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impediment to the study of wiki sustainability is the absence of time-series analysis methods that
are suitable for the unique patterns of wiki activity logs. The primary goals of this study are to:
(i) develop a novel method for analyzing wiki edit activity logs, (ii) reveal the temporal patterns of
corporate wiki edit activity, and (iii) study the factors impacting wikis’ sustainability. A validation
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perceptions, and explores 33277 distinct wiki applications within one global organization over the
first 5 years of wiki operation. Our results reveal six different prototypical wiki activity patterns,
and show that most corporate wikis become inactive after a relatively short period. Findings from
the user survey show that users of sustainable wikis are more satisfied with the wiki system and
its contents, and feel that the wiki provides them with a sense of community and productivity
enhancements.
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1. INTRODUCTION
Wiki is a lightweight knowledge management system that allows users to
collectively author documents [Leuf and Cunningham 2001; Wagner 2004] that
lends itself to peer-based knowledge management [Wagner and Majchrzak
2007; Majchrzak 2009]. To date, most research on wikis has focused on their
use in the public sphere, and specifically on Wikipedia [Viegas et al. 2004;
Liu and Ram 2009], a remarkable success and the most notable of wiki
implementations.
However, it is not clear that the insights from public wikis transfer to wikis
deployed in organizational settings, as egalitarian wiki work processes may
not be well suited for corporate command-and-control culture [Patterson et al.
2007; Arazy et al. 2010], stressing the need to investigate wikis in the corporate
context [Majchrzak 2009]. The few academic studies regarding wikis within
corporate settings suggest that wikis’ adoption is proceeding at a rapid pace.
Based on the results from a survey of users’ perceptions, Majchrzak et al. [2006]
argued that corporate wikis are sustainable, and an analysis of corporate-wide
wiki edit activity by Arazy et al. [2009] indicated that wikis’ adoption may
follow (or even surpass) the adoption rates of Wikipedia. Still, to date, there is
no data regarding the use of wikis within corporate projects over time.
The overall objective of this study is to investigate the extent to which corporate wikis are sustainable. A technology is sustainable when it is used continuously to support work processes. Since wiki is a collaborative authoring system,
we focus on content editing activity, that is, any change made to the wiki (including the addition, deletion, reorganization, and formatting of content) that
is automatically logged by the wiki system.1 Given that our primary objective
concerns the continuous usage of wikis, we study wikis’ temporal patterns of
edit activity. Existing theoretical frameworks of technology adoption may not
be directly applied to the problem at hand, and thus it is difficult to predict
wiki life-cycle patterns. Furthermore, the empirical analysis of wiki logs poses
some unique challenges, as analytic methods used in other disciplines may not
be well suited for our specific problem domain. The primary goals of this study
are thus: (a) to develop a framework that extends existing time-series analysis
methods to consider the unique context of corporate wikis and (b) to delineate
the typical patterns of wiki edit activity life-cycle. A secondary goal is to begin
the probing into the factors that promote or impede wikis’ sustainability, by
studying the differences in the characteristics of the various temporal edit activity classes in terms of: user satisfaction (with the wiki system); information
quality; productivity enhancements (associated with wiki usage), and wikis’
contribution towards building a community.
2. RELEVANT WORK ON INFORMATION TECHNOLOGY
ADOPTION AND SUSTAINABILITY
Because of wiki’s unique characteristics, existing theoretical frameworks of
technology adoption may not be well suited for the analysis of wiki adoption
1 The

primary activity within wikis involves modifications to content. “Passive usage,” that is,
reading of wiki content, is of secondary importance and was not analyzed in this study.
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Fig. 1. (a) The diffusion of innovations according to Rogers [1995], where successive groups of
consumers adopt the new technology (in blue), and the market share (yellow) eventually reaches
the saturation level; (b) a technology’s hype cycle according to Gartner, illustrating the five phases
of a technology’s visibility (or hype).

