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ABSTRACT KEYWORDS
If managers assume a normal or near-normal distribution of Information IT project cost overrun; IT
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can be shown to follow a power-law distribution, managers may be  Power-law distribution; fat-
unwittingly exposing their organizations to extreme risk by severely tails; self-organized
: . ol . criticality; component
underestimating the probability of large cost overruns. In this research, interdependence;
we cp_llect and apalyze a large .s_amp.le _com_prised of 5,_392 IT projects to technological component
empirically examine the probability distribution of IT project cost overruns.
Further, we propose and examine a mechanism that can explain such
a distribution. Our results reveal that IT projects are far riskier in terms of
cost than normally assumed by decision makers and scholars. Specifically,
we found that IT project cost overruns follow a power-law distribution in
which there are a large number of projects with relatively small overruns
and a fat tail that includes a smaller number of projects with extreme
overruns. A possible generative mechanism for the identified power-law
distribution is found in interdependencies among technological compo-
nents in IT systems. We propose and demonstrate, through computer
simulation, that a problem in a single technological component can lead
to chain reactions in which other interdependent components are
affected, causing substantial overruns. What the power law tells us is
that extreme IT project cost overruns will occur and that the prevalence
of these will be grossly underestimated if managers assume that overruns
follow a normal or near-normal distribution. This underscores the impor-
tance of realistically assessing and mitigating the cost risk of new IT
projects up front.

Introduction

Undertaking large Information Technology (IT) projects can be risky. Both Kmart, a large
U.S. retailer, and Auto Windscreens, a major U.K. automobile glass company, were driven
into bankruptcy in part due to their inability to manage large IT projects [30]. Project failure
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has also been known to ruin the careers of executives. U.S. Health Secretary Kathleen
Sebelius [64] and TSB Bank CEO Paul Pester [57] both lost their jobs due to mismanaged IT
projects.

The extent to which a project is completed within budget constitutes a key dimension
of project performance [43, 59, 71]. Moreover, cost overruns can have an obvious
negative impact on an organization’s ability to achieve a positive return on investment
(ROI). Nonetheless, industry reports and academic studies alike suggest that it is quite
common for IT projects to experience cost overruns [14, 39]. The U.S. Department of
Defense reports that for the fiscal year ending in 2020, IT project spending was
$37 billion and only 35% of the projects were within budget [17]. A study by McKinsey
and the BT Centre for Major Programme Management at the University of Oxford
reports that on average, large IT projects run 45 percent over budget [14]. What is
worth noting in these reports and studies is that some IT projects have very large cost
overruns of around 200% [30, 39] or even 400% [14]. From a statistical point of view,
based on these numbers it is reasonable to ask whether the probability distribution of IT
project overruns follows a Gaussian or near-Gaussian distribution (i.e., normal or near-
normal distribution), as often assumed, or if it instead follows a power-law distribution. If
managers assume a normal distribution of IT project cost overruns, as is common, and
cost overruns can be shown to follow a power-law distribution, managers may be
unwittingly exposing their organizations to extreme risk by severely underestimating
the probability of large cost overruns. Unfortunately, little is known about the empirical
distribution of IT project cost overruns. Therefore, in this research, we aim to address
two research questions:

(RQ1) What is the probability distribution of cost overruns in IT projects?

(RQ2) How can we explain the probability distribution of cost overruns in IT projects?

