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Abstract 

Novelty of a scientific paper cannot be evaluated simply by the number of citations it 
receives. It should be judged, at least in part, by the extent to which it redefines the 
borders of disciplines. This study proposes a technique to provide some quantitative 
insight into how concepts presented by a paper generate changes in academic 
disciplines. The study uses a naïve Bayes classifier to package the developmental 
processes of knowledge according to the processes of assimilation and accommodation 
as put forward in Piaget’s theory of equilibration and goes on to put to the test this 
technique in studies of vision in cognitive psychology. Our analysis identifies three types 
of boundary redefiners, i.e., boundary constructor, boundary spanner and boundary 
reconstructor which, in association, are seen to strengthen the uniqueness of a given 
discipline, bridge different disciplines and bring about the emergence of new fields. 

Keywords:  Knowledge management, Machine learning, Algorithms, Research front, 
Intellectual base 

Introduction 

This research attempts an analysis of how novel scholarly ideas are imported to disciplines. An automated 
classifier may categorize given papers at one point in time as “interdisciplinary,” i.e., not in the 
mainstream of any particular discipline, though later, as more recent papers accumulate in the database, 
recognize the same papers as mainstream. How does this happen? We should note that classifier 
judgments referred to in this discussion are based on Scopus ASJC (All Science Journals Classification) 
codes. A paper with the characteristic features of single discipline journals, according to Scopus, is 
determined to lie squarely within the boundaries of conventional discipline. On the other hand, it is 
considered to be at the periphery if the classifier judges that it can only appear in interdisciplinary 
journals. A novel work may thus often be overlooked in contrast to mainstream papers. At the same time, 
works that somehow succeed in drawing the attention of scholars may reshape the map of academia as 
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disciplines move to accommodate the new perspective. We will call such works novel articles in this paper. 
It would certainly constitute a great service to academia if we could identify novel articles and fairly gauge 
their value. This paper reports an attempt to identify those rare works that have in fact accomplished it. 
By analyzing just how they accomplished it, we will get an insight into how innovation happens in 
academia, although we have not quite reached that stage as yet. 

Much attention has been paid to intellectual bases and research fronts (Price, 1965; Small & Griffith, 1974; 
Braam et al., 1991; Garfield, 1994; Persson, 1994; Morris et al., 2003; Chen, 2006; Upham & Small, 2009; 
Small et al., 2014). The focus of this study is on both the roles that these intellectual bases play with 
regard to research fronts and the way intellectual bases change over a time. Many definitions have been 
provided for both research fronts and intellectual bases. Morris et al. (2003) define research fronts as 
“groups of articles consistently citing a fixed, time-invariant group of base articles” and intellectual bases 
as “fixed, time-invariant groups of articles.” These definitions are based on graph theory’s analyses such 
as co-citation analysis and bibliometric coupling. These analyses, however, may not be evaluating 
intellectual bases appropriately, because they fail to: (1) assess diverse ways in which articles might 
influence their disciplines; (2) understand dynamic changes occurring in that role; and (3) capture the 
influence of features in articles (i.e., features such as title, author, affiliation, abstract, keywords and body) 
since the analyses only focus on references of articles.  It is the purpose of this study to find out more 
about what type of roles are held by intellectual bases, and what type of changes these roles undergo. 

We believe the weaknesses in traditional analytical methods can be partly overcome by following the 
thoughts of Piaget & Garcia (1983) on the development of knowledge in academia. The authors’ discussion 
provides an understanding of the dynamism through which academic knowledge develops. Central to 
their discussion is the theory of equilibration (Piaget, 1970), which is also at the center of attention in our 
present study. It focuses on functions maintaining a balance between a schema (i.e., categories of 
knowledge that help us to interpret and understand objects) and the environment where new information 
is being generated.  

The theory has two functions: assimilation and accommodation. Assimilation denotes the process through 
which some existing schema absorbs new information. Equilibrium occurs as long as the schema can deal 
with most new information by assimilation. However, disequilibrium occurs when new information 
cannot be fitted into the existing schema. Accommodation is a function to recover the equilibrium. It 
changes the schema in the light of new information and eventually a new schema may result from this 
process.  

