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ABSTRACT 
 
Our intention is to develop a recursive ranking algorithm with wide area of application. Fundamental to the 
achievement of this goal is the formulation of a model that will adequately characterise objects in the problem 
domain. Such model enabled users find what they want based on individual bias or preferences. The model 
was translated into a recursive ranking algorithm that traversed the entire problem domain, and generated the 
most appropriate set of results.We developed an algorithm that allow users to specify search criteria in order 
of relative importance to their search for people, publications, records, etc. on the Web, social networks, 
citation databases, and so on. This was done by the systematic analysis of different models, algorithms and 
related works as covered in-depth in previous works. We then formulate  our model – the  Enhanced 
Recursive Ranking Algorithm (ERRA) and carried out normalization of the dataset that were used in our test 
results. Testing and presentation of results are presented  
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1. BACKGROUND TO THE STUDY 
 
The research questions that served as the basis for our experiment in a  cursory look are stated below. 

 What has the technological advancement contributed as regards personalised search systems? 
 How do we assist people in finding exactly what they intend, even when they are unable to describe 

what they want in vivid terms? 
 How best such a personalised search system would be realised? 

 
To this end, in this section we formulated a model for the representation of the objects in our problem 
domain. Our problem domain consists of the web, social networks, citations, etc. Since most of these objects 
have inherent hierarchical structure, we defined a model that expressively takes advantage of this fact, while 
at the same time incorporating user’s preferences or bias. 
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We first discussed a hierarchical model for social networks, and then generalized it to encompass all the 
objects in our problem domain. In social network analysis, social networks are commonly represented by 
directed or ‘link’ graphs. The vertices  represent the individuals in the network, while the relationships 

among them are depicted by the edges. The relationship between an individual  and  is denoted by the 
link from vertex  to . It is important to quantify the association among members of the network, to achieve 
this, nonnegative real-valued weights are assigned to each link. The weights can be interpreted as the level of 
‘endorsement’, one member grants another. For instance, the weight on the edge  can be viewed as 
how much member  endorses or respects member ; its value significantly indicates how  is rated among 
its peers in the network. This abstractive illustration showed the importance of individuals’ perception within 
a social media network. The aggregation of individual judgment is what bring about a finalistic rating within 
the network. Hence, formation of judgement graph can be achieved by processing link graph as in the case 
of a typical tree structure but in this case leaves are denoted with vertices. In the hierarchical model 
representation (see fig. 3.1) of the social network, the individuals are the leaves, while the intermediate levels 
are referred to as the interior nodes. 
 
Our model easily generalized to all the objects in our problem domain. They can be represented as 
hierarchical social networks. For instance, in the Web, the web pages are the individuals, the hyperlinks 
represent the network while hierarchy represents the domains and sub-domains. This representation can be 
carried in diverse form depending on the subject domain. It is applicable I any knowledge representation and 
denotations. For instance, in a citation index, publications can be referred to as individuals, the references 
from one publication to another can be denoted as  the network structure while the classification by subjects 
and sub-subjects defined an explicit  hierarchical structure. 

 
Fig..1. Hierarchical Representation of a Web domain1 

 
 
                                                           
1 From Greenwald and Wicks (2006) 
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We incorporated user’s bias into the hierarchical structure by introducing user’s criteria at the leaves of the 
tree (solid rectangles). These criteria are the qualities identified by users as important; they form the basis for 
ratings and ranking. A sample personalised hierarchical model is shown in fig. 3.2—a network of the faculties 
and departments within a school hierarchy. At the top of the tree hierarchy are schools followed by faculties 
and departments to form a complete tree structure. The departments, indicated by solid circles, are the 
individuals in this society. The link relationship within the school hierarchy is represented by solid lines.  

 
Fig. .1. A Sample Hierarchical Representation of Our Proposed Model 

 
The relationships between criteria are indicated by dashed lines with arrowheads. Since individuals are 
expected to represent what they want in the best way it makes meaning to them, such a representation varies 
from user to user; hence, the hierarchical representation of the user domain together with the user-defined 
criteria could be modeled in the form of variant concept maps. Implicitly, various decision questions such as 
‘is-important’, were included in the model to enable us arrived in a destination that closely matches the 
individual’s expectation, based on the selected criteria. We referred to this sample hierarchical model in the 
course of the formulation and analysis of our algorithm. We noted that the general principles of our approach 
can be extended to any kind of network, which can be represented by a hierarchical structure. 
 
Modelling a hierarchical representation structure like we have in the school example above underlines the 
importance of every individual with the network structure. The strength of each individual cumulatively form 
the overall rating of each object within the hierarchy. To have a good school, all the element within school 
structure must be takin into consideration. In addition, the individual has varying interest while making 
decision regarding the all factors and elements within school ecosystem. Differential in preferences would 
definitely lead to different ratings and choices. 
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Having formulated the personalized hierarchical representation of our search object, we proceeded to 
develop a recursive ranking algorithm that explicitly took advantage of this structure. 
 