A power-law distribution is characterized by having a big head (i.e., many small values
clustered at the top of the distribution) and a fat right tail (i.e., a greater number of large
values relative to what one might expect from a normal distribution) [19]. For example, in
general the distribution of income is said to follow a power-law distribution; the vast
majority of the population make small and modest incomes, but there are many billionaires
in the tail of the distribution [20]. In the context of IT project cost overruns, a power-law
distribution would entail a large number of projects with relatively small overruns and a fat
tail that includes a smaller number of projects with very large overruns. Unfortunately,
extant research offers limited insight into the probability distribution of IT project cost
overruns. This is an important issue, because misunderstanding the probability distribution
of cost overruns may lead decision makers to underestimate or ignore the very real risk of
experiencing substantial cost overruns on their IT projects. Research suggests that when
low-probability but high-impact events are ignored, decision makers tend to make risky
[33] and suboptimal decisions [24]. When it comes to IT project decisions, this can mean
undertaking highly risky projects [38], ignoring project risks [47], or neglecting testing and
quality assurance [4]. Therefore, shedding light on the actual probability distribution of IT
project cost overruns can help decision makers avoid making decisions that could ulti-
mately prove to be quite costly.
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This research assembles a large sample comprised of 5,392 IT projects completed
between 2002 and 2014. The total cost of the IT projects in the sample was $56.5 billion
measured in 2015 USD. From the outset, our goal was to assemble a large sample, because
samples in prior studies were too small to render a clear understanding of the probability
distribution of IT project cost overruns. Small samples suffer from statistical noise, can be
unreliable, and are not representative of the population. Our approach in this research was
to first explore the probability distribution of IT project cost overruns using a large sample
of IT projects to address RQ1 and this led to discovering a power-law distribution. Next,
drawing on both IT project management research and literature on the generative mechan-
isms for power-law distributions, we propose a theoretical explanation for the power-law
distribution observed in our data to address RQ2. Specifically, we draw on the concepts of
self-organized criticality and interdependencies among technological components in an IT
system to propose a generative mechanism for the power-law distribution of IT project cost
overruns. Finally, we conducted a computer simulation to test the proposed generative
mechanism.

This research makes several important contributions that advance our understanding of
IT project management. First, we uncover a power-law distribution that describes IT project
performance, which has never been done before and represents an empirical, phenomen-
ological law of a generic nature, as described by Mandelbrot [50]. Our findings underscore
the fact that IT projects may be far riskier than normally assumed. When the normal
distribution is assumed, this can cause managers to substantially underestimate the risk
associated with IT projects. Second, we propose a generative mechanism that may explain
the power-law distribution in IT project cost overruns.

Background
IT Project Performance and Overruns

We conducted a literature review to assess extant knowledge on IT project performance (see
Appendix A for the detailed procedure of the review). Our review revealed that most of the
prior research focused on factors influencing IT project performance, and identified such
causal factors as project coordination [59], project risks [31], and project governance-
knowledge fit [71]. In addition, our review revealed that researchers have assessed IT project
performance using both objective measures (e.g., actual expenditures) [63] and subjective
measures (e.g., by asking managers to provide the percentage of an overrun in comparison
to the project’s budget) [71]."' Most importantly, our review revealed that there has been no
attempt to examine the probability distribution of IT project cost overruns. Table 1 provides
a list of studies that examined and measured IT project overrun as a proportion (or
percentage) of original budget, schedule, or effort.

"In the literature, IT project success or performance has been typically assessed in two ways: the extent to which a project is
completed within budget and schedule (process performance) and the extent to which the delivered system meets the
needs of its intended users (product performance) [59]. In this research, we focus on process performance as our goal is to
understand the probability distribution of cost overruns. In addition, while process performance such as cost overruns can
be measured objectively using archival data, product performance involves subjective evaluation of the system by one or
more stakeholder groups and is typically measured using a survey instrument. Surveys tend to employ fixed scales and are
not well suited for capturing extremes values. Therefore, to empirically examine if project performance follows a power-law
distribution, it is appropriate to focus on process performance (e.g., project cost performance).
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While most of these studies tend to report only means and standard deviations of project
overruns, there are a few studies that reported maximum values (e.g., the largest cost
overruns). Maximum values are more informative for understanding the probability dis-
tribution of IT project overruns and examining the potential presence of a fat tail. Little]
investigated the performance of 106 software development projects and found that on
average it took twice as long to complete a project than originally estimated. He found
that the most extreme case was close to a 700% overrun. Moreover, he examined the
cumulative distribution of the schedule overrun data (the ratio of actual to estimated
schedule) and concluded that the data followed a lognormal distribution rather than
a normal distribution. These findings offer valuable insight suggesting that IT project
performance may not follow a normal distribution. However, Little’s [48] study was limited
in the sense that it was based on a small sample (e.g., 106 projects) from a single company.
Similar to Little [48], there are other studies that have reported fairly large overruns. For
example, based on interviews with systems development managers Jenkins et al. [34]
obtained IT project performance data on 72 systems development projects from 23 orga-
nizations and found that the largest cost overrun was 525%. In addition, Langer et al. [45]
examined the actual costs of 530 projects conducted by a software vendor in India and
found that this data was skewed (i.e., not normally distributed). Therefore, they used the
log-transformed variable in their analysis.