Accordingly, the present study assumes a schema to be the representation of a given discipline. 
Assimilation is interpreted as the function of the schema that judges whether a newly added article 
belongs to that discipline. Disequilibrium occurs when the judgment fails, which deposits the article 
outside the borders of the discipline. Accommodation is interpreted as a function to reshape the discipline 
borders in order to recover from the disequilibrium. 

Masud et al. (2009; 2010a; 2010b) researched how to quantitatively understand the development of 
topics as they encounter new text messages such as tweets. The authors studied concept drift and concept 
evolution in data stream classification. They attempted to identify these two phenomena using a machine-
learning classification algorithm.  Concept drift can be seen where the classification of new data fails, i.e., 
the classifier is unable to handle new information in terms of what has been learned before. However, 
once concept drift acquires constant uniformity and cohesiveness, the novel data is regarded as belonging 
to a new class as defined by concept evolution. 

There exists much diversity in terms of how to model the process of learning. This paper, while it is 
theoretically founded on Piaget's theory of learning, adopts Bayesian approaches as the tool for analysis. 
Traditional literature has a tendency to build upon Piaget’s theory (Tenenbaum, Griffiths & Kemp, 2006; 
Gopnik & Tenenbaum, 2007; Gopnik & Wellman 2012) because it appears appropriate to handle the 
heuristic and dynamic aspects of the learning problem, on which the present study also focuses. We wish 
to model the theory of Piaget using a naïve Bayes classifier by merging the latter with the theory of 
equilibration. More specifically, we regard Naïve Bayes as a schema and assimilation as a classification 
task to determine whether or not a particular article should be included in a certain discipline based on 
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the features it contains. Failure to do so will lead to disequilibrium, followed in turn by the schema’s 
attempt at recovery. Accommodation is achieved as the classifier incorporates new data and thereby 
changes itself. It should be noted that the present study pays special attention to the notion of failure of 
assimilation (i.e., “failures” of classification). This is a departure from traditional studies of classifier 
engines that aim at improving the accuracy of the classification. “Failure” in the present study is “good” in 
the sense that failure of classification by traditional criteria enables us to detect emerging novel work. In 
addition, we can quantitatively assess the extent of what makes the article novel.  

We can measure how the schema accommodates itself over time by producing a new classifier which 
incorporates articles whose publication dates are more recent than those available to the classifier earlier 
on. By comparing schemas across time we may find that changes in the results of the classification are due 
to variations in features. We can therefore identify the features as redefiners of discipline borders. 

The naïve Bayes classifier calculates the probability relationship using Equation (1): 

     (1) 

where P (class | data) is the posterior probability, which is the probability of the class being selected under 
the condition given by certain data; P (data | class) is the likelihood, which is the probability of data 
occurring under the condition given by a certain class; and lastly, P (class) is the prior probability, which 
shows the probability of this class occurring. 

In our study we assume the right side of the equation (1), which is the product of likelihood and prior 
probability, to be the schema. In other words, the schema acts as a function to classify new information by 
using existing information. When certain data possesses k number of features the structure of the 
likelihood, which is the right side first term, is expressed by Equation (2): 

     (2)   

When two classes (class 1, class 2) are given, the classification of certain data will depend on the likelihood 
ratio and the prior probability. The likelihood ratio is expressed by Equation (3): 

       (3) 

In this equation, the likelihood ratio of the given data is a product of the likelihood ratio of features held 
by the data. The result of classification depends on both the likelihood ratio and the prior probability ratio. 
When the likelihood ratio, the left side of equation (3), is larger than 1, the data will be classified as class 1. 
When it is smaller than 1, the data will be classified as class 2.  The prior probability ratio also has the 
same effect. When the likelihood ratio is close to 1, its effect on the classification becomes weak and the 
effect of the prior probability ratio becomes strong. In other words, the decision as to how the data is to be 
classified will be determined, in accordance with Bayes’ theorem, by the combination of features that the 
data hold.  

In what cases will the schema confront disequilibrium when attempting assimilation? First, data that 
simultaneously holds distinct features of both class 1 and 2 increases the chance of disequilibrium. In 
addition, a feature that cannot easily be classified into either class will also cause disequilibrium. In 
contrast, accommodation rebuilds the likelihoods and the prior probabilities by using new information in 
order to recover from disequilibrium. By adding new information, the likelihood ratio of the respective 
features and the prior probabilities will change. 

