurring) 

with a word B through the time and, based on this, inferred change in the meaning of A (Kutuzov et 

al. citing Heyer et al., 2009). Citing Harris (1968), the fundamental idea is that the collocational 

patterns of a word largely determine the meaning (De-Kang, 1998). Therefore, co-occurrence of words 

has been used for measures of semantic similarity (Role and Nadif, 2011) and for synonym detection, 

as primarily done by Hindle in 1990 and Hearst and Grefenstette in 1992 (De-Kang, 1998).  

 

Distributional hypothesis 

Distributional models are based on a set of assumptions, the so called “distributional 

hypothesis”, which regard the nature of language and meaning and state a correlation between 

distributional similarity and meaning similarity (Sahlgren, 2008). The first and most commonly cited 

distributional hypothesis date back to the half of the 20th century: 

“A word is characterized by the company it keeps” (Firth, 1957) 

“The distributional structure (…) correlates (…) with the substance of what is being said ” (Harris, 1954) 

“Difference of meaning correlates with difference of distribution” (Harris, 1954) 

“Words which are similar in meaning occur in similar contexts” (Rubenstein and Goodenough, 1965) 
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As mentioned in the previous paragraph, they claim that it is possible to measure the level of 

semantic similarity between two words by means of a function of the extent to which their linguistic 

contexts overlap (Baroni and Lenci, 2010). According to Sahlgren (2008), distributional models have 

not only a developed solid theorical foundation, which derives and origins from the concept above 

mentioned in the distributional hypotheses, but they are also grounded in empirical observation. This 

implies that distributional approaches can deal with word meanings that are present in a language 

data and, in particular, they can correctly provide a thoroughly descriptive perspective, without relying 

on a-priori assumptions regarding language composition (Sahlgren, 2008). 

Distributional semantic models 

As mentioned in the paragraph regarding collocations, before the introduction of word 

embedding models, semantic change was commonly studied by assessing the change in raw word 

frequencies (Kutuzov et al., 2018). However, it was noticed that that semantic shifts are not always 

followed by a change in word frequencies and, hence, a more refined approach was needed to be 

found (Kutuzov et al. 2018). Such superior approach is defined as Distributional Word Representation 

and it was proven to offer an efficient solution to solve this task (Kutuzov et al. 2018; Kulkarni et al., 

2015; Baroni et al., 2014). As mentioned in the previous paragraph, distributional semantic models 

find their fundament in distributional hypothesis, implying that the meaning of a word can be well 

approximated by the context it is often found (Baroni et al., 2014). These models capture the meaning 

of a word with an embedding vector obtained from its contexts (Kutuzov et al., 2018). Initially, these 

embeddings were still calculated based on co-occurrence counts (Kutuzov et al., 2018), therefore they 

were defined “count models” (Baroni et al., 2014). However, in 2014 Kim et al. applied for the first 

time a prediction-base model (neural network) to obtain the embeddings for diachronic semantic shift 

detection (Kutuzov et al., 2018). During the years, the two “count” and “predictive” model based 

approach have been extensively compared and the prediction-based method has been evaluated as 

more precise for semantic shift detection (Kutuzov et al., 2018; Baroni et al., 2014). 

 

2.4 Word2Vec 

 

Word2Vec models have been the first predictive models to be used when trying to detect the 

semantic shift by means of a distributional semantic approach, as mentioned in section 2.3 (Kim et al., 

2014). Other similar models such as Glove have been developed and share the same underlying idea, 
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however Word2Vec is the most commonly used for diachronic semantic shift studies (in particular the 

Skip-Gram) and it is also found to be higher performing in comparisons to the others (Naili et al., 2017)  

In 2013, Mikolov et al. published remarkable papers in which the word2vec models and their code 

were introduced. Both the proposed models take text as input and generate a n-dimensional vector 

per each word as output (word embedding). Each vector describes the contextual information of the 

correspondent word learned exclusively from the text fed to the model, without any a-priori 

consideration. 

The two proposed models (Continuous Bag of Words and Skip-Gram) differ in the underlying 

approach of how to learn the word embedding. 

Continuous Bag of Words (CBOW) 

CBOW predicts word w(t) in position t from the words that appear in its context window (in 

the case of fig 2.2, context window size equals to 2, therefore words in positions 𝑤(𝑡 − 2), 𝑤(𝑡 −

1), 𝑤(𝑡 + 1) and 𝑤(𝑡 + 2) are selected). The output of the model is the vector representation of 𝑤(𝑡) 

based on its contextual words within the windows frame. 

 

Figure 2.2 (Mikolov et al., 2013a). Continuous Bag of Words model. 

Skip-gram (SG) 

SG predicts the context words around word 𝑤(𝑡) in a determined window size (in the case of 

fig. 2.3, context window size equals to 2, therefore words in position 𝑤(𝑡 − 2), 𝑤(𝑡 − 1), 𝑤(𝑡 + 1) 

and 𝑤(𝑡 + 2) are predicted). The output of the model is the same of the CBOW, namely the vector 

representation of 𝑤(𝑡) based on its contextual words within the windows frame. 
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Figure 2.3 (Mikolov et al., 2013a). Skip-gram model. 
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3 Methods 

 

This section presents the methodology of how the selected terms can be analysed semantically, 

tab. 3.1. It is elaborated first on how to gather the data and the data exploration insights. Afterwards, 

the choice of the granularity for the periods is made. After that, the investigation of the meaning of 

the terms by means of traditional corpus approach (collocations) is done. It is qualitatively evaluated 

if it can lead to meaningful insights. Following, an approach based on distributional semantic models 

is presented. First, a comparison between the two word2vec models is done and the most suited for 

the current project is selected based on the results for the current period. Second, by means of the 

Local Neighbourhood Measure, the diachronic semantic shift of the terms is evaluated. Third, the data 

is filtered per scientific field and analysed diachronically, in order to assess if meaningful differences 

are standing among different subjects. Fourth, a sample of full-text articles selected from the 

metadata per scientific field is used and it is evaluated if meaningful results can be obtained. 

 

3.1 Data retrieval and exploration 

 

1. Data retrieval.  

In order to start the project, it is needed to retrieve a dataset that gathers meaningful information 

to cope with the problems presented. As stated in section 1.1, this thesis finds its basis within the 

scientific domain. Therefore, among the various possible databases for scientific papers, I decided to 

use Scopus, because it is more science-oriented compared to others (Tahira et al., 2012). In order to 

insert a meaningful query into Scopus, various attempts and considerations are done. First, it is 

needed to have the terms interpretability, understandability and explainability into the search terms. 

Second, it is needed to constrain the search within a specific domain, in order to avoid having less 

precise data. In the case of the project, bearing in mind the considerations made in section 1.1, I claim 

it is meaningful to restrict the analysis onto modelling, therefore a keyword for this is also necessary. 

Third, it is needed to narrow the analysis onto high quality and processable data: English as language 

and published articles, conference papers and book chapters as quality filter. The results from this 

step will provide the metadata consisting of abstracts, author keywords, index keywords and other 

information that are going to be used in the following analysis of this project. 
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2. Frequencies of the papers per year.  

After retrieving the metadata from the query, it is important to perform an exploration of the 

results. The number of papers per year is assessed. This provides a first glance about the relevance of 

the topic through the years. It also indicates the period in which the debate of the matter has been 

more prominent. 

3. Frequencies of the papers per scientific field per year.  

Assessing the scientific fields where the terms are more debated can lead to meaningful 

considerations about their relevance. Moreover, by looking at the development of the frequencies 

through the years per scientific field, considerations about the development of the concepts in a 

subject are made. The results provide an intuition about the domain contexts where the terms will be 

eventually found in later experiments.  

4. Frequencies of the terms per year.  

The frequencies of the keywords inserted in the query are analysed per year in the abstracts, in 

the author keywords and in the index keywords. I claim this can provide further insights about the use 

of the terms through the years and if they are matter of debate. Moreover, this can also provide 

information about the suggestion that GDPR boosted the popularity of the use of the terms. GDPR 

was promulgated in 2016 and implemented in 2018: the expectation is that around those years a peak 

in the use is revealed  

 

3.2 Granularity choice 

 

In diachronic semantic shift studies, selecting a suitable granularity period for the analysis is 

an important choice (Kutuzov et al., 2018). In this step, various considerations based on the current 

project scenario and previous related works are made. Eventually, the choice of the granularity period 

is provided. 

 

3.3 Collocations 

 

As mentioned in section 2.3, before the introduction of distributional semantic models, it was 

common procedure to use frequency-based approaches for inferring the meaning and the semantic 
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change of a word. The development of scientific research has subsequently lead to an evolution and 

refinement of the models, eventually bringing to the distributional semantic approaches (Kutuzov et 

al., 2018). However, since the database of papers selected in this project is substantially smaller 

compared to previous diachronic semantic shift studies, I claim it is valuable to assess the results from 

the oldest approach based on raw frequencies. The idea is to compare the results of the collocation 

and the distributional semantic approach to evaluate if considerable differences are accounted when 

dealing with a small dataset (of abstracts).  

The collocations are obtained by following the recommendation of Bird et al. (2009). The main 

two libraries used are NLTK (https://nltk.org/) and Gensim (https://radimrehurek.com/gensim/). First, 

some pre-processing is needed: the text is split in raw sentences, the sentences are cleaned from 

hyphens, lowercased and tokenized. Lemmatization is applied. The union of the sets of stop words 

from NLTK and Gensim set are removed. 

 

Bird et al. (2009) suggest to apply a frequency threshold for the collocations, in order to avoid 

considering bigrams that can be highly collocated but are too infrequent. It is decided to opt for the 

choice of the collocation bigrams with a minimum frequency of 3, so all the collocations that are very 

infrequent are discarded (Bird et al., 2009; Manning and Schutze, 1999).  

Since one problem of collocation discovery is that high frequency between two words can be 

accidental, it is then needed to use an approach to test that they are not independent (Manning and 

Schütze, 1999). There is plenty of different association measures for this purpose, however I decided 

to use PMI as association measure, because it one of the most commonly used among other works 

and it is relatively easy to interpret (Role and Nadif, 2011). In this work, I use the PMI of NLTK that is 

defined as 𝑙𝑜𝑔2
𝑃(𝑥,𝑦)

𝑃(𝑥)𝑃(𝑦)
 , where 𝑃(𝑥) (and 𝑃(𝑦)) is the probability that the word x (and y) occurs in a 

bigram and 𝑃(𝑥, 𝑦) is the probability that x and y co-occur in the same bigram (Manning and Schutze, 

1999; Role and Nadif, 2011). If the PMI is close to 0, it implies that the occurrences of two words x  

(3.1) Definition: Lemmatization 

Lemmatization refers to the thorough analysis of words, by means of a vocabulary and a 

morphological perspective, which aims at eliminating inflectional endings (Manning et al., 2008). 

The objective is to obtain the lemmas, namely the dictionary forms of the words (Manning et 

al., 2008). 