2. ENHANCED RECURSIVE RANKING ALGORITHM 
 
In the preceding section, we described a model for a hierarchical social network that incorporates user’s bias 
into the structure. He we discuss the process of designing and development of the algorithm. The algorithm 
is designed to exploit the underlying hierarchical topology of the network as presented in the previous section. 
The rating and ranking were personalised using user-defined preferences as biases. In order to ensure that 
our algorithm adequately solves our research problems, we proposed requirements, which it must satisfy: 
1. Hierarchical structure of the network. The algorithm must be designed to take advantage of the inherent 

hierarchical structure of social network. This implies ease of transverse through the hierarchy of trees, in 
a Tree, Node, and Level (TNL) manner. 

2. Personalization of ranking. The algorithm must reflect and address the issue of individual preferences by 
implementing a ranking procedure that incorporates users’ biases within the network structure. 

3. Resistance to link-spamming. Link-spamming is refers to exercises that are carried out with the aim of 
altering the ranking of a node, by creating many false nodes to that node. The false nodes are also called 
sybils (Cheng and Friedman 2006). A common example of link spanning is Web spamming (Gyongyi 
and Garcia-Molina 2004). Link-spamming presents a serious problem in ranking systems, especially in 
large networks. It reduces the efficiency of the ranking algorithm. A good ranking algorithm should 
demonstrate remarkable resistance to link-spamming. 

4. Scalability. Problem domain that are represented in link-tree hierarchical structure are usually complex 
in nature.  As a result, computations can be resource-intensive as the problem size increases. The 
algorithm must be scalable to handle the dynamic growth of the problem representation. Recursion 
presents the best approach. It would make the proposed solution more scalable, for efficient handling of 
future growth within the network. With recursion, the algorithm could be broken down into modules 
which are developed into components and then recursively applied across the domain. 

 
Among the existing ranking algorithms reviewed in the previous chapter, the most similar to our proposed 
algorithm is QuickRank algorithm, which served as the prototype. We modified the QuickRank algorithm to 
incorporate user’s bias. This way, we retained the desirable advantages of the algorithm, while providing 
adequate solution to the research problems. The selection of QuickRank was based on its desirable 
characteristics: 
 QuickRank was designed with ease of transverse through the hierarchy in a Tree, Node and Leaf (TNL) 

manner. Hence, it is very suitable for developing solution to problems that can be represented in TNL 
fashion. It is able to take advantage of the inherent hierarchical structure of the social network resolving 
accordingly from leave to tree and vice versa as the case may be. 

 QuickRank is recursive in nature, offering scalability, ease of parallelization, and ability to update. With 
this, problems can be broken down into modules with each module as a unit serving as input into another 
module or the main. 

 QuickRank has proven to be remarkably resistant to link-spamming, and efficiently handles future growth 
within the social network. 
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Using QuickRank as prototype, we introduced a new ranking algorithm called “Enhanced Recursive Ranking 
Algorithm (ERRA)”. Our solution differed from QuickRank by the introduction of a third parameter to the 
search—user bias. We now discussed the algorithm in details. In the course of the discussion, differences 
between QuickRank and the ERRA were pointed out, wherever such difference exists. 
 
2.1 Explanations of the Techniques Adopted. 
We defined concepts, which were essential for the understanding of the algorithms. These are major 
principles and techniques that were adopted in the course of developing our algorithm. Understanding of 
these concepts and terminology as applies to our research work is key. 
 
2.1.1 Social network  
Social network can be described as a society in the form of an ecosystem that comprises of individuals which 
relates among one another. This kind of network can be represented in various forms depending on the 
nature of the problem. In the case of our research, we prefer representation of social network in the form of 
a link graph using graph theory. Mathematically, individuals and their relationships within the network can be 
represented for example as . With this notaion, different relationship patterns can be enumerated 
from the expression. Such relationship can be converted to weights which serves as a measure for determining 
the strength of each of those relationships. The strength are then converted into a non-negative real values for 
computational and numerical analysis. With such representation, one can draw different inferences from 
various relationships and strength aggregation can be carried out so as to derive the value for resultant strength. 
 