This research poses the following questions: (1) How is the constitution of the schema, which corresponds 
to the variables on the right side of Bayes theorem, affected by changes in data?; (2) What type of features 
cause the classifier to determine a paper to lie outside the discipline’s mainstream?; (3) How does the 
schema change after accommodation (i.e., as  result of learning). To find answers to these questions, 
quantitative analysis was conducted on 14,524 academic articles published between 2004 and 2015. 

Method 

The study used data from 14,524 academic articles on vision in cognitive psychology published between 
2004 and 2015. The articles were obtained from Scopus and its subject areas as tagged in accordance with 



Redefiners of Discipline Borders 

 Thirty Seventh International Conference on Information Systems, Dublin 2016

 4 

the All Science Journal Classification (ASJC) code. Scopus recognizes a journal as interdisciplinary when 
it is judged to cover multiple disciplines. Accordingly, we divided the articles into two classes, Psychology 
and Interdisciplinary, based on which Scopus category of journals they appear in. The first class consists 
of articles whose subject area tag was only Psychology. The second class consists of articles whose tags 
were Psychology plus one or more other subject areas. Psychology held 4,492 articles and 
Interdisciplinary held 10,033 articles. First, two features were selected from each article: (1) keywords and 
(2) references. In the course of our research, we tried use of full text (rather than keywords and 
references) as a base for classification. However, we learned that the approach introduces too much noise 
(e.g., use of words irrelevant to the core logic of works). Until we can come up with effective filters to 
address this issue, it seems that the use of keywords and references, which connects the publication’s 
directory to its contents, generates better results. Next, we selected 2007 as the year to split the articles 
into two periods. How did we decide on 2007? Initially, we designated each year from the beginning 
(2004) up to the midpoint of the entire period (2009) as the splitting year, thereby each time dividing the 
publications into an earlier and a later period. We then randomized the articles of each prior period, 
allocating 80% to the training set and 20% to the test set. Finally we compared the accuracies of 
successive splitting years by calculating the success rate of each classification whose classifier - as trained 
by the training set - classified the test set. Classification accuracy for 2007 came out highest in this 
comparison.  

The learning of the naïve Bayes classifier and the classification results were used in the analysis. The 
learning of the naïve Bayes classifier was carried out by calculating the prior probability and likelihood of 
each feature from the articles of each period. The prior probability in each class depended on the number 
of articles in each class and the whole number of articles in each period. Next, the likelihood of each 
feature in each class was determined by the number of times it appeared in the articles of each class. 
Laplace smoothing was carried out to avoid the problem of the likelihood of the data becoming zero in 
case of a feature that did not appear even once during the learning. Following Bayes’ theorem as indicated 
in Equation (1), posterior probability is proportional to the product of likelihood and prior probabilities. 

Analysis of the study was performed using the naïve Bayes classifier through two steps: (1) formation of 
the schema, and (2) correction of the schema by accommodation. First of all, formation of the schema was 
carried out with the training set up to 2007. Using the articles contained in the training set and their 
features, the prior probability and likelihood were calculated. The result of the calculation was then used 
to classify the remaining articles. Here, by looking at the likelihood ratio, it became clear which features 
had a strong effect on the result of assimilation. 

Secondly, new information (i.e., training sets from 2008 and beyond) updated the classifier as the 
accommodation corrected the schema in step (2). By analyzing results before and after accommodation to 
see how the prior probability and the likelihood ratios of the respective features had changed, we observed 
the dynamic change in the role these features play. 

Result  

Table 1 shows prior probability ratios and likelihood ratios of representative features from keywords and 

references that affected the results of assimilation. All features listed in Table 1 appeared at least 10 times 

in the whole data. Here, Prior Probability Ratio 1 and Likelihood Ratio 1 are based on a schema (i.e., 

classifier) learning from the articles up to 2007, and Prior Probability Ratio 2 and Likelihood Ratio 2 are 

based on an accommodated schema learning from the articles from 2008 and beyond.   