If IT project performance does not follow a normal distribution, it could have important
implications for both IT project management research and practice, and further research is
warranted to understand the actual form of the distribution. To advance our understanding
in this area, a large sample study of IT project performance is needed.” In this research, we
collected such a dataset and examined the cost performance of IT projects (i.e., cost
overruns). Cost performance is recognized as an important element of IT project perfor-
mance because when the cost of a project becomes too high or excessive relative to
a planned budget it reduces the net value of the project [59]. Further, since cost performance
tends to be highly correlated with schedule performance, projects that exceed their budgets
typically also exceed their schedule. While our primary focus was on understanding the
probability distribution of IT project cost overruns, we also examined the probability
distribution of IT project schedule and effort overruns for a subset of the projects in our
sample, thus providing empirical evidence that not only cost but also schedule and effort
overruns follow a power-law distribution.

Interdependency in IT Systems

An IT project involves developing and deploying an IT system in an organization. Further,
a modern technical system such as an IT system [21] can be understood as a system of
systems in which a collection of systems or technologies (i.e., technological components)
must be made to interoperate together in order for the system as whole to achieve desired
objectives [1, 23]. For example, the Internet of Things (IoT) is “a system of wireless,
interrelated, and connected digital devices that can collect, send, and store data over

2While there is one IS study that involved a sample of 2,378 open-source projects hosted at SourceForge [67], open-source
projects are different from IT projects undertaken in organizations. Moreover, this study did not examine traditional
measures of project performance (e.g., cost performance), but instead focused on the rate of knowledge creation in an
open-source project.
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a network without requiring human-to-human or human-to-computer interaction.” [41,
p. €20135] In recent years, the IoT has created new opportunities for businesses and
organizations. In the healthcare industry, government leaders and decision makers are
encouraging the use of emerging IoT technologies to enable flexible and remote modes of
care in response to the COVID-19 pandemic [41]. Specifically, in South America where
severe difficulties have been encountered due to the shortage of medical resources and the
need for social distancing, several countries have implemented home monitoring smart
devices and sharable Electronic Health Records (EHR), enabling seamless exchange of
medical data not only between patients and healthcare providers but among healthcare
providers as well as administrative entities [18]. These smart devices and EHRs can be
regarded as intelligent agents that create a network of systems processing, collecting and
analyzing data, and transferring data to different entities [26].

The basic notion that an IT system is comprised of multiple technological components,
such as self-contained subsystems and software applications, that must work together to form
an overarching system is well-accepted in the IS literature (see, for example, Tiwana [70]).
Moreover, IS researchers have highlighted the difficulty of building IT systems due to the
interdependencies among technological components. Specifically, research suggests that there
are inherent interdependencies among modules in a system and that such interdependencies
can cause delays and errors during implementation, testing and integration phases of
a project [27]. Further, research shows that decoupling system modules (i.e., reducing
interdependencies among system modules) can help mitigate risk in digitization projects [75].

In sum, building IT systems in which underlying technological components are inter-
dependent requires substantial effort to make these components work together as a whole
and a failure in a single component can have impact on other interconnected components.
When components are unconnected, a problem in a single component is isolated from the
rest of the system. However, in a system consisting of interconnected components that may
include software, sensors, and communication devices (like in the IoT), a problem in
a single component can lead to chain reactions affecting other connected components
[46]. In this research, we focus on interdependencies among technological components
[8,21, 72] in an IT system in explaining substantial overruns in IT projects which can shape
the probability distribution of IT project cost overruns.