For instance, in a sentence, the verb forms “are” and “is” are both lemmatised to “be”. 
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and y are independent (Manning and Schutze, 1999; Role and Nadif, 2011). It is assumed that if two 

words co-occur together more than what is expected under independence, then there is a semantic 

relationship between them (Role and Nadif, 2011). Therefore, the higher the PMI score, the higher 

the semantic relationship. 

 The application of this approach results in a list of collocations for each term per each time bin. 

By comparing the appearance of the collocations and the PMI scores obtained, it is possible to proceed 

with a careful evaluation of possible overlaps between the contexts of the selected terms. Moreover, 

the dynamics that each selected term undergoes through the time is analysed.  

Per each term:  

- First, an analysis of the current period  is given in order to provide a basis for a comparison of 

the similarities among the terms. This is done to cope with the first research question;  

- Second, an analysis of the collocations through the periods is done. This is done to assess if 

information can be extracted for the second, third and fourth research question. 

 

3.4  Choice of the model: CBOW vs SG 
 

As mentioned in section 2.4, there are two types of word2vec models: Continuous Bag of 

Words (CBOW) and Skip Gram (SG), (Mikolov et al., 2013a). According to Mikolov et al. (2013b), CBOW 

performs better and faster onto large vocabularies, whereas SG gives better results when used on 

smaller data. However, in previous semantic shift studies accounting to large data, SG has been 

arguably the most common choice (Kutuzov et al., 2018), as done for example by Kim et al. (2014), 

Kulkarni et al. (2015), Hamilton et al. (2016). Given the different situation of the amount of data usable 

for the current project, I intend to analyse further the results obtained from the two models and 

compare qualitatively their results, in order to assess which one is more suitable for the current 

dataset. The data used are the abstracts of the papers from the metadata. 

A second assessment that is meaningful to be evaluated is the pre-processing of the text. In 

previous works regarding diachronic semantic shift, it was common to heavily filter for the most 

frequent words through the years (Hamilton et al., 2016; Kim et al. 2014; Yang and Donnat, 2017). 

This was done for computational expense purposes. However, in this thesis project, I decided not to 

perform this task, otherwise it would be hindering for the already scarce dataset of abstracts, leading 

to consider only a very low number of words. Another peculiarity revised with the current dataset is 

that obviously the text from the abstracts is not lemmatised. Even though it is useful for its 
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morphological analysis, lemmatization is a process that is very computationally consuming and 

sometimes does not guarantee major benefits (Manning et al., 2008). In the comparison of CBOW and 

SG, I evaluate whether the outcomes given from lemmatized text are majorly superior to justify the 

considerably higher computational time.  

Finally, I decide to evaluate pre-processing with stemming. The idea behind is that by 

stemming the words it may be possible to reduce the noise of the data and obtain better defined 

results. However, in this case, the differences between the concept terms and their adjective cannot 

be distinguished: for instance, both interpretability and interpretable will result to be truncated into 

interpret. This is not a common approach in previous diachronic semantic shift studies, but it is 

valuable to be evaluated since the data to be used is relatively scarce. 

 

 

Per each setting, namely one word2vec model and one text processing, the operations will be 

executed on the whole data of the abstracts. In each case, by following related works in this field 

(Kulkarni et al., 2015; Kim et al., 2014), the models are implemented by using Gensim. With regards 

to the Skip-Gram, I decide to follow previous works settings and opt for negative-sampling as done by 

Rosenfeld and Erk (2018), Kim et al. (2014), Hamilton et al. (2016a). With regards to the choice of the 

hyperparameters, Hamilton et al. (2016a) and Levy et al. (2015) recommendations are followed. For 

CBOW, negative sampling is also used as suggested by Baroni et al. (2014). The choice of the 

parameters as window size and dimensionality vector are the same as for the SG. 

With regards to lemmatization, it is first needed to perform a pos-tagging of the sentences 

after the sentence tokenization. For this purpose, NLTK library’s pos-tagger and lemmatizer are used. 

Afterwards, it is possible to carry out a lemmatization of the words. Every word is tagged re-conducted 

to the lemmatization form by using WordNet lexical database. 

(3.2) Definition: Stemming 

The words that are present in a document are composed by a stem and affixes, which generally 

have syntactic meaning (Grossman and Rinderle-Ma, 2015), namely they relate to the 

grammatical disposition of words in a sentence, following the rules of an idiom (Cambridge 

Dictionary, n.d). Stemming is a heuristic method that truncates the affixes of the words, leaving 

their stem (Solka, 2008).  

For instance, the words protect, protective, protection would be all reduced to protect (Solka, 

2008). 
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With regards to stemming, various type of stemmers can be used: Lovins, Porters, Paice/Husk, 

Dawson etc. (Jivani, 2011). The stemmer algorithm that shows the best trade-off between efficiency 

and accuracy and it is also one of the most widespread is Porters English stemmer (Jivani, 2011). 

Therefore, I decide to opt for it in the processing. 

The final judgement for the selection of the best combination of model and pre-processing is 

based on a qualitative assessment of the cosine similarities of the terms investigated plus the 

evaluation of the top 10 most similar words for period 2016-2020. Computational time required is also 

considered for the final choice.  

 

3.5 Analysis on the whole abstract data 
 

In this step, the abstracts are analysed with the chosen combination of model and pre-

processing of the text, in order to make a comparison with the results from the collocations. 

Therefore, I decide to follow a similar stream for the analysis: per each term, first the current period 

2016-2020 is analysed and, second, the diachronic analysis is performed. In order to do the diachronic 

analysis, I compute the semantic shift between each of the periods and the current period 2016-2020, 

to assesses how distant is the meaning in the past compared to the current period.  

To accomplish this task, I decided follow Hamilton et al. (2016b) procedure and use Local 

Neighbourhood measure to quantify the semantic shift of a word between two periods. The 

motivation is that Local Neighbourhood measure is able to trace better the semantic shift of nouns 

compared to other measures such as the Global measure, which accounts to all the words in the 

vocabulary and is more indicated for general linguistic drifts (Hamilton et al., 2016b). In order to do 

so, first, a model is trained on the corpus of each period and the embedding matrix is obtained. 

Afterwards, the models need to be aligned to the current period. In order to do so, each of the 

vocabulary of the models of a previous period is intersected with the vocabulary of the model of the 

current period. Both the matrixes are re-organized containing only the embeddings of the words that 

are in the common vocabulary. Afterwards, the model of the older period is aligned to the current by 

means of orthogonal Procrustes. The code used for this processing is provided directly by Hamilton 

(https://github.com/williamleif/histwords). Once these tasks are completed, it is possible to assess 

the Local Neighbourhood Measure  to detect the semantic change of a target from a period in the past 

to nowadays. By doing that, it is possible to assess per each term how distant is today’s meaning from 

the meaning of a previous period and look for meaningful periods to be evaluated. 
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Per each term, the current period is analysed and the top 10 most similar terms based on 

cosine similarity are investigated. Moreover, also the cosine similarity among the terms is checked. 

Assessing the contexts where they are found and the similarity with the other terms provides enough 

insights to answer the first research question, namely how similar are the terms in the current period. 

With regards to the other research questions, focusing on the diachronic semantic shift, the most 

meaningful periods in the past are selected based on the distance of the term compared to the current 

meaning. Afterwards, the top 10 most similar words based on cosine similarity for the term are 

investigated. This provides insights about the context where they were used in the past and indicates 

whether significant differences can be qualitatively revised.   

 

3.6 Scientific field filtering  
 

It is argued that the terms may have differences in the use per each scientific field. Considering 

them altogether may lead to the undesired chance of adding noise during the research of the 

meanings. Therefore, I decided to restrict the research to the papers tagged in the top 5 most present 

scientific fields. By doing this, the aim is to narrow the analysis on the most pertaining fields and, 

contemporary, to have a feasible number of scientific fields to be later investigated individually. This 

(3.3) Definition: Local neighbourhood measure 

Let word 𝑤𝑖 be represented by the embeddings 𝑤𝑖
(𝑡)

 for period t and 𝑤𝑖
(𝑡+1)

 for period 

t+1. Let 𝑁𝑘(𝑤𝑖
(𝑡)

) be the set of the k nearest-neighbours according to cosine similarity 

of the embedding 𝑤𝑖
(𝑡)

 . Let 𝑁𝑘(𝑤𝑖
(𝑡+1)

) be the same for 𝑤𝑖
(𝑡+1)

.  

 

Compute the second-order similarity vector 𝑆𝑖
(𝑡)

 for 𝑤𝑖
(𝑡)

 from these neighbour sets, 

defining the entries as: 
 

𝑆(𝑡)(𝑗) = 𝑐𝑜𝑠 − 𝑠𝑖𝑚(𝑤𝑖
(𝑡)

, 𝑤𝑗
(𝑡)

)          ∀𝑤𝑗 ∈ 𝑁𝑘(𝑤𝑖
(𝑡)

) ∪ 𝑁𝑘(𝑤𝑖
(𝑡+1)

) 

 

Compute an analogous vector 𝑆𝑖
(𝑡+1)

 for 𝑤𝑖
(𝑡+1)

. 

 
Then, the Local Neighbourhood measure is defined as: 
 

𝐿𝑁 (𝑤𝑖
(𝑡), 𝑤𝑖

(𝑡+1)
) = 𝑐𝑜𝑠 − 𝑑𝑖𝑠𝑡(𝑆𝑖

(𝑡)
, 𝑆𝑖

(𝑡+1)
) 
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ultimately leads to interesting insights whether a term is used differently based on the field where it 

is used. 

Scopus database does not allow to download the correspondent scientific fields tagged to a paper 

in the metadata. Hence, it has been necessary to manually download the metadata separately per 

each scientific field per year and, afterwards, tag all the papers retrieved with the original query with 

the respective, sometimes multiple, scientific fields. 

 

3.7 Analysis of abstract data filtered per scientific field 
 

In this section, the exact same procedure explained in section 3.5 is executed individually on each 

of the selected scientific fields. Namely, per each scientific field, first the current period is analysed. 

The top 10 most similar words in the period and the cosine similarity with the other terms is assessed. 

Afterwards, the diachronic semantic shift is quantified by means of the local neighbourhood measure 

and suitable interesting periods are selected for further analysis of the most similar words connected 

to the terms. As reported in section 3.6, the aim is to evaluate whether differences among the 

scientific fields can be observed and differences among the terms are highlighted. This can eventually 

provide further details for all the research questions. 

 

3.8 Analysis of full-texts data filtered per scientific field 
 

All the experiments made in the previous sections used abstracts obtained from the query as data. 

Since previous diachronic semantic shift studies were commonly done onto extensive corpora, I decide 

to use for experiments also full-texts of selected papers. By using full-texts, I claim that the models 

need to analyse many more different possible contexts in comparison to abstracts. This can eventually 

lead to more general results. 

With regards to obtaining the full-texts of the papers selected by the query, a few problems arise. 