2.1.2 Judgment  
This refers to the ratings of the ranking of the individuals with the network. The underline principle is that 
every member of the network does not necessarily possess the same ranking weight. The merit of individuals 
within the society is a major factor in determining the weight of their ranking. Judgement is simulated into a 
mathematical expression to generate a non-negative real-value vector with individuals as indices. In our 
notation, we represent individuals as I and relations of individual judgement as r. The equivalence of relations 
between any two individual can be represented as   where r1 and r2 represents the judgement relations 
for each of the two individuals. Ranking is represented here based on the relations for every individual 
judgements within the network and as an equivalence class . Based on probability distribution, every 
individual ranking has one representation. Judgement relations for every individual within the network can 
be expressed consistently and it provides an estimate of the relative merits among the pairs of individuals 
involved. For instance, considering pairs of individuals i and j, the ranking of i relative to j can be expressed 

as . This can be defined for every ranking in the network. 

2.1.3 Link graph 
 Link graph can described as a graph that denotes a network and its associated connectivity in a symbolic 
form. It is usually comprises of nodes and links that connect those nodes. The nodes represent the individuals 
while the link represent the relationship among the individuals. As described in previous section, this links 
can be simulated into weights that provide a means of evaluating the strength of the relationship. Due to the 
complexity of the problem domain, the weight here are represented as non-negative, real-value square matrix. 
The index on the matrix is on the individuals in the network represented as  I. These weights can also be 
viewed as endorsement among the individuals in the network rather than a mere distance between to objects. 
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Higher weight from node A to B means individual A has high level of endorsement for individual B but not 
vice versa. A modified form of link graph which possesses positive diagonal entry values is referred to as 
judgement graph. In such graph, individual judgement is represented by columns.  
 
2.1.4 BaseRank procedure   
BaseRank is a ranking mechanism that computes and aggregates all the ranking parameters for the elements 
in the hierarchical structure that was described in previous section. It forms the core of our ranking 
algorithm by precomputing values for all the objects in our problem domain, we can then apply users’ bias 
on the precomputed value to achieve the desirable results. Some of the BaseRank procedures that were 
evaluated in the course of this research are in-degree, out-degree, eigenvector centrality and PageRank 
(Greenwald and Wicks 2006). The output from BaseRank procedure is referred to as posterior ranking 
result and is a key input in the development of a recursive ranking algorithm. This output from BaseRank is 
then normalized into a probability distribution for easy integration. With BaseRank procedure, all the 
judgements of individual within a network can be aggregated and computed to generate only one aggregated 
posterior ranking. For illustration, assuming there is a graph R and a prior ranking , by applying 
Bonacich’s hypothesis, an inference to a collective judgement can be expressed as .   
 
2.1.5 Parameterisation 
This refers to a process of formulation and describing the parameters that are used with a model or system. 
It is a major requirement in the defining the specification and characterization of a model. The end product 
of parameterisation is usually in the form of expression or equation which can be applied as part of the 
components of the model.   For instance, QuickRank is parameterised by BaseRank procedure. 
 
2.1.6 Bonacich’s hypothesis 
Bonacich’s hypothesis deals with the how to rate relative importance of each individual in a network. It does 
not just consider the ratings of individuals by its peers but also the inherent rating of the peers themselves. 
Consequently, the importance of an individual in a network is determined by the importance of those that 
endorsed him/her. It further means that the strength of an individual endorsement is directly proportional to 
the ranking of the individuals in the network that are making the endorsement. In other words, the collective 
ranking of an individual in a network is the total sum of individual judgments with the weight determines by 
the implicit ranking. Bonacich’s metric, based on this hypothesis, is also known as eigenvector centrality. 
 
2.1.7 Peer-review principle  
(Greenwald and Wicks 2006) Peer-review principle states that endorsements among peers of individuals on 
the same sub-tree or community is more appropriate and should be taking seriously. Individuals at the same 
level in a network has many interaction and relationship and therefore rating in such situation should be fairer. 
In peer-review every other endorsement can be seen as approximation as the individuals may not possess 
enough information to make the right judgement while rating other individuals outside their community. As 
a result, while designing ranking algorithm, more weight should be assigned to ratings by individuals in the 
same community than others. At the heart of the QuickRank algorithm are Bonacich’s hypothesis and “peer-
review principle”. 
 
 
 
 

r 
r Rr 
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3.2.2 Ranking 
Ranking is a process that is applied to resolve the complexity in searching experience. Due to huge amount 
of information and information sources on the web, a typical search query normally returns thousands of 
records. This presents a herculean task for a user trying to go through these thousands of information sources 
get the right or most suitable information. Bearing in mind that such users usual have a limited time. It is 
therefore imperative to provide a mechanism which will enable users to see the most relevant information 
first to enable them make quick decision. The developers of search engines then built ranking mechanism to 
solve this problem and make searches more efficient. With ranking algorithm, when a user issue a query to a 
search engine, information are displayed in order of relevance to the query parameters.  This way users can 
check through few links and not bother about the rests of the information.   
 