within corporate projects. Models of technology adoption in the Information
Systems (IS) literature, for example, the Technology Adoption Model [Davis
1989], focus on the factors affecting an individual’s adoption decision, which
are less relevant for understanding aggregated adoption patterns. Models of
collective technology adoption behavior, such as Diffusion of Innovation [Rogers
1995] and Gartner’s Hype Cycle [Linden and Fenn 2003] (as illustrated in
Figures 1(a) and 1(b)) are more relevant to the problem at hand. However, they
study the adoption patterns of a specific technology across a very wide setting,
assuming that the potential pool of users is very large (if not infinite). This
context is fundamentally different from our corporate wiki settings, where wiki
groups often contain only a handful of people. Another important distinguishing
factor is our focus on a user’s continual activity, differently from these models
that assume a one-time adoption decision.
Another stream of relevant literature is the mathematical modeling of contagion in networks, which adapts biological models to collective decision making
[Dodds and Watts 2004]. These models have been applied to the analysis social
media adoption over the Internet. However, they, too, assume a very large potential user base, which is quite different from our setting. Also, in the corporate
wiki context, groups are affected by organizational constraints, such as project
deadlines and budget, differently from online social networks. Hence, contagion models, too, may not be appropriate for studying many small corporate
wiki groups.
In addition to the lack of applicable theoretical frameworks, our understanding of corporate wikis’ temporal activity patterns is limited by unavailability of
empirical data. Due to the novelty of the technology, long-term activity records
are difficult to attain. More broadly, temporal analyses of usage activity from
multiple instantiations of any IT system are very rare.
3. RELEVANT WORK ON THE CLUSTERING OF TIME SERIES
In order to identify prototypical patterns of wiki edit activity, we need to:
(i) estimate the similarity between all time-series pairs, (ii) cluster the time
ACM Transactions on Management, Information Systems, Vol. 1, No. 1, Article 6, Pub. date: December 2010.
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series into cohesive classes,2 and (iii) visualize the typical patterns of the clusters so that they are easily interpreted. Since there are well-established methods for handling both clustering and visualization that are independent of the
specific corporate wiki context, our study focuses on the estimation of similarity
between time series of wiki edit activity.
Estimating whether two sequences of events are similar can be seen as an
alignment problem, in which an optimal mapping between elements within
sequences is sought. Dynamic Time Warping (DTW) is probably the most popular approach for aligning time series.3 In DTW, the global similarity between
two numerical time series is formulated as a stepwise optimization problem in
which nonlinear one-to-many alignment is permitted, allowing for a warping
effect. However, the standard DTW method suffers several limitations. First,
one-to-many correspondences may not be adequate for certain discrete data
types. Second, DTW does not provide a mechanism for controlling the amount
and location of the warping, and consequently may produce suboptimal alignments [Keogh and Pazzani 2001]. In the following sections we review related
works that have addressed these limitations in two scientific domains: life
sciences and computing.
3.1 Time-Series Matching in the Life Sciences
There are a few alternative approaches that could be applied to the alignment
of time series and that address DTW’s limitations, for example the NeedlemanWunsch (NW) [1970] global alignment and the Smith-Waterman (SW) [1981]
local alignment algorithms.4 In these algorithms, warping is performed by inserting a “gap” in one of the sequences when required, and the overall similarity
between two sequences is penalized accordingly. Notwithstanding their advantages, there are some key remaining concerns with these approaches. First,
they do not consider when specific elements occur in a sequence. While this
may not be an issue for continuous long time series (e.g., DNA sequences),
it is a major limitation in application domains where time series are marked
by clear events and regular phases (i.e., people’s lifecycle). A second important limitation of both the NW and the SW algorithms is their ineffectiveness
in matching sequences of patterns [Comet and Henry 2002]. Sequences (or
segments of the time series) are often more informative than the individual
elements [Morgenstern 2002] and are more suitable for capturing phases in
wikis’ deployment.
Some of the possible approaches for addressing these limitations and performing pattern-based time-series alignment include using anchor points to
constrain the alignment [Morgenstern et al. 2006], or, alternatively, identifying a set of predefined patterns, reformulating the time series as a sequence of
the time-series clustering problem could be defined as follows: given a dataset X =
{a1 ,a2 , . . ., a N } of N time series, a valid clustering is a partitioning of X into a set of M clusters
M C = X; and (3) Ci ∩ Cj = ∅, i = j
C = {C1 ,C2 , . . . .,C M } such that: (1) Ci = ∅, 1 ≤ i ≤ M; (2) ∪i=1
i
[Veenman et al. 2003].
3 Please refer to Myers et al. [1980] for a detailed review of this algorithm.
4 Please refer to Durbin et al. [2003] for an overview of these algorithms.
2 Formally,
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patterns, and matching these pattern sequences [Comet and Henry 2002; Du
and Lin 2005]. However, these approaches still do not consider the positioning
of segments in the time series.
3.2 Matching Web Site Activity Logs
Another pertinent stream of research concerns the problem of clustering Web
activity logs. Relevant methods could be categorized as model based or similarity based [Vakali et al. 2004]. Model-based methods often rely on a probabilistic
model, such as a Markov chain, where the calculated model parameters are
used in clustering [Cadez et al. 2001]. These approaches require learning the
model’s parameters from the data, and therefore may not be well suited for
short time series (<10 data points) [Ernst et al. 2005]. Similarity-based methods, on the other hand, calculate a similarity score between each pair of logs
and then use it in clustering [Vakali et al. 2004]. This approach has been used
extensively in clickstream analysis [Banerjee and Gosh 2001; Wang and Zaı̈ane
2002; Hay et al. 2004], as it allows to preserve the sequence in which Web pages
are accessed. Although these approaches seem relevant to the clustering of wiki
edit activity time series, there are some important differences between the two
application domains which limit the suitability of the clickstream methods to
the wiki log clustering problem. First, clickstream logs are typically very long,
and it is not clear that logs extracted from corporate wikis would be of similar
length. Second, clickstream logs are based on a sequence of atomic activities
(a Web page visit), while representing the wiki time series in terms of activity
sequences may be more appropriate. Third, while in clickstream analysis it is
possible to estimate similarity directly from the data (e.g., based on Web pages’
contents, or URL hierarchy), estimating similarity for wiki time series requires
additional processing.
4. THE PROPOSED FRAMEWORK FOR MATCHING WIKI EDIT
ACTIVITY TIME SERIES
Our proposed approach for representing wiki edit activity logs and for calculating the similarity between pairs of activity logs rests on several underlying
principles, as follows. We represent each wiki as a time series of periodic edit activity, beginning at the time when a wiki is instantiated (i.e., the first period of
edit activity). Similarly to human life-cycles, the life-cycles of wikis are marked
by typical phases (i.e., segments in the wiki time series) and transition points
between phases. We make a fundamental distinction between activity and inactivity periods, where the transition points between phases are marked by a
move from activity to inactivity (or the other way around). Thus, we represent
a wiki edit activity log as a sequence of activity/inactivity phases. Our aim is to
classify wiki temporal edit activity logs into several classes, each representing
a prototypical usage pattern. Such a classification would require measuring
the similarity between pairs of wiki time series, and this similarity measure
should consider the unique context of corporate wikis, including the sequence
of phases (i.e., global alignment), the edit activity trend in each phase (local
alignment), and when each of these phases occurs during the life-cycle. In the
ACM Transactions on Management, Information Systems, Vol. 1, No. 1, Article 6, Pub. date: December 2010.
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Fig. 2. An example of two hypothetical segmented time series, P and Q.

