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ABSTRACT

In this paper we study graph—based ranking measures for the
purpose of using them to rank email correspondents accord-
ing to their degree of expertise on subjects of interest. While
this complete expertise analysis consists of several steps, in
this paper we focus on the analysis of digraphs whose nodes
correspond to correspondents (people), whose edges corre-
spond to the existence of email correspondence between the
people corresponding to the nodes they connect and whose
edge directions point from the member of the pair whose
relative expertise has been estimated to be higher. We per-
form our analysis on both synthetic and real data and we
introduce a new error measure for comparing ranked lists.

General Terms

Algorithms, Experimentation, Measurement

Keywords

Expert finding, Social network analysis, Digraph node rank-
ing, Ordered list distance

1. INTRODUCTION

A problem faced on occasion by almost everyone is that of
locating some desired information or source of knowledge.
The latter is desirable when one isn’t even sure what to ask
for and can usually be satisfied by finding an expert in the
topic of interest. This problem of finding an expert is what
we address in this paper.

In large enterprises such as companies and government agen-
cies a source of information that can be utilized in this search
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for experts is the aggregate email of the organization. Email
is used today as a major means of communication in busi-
ness. As such it contains precious information about the
activities, interests and priorities of an individual or the or-
ganization. The email collection also includes both notes
requesting information and notes providing it. It is rea-
sonable to hope, therefore, that appropriate analysis of an
organization’s aggregate email can identify individuals with
a high level of expertise in the topics of interest to the or-
ganization as a whole or some sufficiently large fraction of
it.

In [3] an approach to performing this expertise analysis of
email collections and a system embodying that approach are
described. In this paper we concentrate on the third part
of the following three—step process. This process is applied
to the subset (of the complete collection) of the emails dis-
cussing a certain topic.

1. Quantitatively estimate the relative expertise between
two people based on all the on—topic emails between
them.

2. These pairwise relative—expertise assessments can be
seen to implicitly form a weighted directed graph (di-
graph) in which the nodes correspond to people (send-
ers and receivers of emails in the collection). The exis-
tence of an edge between nodes 7 and j indicates that
there was at least one email between the associated
people. The direction of the edge is from the person of
greater expertise to the person of lesser expertise and
the edge weight is the quantitive measure of relative
expertise.

3. The described digraph is analyzed using a graph—based
ranking algorithm whose output is a ranked list of all
the nodes (people) according to their absolute exper-
tise level.

The goal of the work described here is to compare various
ranking algorithms. Our method for comparison is based on
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applying them to graphs where the ground truth ranking is
known and then assessing how well the algorithms output
agrees with the true ranking. Both simulations and real—
data experiments are presented. We study a simulation of a
fully connected “perfect” digraph in which every node pair
is connected by a link with the correct direction and weight
is formed. This graph is then systematically degraded by
removing and/or reversing links. Additionally we analyze
graphs based on real data, in which edges account for email
exchange. These graphs contain only a small fraction of the
possible edges. Furthermore the use of text classification to
determine the direction of the edges may further degrade the
quality of the graph by assigning incorrect directions and/or
weights to the edges.

2. RELATED WORK

Motivated by the prevalence of the WWW, the task of ex-
pert finding has lately received growing attention from the
research community [6; 4; 8]. For a review of work in this
area, both research studies and commercial systems, we refer
the reader to [15]. In contrast to our approach, the major-
ity of the systems studies so far focus on connecting people
to experts who posses some knowledge on a given topic.
Our system in comparison is concerned with ranking peo-
ple according to their expertise level rather than separating
experts from non experts.

A system that attempts to provide ranking of experts by
their expertise level is described in [9]. This system is an
expert—finder system that exploits technical papers, presen-
tations, resumes, home pages etc. on MITRE’s corporate
intranet to enable the location of relevant experts. The rank-
ing uses a simple scheme based on the number of mentions
of a term/phrase.

