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Abstract This paper presents a Sciento-text framework to characterize and assess
research performance of leading world institutions in fine-grained thematic areas. While
most of the popular university research rankings rank universities either on their overall
research performance or on a particular subject, we have tried to devise a system to identify
strong research centres at a more fine-grained level of research themes of a subject.
Computer science (CS) research output of more than 400 universities in the world is taken
as the case in point to demonstrate the working of the framework. The Sciento-text
framework comprises of standard scientometric and text analytics components. First of all
every research paper in the data is classified into different thematic areas in a systematic
manner and then standard scientometric methodology is used to identify and assess
research strengths of different institutions in a particular research theme (say Artificial
Intelligence for CS domain). The performance of framework components is evaluated and
the complete system is deployed on the Web at url: www.universityselectplus.com. The
framework is extendable to other subject domains with little modification.
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Introduction

There are several university ranking and research performance assessment systems at use
at present to assess and rank research/academic performance of institutions across the
world. While some ranking systems provide subject wise rankings, none of the well-known
ranking systems characterize and rank institutions at fine-grained levels of research themes.
For example, Academic Rank of Word Universities (ARWU) provides research ranks of
institutions for Computer science (CS) subject but it does not distinguish CS research
output at finer levels (such as into thematic areas of Artificial Intelligence, Databases,
Theory, Algorithms etc.). It is beyond doubt that such a fine-grained assessment of research
strength into fine-grained sub-field level of a subject would be more informative and
useful. We have, therefore, tried to develop a Sciento-text framework for research per-
formance assessment at fine-grained research area level.

Computer science (CS) domain research output data is used to demonstrate the working
of the framework primarily due to two reasons: (a) our affinity with the subject, and (b) the
fact that CS has been changing a lot globally because of new innovation and development
in technology and computation. It is well known that the institutions do not perform equal
in research in all branches of CS as they are not equally equipped with infrastructure and
manpower in all areas. It is, therefore, important to characterize research performance in
different thematic areas for a better understanding of the research landscape of the dis-
cipline and/or an institution. The Web of Science (WoS)' data for publication records in
CS during 1999-2013 period have been used for the analytical characterization.

The framework design involved two major challenges. First, the WoS data does neither
contain full text of articles nor it maps the records into fine-grained thematic areas. It only
categorizes the CS research output into seven sub-disciplines based mainly on the source of
publications (the genre of journals). The broad area categorization of WoS does not help
the purpose since CS is now a vast area of research having evolved over time. For example,
‘artificial intelligence’ sub-field, over the time, has diverged into many thematic branches
like data mining, information retrieval, natural language processing etc. We have tried to
solve this problem by designing a text classifier to classify each research article into
identified finer thematic area(s). Thereafter, we have computed normalized performance
indicators for each of the institutions based on their research performance in different
thematic areas.

We have implemented the framework and deployed it on the Web scale as a full scale
Web-based system, drawing inspiration for broader dissemination from Bornmann et al.’s
“Mapping Research Excellence Project” available at www.excellencemapping.net. Our
framework identifies strengths as well as time trends of research in different thematic areas
of CS at different institutions worldwide. This work is perhaps first work of its kind on a
fine-grained level of research performance assessment. The rest of the paper is organized as
follows: Sect. 2 presents a brief literature review describing some previous related research
work. Section 3 describes the data collection. Section 4 describes in detail the Sciento-text
framework designed to do a thematic area-wise analysis. Section 5 presents the results and
evaluation followed by a short description of applications in Sect. 6. The paper concludes
in Sect. 7 with a summary of the work and its usefulness.

! http://apps.webofknowledge.com.
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Related work and implications