following we present the main tenets of our proposed approach, using Figure 2
for illustration:
Representing wiki time series.
— Relative time: wiki time series are represented based on relative time, similarly to the representations used in survival analysis in epidemiology. That
is, time series are described in terms of elapsed time periods from start,
instead of calendar date. In Figure 2, both wiki time series begin in the first
period, even though activity in these wikis began at different dates.
— Edit activity/nonactivity states: we view nonzero (i.e., 1 or more edits) and
zero edit activity periods as two fundamentally different phases.
— Segmentation: we represent wiki time series as sequences of segments which
correspond to phases of the wiki life-cycle, where segments include either
active or inactive periods. Formally, an inactivity segment in a wiki time
series A is a set of k (k≥1) consecutive elements of zero edit activity {ai =
0, i = 1, . . . , k}; similarly, an activity segment is a set a set of k (k ≥ 1) consecutive elements of above zero edit activity {ai > 0, i = 1, . . . , k}. Using the
example in Figure 2, time series P and Q are represented as P{p1 , p2 , p3 , p4 }
and Q{q1 , q2 , q3 } respectively (in the figure, inactive segments p2 , p4 and q2
are in italics).
Matching two wiki time series.
— Temporal consistency: since a wiki log is a temporally ordered time series, the
similarity measure should maintain the temporal order of the observations
(or segments) in each time series and prohibit the reversal of order. This
applies to both global (i.e., order of segments) and local (i.e., order within a
segment) ordering. Using the example in Figure 2, a correspondence p1 -q2
followed by p2 -q1 is prohibited.
— Time span: two wikis may go thorough similar patterns of edit activity, yet at
different pace. To allow us to match two such time series, it is essential that
the similarity function would allow for “time warping,” that is, stretching
ACM Transactions on Management, Information Systems, Vol. 1, No. 1, Article 6, Pub. date: December 2010.
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one segment to fit the duration of the matched segment; yet, such warping
would be penalized to encourage matching segments with similar lengths.
In Figure 2, it would be possible to match segment p1 with q1 .
— Prohibiting M:M matching: a segment in one time series is not allowed to
match more than one segment in the other time series (e.g., in Figure 2, p1
cannot be matched to both q1 and q2 ).
— The positioning of segments: the matching of two segments should consider
whether they occur at a similar phase of the wiki lifecycle. This positioning
may be defined in terms of proximity to wiki instantiation or to the wiki end
date.
— Magnitude of activity: for active periods, matching should consider the order
of magnitude of edit activity, rather than the specific values, since corporate
wikis are likely to exhibit high variation in terms of activity levels. This
would allow matching segments with similar edit activity patterns at slightly
different activity magnitudes. A common way to address this issue is through
a logarithmic transformation of edit activity values.
— Short time series: the similarity function should be able to match short-lived
wikis with few data points.
Our proposed approach is not based on a single existing method; rather, it is a
synthesis of elements from different algorithms, with some new enhancements
that we introduce in order to tailor the method to the corporate wiki context.
The baseline for our proposed similarity (or more accurately, dissimilarity)
function is the NW algorithm [Needleman and Wunsch 1970]. Our proposed
framework enhances NW similarity in several ways, as we informally describe
next (please refer to Appendix A for a formal description of the NW algorithm
and our proposed enhancements).
The first enhancement of the NW algorithm is that we estimate dissimilarity
at the segment level, in line with the NW extensions proposed recently [Comet
and Henry 2002; Du and Lin 2005], as described in Section 3.1. Second, to accommodate for differences in the order of magnitude of edit activity levels, we
perform a logarithmic transformation on edit activity counts. Finally, we take
into consideration the position of the segment in the wiki life-cycle. Since, the
instantiation of wikis is clearly marked by a period with the first edit activity, it
is simple to calculate a segment’s position in relevance to the start time. Determining the end date, however, is more difficult since: (a) the termination time
is not known, as wikis may regain activity even after prolonged inactivity periods, and (b) there is no way of telling what happens to a wiki after the study’s
arbitrary cut-off date. Here we propose a data-driven method for considering
a segment’s position, which approximates the likelihood that a segment of a
specific type will appear at the end of a wiki time series. We borrow ideas from
survival analysis [Kleinbaum and Klein 2005], a well-established technique for
analyzing epidemiological longitudinal data, and adapt it to the corporate wiki
context.
Our proposed method for estimating a segment’s Likelihood of Appearance at Cut-Off (LACO) prescribes the following steps. First, we construct a
ACM Transactions on Management, Information Systems, Vol. 1, No. 1, Article 6, Pub. date: December 2010.
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three-dimensional matrix (M), where the x, y, and z axis of the matrix correspond to the type (0 for inactivity, 1 for activity), timing (i.e., number of periods
since instantiation), and duration (i.e., the length of the segment in terms of
number of periods) of the segment respectively. This matrix contains the information for all wiki time series. Each segment of a wiki time series is positioned
on this matrix, and for each matrix cell M(x,y,z) we maintain two counters:
tt (x,y,z), the total number segments that were found, and ts (x,y,z), the number
of segments that are the last segments in their time series (i.e., the last segment at the time of the arbitrary cut-off). We systematically traverse all labeled
segments of each time series. For each segment, the corresponding counters of
the matrix are then updated accordingly. For example, in the segmented binary
time series B = {[1,1,1],[0,0,0],[1,1]} the inactivity segment [0,0,0] begins in
period 4 and its duration is 3 periods, and since this is not the last segment
of time series B, only the tt (0,4,3) counter is incremented by one. The activity
segment [1,1] (which begins at time 7 and is 2 periods long) is the last segment
in B, and thus will be tracked on the matrix by incrementing both tt (1,7,2)
and ts (1,7,2). Once all wiki segments have been processed, the LACO metric of
each cell M(x,y,z) is obtained by dividing ts (x,y,z) by tt (x,y,z); that is, the ratio of
segments that were last in their time series over all segments in that specific
cell.5 This information is then used in similarity calculation, where cells with
comparable LACO values are considered more similar.
5. RESEARCH METHOD
5.1 Validation of the Proposed Time-Series Clustering Method
We first validated our proposed clustering method, and only then applied it
to the wiki log data. Our validation procedure followed the approach proposed
by Saito [1994], which has become one of the most widely used methods for
evaluation the performance time-series clustering algorithms [Chu et al. 2002].
According to Saito [1994], predefined functions synthetically generate time
series that correspond to specific patterns (Cylinder, Bell, and Funnel) and
include some random noise. The clustering algorithm automatically classifies
the generated time series into 3 clusters, and is evaluated based on the extent
to which the automatic classification matches the origin of the time series
(i.e., the generation function). For more details on this approach please see
Appendix B.
We tailored the generation functions to our specific domain, since it is essential that the generated time series resemble the wiki edit activity patterns
from our empirical data. The most distinct characteristic of our wiki logs is the
noisy data with ascending lows, extreme highs, and frequent inactivity periods.
In order to simulate wiki edit inactivity periods, we modified the Cylinder-BellFunnel data generation functions by randomly seeding the time series with
a user-defined percentage of zero values, exploring various concentrations of
zeros in the data: from 1% up to 10%. For each of these different configurations,
5 For