An Empirical Investigation of IT Project Cost Overruns
Data Sources and Procedures

To empirically examine the probability distribution of IT project cost overruns, we collected
data on IT project performance with a focus on estimated project costs and actual project
costs. We also collected data on estimated and actual schedule/effort when such data was
available. We relied on two sources for our data collection: (1) primary data collection from
firms willing to share their project data and (2) primary data collection through
U.S. government freedom of information requests (i.e., U.S. government project data).
First, we used our professional contacts to identify firms willing to share their IT project
data for this research. In addition, we reached out directly (i.e., without leads from our
contacts) to firms and solicited their participation. The companies we contacted for data
ranged from financial services, which typically undertake a large number of IT projects, to
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manufacturing, which have comparatively few projects. In total, we contacted 367 firms, of
which 29 agreed to participate and provide data.” Some of the 29 organizations were
software solution providers or IS consulting firms and provided data on projects that
were undertaken by multiple client organizations. For each firm identified through these
procedures, we probed to determine if the firm documented key project data, such as
estimated costs and whether it recorded actual project performance including actual
costs. We only included data from firms that were keeping track of estimated and actual
project performance in a formal manner.* Each firm provided data about projects that were
completed within the last five years at the time of the data collection.” We included all types
and sizes of IT projects in order to avoid potential biases that can be associated with
restricting the sample to particular types of projects or artificial cut-off values [37]. Our
data collection was also independently audited by a postdoctoral researcher who examined
our data collection procedures for accuracy and reliability. Following this approach, we
were able to collect data on 2,739 IT projects that were undertaken by 872 different firms.

Second, U.S. federal government agencies undertaking a capital investment project
under the 1996 Clinger-Cohen Act must submit a budget request form (named Exhibit
300, or E300) to the U.S. Office of Management and Budget (OMB). In addition, agencies
are required to submit a budget request form (named Exhibit 53, or E53) for IT projects on
an annual basis. With this form, agencies must provide project descriptions as well as
detailed cost estimates. Further, they must report actual costs and updated forecasts for the
approved projects for each fiscal year. We were able to access these project data by
U.S. government agencies through U.S. government freedom of information requests.
The Freedom of Information Act (FOIA) is a federal freedom of information law that
requires the disclosure of information and documents controlled by the United States
government upon request. Through the FOIA requests, we obtained data on 2,653 IT
projects undertaken by 104 U.S. government agencies.

Taken together, we collected data on 5,392 IT projects that were completed between 2002
and 2014.° Among those, we were able to obtain both estimated and actual cost data on 4,677
projects. Our sample of projects is quite diverse, spanning over 66 countries in 6 continents
and covering different types of IT projects undertaken by both the private and public sectors.”
The total amount spent on the projects in the sample is USD 56.5 billion in 2015 prices.

3We note that firms that care to understand IT project performance, track project performance (e.g., cost overruns), and are
transparent about project performance may be more likely to share data on IT projects. The implication here is that IT
projects in these firms exhibit better performance in general than those in firms that are unwilling to share data. From this
perspective, project performance in companies not included in our research may be worse than project performance in
companies included in our research. Thus, cost overruns could be worse in the entire population than what is observed in
our research.

“We note that projects that were terminated were not included in our data, as organizations tend not to track or are unable
to track final performance data of such projects. Nonetheless, projects are terminated when they experience significant
problems and including such projects would make performances data worse not better.

*The data we attempted to collect included project name, type, scope description, country, client, estimated cost, schedule,
effort, and benefits at final investment decision, as well as actual cost, schedule, effort, and benefits. For the cost we also
collected information on currency and year of the price level. Further we added information about industry and sector
based on available knowledge about the firm.

®In the 13 years that the data cover the size of cost overruns did not change in any statistically significant manner (p = 0.737,
linear regression on log-transformed overrun).