Technically, when a user issue a query, search engines behalf in form of a meta-search in which case, the 
query is send to many sub-sections of the search engines. The data resulting from the query is ranked and 
presented in form of a single list with the most relevant information at the top of the list. Given a query, a 
typical Meta search engine sends it to several search engines ranks the retrieved data and merges them in a 
single list. The ranking is carried out using two different techniques. The first method is based on the 
assumption that the weight allocated to the retrieved data initially by the search engines are known. The 
second method ignore information about the prior weights.   
 
As researches have shown that the search engines are not necessarily using the same scale in calculating the 
similarity scores, it is therefore necessary to normalise the similarity scores so as to be able to compare the 
results from different search engines.  In addition to this, the reliability of every search engine within the meta-
search engines ecosystem must be measured and integrated into the ranking algorithm. One good way to 
achieve this is to assign weight factor to every search. The more relevant search information is return, the 
higher the weight score for the search engine.  
 
Therefore, normalization is required to achieve a common measure of comparison. Moreover, the reliability 
of each search engine must be incorporated in the ranking algorithm through a weight factor. This factor is 
calculated separately during each search. Search engines that return more searched information should 
receive higher weight. This is due of the perception that the number of relevant data retrieved is proportional 
to the total number of data retrieved as relevant for all search engines exploited by the Meta search engine. 
 [Dumais, 1994, Gavano, 1998, Towell et. al, 1995] raised the issue of compatibility and comparability of the 
weight scores among search engines despite normalisation. This was further proved by the fact that the results 
from search engines are often different even when the same query is applied. Based on [Y. Rasolofo et. al, 
2001], conclusion could be draw that the collection used in search engines play a major role in influencing 
the scores. [Gavano, 1998] also argue and doubt the feasibility of comparison among the search engines. He 
then proposed that the results of the scores is not enough without providing the statistical analysis to back 
such result. 
 
Other ranking algorithms were proposed [Aslam et. al, 2001] which do not considered the scored allocated 
to the retrieved data. Example of such ranking algorithm is Bayes-fuse which made use of probabilistic theory 
in determining the relevance of results to the query issued by the user.  Another example is Borda-fuse which 
in concerned with ranking algorithm that is built based on the underlining principle of democratic voting. 
With Borda-fuse, the search engines return results inform of voting whereby the Meta search aggregates all 
the votes and ranking is done by adding up all the votes in a democratic way. 
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3. THE DEVELOPMENT OF ENHANCED RECURSIVE RANKING ALGORITHM 
 
As already stated, the personalized hierarchical model of the underlying network directly incorporates user 
bias. ERRA, working on the model, introduces the user bias as a real-valued weight at both the leaves and 
nodes levels of the tree. To illustrate the algorithm, we used tree analysis which consist of judgement graph R 
that contains vertices which are represented as leaves of tree T. There is the assumption that the link graph is 
pre-computed to produce judgement graph. The ranking of the individuals in the network is then equivalent 
to aggregating the individual judgments into a single collective ranking. According to Greenwald and Wicks 
(2006), the global or resultant ranking within a social network hierarchy can best be computed by first 
computing the local ranking of all the nodes in the network, and then use chain rule to aggregate all the local. 
This follows the important fact, that all rankings are considered as a form of probability distribution before 
they are normalised. The ranking is done by firstly at the leaf level based on the link information that is 
obtained from the processing of marginal subgraphs. The local rankings are then propagated and aggregated 
across the network in other to derive the absolute global ranking. Nodes ranking are computed recursively, 
to determine a node ranking, one needs to aggregate the local ranking of the node and the local ranking of 
all the associated interior nodes and leaves. A BaseRank procedure is used to compute the local rank. Prior 
ranking of the leaves is taken as an input, and posterior distribution as an output. 
 
Our algorithm is bottom-up, starting from the bottom of tree T, the algorithm starts by collapsing the most 
posterior node. Then it progress gradually by continuously identifying the next nodes and collapse 
accordingly. This is done progressively until there are no more nodes to collapse in which case, the tree T 
becomes a leave node. Assuming there is a node n, the process of collapsing this node involve three major 
steps as highlighted below: 
 

i. Computing a local ranking at n (the rankings of n’s children); this including the computation of 
local ranking for all the nodes that are associated with n both interior and posterior. 

ii. Computing n’s ranking and judgement; this is achieved by aggregation of all the local rankings 
and judgements of n’s children respectively. 

iii. Aggregating the bias for n’s children into only one weighted value which is an associate of n. This 
is where the ERRA differs from QuickRank—QuickRank does not include this step. User’s bias 
β is a pre-computed weighted value that is applied to all n’s children. The value usually ranges 
from 0 to 1 (0 < β ≤ 1, where β is the user’s bias at leaves level). User’s bias of 1 means the 
QuickRank value for the leaf or node stays the same. If the user’s bias for all the leaves, interior 
and posterior nodes is equal to 1, then our Enhanced Recursive Ranking Algorithm returns the 
same ranking results as QuickRank. We require that the user bias be normalised (the reason and 
the method for bias normalisation are discussed in section 3.3). 