Another factor differentiating our system from many other
expertise-location systems is the use of email for identifying
experts. One of the few systems that are based on email
is [13]. However this system does not consider the content
of email messages but only flow pattern between the corre-
spondence. Another system that uses email is presented in
[14]. This system uses a pre-existing hierarchy of subject ar-
eas, characterized by word frequencies, to identify experts in
specific areas by analyzing the word frequencies of the email
messages written by each individual. However, like many
of the systems mentioned above, this system does not deal
with the question of the ranking of the identified experts.

3. RANKING MEASURES

As we stated in the introduction, our hope is to use both
the texts of email messages and their distribution patterns
to determine who the experts are. Because we represent the
organization whose email we study as a graph whose nodes
correspond to people and whose edges (links) correspond to
the existence of email correspondence between the people
whose corresponding nodes they connect, we think of and
refer to this analysis as “link analysis”.

The outcome of our analysis of the email between two peo-
ple is the determination of which of the two knows more
about the topic and a relative—expertise score, which char-
acterizes the magnitude of that assessed difference. We can
make an analogy between this comparison and a compe-
tition (match, game, etc.) between two sports teams. In
this analogy the relative—expertise score corresponds to the
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difference in score between the two teams. We can further
extend this analogy to a correspondence between finding ex-
perts and finding a champion by ranking teams, especially in
cases where there haven’t been competitions between every
pair of teams. This problem has been studied extensively
(see, for example [1; 2]). We will make use of this analogy
in the following descriptions of the ranking approaches we
evaluate.

3.1 Affinity (a.k.a Score)

Following our team-ranking analogy, perhaps the simplest
way of ranking teams is by the number of wins or (closely
related) the total point differential between the team and
all of its opponents. We refer to this measure as “affinity”
and it was referred to as “score” in [5]. This measure would
be fine if every team played every other team or if we had
relative—expertise assessments between every pair of people,
but when that is not the case, it tends not to work well
because it rates wins over all teams equally regardless of the
records of those teams and who their opponents were.

3.2 Successor

This is related to the measures described in [5]. Think of di-
rected edges pointing from winners to losers or from greater
to lesser expertise. If all these edge directions are correct,
all the people “downstream” (reachable by a directed path)
from a given node are of lesser expertise. This one measure
of expertise is simply the count of such people (nodes).

3.3 PageRank

One of the more popular team-ranking techniques is de-
scribed in [5]. In this approach the obtained ranking is
the principal eigenvector (corresponding to the largest eigen-
value) of the adjacency matrix of the digraph in which edges
correspond to matches between teams and the direction of
the edge is determined by who won. This approach turns
out to be virtually identical to the well known PageRank[12]
algorithm for ranking web pages, the only difference being
that in PageRank low—weight edges are added between all
nodes in both directions. This weight is an adjustable pa-
rameter. We refer to this step of adding low—weight links to
all nodes as “smoothing”, which we also perform.

3.4 Positional Power Function

One of the ranking measures we chose to evaluate is taken
from [5]. It is closely related to what they call the “Posi-
tional Power Function” (PPF). For PPF the ranks {r;|i =

1,2,...,n} satisfy the following system of equations.
1
i o=y (i +1), 1)
JES;

where S; denotes the set of successor nodes of node 1.
A generalization of (1), which we evaluated as part of our
experimental characterization is:

o= S la+ (-, (2)
JES;

We solved this system by the usual power—iteration scheme.
The corresponding results in our experimental section are
labelled “power”.

3.5 HITS (authority)
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The HITS|[7] algorithm was devised with the thought of
ranking web pages according to their degree of “authority”.
It is designed with the structure of the web in mind. In the
associated digraph the directed edges correspond to hyper-
links. The HITS algorithm produces two scores/rankings —
the “hub” score and the “authority” score. We present only
the latter because it gave consistently better results than
the hub score as expected. In terms of the digraph adja-
cency matrix A the authority score is given by the principal
eigenvector of the matrix AT A, where AT represents the
transpose of A.