each cell of the LACO matrix, we require a minimum number of observations for the value to
be meaningful (in our study, we set the threshold to 10 segments).
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we generated 30 time series from each of the three functions (Cylinder, Bell,
and Funnel).
5.2 Clustering Wiki Time Series
The setting for this study was IBM, a global organization with over 350000 employees, whose primary businesses are hardware, software, and professional
services. This corporation was a particularly appropriate research site given
that IBM has a very large and growing group of wiki users. Wikis are utilized
at IBM for various purposes, from simple Web portals to more complex applications, such as content generation (e.g., creating a product manual or FAQ
database), project management, and an application to support communities
of practice. Differing from enterprise systems, wiki adoption was, to a large
extent, voluntary. IBM has set up a central wiki infrastructure (“wiki farm”)
that uses Confluence wiki software, where employees were free to instantiate
wiki applications. Wikis were introduced in IBM as early as 2004 and became
operational in 2005. We have analyzed all of the wiki applications that were
used across all IBM units globally, and our sample consists of data for IBM
wikis in their first 60 months of operation (January 2005 to December 2009).
This data set includes 33277 distinct wiki applications.
We employed two sources of data in our analysis. The first dataset was the
monthly edit logs of wikis (i.e., the basic time unit is a month), which were
provided by IBM’s wiki administration unit (“Wiki Central”). We identified the
first month of edit activity, and represented each wiki as a time series of sequential monthly edit counts, until the cut-off date of our study. Since it is
difficult to describe a pattern for wikis that have just begun their lifecycle, we
excluded time series shorter than 6 months, leaving a sample of 15762 wiki
time series. We preprocessed the wiki logs by identifying wikis’ instantiation
month and transforming the time stamp of each edit activity record to the
time elapsed since instantiation. Each wiki time series was represented as a
temporally ordered set a = a1 , a2 , a3 , . . . , an of edit activity levels at n months,
where ai ≥ 0 for i = 1, . . . , n. Next, we performed a logarithmic transformation (natural base) of all monthly edit values. In order to segment the time
series into sequences of activity and inactivity periods, we marked each data
point as either “0” or “1” for active and inactive months respectively, such
that the logarithmic edit activity logs are converted to a binary time series.
For example, the wiki edit activity log a = 12, 15, 14, 0, 0, 0, 2, 3 is converted
to a = 1, 1, 1, 0, 0, 0, 1, 1. This preprocessing is illustrated in Figures 3(a)
to (c).
The binary segmented wiki time series were then used for calculating segments’ LACO score. We constructed a three-dimensional matrix M(x,y,z) for
tracking segments based on their state, timing (since start), and duration, and
calculate a segment’s likelihood of appearing at cut-off (LACO). The output of
the LACO calculations are presented in Figures 4(a) (for inactive segments)
and 4(b) (for active segments), where the X axis represents month since start,
the Y axis represents segment duration, and the color scheme indicates the
LACO score (see legend on the right side).
ACM Transactions on Management, Information Systems, Vol. 1, No. 1, Article 6, Pub. date: December 2010.
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Fig. 3. Preprocessing steps.

Fig. 4. The LACO metric for inactive (a) and active (b) segments.

In order to estimate the dissimilarity between pairs of wiki time series, we
took as an input the segment-based representation of log transformed monthly
edit counts and segments’ LACO scores. We then applied the enhanced LW
algorithm, as described in Appendix A. We applied the dissimilarity score (s)
with parameters of θ = log(7) and r = 0.5 based on a preliminary analysis of our
dataset; we set the gap penalty (d) to 0.5 so as to give equal weight to the r and
d parameters (in order not to bias the analysis towards gaps or mismatches).
After computing the dissimilarity between all pairs of time series, we arrived
at a distance matrix, and used it to performed hierarchical clustering [van der
Hijdan et al. 2004]. Using the resulting cluster tree (dendogram), we selected
the top six clusters as representatives of the primary wiki edit activity patterns.
ACM Transactions on Management, Information Systems, Vol. 1, No. 1, Article 6, Pub. date: December 2010.
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5.3 Survey of Wiki Users
The second source of data was a Web-based survey of wiki users’ attitudes
(as described in Arazy et al. [2009]), which allowed us to probe into the factors characterizing each cluster of wiki time series. An announcement regarding the Web survey appeared in the homepage of IBM wikis that all active
wiki users could have seen, but the exact number of people who read the announcement is not known. This mass announcement would be similar to an
advertisement in an industry magazine inviting survey participation. Between
December 2006 and January 2007 our Web survey was open and was administered by IBM. Survey respondents were asked to identify a specific wiki in
which they are most active, and to rate on a 5-point Likert scale statements
regarding their perceptions and attitudes in the context of the specific wiki
application. A total of 754 users completed the survey, reporting on 482 wikis
that were included in the clustering analysis (representing roughly 5% of the
wikis that were active at the time of the survey). We matched the survey data
with the wiki edit logs, organizing the survey responses by the clusters of
wiki edit activity. For each cluster, we averaged the responses on the survey’s
constructs, and used this average score when comparing and contrasting the
clusters.
The constructs included in the survey were: Satisfaction with Wiki Systems,
Information Quality, Wiki as a Community, and Productivity Enhancement.
The operationalization of these constructs was based on preexisting scales, and
we worked closely with IBM’s central wiki administration unit in tailoring the
questionnaire items to the wiki context. Our measure of Satisfaction with Wiki
Systems focused on the issues of reliability and performance, and adapted three
items from well-established scales [Bailey and Pearson 1983; King and Epstein
1983; Lehman et al. 1986] to the wiki context (e.g., “I’m satisfied with the
performance of the system”). Information Quality was measured by focusing
on the dimensions of accuracy, relevancy, and timeliness, and by borrowing
four items that were used in several previous studies [Wang and Strong 1996;
Lee et al. 2002; Knight and Burn 2005] and particularly in studies of wikis
[Patterson et al. 2007] (e.g., “I find the information on the wiki to be accurate”).
The measure for Wiki as a Community tried to capture some of the essential
elements of a community (sense of belonging, identification, connectedness,
trust, common expectations, shared values and goals, and mutual interdependence among members [McMillan and Chavis 1986]), by adapting three items
that were used in prior studies [Hertel et al. 2003; Schroer and Hertel 2009]
(e.g., “Participation in the wiki provides me with a sense of belonging to a
community”). Finally, our measure of Productivity Enhancement included four
items adapted from established scales [Sanders and Courtney 1985; Millman
and Hartwick 1987; Rivard and Huff 1988] (e.g., “I believe that I am more
productive in my job as a result of using wikis”). In the survey, the order of
items was randomized, and respondents were asked to express their agreement
with the various statements on a 5-point scale (1 = strongly disagree, . . . ,
5 = strongly agree). Please refer to Appendix D for full details of survey
items.
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Table I. Kappa Coefficient for Our Method and the
Baseline NW Algorithm
Zero-seeding
(% of all data)
1%
3%
5%
8%
10%

