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Abstract
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Choice of industrial development options and the relevant allocation of the research
funds become more and more difficult because of the increasing R&D costs and pressure for
shorter development period. Forecast of the research progress is based on the analysis of the
publications activity in the field of interest as well as on the dynamics of its change.
Moreover, allocation of funds is hindered by exponential growth in the number of
publications and patents. Thematic clusters become more and more difficult to identify, and
their evolution hard to follow. The existing approaches of research field structuring and
identification of its development are very limited. They do not identify the thematic clusters
with adequate precision while the identified trends are often ambiguous. Therefore, there is a
clear need to develop methods and tools, which are able to identify developing fields of
research.

The main objective of this Thesis is to develop tools and methods helping in the
identification of the promising research topics in the field of separation processes. Two
structuring methods as well as three approaches for identification of the development trends
have been proposed. The proposed methods have been applied to the analysis of the researct
on distillation and filtration.

The results show that the developed methods are universal and could be used to study of
the various fields of research. The identified thematic clusters and the forecasted trends of
their development have been confirmed in almost all tested cases. It proves the universality of
the proposed methods. The results allow for identification of the fast-growing scientific fields

as well as the topics characterized by stagnant or diminishing research activity.

Keywords:technology forecasting, text mining, knowledge management, trend analysis,
distillation, filtration.
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Chapter 1. Introduction

Some recently published papers reveal the changéhefchemical and process
engineering role in the public sector decision mgkiClift 2006, Banares-Alcantara 2010).
The engineers’ role broadened from analytical poblsolving to normative social and
economical problem framing (Banares-Alcantara 20T®ke distinction between analytical
and normative role is determined by the type ofisiecs that are made in each case. A
decision is understood as a choice from severdilplesways of a problem or an issue solving
(Banares-Alcantara 2010). In the analytical problsolving the criteria used to compare
alternatives of the problem are available priortihe solution. Thus, the engineer shall
understand the system to predict or modify its kbeha (Banares-Alcantara 2010). For
example he needs to select the process or themgnotpwhile designing the process plant,
taking the economy aspects into account. Here thigica of the decision making is known.
However during the problem framing, the engineesguae a normative role, where the
norms are defined during the problem solving. s tase the criteria of success are unknown
in advance and the engineers must define themmiiti@ decision making process (Banares-
Alcantara 2010). Setting of the environmental séadsd, road planning or selection of the
research field worth of investment are exampleswth approach. The decisions require
balancing of the techno-economic, environmental aadial aspects. Including all these
factors in the decision making is difficult, howesich decisions are increasingly important
and relate to more and more expensive high-scalgegis. Therefore, engineers in general
and the chemical engineers in particular must exmebe involved in this kind of decision
process (Clift 2006).

The normative decision role requires a wide ranfgeachnological expertise as well as
versatility in the fields like economy or managemé@rnere are many publication and patent
databases being used as valuable sources of krgwvli@iblications often inspire further
research and lead to new discoveries. Thereformylenge stored in the databases ought to
be well structured, organized and easily recogtésab facilitate its further growth.
Identification of the valuable and desirable docoteefrom the records gathered in the
database is a very difficult task. Searching teghes based on the identification of the
keywords in the documents' content are not effidmtause, apart of the desired titles, they
return a great number of false positives. whichtrbesfiltered out with considerable waste of
time. In other words, information stored in theatstses is poorly accessible. Because of the
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exponential growth of the number of published &tand patents the searches become ever
more laborious. Therefore new methods and toolsrdpid and efficient filtration of the
required information are in demand.

Consequently, the KDD techniques (“knowledge discgvin database” ) have been
developed. The techniqgues manage and process nkentdo the more compact and useable
form, which facilitate easier identification of thequired information and further new
knowledge discovery (Fayyad 1996a, Fayyad 1996hge Main objective of the KDD
techniques is identification the potential ProblerSolution pairs, which highlight the issues
worth of interest (He 1999). Such KDD process fe@éd by the text analysis shown in the
figure 1.1.

Fig. 1.1. Text analysis diagram of the KDD process.

After the text analysis process is finished, fdatformative phrases or sentences) are
identified in the content of the analysed documefitse identified facts are assigned to
Problem — Action — Object groups. First, the prabls identified and then are the action
paths leading to a solution. The next step of KODcpss discovers new Problem- Action-
Object groups looking for the facts that repeatifferent documents. Finally, the documents
where the interesting Problem- Action- Objects goaccur, are filtered out. One of the most
popular KDD tools is the ARROWSMITH (Smalheiser édanson 1998). Discovery of the
relation between migraine and a magnesium defigiebg means of the medical literature

analysis is a sample of its efficiency.

Discovery knowledge hidden in the databases opexg fields of research, but
prediction of success of such emerging researdthsfies well as making decision of funding
such studies are very difficult. Forecasting pregren the developing research field seems to
be less risky than the examination of newly discegt¢opics. For the known research fields it
is possible to identify the research trends thataforecasting of their future characteristics.
The development trends of the research are a wgwgriant for building of a portfolio of the
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research projects (Evans et al. 2009, Klapka e2G02, Linton et al. 2002, Rajapakse et al.
2005). The projects in the portfolio can be dividetb radical and progressive (Chu et al.
1996, Ringuest et al. 2004). The radical projeffisr digh returns at the tradeoff of increased
risk. The progressive projects bring smaller butrensecure profits. The portfolio of the
research projects should balance profit and risgelasing costs of research and the falling
products' and processes' lifetime make the sefecfiavorthy research projects and allocation
of funds strategically important. Scientific ressfaare more and more expensive because of
high-priced equipment as well as highly qualifieteatists, so only profitable and developing
research field should be researched. New techresogiovide for shortened cycle of the
research to industry cycle. This requires a caraful broad analysis of the current research
trends (Zapata et al. 2008, Rajapakse et al. 20D&Yelopment of the research field is
forecasted upon the analysis of past publicatidivincand on dynamics of its change. The
number of publications and patents is a good measfthe research intensity (Fabry et al.
2006, Tsai 2011). However the change of the nurobg@ublications and patents over time
must be taken into account in forecasting of thartudevelopments. The decision of research
funding is also difficult because of the expondngieowth of number of publications. It
makes the structuring of research and technologicalvledge and analysis of its dynamics
not a trivial task. It shows the need to develophoés and tools allowing on identification of
potentially developing directions of research. Rjpichanging research trends entail that
these tools must work quickly and efficiently. Knownethods of trend detection and
forecasting approximate of the time distributed bemof publication by the exponential
equation (Krampen et al. 2011, Lv Peng Hui et &l11). However, assumption that the
number of publications represent the developmeatustof the thematic field is dubious,
because the exponentially growing volume of pubilbces makes it increasingly difficult to
filter those qualifying and identify the true trendrherefore topics worth the investment, for
which the development is expected are difficulickentification.

Before the trends are detected, the scanned do¢simmerst be assigned to the thematic
clusters, by a structuring process, that is naodéfd with necessary precision. There are three
main groups of structuring techniques reportedéliterature:

e co- classification analysis;
e Co- citation analysis;

e co- word analysis.



The first group of methods executes the clustesingapers on the basis of the journals
classification, in which the analysed papers wearbliphed (Krampen et al. 2011, Lv et al.
2011). Here we get an overview of the analysedarebefield rather than its detailed
structure. The second structuring groups of metti@d®s on the co-citation coefficient as a
measure of the similarity between clustered docusné@arnett et al. 2011; Hung and Wang
2010; Li et al. 2007). Here, the identified clusteften are not thematically coherent and
address many issues. Also the hybrid documentsecing methods based on the co-citation
and co-word analysis are not precise enough (Bretagth 1991a, Braam et al. 1991b, Jansen
et al. 2006, Marshakova- Shaikevich 2005). The afsthis methods result in generation of
clusters containing the groups of the words belmpgimultaneously to several clusters. It
makes the identification of the main theme of thester a challenging task. The third group
builds maps of knowledge, i.e. graphic represematiof words shared by the analysed
documents which discovers word-groups whose memdersoften found together. These
methods offer a good representation of the strachfrthe analysed research field, but
assignment of a paper to clusters is complicatég. fumber of the reference words to be
found in the paper to qualify it to a cluster i€ peedetermined (Noyons et al. 1994, Noyons
2001, Peters and Van Raan 1993, Tseng et al. 2ah(Raan 1993). Dynamic of the research
in this approach is determined by comparison the tperiods on the maps of knowledge
(Callon et al. 1991, Ding et al. 2001). Howeverjstrapproach offers only rough
differentiation between the examined time periodad not a detailed description of
development trend.

The mentioned trend identification methods as wslistructuring methods are wider and

more detailed described in the further chapter.

The drawbacks of the existing trend identificatégproaches as well as the expectations
signalled by the R&D decision makers provide th@reale for the research presented in the
dissertation. Especially important is the limitedidability of the effective methods and tools
for identification of the developing research fildVioreover, rapidly-changing research
trends as well as shortening period between gengrain ideas and its industrial

implementation justify the relevant tools' develaattempts (Hull et al. 2001).
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Chapter 2. Literature overview

Identification of the investment worthy researoélds, consists of two steps. First, the
thematic structure of the analysed research ardauils through the identification of the
particular thematic clusters (branches of resediell). Then, the research trends are
identified for each of the clusters.

In the first part of this chapter, the structuripgpcesses are discussed and explained.
Next, the known clustering methods, and the prayinmetrics are discussed. Finally,
discussed are the most popular techniques of temdtic clusters identification in the

scientific content databases and the researchamegtgction techniques.

2.1 Structuring of theresearch area

The main goal of the structuring process is thatifieation of the specific branches of
knowledge within the analysed research field. Trabhes of knowledge (thematic clusters)
are narrow and thematic coherent research areasgéierated tree structure of the thematic
clusters has its trunk representing the analyssebreh area while the branches represent the
thematic clusters. The children offshoots represenite detailed thematic clusters. Then, we
come to the leaves representing the individualcttred elements. It is very important to
assume in advance the required granularity i.e. fiwsvresult structure is expected to be. In
the other words, it is needed the specificatiothefdesired layer in the tree structure, which
is considered as a result of structuring. It isam@nt, because the process shall pick both the
well developed branches of knowledge, and narromerging and less developed branches.
Such identification of the particular branches obWwledge is achieved by clustering the

similar (close) elements of the knowledge.

2.1.1 Structuring techniques

As indicated, the structuring is effected by clusig of the elements of knowledge.
Before the structuring techniques are describeseéms necessary to explain the clustering
process, the applied similarity metrics between gheup elements and review the most

popular clustering methods.
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"Clustering" refers to assigning of similar objetdsclasses (clusters). The point is to
maximise the similarity within the cluster whiledging them different from the items outside
and divide the data into relatively consistent go(l_arose 2006). To cluster the elements we
must evaluate the similarity between objects.

There is many of similarity metrics known in literee. The most common is Euclidean
distance, defined by 2.1 (Broda 2007):

DEucIidean(X1 y) = Z (Xi -V )2 2.1

i
where X= X=X, X, ..., Xnand y=1Y, ¥», ..., Ym represent values of m chosen attributes of the
elements x and y.
The other often used similarity metrics are Mardrattlistance and Minkowski distance
defined in 2.2 and 2.3 (Larose 2006).

DManhattan(X’ y) = Z|X| - y|| 2.2

DMinkowski(X’ Y) = 1q/Z|Xi —Yi |q 2.3

Despite of the popularity, the metrics do not waddl in proximity evaluation between text
documents, since papers vary in the number of wBideda 2007). In the case of text
documents, a vector space model is used, wheredeameiment is considered as a, so called,
bag of words. In this approach a vector built ofdeois generated for each document. Vector
space model will be described in detail in theisec®.1.1.2, where the structuring methods
based on lexical analysis is discussed.

Some of the proximity metrics applied to text doewmts attempt to measure correspondence
of the co-occurring words (Broda 2007). Other uaesl Dice coefficient (2.4) and Jaccard
coefficient (2.5).

D%,

Doie(X ¥) = ZW 2.4

2 XY,
DJaccard(X' y) = Z Xiz + IZ y_2 _ Z XY, 2.5
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The valueZx;y; in the above equations, which denotes the sum mjfinotion, is considered
as sum corresponding attributes with the same v&8aen the case of text documents value
2xiy; denotes number of co-occurred words between dodsmesnd y. Another widely used

method is the cosine of the angle between the weedsors of the compared documents
(Broda 2007).

2%,

Deoscnd X ¥) = W 26

For optimum performance, clustering algorithms rmegudata normalization or data

standardization (Larose 2006).

data normalizationX ™ = X = min(X) 07
rangg(X)
data standardizatiox” = 2 —2Verag¢x) -
a(X)

whereo - standard deviation of the variable X.

Applying any of the above mentioned metrics, we @bk to evaluate the similarity
between a pair of the clustered objects. Howeuee, question arises how to evaluate
similarity between groups? Basically, there are¢hmethods reported in the literature, for
evaluating the similarity between groups of eleraghtirose 2006).

* single linkage approach;
e complete linkage approach;

e average linkage approach.

The first approaches consider maximum similaritfwleen any record of the group A
and any record of the group B as the similarityvaetn groups A and B. Thus, the similarity
between two clusters is defined as the proximitiyben two most similar elements in each
group. That approach has a drawback, visible infdhewing example. When the elements
are represented by three dimensional vectors, éhaircint contribution of two dimensions
leads to creation of long and thin groups, whighraot perceived as similar (Larose 2006).

The second of the presented approaches is characteby minimum proximity

between any record of the group A and any recordhefgroup B. In other words, the
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proximity between two clusters is defined as thmilgirity between two least similar objects
(one from each group). In this case, the elementmnged in a three-dimensional vector
space, tend to form a compact, ball like groupsdte 2006).