’Our data includes a large number of government projects whose performances may differ from those in the non-
government context. Nonetheless, we found no statistically significant difference when we compared the power-law fit
between data from the U.S. government and the data obtained from participating firms.
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Table 2. Descriptive Cost Statistics of IT Projects

Estimated cost Actual cost Cost overrun
Mean 6.6 14.7 1.8
Median 0.7 0.9 1.0
Sd 17.6 170.2 8.5
Min 0.0005 0.0002 0.0014
Max 593.5 8,676.7 280.4
N 4,627 3,835 4,677

Notes:

1. Very small costs of less than USD 1,000 were for projects in India and Mexico. These
projects were all carried out at a very low rate per person day for development

2. The largest cost overrun was on a small workflow customization project, that initially
was budgeted at USD 1,500 and ended up costing USD 425,000 (in 2015 prices)

3. The sample sizes (N) for estimated and actual cost are smaller that 4,677 due to
inability to convert some costs to 2015 dollars for multinational projects. We did
our power-law fitting, however, based on the 4,677 figure for cost overruns.

4, Estimated and actual costs are shown in USD in millions in 2015 prices. Cost
overrun is actual cost divided by estimated cost.

Descriptive Statistics

Table 2 provides descriptive cost statistics for our sample of IT projects. The mean of the
estimated costs in our sample was USD 6.6 million (in 2015 prices).” The mean of the actual
costs in our sample was USD 14.7 million (in 2015 prices). We also computed the cost overrun
for each project by dividing the actual cost’ by the estimated cost (we used the values in the
original currencies for this calculation). The mean of the cost overruns expressed as a ratio of
actual/estimated cost was 1.8. Table 3 shows descriptive cost statistics by project type and Table 4
shows descriptive cost statistics by public vs. private sector.

Next, we visually examined the probability distribution of cost overruns for the projects in our
sample (Figure 1). The probability distribution appeared to be non-Gaussian, possibly with a fat
tail, with a mode around 0% (ratio of 1.0). These observations run counter to those of earlier studies
which suggested that cost overruns tend to be more common than underruns [13, 34, 48, 54, 60].
Contrary to this, our data indicate that overruns and underruns are about equally frequent.

Table 3. Descriptive Statistics by Project Type'®
Estimated cost Actual cost Cost overrun

ERP HRM MIS SCM Other ERP HRM MIS SCM Other ERP HRM MIS SCM Other

Mean 39 60 57 75 9.4 12.5 84 93 44 264 13 15 18 22 2.2
Median 0.5 1.0 09 03 1.7 2.1 1.6 1.2 02 29 0.9 1.0 1.0 1.0 1.0
Sd 175 113 96 206 18.1 768 344 244 198 2701 30 26 55 130 108
Min 0.001 0.001 0.001 0.001 0.001 0.002 0.001 0.001 0.001 0.002 0.003 0.002 0.078 0.014 0.001
Max 5935 443 443 2159 2034 1,7823 659.1 2088 5266 8,676.7 798 380 80.0 2804 2398
N 1668 453 210 692 1603 624 403 197 1,156 1455 1,612 459 216 684 1,706

Note: Estimated and actual costs are shown in USD in millions in 2015 prices. Cost overrun is actual cost divided by estimated
cost.

8For projects that were measured in other currencies (e.g., pound), we converted them to USD 2015 prices.

°Costs do not include costs of maintenance, operations, and reinvestments. Estimated cost is the cost that would be incurred
to deliver the project based upon the final business case. Estimation practices were found to be similar across projects, with
budgets being an outcome of organizational negotiations. Estimates typically include little contingency (up to 15%).
Estimates were typically presented as “most likely” cases.