4. ACCURACY EVALUATION

In this section we describe the measures we use to charac-
terize the accuracy of ranking by characterizing the degree
of agreement/disagreement between the computed ranking
r and the correct (ground—truth) ranking p. In the analysis
of synthetic data (described in Section 5) we used a novel
error—distance measure, designed to exhibit qualitative be-
havior desirable for an expertise ranking accuracy measure.
We we refer to this measure as “rnkerr” and describe it in
the following section. The real-data analysis (described in
Section 6), presents results using both the “rnkerr” measure
and recall graphs.

4.1 Rank-Error Distance

This is a measure of the following form:

elp,r) = Z n(mi) ((4:) ®3)

where

A

m; £ min(p;,r;) and 4 lpi — ril.

The general form of (3) embodies two notions about the de-
sirable qualitative behavior of such a measure. One of these
ideas is that the importance of an error (difference in the
rank of the i*" object) increases with the highest rank the as-
sociated object received on either of the lists (min(p;, r;)). If
neither rank is high, the associated error (difference) should
contribute very little to the overall score. This notion is
captured in the function 7(-), which decays monotonically
with its argument, asymptotically approaching zero.

The second idea is that the magnitude of the error associated
with a difference § in rank should saturate at (asymptoti-
cally approach) some value as J increases. The notion here
is that beyond some value, all differences should carry ap-
proximately the same weight. This behavior is embodied in
the function ¢(4).

In experiments we used the following specific functional for-
ms for n and ¢ each characterized by single adjustable pa-
rameters — A and 3 respectively.

miA) = exp(—Am)
MmN = N ()
and

C6:8) = %[1—exp<—,ea)]

Where the parameter value A = 0.25 and 3 = 0.1 were used
in our experiments.
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4.2 Recall

In our recall-based analysis we characterize the comparison
between two rankings by a recall curve (see Figure 2 for
example). In the figures depicting this the “query size” (let
q represent this) refers to the top g ranked nodes (people)
in the computed ranking r and the “recall” is the fraction
of the top g nodes of the ground—truth ranking p that are
contained in the top ¢ members of r.

5. RESULTS FOR SYNTHETIC DATA

As part of our study of the behavior of the various rank-
ing measures we ran them on synthetically generated exper-
tise graphs. The general approach was to initially generate
“perfect” graphs and then randomly degrade those graphs
by removing and reversing edges. By “perfect” graphs we
mean graphs for which there is an edge (link) between ev-
ery pair of nodes and the direction of these edges correctly
reflect the relative expertise of the nodes they connect. In
what follows we present results for three such collections of
experiments.

1. The first of these corresponds to only removing edges
from a perfect 21-node graph.

2. The second corresponds to only reversing edges from
a perfect 21-node graph.

3. The third corresponds to both removing and reversing
edges from a 15-node perfect graph. That is, a number
of edges is first removed and then a number of those
remaining are reversed.

In the work presented here all edges have weight 1.

Figures 1(a) and 1(b)) are plots of the error distance (“rnkerr”
= €(p,r)) described in Section 4 versus the number of nodes
either removed or reversed. The individual points are av-
erage values from several trials as described below. There
are three tables in this section, each table representing an
experiments collection. Each table contains three columns
for each measure. The following is a description of these
columns.

“avg. dist.”: This is the average ¢(p,r) between the rank-
ing produced by the measure and the “ground truth”
(i.e. the correct ranking). This average is over all tri-
als in the particular experiment. Smaller values are
better; a perfect score is zero.

“no. best”: Thisis the number of trials for which the asso-

ciated measure produced the best ranking as measured
by e(p,r). Larger numbers are better; a perfect score is
equal to the total number of trials. The worst possible
score is zero.

“no. worst”: This is the number of trials for which the as-
sociated measure produced the worst ranking as mea-
sured by e(p,r). Smaller numbers are better; a perfect
score is zero. The worst possible score is equal to the
total number of trials.