The last of the techniques was discovered to eéitririthe influence of the extreme
values, such as the closest and most distant etepmnthe criterion of merging groups. In
the case, the proximity between two groups is etatlias the average of similarities of all
elements of the group A to all elements of the gr&u Such obtained clusters tend to be
almost uniform variation within the groups (Laro2606). However, the approach is
significantly more time consuming, so the relevelnstering algorithms take more execution

time as compared with the previous methods.

2.1.1.1. Clustering methods

In the section the clustering methods are preseiitieel best known methods are listed
below.
¢ hierarchical clustering (Forster 2006, Manningle2@07);
¢ k-mean algorithm (Manning and Schutze 2001, Likasd.€2005, Mazur 2005);
« density-based clustering (Ester et al. 1996, Saedal. 1998, Xu et al. 1998, Ankerst et
al. 1999);
e graph-theory techniques (Schenker et al. 2005);
« self-organised Kohonen’'s maps (Kohonen 1982, Kohanel. 2000);
« artificial neural networks (Haykin 1990, OsowskigB9 Ahmed 2004, Bortiz 1995).

The first two of the listed methods are the moshewn, therefore are discussed below. First
of the presented methods refers to hierarchicaiteting approach, while the second one (as
shown in the example of k-means algorithm) is nietrarchical. The hierarchical method

results in the dendrogram (a tree structure). Tbe-hierarchical approaches assign the

objects into n declared clusters but there is @e path of the clustering process.

Hierarchical clustering

The hierarchical clustering generates a tree strec(dendrogram) by the recursive
division (distribution methods) or connection (amgkrative methods) of the existing groups

(Larose 2006). In the agglomerative clusteringjratial group (cluster) consists of a single
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element. Then, in each step of the process two siwsiar groups are merged. This way, the
number of groups decrease by one in each steppiuess continues until the proximity of
the most similar clusters is lower than a threshalide (Larose 2006).

The hierarchical splitting methods start with &k trecords in one cluster. Then, at each
step the most incoherent cluster is being splie plocess terminates, when the proximity of
the most dissimilar groups exceeds the threshdldev@arose 2006).

Very often, the clustering process is carried authe end, i.e. in case of agglomeration
methods to the last shared group, or in case tildiion methods, until each group consists
of a single element. In this case, a complete stagcture is obtained, from which the user
selects the appropriate resulting clustering leivethe case, the user does not have to declare
the threshold value in advance. An example dendrogstructure has been shown in the
figure 2.1. The numbers on top index the stageth®fclustering process. Setting the right
threshold value, or selection of the appropriatestelring layer is a major dilemma. This
setting should enable identification of both larlgghly developed fields of research, as well

as the emerging, not yet developed ones.

0 1 2 3 4
®\ Agglomeration

CDE
j Division
4 3 2 1 0

Figure 2.1. Diagram of hierarchical clustering metts.
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K-means algorithm.

K-means algorithm is a simple and effective clustetechnique. The advantage of the
method is clustering the set of elements into kugsodeclared by the user. The process runs
as follows: Initially k elements are selected as thitial means of groups. The choice is
random, but there are extended algorithms that witlr the means selected by the user. The
extensions involve additional procedures, toolshierarchical clustering method that select
the initial means' set.

Next, each of the objects is assigned to the gratnpse mean is closest to this object
under the metrics applied. Subsequently, the cehtbeach of the k clusters is computed
and the process assignment to the cluster of tteesl mean is repeated. A centroid of each
group is a hypothetical element placed in the eltst‘centre of gravity”. The process is
repeated until convergence, i.e. when the followiggetitions do not change the assignment
of the elements to the clusters (Larose 2006).

A modified technique is known in the literature th® k-medoid algorithm (Broda
2007). In this case (as in the original approack)eiments are selected, as the initial means
clusters and the elements are assigned to theeclbaving the nearest mean. But after the
centroids are computed. the real elements clogeshd centroids are identified. These
elements are considered as medians of the cludterthe next cycle, the elements are
reassigned to the cluster having the nearest medihe process continues until convergence.

A weak point of these methods (both k-means andedaid) is pre-selection of the
number of clusters. The chosen number may not bimabfrom the analysis point of view,
since some clusters should rather be merged (aklvbeuthe case with a smaller k), while

others split (greater k). Finding of the optimaskedious and time consuming.

2.1.1.2. Structuring methods.

The structuring techniques vary by choice of thaeleated attributes and the similarity
metrics applied. The rough classification goeso#iews:
» co-classification methods (Amini and Goutte 2010);
e citation and co-citation methods (Cottrill et 01D);

e co-word methods (Ding et al. 2001, Yang et al. 3012
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The first group of methods is based on the clasdibn of scientific papers (publications or
patents) in the group, through taking into acccatibutes of the documents like: journal
name, branch, journal profile, language, etc.. Doeots are assigned to a group when they
share some of the attributes.

The second group of clustering methods aggrega&edtituments into clusters applying a
similarity metrics basing on the number of citaicend co-citations. In the third group of
methods, words are the attributes, on the basighath the similarity metrics is determined.
There are two approaches within this group of mashoThe first clusters scientific
documents taking into account the number of co-otw words. In the second approach,
words identified in the body of documents are dret and the proximity between words is

calculated on the basis of the number of documemitaining them.

Co-classification methods

As it was mentioned, the group of methods basehenaggregation of the scientific
documents through the classification of the jowsnalhere the papers were published
(Krampen et al. 2011, Lv et al. 2011, Amini and @@2010). Publication in the approach are
the clustered unit elements of the knowledge how#ve similarity between documents is
evaluated on the basis of common attributes sutheasame of the journal, the profile of the
journal, language, etc. The choice of the attrilliépends on the aim of the classification. If
the purpose of classification is to identify thearaals, where the articles are mostly published
in the analyzed area of knowledge, then the magazimame is chosen as the attribute of
classification. However, if the purpose of the gmil is the identification of publication
language, in which the articles are mostly published which countries are key considered,
then the language. is chosen as the classificatiibute. Another one type of classification
is realized in order to identify the subjects cepending to the profiles of the journals.
Subjects of such obtained clusters correspond @gjdtrnal profiles. The methods have a
serious drawbacks.

Identified clusters in the group of method are themmatically coherent. In addition, the
approach provides only a general overview of thalyaed research field. Obtained clusters
are very often too general indicating only a wide]l-developed thematic clusters related to
journal profiles. The methods do not identify nevidymed research fields which have not
been considered as individual branches of knowledge However, the advantage of the

approach is the ability to easily present the taistribution of publications for obtained
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thematic clusters, what is crucial for the identfion of the research trends. Moreover such

methods work very quickly, so does not require@yaiicant computational effort.

Citation and co-citation methods

The methods of this group analyse which papersited by the processed publications
and clusters the citing papers accordingly. Thdipations are being clustered quite like with
the previous group of methods, only the similantgtric is different. There similarity is
assessed by any of the following ways:

* bibliographic coupling,

e co-citations.

The fig. 2.2 shows the structure of bibliograptocipling. The ovals on the drawing represent
the publications while the arrows represent thatioih: F—A reads F cites A. Here, F and G
are coupled because they cite the same five papdfs Similarity grows with the number of
shared cited references. However, even if docuneiigishe same papers, their content is not

necessarily similar.

Fig. 2.2 Bibliographic coupling.

The other approach shown on the fig. 2.3 is analg$ico-citations. Here the relation is
reversed. F and G are similar if there are pubboatwhere both F and G are cited. (co-

citation). The similarity grows with the growing mber of co-citing papers. The co-cited

18



documents more often deal with similar subjectsnthlose which refer to the same

documents (coupled).

Fig 2.3 Co-citation

Having the similarity metric, we can discuss thestéring. Here the map of knowledge
is built of the publications related by the simitharelation. Greater similarity is mapped with
bolder lines on the map of knowledge. The moretioita has the paper, the larger is the
shape representing it. The fig. 2.4 shows a netwaik by the CiteSpace tool (Chen 2006).

= eHOLLAND CD, 1963, MULTICOMPONENT O
RICKER NL, 1974, AICHEJ ... +VANWINKLE M, 1967, DISTILLATION ...
»NAPHTALI LM, 1971, AICHE J ...

®HOLLAND CD, 1975, FUNDAMENTALS MODELIN ..
»

FENSKE MR, 1932, IND ENG CHEM ...

PWANG-JC;~1966, HYDROCARB PROCESS ... ISTOL EH. 1966, IEEE T AUTOMAT C

~LUYBEN WL.,B 970, AICHE J ...
+~LEEW, 19767 AICH’EVJA..‘ >

®KING CJ, 1971, SEPARATION PROCESSES ..
SSTRANG|O VA-1974, IND/ENG CHEM P DES D ...

VAR 1 \ *SMOKER EH, 1938, T AM | CHEM ENG
sSES ) «RADEMAKER O, 1975, DYNAMICS CONTROL CON ...

»SHINSKEY/FG, 1977, DISTILLATION CONTI
WRATHORE RNS, 1974, AICHE J V
o ‘ROBINSON CS, 1950, ELEMENTS FRACTIONAL ...
YRATHORERNS, 1974, AICHE J... "\ SHINSKEY FG, 1967, PROCESS CONTROL SYST ...

Fir. 2.4 Co-citation network for the subjects oftilation
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The clusters can be composed in many ways. Anytecing algorithms discussed can be
applied (e.g. hierarchical or k-means). When degalimith the co-citations, immaterial
connections can be cut, thus isolating the clust@mnovetter 1973, Schildt 2006). The

connection is recognised as immaterial by appbecatif the triangle inequality (Chen 2006).

1/r
W, < [Zk:Wr\rnka_lj 2.9

Wi denotes the similarity metric between items i pehile Wykni-1 is the similarity value of
the items N and N.;, for k=1,2,...,m. Therefore it is an indirect pattween the items i and
j that goes through the itemg,NNy,..., Nk, as long as these belong to the same clustdre If t
Wi is greater than the weight of the alternativeriti link, it violates the triangle inequality
and such a link is removed (Chen 1998). There w&rerhore parameters involved in this
method: r and g. The r parameter defines the Mirgdkbwetric space for the network, which
becomes Euclidean for r=2. The q parameter linties hnumber of links in the triangle
inequality test, where the combined weight of tlhpbetween i and j is evaluated. This
parameter fits within 2 <= q <=M-1, M refers to thember of all items in the network (Chen
2003).

Citation analysis is a popular method use for stmireg of various knowledge domains
(Barnett et al. 2011; Hung and Wang 2010; Li et2007; Newman 2005; Price 1965; Small
and Griffith 1974, Garfield 1994). Diagrams depigtithe citations networks help understand
how scientific and technology knowledge is orgashiard how it evolves in time (Wasserman
2003, Scot 2000, Yi et al. 2012). Limitations ostmethod derive from the perception of the
document as an unit individual. Although each padilon differs from others, it is rarely
monothematic and usually addresses many issues Mo 1996, Garfield 1985). This
means that scientific papers and patents are allirsed to others and cannot be perceived
as unit elements of knowledge (Lee et al. 2010gtYdl. 2012). Thus, this method also builds
thematic clusters that are not coherent, quite the co-classification methods described
earlier. The resulting clusters derived from thklibgraphic coupling and co-citation often
address many subjects and naming of the core gubjéificult. Nonetheless, the methods

basing on co-citations analysis are more preciae those relying on co-classification.
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Co-word method

The third group of methods analyses how specifieda/aco-occur (co-words). This
means that a cluster is defined by the words' msdbund in the analysed documents
(Courtial 1994, Yoon 2004, Yoon 2008). These methtvdat each document as a "bag of
words” and assume that the words found in the stiempaper reflect its content (Larsen
2008, Cui 2008). This is the so called vector spaodel. Here the vectors of words found in
the analysed documents are built, or matrix of suettors. Some of these base on the
preselected keywords only, so it is easy to bh#tvectors. Some other methods identify the
words in the titles and abstracts. Eventually theme methods fishing the words in the full
text. All need to select informative words that @@od discriminators. These informative
words vectors known as fingerprints are built iatistical processing. One of the most often
used is the term frequency inverse document frexyuéactor (TFIDF), computed for each
word with the formula 2.10 (Salton et al. 1975,t&al1988, Manning et al. 2007):

N N

tidf, = tht,d D]OQE , Where 2.10
d t

tfa-  number of occurrences of the word t in the doeninal;

N - number of document;

dfi-  number of papers where the word t occurs;

This factor becomes high for words that are nunmgiausmall number of documents. It is
small when the word t is either rare or ubiquitdliserefore the higher the TFIDF is the more
discriminatory words select. Here we come to the twain subgroups of the co- words
methods.

e text documents clustering;

« maps of knowledge visualisation.

The first approach clusters the text documentsthedsimilarity is computed on the
basis of the words shared (Forster 2006, Dittenleaeth 2000, Goldszmidt and Sahami 1998,
Musgrove 2003). Any of the discussed metrics isableé (e.g. Euclidean, Jaccard's. cosine
etc.). There are also hybrid methods where the dtienclusters are determined by
combination of the citation method and lexical gl (Braam et al. 1991, Jansen et al. 2006,
Marshakova- Shaikevich 2005). All these clustemnmgthods (both hybrid and lexical) suffer
from severe limitations. The fingerprints of theistiers include words' groups also present in

different clusters. This creates difficulties ireidification of the main subject of the created
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clusters. Furthermore, as it is the case with tle@ipus structuring methods, the documents
are perceived as unit elements, while in fact treylinked elements of knowledge (Lee et al.
2010, Yi et al. 2012).