®The cost overruns (the variable we investigate in this paper) between ERP and all other project types are statistically
significantly different (p < 0.001, pairwise Wilcoxon tests with Holm adjustment). The overruns between HRM, MIS, and
SCM are not (p > 0.072). However, as discussed later in the paper the underlying distributions were not found to be
significantly different. The nature of the distribution causes conventional tests (e.g., t-test, Wilcoxon) to be unreliable.
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Table 4. Descriptive Statistics by Public vs. Private Sector

Estimated cost Actual cost Cost overrun

Private Public Private Public Private Public
Mean 4.0 8.8 12.5 15.7 14 2.1
Median 0.4 1.7 0.2 2.2 0.9 1.0
Sd 15.8 18.9 255.7 115.2 8.2 8.9
Min 0.0005 0.001 0.0002 0.001 0.003 0.0014
Max 215.9 593.5 8,676.7 4,376.2 280.4 239.8
N 1,755 2,691 1,156 2,679 1,748 2,759

Notes:
1. statistics shown in this table do not include projects where sector is unknown
2. Estimated and actual costs are shown in USD in millions in 2015 prices. Cost overrun is actual cost divided by estimated

cost.
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Figure 1. Probability Distribution of Cost Overruns (actual cost divided by estimated cost) for 4,677 IT
Projects. Values over 10 are combined, which explains the bump at the far right of the curve.
Fitting a Power-Law Distribution

After visual inspection'" of the probability distribution of cost overruns, we fitted the data to
a power-law distribution. The power-law distribution is defined as the probability density
function:

we inspected the QQ plots of a range of distributions (Normal, Student’s t, Lognormal, Weibull, Beta, Gamma, Exponential,
Generalized Extreme Value, Weibull) fitted to the empirical data. A probable distribution is characterized by approximating
a straight, 45-degree line in the QQ plots (see Appendix C). In this case, the QQ plots suggest that the power-law
distribution is a good candidate for fitting and that the lognormal might be an alternative candidate.
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The probability distribution has two parameters: x, and a. First, X, is the lower bound of
power-law behavior. Second, a is the scaling parameter, which describes the fatness of the
tail; a lower a indicates a fatter tail. The scaling parameter a depends on the lower bound of
the power-law behavior x,. For fitting our data to a power-law distribution, we followed the
procedure recommended by Clauset et al. [19] which has been commonly used for empiri-
cally determining whether data can be described as a power-law distribution (e.g., Aguinis
et al. [2]). This procedure involves the following steps: (1) estimating the scaling parameter
a, (2) estimating the lower bound of power-law behavior xo, (3) examining uncertainty in
the parameter estimates for x, and a using a bootstrapping technique, (4) testing the power-
law hypothesis, and (5) comparing the power-law model to an alternative fat-tail model.
These steps together help researchers present strong and converging evidence indicating the
presence of a power-law distribution in the data [19].

In the first step, we set X, to overruns above 0% and estimated the scaling parameter
using the Maximum Likelihood estimator (see Appendix B in Clauset et al.[19] for the
derivation). The initial maximum-likelihood estimate of a for all x > xy = 1.0 was 3.2.

In the second step, a parameter scan is conducted for each possible value of x, to find the
minimum Kolmogorov-Smirnov (KS) statistic which measures a distance between the empiri-
cal distribution function of the sample and the theoretical distribution of the reference
distribution (in our case the power-law distribution). Through this procedure, we found xq
= 2.0. We then re-estimated a for all x > x, = 2.0, which led to an a of 2.3.

In the third step, we used a bootstrapping procedure (with 5,000 iterations) to estimate
the uncertainty in the parameter estimates (xo and a). Through this procedure, we found
that x, has a cumulative mean of 2.05 and a cumulative standard deviation of 1.22, and that
a has a cumulative mean of 2.35 and a cumulative standard deviation of 0.20 (see Figure 2).
The number of observations in the tail, i.e., x > Xy was on average 791, with a cumulative
standard deviation of 485.

In the fourth step, we conducted a test to examine whether our data actually follows
a power-law distribution. Clauset et al. [19] suggest a goodness-of-fit test, using
a bootstrapping procedure, where the null hypothesis (Hg) states that the data is not
different from a power-law distribution. We conducted two separate analyses, one using
the Anderson-Darling statistic and one using the Kolmogorov-Smirnov statistic. The two
analyses yielded p-values of 0.18 (Anderson-Darling) and 0.27 (Kolmogorov-Smirnov),
suggesting that our data is not significantly different from a power-law distribution.