 
It is easy to see that ERRA just like QuickRank is a well-defined algorithm. The global ranking does not 
depend on the order of computation of the local ranking. This is made possible because the algorithm 
adopted the approach of propagating local computations from bottom to the top of the tree while to generate 
resultant global values. ERRA is designed to be deterministic and terminate when there are no more nodes 
to collapse and the root node becomes a leaf node.   
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Data Structures: In ERRA, the two main input are;  Tn which is a subtree of T at node n, and the user bias 
which defines user specific presence. The output is return in the form of data structure as enumerated below: 

i. Local  ranking of  the leaf nodes that are in the tree up to the support point  Tn 
ii. Computed judgement, that is the mean of all judgements of Tn’s leaves weighted by the  

ranking computed in (i). 
iii. A user bias, computation of the mean value for biases of Tn’s leaves.  

QuickRank returns only (i) and (ii). 
 
At the leaf node n, the ranking follows a normal probability distribution with all weights on n (denoted by en), 
the judgment is given by Rn and bias as βn. 
 
Computing Local Ranking: Our algorithm relies on QuickRank’s BaseRank procedure such as In-degree, 
Out-degree, Eigenvector centrality or PageRank (see Greenwald and Wicks 2006). BaseRank procedure takes 
n’s local prior ranking and a local judgment graph M as input. For j and k both children of node n, the entry 
of M in the row corresponding to k and the column corresponding to j is the aggregating of all endorsements 
from leaves in Tj to leaves in Tk. This entry is equal to the sum of all entries in the jth judgment corresponding 
to leaves of Tk. 
 
To facilitate recursive implementation of our algorithm, we decided to localise the process of computing the 
local ranking for all the nodes while ignoring the links to and from the sub-tree. Localizing of marginal rank 
computations is motivated by the aforementioned “peer-review principle”. We adopted QuickRank’s 
definition of approximate endorsements by individuals outside the sub community. For instance, considering 
an individual i who is a member of community A and another individual j belonging to a different community 
B, An endorsement by   in  for  in  is as a component reflecting part of an endorsement by of 

. Thus, endorsements by  for individuals in  are aggregated into an endorsement by  of  by first 
scaling the endorsements from each  to each  by local rank, and then adding the resulting weighted 

endorsements. Replacing  by any other  in  does not change the aggregated endorsement. This is why 
the main endorsement is considered to be estimated. If the links starting at  are interpreted to mean ’s 
judgment, then this collection procedure is considered to be based on Bonacich’s hypothesis. That is, 
obtaining endorsements of  by  is followed by aggregating over all  (to derive an endorsement 

of ). 
 
Aggregation of Rankings and Links: Based on QuickRank, the ranking of n’s m children into a single ranking 
corresponding to m can be achieved by calculating the means of the rankings  according to the 

weights indicated by the local ranking r. Concatenating the m rankings into a matrix , the 

aggregation of ranking is simply expressed as . Also corresponded with each child  of a collapsible node 

n are a judgment , and a user bias . These judgments and user bias are computed using the exact same 

techniques as the case of rankings. 
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Having described the major steps of our Enhanced Recursive Ranking Algorithm, we now present the 
algorithm in pseudo code (Table 3.1) (we refer the reader to Greenwald and Wicks (2006) for a detailed 
explanation on BaseRank procedure). In the pseudo code, weighted judgment is denoted as , weighted 

bias as . The matrices are denoted by  - judgment;  - ranking; 

- bias. 

 
Table 1. Enhanced Recursive Ranking Algorithm 

Algorithm: Enhanced Recursive Ranking (Collapsing node n) 
1:  if (n.isLeaf()) then 
2:  return  (({n.getJudgment(),  en}), Concat({n.getUserBias (), βn})); 
3:  Else 
4:  m = n.numChildren () 
5:  for (j = 1 to m) do 
6:  ( , , ) ← QuickRank(n.getChild(j)) 

7:  for (k = 1 to m) do 
8:  = Sum ( , n.getChild(k)) 

9:  end for 
10:  end for 
11:   

12:   

13:   

14:  r = BaseRank(M, n.getLocalPriorRanking()) 
15:  return ({ , , }); 