The second subgroup has the knowledge maps drawis. dpproach depicts the
structure of the knowledge domain as a networkhefdo-occured words (Borner 2003, Su
2010). The words are identified with applicationtbé discussed vector space model. The
networks are built in quite the same manner as thene in the co-citations methods. The
individual words are the node elements of the nekwehile the similarity is computed by
analysis of the words shared in the documents si¢hascluster. There were many knowledge
domains depicted this way, e.g.: biochemistry (Riol Courtial 1984), chemistry (Callon et
al. 1991), neural networks (Van Raan and Tijssef31Noyons and Van Raan 1998),
biological safety (Cambrosio et al. 1993), optonadimics (Noyons and van Raan 1994),
adverse drug reactions (Clarke et al. 2007), soéwagineering (Coulter et al.1998) etc. (Lee
et al. 2010). The methods do not have defined thmhber of words which must be shared
between the document and the fingerprint in ordeadsign the document to the cluster
(Noyons et al. 1994, Noyons 2001, Peters et al31%8eng et al. 2010, Van Raan 1993).
This hampers attempts to detect the changes ipuhkshing activity for the clusters under
scrutiny and prevents further application of theshnique for the purpose research trends
detection. Furthermore, the keywords marking thelipation are often ambiguous, unclear

and plainly incorrect (Wang et al. 2012), and dertdusters cannot be identified accurately.

2.2. Detection of theresearch trends

Detection of the research trends is a relativelyingp subject, but some methods
facilitating such analyses have already been déviBeey usually fit an exponential curve to
the number of the papers published over time (Lal.€2011). Other methods apply nonlinear
regression fitting polynomials or inversed expora@rurves (Baskurt 2011). Other apply two
years moving average (Hossain et al. 2012), or #medotrajectory of the number of
publications (Krampen et al. 2011). However, prést@on of the publication activity as the
change in the number of publications over timenadequate, because this value grows
exponentially. Detection of the research trendhasefore quite difficult.

In the case of the co-citation networks there am@ approaches to presentation of the

clusters' evolution. First approach attempts toesssdifferences between the networks
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applicable to different time periods (Ebel 2002hisTis however strenuous and ineffective,
and only discovers the differences between the arésy but does not provide information

about specific trends. Other approach comparesuh#er of citations and co-citations over
time within the defined clusters (Chen 2006). Congom of these data shows time evolution
of the clusters, but as with the case of the nurnbpublications, the data volume grows over
time, and therefore the method fails to depict adégly the development of the research
topics. The dynamics of the development is alserdghed by comparison of the visualised
maps of the shared words for several time peri@ddign et al. 1991, Ding et al. 2001, Hou

2006). However, like in the case of co-citationwuks, this approach gives only rough

insight in the time evolution, but no specific tosnidentified by the well defined parameters

are being discovered.

2.3. Background summary

Identification of the subjects interesting as aye¢arof investment in research has two
stages: structuring of the domain, and identifaatof the trends within the clusters found.
Because of the practicalities, combination of ttracturing with the trend detection emerges
as a major issue in identification of the promisiegearch subjects, There are two kinds of
solutions:

e the structuring based on the publications' clustesvith trend detection based in time
evolution of the number of publications;
e the structuring based on the visualisation of ttesnof knowledge with trend detection

based in time evolution of the maps.

The first approach provides for easy presentatiothe number of publications over
time for the given thematic clusters what faciatapplication of the trend detection
methods. However, the structuring does not bringcise results here, since the identified
clusters are not coherent. Moreover, the documargsperceived as atomic elements of
knowledge while in fact they are a collectionstud £lements of knowledge. This means that
clustering of the documents does not lead to peddientification of the research subjects. A
clustering based on co- classification disclosdg the general thematic profile matching the
already known and broad research topics. The edi@iis analysis is imperfect too, since the

linked publications not always deal with the similesearch subjects. Despite the limitations,
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these methods prove more precise than those retyingp- classification. The third type of
clustering analyses the words shared by the docisnaenl the resulting thematic clusters are
more coherent than those resulting from co-citatidrhe methods basing on analysis of the
shared words are not perfect since they do notigeeder identification of the subject (topics)
of the generated clusters. Furthermore, like withdase of the earlier discussed methods, the
document can be assigned to one cluster only, adg@atmes monothematic character of each
publication. Assessment of the research subjectldpment relies on time evolution of the
distribution of either citations and co-citation ttre number of publications. Since these
values grow exponentially in time, this approacksioot adequately reflect the development
of the analysed research subjects.

Shortly: this group of methods is imprecise in idfggation of the thematic clusters, but offers
easy assessment of the time development of theedyshus facilitating trends detection.

The second groups of the structuring methods difé@siderably. Structuring relying on
visual maps of knowledge seems much more precee #imy other known method. Here,
individual words become the atomic elements of Kedge and this allows for generation of
coherent clusters. In this case, assignment ofittt@ments to the specific clusters becomes
more difficult. It hampers attempts to determine tevelopment dynamics of the clusters,
and application of the trend detection methods dbasethe time distribution of the number of
publications. The trends are assessed by compadsdhe maps compiled for different
periods. This is not satisfactory as there are panttative methods to identify the
development trends.

Assessment of these two methods leads to the fmitpaonclusions: From the point of
view of structuring, visualisation of the knowledg@ps discerns the thematic clusters in the
most price way. But words, adopted as the atomemehts of knowledge are sometimes
ambiguous and misapplied. From the point of vievthef trends detection, the first group of
the combined methods proves superior since it ifai@k visualisation of the clusters'
dynamics and detection of the development trends. iddicated above. number of
publications provides for a poor depiction of thevelopment dynamics since these numbers
are subject to exponential growth which impedesewmbrdetection of the trends. Some

compromise between these approaches seems to bestheolution.

The provided review of the known techniques indisaheed of methods and tools
facilitating both adequate structuring with easgigsment of the documents to the clusters,

and easy detection of the present and future triendssearch. These methods should perceive
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the groups of the shared words as atomic elemérksoovledge and allow for occurrence of
the specific words in more than one thematic cludthis would solve the problem of diverse
usage of the words, a shortcoming of the knowletig@ping methods. Furthermore these
methods should use techniques facilitating easytifiisation of the subject of the generated
clusters and clear assignment of the documenthealusters. The tools should detect the
documents loosely connected to the analysed résdarnain and allow for assignment of the
documents to more than one cluster. Inclusion efsfmonym recognition would allow for
even more adequate definition of clusters. Furtibeenthe development of the identified
thematic clusters should be represented by vasat@dpresenting values different than the
number of publications, to facilitate easier andrenceliable detection of trends, Except for
that, the methods detecting the future researctidsrare necessary for those deciding about
the research trend funding, Also important seentsetpropose a mathematical model, which
allow on both trend identification and forecastimghich would not be only a empirical
regression. This model shall explain time evolutidrthe thematic development and provide
for far reaching conclusions. Also, the citatiord aso-citation analysis should apply more
subtle metric than that based on the number dii@ita only. Such approach would grasp the
utilisation of knowledge on top of the "knowledgeoguction” reflected by the number of
publications.
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Chapter 3. Aim and objectives

The aim of the research was creation of the tootkraethods supporting the decision
making process in selection of the promising rededopics relating to the separation
processes. The designed methods and tools havecbeéwonted with the issues specified
below:

« definition of the thematic structure of the knowdgecddomain;
¢ presentation of the development history of the fified thematic clusters by means of
the historical research trends;

« forecast of the future research trends for the tifled thematic clusters.

The following hypotheses have been adopted:
e past to date development trends of the knowledgeaily provide data for prediction
of the development trends;

* modelling of the development dynamics of a giveowedge domain is possible.

The knowledge domain where the experimental vatidabf the devised tools have
been carried out is distillation. This subject baen chosen because it is perceived as a well
developed subject whose current progress is slod/jtaconsists of many thematic branches.
The results were also validated for filtration.tfation is a well developed and still growing
knowledge domain consisting of many branches. # gfsen to demonstrate usability of the
developed techniques to separation processes tther distillation. The other important
motive for choice of these subjects was practigallability of experts to discuss the results.

The structure of the dissertation is the followi@apter 4 presents two designs of the
structuring methods and three designs of trendctlete

The first proposed structuring method identifieentiatic clusters without use of
semantic analysis. The words are perceived as aearstrings an no meaning is analysed,
while the thematic clusters are identified by theups of words shared across the cluster. On
the other hand, the words shared define some sltargdnt, therefore, in certain sense, the
meaning of words is taken into account. Absencésefmantic analysis” means that the
synonyms will not be recognised in the process. pioposed method builds the clusters
through grouping high co-occurred word sets. Ths sensist of three or four words that

often coexist within the thematic cluster and alatively rare beyond. The analysis extracts
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only the meaningful words from the abstracts, tlitain the fingerprints of the analysed
papers.

The other structuring method is almost the sammapared with the previous method,
except for some extra improvements. At first it e ability to recognise and use the
synonyms. Furthermore, the collections of words @dustered automatically by means of
hierarchical agglomerative method. Moreover, thmgdiprints of the analysed publications
are built by application of the TFIDF, as a measafréhe discriminating capabilities of the
individual words.

The second part of the chapter 4 presents threbodetof trend detection. The first
applies the techniques used in technical analysithe financial markets. They facilitate
detection of present and forecasting of future asge trends. Publishing activity of each
thematic cluster is represented by the relative memaf publications (RNP). This technique
derives from the observation that the time distidru of the RNP oscillates. Therefore, by
analogy to the financial markets where the stocktem oscillate, the methods have been
borrowed. These techniques (trend line, a simpbdlator (OSC) and a stochastic oscillator
(K%D)) forecast future research trends basing enpidist publishing activity in the analysed
thematic clusters.

The next approach applied the NEB (novelty - exploburn out) mathematical model
to forecast the publishing activity in the analyskdmatic clusters. This procedure relies on
the SIR epidemics model often applied for assestofethe disease infection progress. This
technique relies on the observed analogy betweiglemics and the development of a branch
of knowledge.

The third approach makes use of the functions aemm citations and co-citations
within the defined thematic clusters. Developmehthe research subject is presented by
means of the analysis of "use of knowledge", wttike two earlier approaches focus on the
publishing activity ("production of knowledge").

Chapter 5 of the dissertation presents the resultshe research trends detection as
applied to distillation domain for four variants thfe combined methods of structuring and
trend detection. In addition, the chapter presamtsassessment of the developed methods,
based on the analysis of the results. Chapter € pte analysis of the filtration with a variant
of the designed combined techniques. The dissentatids with the summary of the results in
the Chapter 7.

27



Chapter 4. Methods

The chapter presents the structuring methods ofthtbmatic domains and trend detection

methods.

4.1 Knowledge domain structuring by means of identification of the thematic
clusters

Here the two approaches to identification of thieject clusters are shown. The section
4.1.1 deals with a simple and effective approachre/ilmo synonym recognition is involved.

The other approach in 4.1.2 shows how synonym r&tiog is applied to the subject
cluster's identification. This technique recognisggonyms and near equivalent words for
that purpose. This provides for the more precisdyars than the previous one at the expense
of the computing power applied.

Each word recognised by either of the discussedhadstis converted to its root form.
To simplify the message, we would refer to the rfooin wherever the term "word" is used

further on.

4.1.1 Structuring ignoring the semantic analysis

The following tools are used:

e Article_Data-  MS Access database designed byutteog

¢ Rapidminer - open access tool used for generatidimgerprints table (http://rapid-
i.com/);
* WordSet - tool designed by the author in Delphijolr allows on identification of

the word sets;
¢ MS Excel Makro- procedure designed by the autivbich allows on determination of the
time distributed publication activity.
The applicable flow chart has been shown in the 4id. The elements in this chart
represent the tools applied in the analysis, whideboxes show the stage of the analysis dealt

with the indicated tools.
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WordSet

- Retrieving articles related to
the analyzed research field fror - Creation of words co-
database of articles occurrence table
- Generation of four and three
J word sets
Article_data

v
MS Excel Makro

- Loading of the articles

- Selection of therticles

- Identification of thematic

clusters
Rapidminer - Determination of changes in
the relative number of articles ip
- Creation of fingerprints table everycluster

Fig. 4.1. Thematic clusters identification..

The process goes as follows: First, the publicatiatdressing the analysed knowledge
domain are identified in the scientific papers Hdate. They are filtered with respect to the
keywords. A paper is included in the domain whea tjuery keyword is found in: title,
keywords or an abstract of the publication. Thae, éxcerpts of the filtered publications are
downloaded and stored. The excerpts contain thee ftithors, keywords, abstract, year of
publication, name of the journal, location withiretissue (page number) etc.

Then, these data are loaded in the CIT table irAttiele_datadatabase. The next step
of the analysis involves only titles, keywords aatzstracts. Abstract is a mandatory feature
here, as the former columns to not contain enougtasvto identify the clusters.

The next step applies the Rapidminer tool with Teatimput module (Mierswa et al.
2006). The tool creates a fingerprints table fbaahlysed documents. The array is built as a
result of statistical analysis from which the imeral words (stop list words) are removed.
The fingerprints in the array store only the rootnis of the words. The created table
represents the meaningful words found in the docusnender analysis.

The array created by the Rapidminer is fed to Wetd®hich creates the word co-
occurrence table. The table shows the number afrdents , in which each pair of words co-
occur. During further analysis the word co-occuceetable and the fingerprints table are used

for identification of four words sets that dendte titomic elements of the thematic clusters.
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Tests were carried out to find the optimum numbfewords constituting the atomic
elements of the knowledge. Attempts of use of fi@ds sets resulted in smaller number of
clusters than the four words sets at the samehbietvalues, Furthermore, the five words
collections discerned only very narrow subjectsifgsmall number of publications, Many
important thematic clusters were ignored this wary.the other hand, three words sets created
too broad clusters matching correspondingly bradgests. Four words collections proved to
be the best atoms for thematic clusters and reduttmedecently structured clusters. However,
not all subjects can be identified with four wosigs, so final identification of the thematic
clusters was performed with four words sets anglempented with the three words sets. In

practice, the three word sets are applied to tieviers after the four words sets searches.