5.1 Removal of Edges from Perfect Graphs

The results presented here are for a set of experiments on
21-node graphs. It is assumed that the associated 21 people
have expertise “scores” of {1,2,3,...,20,21}. A directed
link with weight 1 is placed between every pair of nodes
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going from higher to lower expertise score. This is the initial
“perfect” graph, which has |E| = (221) = 210 edges. The
number k:em of edges removed from these graphs is varied
from 1 through [n/2], which is 11 in this case. The results of
these experiments are plotted in Figure 1(a) and tabulated
in Table 1.

14

Results from removing links from a perfect 21-node graph
T T T T T T

periments are plotted in Figure 1(b) and tabulated in Table
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(a) Removing links.

Results from reversing links from a perfect 21-node graph
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Figure 1: Results from randomly removing/reversing links
in a perfect 21-node.

measure | avg. dist. | no. best | no. worst
Successor 0.0342 321 0
PageRank 0.0317 332 0
HITS 0.9711 0 196
Affinity 0.3753 0 1
Power 0.1825 142 0

2.
measure avg. dist. | no. best | no. worst
Successor 3.5258 1 369
PageRank 0.4594 62 0
HITS 0.9983 7 0
Affinity 0.4804 27 0
Power 0.3468 256 0

Table 2: Results of randomly reversing links in a perfect
21-node graph.

5.3 Combined Removal and Reversal from Pe-
rfect Graphs
The results presented here are for a set of experiments on
15-node graphs. It is assumed that the associated 15 people
have expertise “scores” of {1,2,3,...,14,15}. A directed
link with weight 1 is placed between every pair of nodes
going from higher to lower expertise score. This is the initial
“perfect” graph, which has |E| = (125) = 105 edges. This
graph is then degraded in various ways described as follows.

e number of edges removed krem: Varied from 1 through
[n/2], which is 8 in this case.

e number of random sets of krem (remaining) edges re-
moved for each value of krem:

V(krem) = \‘log2 (’lf‘L)J

Let Gi,.,, be a random variable whose values are grap-
hs formed by deleting random sets of krem edges from

G.

e number of edges reversed krev: This is varied from 1
through krem for each Gy,....

e number of random sets of kv edges reversed for each
value of the pair (Gi,..., krev):

y(krem; k'rev) = {Ing (lElk_ekrem)J

e total no. graphs analyzed

[n/2] krem
Z V(k'rem) Z V(krem; k'rev) = 19307.
krem=1 krev=1

Table 1: Results of randomly removing links from a perfect
21-node graph.

5.2 Reversal of Edges in Perfect Graphs

In this set of experiments we reverse rather than remove
edges in perfect graphs. The number of edges reversed and
the scheme for determining that number and selecting the
edges is exactly the same as that used in the removal ex-
periments described in Section 5.1. The results of these ex-

The results of this process are tabulated in Table 3.

measure | avg. dist. | no. best | no. worst
Successor 2.2315 457 15109
PageRank 0.6303 6372 14
HITS 1.1722 576 1890
Affinity 0.7225 1324 7
Power 0.5927 9012 16

Table 3: Results of randomly removing and reversing links
from a perfect 15-node graph.
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6. RESULTS FOR REAL DATA

For the second part of our experiments we collected a data
set of internal email communication contributed by individ-
uals in our organization. Fifteen people from a single work-
group contributed email messages from their personal email
boxes, containing a total of 13417 messages. From this set
we selected, using keyword search, messages related to ten
topics. Five of the ten topics were generic, such as BTEX,
Java, and Perl, while the other five were more specific to the
type of work done in the workgroup. The full list of peo-
ple involved in correspondence on each topic was extracted.
Human evaluators were asked to rate each person for his/her
level of expertise per topic on a scale from 1 to 10. These
ratings were then averaged across the evaluators. We used
the resulting ranked list for each of the topic as the ground
truth for our experiments.