First, full-text articles are needed to be manually downloaded one by one. Second, for many of them 

a credential accesses is required and, for some databases, the University does not possess the 

authorization. Third, the full-text articles are usually downloaded in PDF format. In order to be 

processable, full-texts are needed to be in string format. Therefore a conversion is required. 

Notoriously, PDF is a difficult format to deal with. Many different python libraries are tried to 

automatically convert the texts. However, the results are always very bad, especially for PDFs from 
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before year 2000, since they are scanned PDF. Therefore, an online freely available website that uses 

OCR (optical character recognition) is used (https://pdftotext.com/). Unfortunately, only batches of 

20 PDFs can be converted each time. The results of the conversions are not always exceptional, 

however I judge them to be better than the ones obtained from the python libraries. 

Accounting to all these limitations, I decided to limit the manual download and conversion of the 

papers to 525 full-texts published after 2000 (included), namely 5 per scientific field per each year. 

The limitations of the results obtained from this dataset are deepened in the respective section 5.3. 

 

3.9 Qualitative manual analysis of rare terms in the past 
 

In case it is not possible to obtain any consideration with regards to the meaning of a term in the 

past because it did not meet the frequency thresholds, a manual qualitative analysis of the contexts 

where it has been found in the past is done. If present, papers in the past citing the term in the abstract 

are downloaded and the meaning is manually investigated. 
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Step Data used Objectives 

1. Data retrieval and 
exploration 

Metadata Data exploration insights 

2. Granularity choice Data exploration results Choice of a suitable granularity 

3. Collocations Abstracts from metadata Answering the research 
questions 

4. CBOW vs SG Abstracts from metadata Choice of the best 
combination of model + pre-

processing of text 

5. Analysis on the whole 
abstract data 

Abstracts from metadata Answering the research 
questions 

6. Scientific field filtering Abstracts from metadata Filtering for the most 
represented scientific fields 

7. Analysis on the 
abstracts per scientific 
field 

Abstracts from metadata 
filtered per scientific field 

Answering the research 
questions 

8. Analysis on the full-
texts sample per 
scientific field 

Full-text sample per scientific 
field 

Answering the research 
questions 

9. Qualitative manual 
analysis of rare terms 
in the past 

Full-text of old papers citing 
the term in the abstracts 

Answering the research 
questions 

 

Table 3.1. Overview of the methodology followed. 
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4 Results 

 

In this chapter, the main results obtained from the steps presented in Methodology (chapter 3) are 

provided.  

 

4.1 Data retrieval and exploration results 

 

4.1.1 Data retrieval  

 In order to retrieve a meaningful dataset, different queries are attempted and various results 

are obtained. It is found that by inserting the following query on the 12th of May, restricting the focus 

on the main terms, only a few number of abstracts are retrieved: 

Results: 6’321 abstracts. 

Therefore, by trying to enlarge the search, I also tried the stemmed version of the terms, 

namely interpret, explain and understand. However the number of results increased dramatically: 

Results: 1’398’162 abstracts. 

 The number of abstracts obtained is very high: since in the last step of the project the aim is 

to download the full-texts of the papers, I argue it is needed to restrict the query. Moreover, 

considering all the different forms of the stemmed terms in the analyses would result too extensive. 

( TITLE-ABS-KEY (understandability OR  interpretability  OR  explainability )  AND  TITLE-

ABS-KEY ( model* ) )  AND  ( LIMIT-TO ( LANGUAGE ,  "English" ) )  AND  ( LIMIT-TO ( 

PUBSTAGE ,  "final" ) )  AND  ( LIMIT-TO ( DOCTYPE ,  "ar" )  OR  LIMIT-TO ( DOCTYPE 

,  "cp" )  OR  LIMIT-TO ( DOCTYPE ,  "ch" ) ) 

( TITLE-ABS-KEY ( understand*  OR  interpret*  OR  explain* )  AND  TITLE-ABS-KEY ( model* ) )  

AND  ( LIMIT-TO ( LANGUAGE ,  "English" ) )  AND  ( LIMIT-TO ( PUBSTAGE ,  "final" ) )  AND  ( 

LIMIT-TO ( DOCTYPE ,  "ar" )  OR  LIMIT-TO ( DOCTYPE ,  "cp" )  OR  LIMIT-TO ( DOCTYPE ,  "ch" ) ) 
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Finally, in order to obtain a feasible number of abstracts, I decided to include also the 

adjectives connected to the noun terms, namely: interpretable, explainable and understandable: 

Results: 18’916 papers. 

I claim that the introduction of the adjectives interpretable, explainable and understandable 

can provide a well-suited number of papers to be used as database and also lead to meaningful 

considerations when they are analysed for the current project. A higher number of results will help 

with the analysis on the abstracts, however the trade-off is to include less precise data and the number 

of full-texts to be downloaded would increase considerably. Innumerable different settings can be 

tried, but I claim that the last query accounting to the terms and their adjectives is well suited to cope 

with the presented problems of the current thesis. 

4.1.2 Frequencies of the papers per year 

After entering the query presented in section 4.2.1 and downloading the metadata, it is 

possible to perform an exploratory analysis. First of all, the distribution of papers per year is obtained, 

tab. 4.1.1 and fig. 4.1.1. Consistently to what expected from the problem statement, there is a crescent 

tendency when approaching the most recent years. It is noticed that 2014 is the unique year after 

2000 (excl.) that sees a decrement of the number of papers in comparison with the previous year. It 

may indicate a loss of interest towards this topic around those years. This observation can be 

evaluated further when assessing the frequencies of the terms in the author keywords. On the other 

hand, a consistent increment is seen from 2017 onwards. An explanation for this can be due to the 

2016 GDPR promulgation. Finally, year 2020 marks a decrement because the date the query (May 

2020) is not accounting to the entire year. 

 

 

( TITLE-ABS-KEY ( understandable OR understandability OR  interpretable  OR  interpretability  OR  

explainable  OR  explainability )  AND  TITLE-ABS-KEY ( model* ) )  AND  ( LIMIT-TO ( LANGUAGE ,  

"English" ) )  AND  ( LIMIT-TO ( PUBSTAGE ,  "final" ) )  AND  ( LIMIT-TO ( DOCTYPE ,  "ar" )  OR  

LIMIT-TO ( DOCTYPE ,  "cp" )  OR  LIMIT-TO ( DOCTYPE ,  "ch" ) ) 
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Table 4.1.1. Number of papers per year retrieved from the query 

 

Figure 4.1.1. Number of papers per year retrieved from the query 

 

4.1.3 Frequency of the papers per scientific field per year 

 The second exploratory analysis that is done regards the distribution of papers and their 

scientific fields. This allows to have an overview of the scientific fields where the terms are used the 

most. Results are shown in tab. 4.1.2. 

 

Year N. of papers Year N. of papers Year N. of papers Year N. of papers Year N. of papers

1936 1 1965 10 1979 48 1993 121 2007 544

1939 1 1966 10 1980 49 1994 121 2008 589

1945 1 1967 10 1981 56 1995 116 2009 668

1950 1 1968 16 1982 49 1996 180 2010 757

1954 2 1969 11 1983 40 1997 190 2011 817

1955 3 1970 28 1984 70 1998 217 2012 859

1956 2 1971 10 1985 57 1999 186 2013 933

1958 8 1972 13 1986 52 2000 240 2014 883

1959 3 1973 22 1987 56 2001 233 2015 1047

1960 2 1974 20 1988 74 2002 275 2016 1097

1961 5 1975 27 1989 106 2003 277 2017 1301

1962 3 1976 27 1990 100 2004 339 2018 1807

1963 3 1977 44 1991 105 2005 449 2019 2000

1964 5 1978 29 1992 103 2006 532 2020 856
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Tab. 4.1.2. Scientific fields ordered per number of tagged papers. 

 

 As it can be noticed, Computer Science and other STEM disciplines are the most represented 

in terms of number of papers.  

 Moreover, also the trend of the number of papers per scientific field through the years is 

assessed, because it can provide insights on how the terms are debated in the different fields. For 

clarity reasons, in fig. 4.1.2, I decide to filter for the top 5 most represented disciplines. As shown in 

fig. 4.1.2, Computer Science sees a rapid growth after 2000, especially from 2003 to 2004 and from 

2017 onwards. A similar pattern is observable also for Engineering and Mathematics: the steady 

increasing tendency after 2000 is significantly boosted after 2017. With regards to Medicine and 

Biochemistry, the curves see an increment tendency as approaching the present, but it is smoother 

compared to the previously mentioned disciplines. These results indicate that the popularity of the 

terms is seeing a dramatic increase in debate and study, especially in Computer Science. This is in 

accordance to what discussed in section 1.1, namely that the terms are particularly pertaining to 

machine learning: a subject primarily connected to Computer Science. 

Scientific field N. of papers Scientific field N. of papers

Computer Science 9257 Psychology 663

Mathematics 4403 Arts and Humanities 624

Engineering 4150 Neuroscience 619

Medicine 2353 Chemical Engineering 488

Biochemistry Genetics and Molecular Biology 1875 Pharmacology Toxicology and Pharmaceutics 396

Social Sciences 1524 Multidisciplinary 334

Decision Sciences 1314 Energy 334

Physics and Astronomy 1224 Economics Econometrics and Finance 323

Environmental Science 1058 Health Professions 279

Agricultural and Biological Sciences 1003 Immunology and Microbiology 203

Earth and Planetary Sciences 1000 Nursing 147

Chemistry 990 Dentistry 27

Materials Science 715 Veterinary 20

Business Management and Accounting 685 Undefined 8



35 
 

 

Figure 4.1.2. Frequencies per year of the top 5 scientific fields. 

 

4.1.4 Frequencies of the terms per year 

 Scopus metadata gives the opportunity to execute various different exploratory analyses: for 

instance, it is possible to retrieve titles, authors, index and author keywords, publication years, 

abstracts, DOI, source and document types etc. All these info are a valuable source for obtaining a 

general overview during the data exploration. In particular, the frequencies of the terms through the 

years can provide meaningful insights about their use.  

 In order to do so, the frequencies per year per term in the abstracts obtained from the query 

are explored. General results are shown in fig. 4.1.3; for readability purposes, visualization is further 

divided for years before (fig. 4.1.4) and after (fig. 4.1.5) year 2000. 
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Figure 4.1.3. Frequency of the terms per year in the abstracts. 

 

 

Figure 4.1.4. Frequency of the terms per year in the abstracts, before 2000 (excl.). 
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Figure 4.1.5. Frequency of the terms per year in the abstracts, after 2000 (incl.) 

 

 Moreover, also the frequency of the terms among the author and index keywords are 

obtained. I assume they can indicate years when the terms are more (or less) considered and debated. 

Author keywords are inserted by the authors (fig., 4.1.6), whereas index keywords are tagged by 

Scopus based on the abstract texts (fig., 4.1.7). In both case, since negligible records are present before 

year 2000, I present results ranging from 2000 onwards. 

 

 

Figure 4.1.6. Frequency of the terms per year in the author keywords. 
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Fig. 4.1.7. Frequencies of the terms per year in the index keywords. 