The words that build a word set are characterizgd thigh co-occurrence between
words constituting the same thematic clusters, anthe same time low co-occurrence with
other words, that build other thematic clustersentification runs against all four word

combinations and those that satisfy the conditielouw are recognised as atomic elements of

knowledge:

CC, k) 2ThrA 4.1
CG iy

1 = >ThrB , where 4.2

7(Di +Dj +D, +D|)

4

CGijx) - number of publications where the words i,jdctur,

D; - number of publications where the word i occurs

ThrA, ThrB - arbitrary threshold values.

The first formula defines the minimum number of doents in the thematic cluster. It must
be low enough to facilitate discovery of new sutgesith “little publicity”, as well as broad,
well known subjects where a lot is being publishBte second formula checks how often the
candidates for a word set occur together as opptostiet company of other words. Thus, the
ThrB threshold value determines the degree of fiagmice of the words constituting a
potential cluster from the discrimination point\oéw. The next stage of the analysis looks
for three words sets not being subcollections efapproved four words sets.

The next step of the analysis is realized in MSdExidere the identified word sets are

grouped into thematic clusters. Then comes the goiore that relates the number of
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publication to time in each thematic cluster. Tlesults are then scaled against the total
number of publications for a given year for theegivdomain of knowledge. Distribution of
the relative number of publications allows for easiecognition of the trends than the

distribution of row number of publication. Also gthesults are more reliable end expressive.

4.1.2 Structuring with the synonym recognition applied.

This section presents an improved variety of trec@dure presented in the preceding
chapter. The earlier method does not equate thengyms while looking for the words sets
and the assignment of the publications to the eftastequires a human involvement. The
synonyms should be equated for the purpose of tbed veet building. Moreover the
fingerprints building procedure should be adjudtedemove the immaterial words from the
table of the fingerprints. Previously only the ‘stiist” words and very rare were removed.
Still too many immaterial words figure in the fimgents table. Furthermore, the assignment
of the word sets to clusters requires attentiohushan experts and slows the analysis down.
This process should be automated.

The improved method utilises the WordNet databddenglish vocabulary (Fellbaum
1998, http://wordnet.princeton.edu, Miller 1995heaxe the words are grouped in the synsets
and related by the lexical and semantic relatidhe database allows for better identification
of clusters after equating the synonyms in the wats. The fingerprints are then built after
computation of the TFIDF ( Salton et al. 1975, Magret al. 2007). The next improvement
is application of the agglomerative clustering loé tvord sets (Chang et al. 2010, Voorhees
1986, Gowda et al. 1995). Cluster procedure iskgaind controlled only by the two threshold

values, and also provides for removal of the rednh@vord sets from the identified clusters.

The following tools are applied with this method€eTtools not used in the previous method

are presented in boldface.

* Publication_Data- a database developed by the author, built in MSS@rver with
functionalities of word root finding and the synomy finding.

» WordSet - a tool developed by the author, cremtézelphi, picking words sets,

* Field_Group - a tool developed by the author, created in Biglpuilding the

thematic clusters,
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* MS Excel Makro- procedure developed by the autbbarting the distribution of the
publishing activity over time.

A diagram of an improved method of trend detecti@s been shown on the fig.
4.2..The elements in this chart represent the tapfdied in the analysis, while the boxes

show the stage of the analysis dealt with the atdit tools.

Field group

- Retrieving articles related to the . . —
ana|yzed research field from - Thematic clusters identification

database of articles

Publication data MS Excel Makro

- Loading of articles - Determination of changes in the
relative number of articles in every

- Words identification cluster

- Similar words pair identification

- Computing tfidf (term frequency
inverse document frequen:

l

- Creation of words co-occurrency
table

WordSet

o

- Generation of four and three wo,
sets

Fig. 4.2. Improved thematic clusters identification

The process goes as follows: First, the publicatiatdressing the analysed knowledge
domain are identified in the scientific papers bate. This process is an analogue to this
described in the earlier subsection. Next, the dodata are downloaded and fed into the CIT
table in thePublication_datadatabase.

The database includes the followilgordNetdatabase tablesiexlinkref, , linkdef’,
~semlinkref, ,sens& ,word’. The WordNet stores the words of English grouped by
synonymity and related with respect to the semaatid lexical similarity relations of:
hypernym, hyponym, antonym, similar, participleridation etc. The similarity relations are

held in the Jinkdef'. table. Basing on these tables therdsimtable was built, where the pairs
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lexically and semantically similar words are stor&tle process was run automatically only
for certain types of similarity in order to limibé number of the resulting pairs and select
those most similar. The Publication_data databasdrplemented functions PorterStemmer
and EnglishStopwordFilter borrowed from the Rapigeniwith the Textimput module. The
PorterStemmer finds the words' roots while the Eh§topwordFilter removes immaterial

words. The figure 4.3 shows the structure of thieliPation_data database.

SENTREL *
AUREL * CIT * 7 SR_ID
7 AUREL_ID ool_% g aT_o kood  SRCITID
AUREL_CIT ar_pt o  SRSLD
AUREL_AU ar T SR_PART
AUREL_First ar_as SR_which
ar_kw
ar_Fr
CIT_SO SENTLIST *
ar_o & g sLb
AU ar_py SL_SENTENCE
—e= ¢ AUD ar v
AU_AUTHOR ar s
ar_sp
T _ep
linkdef * P, SENTWORDREL
7 linkid =, - 7 Sw_ID
name oo | SW_SENT
recurses SW_WORD o=
SW_WHICH
wordsim * WORDLIST_SIM *
# Ws D 7 WLS_D
we-wt wis w1 >~ [woRDLIST *
oo Ws_w2 Wis.w2 Y WL Lo
WS_TYPE WLS_TYPE WL_WORD
WL_CORE
word * WL_idft
L] % wordid to—; | WORDREL * WL_ile
lemma L ® WR_ID WL_odw
lemma_core WR_WORD
length WR_WL oo

Fig. 4.3. Publication_data structure.

In the following process of thematic clusters camstion the processed text is retrieved from
the titles, keywords and abstracts. The sentendeaceed from each of the publications are
stored in theSentlisttable. Then, the analysis deals with the speuificds. First, the words
are converted with thBorterStemmeand then the words on tis¢éop-listare removed. The
resulting roots are stored in tkiéordlisttable of thePublication datadatabase. Furthermore,
the Sentwordreltable records thewprd, sentendepairs indicating words found in the

sentences. If a word has already been recorddueiwordlist table, only the relation in the
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Sentwordreis recorded. Simultaneously, as the third stepudflication_data object, pairs of
similar words from th&Vordlisttable are identified automatically based onwloed, wordrel,

and wordsimtables and are introduced into ttMordlistSimtable. Then th&entwordrelis
appended with the records of documents where thearsgcally similar words occur. This
means that: if the words (A,B) are related in WerdlistSimtable, and A is found in the
document D, than the records equivalent to B isifbim D are appended to the relevant tables
The operation causes taking into account the giityilaf the words during the further
structuring process. The last step in fublication_datadatabase the TFIDF is computed for
each word in thaVordlist table. Let's remind: this factor becomes high viamrds that are
numerous in small number of documents, i.e. thegath well. Further on, the analysis deals

only with the words having high TFIDF value.

Next, theWordSetool is used in the same way as described in tbeiqus subsection.

It generates the words co-occurrence table andghearates four words sets and three words
sets. The input data consist of two tablég-Word records the primary key references to
pairs (word, document) — this way records the daoirtg document for each word. The
records are appended to the table when the (wardjndent) pair satisfies the following
conditions: TFIDF > A (A being an arbitrary thresiio and the number of documents where
a word is found is limited by an arbitrary thregh8. Word-Similarity,the second input table,
records primary keys of the similar words recordetlVordlistsim.Word- Similaritytable is
extended in th&VorSettool to a second level of similarity explained the example. So if
word X is similar to word Y, and word Y is similéo word Z, then this situation is treated
such that word X is considered similar to word Addhe extra similarities, X, and Z are
added to theNord- Similaritytable. This operation results in elimination oé tredundant
word sets in the WordSet tool, which consist of@yms. TheNordSetbuilds collections in
very similar way to that described in 4.1.1. Thirenly one extra condition in the word sets
building. The limitation states that the word se&thjch contain although one pairs of similar
word are neglected. It causes elimination of thdumelant word sets, consisted of
semantically similar words. After the four wordsssare built, the three word sets follow.

The next step of the analysis is realized by thddFroup tool in order to cluster the
word sets into thematic clusters. This processieppin agglomerative, hierarchic clustering
described in detail in 2.1.1.1 (Chang et al. 20d69rhees 1986, Gowda et al. 1995). The
input data to theField_group include theCit-Word table and the table of words sets.

Clustering begins with one set in each clustersedch next step, the closest clusters
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according to the adopted metric, are being merdée. loop breaks when the similarity
between the closest clusters is lower than Thr@stiold. Similarity is computed for all
collections' pairs, where the collections are assiigto the respective clusters. The similarity
is computed as provided by the 4.3 formula. Thisrim@f similarity resembles full linkage
method described in 2.1.1.

Dg n Dsj . .
MIN|| ————=—|,Dla i=1l,j=1.J|, where: 4.3
MIN (Dg;, D))
S- words set assigned to the first cluster undesicteration;
S - words set assigned to the second cluster watesideration;

Dsi- number of papers where the word saic8urs
I- number of words sets in the first cluster;
J- number of word sets in the second cluster;
MIN- the minimum function;

Additionally, a limitation 4.4 has been introdudedavoid confusion when one of the words
sets represents a narrow fields while the otheds/get represents a broad field overlapping
with the former. When the limitation is not satsfi for the pair of words sets, this is
interpreted as absence of similarity.

MAX(Dg;, D)
MIN (Dg;, Dg;)

=>ThrD 4.4

After grouping, the clusters are checked agairtkimdant word sets which are removed.
This means that when a set of documents contaitiegmvords set A of the cluster AA is
completely included in the set of documents whéherowords sets of AA occur, the words
set A is removed. Once the clusters are definedpthput of thd=ield_grouptool are fed in
the Publication_datafor further analysis.

The final result coming is a time distribution ofetinelative number of publications
represented by each thematic cluster, what fatgifitaapplication of the trend detection

procedures.

4.2 Trend detection methods

This subsection proposes three approaches to tedadtibn. The first borrows from the
technical analysis of the financial markets. Thesethods are applicable because the

publishing activity oscillates in time. Thereforbettrend detection can by analogy borrow
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from the technical analysis of the financial mask@flurphy 1999). The main advantage of
these methods is detection of the turning pointthefrelative number of publications (RNP),
which start a new trend section. A trend is recseghias ascending when each increase in the
RNP attains a new maximum, while each decreases stbp higher level than the previous
one. A descending trend is defined accordingly.

The second approach - a NEB model - utilises amsteljl SIR model of epidemics. This
procedure relies on the SIR epidemics model offilied for assessment of the epidemics
development progress. Its time profile shows singleape as a time profile of the RNP.

The third approach applies newly designed citafimretion (CF) and co-citation
function (CCF). This methodology offers alternatisew on the subject development. As
indicated, these previous approaches base on “lealgel production” while the proposed
approach considers “use of knowledge” and therdfases on citations and co-citations
numbers. Moreover, the proposed functions alloveasy identification of the developing
research areas, because its signals are more eXiasethe relative number of publications

signals.

4.2.1. The methods of financial markets

Trend detection discussed in this subsection applieee methods borrowed from the
technical analysis of the financial markets (tréind, a simple oscillator (OSC) and stochastic
oscillator (K%D)). These are the most common temies of a technical analysis of the
financial markets. Trend detection is difficult andreliable and there are many supporting
techniques improving the reliability. This approaalows for detection of periods when a
given trend governed and facilitated short ternedast of future trends. The advantages of
these techniques are useful for finding of the thgerclusters whose climax has not yet been

reached.

4.2.1.1. Trend line method

A straight line is drawn, crossing the points oihimma (maxima) of the RNP for the
respectively ascending (descending) trends. Thee dhmows both the trend direction and its
velocity (angle of the ascent). When the trend linesses the section line of the RNP, it

signals reversal of the trend. The fig. 4.4 shoas to identify the ascending and descending
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trends detected with this technique. The pointskethrwith “9” on the drawing signal

reversal of the trend.

Fig. 4.4 Trend detection example for ascendingaf#) descending (B) trends.

4.2.1.2. Oscillator method

This method (OSC) bases on the momentum, a valireedeas a difference between
the annual number of publications and the respectiimber of x years earlier. Positive
momentum indicates an ascending trend while a ivegadlue marks a descent. Zero value
(sign change) indicates reversal of trend. Peakeg{any sign) may indicate forthcoming

reversal of trend. The x parameter sets the fregyuefithe oscillator. The lower it is, the
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larger is the frequency. This means that for lar@ees of x, the oscillator reacts slower to the
trend reversal but it is less sensitive to randpaisg) alterations in the RNP. Small values of
X, make the oscillator to react quicker to the drezversal but it is more sensitive to random
(noise) alterations in the RNP. In practice, usutlio oscillator functions are examined
(small and large x) to balance the imperfectiorts g&t more reliable data. The fig. 4.5 shows
an example of application of this method to varieakies of x. The curve illustrated in the
top of the figure denotes prices, however the lottarves illustrate momentum'’s lines for
high and low value of parameter x. The faster mdomarcurve very often intersect the zero
line what makes difficult trend identification. Hewer slower momentum curve allows on
easier identification of the trend but identifiesrnd later than faster momentum curve. Points

market by arrows in the figure denote moments foegiurchase
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Fig. 4.5 Trend detection with OSC.
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4.2.1.3. Stochastic oscillator K%D

The K%D stochastic oscillator charts two movingrage lines K and D. The values of

K are computed with the formula 4.5 .