Our work involves two main components: first each research paper is classified into one or
more of the thematic areas and secondly relevant indicators for performance of different
institutions in different thematic areas of research are computed. The first part required
formulation of a suitable classification system. We surveyed the relevant literature to find
existing research work on subject/fine-grained thematic area classification task. Some of
the previous works have performed individual level classification (Waltman and Eck 2012)
and journal level classification (Alwahaishi et al. 2011; Zhang et al. 2010; Janssens et al.
2009; Rafols and Leydesdorff 2009). Waltman and Eck (2012) proposed a three step
methodology for constructing a publication-level classification system of science. This
involves determining the relatedness of publications based on direct citation relations
between publications, clustering publications into research areas and labelling research
areas based on the information in titles and abstracts. The study by Alwahaishi et al. (2011)
did an analysis of the DBLP publication classification using concept lattices where a
journal is represented as a list of topics and the topics are the disciplines being covered by
all journals, based on the extracted data from their aims and scopes. Zhang et al. (2010)
implemented subject clustering analysis based on ISI category classification. The study
focused on the analysis of the information flow among the ISI subject categories and aimed
at finding an appropriate field structure of the WoS using the subject clustering algorithm.
Unlike the other studies Janssens et al. (2009) used a hybrid text/citation-based method to
cluster journals covered by the WoS database. Rafols and Leydesdorff (2009) proposed a
content-based and algorithmic classification of journals. In another somewhat related work,
Golub (2006) used an automated subject classification of textual Web pages, based on a
controlled vocabulary, something conceptually similar to our proposal. Most of this pre-
vious work however did not deal with a fine-grained thematic area classification, some-
thing which we need for our thematic area classification task. Few other previous works
(Singh et al. 2015; Gupta et al. 2011) tried a fine-grained classification of CS domain
research output in different thematic areas. The thematic areas in these works, however, are
not well distinguished and exhaustive.

To identify thematic areas in a discipline is a difficult task and requires proper
understanding of the domain as well as a system to map research papers in different
thematic areas. In order to select the target thematic area classes, we used the taxonomy
(for CS) provided by Microsoft Academic Search (MAS),? described in detail in the next
section. The main reason for selecting MAS is that it is a well distinguished and exhaustive
classification system. Further, it uses WoS data for keyword extraction and therefore aligns
well with our data collection. We used MAS keyword data to implement an automated
classification system for classifying each research paper (publication record) into one or
more target thematic classes.

The second component of the framework involved computing performance indicators to
identify research strength of institutions in different thematic classes. Some institutions
specializing in a given area/subject may have an advantage in the ranking positions when
compared with others (Bornmann et al. 2013c). Several approaches are described in the
existing literature on research performance assessment and ranking of institutions (such as
Liu and Liu 2005; Molinari and Molinari 2008; Lazaridis 2009; Garcia et al. 2012, Uddin
and Singh 2015). Different ranking systems use different scientometric indicators and

2 http://academic.research.microsoft.com/.

@ Springer


http://academic.research.microsoft.com/

1138 Scientometrics (2016) 106:1135-1150

different ways to combine them to produce a single composite rank value. Some well-
known ranking systems, such as ARWU,®> THE,* QS,5 Leiden® etc. also use different
scientometric indicators (along with some other parameters) to produce a single value
composite rank. Aggregation of different performance indicators into a single value
composite rank often involves normalization and/or percentile score computations
(Bornmann et al. 2013a, b; Bornmann and Marx 2014; Waltman and Schreiber 2013).
There is, however, a huge amount of debate as to which aggregation system works best.
There is not one particular accepted aggregation system which is without criticism and
drawbacks. Moreover, composite indicators are becoming problematic and also compro-
mise simplicity (Gldnzel and Moed 2013). Since, our main focus is on performance
assessment of institutions in different thematic areas; we have restricted ourselves to
computation of various research performance indicators. Thus, we do a performance
assessment of institutions in different thematic areas based on some selected scientometric
indicators instead of computing a single composite rank value.