Baseline
(NW algorithm)
0.125
0.123
0.121
0.121
0.124

Our algorithm
0.843
0.749
0.595
0.567
0.589

6. RESULTS
Next we report the results for our study. First, we describe the validation of
the proposed clustering method. Second, we describe the outcome of the wiki
time-series clustering. Lastly, we describe the factors characterizing each of the
clusters, based on the results of the user survey.
6.1 Evaluation of Our Proposed Clustering Method
We compared our proposed method against the NW algorithm using the synthetically generated time series (with patterns of Cylinder, Bell, and Funnel).
Clustering accuracy was evaluated using the kappa coefficient of agreement
[Cohen 1960], comparing the agreement between the automatic clustering
method and the known true classification (based on the originating function).
The kappa coefficient is a relative measure of accuracy, calculating the proportional difference between the algorithms’ accuracy and the chance agreement,
and it is commonly used to assess accuracy on classification tasks [Carletta
1996]. A kappa coefficient value of one indicates a total agreement, while a
value of zero indicates agreement that is no better than what would be expected by chance. When using the exact functions proposed by Saito [1994],
our method and the NW baseline yielded identical results: kappa was 0.99.
However, when randomly introducing zero values (corresponding to wiki inactivity periods), the performance of the NW algorithm quickly declines, while our
method performs relatively well. The kappa value in the table represents the
average of 300 experiments. Table I presents the results for different percentages of zero values in the time series, and illustrates that the NW algorithm
becomes ineffective with even a small (1%) zero-value noise.
6.2 Classification of Wiki Lifecycle Time Series
The results for six high-level clusters reveal distinct lifecycle patterns, as illustrated in Figure 5. Clusters A (which included 8801 wiki time series; 56%
of total wikis), B (1237 wikis; 8%), and C (4588 wikis; 29%) show clusters with
substantial fluctuations and an overall trend of declining edit activity, and this
3-cluster group represents 93% of all wikis. Clusters D (542 wikis; 3%), E (496
wikis; 3%), and F (98 wikis; 1%), on the other hand, show clusters with an
overall trend of continuous edit activity, and this group represents only 7% of
all wikis. In terms of sustainability, as defined by wikis’ time-series length and
edit activity levels, Clusters A, B, and C are not very sustainable, while Cluster
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Fig. 5. Temporal edit activity patters for the six clusters, where each cluster is described by three
plots. The top two plots depict the aggregation of all wikis in the cluster (a density “heat map”)
and an illustration of all time series, where the X axis shows the periods since wikis’ instantiation
and the Y axis shows the number of edits (log transformed). The bottom plot depicts the number
of wiki applications at each particular length.
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F is the most sustainable. Please refer to Appendix C for a characterization of
the clusters through: the median length of wikis in that cluster, the distribution
of lengths, the median monthly edit activity level, and the trend of activity.
Our clustering analysis revealed six primary life-cycle patterns, as illustrated in Figure 5 and described in Appendix C. Clusters A and C show gradual
decreasing edit activity levels, with a median monthly activity of 11.4 and 6.2
edits and average durations of 10 and 19 months for Clusters A and C, respectively. The distribution of lengths, however, differs quite a bit between these
two clusters, where the majority of wikis in Cluster A are short lived, while
the lengths of wikis in Cluster C are more evenly distributed. Cluster B is
relatively short-lived (13 months on average), with slightly higher edit activity
levels (13 edits per month on average). Clusters D, E, and F, which represent
only a small fraction of the wikis in our sample, maintain edit activity levels
consistently and include only few inactivity periods. Clusters D and F show
quite similar patterns (as well as size: roughly 500 wikis), with average length
of 24 and 29 months, respectively. However, the magnitude of edit activity differs substantially between these two clusters: 96 and 39 edits per month for
Clusters D and E, respectively. Cluster F is very small (less than 100 wikis)
and is very unique in terms of all metrics: it maintains edit activity for the
longest period (42 months on average) and has high activity levels (144 edits
per month).
6.3 The Factors Characterizing Wiki Classes
Initially, in order to validate the survey’s measures, we conducted a Principle
Component Analysis (PCA) with Varimax rotation. It produced a four-factor
solution, corresponding to the four constructs we’ve investigated (Satisfaction
with Wiki System, Information Quality, Wiki as a Community, and Productivity Enhancements). All items loaded substantially higher on their relevant
constructs than other constructs (item loadings on relevant constructs were
in the 0.62–0.88 range). All constructs had Cronbach’s alpha values above the
0.70 threshold [Straub et al. 2004], indicating the reliability of the measures.
Please refer to Appendix D for details.
In analyzing the extent to which wiki clusters differ in terms of the survey
constructs, we matched survey responses to wiki logs, and averaged all the
responses per cluster. A comparison of values for each cluster is described in
Table II. In order to analyze the extent to which differences in means are statistically significant, we ran an analysis of variance (ANOVA), independently for
each of the constructs. This analysis revealed that for the 4 constructs under
investigation, overall differences between clusters were significant: F values
were 3.96, 4.47, 5.29, and 7.79 for Satisfaction with Wiki System, Information
Quality, Wiki as a Community, and Productivity Enhancements, respectively
(statistical significant was p < 0.001 or better).
In order to gain a more detailed understanding of these differences, we ran
a direct comparison between each cluster and all other clusters using Tukey’s
method. The most substantial differences were found between Cluster F and
the other clusters, where Cluster F’s levels on all constructs under investigation
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Table II. Construct Means for Each of the Clusters
Cluster (N)
Cluster A (166)
Cluster B (24)
Cluster C (249)
Cluster D (55)
Cluster E (66)
Cluster F (194)
F value
Statistical Significance