 

Before year 2000. Before 2000 (fig. 4.1.4), it is possible to see that neither interpretability or 

understandability are concepts largely present in the domain considered. In fact, their respective 

adjectives see a predominance over the nouns. A different consideration must be done for 

explainability: there is no sign of use of this term, apart for some isolated years (1988: 1 time; 1993: 1 

time; 1994: 3 times; 1996: 1 time). I argue that this result suggests that explainability is a neologism 

formed in this period, around the end of the 80’s. Therefore, by using Google N-grams viewer, I check 

this possibility, without limiting the research to scientific papers of the query. As shown in fig 4.1.8., 

there is a first comparison of the unigram explainability already back from 1878 to 1888, so technically 

it can be concluded that it is not a neologism of the late 80’s. The percentage in the y-axis of the graph 

shows what is the percentage of unigrams that are the same as the selected keyword among all the 

unigrams of the huge sample of books written in English that has been used by Google in Google N-

Gram (Michel et al., 2011).  
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Figure 4.1.8. N-gram viewer results of explainability. 

 

 In the case of explainability, the percentage is extremely low in the years before 2000 and it is 

still the same also for all the years in comparison to the other two concepts, fig 4.1.9. 

 

Figure 4.1.9. N-gram viewer results of the three concept terms. 

 

 With regards to the author and index keywords, little can be said about the three terms before 

2000. Apart for some isolated years, all the three terms and their respective adjectives see no 

comparison among the keywords. I argue this is an indication that the three terms had little relevance 

and interest in the past with regards to the considered domain, otherwise they would have frequently 

appeared in the author keywords. 
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After 2000. After 2000 (fig. 4.1.5), the terms and their adjectives see an increased frequency when 

approaching the most recent years. It is interesting to notice that after 2018, the term 

understandability sees a decrement in the frequencies, whereas, from 2017 onwards, explainability 

and explainable show a sharp rise, surpassing the first one.  

 With regards to the author keywords (fig. 4.1.6), after 2017 a rising of the terms is seen, apart 

for understandability and understandable. In particular, interpretability and explainable are the two 

terms accounting for the highest frequencies. It is peculiar that explainable is used as author keyword 

more than explainability. I claim this happens because explainability is a term of recent introduction 

in this domain, therefore its use is not widespread yet. In general, it is observed that interpretability 

and explainability concepts are gaining more acknowledgment among researchers in these recent 

years. 

 With regards to index keywords (fig., 4.1.7), interpretability is the predominant term among 

the ones considered. It is observed that after 2012 there is a decrement in the use of this term, which 

also affects understandability, that culminates in 2014. However, after 2014, interpretability sees a 

sharp increase, whereas understandability accounts for a relatively steady frequency.  

 Based on the analysis of frequencies of the terms made above, I observe that both 

interpretability and explainability are gaining acknowledgement and debate, as approaching the 

current years. This is not the case of understandability. I argue that this diversity between 

understandability and the couple interpretability-explainability might suggest a basis for the 

distinction of their use in the current years. 

 

4.2 Granularity choice 
 

As shown in fig. 4.1.1, in recent years there has been an increment of publications regarding 

the analysed topics. This distribution must be taken into account when choosing the correct interval 

of time to temporally divide the papers. In this sense, in diachronic semantic shift studies, grouping 

the corpora in time spans is used to detect changes in meaning (Kutuzov et al., 2018). Different lengths 

of the time bins have been used by the researchers: for instance, Kim et al. (2014) and Kulkarni et al. 

(2015) used a yearly grouping, Eger and Mahler (2016) used a decade time slice and  Mihalcea and 

Nastase (2012) used a 50-year time span (Kutuzov et al., 2018). In this thesis, I argue that due to fast 

scientific development, a 10-year time span is too wide to trace precise results. On the other hand, it 

is not possible to use a yearly time bin, because the data I have for older years is very scarce. For the 
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current project I opt for a sliding 5 year time frame, because it allows me to gather enough papers for 

older years and, at the same time, it is not too wide to trace a precise development of the scientific 

terms. Moreover, by considering it sliding, I can avoid that papers of two consecutive years are 

considered completely unrelated if they fall in two different time bin. For instance, it might be the 

case that a period from 2001 to 2005 is deeply influenced by papers from 2005. This would generate 

some disequilibrium of the interpretation of the period. Finally, in this thesis I consider the present 

period as 2016-2020. I argue it is also intuitively meaningful since GDPR has been promulgated in 2016, 

therefore I claim it is a good time span for the analysis of before-and-after that important regulation. 

Hence, in later steps, I refer to 2016-2020 as “the current period”. 

  

 4.3 Collocations 
 

In this section, the results obtained from the collocations are provided. Each concept term is 

followed in the analysis by the respective adjective. First, the analysis of the current period is done to 

provide insights for the first research question. Second, the analysis of the collocations during the 

years is assessed to provide insights for the second, third and fourth research questions. 

4.3.1 Explainability 
 

Current period. In period 2016-2020 the number of collocations retrieved for explainability is 33. The 

top 10 are reported in tab 4.3.1. Among the top scoring in terms of PMI, agnostic is observed to lead 

the ranking of the collocations. Afterwards, it comes trust, which in section 1.1 has been defined by 

Lipton et al. (2018) as one of the fundaments of interpretability. The same observation is made for 

transparency, which is another term connected to the concept of interpretability (Lipton et al., 2018). 

Among the top 10 most meaningful collocations, also ai and ml are found. I argue this support the 

claim that explainability is a term strongly connected to this domain. Scrolling through the complete 

list to check for the presence of the other two terms, understand is found in position 17, with a PMI 

of 3.126, and interpretability is found in position 25, with a PMI of 2.477.  

Diachronic analysis. No meaningful collocations are found before period 2014-2018. This result is not 

a surprise since it was already clearly visible from section 4.1.4 that the diffusion of the term 

explainability is of recent introduction in this domain. In period 2014-2018, only 8 collocations are 

found, tab 4.3.2. As it can be noticed, the highest scoring collocations do not provide much insight. In 

the lower part of the table, the presence of interpretability is noticed. Although the PMI score is 

apparently low compared to the first collocations of the ranking, it is noticed that the PMI is higher 



42 
 

than in the current period. This could indicate that the two terms are diverging with the passing of the 

years, becoming more independent. However scarcity of data needs to be taken into consideration as 

a possible other explanation of this fact. With regards to period 2015-2019, 24 collocations are found. 

However, since period 2015-2019 consistently overlaps with period 2016-2020, I do not intend to 

deepen these results. 

 

 

Table 4.3.1. Top 10 collocations of explainability in 2016-2020. 

 

Table 4.3.2, Collocations of explainability in 2014-2018. 

 

4.3.2 Explainable 
 

Current period. In period 2016-2020, 82 collocations are found. Among the top 10 scoring 

collocations, no words providing meaningful insights for similarities with the other terms are found, 

tab. 4.3.3. Scrolling through the complete list, interpretable is found in position 67 with a low PMI of 

1.345, whereas no sign of understandability or understandable is found.  

word PMI

self 7.372

degree 7.065

key 5.998

machine 4.567

improve 4.567

interpretability 3.775

paper 3.445

model 0.786

Period 2014-2018
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Diachronic analysis. As seen before in fig. 4.1.5, the frequency of explainable is more common and 

spread through the years compared to explainability. This implies that a higher number of possible 

collocations are found also for older periods. In the 60’s only collocations terms and basis are found. 

In the 70’s still only terms and basis are consistently found for more than a couple of periods. In the 

80’s, in addition to those two, also result and difference appear in many periods. In the 90’s, in addition 

to results and basis, also readily, appear and presence are present. However, in all these years, no 

meaningful information can be extracted from these results. In the 00’s, an increased number of terms 

appear, due also to the higher frequency of the word in the text source used. Many of them are 

adverbs which I claim do not add meaningful insights, but, among those, I indicate variance as an 

interesting term, because it is a peculiar word that is observed to be present consistently until the 

current period. Variance scores approximately around 6.000 in terms of PMI in the 00’s and this term 

is also one of the leading collocations in 2016-2020, tab. 4.3.3.  

 

 

Table 4.3.3. Top 10 collocations of explainable in 2016-2020. 

 

 

4.3.3 Understandability 
 

Current period. In period 2016-2020, 49 collocations are obtained. By looking at the top 10 

collocations (tab 4.3.4), a part for sarcasm and gui, many terms expressing concepts are found as 

significant collocations. In particular, it is noticed the presence of two peculiar terms: maintainability 

and modifiability, scoring respectively 8.748 and 8.605. Moreover also readability is found, which I 

argue that it can be seen as a synonym of transparency when referred to models. Scrolling through 

word PMI

outreach 9.749

artificial 7.064

largely 6.309

recommender 6.264

variance 5.917

partially 5.811

communicate 5.811

physically 5.191

aware 5.134

remove 4.842

Period 2016-2020
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the complete list of collocations, interpretability is found in position 46 with a very low PMI score of 

1.200. No sign of terms related to explainability are found in period 2016-2020. 

Diachronic analysis. The first collocations for understandability appear in the 90’s. In the periods of 

this decade, no term with a high PMI score is found for more than a couple of period, a part for 

improve, which does not add any meaningful insight. Proceeding after 2000, maintainability and 

modifiability see a consistent presence with very high PMI scores. Also readability is frequently 

appearing, fig. 4.3.1. With regards to other high scoring collocations, also usability and reusability see 

high PMI scores in periods between 2000 and 2010, which I argue to be intuitively semantically close 

to the concepts of maintainability and modifiability. 

 

 

Table 4.3.4. Top 10 collocations of understandability in 2016-2020. 

 

 

Figure 4.3.1. Diachronic PMI scores of selected collocations of understandability. 

word PMI

sarcasm 9.463

gui 8.941

modifiability 8.748

maintainability 8.605

readability 8.193

acceptability 7.993

completeness 7.915

correctness 7.578

accessibility 6.519

flexibility 6.013

Period 2016-2020
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4.3.4 Understandable 
 

Current period. In period 2016-2020, 115 collocations are found. Among the top ones, traceable 

scores the highest, tab 4.3.5. It is interesting to observe the presence of usable, manageable, reusable 

and interoperable. I claim they can all be reconnected to the concepts of maintainability and 

modifiability seen in the collocations of understandability. Scrolling down through the complete list of 

collocations, no mentions of terms connected to interpretability or explainability are found. 

Diachronic analysis. With regards to older years, already in the late 60’-70’s it is possible to find 

collocations, however, as in the case of interpretable, they are terms such as basis, terms, easily and 

qualitatively that do not add meaningful insights for the research. No meaningful observations can be 

done for this adjective in the past for the current project.  

 

  

Table 4.3.5. Top 10 collocations for understandable in 2016-2020. 

 

4.3.5 Interpretability 
 

Current period. In period 2016-2020, 318 collocations are found. As observed in section 4.1.4, it is the 

most widespread and debated term among the three main ones considered. This necessarily implies 

that a considerable number of collocations is found.  The top 10 are shown in tab 4.3.6. As it is 

observed, the first collocations do not add interesting insights about the understanding of the term. 