The selection of performance indicators to compute is also not a straightforward task
and requires addressing several concerns. We pursued a number of past research works to
deliberate upon the issue of selection of performance indicators to compute in our
framework. While measuring institutions’ performance, the indicators can be aligned to
some broader categories such as productivity, citations and collaboration based indicators.
One of such paradigms is presented in (Rehn et al. 2007) listing various scientometric
indicators. Using total output is a straight forward and simple indicator but cannot offer the
aspect of quality at all. But the indicator when restricted to count only high quality journal
publications gives some aspect of quality. In scientometric studies, citation based indi-
cators have been seen very popular among researchers. The mean value of class 10 %
papers across all institutions is one of the most used estimates for performance indicators
like highly cited papers (Bornmann et al. 2014). Use of non-parametric statistics (such as
the top-1 %, top-10 %, etc.) is found preferable to central tendency statistics in the case of
skewed distribution (Leydesdorff and Bornmann 2012). Experiential distributions, such as
the citation distribution have been found to provide better insight into the statistical
properties of bibliometric processes than a mean or relative frequency. One such study
(Leydesdorff et al. 2011) uses set of six rank percentages defined over certain ranges. Here,
each document is assigned a score according to the rank percentage. The proposed R(6)
indicator is then defined as the average score over the papers by the unit of analysis. This
approach was revised as Integrated Impact Factor (I3) in a subsequent study (Leydesdorff
and Bornmann 2011) by summing up the rank scores obtained from the rank percentages of
the reference distribution. It has also been proposed that the h index depends on the
duration of period being considered so it should be used for same time window and since
the h index values are dependent on subject category, they should be used within same
discipline (Bornmann and Marx 2011). Article with multiple authors get higher impact
(Avkiran and Alpert 2015) and the effect of articles with intellectual collaboration is
positive (Ductor 2015). The number of co-authors has also been found to have a positive
relationship with the g-index (Bordons et al. 2015). International collaboration can be seen
as an important ‘amplifier’ of measured impact (Van Raan 1998) and also tend to have

3 http://www.shanghairanking.com/.

* https://www.timeshighereducation.co.uk/.
> http://www.topuniversities.com/.

S http://www.leidenranking.com/.
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higher impact factors as compared to purely native papers (Basu and Aggarwal 2001).
Several bibliometric indicators are listed and defined with their uses and pros and cons in a
study (Rehn et al. 2007). Here, the indicators are grouped into five different categories. We
pursued the studies described above for selection of appropriate indicators, for use in our
framework, as described in Sect. 4.2.

Data collection
Bibliometric data

In order to formalize the idea of thematic area based mapping of research strengths, we
have chosen CS domain and collected publication data from WoS. The data was down-
loaded institution-wise for top 530 institutions/research organizations worldwide in CS
published during the period 1999-2013. The data collection includes all institutions in the
world that have minimum 500 publications during the 15 years period from 1999 to 2013.
Some of the institution names in the data are found to be aggregated as a system of
institutions (e.g. University of California System) so we have dropped those names. Finally
we were left with 444 institutions with total 498,488 publication records (as in August
2014). Each record has 60 meta-data fields such as authors, title, affiliation, abstract,
keywords, publication source, and reference list.

Classified control-term dictionary

For the thematic area classification, we have collected the MAS data. MAS is an academic
publication search engine provided by Microsoft Research. It indexes research publications
from journals and conferences in various fields of research and provides features like data
mining, entity linking and visualisation. MAS provides API-level access to their data
through their Microsoft Azure Cloud Computing service. For CS domain, MAS classifies
all the publications into 24 academic specialisations or thematic classes. MAS also provide
a comprehensive list of high frequency keywords corresponding to each of the 24 thematic
classes. We have used the keyword data mappings to different thematic classes to classify
the publication records in the downloaded dataset into different thematic areas/classes. A
total of 37,208 keywords were collected with their occurrence frequencies in different
thematic classes. The occurrence frequency data of MAS was retrieved on 25 April 2015.
The author keywords and other selected fields of a paper are then matched with this
keyword list in a systematic sequential manner for the thematic area classification task.

Institution metadata

We have also collected and organized data and information about institutions in the dataset
from various sources. This data is displayed in the web interface for ready reference and
accessibility purposes. We have collected Wikipedia infobox data for all the institutions
where it was available. In addition, we have collected the geographical latitude and lon-
gitude coordinates of each institution. We have also collated institution phone numbers,
email addresses, postal addresses and other such information for the benefit of the end
users. Collectively, this meta-data information is useful for Web application functionality.

@ Springer
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The Sciento-text framework

We have designed a computational framework, called Sciento-text framework, that com-
bines scientometric and text analytics based techniques. The thematic area classification
part is addressed by the text analytics component and the performance assessment part by
using scientometric methodology. We describe below the two main parts of the framework.

Thematic area classification

In order to classify a research paper to belong to a particular thematic area, a mapping
between research papers to thematic areas is required. Each research paper publication
record) is evaluated to belong to one or more of the thematic areas. Author keyword, title
and abstract field data of research papers is extracted and used for classification task. A
four step algorithm is implemented for the purpose and is defined as follows:Let,

D = set of documents (research papers),
C = set of classes (thematic areas)
K = set of keywords from MAS.