K :100§ , Where: 4.5
H-L

C- current value of the RNP,

L- RNP minimum over y year back

H- RNP maximum over y year back

The line D is a three years moving average o thied Ascending trend is detected when the
lines cross on ascent. Descending trend is detestexh the lines cross on decent. An

example is shown on Fig 4.6.
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Fig. 4.6 Trend detection with K%D.

The top chart shows price change - a vertical @eatiarks a day change. The lower part of

the fig. 4.6 shows the K and D lines. Arrows indécat the points of trend reversals.
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4.2.2. Mathematical modelling as a way of trend detection

This subsection presents application of the NEBvéitg - exploit — burn out)
mathematical model for visualisation of the RNPtle thematic clusters. This facilitates
forecast of the future trends in research. The inbds been created on a basis of the SIR
epidemics model (Kermack et al. 1927, Piyawong |et2@03). It is governed by three
differential equations describing the time evolntaf the three groups of members during the
epidemic progress. These groups include: Susceptibealthy — at risk of infection, Infected
and Recovered. Analysis of the RNP charts showtsthieaRNP grows to a top point and then
stabilises or decreases. This depends on the $sbel of development. Therefore the SIR
model has been applied and then replaced by the NiBBel, to represent the RNP
distribution. The built model recognises noveltytioé thematic clusters (N), changes of the
publication activity (E) and their burn-out.

This method employs the tools created in the Maglabironment that allow fitting of

the model functions to the experimental data amdprdation of the model parameters.
4.2.2.1. SIR Epidemics

The SIR models the evolution of the three groupsnduthe epidemics outbreak. The
model assumes that the infected (I) individualsdfar the disease to the susceptible (S)
individuals, while the recovered (R) are alreadsis&nt. Therefore the speed of S individuals
decrease is proportional to both their number dwedriumber of the infecting agents (bSl).
The number of infected individuals grows with thecrbase of the susceptible but the
recovering make the grow slower subtracting the lemproportional to those infected. The
speed parameters a and b denote infection and egcaate. The described process of
evolution can be represented by the following sysbé differential equations.

ds

Ht=-bf$(t)m(t);

%:Uﬁ(t)[ﬂ(t)—a[ﬂ(t); 4.6
dR

a:am(t);
An example of the time evolution of the all threeps has been shown on the fig, 4.7.
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Fig, 4.7 An example of the time evolution of thec8ptible (solid blue), Infected (green dash) and
Recovered (red dash point)

The epidemic begins with many susceptible and aifdéacted. With time, the number
of the susceptible decreases and the infected gromsmbers for as long as the first part the
second equation (bSl) dominates over the secortd(g@iy This means that there are more
individuals being infected than those recoveringaeW these terms equal, the number of
infected reaches maximum shown on Fig. 4.7. Thenrthmber of infected individuals
decreases when the number of the recovering exdbatisf being infected. The number of

the recovered grows with varying speed during fhidemic.

4.2.2.2 NEB model

The proposed model NEB bases on the SIR model {H#. 2007, Pourabbas et al.
2001, Piyawong et al. 2003). The differential etpreg system have been shown below.

dN_ .
dt =—cIN) (E();

=N E)-dE); 47

dB_ .
Ht_d[E(t)’
d=d, [{L-+gSin¢/D)
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The function N represents novelty of an thematicsir, E the publishing activity in the
thematic cluster, while B denote its burn out. Novis substantial when the analysed branch
of knowledge emerges and then decreases in time itgitdevelopment proportionally to
novelty and publishing activity. The c parametepresents the speed of grow of the
publishing activity. At the same time, the burnimgt equals O with emergence of the branch
of knowledge and grows along the discoveries irpprtion to the publishing activity (dE).
The d parameter represents the speed of burnindtasita harmonic time function with the
amplitude equal ¢ (the force of burn out) and frequency w. The hidhg activity depends
on how the novelty relates to the burn out. Thignsethat the publishing activity in a branch
of knowledge depends on the novelty and the exjspablications in the field. These
publications inspire new discoveries in the subjéstlong as the decrease in novelty (cNE)
exceeds the growth in the burn out (dE), the phbig activity will increase, and it will
decrease when the said relation reverses. AnathetSIR model is quite obvious.
Application of this model requires fitting of the function to the experimental
distribution of the RNP. This fitting will facilite forecast of the future RNP, i.e. a trend
forecast. Finding of the parameters in the NEB rhdde the purpose of fitting of the E

function is an optimization problem.

4.2.2.3 Fitting of the model to the data

Fitting of the E function requires solution of th&EB model for the assumed model
parameters. The applied optimization algorithm sidjuhe assumed values according to the
fit accuracy. The optimization problem is solvedhihe algorithm of differential evolution
what allows for the parameters determination (Peteal. 1997, Price et al. 2005). The
problem is solved with the least squares methodhaB(RNP(t) - E(t)f is being minimised.
The process of optimisation has been presentetierfig. 4.8. Differential Evolution is a
effective evolution strategy. It is simple, easyapplication fast and efficient. This algorithm
was used i.e. for optimization of a system of iach@ange columns (Sitarz 2007). There are
two tables in the optimizer. Each contains a pdpmriaof vectors (members) having real
values. The members are construed here as thdossluif the optimising problem. Each
member is represented by a vector of decision bi@saThe primary table records the current

population while the secondary table stores thé gemeration vectors.
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KTarget vector Ndom vectors N — population
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Xi Xi+l XA ........ XB XC XN
/
/
\\; Current Population
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variables
F(XA 'XB) XC + F(XA 'XB) F — differential
factor
if . if L Crossover
- P>CR - — P —random
"/ > P<=CR number (0, 1)
« CR —crossover
factor
Trial vector Noisy vector
A\ J
> X1 ? X

better solution

New population

Fig. 4.8. Algorithm of the differential evolution

The process goes as follows: First, the start @tjoul is built of the assumed number of
members. The members are selected by random &itiribaf values within the earlier defined
limits for each variable. Once the optimising isirlehed, the first member of the start
population is selected as a target vector, and theectors are drawn from among of the
remaining members and subtracted. The resultingoweunultiplied by the F parameter is
added to a third vector selected at random fronréhgaining vectors in the table. This is a
noise vector, which is crossovered with the tangsttor what results in the trial vector.

During the crossover process a real number isteelés random from the section (0,1). If it
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exceeds the CR parameter of the optimizer, thevieigtor gets the variable value copied from
the target vector, otherwise, it gets the valu¢hef noise vector. Next, the goal function is
being computed for the trial vector and compareit wie goal function of the target vector.
If the value of the goal function of the trial vecis lower than the goal function of the target
vector, the trial vector is stored in the next gatien table, otherwise the target vector is
stored in the next generation. This is a cycleda@ingle member. Then the next vector is
selected as a target vector and the cycle is regdat all members as the target vectors (N
times) and for the given number of generations (M).

The data optimized in the NEB model (decision \@es) include: ¢, ¢ g, w, Ny
(novelty of the subject in the initial conditiondly (RNP in the initial conditions). The
optimization algorithm has been implemented in tatlab script and tested on test
examples. The system of NEB differential equatioras solved for each iteration by the

ODE15s procedure of the Matlab software, for theeigidecision variables.

4.2.3. Research trend detection basing on citation and co-citation analysis

The trend detection methods presented in the pisvsoibsections based on the RNP.
This means that the field of research developn®epticeived as the growth of the RNP, i.e.
with the "knowledge production”. On the other hahd new knowledge discovered and
published inspires work that results in new disci®ge Therefore, if a certain knowledge
domain develops, then the papers belonging to tmath should be cited often. This
approach focuses on "use of knowledge" as a imalicatthe domain development.

However, the number of citations an co-citationthimi the domain is not good measure
of the development since these values grow alotiig tvé number of publications. Therefore,
the number of citations and co-citations within tt@main should be normalized to provide
for a reliable indicator of the domain developmeRtrthermore, domains include key
publications which are often cited and those lessninent which are often not cited at all.
Also, the subsequent citation of a key paper seemose important for the subject
development than citation of a marginal publicatiémother issue is the period when the
paper enjoyed referencing. Key publications aretegidor a long time, as opposed to the
marginal ones. Another issue are the co-citatiohghvindicate coherence of the subject
matter. The number of co-citations should be noisedlin a similar way as the number of

citations.
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Taking into account the known shortcomings of ti@idgraphic techniques that map
the domain development on the number of citatiomsa-citations, some functions mapping
the development have been proposed. The proposkdigee solves all the shortcomings of

those discussed earlier. The basic idea goeslas/fol
4.2.3.1. Citation analysis method
The functions defined below (4.8 and 4.9) repretiemtevelopment of the domain.

N C P
CE:ZCi,tEﬁ . j 4.8

maxC maxP

ccr=3.3:00, 5 DJ{C o ) 1o b s )| *
T maxCC maxC maxP maxC maxP

where

N - number of documents in the analysed themaister.

CGi; - number of co-citations between the documeatsdii within the year t.

CG; - total number of co-citations between the doents i and i.

maxCC - maximum value of the co-citations in thalgsed documents.

Ci:- number of citations of the document i in tharye

C- total number of citations of the document i,

maxC - maximum value of the citations in the asatydocuments.

P - period when the document i has been cited,

maxP - maximum period, where the document carited for the data under analysis.

The citation function (CF) represents the develapnievel of a research domain and
depends on the number of citations only. Co-citaficmction (CCF) accounts for the number
of co-citations within the domain. These functiaare computed annually, what allows for
representation of the time progress and detectfolreads. The CF value depends on the
number of citations, which is normalised to theevahce of the cited documents. The
normalising factor includes two elements. The {@8axC) factor weights of the citations of
the document against the most cited document. Vdlige therefore belongs to (0,1) section.
The factor (F maxP) weights the period when the document undesideration against the
longest observed period citations. This value tloeeebelongs to (0,1) section.

The CCF value depends on the number of co-citatiamich is normalised to their

relevance and the weights of the documents withclvlihese are co-citation. The ZC
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maxCC factor weights of the co-citations betweeanitand j against the most co-cited pair of
documents. This value therefore belongs to (O,t)iee The remaining terms in the CCF
function represents the average of the relevandbeofo-cited publications. The weights are

computed analogously to those for the CF function.

The fig. 4.9 presents the process of trend deteciibe elements in this chart represent
the tools applied in the analysis, while the bostasw the stage of the analysis dealt with the
indicated tools. The fraction of the diagram thaald with the construction of the thematic

clusters matches the diagram 4.1 representing #tkead described in the 4.1.1.
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WordSet

- Creation of words co-
occurrence table

- Generation of four and three
word sets

Fog 4.9. Trend detection based on citations anditagions

The process goes as follows: First, the publicatiaddressing the analyses knowledge
domain are identified in the scientific papers bate (e.g. ISI Web of Science), with the

search criteria based on the keywords associatédtineé analysed knowledge domain. Then,
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the excerpts of the criteria matching documentsstmeed in records containing: title, authors,
keywords, abstract, publishing date, bibliographdtress etc. These data are read into the
CIT table in theArticle data database and the citation data are fed into GRetable.
Additionally, the database has relations table nding theCIT and CR indices values, and
thus it is known which documents and where aredcitéitations (i.e. references to the
documents included in the records) keep the folgwidata: authors. journal name,
publication year, journal issue, volume and pageshe issue. Therefore, the essential
information like: title, key words, and abstractasking. These data need to be updated and
the necessary procedure has been built.
Next step builds the tabldPbwiazanid [Relations] where the pairs of indices valuescof
cited documents from the CR are stored. This pscess automatically involving another
specially built procedure.

In the following step, the thematic clusters foe inalysed knowledge domain are built.
This process is the same like that described ifthel. The clusters can be built for the data
from both the CIT or CR tables. In the case of ygorted research only the CIT clusters
were built because the CIT documents have beenallyeselected to fit in the analysed
knowledge domain, while the cited documents from @R may not concern the domain
under analysis.

The last stage involves the specially designed qoloe that identifies the data
necessary for computation of the CF/CFF functiamsebch year and each thematic cluster.
The data are fed to Excel and the values of th&€EF/functions for the specific clusters are

computed for the analysed period.
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Chapter 5. Structure of the research area — distidition.

This section presents the results for the distifatesearch area in four variants:
1. Structuring without synonym recognition; trendsed#ibn in the analysis with
the financial markets methods of technical anajysis
2. Structuring without synonym recognition; trendsed¢ion in the analysis with
the CF and CCF functions;
3. Structuring with semantics; trends detection in #malysis with the financial
markets methods of technical analysis;

4. Structuring with semantics; trends detection inahalysis with the NEB model;

5.1 Variant 1 results

The subsection shows the results for structurirth mo use of synonym recognition and
trends detected by the methods of financial martestisnical analysis. The research was run
on the documents (scientific papers) in the ISI WEBcience database. This database seems
the most suitable for the analysed subject. Fumbeg, the database is generally accessible,

often used and facilitates batch downloads of ab&tr(up to 500).

The ISI Web of Science contains 13450 papers rhddisbetween 1990 and 2008,
whose titles, keywords or abstracts contained thiWdistillation". These data were fed into
theArticle_datadatabase. 11402 documents that included an abateae selected for further
analysis. Next, the fingerprints table was builr 6389 identified words and 11402
documents. Words that were found in less than umeats only, were removed from the
fingerprints. Such rare words are too detailedfdiother analysis. The next step created 2156
four words sets for the thresholds valued of Thrl &hrB equal 14 and 0,09 respectively.
Additionally, 993 three words sets were built, whidid not include in the four words sets
created earlier. The thresholds values ThrA an@®Tar the three words sets equalled 14 and
0,14 respectively. Some of the created word set® wemoved since they did not refer
directly to the analysed subject and dealt withdiigjects like chromatography, spectroscopy,
sedimentation etc.. The remaining words sets wesepgd according to expert decision into

38 thematic clusters specified in the table 5.1.
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Table 5.1. Thematic clusters identified for theiamatr 1.