The first concept that is present is responsiveness with a PMI of 6.410. Scrolling through the complete 

list of collocations, explainability appears in position 102, with a PMI score of 2.478, whereas 

understandability appears in position 213, with a score of 1.200. 

word PMI

traceable 8.086

totally 7.555

intuitively 7.555

usable 7.461

manageable 7.448

reusable 7.279

interoperable 7.256

easily 7.079

readily 6.683

graphic 6.086

Period 2016-2020
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Diachronic analysis. As mentioned above, this term sees higher frequencies through the years in 

comparison to understandability and explainability. This implies that many collocations are found 

through the decades. Before the 90’s, no meaningful collocations signing high PMI scores for more 

than a couple of periods are found. In period 1995-1999, transparency is the collocation that scores 

the highest with a PMI of 9.522. This term is particularly interesting, since, as mentioned in section 

1.1, Lipton et al. (2018) claim it to be one of the fundaments of interpretability. It is meaningful to 

evaluate the evolution of this collocations through the years. As shown in fig. 4.3.2, the results suggest 

that transparency is decreasing his semantic relationship with interpretability through the time.  

 

 

Table 4.3.6. Top 10 collocations for interpretability in 2016-2020. 

 

 

Figure 4.3.2. Evolution of transparency as a collocation of interpretability. 

word PMI

deteriorate 7.062

enhance 6.464

responsiveness 6.410

maintain 6.392

dilemma 6.378

retain 6.285

expense 6.012

nice 5.963

appropriateness 5.622

parsimony 5.530

Period 2016-2020
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4.3.6 Interpretable 
 

Current period. In period 2016-2020, 340 collocations are found. A great number of collocations are 

found due to the high frequency of the term, as seen in the data exploration (fig. 4.1.5). Inspecting the 

top 10 collocations, a few considerations can be done, tab. 4.3.7. Except for hyperpriors, which regards 

the domain of statistics, numerous adverbs concerning more physical concepts are found, such as 

psychologically, physically, biophysically, biologically and physiologically. I argue that interpretable is 

a term that is widely more used outside the informatics and mathematics domain than the other 

adjectives understandable and explainable. With regards to these terms, explainable is found in 

position 215 with a PMI score of 1.354, whereas no relevant remarks can be made for understandable. 

Diachronic analysis. Hyperpriors is the term that scores the highest in 2016-2020, however its 

appearance is limited to recent periods after 2012-2016. The same applies for causally. In order to 

check if the considerations about the physical domain related of interpretable are applying also in the 

past, the terms mechanistically, psychologically, physically (fig.4.3.3), biophysically, biologically and 

physiologically (fig. 4.3.4) are evaluated through the years. As noticed, physically presents high PMI 

scores through the 80’s and in the late 70’s, whereas biologically presents a constant high PMI score 

until the late 80’s. The other collocations are found to be of more recent introduction after 2000 and 

in more recent periods. 

 

 

Table 4.3.6. Top 10 collocations for interpretable in 2016-2020. 

word PMI

hyperpriors 8.045

causally 7.585

mechanistically 7.559

psychologically 7.460

physically 7.339

biophysically 7.308

guidelines 7.045

biologically 6.803

readily 6.609

physiologically 6.530

Period 2016-2020
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Fig. 4.3.3, Evolution of selected collocations of interpretable (1). 

 

 

Fig. 4.3.4, Evolution of selected collocation of interpretable (2). 
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4.4 CBOW vs SG 
 

In this section, a qualitative comparison of the results obtained from the two different wor2vec 

models is provided. 

4.4.1 Skip-gram 

 
Applying the considerations illustrated in section 3.4, the three different combinations of pre-

processing and Skip-Gram are tried. First, the cosine similarity between the terms is computed for un-

processed text (tab. 4.4.1), stemmed text (tab. 4.4.2) and lemmatized text (tab. 4.4.3). 

 

 

Table 4.4.1. SG with un-processed text. 

 

 

 

Table 4.4.2. SG with stemming. 

 

 

Table 4.4.3. SG with lemmatization. 

 

Second, the top 10 most similar words in the vector space based on cosine similarity are 

obtained for the un-processed text (tab. 4.4.4), stemmed text (4.4.5) and lemmatized text (4.4.6): 
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Table 4.4.4. SG with un-processed text. 

 

 

Table 4.4.5. SG with stemming. 

 

 

Table 4.4.6. SG with lemmatization. 

 

4.4.2 Continuous bag of words 
 

Applying to CBOW the same considerations made for the SG in section 4.4.1, the similarity 

among terms is obtained for the un-processed text (tab. 4.4.7), stemmed text (tab. 4.4.8) and 

lemmatized text (4.4.9). 
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Table 4.4.7. CBOW without stemming or lemmatization. 

 

 

Table 4.4.8. CBOW with stemming. 

 

 

Table 4.4.9. CBOW with lemmatization. 

 

In addition, the top 10 most similar words in the vector space based on cosine similarity are 

obtained for the un-processed text (tab. 4.4.10), stemmed text (4.4.11) and lemmatized text (4.4.12): 

 

 

Table 4.4.10. CBOW with un-processed text. 
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Table 4.4.11. CBOW with stemming. 

 

 

Table 4.4.12. CBOW with lemmatization. 

 

 

4.4.3 Comparison of the results and choice of the setting for further analysis 
 

In order to proceed with further analysis, it is needed to make a choice based on the results 

obtained in sections 4.4.1 and 4.4.2. As it can be noticed by the comparison of the two models, for 

both it can be recognized that un-processed text and lemmatisation appears to provide similar results 

between themselves. However, the computational time required for the lemmatisation is significantly 

higher compared to the un-processed text. This is due to the dual action needed of pos-tagging all the 

sentences and, afterwards, execute the lemmatization. By only looking at the cosine similarity of the 

terms, it is hard to motivate the choice of one setting respect to another. I argue that for both SG and 

CBOW, the two text processing show similar values with regards to the similarity matrixes. Therefore, 

the attention shifts to the closest top 10 most similar words, since I argue they are more intuitive to 

assess. Once again, I observe that for un-processed and lemmatized processes, the results obtained 

are very similar, see tab. 4.4.4 versus tab. 4.4.6 and tab. 4.4.10 versus tab. 4.4.12. With regards to 

stemmed processing, tab. 4.4.5 and 4.4.11, I opt for discarding this setting, since I argue that the 

truncated words provide very limited insights and they harder to interpret. 

Based on the considerations above mentioned, I decide to opt for un-processed text, since I 

claim the results to be similar to the lemmatised pre-processing, but with a significant saving of 
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computational time. With regards to the comparison of the models SG vs CBOW, by assessing the 

results of the top 10 most similar words for un-processed text in both cases (tab. 4.4.4 and tab. 4.4.10), 

I claim that SG is more able to highlight the connections between the investigated terms and other 

meaningful concepts. For instance, the first term related to interpretability is robustness for the SG, 

tab. 4.4.4, and achieve for the CBOW, which I argue does not add meaningful insights. 

Hence, for the next steps with word2vec models, I decide to opt for the Skip-gram model 

without stemming or lemmatization. 

 

4.5 Analysis on the whole abstract data 
 

In order to trim the diachronic analysis, per each term I choose to analyse the top 10 most 

similar words in periods that I arbitrarily judge as meaningful to be investigated based on the local 

neighbourhood measure. Moreover, since from the collocations in section 4.3 it is seen that from the 

adjectives it is not possible to retrieve determinant insights, I decide to restrict the analysis only onto 

explainability, understandability and interpretability. 

Bearing in mind all the considerations above made, the following results are obtained for the 

semantic change, fig. 4.5.1. 

 

Figure 4.5.1. Diachronic semantic change of the terms in all the abstracts. 
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4.5.1 Explainability 
 

Current period. In 2016-2020, explainability is majorly related to the concept of transparency, tab. 

4.5.1. Afterwards,  fairness and accountability also have high cosine similarity measures. By 

investigating also the other terms, I claim that there is a strong connections with the concepts related 

to interpretability (for example transparency) presented in section 1.1. The cosine similarity with 

interpretability is 0.6935, whereas with understandability is 0.6738. 

 

Table 4.5.1, Top 10 most similar words for explainability in 2016-2020 in the abstracts. 

Diachronic analysis. As shown in fig. 4.5.1, it is not possible to detect semantic change for 

explainability in older periods. Only from 2010-2014 onwards, the term meets the frequency threshold 

imposed for the creation of its embedding. This implies once again that the term was not frequently 

used until recent years. Moreover, I observe a considerable difference between the semantic shift of 

2013-2017 and the semantic shift of 2014-2018. Two reasons can be identified: explainability was used 

very rarely before 2018 and/or explainability after 2018 started to be used in a considerably different 

way. In order to assess this, the top 10 most similar words for explainability in 2013-2017 are 

investigated, tab 4.5.2. As it can be noticed, there is no sign of the terms as transparency, fairness, 

trust etc, as found in 2016-2020, tab. 4.5.1. The cosine similarity scores are higher, however still 

reasonable, indicating that there is still enough data for a reliable assessment. Hence, I claim that 

around 2018 a change of the meaning can be revised. 

 

explainability

transparency , 0.8932

fairness , 0.8199

accountability , 0.8092

scalability , 0.7739

trust , 0.7675

expressiveness , 0.7632

reproducibility , 0.7581

persuasiveness , 0.7571

usability , 0.749

generality , 0.7489
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Table 4.5.2, Top 10 most similar words for explainability in 2013-2017. 

 

4.5.2 Understandability 
 

Current period. In 2016-2020, understandability shows the concepts of modifiability, maintainability, 

readability and reusability as the most connected, tab. 4.5.3. This results are similar to what observed 

with the collocations, see section 4.3, tab 4.3.4. Bearing this in mind, I argue that especially the 

concepts of modifiability and maintainability are particularly related to understandability and show a 

peculiarity in comparison with explainability and interpretability. Modifiability and maintainability 

score respectively 0.4788 and 0.4742 with regards to interpretability, 0.6387 and 0.6534 with regards 

to explainability. The cosine similarity between understandability and interpretability is 0.5534, 

whereas between understandability and explainability is 0.6738. 

 

 

Table 4.5.3, Top 10 most similar words for understandability in 2016-2020 in the abstracts. 