We perform the classification through application of following steps:

Step 1 Keyword frequency matrix

First of all, a [K| X |C| keyword frequency matrix F is constructed.

Step 2 Normalization of frequency

The keyword distribution of different thematic areas is not uniform so a way to find
relative importance of each keyword with respect to the thematic classes needs to be
defined. For this purpose, we have normalized the frequency values (by dividing the
keyword frequency values by the maximum number of occurrence of that keyword in any
thematic area of publications). If a keyword is very common in many thematic research
areas, it does not carry much specificity for those areas. To reduce the effect of such
commonality, Inverse Document Frequency (IDF) value of keywords is multiplied with
corresponding frequency values. More precisely, following mathematical expressions are
computed:

Foreachk € K,

IDF, = log O%)
k

my, = max{Flk,j|,j = 1t0|C|}
Foreachclassc € C,

M[k,c] = EDF, * (%kc])

Step 3 Class scores

For each research paper (document), the keywords are extracted from title, author
keywords and abstract. The extracted keywords are denoted as DT,, DK, DA,, respec-
tively. Three scores (title, author keywords and abstract) for each set are calculated and
combined using the following formula:

@ Springer
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Foreach documentd € D,
DT,;, DK, DAy C K
Foreachclassc € C,

1
Score(DT,) = m* Z Mli, ]
Ki€DK,

Score(DKy Z M(i, ]

1
)=
IDK4| K;eDT,

1
Score(DAy) = m* Z Mii, c]
Ki€DA

4 2 1
Sld, c] = =+ Score(DT,) + =* Score(DK;) + . Score(DA,)

We see that different weights are given to different scores, which are then combined as a
linear weighted sum into a single score. The weightage given to occurrence in title is more
as compared to occurrence in author keywords and/or abstract. These weights are dis-
tributed in the ratio of 4:2:1. This is done by making an intuitive assumption that the
keywords used in the title are most decisive for class membership followed by those in the
author keyword list followed by abstract. These calculations thus lead to alDl x ICl score
matrix(S). This matrix contains membership score of each document for each of the 24
thematic classes.

Step 4 Class assignment

This is the final step of the classification algorithm. Till now each document is assigned
a vector of scores (for all the thematic classes). However, since we want crisp assignment
of each document into thematic classes, we use a threshold value to decide which thematic
class(es) a document may be assigned to. A document is normally assigned a class for
which the maximum score is obtained. But there may be other classes having scores close
to the maximum score. To resolve the issue a threshold value is chosen. Now a document
for which other class scores are close enough to the maximum score may be assigned to
more than one class. More precisely, the threshold and classes are determined in the
following manner:

For each document d,
classg = {}
0, = max{S[d,j], j=1to]|C|} —sd{ S[d,jl,j = 1to]|C|}
Foreachclassc € C,
If S[d, c] > 0,4, add c to classy

Here, sd refers to standard deviation. We observe that the threshold value is computed
by reducing the maximum value by the standard deviation of the all class values for the
document. In this way, we classify each document (publication record) into one or more
thematic classes. For the CS data that we have used, 72.84 % research papers are assigned
to a single class whereas 18.71 % are classified into two classes. About 8.45 % of research
papers are classified into three or more than three classes.

@ Springer
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Selecting and measuring performance indicators

After completing the thematic area classification, it is required to identify research
strengths (in terms of scientometric indicators) for each institution in each thematic area.
Based on the studies mentioned in the ‘literature review’ section, we have selected a total
of ten indicators and grouped them into related categories, as described below. Some of
these indicators are also being used by the well-known ranking schemes for the purpose of
assessment of research performance. For example, total number of publications in journals
indexed in Thomson Reuters’ SCIE and SSCI is used in ARWU ranking. The top 10 %
most frequently cited papers are used as research performance indicators in Leiden and
SCImago ranking schemes. Similarly, both the total citations and average citations are used
in Leiden ranking, while a normalized variation of it is used in THE, QS and Leiden
ranking schemes. Total number of publications in top journals is used by both ARWU and
SCImago, though they differ in the methods of defining the top journals. International
collaborative publications are used in Leiden, THE and SCImago ranking schemes. All
three of them use the ratio of international collaborative publications to the total number of
publications, thus making it a size-independent indicator while ours is a size-dependent
one. The list of indicators used in the present study along with their categorisation is as
follows:

Publication based indicators

TP: total number of publications; TPy journals: Number of publications in first quarter
journals according to the impact factors published by WoS Journal Citation Report 2013.