Satisfaction with
Wiki System (/5)
3.13
3.15
3.23
2.84
3.19
3.45
3.96
0.001

Information
Quality (/5)
4.19
4.24
4.14
4.17
4.16
4.40
4.47
0.0001

Wiki as a
Community (/5)
3.82
3.80
3.83
3.76
3.67
4.14
5.29
0.0001

Productivity
Enhancements (/5)
4.11
3.84
4.00
4.07
3.83
4.39
7.79
0.0001

Table III. The Statistical Significance for Differences in Means between Cluster F and all
Other Clusters
Cluster
Cluster A
Cluster B
Cluster C
Cluster D
Cluster E

Satisfaction with
Wiki System
p < 0.05
ns
ns
p < 0.001
ns

Information
Quality
p < 0.05
ns
p < 0.0001
ns
ns

Wiki as a
Community
p < 0.005
ns
p < 0.005
p < 0.05
p < 0.005

Productivity
Enhancements
p < 0.05
p < 0.05
p < 0.0001
ns
p < 0.0001

“ns” indicates not significant at p < 0.05.

were higher than the levels recorded for the other clusters, and many of these
differences were statistically significant. The differences between clusters A,
B, C, D, and E, on the other hand, were not statistically significant. Please see
Table III for an analysis of the differences between Cluster F and all others.
The survey’s response rates provide yet an additional support for the differences between Cluster F and the other clusters. The relative number of
responses, normalized by the number of wikis in a cluster, is substantially
higher for cluster F(194/98 = 1.98) than it is for all other clusters (with ratios
of 0.02–0.13), indicating that the motivation for participating in this survey
was substantially higher for users working on wikis associated with Cluster F.
7. DISCUSSION
Prior research on wikis was conducted primarily in the context of Wikipedia,
and proposed that corporations could adopt Wikipedia-like processes to alleviate knowledge acquisition bottlenecks [Wagner 2006]. However, the clear
disparity between volunteer-based, self-governed Wikipedia and traditional
command-and-control corporate governance bring into question the suitability of wikis for organizational contexts. To date, little is known regarding the
lifecycles, adoption, and sustainability of corporate wikis, and the few existing
studies paint an overly optimistic picture. For example, Majchrzak et al. [2006]
report on an early survey of corporate wiki adoption, where users stated that
wikis had existed on average of 12–24 months, had on average 12 contributors
and 25 lurkers, and were frequently accessed; they concluded that “companies appear to succeed at using wikis beyond few-month pilot projects, into a
sustainable part of their collaborative work processes” [Majchrzak et al. 2006,
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p. 101]. Arazy et al. [2009] analyzed the cumulative activity of wikis at IBM
and show extraordinary growth rates. In addition to the limitation in terms
of availability of empirical data on corporate wiki adoption, there seem to be
no appropriate theoretical frameworks for directing the investigation of corporate wikis’ lifecycle patterns. The primary objective of the article was, thus, to
perform a large-scale data-driven analysis of corporate wikis and to identify
typical behavior patterns.
An important contribution of this article is in developing a method for clustering (and more specifically, for estimating similarity of) wiki time series.
While several approaches for aligning time series have been proposed in recent
years, these approaches were tailored for specific application domains (e.g.,
DNA pattern matching, analysis of Web browsing patterns), and thus could
not be directly applied to wiki time series. In this article we have: (i) distilled a
set of principles that outline the requirements for a wiki time-series similarity
function and (ii) developed a specific method for estimating wiki time-series
similarity. Our extension to the NW algorithm decomposes the time series into
segments of activity and inactivity periods. The most notable novelty of our
proposed approach is in developing a data-driven method for estimating a segment’s position on the lifecycle, and in employing this positioning information
in measuring the similarity between section pairs. To evaluate our algorithm,
we compared it against the baseline NW algorithms using synthetically generated time series that correspond to three patterns: Cylinder, Bell, and Funnel
[Saito 1994]. Our results indicate that our method is substantially more accurate than the well-accepted NW algorithm in the face of even very few periods
with zero value.
A second important contribution of this article is in describing the typical
lifecycle patterns for corporate wikis. Using our proposed time-series similarity
method, we have clustered approximately 16000 unique wiki applications into
6 clusters, each representing a distinctive temporal pattern. The most striking finding from our analysis is that the majority of wiki applications are not
sustainable over a long time period, as opposed to what has been suggested in
prior survey-based studies (e.g., Majchrzak et al. [2006]). In fact, over 90% of
the wikis fell in 3 clusters (A, B, and C) that were frequently inactive and (on
average) retained edit activity for 15 months. We suspect that the exponential growth in overall edit activity levels that were reported in prior studies
(e.g., Arazy et al. [2009]) stem from the early hype period; however, as users
begin to realize the limitations of the technology, usage levels drop. Another
hypothesis for why wikis are not active for longer time periods is that edit
activity stops when wikis simply fulfill their purpose. That is, the edit activity
of the wiki is driven primarily by the needs of the project the wiki supports,
and when the project is completed the wiki is abandoned. The data analyzed
in our study cannot reveal whether this hypothesis is correct, highlighting the
need for further research of corporate wikis that would study how wikis are
applied.
It is interesting to note that the temporal patterns of the extracted clusters
do not correspond to the predictions of existing models of collective IT adoption, such as the diffusion of innovation model [Rogers 1995] that describes an
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increasingly growing adoption curve. This reinforces the argument regarding
the need to develop theoretical frameworks to explain wiki-enabled work processes [Majchrzak 2009]. Comparing wikis’ temporal patterns to the patterns
of other types of IT is not possible, since no data regarding IT’s adoption within
work groups is available. Perhaps the most relevant work we could compare
our findings against is the analysis of activity patterns for open source software
development projects. Crowston et al. [2006] analyzed 5 points in time for 122
projects, and manually sorted the temporal patterns into six classes. Although
a direct comparison is not possible due to the small scale and short time series of open-source projects, it is worth noting the substantial differences in
temporal patterns; for example, differing from open-source projects, we did not
observe any wikis with consistently rising activity.
A third contribution of this article is in shedding some light on the factors
affecting differences in clusters’ edit activity patterns. We investigated four constructs: Satisfaction with Wiki System, Information Quality, Wiki as a Community, and Productivity Enhancements, and found that the differences between
clusters were statistically significant for all the investigated constructs, providing an independent validation for our novel time-series clustering method.
When comparing cluster pairs, the users’ responses were higher for users’
associated with Cluster F (and these differences were by large statistically significant), demonstrating higher levels of satisfaction, content quality, sense of
community, and productivity enhancements. The lowest levels for these constructs were recorded for wikis belonging to the short-lived clusters A and C.
We consider the correspondence between the clustering and survey results to
be quite remarkable, given the different data sources and the limitations of the
survey.
8. CONCLUSION
Our results have implications for both research and practice. In terms of IT
adoption research, our findings reveal typical wiki edit activity patterns that
could not have been predicted by existing models of technology adoption, stressing the need to develop models of technology adoption within work groups
(rather than collectively across the entire organization). Results from the user
survey illustrate that the organizational context and the attitudes of wiki users
play an important role in determining the sustainability of wikis, informing organizational studies of corporate wikis. Finally, our proposed analytical framework for clustering wiki time series has advanced some novel ideas regarding
the matching of time series, namely incorporating segments’ positions, that
could potentially be applied beyond the corporate wiki setting.
The primary insight we offer practitioners is that wikis are often not sustainable. Although our analysis does not allow drawing conclusions regarding
causal relationships, we do believe that the factors we have explored are the
underlying reasons for why a corporate wiki exhibits a certain temporal activity pattern. We propose that managers and IT administrators seeking to
ensure wikis’ sustainability would: provide a reliable wiki system infrastructure, promote a sense of community within wiki users, develop quality control
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mechanisms, and integrate wikis within work process to achieve productivity
gains.
Our study is only preliminary and it has several limitations that we plan to
address in future research. First, in terms of the method for estimating clustering time series, there are various ways in which our proposed approach could
be enhanced, for instance by exploring different values for the model’s parameters. In particular, our proposed method is only but one possible approach for
incorporating the notion of segments’ positioning, and we suggest that future
research would explore alternative methods. Second, our study provided only
preliminary insights regarding the factors contributing to wikis’ sustainability
and future research is warranted in order to increase our understanding
of these issues. Specifically, we propose that future studies of corporate
wikis further explore the effects of constructs included in our study, as well
as consider additional factors, such as the organizational context in which
wikis are used (e.g., the governance structure). Future investigations could
benefit from employing a combination of qualitative and quantitative research
methods and from performing longitudinal analysis. Third, the survey did not
provide a representative sample of the users working on wikis associated with
each of the clusters, and we suggest that future research would focus on some
representative set of wikis for each cluster (i.e., those at the core of the cluster)
and survey a large group of users working on each of these wiki applications.
Fourth, we did not directly consider the number of wiki contributors, although
an analysis of 3-month data shows very high correlation (0.85) between the
number of participants and edits, suggesting that a clustering analysis on the
number of participants would yield similar results. Fifth, our analysis focused
on edit activity, but did not look into passive (i.e., viewing) activity. Nonetheless,
page views statistics we have collected (for the 10000 most viewed pages during
November 2006 to June 2007) shows that viewing activity is highly correlated
(0.81) with wiki edit activity. Thus, although our clustering analysis is performed on edit activity, it does provide a fair representation of overall activity.
Finally, the study was conducted at one organization (IBM), and we encourage
future research that would replicate our study in other organizations.
In conclusion, wikis are a promising technology that has the potential to
transform knowledge management. However, much research is warranted for
determining the specific situations in which such a decentralized collaborative
technology could succeed in corporate settings.
APPENDIX
APPENDIX A—THE NEEDLEMAN-WUNSCH (NW) ALGORITHM
AND OUR PROPOSED MODIFICATIONS
A.1 The Needleman-Wunsch (NW) Algorithm
We provide a short outline of this algorithm in its basic form. For more details,
please refer to Durbin et al. [1998], Morgenstern [2002], and Skiena [2008].
The NW algorithm is based on dynamic programming, and is a global
optimization method that is applied in two steps on a pair of time series
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a = a1 , a2 , a3 , . . . , an and b = b1 , b2 , b3 , . . . , bm. In the first step a comparison
matrix D(m+1)×(n+1) is constructed and each matrix cells D(i,j) is populated by
recursively applying
⎧
⎨ D(i − 1, j − 1) + s(ai , b j )
D(i, j) = min D(i − 1, j) + d
,
⎩
D(i, j − 1) + d
where s(ai , b j ) is the dissimilarity score function between ai and b j , and d is
a penalty for aligning ai or b j to a gap. Note that this equation is applied
at the time period level rather than the segment level. In the case of realvalued activity logs, s(ai ,b j ) can be determined by a user-defined threshold
θ : we have