 

explainability

generalisation , 0.9157

compactness , 0.9039

tractability , 0.899

representational , 0.8941

optimality , 0.892

optimizes , 0.8919

retains , 0.8912

separability , 0.8845

constrain , 0.8841

compression , 0.8795

understandability

modifiability , 0.8166

maintainability , 0.8095

readability , 0.8015

reusability , 0.7924

completeness , 0.7788

usability , 0.7681

trustworthiness , 0.7624

intelligibility , 0.7506

correctness , 0.7454

clarity , 0.7377
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Diachronic analysis. As shown in fig. 4.5.1, the semantic change between each period to 2016-2020 

seems to increase as shifting to older year. I argue this can be recognized until period 1997-2001. In 

periods before 1997-2001, the semantic shift detected is more fluctuating as going back in the past. I 

claim the major reason for this is accountable to data scarcity. In order to assess this, 1996-2000 and 

1997-2001 are compared, tab. 4.5.4. As it can be noticed, it is difficult to trace if major changes have 

happened. Moreover cosine similarity measures are extremely high. One last observation is about the 

concepts of modifiability and maintainability. In section 4.3, it is observed that the two appear as 

meaningful collocations together firstly in 2000-2004. Therefore, top 10 similarity words for 2000-

2004 are investigated, tab. 4.5.5. As it is noticed, maintainability is captured as the most related term, 

but no sign of modifiability is observed. Cosine similarity measures are lower than in 4.5.4, indicating 

that they are less affected from data scarcity. 

 

 

Table 4.5.4. Comparison between top 10 most similar words of understandability in 1996-2000 and 

1997-2001. 

 

 

Table 4.5.5. Top 10 most similar words for understandability in 2000-2004 in the abstracts. 

1996-2000 1997-2001

insight , 0.9929 understanding , 0.9903

descriptions , 0.9888 description , 0.9867

intuitive , 0.9887 semantics , 0.9856

measurement , 0.9885 domain , 0.9851

criterion , 0.988 interactive , 0.985

lack , 0.9876 intelligent , 0.9824

behaviour , 0.9865 practical , 0.9812

choice , 0.9855 task , 0.9811

presentation , 0.9852 produces , 0.9809

theories , 0.9851 architecture , 0.9804

understandability

understandability

maintainability , 0.9593

helps , 0.9546

query , 0.9484

structured , 0.9467

evolution , 0.9465

mathematical , 0.9458

completeness , 0.944

description , 0.9439

allowing , 0.9433

relational , 0.9429
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4.5.3 Interpretability 
 

Current period. In 2016-2020, the concept of interpretability shows explainability as the closest term, 

tab 4.5.6. Moreover, transparency, the most related term to explainability, is found in the first 

positions. I claim that in 2016-2020, these results support that the two terms are strictly related. The 

cosine similarity measures are particularly low in comparison to the results of the previous other 

terms, this is due to the considerably higher frequency of interpretability in the text source. The cosine 

similarity between interpretability and understandability is 0.5534. 

 

 

Table 4.5.6. Top 10 most similar words for interpretability in 2016-2020 in the abstracts. 

 

Diachronic analysis. Analysing fig. 4.5.1, I observe that the detected semantic change is relatively 

stable until 2003-2007. Before that period, it is possible to observe a fluctuation where the higher 

peak is accounted to period 1992-1996. Therefore, by analysing periods 2002-2006 and 1992-1996 it 

is assessed if meaningful remarks can be traced for the meaning of interpretability in the past. With 

regards to 2002-2006, tab 4.5.7, accuracy signs the higher relation to the concept of interpretability. 

Moreover, also precision is found among the closest terms. As seen in tab. 4.5.6, these two words are 

not seen among the closest similar terms in 2016-2020. This may indicate a difference in the use in 

comparison to the past. With regards to period 1992-1996, tab. 4.5.8,  the cosine similarity measures 

are considerably high in comparison to the previous analysed periods. This implies that results are 

affected by scarcity of data. However, it is interesting to notice the presence of terms as diffusion, 

wave, magnetic, which I argue they pertain to a different domain to what encountered in the previous 

analysis. This is surely due to the fact that in those years Computer Science has not a major 

predominance over the other subjects, as it is happening after year 2000, see section 4.1, fig. 4.1.2.  

interpretability

explainability , 0.6935

robustness , 0.6873

transparency , 0.6601

generality , 0.6521

reproducibility , 0.6514

generalization , 0.6442

interpretation , 0.6355

expressiveness , 0.6299

scalability , 0.6298

compactness , 0.6263
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Table 4.5.7. Top 10 most similar words for interpretability in 2002-2006. 

 

 

Table 4.5.8. Top 10 most similar words for interpretability in 1992-1996 in the abstracts. 

 

4.6 Scientific field filtering 
 

The metadata gathered by means of the query accounts for many different scientific fields. In 

particular, 27 subjects plus the special tag “undefined” are obtained from Scopus database, see 

section 4.1.2, fig. 4.1.3.  By filtering for the top 5 most represented fields, namely Computer Science, 

Mathematics, Engineering, Medicine and Biochemistry, tab 4.6.1., this action brings to a decrease of 

a significant amount of utilized papers, especially in the early years. This must be taken into account 

when dealing with considerations about the semantic shifts in early periods. 

interpretability

accuracy , 0.9441

complexity , 0.8809

precision , 0.8725

prediction , 0.8681

robustness , 0.8518

maintaining , 0.8411

ability , 0.8382

trade , 0.8379

efficiency , 0.8367

improves , 0.8327

interpretability

diffusion , 0.9983

number , 0.9977

wave , 0.9977

comparison , 0.9976

dependence , 0.9974

distribution , 0.9971

magnetic , 0.9966

depends , 0.9966

assessment , 0.9966

components , 0.9966
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Table 4.6.1. Overview of the number of papers selected after the scientific field filtering. 

Computer Science Mathematics Engineering Medicine Biochemistry

1936 1 0 0.000 0 0 0 0 0

1939 1 0 0.000 0 0 0 0 0

1945 1 0 0.000 0 0 0 0 0

1950 1 1 1.000 0 0 0 0 1

1954 2 1 0.500 0 0 0 1 0

1955 3 1 0.333 0 0 1 0 0

1956 2 2 1.000 0 0 2 0 0

1958 8 1 0.125 0 0 0 0 1

1959 3 0 0.000 0 0 0 0 0

1960 2 1 0.500 0 0 0 0 1

1961 5 5 1.000 1 0 3 0 1

1962 3 1 0.333 0 0 0 0 1

1963 3 1 0.333 0 0 1 0 0

1964 5 2 0.400 0 1 1 0 0

1965 10 4 0.400 0 1 1 0 2

1966 10 1 0.100 0 0 1 0 0

1967 10 3 0.300 0 1 1 0 2

1968 16 8 0.500 0 1 2 0 6

1969 11 2 0.182 0 0 2 0 0

1970 28 14 0.500 1 1 3 3 10

1971 10 3 0.300 0 0 0 0 3

1972 13 9 0.692 0 2 1 1 6

1973 22 8 0.364 1 1 4 1 2

1974 20 11 0.550 0 0 3 3 5

1975 27 18 0.667 2 4 4 6 8

1976 27 11 0.407 1 0 3 4 4

1977 44 19 0.432 0 2 2 9 11

1978 29 16 0.552 1 3 5 4 5

1979 48 22 0.458 3 5 4 6 8

1980 49 24 0.490 1 6 7 8 5

1981 56 26 0.464 3 4 10 7 8

1982 49 26 0.531 6 4 11 3 8

1983 40 21 0.525 1 2 14 3 5

1984 70 45 0.643 1 5 16 20 15

1985 57 35 0.614 6 5 15 8 5

1986 52 32 0.615 5 6 15 3 9

1987 56 31 0.554 4 5 16 5 7

1988 74 46 0.622 8 10 17 11 8

1989 106 56 0.528 13 12 27 13 12

1990 100 59 0.590 13 9 19 19 14

1991 105 66 0.629 16 16 23 14 19

1992 103 56 0.544 16 11 15 12 15

1993 121 68 0.562 21 15 23 15 11

1994 121 65 0.537 16 13 21 19 14

1995 116 65 0.560 17 13 23 17 11

1996 180 104 0.578 42 29 45 17 11

1997 190 108 0.568 39 27 31 22 22

1998 217 122 0.562 40 28 45 29 17

1999 186 116 0.624 55 39 31 26 14

2000 240 164 0.683 83 48 53 30 20

2001 233 162 0.695 73 58 41 40 19

2002 275 201 0.731 99 77 61 25 29

2003 277 200 0.722 106 72 57 36 29

2004 339 266 0.785 117 86 102 43 37

2005 449 355 0.791 165 126 114 51 38

2006 532 421 0.791 230 142 135 51 51

2007 544 432 0.794 269 157 100 61 60

2008 589 460 0.781 295 151 134 68 55

2009 668 519 0.777 365 159 125 62 62

2010 757 583 0.770 368 169 122 90 68

2011 817 640 0.783 395 196 166 89 74

2012 859 686 0.799 439 209 149 113 87

2013 933 747 0.801 451 227 182 112 106

2014 883 699 0.792 429 199 177 110 82

2015 1047 864 0.825 529 248 219 152 99

2016 1097 891 0.812 564 247 203 137 93

2017 1301 1079 0.829 705 318 282 160 125

2018 1807 1500 0.830 1082 425 381 191 133

2019 2000 1726 0.863 1309 437 511 220 126

2020 856 635 0.742 430 141 191 89 75

Papers tagged as:
Fract. of original paper taggedPapers taggedOriginal papersYear
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4.7 Analysis on the abstracts per scientific field 
 

In this section, I intend to provide an analysis of the results of the abstracts from each of the 

scientific field isolated by its own. In order to trim the analysis, only the most meaningful results are 

shown. 

4.7.1 Computer Science 

Current period: This is the most represented field among all the subjects, as seen in the data 

exploration in section 4.1. Therefore, the top 10 most similar words observed in tab. 4.7.1 are 

consistent to what seen in section 4.5, when analysing the whole data. Therefore, I argue that the 

same considerations made apply also to this case, namely that it is possible to recognize an overlap 

between explainability and interpretability and that understandability sees a considerably high 

relation to the concepts of maintainability and modifiability. However, understandability still share a 

shade of meaning with the others, I argue this is indicated for example by trustworthiness, readability, 

completeness, correctness. The cosine similarity between interpretability and understandability is 

0.553, between interpretability and explainability is 0.7 and between understandability and 

explainability is 0.645. 