Citation based indicators

TC: total number of citations, defined as TC = ZE] Citation;; CPP: citations per publi-
cations, defined as CPP = TC/TP; HiCP: number of publication in top 10 % cited set,
where top 10 % cited set is obtained from reference publication set. In this study, the whole
publication set is considered as reference publications; Cited %: it is defined as the
percentage of cited publications to total publications; I3: it is sum of weighted frequency
based percentile ranks as defined in (Leydesdorff and Bornmann 2011). The citations are
weighted in accordance with the percentile rank class of each publication in an integrated
impact indicator, I3 = >, x; * f(x;). In this formula, x represents the percentile value and
f(x) the frequency of this rank; h index: a scientist has index & if & of his or her N, papers
have at least % citations each and the other (Np—h) papers have <h citations each (Hirsch
2005).

Collaboration indicators
Co-authorship: it is defined as the average number of authors per publication; ICP:

number in internationally collaborated paper. A publication is considered as an ICP
instance if there are authors affiliated to more than one country.
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Determining field normalized research strengths

Instead of showing absolute values for a thematic area in an institution, it is more
meaningful to see the comparative strength (using field normalization) in the given the-
matic area. This is due to the fact that for an institution, absolute value of an indicator does
not give proper insight about the relative strength when compared with other disciplines in
the same institution. The variation in productivity levels for different thematic areas is
responsible for this. Thus, it is required to normalize an indicator value considering the
average productivity of the thematic area as base value. For a particular indicator I and
thematic area ¢, the field normalized value of research performance of an institution i can
be defined as:
NF(I,;) = nx i . where nis the number of institutions

L

M=

1

~.
Il

The field normalized strength is computed for each of these indicators to show relative
strength of the institution in different thematic areas. The base value, against which the
indicator value is compared, is the average indicator value.

The indicator values for each institution are normalized along all thematic areas. For a
particular indicator / and thematic area ¢ the normalized score of an institution i can be
defined as:

,  where n is the number of institutions

The institutions are ranked for a particular thematic area on each of the individual
indicators computed.

Results and evaluation

We now show the computational results and outcomes of the Sciento-text framework on
the CS domain research publication data for leading institutions worldwide. First of all we
report classification accuracy. Then we show example results for field-normalized research
strengths on different scientometric indicators.

Accuracy of classification

Out of the 498,488 documents, our classification system was able to classify a total of
404,167 documents (~ 81 %) into one or more thematic classes. We tried to compute the
accuracy of classification. For this purpose, we have taken a randomly selected subset of
classified documents (total 480 classified documents, 20 documents for each thematic
area). These documents were then annotated by an independent annotator. Out of these 480
randomly selected documents, a total of 441 documents are found to be correctly classified
indicating the classification accuracy to be ~92 %, which is a reasonably good accuracy
level for the classification.

@ Springer
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Field normalized research strengths

We have identified the research strengths of different institutions in all the 24 thematic
areas of CS research. First, we show the distribution of research output of all the insti-
tutions taken together into 24 thematic areas in Fig. 1. We observe that ‘Artificial Intel-
ligence’ leads the field of CS significantly followed by ‘Algorithms & Theory’ and
‘Networks & Communications’. Secondly, we show the normalized research strengths of
three prominent institutions in CS research in 24 different thematic areas. The Fig. 2 shows
field normalized research strength of three institutions. The figure clearly shows that
Carnegie Mellon University (CMU) performs better than other two in ‘Operating Systems’,
‘Programming Languages’, ‘Computer Education’ and ‘Software Engineering’. However,
a look at several such charts shows that research strengths of institutions vary in different
thematic areas. The Table 1 presents the screenshot of performance assessment results in
‘Artificial Intelligence’ and the Table 2 presents the screenshot of performance assessment
in ‘Software Engineering’.