In the final step, we compared the power-law fit to an alternative distribution using
a likelihood-ratio test. We chose the lognormal distribution as an alternative fit as it is the
alternative distribution most commonly compared to and tested against a power-law
distribution. We used the exact same five steps to fit our data to a lognormal distribution.
First, the estimates for the lognormal distribution are log-mean p = 0.56 and scale o = 0.72
for all x > xy = 1.0. Second, we found the lower bound of x, = 10.0, and the tail was fitted to
all x > xo = 10.0. This led to new estimates: p= 1.32 and o = 1.76. Third, the bootstrapping
procedure was used to assess the uncertainty of the parameters with 1,000 iterations. x, had
a cumulative mean of 7.28 with a cumulative standard deviation of 3.19. t had a cumulative
mean of -11.95 with a cumulative standard deviation of 17.18. 0 had a cumulative mean of
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Figure 2. The Uncertainty in the Parameter Estimates (Xo, 0, Nei) The first column (left) shows the
bootstrapping results for xo The second column (middle) the boostrapping results for the scaling
parameter a. The third column (right) shows the bootstrapping results for the number of observations
in the tail, where x > xoThe top row shows the cumulative mean and the bottom row shows the
cumulative standard deviation of the estimates.

3.42 with a cumulative standard deviation of 1.97. The number of observations in the tail,
i.e. x > X9 was on average 102.19, with a cumulative standard deviation of 54.54. Next, we
conducted two separate analyses, one using the Anderson-Darling statistic and one using
the Kolmogorov-Smirnov statistic. The two analyses yielded p-values of 0.02 (Anderson-
Darling) and 0.03 (Kolmogorov-Smirnov), suggesting that our data is significantly different
from a lognormal distribution.

Finally, we compared the power-law fit with the lognormal fit using Vuong’s test [73].
Vuong’s test compares the likelihood of either fit in the presence of empirical data. To
compare the power-law and lognormal fits the minimum value needs to be set to the same
cut-off. For all x > xo = 1.0 the ratio of the log-likelihood of the two fits was 3.55 in favor of
the power-law fit (p < 0.001). These results indicate that the power-law distribution is
clearly a better fit to the data than the lognormal distribution. Taken together, our results
offer strong evidence that IT project cost overruns follow a power-law distribution.

Fitting the Tail

From the analysis above, we found that our data of IT project cost overruns is best described
by the following power-law distribution:
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p(x|a) = 0.65 (%) , forx> 2.0. (2)

For xy = 2.0 we have 26.5% of the observations in the tail (495 observations). We observe
that with an a of 2.3 (sd = 0.058) for the best fit resulting from this approach we find 2 < a <
3, which entails that the first moment is finite and therefore the mean can be estimated,
whereas the second moment cannot, which indicates that the variance is undefined.

The power-law distribution with an a of 2.3 fits the largest number of observations in the
right side of the distribution, shown by the dashed curve in Figure 3. However, examining
Figure 3 suggests that observations with cost overrun greater than 10 fall above the power
law, which indicates that this part of the upper tail is fatter than the power-law fit. This
pattern is common for the extremes of the upper tail in power-law distributed data [68]. We
carried out further robustness checks and found additional evidence supporting the power-
law distribution (detailed procedure and results are reported in Appendix B).

Finally, we tested the sensitivity of the estimated a for different cut-off points, x,, between 1
and 45. Figure 4 shows that a tends to become smaller as x becomes larger. o becomes smaller
than 2 for 7.1 < x, < 18.8. We see that irrespective of the cut-off point the observations in our
dataset may be described by a power law. We further see that the majority of observations can
be described by a power law with 2 < a < 3, but that parts of the upper tail follow a power law
with a < 2, indicating extreme fatness. These are the observations that really matter in terms of
extreme risk.