No Name of the thematic cluster Number of
Articles

1 Designing of the distillation column system 1281
2 Modelling of the distillation column 1113
3 Extractive distillation 1097
4 Modelling of the distillation column system 1055
5 Controlling of the distillation column system 809
6 Optimization and designing of the distillation aed 619
7 Vapour - liguid phase model for distillation 504
8 Multiple steady states in the distillation prages 481
9 Dynamic of the steady state model 319
10 Economy aspects of distillation 316
11 Membrane distillation 312
12 Modelling of the reactive distillation 299
13 Equilibrium aspect in the reactive distillation 293
14 Heat and mass transfer in the packed distilatmumn 271
15 Kinetics and catalysis in the reactive distitlat 222
16 Designing of the reactive distillation 209
17 Distillation of alcohols 194
18 MTBE System 194
19 Azeotrope distillation 173
20 Optimization in distillation process 163
21 Distillation process for desalination 151
22 Esterification 139
23 Azeotrope residue curve map 128
24 Pressure drop aspect in the packed distillatodmmns 119
25 The steady state model for the system of thetiveadistillation 105
26 Supercritical distillation of C£and CO 104
27 Hydrophobic membranes 96
28 Energy aspects of desalination 89
29 Economical aspects in the desalination process 75
30 Equilibrium models - nrtl, and uniquac 66
31 Stefan Maxwell nonequilibrium state model 53
32 Direct contact membrane distillation 48
33 Cryogenic distillation of the hydrogen isotopes 45
34 Distillation plate 40
35 PVDF membranes 28
36 Heating boilers for distillation 28
37 Artificial neural network applications in digdition 26
38 Distillation of the essential oils 24

The examples of the trend detection for two setetiematic clusters have been presented

below.

The detailed results for the " Membrane distillation" thematic cluster

The words sets for the cluster have been listeoviel

solut membran permeat flux;
solut membran water flux;
solut membran flux concentr;
solut membran flux feed;
membran temperatur permeat flux;
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membran temperatur water flux;
membran temperatur flux concentr;
membran temperatur flux feed;
membran permeat pervapor flux;
membran permeat water flux;
membran permeat flux concentr;
membran permeat flux feed;
membran permeat flux transport;
membran permeat flux hydrophob;
membran permeat flux contact;
membran permeat flux modul;
membran water flux concentr;
membran water flux feed;
membran flux concentr feed;
membran flux direct contact;
membran flux transport hydrophob;

312 documents published between 1990 and 2008 wassigyned to the subject under
consideration. The fig 5.1 shows the trends detefitethis thematic cluster. The upper part
of the chart shows the RNP segment line in theogefiom 1990 to 2008 and the charted
trend lines (straights I- II). The middle part®fl shows the momentum lines for the OSC for
x=2 (orange line) and for x=4 (brown line). The Ewpart of the chart shows the K line (for
y=4) and D line for the stochastic oscillator.

The results indicate four specific trends.

An ascending trend was present between 1990 and 49%he line | indicates. The
signals generated by OSC or K%D during this tineiaessential, since only after 1994 the
OSC is fed with enough data to detect the trendlewthe K%D oscillator could only be
applied after 1997.

Within the 1994 - 1997 period a descending trengrésent, shown by the line Il. The
momentum is negative what corroborated with theqgion of the descent.

The 1997 - 2003 period is marked with the ascentigmd with weak oscillations of the
RNP. Within this period both the momentum lines ple@ced over zero what corroborated
with the ascending trend. Crossing of K and D iB718orroborates with the ascending trend.

The 2003 - 2008 period is marked with the ascendiergd (line Ill) with strong
oscillations of the RNP. The crossings of K andubirt this period are misleading and result
from large oscillations in the number of publicato Both momenta are positive after 2004
what corroborates with the ascending trend. Negatiomentum for the K%D oscillator after
2007 is misleading and results from large oscdlaiin the number of publications The
analysis of the detected trends leads to foredabieacontinuing ascent after 2008 since there

are no signals of reversal.
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Fig 5.1 Trend detection for the "Membrane distitiaf' cluster.
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Detailed resultsfor the" Kinetics and catalysisin the reactive distillation " thematic cluster

222 documents published between 1990- and 2008 agmigned to the cluster under

consideration. The following word collections defiih.

catalyst reaction kinet reactiv;
reaction kinet model reactiv;
reaction kinet column reactiv;

The fig 5.2 shows the trends detected for this Htentluster. The arrangement of the lines
on the chart is similar to those in the previouseca

Analysis of the trend detection results shown @wvie can identify three main trends during
this period.

In the beginning period from 1990 to 1995 a weatending trend is detected with its
peak in 1994. It is represented by the line I.

Within the 1995 - 2002 period an ascending trendtinaes, shown by the line II.
However, the growth is stronger than the recordeties. It is represented by greater angle of
ascent for the line 1. Crossing of K and D in 1998roborates with the ascending trend. The
momenta of the OSC and the K%D oscillators aretpesiand this corroborate with the
ascending trend too. Crossing of the line 1l arel NP line as well as crossing the K and D
lines near 2002, indicate a trend reversal in 2002.

For the third period between 2002 and 2008 thesliieand IV form a descending
triangle, what indicates a period of change. Whmnttend line 1ll crosses the section line of
the RNP, it forecasts a descending trend in 200&8ues of the momenta were positive, but
they were descending and the momentum line foséleend oscillator was placed below zero
between 2005 and 2007. This is a signal indicaimginstable, intermediate trend during this
period. Crossing of zero by both momentums bef@@82 indicates the descending trend
after 2008. Furthermore, the lines K and D cros®sé times indicating subsequent ascents
and descents.

This indicates a volatile trends during this peribtbwever, crossing of K and D in 2007

confirms the forecast of descent after 2008.
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5.2 Variant 2 results

The results for structuring without the semantialgsis and the CF, CFF are as follow.
This query involved 13450 papers from the ISI Wélscience published between 1990 and
2008, whose titles. keywords or abstracts contaihedvord "distillation". The process of the
clusters construction has been described in 5Thére were 38 clusters. The clusters were
built with the data from the CIT table in th&rticle_datadatabase. There were 182050 cited
papers in the 13450 found documents. Titles of 338&d papers were found, 46098 cited
papers has their keywords identified and for 4788&racts were found. The co-citation table
»Powiazanid had 1197770 records of co-cited documents. Thenyvalues of CF and CFF
were computed for all thematic clusters as thetfanof time. The parameters' values were
the following: maxC = 206; maxP = 18; maxCC = 6&jdv, two trends detected with the CF

and CFF have been presented.

The detailed results for the " Membrane distillation" thematic cluster

The fig. 5.3 shows the changes in RNP of the duster time (in blue at the upper
chart) and the CF and CFF changes over time (rédyaen on the bottom chart).

The values of both functions on 5.3 grow until 20@5at indicates development of the
subject over time. However, there were temporagpsirof the values between 1996 and
1998, and between 2000 and 2001, understood a®targpnterruptions in the development.
The RNP grows until 2005 except for the temporayoegnt between 1994 and 1997.

After 2005 both functions fall until 2007 what si&s brake of the development. But
further growth after 2007 indicated continued depeatent. Analysis of the RNP within this
period indicated ascending trend with high osédlas between 2005 and 2008. The profile of
both functions is similar but CCF provides for siger and more expressive signals.
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Fig. 5.3. Detection of trends with the CF and CkRdtions for the "Membrane distillation" thematic
cluster

Detailed resultsfor the" Kinetics and catalysisin the reactive distillation" thematic cluster

Fig. 5.4 shows RNP over time and the CF and CFRlgsoThe colours are applied as
in the previous sample.

This cluster reveals two local maxima near 2000 20@4, and - like in the previous
sample - the signals of the CFF are more expressifie proposed functions show
development up to 2004 with short break betweeri 20@ 2003. The subject seem to expire
after 2004. Similar results are coming from the RNFhis cluster, where the ascending trend

is first observed until 2004 to become stagnaretraftat.
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Fig. 5.4 Detection of trends with the CF and CFRdtions for the " Kinetics and catalysis in the
reactive distillation" thematic cluster

5.3 Variant 3 results

This subsection shows the results for structuriity wse of synonyms recognition and
trends detected by the methods of financial marestisnical analysis. The query was run on
15576 publications in the ISI Web of Science putdis between 1990 and 2010. The
documents that featured the word of "distillatian"the title, keywords or abstract were
selected. The downloaded data were stored in tAet&llle of theArticle_datadatabase.

After the immaterial "stop-list" words were remoye&b455 words remained. Then, 4183
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pairs of similar words were identified and storedthie WordlistSimtable. Further analysis
was limited to words having TFIDF greater than X@freshold A) and the threshold B
between 14 and 30 percent of the total number ofigations in the CIT table, i.e. 4673.
After these limitations, th€it-Word table included 1892948 records of the (word, dasn
pairs.Word-Similarity the other input table, included records from WerdlistSimtable and
15301additional records of similarity. In the next ste§b9 four words sets were built for the
threshold values ThrA and ThrB of: 14 and 0,12 eefipely. Additionally, 473 three words
sets were built for the threshold values ThrA amiBrof 14 and 0,19 respectively. Further
analysis lead to 108 thematic clusters keepingttteshold values ThrC and ThrD of 0,4 and
2,5 respectively. Eventually, 27 thematic clusterere selected, strictly related to the
analysed domain from the point of view of chemiaatl process engineering. The clusters
have been listed in the table 5.2.

Table 5.2. Thematic clusters on distillation foe tariant 3.

No Name of the thematic cluster Number of
Articles

1 Modelling of the distillation column system 1558
2 Controlling of the distillation column system 1045
3 Designing of the distillation column system 948
4 Distillation process control in steady state 680
5 Vapour - liquid phase model for distillation 626
6 Extractive distillation 545
7 Mass transfer in the packed distillation columns 501
8 Equilibrium aspect in the reactive distillation 494
9 Dynamic and steady state models 493
10 Multiple steady state process 376
11 Catalysis in the reactive distillation 260
12 Membrane distillation 211
13 Supercritical distillation of CQand CO 189
14 Direct contact membrane distillation 137
15 MTBE System 123
16 lon exchange resins 115
17 Desalination process 111
18 Azeotrope residue curve map 99
19 ETBE system 93
20 Parametrical optimization of the distillatioropess 71
21 Distillation of alcohols 70
22 Artificial neural network application 67
23 Divinylbenzene 54
24 Equilibrium models — nrtl, and uniquac 54
25 Stefan Maxwell nonequilibrium state model 32
26 Structural optimization of the distillation pess 22
27 Bio diesel transestrification 19
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The examples of the trend detection for some sdeittematic clusters have been presented

below.

Thedetailed results for the " Direct contact membrane distillation” thematic cluster

137 documents published between 1990 and 2010 assigned to the subject under

consideration. The following word collections defiih.

contact direct membran demd;
contact direct membran flux;
contact membran flux permeat;

The fig 5.5 shows the trends detected for this dtencluster. The upper part of the
figure shows the RNP profile and the trend linelse Thiddle part show the OSC oscillator
profiles for x =2 (oscillator 2) and x=4 (oscillatd). The lower part of the chart shows the K
line and D line for the K%D oscillator with y=4.

The subject under consideration was born about #9@6the development was started
about 2000. An ascending trend was present bet2@@d and 2004 as the line | indicates.
Both momenta are positive after 2001 what corrdiesravith the ascending trend. Crossing of
the lines K and D near 2001 indicates the ascenttearyl in this period. Other crossings
within the analysed period are not meaningful.

Within the 2004-2010 period the trend is risingef line 1) quicker than in the
previous period. Both the momentum lines lay owozaxis, what confirms the ascending
trend. The K and D factors reach 100 between 20@72009, and then the K and D lines
cross about 2009. This indicated the descent &fd:i0. Other methods do not provide
meaningful signals about the trend reversal, thahghmomenta fall after 2009, what may

lead to crossing zero after 2010.
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Fig 5.5 Trend detection for the "Direct contact nigame distillation” cluster.
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Detailed resultsfor the" Equilibrium aspect in the reactive distillation" thematic cluster

Next analysed thematic cluster contains 494 doctsreamd is defined by the following

words collections.

equilibrium react sensitiv;
reactiv react dynam;
equilibrium reactiv react;

The fig 5.6 shows the trends detected for this dtemcluster in a similar way like the
previous cluster. The lines colours and stylesyapgapectively. Three trends can be detected
on this chart.

Line | shows a rising trend until 2001. Both monzemtre positive after 2001 what
corroborates with this trend.

The period 2001-2003 reveals stagnation marked eritigsing of the K and D lines
about 2000. However, the next crossing in 2003 ¢nelstagnant period. The momentum of
the oscillator 2 is negative while the momentunthef oscillator 4 positive, what translates
into an ambiguous signal. This is typical for a pemary stagnant period.