Recall that in the graph representation of an email corpus
nodes are associated with the people involved in the corre-
spondence and a directed edge from node i to node j in-
dicates that ¢ is less of an expert on the subject than j
is. With an email collection at hand this relative expertise
information may be based on the analysis of the email mes-
sages exchanged between the parties. In the case where no
correspondence exists between a pair of people, the relative
expertise level cannot be directly determined and the corre-
sponding edge will not exist in the graph. As a result, graphs
based on real email correspondence are much sparser than
the ideal fully connected graphs. Table 4 reveals that the
number of edges in graphs representing the ten topics is on
average only 20% of the number of edges in the equivalent
fully connected graphs.

topic #nodes | #edges (ﬁ—i(j(%%
2
java 37 84 12
latex 8 6 21
matlab 12 11 16
perl 12 11 16
xml 26 44 13
cognitive 19 21 12
eye 12 13 19
pong 15 13 12
wbi 28 98 25
wf 13 12 15
avg. 18 31 20

Table 4: Characteristics of real data base graphs.

While in the synthetic experiments (Section 5) we were ran-
domly reversing edges, with an email corpus at hand we
assume the direction of an edge is determined by a text clas-
sifier which analyzes the content of the messages exchanged
between a pair of people. Like any analysis of this kind we
cannot expect 100% accuracy from this process. Therefore
in the resulting graphs some of the edges may be reversed.
We experimented with four different analysis methods. For
every pair of people 7,7 between which correspondence exists
the various analysis methods will act as follows:

Ideal Classifier If the expertise level of 7 is higher than
that of j and edge (4, j) is created with weight 1.

Dummy Classifier Creates two parallel edges in opposite
directions between i and j, each with weight 1/2.
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Random Classifier Flips an unbiased coin. If “tail” —
creates an edge 7, j with weight 1. Otherwise, creates
an edge j,¢ with weight 1

Maximum Entropy We trained a Maximum Entropy (ME)
[11] classifier from the Rainbow package [10]. We ran
the classifier on the set of messages sent from 7 to j.
We then create an edge (7,j) with weight p and an
edge (j,1) where p is the probability the classifier gave
to the event that ¢ has higher expertise than j. If
communication exists in both directions we run the
classifier separately for each direction. We then as-
sign a weight of (p + 1 — ¢)/2 to the edge (i,j) and
(g+1—p)/2 to the edge (j,%) where p is as before and
q is the output of the classifier when run on message
on the opposite direction. In our experiments we used
9 out of the 10 queries to train the classifier and tested
on the remaining topic.

PageRank | Hits | Power | Affinity
Ideal 0.32 0.44 0.42 0.42
Dummy 0.53 0.53 | 0.53 0.56
Random 0.58 0.58 | 0.54 0.55
ME 0.56 0.55 | 0.55 0.57

Table 5: Results on on real data based graphs.

A summary of the results of running the four ranking al-
gorithms (excluding Sucessor) perviously mentioned on our
email data is brought in table 5. The results are further
detailed in Figures 2, 3 and 4.

7. DISCUSSION OF RESULTS

In the synthetic results of Section 5 we examined three
modes of degradation starting from perfect graphs. In the
removal-only results the best (nearly perfect) results were
obtained using PageRank and Successor, whereas HITS was
significantly worse than the others. In the reversal-only
results, on the other hand, the best results were obtained
with Power, though the results obtained with PageRank
and Affinity were nearly as good. The Successor results were
much worse than the others and the HITS results were some-
what worse. Similar results were obtained in the removal-
plus—reversal experiments. That is, the best results were
obtained with Power, with PageRank and Affinity finishing
a relatively close second and third respectively. The HITS
algorithm was a more distant fourth and Successor was once
again significantly worse than the others. As can be ex-
pected, measured accuracies obtained for the removal-only
experiment were significantly better than those obtained for
reversal-only and removal-plus—reversal results.