Note that a feature with a likelihood ratio larger than 1 is more easily classifiable in the Psychology class, 

whereas the feature with a likelihood ratio smaller than 1 is more easily classifiable in the 

Interdisciplinary class. For example, reference “Scholl (2001)” is a feature that was well below 1 in 

Likelihood Ratio 1 and well above 1 in Likelihood Ratio 2. It represents a feature that was previously 

foreign but was brought into the Psychology class after 2008. When there is a feature with a likelihood 

ratio that is close to 1, the classifier is not able to determine with certainty which class the data belongs to 
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based on the likelihood ratio alone. In such a case, the influence of prior probability, which is constant 

among the features of a period, becomes important since the classification is based on the product of 

likelihood ratio and prior probability ratio. For example, “color” will be classified into the 

Interdisciplinary class because its likelihood ratio is close to 1 in Likelihood Ratio 2 but its prior 

probability ratio is well below 1 in Prior Probability Ratio 2. 

Type  

Likelihood 
Ratio 1 
(2004 
         -2007) 

Likelihood 
Ratio 2 
(2008 
         -2015) 

Prior 
Probability 
Ratio 1 
(2004 
         -2007) 

Prior 
Probability 
Ratio 2 
(2008 
         -2015) 

Type of 
Redefiner 
(2004 
         -2007) 

Type of 
Redefiner 
(2008 
         -2015) 

Keyword 

color 2.458 1.050 0.918 0.305 constructor spanner 
autism 1.639 2.099 0.918 0.305 constructor constructor 
task switching 1.529 0.691 0.918 0.305 constructor reconstructor 

development 0.993 2.046 0.918 0.305 spanner constructor 
priming 0.971 0.838 0.918 0.305 spanner spanner 

infancy 0.910 2.198 0.918 0.305 spanner constructor 
pigeons 0.121 0.358 0.918 0.305 constructor constructor 

motion 0.109 2.257 0.918 0.305 constructor reconstructor 
schizophrenia 0.076 0.921 0.918 0.305 constructor spanner 

Reference 

Fork et al. 
(1992) 

25.124 12.895 0.918 0.305 constructor constructor 

Theeuwes 
(1992) 

12.016 3.224 0.918 0.305 constructor constructor 

Maljkovic & 
Nakayama 
(1994) 

9.831 6.448 0.918 0.305 constructor constructor 

Green & 
Sweets (1966) 

1.092 0.744 0.918 0.305 spanner spanner 

Mack & Rock 
(1998) 

0.971 1.007 0.918 0.305 spanner spanner 

Chun & Potter 
(1995) 

0.936 2.418 0.918 0.305 spanner constructor 

Kahneman et 
al. (1992) 

0.218 1.382 0.918 0.305 constructor reconstructor 

Rensink et al. 
(1997) 

0.218 1.842 0.918 0.305 constructor reconstructor 

Scholl (2001) 0.218 2.149 0.918 0.305 constructor reconstructor 

Table 1: Likelihood Ratio and Prior Probability Ratio Before and After Accommodation 

While likelihood ratios are informed of each individual feature, prior probability ratios are only informed 

of the whole class. Prior Probability Ratio 1 and 2 indicate the ratio of the number of articles the classes 

held in the each period. Change in the ratio from 0.918 to 0.305 shows an increase in the size of the 

Interdisciplinary class across time.  

The top three rows of each type show features with a large likelihood in Likelihood Ratio 1, followed by 

three rows approximating 1, and another three rows with only a small likelihood ratio. Among keywords, 

“color” recorded the largest likelihood ratio at 2.458, followed by “development” with a likelihood ratio 

closest to 1 at 0.993. “Schizophrenia” had the smallest likelihood ratio at 0.076. Among references, Fork et 

al. (1992) had the largest likelihood ratio at 25.124, followed by Mark & Rock (1998) closest to 1 at 0.971. 

The reference that had the smallest likelihood ratio was Scholl (2001) at 0.218. 
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Likelihood Ratio 2 shows the changed ratio after relearning of the classifier (i.e., accommodation) by the 

training set 2008 and beyond. When we compare Ratio 1 and Ratio 2, we notice that there are features 

such as keyword “task switching” that moved from above 1 to below 1. This shows that compared with the 

articles up to 2007, the effect of respective features on both the Psychology class and the Interdisciplinary 

class were in flux. Some of the features, so to speak, were “expelled” from the discipline, suggesting a 

division of the discipline. In this regard, it is worth noting that among references, those three that initially 

had a large likelihood ratio subsequently showed a marked reduction, whereas those that had already 

been approaching 1 or had only a very small likelihood to begin with underwent a reversal. 