The period between 2004 and 2010 shows the deswetrdind - line 1. Crossing of the
lines K and D near 2005 also indicates descent. &dom of the oscillator 2 indicated
possible fall after 2005 what was corroborated wh#dhnmomentum of the oscillator 4 in 2007.
Very low values of the K and D factors after 2008ynsignal the rising trend or stagnation
after 2010, but the negative value of the momenaftar 2009 and the line Il indicate
continuation of the descent. Forecasting of thedrafter 2010 is risky but stagnation seems

to be more probable.
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5.4 Variant 4 results

This subsection shows the results for structurity wse of synonyms recognition and
trends detected by application of the NEB modeli@tiring of the data for this variant have
been discussed in subsection 5.3 (variant 3). femels were detected in the NEB model, and
required fitting of the E curve to the RNP. Théirig of E curve was done to the RNP data in
the period 1990- 2008. However the RNP data foiode2009 -2010 were used for testing the
predictive possibilities of the NEB model. Extragtodn of the E curve until 2012 was meant
to forecast the future values of RNP (tend for@cdste E curve was optimised by application
of the differential evolution for N=35 members ésgbd randomly) and M=3000 generations.
During the optimisation process the F parametengbs as a linear function of the generation
number from 0.8 to 1.3, while the CR parameter easstant CR=0.5. The parameter values
were selected by experiment during initial queridse results of modelling for some selected

thematic clusters have been presented below.

The detailed resultsfor the" Modelling of the distillation column system " cluster.

This cluster included 1558 papers published betwE#30 and 2010. The following

word collections define it.

model system column dynamic;
model simulate column dynamic;
dynamic system model;

dynamic simulate system column;
dynamic model system column;
model simulate system column;
dynamic model simulate column;

The best fit of the E curve of the NEB model ugfo8 has been shown on fig. 5.7. The red
line on the figure denotes E model curve. The Ishiaes on the figure denotes RNP data for
1990-2008 period of time. The circles on the clséwdw the RNP for 2009 and 2010. The

variables of the model and optimised values ofvdméables have been shown in table 5.3.
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Table 5.3 - E curve regression results for the Niilel for the 'Modelling of the distillation column
system" cluster.

C do g w No Eo
Bottom limit 0 0 0 0 0 0
Top limit 1 1 50 8 17 10
Optimal  values
of the model 0.01945 | 0.01862 | 29.77 3.207 |11.48 5.187

The model derived curve on the 5.7 fits very welthe RNP between 1990 and 2008.
The ascending trend is visible till 2003, and thiem trend descends. Forecasting of the trend
by the model E curve for 2009 and 2010 has beefirowd by real RNP values. Further

descent is forecasted for this cluster after 2010.
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Fig 5.7 Trend detection for theModelling of the distillation column system " clrst

The detailed results for the " Membrane distillation" thematic cluster

The words collections for this cluster of 211 papeave been shown below.

solut membran flux permeat;
membran porou flux permeat;
membran feed flux permeat;
modul membran flux permeat;
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The best fit of the E curve of the NEB model ugD8 has been shown on fig. 5.8. The chart
also shows the RNP values after 2008 to show tharacy of prediction. The colours and

marks are applied as in the previous sample.

45 ,

3.5+ .

2.5F h

15 .

Relative number of publication

-
T
L

0 1 1 1 1 1
1990 1995 2000 2005 2010
Publication year

Fig 5.8 Trend detection for the "Membrane distitiat' cluster.

The values of the NEB model for the best found tsmiuhave been shown in the table 5.4

Table 5.4 - E curve regression results for the Nidlel for the "Membrane distillation” cluster.

C do g w No Eo
Bottom limit 0 0 0 0 0 0
Top limit 1 1 70 8 20 10
Optimal values
of the model 0.006108 | 0.009398 |59.69 |1.88 |16.15 | 0.5697

In this case the NEB curve shows a rising trendh witreasing oscillations of the RNP.
High oscillations at the end of the period may bastrued as short term ascending and
descending trends. The curve fits well to the RMRdparticularly at the end of the period.
Forecasting of the trend by the model E curve fit@®and 2010 has been confirmed by real
RNP values. After 2010 we should expect an increatiee RNP, as compared with 2010.
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5.5. Analysis of the results for the subjects relating to ditillation

This subsection will compare the results foundtfa designed structuring techniques
and the trend detection for the “distillation” damaFirst, the structuring in the two cases —
with and without semantic analysis — shall be asedy Then, the subsection will compare the
trend detection results that were found for the f@riants of combined structuring and trend

detection.

5.5.1. Comparison of the Structuring methods

Figure 5.9 shows the size of 20 clusters that Hmen identified for both structuring
analysis i.e. using the simplified and advancedhodd. Under the figure, a legend is
presented which explains abbreviations of usedalsisiames. Red bars on the figure denote
the size of clusters obtained by simplified structy method. However green bars denote the
size of clusters obtained by advanced structuriethod.

As a results of an advanced analysis 27 clusters Yoeind - i.e. less than with the
simplified method (38). Total numbers of the clusti®und by both methods amounted to 45.
This means that 20 clusters were identified by bo#thods. The shared clusters amount to
44% of all built and 74% of the clusters constrdcteith the advanced technique. The
difference can be explained by a few factors. Fapplication of the synonyms recognition
caused merging similar clusters that were earlgreined. Second, the advanced method was
applied to the higher threshold value ThrB of @fi#n the simple one (ThrB = 0,09), and also
automatic cluster construction of the found wordiections was applied. This means that the
analyses applied different levels of structuringd aherefore some clusters built with the
simplified method were merged when the improvedhagtwas applied. In the case of the
advanced method, higher threshold value ThrB promedessary. Application for the
advanced technique of the same or lower threshwdeh in the simplified one lead to
construction of too many word sets that would hinfigther construction of the thematic

clusters.
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Fig 5.9. Comparison of the numbers of the themeliisters constructed with the two structuring
methods.
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The following observations corroborate with theussption that the simplified method
clusters were merged when the advanced structamgthod was applied. Advanced method
structured one cluster of water desalination: "dlimation process ", while the simplified
method found additional two relating to economy @amergy aspects of the process. Other
example, a "Membrane distillation”, built with tlelvanced method, reveals also "PVDF
membranes" and "Hydrophobic membranes" with thepkiimd method. Another example
was “Modelling of the distillation column systentdund with the semantics sensitive method
while the simplified revealed also "Modelling ofetldistillation column", etc.. Therefore, we
can conclude, that the clusters built with the adeal method are more coherent, and the
similar clusters merged, while the simplified methstill discerns them. The advanced
method therefore facilitates a more precise coostm of subjects and assignment of the
documents to the clusters. It is therefore bettel more accurate. Further advantage of the
semantics sensitive method is ability to find custthat are not identified by the simplified
technigue. There are 7 such clusters found, i.% @6all clusters, among them: i.e. "ETBE
System" or "Distillation process control in steadgte".

There are clusters built by both methods wheredtitailed hames of the cluster differ.
There were five such clusters found. These aré shiewn on the fig 5.9. First two clusters
refer to the same subject, but the simple methaddd'Heat and mass transfer in the packed
distillation column" while the advanced method fduh Mass transfer in the packed
distillation columns”. The following three clusteos this drawing, refer to the reactive
distillation, with the provision that although tlotuster referring to the equilibrium of this
process has been found by both methods, the remgadtiusters differ. In the case of the
simplified method, the cluster " Kinetics and cg$#d in the reactive distillation" was found
while the advanced method found " Catalysis inrtrective distillation” The differences are
caused by different structuring methods applied.

Furthermore, comparison of the numbers of the niagctiusters indicates, that the first
10 subjects on the fig. 5.9 are more numerous wiesynonym sensitive method is applied.
This means, that the synonym sensitive methodgrassore publications to certain clusters,
because identification of the synonyms leads tatgrenumber of documents being assigned
to a cluster. Such subjects make about a halflafla@ters built in structuring, but some of
those found with the advanced method are smalleis & explained by the fact, that the
words belonging to the fingerprints precisely disc¢he subjects and therefore smaller

number of documents are assigned there. Thus, thelydocuments closely related to the
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subject are assigned to a respective cluster. Tdrer¢he generalisation, that one of these

methods leads to more numerous clusters is nafigast

5.5.2. Comparison of the trend detection methods

The presented results of the trend detection ®fdhr variants of combined structuring
and trend detection allow for comparison of theultas Figure 5.10 presents comparison of
the trend detection and forecasting results for é&xample of the thematic clusters. The chart
uses multicolour bars to mark the trends deteatedhie specific periods. The abbreviations
list has been included below the chart.

The first of the analysed clusters refers to “Arepé residue curve map”. The trend
detection results refers to:

e variant 1 (structuring with the simplified methoddatrend detection with the methods of
financial markets);

e variant 2 (structuring with the simplified methownldstrend detection with the CF and CFF
co-citation analysis);

e variant 3 (structuring with the advanced method &add detection with the methods of
financial markets);

e variant 4 (structuring with the advanced method taaald detection with the NEB model).

It is easy to observe that the trends detected thighmethods 1, 3 and 4 are practically
identical. An ascending trend was detected forpdgod up to 2004, with a stagnant period
between 1996 and 2001, and the descending tremdvafids. This means, that the structuring
method had little impact on the detection of trertdswever, there are differences between
the variant 1 and 2. Both variants see a descending after 2005, but while the variant 2
detects grow from 1992 to 2005, the variant 1 s¢@gnation during this period. This is not a
significant difference and generally, the typestloé detected trends are matching. This
means, that the trend detection method was nomntgisdere. In general, it could be
concluded, that the ascending trend with a temgatagnation dominated until 2004, while
the period after 2005 is marked with a decent. Bettiants 1 and 2 forecast the same trend
after 2008. Most important, the forecast has bemfitned with the real fall between 2008
and 2010, with the analysis of the variant 3 aredviliriant 4. This shows, that the presented

methods are useful tools of trend forecast.
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Fig 5.10 Comparison of the detected trends of amnailusters by the methods applied

69



The second presented cluster concerns reactiviladish. The fig. 5.10 shows the
trends of this subject, but in the clusters digtisging between various aspects of this
process. These clusters show ascending trend2@@# and then the trend descends. Despite
that the clusters varied slightly, the detecteddrare consistent for all applied analyses. It is
worth noticing that the variant 1 and the variarfo@casted consistently descending trend
after 2008, and this descent was confirmed withvéreant 3 and the variant 4, what confirms
forecasting ability of the proposed methods.

The next cluster under consideration was the "Dioemtact membrane distillation”.
Almost identical trends were detected by everyardriof analyses here. The subject began
developing at about 2000 and grew for the entisdysed period. Variants 1 and 2 forecasted
the ascending trend after 2008 what was confirmé&t the real growth shown with the
variants 3 and 4 in the period between 2008 an©®.201

The "Membrane distillation” is the last subject Iggad on the fig. 5.10 and shows the
ascending trend for the entire period. Howevernetlage temporary slowdowns in this cluster
between 1994 and 1997 and between 2006 and 200&h wiere detected by all methods
(except for the NEB) and recognised as a fall agrsation. The NEB model shows a long
term rising trend with the increasing oscillatiarfighe RNP. However, the oscillations can be
interpreted as short term ascending and descemdings, what would corroborate with the
signals of slowdowns detected by other methodshikicase the variant 1 and the variant 2
consistently forecast an ascending trend after 2088 forecast has been confirmed by the
analysis marked as variant 3 and 4 when real agaptrénd was detected after 2008.

The following conclusions can be drawn after thalgsis of the trend detection. For
certain subjects (e.g. "Direct contact membrangllditon™) the choice of the trend detection
method or the structuring method was insignificant] all techniques used returned the same
trends. In other cases (e.g. " Azeotrope residuecamap ") slight and insignificant variations
were seen, but the main trends were easy to détaaosst cases the main trends were detected
and forecasted by all the methods applied eveheifdusters were not identical. However,
there were only few cases (e.g. the subjects comzproptimising), where the applied
techniques revealed differing trends for the saime periods. This means that although the
probability of correct trend detection is very bibere remains some margin of uncertainty.
To minimise the risk of prediction, a number of epgndent tools of trend analysis is
important. The techniques applied for the purpdsthie dissertation utilise varying methods
of trend detection. These methods based on theoa®tbf financial markets technical

analysis applied to RNP should detect similar teefithe NEB model detects only long term
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trends while individual short term trends are repréed by oscillations. This fact leads to
differences between the trends detected by differethods. The NEB model advantage as
compared with other methods, is a long term premticof trends. The CF, CFF method

detects trends basing on the co-citations numiberitzerefore differs considerably from other
techniques.

It is noteworthy, that almost all discussed cas@srned consistently similar trends after
2008. Moreover, these forecasts were indeed coefirafterwards. This means the trend
forecasts resulting from the discussed techniqrehighly probable.

The trend detection and forecast is uncertain affitudt, what leads to a conclusion
that high reliability of the forecast would requapplication of all designed methods of trend

detection. Use of only one of these techniquesases probability of error.

5.6 Main trends of distillation

The clusters built for the distillation domain ral¢éhe following development profiles:
Some of them (e.g.: " Optimization and designinghef distillation model ": or "Modelling of
the distillation column system", found with the giified method) revel an ascending trend in
the beginning, than stagnation and the descentweftds. Other clusters (e.g. "Membrane
distillation" or "Direct contact membrane distilat") develop strongly after a period of
stagnation. The clusters found in the improved cétming process also reveal varying
development dynamics. Some clusters (e.g. :"Azpetresidue curve map" or "Equilibrium
aspect in the reactive distillation") are currerdscending after an earlier period of strong
development. Other clusters, (e.g. "Direct conta&mbrane distillation” or "Membrane
distillation™) still show an ascending trend. Th&rere also new clusters found, that feature a
strong growth ("Bio diesel transestrification ").

The research reveals that distillation is a welldeped and slowly developing domain.

There are 8 developing clusters specified below:

Extractive distillation

Esterification

Equilibrium models — nrtl, and uniquac
Membrane distillation

Direct contact membrane distillation
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Economy aspects of distillation
Distillation of alcohols

Bio diesel transestrification
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Chapter 6. Structure of the research area - filtraton

The proposed methods fascinated structuring wéthatidetection and forecasting for the
clusters relating to distillation. To verify effacy of the designed methods, queries
concerning filtration were performed. The reseakes run in the same way as variant 3 of
distillation — structuring with synonyms recognitiand trend detection with the methods of
financial markets.