 

Table  4.7.1. Top 10 most similar words in 2016-2020 in Computer Science in the abstracts 

Diachronic analysis: The analysis of the semantic shift is provided in fig. 4.7.1. As it can be noticed, 

similar pattern to fig. 4.5.1 can be observed. The peculiarity of this is that the periods here start from 

the 90’s, instead that in the 80’s, as in the case with the whole data not filtered per field. This is 

coherent with the distribution of number of papers seen in tab. 4.6.1. Moreover, with regards to 

explainability, results are obtained only from 2013-2017. This is because by filtering for scientific field, 

the terms do not meet the minimum frequency threshold set during the creation of the word2vec 

models. For interpretability, period 2002-2006 accounts to the highest recorded semantic change. By 

explainability interpretability understandability

transparency , 0.8626 explainability , 0.7004 maintainability , 0.8834

fairness , 0.8598 robustness , 0.6868 usability , 0.8276

acceptance , 0.8113 transparency , 0.6851 modifiability , 0.8034

limits , 0.7963 interpretation , 0.6721 reusability , 0.8005

accountability , 0.7829 generalization , 0.672 reliability , 0.7962

trustworthiness , 0.773 expressiveness , 0.6347 trustworthiness , 0.7913

expressiveness , 0.7726 scalability , 0.633 readability , 0.7913

erlang , 0.7699 comprehensibility , 0.6253 completeness , 0.7829

broader , 0.7641 complexity , 0.6175 consistency , 0.7537

algorithmic , 0.7548 simplicity , 0.6155 correctness , 0.7512
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inspecting the top 10 most similar words, I notice that there is no presence of concepts related to 

transparency et similia, but rather accuracy, membership (might be connected to functions) and 

linguistic are the top scorer. With regards to explainability, 2013-2017 presents the highest semantic 

change. By inspecting the top 10 most similar words, tab. 4.7.3, it is observed that no meaningful 

remarks can be made with regards to what observed in 4.7.1. No concept is present in both top 10 

most similar sets. Moreover, the cosine similarity measures are higher than the correspondent in tab 

4.5.2 seen in section 4.5. This is of course due to the less data accounted after the filtering per scientific 

field. Finally, with regards to understandability, period 1993-1997 accounts to the highest semantic 

change. However, as observed in tab. 4.7.4, the cosine similarity measures are considerably high. No 

meaningful considerations can be done. In 2003-2007, for understandability, maintainability has a 

score of 0.935, which is consistent to what observed in the collocations. 

 

 

 

Figure 4.7.1. Diachronic semantic shift in Computer Science in the abstracts. 



62 
 

 

Table 4.7.2. Top 10 most similar words for interpretability in 2002-2006 in Computer Science in the 

abstracts. 

 

Table 4.7.3. Top 10 most similar words for explainability in 2013-2017 in Computer Science in the 

abstracts. 

 

Table 4.7.4. Top 10 most similar words for understandability in 1993-1997 in Computer Science in the 

abstracts. 

 

explainability

realization , 0.9667

conflict , 0.9665

quantification , 0.9644

message , 0.9604

pure , 0.9602

inner , 0.9601

biomarker , 0.9574

modifying , 0.9545

determination , 0.9544

recovery , 0.9533

understandability

given , 0.9998

processing , 0.9997

three , 0.9997

important , 0.9997

approaches , 0.9997

known , 0.9997

optimal , 0.9997

there , 0.9997

computational , 0.9997

form , 0.9997
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4.7.2 Engineering 

Current period: In the current period 2016-2020, I argue that the most similar words for the terms in 

Engineering are very close to the ones observed in Computer Science, tab. 4.7.1. However, of course, 

the cosine similarity measures are higher than in Computer Science. This is because the number of 

abstracts tagged as Engineering is the 38.3% of the number of abstracts tagged as Computer Science. 

This eventually lead to a lower quality of the embedding representation. The cosine similarity between 

interpretability and understandability is 0.748, between interpretability and explainability is 0.8172 

and between understandability and explainability is 0.85. 

 

 

Table  4.7.5. Top 10 most similar words in 2016-2020 in Engineering in the abstracts. 

 

Diachronic analysis: By looking at the semantic change, the diachronic semantic shift is obtained fig. 

4.7.2. Compared to the result obtained in Computer Science, fig. 4.7.1, the semantic shift for 

interpretability starts fluctuating earlier, before 2009-2013. This is an indication of the scarcity of data 

in the comparison between the two fields. With regards to interpretability, 2005-2009 is the period 

that accounts for the highest semantic change. By analysing the top 10 most similar words (tab. 4.6.6), 

it is seen once again that there is no reference to concepts close to transparency et similia. The leading 

term is accuracy, with also sets, parameters and linguistic among the others, as observed also for 

Computer Science approximately around the same period tab. 4.6.2. If one wants to analyse previous 

periods, for example 1997-2001,  can observe that the top 10 most similar words have extremely high 

cosine similarity measure and therefore no meaningful insights can be traced, 4.7.7. The exact same 

considerations apply to understandability, therefore I avoid to make further considerations. With 

regards to explainability, it is only noticed that the term meets the threshold only after 2014-2018. 

explainability interpretability understandability

improving , 0.948 generalization , 0.8516 reliability , 0.9141

flexibility , 0.936 transparency , 0.8499 improving , 0.9015

transparency , 0.9338 robustness , 0.838 maintenance , 0.8945

reliability , 0.9292 predictive , 0.8304 complexity , 0.8943

enhancing , 0.9285 improving , 0.8283 simplicity , 0.8934

enhances , 0.924 accuracy , 0.8196 maintainability , 0.8723

academic , 0.9213 explainability , 0.8172 decrease , 0.87

inherent , 0.9211 complexity , 0.8072 flexibility , 0.8687

overfitting , 0.9197 enhances , 0.795 failure , 0.8656

comprehension , 0.9175 computational , 0.791 transparency , 0.8629
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Figure 4.7.2. Diachronic semantic shift in Engineering in the abstracts. 

 

 

 

Table 4.7.6. Top 10 most similar words in 2005-2009 for interpretability in Engineering in the 

abstracts. 
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Table 4.7.7. Top 10 most similar words in 1997-2001 for interpretability in Engineering in the 

abstracts. 

4.7.3 Mathematics 

Current period: In period 2016-2020, the number of abstracts of Mathematics is considerably lower 

than Computer Science and it is approximately the same of Engineering. However, interesting results 

when investigating the top 10 most similar words are found, tab 4.7.8. Interpretability shows 

understandability in the most similar words. With regards to understandability, maintainability is not 

the closest word as often observed in all the previous experiments. With regards to explainability, no 

meaningful remarks can be made, except that the closer term interpreting is related to interpretability. 

However, there is no sign of flexibility or transparency as observed for example in Engineering. The 

cosine similarity between interpretability and explainability is 0.73, between interpretability and 

understandability is 0.8121 and between explainability and understandability is 0.841. 

 

 

Table 4.7.8. Top 10 most similar words in 2016-2020 in Mathematics in the abstracts. 

 

interpretability

niirs , 0.9997

imagery , 0.9997

given , 0.9996

direction , 0.9996

appropriate , 0.9996

scale , 0.9996

by , 0.9996

ability , 0.9996

linguistic , 0.9996

dynamics , 0.9996

explainability interpretability understandability

interpreting , 0.9383 generalization , 0.8657 simplicity , 0.9312

fault , 0.9339 complexity , 0.8632 flexibility , 0.9251

straightforward , 0.9255 predictive , 0.8384 reliability , 0.915

ec , 0.925 improving , 0.8288 regarding , 0.9113

explaining , 0.9242 good , 0.8208 transparency , 0.9074

diagnosis , 0.9193 ability , 0.8195 balance , 0.9055

offering , 0.9188 computational , 0.8194 ease , 0.9046

translation , 0.9179 accuracy , 0.8155 maintainability , 0.8977

classic , 0.9148 understandability , 0.8121 highest , 0.8964

abilities , 0.9144 simplicity , 0.7959 behaviour , 0.8949
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Diachronic analysis: By looking at the semantic change, the diachronic semantic shift is obtained fig. 

4.7.3. With regards to interpretability, period 2002-2006 marks the highest semantic change. By 

investigating the top 10 most similar words (tab. 4.7.9), I argue that they are almost the same of the 

top 10 most similar words observed in the same exact period in Computer Science and Engineering, 

tab. 4.7.2 and tab. 4.7.6. I claim this can indicate that interpretability in those scientific fields was used 

in similar contexts in the years around 2000. With regards to understandability, 1995-1999 marks the 

highest semantic change. By inspecting the top 10 most similar words however no meaningful insights 

can be made. In order to check if maintainability and modifiability are present in older years also in 

Mathematics, period 2002-2006 is selected since it accounts to the highest semantic change for years 

after 2000. However, cosine similarity results are once again extremely high, so no further 

considerations can be made. Finally, explainability sees no use until 2014-2018 and, as seen in the 

paragraph above, it is not connected to any meaningful concept. 

 

 

Figure 4.7.3. Diachronic semantic shift in Mathematics in the abstracts. 
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Table 4.7.9. Top 10 most similar words in 2002-2006 for interpretability in Mathematics in the 

abstracts. 

 

 

4.7.4 Medicine and Biochemistry 

 

For Medicine and Biochemistry, the number of abstracts used as data is very low. For period 2016-

2020, the top 10 most similar words for Medicine and Biochemistry are obtained.  

In Medicine (tab. 4.7.10), the cosine similarity measures for explainability and 

understandability are extremely high. This is certainly due to the low frequency of the words. For 

understandability, it is noted the presence of terms that are peculiar to this field, such as symptom 

and histological. With regards to interpretability, no meaningful insights can be obtained a part for 

classification. Intuitively, it can be interpreted that the interpretability of classification models is 

particularly prominent in this field.  

In Biochemistry (tab. 4.7.11), only interpretability meets the threshold. It is noted the presence 

of terms recurrent also in previous experiments, such as accuracy and robustness. No other 

meaningful insights can be made. 

 

interpretability

accuracy , 0.9898

number , 0.9876

rules , 0.9815

set , 0.9799

linguistic , 0.9797

sets , 0.9789

parameters , 0.9765

of , 0.9747

terms , 0.9715

functions , 0.9693
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Table 4.7.10. Top 10 most similar words in 2016-2020 in Medicine in the abstracts. 

 

 

Table 4.7.11. Top 10 most similar words in 2016-2020 in Biochemistry in the abstracts. 

 

4.8 Analysis on the full-texts per scientific field 
   

Due to the constraints highlighted in the methodology, see section 3.8, the results obtained from this 

analysis are qualitative low. The following considerations are made:  

- Current period: In current period 2016-2020, scarcity of data affects also Computer Science. 

In facts, when assessing the top 10 most similar words, considerably high cosine similarity 

results are obtained for all the scientific fields, see tab 4.8.1 as an example for Computer 

Science. Some insights about related nouns can be observed, however little considerations 

can be made with regards to the related concepts. 

- Diachronic analysis: Data scarcity affects all the scientific fields indistinctively and no 

meaningful observations can be made. Inspecting older periods, bad quality of the results 

from the top 10 most similar words are revised. 

explainability interpretability understandability

greatly , 0.9945 predictive , 0.913 symptom , 0.9948

discriminative , 0.994 prediction , 0.8988 category , 0.9926

rx , 0.9936 terms , 0.8901 nor , 0.9926

fast , 0.9931 performance , 0.8871 hour , 0.9916

generates , 0.9929 achieve , 0.8818 histological , 0.9915

nevertheless , 0.9926 classification , 0.8768 reading , 0.9908

labeling , 0.9924 best , 0.8764 fpq , 0.99

benchmark , 0.9922 interpretation , 0.875 cut , 0.9895

predicts , 0.9919 improved , 0.8528 square , 0.9893

construction , 0.9918 better , 0.8437 luminal , 0.9893

explainability interpretability understandability

- best , 0.9546 -

- accuracy , 0.9502 -

- robustness , 0.9381 -

- performance , 0.9349 -

- showed , 0.9337 -

- interpretation , 0.9325 -

- improve , 0.9322 -

- ability , 0.9312 -

- improves , 0.9311 -

- superior , 0.9293 -
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Table 4.8.1. Top 10 most similar words in 2016-2020 in Computer Science in full-texts. 