Discussion 

The purpose of the study was to provide quantitative indicators as to how novel features contained in each 
article affect changes in discipline borders. We modeled the theory of Piaget mathematically into a naïve 
Bayes classifier: schema, assimilation and accommodation were interpreted as classifier, classifying and 
relearning, respectively. The model aimed at capturing a dynamic aspect of development of academic 
knowledge. In the model we regarded a representation of the academic knowledge as schema and we 
interpreted its mechanism of recognizing an emerging article and classifying it into a certain discipline as 
assimilation. The schema tries to maintain equilibrium between it and its environment as new articles are 
emerging. When the schema cannot classify articles appropriately disequilibrium occurs and makes the 
schema accommodate itself, in other words, reconstructing itself by learning information from newer 
articles. 

Let us first discuss the importance of prior probability for the schema. Prior probability shows the size of 
the whole discipline, whereas likelihood shows the number of occurrences of each individual feature 
within the discipline. While we saw prior probability ratios changing from 0.918 to 0.305 with an 
associated increase in the Interdisciplinary class, the latter ratio was so much below 1 that it became 
difficult to reshape the discipline borders. However, this does not tell us why this overflow from the 
Psychology class to the Interdisciplinary class occurred, i.e., why the discipline border was moving. In 
order to enlighten us on that, the data regarding likelihood ratios needs to be discussed in terms of its 
effect on redefining discipline borders associated with each individual feature. 

Secondly, then, we shall discuss likelihood, which plays a role as redefiner of the discipline border of 
individual features. The schema holds information on the likelihood ratio of each feature, which was 
expressed above as Equation (3). The likelihood ratio falls into three types based on the ratio and its 
change. We named the first type boundary constructor and the second boundary spanner. The boundary 
constructor is a feature whose likelihood ratio is significantly different from 1. The feature plays a role in 
shaping the discipline border firmly. This helps the schema to form unique areas within each discipline. 
In contrast, the boundary spanner is a feature whose likelihood ratio approximates 1 and functions to 
span different classes. These are features that are common between different disciplines, i.e., features 
which meld them and make the boundary ambiguous. We named the last ratio type boundary 
reconstructor. This feature originates as a boundary constructor of a certain discipline which becomes 
transformed into a boundary constructor of a different discipline after accommodation. In the absence of 
a clear theoretical basis for setting the range, the 0.7 to 1.3 range was adopted as an approximation in the 
research by allowing 0.5 times standard deviation (0.737) on both sides of the mean (0.979). If the 
likelihood ratio of a feature turned out greater or smaller than the threshold, we named it a boundary 
constructor, otherwise we named it a boundary spanner. 

The boundary constructor resembles a concept named growth as put forward by Upham & Small (2009) 
with respect to research fronts. They described this concept as follows: “[the] front may initially grow in 
size and then split off as a new field of research or even develop into a new discipline." In contrast, the 
boundary spanner resembles the type of functioning named absorption by Upham & Small (2009). They 
described the functioning of absorption as follows: “a successful front may have great influence on its field 
and thus be incorporated by it.” In this sense, the boundary spanner may acquire a function that is similar 
to what Burt (2005) proposes as spanning structural holes. With respect to this concept he writes, “Given 
greater homogeneity within [rather] than between groups, people whose networks bridge the structural 
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holes between groups have earlier access to a broader diversity of information and gain experience in 
translating information across groups.” This is an assertion that better knowledge can emerge in cases 
where there is interaction between spanned disciplines rather than where interaction takes place only 
within a certain discipline. 

The roles of keywords and references need to be discussed in this context. Among keywords, the features 
of “color,” “autism” and “task switching” were boundary constructors in the Psychology class, whereas 
“pigeons,” “motion” and “schizophrenia” were boundary constructors in the Interdisciplinary class. In 
contrast, “development,” “priming” and “infancy” played roles as boundary spanners. Among the 
references, Fork et al. (1992) had a very large likelihood ratio of 25.124 and can be described as a strong 
boundary constructor in the Psychology class, whereas Scholl (2001) is functioning likewise for the 
Interdisciplinary class. These kinds of articles can be seen as redefiners that characterize their respective 
discipline. In contrast, Mark & Rock (1998) is a feature whose likelihood ratio is the closest to 1. It spans 
the boundary by being cited in both disciplines. There are then two types of redefiners: the type that 
brings about uniqueness of a class, and the type that brings about a possible melding of classes. 