In the real data results of Section 6 we examined four modes
of degradation starting from sparse graphs. The results ob-
tained with “ideal” classifier support the synthetic removal—-
only results. PageRank performed significantly better wher-
eas HITS was slightly worse than the other methods. Among
the Dummy, Random, and ME classifiers very small dif-
ferences in overall performance are observed. It should be
noted, however, that Power performed slightly better than
all the other methods. This is consistent with the results
gathered for the removal-plus-reversal and removal-only
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Figure 2: Impact of Classification.

synthetic experiments. Note that the difference in perfor-
mance between best performing algorithm and worst per-
forming algorithm on synthetic data was much more signifi-
cant than the difference between those algorithms obtained
on real data. These experiments also confirm that using the
ideal (i.e. correct) classification to generate the edge direc-
tions in the graph yielded significantly better results than
those obtained when using the other classification methods.
As a calibration point, the graphs presenting real data re-
sults (Figures 2,3 and 4) include curves corresponding to
picking a ranking uniformly at random. These are the strai-
ght-line curves appearing lowest in the four subfigures. Not
surprisingly, all examined ranking algorithms perform sig-
nificantly better than this random—ordering.
Unfortunately, we discovered that the ME classifier yielded
ranking performance that is comparable if not worse than
that of the Dummy and Random classifiers. This essentially
means that this classifier failed to provide the ranking algo-
rithm with any useful information from the content of the
messages. This demonstrates the difficulties of the classifi-
cation task. Two main factors contribute to the difficulty
of this task: (1) Both messages authored by experts and
those authored by lesser experts, discuss the same topic,
and therefore use similar vocabulary. (2) Email messages
vary in length and tend to be shorter than other documents
— as short as a single word (e.g. “yes” or “no”) — with much
of the original context missing. Therefore, not every mes-
sage contains sufficient information by itself to identify the
relative expertise level of the parties involved.
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Figure 3: Impact of Classification — contd.

7.1 Conclusion

The Successor algorithm, while dealing well with missing
edges, is clearly not robust to errors in edge direction. For
this reason it was ommited from the real data analysis. The
HITS algorithm, while giving results of reasonable accuracy,
gave noticeably worse results than the others (except Suc-
cessor). The inferior results obtained with HITS may be
attributable to the fact that it was conceived for the pur-
pose of ranking web pages and is based on the notion of the
existence of hubs and authorities which mutually reinforce
each other during the ranking process. While one can hy-
pothesize the existence of certain email correspondents that
play a role analogous to that of hubs, it seems unlikely that
many exist. A good hub would be someone who corresponds
with a large number of experts on a certain topic. It is our
feeling that most users of email will tend to have one (or at
most a few) person they use as an expert consultant on a
given topic.

The tournament-like model implicit in Power and PageRank
seems more appropriate to the problem at hand. PageRank
performs noticeably better than all other algorithms in the
case edges are missing but the ones present in the graph
point in the right direction. When noise is introduced in
the edge directions Power becomes more advantageous. The
final conclusion regarding which of the two is best depends
on the accuracy of the available classifier. Affinity also gave
reasonable results though somewhat inferior to Power and
PageRank.

Examining the performance of the various algorithms op-
erating on a graph constructed with the Dummy classifier
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Figure 4: Best ranking algorithm.

(Figure 4(b)) reveals that all the examined algorithms per-
form significantly better than the “random ranking” curve.
This result is encouraging because it implies that by only us-
ing the patten of the email exchange, independently of the
link structure, some significant information was extracted.
With a query size of only four we receive 50% recall. If the
accuracy of the classifier is to be improved we can expect up
to 70% recall with a query size of only two.

8. FUTURE WORK

In the future we may investigate other ranking algorithms
and variations of those studied here. In addition we plan
more extensive experimental investigations. In the synthe-
tic—data investigations we will use graphs that are much
sparser and therefore closer to those encountered in real
data. We also plan to include weighted edges (i.e. not only
0/1) in our analysis. In the real-data experiments we will
obtain more representative email collections.
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