Application

We have implemented and deployed our Sciento-text framework as a Web-based system,
which is available on the website: www.universityselectplus.com. The system incorporates
the functionalities of classification, computation of field normalized research strengths and
comparison of different institutions across different thematic areas. At present the system
has analytical results computed for CS domain only but we are working towards gener-
alizing it by taking publication data for other disciplines as well. The purpose of the web-
based application framework is to make the inferences derived from our research easily

Algorithms & Theory
Programming Language®0000 — Security & Privacy
Computer Education 900001 Hardware & Architecture
R . 80000 . .
Scientific Computing 70000 Software Engineering
Bioinformatics & 60000

Artificial Intelligence
Computational Biology rtifici igen

Machine Learning & Pattern

Simulation
fmulett Recognition
Real-Time & Embedded
eal-fime mbedded | 1 Data Mining
Systems
Databases ! ' Information Retrieval
Operating Systems . ) Natural Language & Speech
Distributed & Parallel .
. Graphics
Computing
World Wide Web [ t Computer Vision
Networks & | Human-Computer
Communications Interaction

Multimedia

Fig. 1 Thematic area characterization of CS research output data (1999-2013)
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M University of London
W Carnegie Mellon University

Fig. 2 Field normalised research output strength (TP) of three selected institutions

accessible to prospective students and researchers and to serve as an informative and
helpful tool for the academic and research community.

The primary target user groups, for which we developed the Web-based system, are
prospective and current undergraduate and graduate students, researchers, policy makers
and administrators. From a student’s point of view, the application gives in-depth
analysis of the research being done at all the leading academic institutions, including
identification of research strengths in different thematic areas. It is also possible to
compare research performance of different institutions in one or more thematic areas.
The application also provides temporal trends of research in different thematic areas and/
or different institutions. The results produced also provide an account of most productive
and cited authors in a thematic area and/or an institution. This information may also be
useful for policy makers and administrators who can use the system to know the status of
research in different institutions and thematic areas and consequently take decisions
about research policy formulation and funding schemes.

The web application of the system is built on open-source technologies like PHP and
HTMLS + CSS3 and Javascript. In the system many forms of results can be visualized.
The Fig. 3 shows the home page of the web implementation. The web-based system
provides different results, such as comparison of research performance assessment of
institutions (worldwide or in a region/country) in one or more thematic areas, most pro-
ductive and most cited authors in a thematic area in an institution etc.
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University Select Plus =

Domain:

Choose a domain -

Specialisation:

Geographic Scope:

@ Root

SPECIALISATIONS
l 24

Searching for higher education?

Year 1999 Year2013

Look no further - University Select Plus: Your one-stop gateway to education.

University Select Plus is a scientometric tool developed by Computer Science researchers to
help guide prospective students choose the right academic path.

1. Selectyour subject, specialisation and country you want to study in from the sidebar.

2. Compare up to three institutes on various parameters of research and academic
performance.

3. Getdeep insights about your specific institute like never before.

It's aeasy as 1,2,3.

Fig. 3 The screenshot of the Web-based system homepage

Conclusion

We have designed a Sciento-text framework for a fine-grained analysis and research
performance assessment of institutions in different thematic areas. The working and
suitability of the framework is demonstrated with CS discipline as a case by mapping and
analysing the CS research output into different thematic areas. Our framework provides a
research theme specific assessment of research competitiveness of institutions. None of the
renowned ranking systems provide such a deeper insight into a particular discipline, though
some of them do compute ranks at a broader subject level (such as CS as a whole). Our
system uses a generalized framework which can perform thematic area level analysis for
any discipline of research if the publication data and a classification system are available.
The institutions can be ranked on different scientometric indicators derived from their
research performance in different thematic areas. The entire analytical framework is
evaluated and deployed on the Internet at http://www.universityselectplus.com. All the 444
institutions are ranked in all 24 thematic areas of CS. Country level and region level
analysis results are available. The results produced are quite comprehensive, informative
and useful.

Our application is expected to be helpful for prospective students in making better
decisions regarding their choice of research discipline and institution. The researchers and
policy makers will also benefit from the system in a number of ways. The funding agencies
can take a call to fund more to high performing institutions in a particular area and create a
centre for excellence in a particular area. However, our framework does not compute a
single value composite rank of research competitiveness at present. We are working
towards providing a single value composite rank as an extension of the present work.
Further, the classification accuracy for class assignment, which is around 81 % at present,
can be improved a bit. To the best of our knowledge this work is the first of its kind with a
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comprehensive framework for fine grained research performance analysis, thematic
characterization and thematic area based assessment of research competitiveness of leading
world institutions. This framework is a general design that can be suitably extended to
other disciplines of research.
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