16:  end if 
 
In the sample school structure described in previous section, using ERRA to compute the ranking of any 
department or faculty, we must compute the marginal (local) rankings of interior and posterior nodes (faculties 
and departments) and compute the cumulative local rankings using chain rule. Ranking techniques will be 
applied on each individual within the hierarchy. We begin by restricting the link graph a particular faculty, 
thereby constructing a local link subgraph including only the departments in that faculty. Then using 
BaseRank procedure, we compute the marginal ranking of the departments. Then we scale the links from 
this faculty’s departments to the outside departments by the marginal ranks of the faculty’s departments. 
Finally, the results are added to generate a resultant link which is represented from the current faculty to the 
outside connected departments. Furthermore, we progressed to recursively construct a marginal link sub 
graph, and generated corresponding ranking values for the faculties. The combination of the two local ranking 
for the departments in the faculty node produced one marginal ranking for all the departments in the faculty. 
Repeating this procedure for the other faculties, we obtain a single global ranking for each faculty. This process 
is repeated till the hierarchy is fully collapsed into a single a node.at this point, the ranking of all the 
departments in the school are generated.  

ne

n  1 mP l l   1 mQ r r 

 1 mB   

jl jr jb

kjM jl
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Thus, obtained rank is the same as the QuickRank of the departments. We then scale the QuickRank using 
the pre-computed user bias aggregated at each node, to obtain the enhanced recursive ranking. If the user 
bias in all the nodes is not equal to 1, then the final ranking may differ from the QuickRank. 
 
4. NORMALIZATION OF RANKING CRITERIA 
 
As stated in the description of the steps of the algorithm, it is required that the user bias be normalised. We 
explain why normalized bias value is needed, and the method of normalization. The third parameter in our 
algorithm, user bias, incorporates individualism into the ranking. The values of the user bias are computed 
from the user-defined search criteria. The order of preference of the search criteria (which may be specified 
explicitly by the user, or inferred implicitly from their profile) is important in the ranking of the results of the 
search. It is more convenient to allow users express these criteria in a form, most familiar to them. For 
instance, they may specify them as being ‘very important’, ‘important’, ‘not important’, etc. However, the 
quantification of these terms is arbitrary, and may not reflect the reality of the user’s intentions, as different 
users may understand these terms in different ways. 
 
 Another possible scheme is to allow them specify them on a scale of importance, for example, 0-10, 1-5, etc. 
Most surveys, with which people are accustomed, usually use such schemes. It makes sense, therefore, to 
adopt such an approach to specifying user-defined preferences. In order to make a direct comparison among 
criteria on their scale of relevance, it may be required that the cumulative sum of all the criteria equals a fixed 
number (possibly the maximum limit of the range). For instance, if we are using the 0-10 scale of relevance, 
it may be specified that the sum of the values, assigned by each user to the criteria must be equal to 10. Say, 
there are four criteria—newness, proximity, cheapness, ease of use. Then a user could assign any non-negative 
values to these criteria, as long as the sum equals 10. For example, one may assign 5 to newness, 3 to proximity, 
0 to cheapness, 2 to ease of use; or 2.5 to all the criteria. We could then interpret the first example as the user 
considered newness to be of highest importance among the criteria., the next is proximity and then ease of 
use in that order, while the user does not consider cheapness important. In the second case, the user considers 
all the criteria to be equally important. Of course, while this requirement of constant cumulative sum enables 
us to quickly determine that order of preference of the criteria, as well as quantitatively determine the relative 
relevance of each, it is however, not very convenient for users to express their preferences that way. Users 
may know that some criteria are more important to them than others, but may not be able to quantitatively 
define how relatively important they are, that is, they are not able to say, whether criterion A is twice as 
important as criterion B. Moreover, such a scheme may not reflect the reality of user’s preferences.  
 
As stated in the introduction to this chapter, a key question in this research work is determining a way to help 
users find what they intend, when they cannot specify in vivid terms exactly what they want. It is important, 
therefore, to allow users express their preferences in the form most familiar and convenient to them. To this 
end, we shall adopt one of the methods used for surveys—using a scale of preference to specify user search 
criteria. The scales are determined individually for each criterion, in such a way that, they make the most 
sense to the users. To illustrate, using our previous examples with four ranking criteria, we may adopt a scale 
of 0-10 for newness and cheapness, 1-5 for proximity, and 0-100 for ease of use. Of course, the same scale 
could be used for all the criteria, if it makes sense. However, the adoption of individual scales for the criteria, 
while very convenient, poses a problem - how can we determine the order of preferences, since different 
scales are used? To solve this problem, there is need to bring the values to the same scale for ease of 
comparison. This is achieved through normalization of the values. 
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There are various normalisation techniques in use today—min-max, cosine, non-monotonic, Z-score, etc. In 
other to select the best normalisation method to use, there is need to consider the purpose of such 
normalisation, the statistical properties of the data, and so on. Z-score normalization is useful if the 
distribution of the data is normal, which is not the case (or cannot be proven to be the case) for the values 
assigned the criteria. Local linear rescaling using quantile or percentile values alleviates the so-called ‘fat tail’ 
problem (Ready and Hu 1995), and therefore works well if there are outliers in the dataset, which is not the 
case here. For our purpose, we shall use the linear min-max normalization method. Since the linear min-max 
normalization does not distort the relative pairwise distances (because it is linear), it is the most appropriate 
for making our various criteria comparable without introducing additional errors. In min-max normalization, 
care must be taken to check for the min=max case, which luckily in our case, we do not need to worry about. 
It is computationally easy too. The formula for the min-max normalization is given by: 
 