0 |ai − b j | ≤ θ
s(ai , b j ) =
,
r |ai − b j | > θ
where r is a user-defined dissimilarity penalty value. Once computed for all
cells, the cell value of D(m,n) indicates the total dissimilarity between a
and b. In the second step of the algorithm a back-tracing procedure is applied from D(m,n), in which the move from the current cell D(i,j) to one
of the cells {D(i − 1, j − 1), D(i − 1, j), D(i, j − 1)} is recovered based on
the previous cell that determined the value of D(i,j). The sequence of recovered moves provides a “warping path”—an element-wise mapping between a
and b. It should be noted that the dimensions of the comparison matrix are
(m + 1) × (n + 1) in order to account for boundary conditions [Durbin et al.
1998].
A.2 Our Modifications to the NW Algorithm
(a) Estimating dissimilarity at the segment level.
The NW algorithm is applied twice on the edit activity logs. We first compute
the local dissimilarity between segments by taking all possible pairs of
segments in two wiki logs and applying the NW algorithm on the elements of
each segment. The computed dissimilarity between segments is then stored
in a segment score matrix (G), which contains the dissimilarity score for
each segment pair. Then, the global dissimilarity is computed by applying
the NW algorithm at the segment level using the score values from G, where
the dissimilarity score function between two segments li and l j is taken as
s(li , l j ) = G(li , l j ).
(b) Accommodating for differences in the order of magnitude of edit activity
levels.
We modify the dissimilarity score function to be:

s(ai , b j ) =

0
r

log(1 + |ai − b j |) ≤ θ
log(1 + |ai − b j |) > θ
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(c) Incorporating segments’ likelihood of appearance at cut-off (LACO) metric.
Given two segments li and l j we first compute the local dissimilarity d(li ,l j ),
and then assign to G(li ,l j ) a dissimilarity value, such that if the LACO
value for the two time series is equal, then the G(li ,l j ) is taken as the
local dissimilarity d(li ,l j ); and if the LACO value is different, then local
dissimilarity d(li ,l j ) is multiplied by the normalized difference in LACO.
Specifically, if li and l j are segments of the same type then