ThelSI Web of Scienceontains 72256 papers published between 1990 @t@l vhose
titles. keywords or abstracts contained the woilttdfion". The data were read into tR#T
table in thePublication_datadatabase. During the initial analysis the papetslighed in
journals not related to the chemical and procesgineerring (e.g. medical, biological,
veterinary) were removed. Since there are usebheotdrm “filtration" that do not refer the
process known in the chemical and process engirggéliis operation was necessary to speed
up the analysis and limit the number of clustersratated to the subject under consideration.
After that, there were 25703 publications remainingCIT. Further analysis lead to
identification of 52802 significant words and 308@nonym pairs, Further analysis was
limited to the well discerning words: having thelDF >100, and satisfying the threshold B
limitation: 14<= presence in publications <=771pger limit equals 30% of the number of
the CIT records). After the selection there were 7032 wammaining. TheCit-Word input
table of thewordSetprogram had 2768769 records, while the other itgloie contained the
records of th&Vordlistsimtable plus 2014 additional word similarity recarBsrther analysis
lead to 3061 four words sets for the threshold emlaf 14 and 0,14 respectively. Further
analysis lead to 1393 three words sets, with thestiold values of 14 and 0,16 respectively.
Last stage of structuring lead to 328 thematictehssin the “filtration" domain with the
threshold values ThrC and ThrD of 0,4 and 2,5 retspedy. Eventually, 23 clusters strictly
connected to filtration were selected. They artedisn the table 6.1.

The examples of the trend detection for two setetiematic clusters have been presented

below.
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Table 6.1 Clusters concerning "filtration".

No Name of the thematic cluster Number of
Articles

1 Ultrafiltration 3423
2 Filtration in wastewater treatment 3021
3 Membrane fouling 2747
4 Operation of membrane filtration 2531
5 Modeling of the membrane filtration 2502
6 Efficiency of ultrafiltration 2353
7 Modification of membrane material 2094
8 Determination of flux in filtration process 1793
9 Permeate properties 1655
10 Model of media transport in pores 1518
11 Membrane porosity 1331
12 Efficiency of membrane filtration 1121
13 Cake resistance in microfiltration 834
14 Cake properties 785
15 Reverse osmosis 750
16 Resistance in the microfiltration 746
17 Microfiltration of suspensions 653
18 Sludge filtration 638
19 Nanofiltration 531
20 Application of filtration in the desalinationquess 122
21 Electrospinning in membrane fibres manufacturing 68
22 Artificial neural networks in modelling of theembrane filtration 60
23 Van der Waals forces in membrane processes 23

The detailed results for the " Efficiency of membranefiltration" thematic cluster

This cluster included 1121 papers published betw&@®0 and 2010. The words

collections representing the subject have beesdliselow:

flux increase permeat;

membran flux increase microfiltration;
ultrafiltration membran flux increase;
membran foul flux increase;

The fig 6.1 shows the trends detected for this #tentluster. The upper part charts the RNP
profile and the trend lines. The chart in the médshows the momenta for the OSC for x=2
(oscillator 2) and x=4 (oscillator 4). The lowenpaf the chart shows the K line and D line
for the K%D oscillator with y=4. There are 4 maiartds found in the analysed period.

The first period until 1998 shows a rising trend {ihis is confirmed with the positive

momentum value.
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The next period between 1999 and 2003 is stagtramd(line 11). The momenta values
are close to 0, what confirms the stagnant trenmthguhis period. The lines K and D of the
K%D cross a number of times during this period wdiab confirms the stagnant trend.

The K and D crossing in 2003 and positive momenéfiar 2004 mark the ascending
trend between 2003 and 2006. Crossing of the khasd D near 2006 indicates the reversal
and descent in the fourth period. The descent @006 and 2010 is confirmed with the

trend line Ill, and the analysis of the resultglieto forecast of further descent after 2010.
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Fig. 6.1 "Efficiency of membrane filtration" cluste RNP, the trend line method and the OSC method.

The detailed results for the " Nanofiltration" thematic cluster

The nanofiltration cluster has 531 papers publishetiveen 1990 and 2000. The
following word collections define it.
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reject nanofiltration nf;

membran reverse nanofiltration osmosi;
reverse reject nanofiltration 0SMOSi;
uf nanofiltration nf;

The fig 6.2 shows the trends detected for this ttentluster. The results are depicted in the

same manner as in the previous example.
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Fig. 6.2 "Nandfiltration" cluster — RNP, the tretide method and the OSC method.
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Analysis of the fig. 6.2 indicates into a risingnd until 2006 (trend line 1) The trend
reverses between 2007 and 2008 and continues dourifl 2010. The OSC show the
ascending trend along the entire period. CrossfrigeoF and D lines around 2006 signals a
descent, but next crossing in 2008 returns to seteraling trend after 2008. Currently, there

are no strong signals about trend reversal aft&020

Trendsin filtration

Like distillation, filtration is a well developeddhain. There is a strong subdomain related to
the membrane processes. There are two types of ¢teanges observed. Certain clusters (e.g.
"Efficiency of membrane filtration") are currentlglling after previous development. Other
clusters (e.g. " Determination of flux in filtratioprocess " or " Operation of membrane
filtration") reveal an ascending trend after a peériof stagnation. Some clusters (e.g.
"Nanofiltration" or "Ultrafiltration™) reveal a cdimuous rising trend. Eventually, "Permeate
properties” or "Modeling of the membrane filtratiomre stagnant after a period of

development. The domain reveals the following daepiglg clusters:

Efficiency of ultrfiltration

Determination of flux in filtration process
Operation of membrane filtration
Modification of membrane material
Nanofiltration

Reverse osmosis

Ultrafiltration

Resistance in the microfiltration

Model of media transport in pores
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Chapter 7. Conclusions

Both finding of the relevant and desirable publimas and recognition of the promising
research subjects justifying investment and furteerdy meet considerable difficulties
because of the huge number of publications thstillgrowing exponentially. Therefore it is
important to find the developing and new reseatrdijexts where further development might
be expected. This information is very useful foe thecision making about research funding
and for the scientists interested in intensifyihg tesearch in the most quickly developing
areas. The main goal of this dissertation has laeeonstruction of the tool and methods
supporting the decision making process about faidsation in the specific research areas.

The conducted research lead to construction ofrhethods of the knowledge domain
structuring, combined with three trend detectiochieques. The first proposed method of
cluster construction involved structuring withobetsynonyms recognition. This simplified
method is fast and efficient, and the resultingrthgc clusters cover the entire knowledge
domain under analysis. Because the words setssatenad as unit elements of knowledge,
this method solves the problem of word ambiguitgt affects the more advanced methods of
visual maps of knowledge, where individual worde &eated as the atomic elements of
knowledge. Furthermore, each selected word caresept more than one cluster, and each
document can be assigned to more than one clustext provided for flexibility of the
technique and allows for precise construction o thematic clusters. The proposed
structuring technique is also universal and carapyglied to many domains of knowledge,
what can be shown by the results found for varimsearch areas (distillation, filtration),
which show varying levels and speeds of development

The second approach to structuring involved synanggaognition. The open WordNet
database was used for synonyms finding. This allfmwsnore precise construction of the
thematic clusters because the synonyms are re@apgaisd the spelling differences ignored.
Further improvement involved more accurate selactibwords for the fingerprints of the
thematic clusters, by application of the TFIDF.

The technique allows for both manual and automesimposing of the words sets in the
thematic clusters. Manual operation is more aceuhatt time consuming and it requires
expertise in the subject under consideration, wail®matic clustering is fast and objective,

though less accurate.
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As confirmed by the examples presented in the sfibse5.5. simplified structuring
returns more thematic clusters while applicatiothef synonyms recognition is more precise
and merges similar clusters. For instance desalimdias three simplified clusters and only
one when the synonyms are recognised. This meahsyhonym recognition leads to more
accurate results, however on the other hand theli§imd method is faster. Therefore,
synonyms recognition should be applied to underdgesl subjects where the number of
publications is relatively low. Simplified methotiauld be applied to analysis of the large
domains where the number of publications is bighla case, precision in construction of the
thematic clusters is less important while the sifigal method saves time.

The designed methods provide reliable results wghednfirmed by the clusters returned
in the analysis of the distillation domain. Howevitrere are ways to improve the proposed
techniques. First, the proposed methods requiresiderable computing power and the
structuring takes quite a long time, so it is ddsie to make the tools faster. One of the
possible improvements is optimization of the sofgveode or construction of the procedures
preselecting the analysed documents, what woul@verthe documents insignificant for the
analyses of the knowledge domain. Also synonymsgmition seems to need improvements,
since the current method relies on the WordNet bdesta. Unfortunately, this method
recognises as synonymous also words that have remhpte resemblance. Therefore, a
method of selection of the meaningful synsets saernsssary. Another improvement may be
a better criterion for fingerprints finding, thatould be more restrictive than the currently
applied TFIDF. Yet another improvement would inwhmore effective method of
assignment of the word sets to the thematic clsister definition of another similarity
measure for the aggregated objects.

The proposed structuring and trend detection tegles can be combined, what
sometimes is not easy for the methods known inalitee. The level of development of the
subject is represented by the RNP what providestemmeasure than the row number of
publications, which grows every year and hampersdtidetection.

The applied methods borrowed from technical analysi the financial markets
accurately detect the current and forecasted trévol®, that these techniques do not require
any computing power, therefore the trends are thdeguickly and easily. Nonetheless, the
discussed methods must be fed with the approppatameter values for current operation.
Despite this, there are cases when one of the itpeds detects a trend not confirmed by the
others. This means that the techniques are not ld@%rate and should be used together to

make the trend detection and forecast more reliable
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The other approach of trend detection analysesithdons and co-citations numbers
and is very important for the task in question.sTimethod perceives the development of the
cluster as "use of knowledge" while other techngguely on the RNP, i.e. "production of
knowledge". The curves representing the forecasiifgand CFF functions are smooth and
there are no significant oscillations, what leamla transparent and easy trend detection. The
trends detected with this technique are usuallysistent with the trends detected by other
methods dealing with the RNP. The technical analgsid the citation functions return very
similar trends for the matching thematic clustdest certain results differ. Therefore,
application of the both methods allows for moréatde conclusions than use of the one only.
The method basing on the forecasting functions iregua laborious preparation of the
"Powiazania" table and the computations of the ions values. Therefore this method is
relatively slow,

The third method of trend detection applied the NERthematical model for the
purpose of finding of time evolution of the RNP.iFmethod detects trends very well and by
fitting of the E curve to the RNP we are able tadfwhat is the development stage of the
cluster under consideration and predict future RNPse proposed NEB model very
accurately depicts changes of the RNP in time, allalvs for long term trend forecast.
Forecasting ability of the proposed model has lrgrirmed with the queries. As shown on
the sample results for the distillation domain, fikecasted trends were indeed confirmed in
the measured RNP. Furthermore, this method deteotly the long terms trends, while
certain oscillations reflect the short term trenfisis technique is therefore very reliable, but
it requires considerable computing power and isslbavest of all proposed trend detection
techniques. The applied Matlab procedure (ODE1Bs}d the time of solving by optimising
the parameters that offer the best fit. It can peed up with an alternative method for
solution of the differential equations or provisioh another model, which would quickly
return the detected and forecasted trends.

The trend detection is a very difficult task, ahdrefore it is advisable to use all of the
proposed methods to forecast the trends. The methmindependent and the use of each
next, provides for more reliable results.

Analysis of the results presented herein, indictitasthe detected and forecasted trends
were consistent across the applied methods. The mgsortant is however, that the
forecasted trends for after 2008 were confirmedhwsy real values of RNP. This confirms

verifiability of the trend forecast by the proposméthods. The proposed methods facilitate
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structuring of the domain of knowledge and detectid the current and future research
trends, while the results confirm that they ardfulsapplicable, effective and universal.

The research reported herein indicates the devejopieas for the selected research
domains, and detects the stagnant subjects and #meying a diminishing interest of the
researches. This information is important for tkeearches and for those who construct

portfolios of the R&D projects. There were 8 dewéhy clusters relating to distillation:

Extractive distillation

Esterification

Equilibrium models — nrtl, and uniquac
Membrane distillation

Direct contact membrane distillation
Economy aspects of distillation
Distillation of alcohols

Bio diesel transestrification

Other subjects e.g. relating to distillation wittemical reaction or "Azeotrope residue curve

map" show descending or stagnant trends.

There were 9 developing clusters relating to fiitna

Efficiency of ultrfiltration

Determination of flux in filtration process
Operation of membrane filtration
Modification of membrane material
Nanofiltration

Reverse osmosis

Ultrafiltration

Resistance in the microfiltration

Model of media transport in pores

Other subject in this domain are descending omstaty The examples include: "Efficiency of

membrane filtration" or "Modelling of the membrafilgation”.
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The dissertation proves that the research trendsafgiven research branch are
predictable upon the past profiles, what has beafirmed by the results of trend detection.
Furthermore, it has been demonstrated that matiehahodelling of the development
dynamics of a research branch is possible, whatirim allows for trend forecasting. These
statements prove, that the research hypothesébs idigsertation were sound. It has also been
proved, that the tools and methods designed altwvgdlection of the developing subjects of
research. The proposed methodology facilitatesetbss: definition of the thematic structure
of the knowledge domain, depiction of the histofydevelopment of the built thematic
clusters and forecast of future research trends. rEkults presented in the dissertation are
essential for the persons involved in the finandietision making concerning the research
funding and for those balancing the portfolios lvd R&D projects. Furthermore the results
are essential for the researchers, who contemplaiize of the research area, and plan the
research projects. It shall be noted, that thigaedh contributes in the development of
Science, by means of identification of the sigmifit scientific information and the

developing branches of knowledge.
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