(3.1) 

 
Where the normalized value of the criterion is, is the user-specified value of the criterion, max 
refers to maximum limit of the scale, min represents minimum limit of scale. The min-max method 

normalizes each of the criteria in the range . We shall interpret the value of 0 as meaning that the 

criterion is not important, while 1 signifies that the criterion is essential to the search. Larger values of the 
criteria indicate higher importance. 
 
Our algorithm uses the min-max metric to normalize the ranking criteria. The purpose of normalizing the 
criteria is to be able to compare the order of preference of the ranking criteria, specified by the user. It also 
allows us to compare search results across similar data from different datasets. Using the min-max metric 
ensures that additional errors are not introduced by the normalisation step, as the relative distances between 
values are preserved. This method allows us to determine the importance of each of the ranking criteria in 
regards to the relationship between the QuickRank of the objects and their respective position in enhanced 
recursive ranking. The idea behind this normalisation metric is that most criteria are as important as the size 
of their normalised values, which in turn ensures that highly relevant results possess higher ranks in the 
generated list. 
 
Finally, it is important to note that normalisation of the criteria is a pre-processing step, just like converting 
the link graph into a judgment graph. The user bias incorporated into our algorithm is actually not the user-
specified values, but instead the normalized values. In this work the values of all the criteria are being 
normalized by using a min-max factor of the user-defined criteria, which removes the difficulty of the 
comparison of the relative importance of the ranking criteria, and allows us to compare search results across 
different datasets. 
 
 
 
 
 
 

max X

max min
newX






newX X

 0;1
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5. IMPLEMENTATION OF ENHANCED RECURSIVE RANK ALGORITHM 
 
One of the deliverables of this research work is a software program that demonstrates our ranking algorithm. 
Here, we present explanation about the tools and techniques that were deployed for the implementation, 
special characteristics and limitations of the program. The structure of the software implementation of our 
enhanced ranking algorithm is shown on fig. 3.3 below. The components are discussed briefly. 
 

 
Fig. 2. Enhanced Recursive Ranking Model Implementation 

i. Indexer: Our ranking algorithm enables users search for what they want, specifying the criteria and 
properties in order of preference. Of course, the traits will vary in importance to different users. A 
recursive search through a huge dataset places high demand on the processing power of the 
processing machine. It is therefore, required that the database be perfectly normalized and properly 
indexed. The task of indexing the records in the database is carried out by an indexer, inbuilt into 
the ranking system. Indexing makes the search easier, and ensures the fast operation of the database. 

ii. User Query Handler: To enable users input data, select search criteria, traits, qualities, etc., a robust 
and user-friendly interface is needed. The interface is developed in accordance with industrial 
standards. It receives user’s query and link it to most relevant profile on the network. A query 
processor passes the queries through a web mining process, and returns the most relevant results. 

iii. Database Manager: A robust database is required to manage the huge volume of data. Owing to its 
ease of use, and free availability, MySQL database is used in the design of the ranking system. 

iv. Web crawler:  A web crawler is used for the selection and gathering of the standardized dataset, which 
is used for the testing of the algorithm. From the web, it gathers relevant data, which forms the 
foundation of the database. The selected information will target people and their various unique 
characteristics, and will be stored in the database for referencing. The crawler is designed with the 
ability for data gathering from online social networks through their Application Programming 
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Interface (API). Using the APIs, it is possible to extract relevant information from the existing social 
network database, including data about the structure of the network. A popular example is Facebook 
API). 

v. Ranker (or Ranking Model): The ranker measures the importance of the search results returned, 
using the proposed Enhanced Recursive Ranking Algorithm. The ranker incorporates user bias in 
computing the ranks of the results. 

vi. Retrieval Engine (Top-k Retrieval): It performs lookups on the index tables against the search query. 
vii. Learning Algorithm: This implements a machine learning algorithm, which helps the system to adapt 

itself over time to rank results better, by analyzing previous data. 
i. Our program is implemented using the Python and JavaScript computing language. 

The selection of these languages is based on the ease of programming, availability of 
computational libraries, as well as toolkits for GUI programming. 