G(li , l j ) =

d(li , l j ) × (1 +
d(li , l j )

|H(li )−H(l j )|
)
H(li )+H(l j )

(H(li ) + H(l j )) > 0
,
H(li ) = 0 and H(l j ) = 0

where H(li ) and H(l j ) are the LACO metric scores for segments li and l j
respectively. Note that if H(li ) = H(l j ) then G(li ,l j ) will be the dissimilarity
computed by the NW algorithm. However, if H(li ) = H(l j ) the dissimilarity
between li and l j will increase by the normalized difference between H(li )
and H(l j ) up to a factor of 2.
APPENDIX B—METHOD FOR VALIDATING THE CLUSTERING METHOD
The Cylinder-Bell-Funnel classification problem was introduced by Saito [1994]
for evaluating misclassification rates, and was later used in the evaluation of
time-series clustering methods [Chu et al. 2002; Keogh and Pazzani 2000]. The
goal is to correctly classify time series of a known pattern that were generated
synthetically by mathematical functions.
The advantage of using Cylinder-Bell-Funnel generation functions for evaluating classification algorithms is that it provides a large test set for which
the true classification (i.e., the originating function) is known, thus providing
a controlled environment for evaluating classification accuracy.
According to Saito [1994], three time-dependent functions corresponding to
the shapes of Cylinder (C), Bell (B), and funnel (F) are used for generating
many instances of time series, as
C(t) = (6 + η)χ[a,b] (t) + (t)
B(t) = (6 + η)χ[a,b] (t) · (t − a)/(b − a) + (t)
F(t) = (6 + η)χ[a,b] (t) · (b − t)/(b − a) + (t).
where t = 1, . . . , 128 is a time-step, a is an integer value on the interval [16,32]
drawn from a uniform random distribution, b-a is an integer value on the
interval [32,96] drawn from a uniform random distribution, and η and ε(t) are
random variables drawn from a standard normal distribution.
χ [a,b] (t) is the characteristic function on the interval [a,b] defined as [Keogh
and Pazzani 2000]:
⎧
⎨0 t<a
χ[a,b] (t) = 1 a ≤ t ≤ b
⎩
0 t > b.
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In the absence of noise, the Cylinder class is characterized by a pattern
of two step edges and a constant value in the interval [a,b], the Bell class is
characterized by a pattern of a gradual increase in the interval [a,b] followed by
an edge, and the Funnel class is characterized by a pattern of an edge followed
by a gradual decline in the interval [a,b]. The amplitude and random noise in
each time series is controlled by η and ε(t) respectively, and the position of the
pattern is controlled by the random variables a and b.

APPENDIX C—CHARACTERIZATION OF LIFECYCLE CLUSTER
Characterizing wiki lifecycle classes through: the median length of wikis in
that cluster; the distribution of lengths; the median monthly edit activity level
(before logarithmic transformation); and the trend of activity (at both the beginning and throughout the lifecycle).
Characteristic

Cluster size
Median
Length
Distribution
of lengths

Median Edit
Activity
Initial
Trend

Overall
trend

Cluster A
8,801
10 months

Cluster B
1,237
13 months

Cluster C
4,588
19 months

Cluster D
542
24 months

Cluster E
496
29 months

Cluster F
98
42 months

Medium
spread,
largely
between
months
6–32

Low spread,
largely
between
months
10–20

High
spread,
largely
between
months
6–44

Medium
spread,
largely
between
months
14–40

Medium
-high
spread,
largely
between
months
14–46
38.9

Low
spread,
largely
between
months
36–48

11.4

13.1

6.2

95.9

Start
active;
later
often
inactive;
high fluctuations

Start
active;
later
often
inactive;
high fluctuations

Start
active;
later
often
inactive;
high fluctuations;

High and
consistent
activity
at start;
no
inactivity
periods

Activity
declines;
High fluctuations;
some
months
inactive

High fluctuations;
often
periods of
inactivity

Activity
gradually
declines;
high fluctuation;
often
periods of
inactivity

Relatively
high
activity
at start;
high fluctuations;
some
months
inactive
Consistently Active
highly
throughactive
out; high
throughfluctuaout
tions;
some
months
inactive

144.4
High and
consistent
activity
at start;
rare inactivity
periods
Consistently
highly
active
throughout

APPENDIX D—SURVEY ITEMS DETAILS
Information on the items used in the survey: mean response (between 1 and 5);
standard deviations; and factor loadings (note: “Wiki Central” is the term used
to refer to IBM’s wiki infrastructure).
ACM Transactions on Management, Information Systems, Vol. 1, No. 1, Article 6, Pub. date: December 2010.

6:22

•

O. Arazy and A. Croitoru

Construct
(Cronbach’s Alpha)
Satisfaction with Wiki
System

(α = 0.817)

Factor
Loadings
.853

.875
.702

Information Quality

.815

(α = 0.808)

.627
.715
.767

Wiki as a Community

.809
.755

(α = 0.766)

.739

Productivity
Enhancement
(α = 0.819)

.785
.736

.750
.622

Item
How satisfied are you with Wiki Central’s
reliability (that is the relative lack of
errors such as availability, pages not
loading, functions not working, etc.)?
How satisfied are you with the
performance of the system?
Considering all aspects of your experience,
how satisfied are you overall with Wiki
Central?
I find the information on the wiki to be
accurate
I find the information on the wiki to be
relevant to my job
The content on the wiki is of high quality
I find the information on the wiki to be
up-to-date
I identify with the wiki group I’m part of
Participation in the wiki provides me with
a sense of belonging to a community
In general, the use of the wiki makes my
workplace more friendly
Using Wiki Central is an important part of
performing my job
In its current state, I believe that Wiki
Central could become a substitute for
other applications
I believe that I am more productive in my
job as a result of using Wiki Central
In general, the use of the wiki makes my
workplace more productive

Mean
3.2

STD
1.26

2.8

1.26

3.7

.96

4.3

.76

4.5

.68

4.0
4.1

.83
.79

3.9
4.2

.99
.87

3.8

.93

4.1

1.03

4.2

.93

4.0

1.11

4.2

.79
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