 

4.9 Qualitative manual analysis of rare terms in the past 
 

As it seen from the results of all the previous experiments, nothing can be said for 

explainability in older periods. However, in the data exploration 4.1.4, it is observed that explainability 

appears in years in the 90’s with the following frequency: 1988: 1 time; 1993: 1 time; 1994: 3 times; 

1996: 1 time. I decided to manually check which were the contexts where explainability was used in 

those years.  

In 1988, explainability is used in the domain of medicine and it regards how explainable is the 

arsing of atopic dermatitis in the patient (Korth et al., 1988). In 1993, explainability is used with regards 

to abduction logic as a parameter of evaluation, like falsifiability and truth, however no further insights 

are given (Zadrozny, 1993). In 1994, explainability is used with regards the criteria for the choice of 

diagnoses of states of systems and a definition is also provided: “explainability criteria prefer those 

diagnoses that explain the observations” (Besnard and Cordier, 1994). It is proposed in relation also 

to other criteria such as: “minimality criteria prefer those diagnoses involving the least sets of 

abnormal components”; “parsimony criteria prefer those diagnoses involving as few abnormal 

components as possible” and “exoneration criteria exonerate all components that behave correctly 

according to the model”. In 1996, explainability is used as a term for a novel approach in computational 

learning theory, named polynomial explainability, and it is related to the concept of learnability 

(Kushilevitz and Roth, 1993). 

 

 

explainability interpretability understandability

post , 0.966 generative , 0.9695 hybrid , 0.9825

hoc , 0.9589 development , 0.9673 ubiquitous , 0.963

xai , 0.9467 dl , 0.9647 artifact , 0.9627

techniques , 0.9417 public , 0.9578 processes , 0.9524

approaches , 0.9263 citizen , 0.9576 dealing , 0.9518

ai , 0.9202 shallow , 0.9547 combining , 0.9516

ml , 0.9005 diagnosis , 0.9546 tasks , 0.9468

box , 0.8937 support , 0.954 business , 0.9451

black , 0.8911 agnostic , 0.9512 artifacts , 0.9443

explainable , 0.8902 especially , 0.9496 reading , 0.9427
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5 Discussion and conclusion 
 

5.1 Answers to the research questions 
 

1. How similar are the terms interpretability, understandability and explainability in relation to 

modelling in the current scientific literature? 

Based on the results obtained from the experimentations, I claim that interpretability, 

understandability and explainability in relation to modelling in the current scientific literature share 

numerous similarities in the contexts in which they are used, in period 2016-2020. Specifically, I 

observe that interpretability and explainability result to be particularly close in the meaning. They are 

strongly related with concepts dealing with transparency of the models. With regards to 

understandability, I claim that it indeed shares contexts in the use with the other terms, however is 

the one that distinct itself the most. In particular, I observe that in the current period it is strongly 

related to the concepts of maintainability and modifiability and I claim those two concepts are peculiar 

for understandability when compared to interpretability and explainability. With regards to the 

specific scientific fields, I claim that especially in Computer Science and Engineering the terms see a 

similar use and the same considerations previously made in this paragraph are applying. With regards 

to Mathematics, I observe that understandability and interpretability are more similar between 

themselves, whereas for explainability it is more difficult to trace the meaning. For the other scientific 

fields, no considerations can be made.    

 

2. How is the meaning of the term interpretability changed through the time in relation to 

modelling in the scientific literature? 

Interpretability shows the highest frequency through the years among the terms considered 

in this research. Based on the results obtained, I argue that, in particular in the field of Computer 

Science, its meaning has changed. In the decade 2000-2010, I argue that it was used in a different 

way than in 2016-2020. In that older decade, it is frequently associated with accuracy, linguistic 

and sets and there is almost no mention about the concept of transparency, as in the recent years. 

I claim that in the past interpretability was mainly focused on the results rather than onto the 

process of the models. Before year 2000, I observe it is not possible to trace definite conclusions 

due to data scarcity. 
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3. How is the meaning of the term understandability changed through the time in relation to 

modelling in the scientific literature? 

Understandability is the second most frequent term through the years among the concepts 

investigated. Based on the results of the experiments, I claim that understandability has been strongly 

related to the concepts of maintainability and modifiability from 2000 until the current period. In most 

recent years, I argue that similar contexts relating to the intelligibility of the models are detectable 

and this marks a similarity with the other two terms. Before year 2000, I claim there it is not possible 

to trace definite conclusions due to data scarcity. 

 

4. How is the meaning of the term explainability changed through the time in relation to 

modelling in the scientific literature? 

Explainability is the last and most recent term among the ones considered. It cannot be defined as a 

neologism, since it is seen to be mentioned a couple of times also in years before the current period 

2016-2020. However, in the results from the manual assessment of the meaning, no major remarks 

have been possible to be made. In those years, it appears sporadically and with no clear consistency 

in the meaning. Nowadays the popularity of this term is increasing dramatically, in particular after 

year 2018. It is observed that this term shows a particularly clear definition in the fields of Computer 

Science and Engineering. I claim this might indicate explainability as a jargon of these two scientific 

fields. With regards to the other subjects, it does not show a relevant use. 

 

5.2 Discussion of the results 
 

Various different experiments have been tried in this research. In this section I intend to 

provide a discussion of the results obtained. 

First, data exploration has provided an overview of the problem context. Assessing the 

frequencies of the terms through the years has certainly provided meaningful insights. The 

frequencies of the terms in the text play the biggest role in the outcomes of the experiments that 

follow. It is observed that Computer Science is the most prominent scientific field. 

Second, collocations are investigated. I claim that with regards to small size of data, as in the 

case of old periods, collocations can give a first raw insight about the meaning of the analysed terms. 
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However, tracing diachronically the development of the meaning of words is difficult and can be 

misleading, since, if a term is very frequent, many collocations are found. Moreover, data scarcity in 

the past affects the reliability of results, because infrequent collocations are favoured from the PMI 

measure. 

Third, word2vec models are implemented on the abstracts not filtered for the scientific fields. 

In this case, the results are clearer compared to the collocations. In order to assess the similarity 

between two words, it is only needed to look at the cosine similarity. Moreover, it is possible to assess 

the diachronic semantic change of the terms by comparing the vector spaces. This is helpful for 

narrowing the analysis onto the most meaningful periods. However, results for older periods are 

certainly affected by data scarcity. Therefore, the investigation of the diachronic semantic shift by 

means of the Local Neighbourhood measure might be compromised.  

Fourth, word2vec models are implemented on the abstracts filtered for the scientific fields. I 

observe that Computer Science is the subject that has the predominance in this domain and accounts 

to qualitative results, especially in more recent years. With regards to the other disciplines, data 

scarcity affects dramatically the results. However, from what seen, I argue that at least in 2016-2020 

it is possible to recognize that Engineering provides similar results to Computer Science, especially for 

explainability. On the other hand, Mathematics does not lead to a clear overview of explainability and 

results show that interpretability is more connected to understandability, in countertendency to what 

observer for the previous scientific fields. Since Engineering and Mathematics have approximately the 

same number of abstracts in period 2016-2020, I claim that the two present a meaningful difference 

when accounting to explainability that cannot be motivated by data scarcity and that Engineering and 

Computer Science are more similar in the use of the terms. Finally, with regards to Biochemistry and 

Medicine, no meaningful considerations can be made due to scarcity of data in these subjects. 

Fifth, word2vec models are implemented on the full-texts. The results from the full-texts are 

certainly affected by the considerably small sample selected. Moreover, the quality of the text 

converted from the PDFs is not optimal. No further remarks can be made. 

Sixth, assessing manually the semantic meaning of infrequent terms for older periods has not 

lead to meaningful results. This is due to the frequency of the term explainability in those year, that 

appears sporadically and without a well-defined meaning. 
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5.3 Limitations 
 

In the current project, several limitations are observed. 

 First, the size of the data considered is very small. As it is observed, especially for older years, 

very few abstracts are obtained from the query. This limitation is certainly affecting the results of the 

experiments, since all the methods heavily rely onto frequencies in the text. This problem is 

particularly observed when applying word2vec to the text in older years: when accounting to low 

frequencies of the selected terms, cosine similarity measures of the most similar words are very high. 

This is due to the fact that the term appears very unfrequently, often in very similar contexts, and 

therefore the relation with the other words increases dramatically. However, this does not allow to 

have clear results to interpret. 

Second, assessing diachronic semantic shift by means of local neighbourhood similarity might 

not be indicated when accounting to very small dataset, as in this research. It is very likely that the 

quantification of the semantic change is influenced by the scarcity of data for older years when 

comparing to the current period. Hence, it may be questionable whether it provides a correct measure 

of the change. Moreover, in Hamilton et al. (2016) and in all the other papers regarding semantic shift 

studies that I found, semantic change is evaluated between two consecutive periods. I argue that this 

should not be a major limitation for the comparison of the results, because we are aligning all the 

previous periods onto the same current period 2016-2020. However, in literature, I have not found a 

similar approach as this, therefore further research would be needed. 

Third, since this project is based on new data, it is only possible to make a qualitative 

evaluation of the results. Previous diachronic semantic shift studies mainly relied onto human 

annotated data for the evaluation of the semantically shifted words (Kutuzov et al., 2018). In this case, 

however, since it is an exploratory research, such thing for the target concepts does not exist. 

Fourth, words are polysemous, namely they can convey various meanings. It is possible that 

the results obtained from this research are restricting the focus only onto specific meanings, excluding 

the less frequent ones. 

 

5.4 Future research 
 

Bearing in mind all the considerations made in section 5.3, since the current research is quite 

exploratory, for future research many recommendations can be given. 
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First, increasing the data considered is determinant to achieve clearer insights. It might be 

interesting to gather a consistent number of full-texts articles in order to have a greater variety of 

contexts to feed to the models. However, extracting well text data from PDFs is difficult, therefore a 

solution needs to be found.  In case a solution for this can be found and no restriction of  

computational power is standing, it would be interesting to adapt BERT models for diachronic 

semantic shift. 

Second, since abstracts seem to provide reasonably good information, it could be interesting 

to focus only on them and choose the second query tried in this project. Afterwards, it could be 

interesting to use the Skip-Gram with lemmatization on the texts with a yearly granularity and check 

which observations can be obtained. This process however is very computationally demanding, since 

I expect that lemmatizing a million and half of abstracts would certainly take days on a common 

laptop.  

Third, it would be interesting to analyse explainability with regards to the temporal 

correspondences problem (Kutuzov et al., 2018), namely to check if in the past there were words 

carrying the same meaning that explainabilty has now. 

Third, evaluating if other causes can be revised for the semantic change of the terms, other 

than the GDPR. 
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