 
5. THE RANKING DISTRIBUTION 
 
As stated previously, the ranking output by the algorithm is a probability distribution. From the statistical 
properties of this probability distribution, useful information about the dataset, and consequently the 
underlying hierarchical social network, can be extracted. Two of the most important properties are the 
weighted mean and variance of the distribution. Weighted mean enables us to calculate the estimated value 
of the rank given user bias. This is calculated by 
 

 

 

Where  is the dataset (ranks),  are the non-negative weights of the criteria. The 

weights are assigned according to the importance of the criteria at each node. It can be seen that criteria with 
a high weight contribute more to the weighted mean than do criteria with a low weight. We normalize the 

weights, such that their sum equals 1, that is . Consequently, the formula above gets simplified to 

. 

 
If equal normalised weights are assigned to all the criteria, then we get 

 

 
On the other hand, variance shows the ‘spread’ of the ranks. Higher variance signifies a wide difference in 
the relevance of the returned results, while lower variance means that the results are more or less on the same 
level of relevance. The variance of the distribution is computed by: 
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Where  is the expected value. 

The weighted mean and variance are very significant, as they help us compare the degree of similarity between 
two standardized datasets (rankings) of the same network. 
 
It is possible to determine the approximate probability distribution of the rank. In statistics there are 
numerous techniques (Ritzema 1994) for probability distribution fitting to a series of data, including 
parametric methods (Cramér 1946) and regression method. The parametric methods include; method of 
moments, method of L-moments (Hosking 1990), maximum likelihood method (Aldrich 1997). In this work, 
we use MATLAB’s ALLFITDIST function, which fits all valid parametric probability distributions to data 
(MATLAB 2016).  
 
Note that for non-parametric kernel-smoothing, FITDIST should be used directly instead. The probability 
distribution enables us to determine the dependence of the rank on different factors, from which useful 
information can be inferred. 
 
The correlation between the original ranking (using QuickRank, or another ranking algorithm) and the 
individually biased ranking can be established. This correlation enables us to determine the influence of user 
bias in the ranking. This way, we could determine the efficiency of our algorithm in ‘personalizing’ search 
results based on user-defined preferences. Correlation can be computed using multiple methods. In this work, 
we adopt the Pearson Correlation Coefficient. The choice of method is based on the ease of computation, as 
well as the structure of the underlying test datasets. The Pearson Correlation Coefficient is given by: 
 

 

 
Where cov(X,Y) is the covariance,  is the standard deviation of X,  is the standard deviation of Y,  

is the mean of X,  is the mean of Y, E is the expectation. 
 
When applied to a sample, the Pearson Correlation Coefficient is given by: 

(3.7) 

for two datasets , and . To get the weighted correlation coefficient, we use the 

formula 
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(3.8) 

where  is the weighted covariance;  is the 

weighted mean. 
 
In our case we apply formula (3.7) to the rankings obtained with ERRA, and the original rankings obtained 
through QuickRank or another algorithm. The value of r determines how strongly the introduction of user 
bias distorts the original ranking, how much ‘personalized’ by user criteria it becomes. Strong correlation 
coefficient can be interpreted to mean that user bias greatly influence the ranking result. 
 
Another useful property is the probability distribution of the search criteria. It reflects how each criterion 
varies among users. The distribution shades light on the properties of the users, and could be used to train 
the system to predict and rank results better, using information inferred from the user’s profile. For this 
purpose, a learning algorithm unit is included in the program (see fig. 3.2). To determine the probability 
distribution of each of the criteria, we use the ALLFITDIST function from MATLAB as used above. 
 
5.1. Generality and Limitations of the Enhanced Recursive Rank Algorithm 
Having outlined in details the workings, implementation and the properties of the ERRA, it is necessary that 
we discuss the generality and limitations of the algorithm. As previously mentioned, the general principles of 
the proposed approach can be applied to any social network with a hierarchical structure. This implies that 
our algorithm has a wide area of applications, since a lot of search objects can be represented with a 
hierarchical structure. From this fact, however, springs a serious limitation – the algorithm cannot be used 
directly with networks, which are not hierarchical. However, it is possible to modify the algorithm to work on 
such non-hierarchical networks, or modify the structure of the network to suit the algorithm. We have, 
however, not yet investigated this possibility. Despite this limitation, the algorithm can be applied to existing 
search engines as a means of personalizing search results. 
 
6. CONCLUSION 
 
We have discussed about the proposition of a new algorithm for hierarchical social networks. The new 
algorithm named “Enhanced Recursive Ranking Algorithm” (ERRA) is a modification of the QuickRank 
algorithm to incorporate user bias. The theoretical framework for the implementation of the algorithm was 
discussed, as well as the statistical properties of the results. From the theoretical analysis, we demonstrated 
that the algorithm shows lots of promises in solving the research problems proposed. In the next chapter, 
experimental study of the algorithm using the software program developed will be carried out. This will help 
us determine the adequacy of the proposed solution. 
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