As for the schema, it performs the roles of respective features depending on the likelihood ratio. It 
executes assimilation based on that information and the prior probability ratio. Assimilation can easily 
succeed if a new article contains many boundary constructors of a certain discipline. On the other hand, 
where there are many boundary spanners, it is difficult to classify the new article into either discipline. 
Moreover, assimilation can easily fail where boundary constructors of different disciplines are mixed up. 
Such articles have a possibility of masking boundaries and bridging disciplines. When the schema is faced 
with such difficulties, the accuracy of assimilation decreases and disequilibrium occurs. The schema then 
tries to recover from disequilibrium through accommodation.  

The schema conducts accommodation by learning from articles newer than those the schema learned 
previously. After accommodation, the new schema acquires updated information regarding the likelihood 
ratios of each feature and the prior probability ratio. As for the likelihood ratios, depending on the type of 
redefiner, there are four types of role changes : (1) change where the feature functions more strongly as a 
boundary constructor as the likelihood ratio deviates from 1; (2) change where the feature assumes the 
role as a boundary spanner as the likelihood ratio approaches 1; (3) change where the boundary spanner 
becomes a boundary constructor; and (4) change where the likelihood ratio reverses and becomes a 
boundary constructor of a different discipline. Features experiencing the last type of change are called 
boundary reconstructors. Features that become boundary reconstructors can be interpreted as features 
that acquire the function of spanning disciplines as a result of absorption. The act of spanning existing 
research areas of two disciplines gives rise to a new one, and such features bring about this growth. It can 
be understood as a sign of a new field of study that belongs to neither of the disciplines. At this point, the 
change of the prior probability ratio also affects the functioning of boundary reconstructors. When the 
relative sizes among disciplines change, the larger ones begin to have more influence on the others than 
they had originally. The functioning of boundary constructors as well as other redefiners is determined, 
then, by a combination of the two components of the schema: prior probability ratio and likelihood ratio.   

A feature whose role as a boundary constructor has strengthened is “autism,” which is buttressing the 
framework of the Psychology class. In contrast, “color” and “schizophrenia” stand out as features whose 
likelihood ratio is changing to approach 1. It is thought that they have acquired generalization by 
absorption. They are expected to play the role of spanning both disciplines. The features that became 
boundary reconstructors are “task switching” and “motion” among the keywords, and Kahneman et al. 
(1992), Rensink et al. (1997), and Scholl (2001) among the references. Of these, all the features except 
“task switching” have transitioned from the Interdisciplinary class to the Psychology class. This suggests 
that the Psychology class is reconstructing itself in response to the development of the Interdisciplinary 
class, which corresponds to the decrease in the prior probability ratio. This mutability of the disciplines is 
regarded as new area emerging. 
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Conclusion 

This study attempts to provide insight into the roles compositional elements of scientific knowledge play 
in redefining their discipline borders over time. It set out to shed light on the changes affecting these roles 
by applying naïve Bayes classifiers to elements of Piaget’s theory of learning. Findings are expected to 
provide a framework for further research in conjunction with studies concerning research fronts and 
intellectual bases. 

Certain features of articles were discussed in terms of three roles: boundary constructor, boundary 
spanner and boundary reconstructor. Each has its own function: the first to strengthen the uniqueness of 
a certain discipline; the next to bridge different disciplines; and the last to bring about the appearance of 
new research fields. When an article includes a mix of boundary constructors from different disciplines, it 
brings about disequilibrium in these disciplines. This provides the potential for change. Change is 
accommodated by new knowledge that makes features change to other roles among the above-mentioned 
three types. Through this changing of roles, not only does the discipline change its shape flexibly, but new 
fields are also created. 

There are several key dimensions in which this research can and should be developed. First are efforts in 
applying the methodology to other fields of study to test its applicability. We would also need to analyze 
dynamic interactions among disciplines. We cannot generalize our findings until such studies have been 
carried out. Second is the development of more scientifically robust and practically useful standards for 
categorizing the roles of papers in reshaping disciplinary boundaries. Third, we should explore non-naïve 
Bayesian approaches in classifying papers to go beyond simplistic binary classification. Finally, we would 
want to conduct deeper case studies on some of the key redefiners to get to understand just how they 
redefined disciplines. The present study simply identifies what they are, without any explanation of how 
they did what they did. 
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