Ruling Out Rival Explanations

In this section, we describe additional steps that were taken to rule out rival explanations
and to address issues that may have influenced our findings. One rival explanation that has
been leveled against observations of power-law tails is that they may be the spurious result
of mixing normal distributions with the same mean but different variances [28]. This rival
explanation represents a potential issue by suggesting that the power-law distribution
observed in our data could be the result of having multiple sizes or types of IT projects in
the data. One could argue, for example, that projects with a smaller estimated cost might be
subject to a less stringent estimation and evaluation process, with less attention from top
management. Thus, while such projects might have a similar mean with larger projects in
terms of cost overrun, the less stringent estimation and evaluation process might lead to an
increased variance in cost overruns for smaller projects. To rule out this rival explanation
we split the dataset by project size (Figure 5). We found that the complementary cumulative
distributions for different project sizes are similar and, most importantly, all show the
characteristic power-law tails (see Figure 5). The differences between the power-law tails
were not found to be statistically significant (p = 0.863, Vuong’s test, adjusted for multiple
comparisons). In addition, we also examined the distribution of IT project estimated costs
and found that our data includes a large range of project sizes without any bias towards
smaller or larger projects.'

125ee Appendix D for these results as well as additional information and analyses on the distribution of actual project costs
and the distribution of cost overruns in absolute value (the overspend expressed in USD millions).
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Figure 4. Estimated power-law fit for 1 < xq < 45 X, (horizontal axis) is the lower bound of the power-law
behavior. a is the mean estimate of the fitted scaling parameter of the power law.

The projects in our data also varied by type. Most frequent are supply chain management
(25%), enterprise resource planning (19%), and human resource management (9%). Since it
is possible that the power law observed in our data is a result of mixing normal distributions
for different project types with similar means but different variances, we examined this as
well. Figure 6 shows the cumulative distributions of the cost overruns by project type. The
data again show the pattern of power-law tails with no statistically significant differences of
the distribution between project types (p > 0.092, Vuong’s test with adjustment for multiple
comparisons).

Since we collected data on IT projects from two different sources, we also checked to see
if there were any statistically significant differences. We found no statistically significantly
differences (p = 0.648) between the data from the two sources, i.e., U.S. federal projects and
projects obtained from participating firms. Similarly, we did not find any statistically
significant differences in cost overruns (p = 0.933) between projects of short, medium,
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Figure 5. Complementary Cumulative Distribution of Cost Overruns (expressed as ratio actual/estimated
cost) Grouped by Estimated Project Size, Measured in 2015 USD Terms. The three groups are balanced in
size by defining group one as all project sizes up to and including the 33™ percentile; group two as all
project sizes larger than 33™ percentile, up to and including the 66™ percentile; and group three as all
projects above the 66™ percentile. The complementary cumulative distributions for the three groups are
similar and all show characteristic power-law tails.

and long project duration. Finally, we explored whether there was a systematic bias between
single projects (i.e., those for which there is a one-to-one mapping between project and
organization in our dataset) and multiple projects (i.e., those for which there is a many-to-
one mapping between project and organization in our dataset). We found that both the
single projects (n=593) and the multiple projects (n=4,084) followed a power-law distribu-
tion and that there was no statistically significant difference in the power-law fits between
the two groups of projects (Vuong’s test p = 0.492). By examining projects of different sizes,
types, data sources, project durations, and comparing single projects and multiple projects
we were able to rule out a number of rival explanations and show that there is robustness in
our observed power-law findings.

Cost, Effort, and Schedule

Besides cost, we were able to obtain estimated and actual effort (n = 158) and schedule (n =
962) for some of the projects in our dataset. This allowed us to conduct a power-law fitting
of the tail for effort overruns and schedule overruns (see Table 5). In fitting the power law,
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Table 5. Results for Power-Law Fitting to Cost, Effort, and Schedule Overruns

Variable N Distribution with best fit a-value Xo-value
Cost overrun 4,677 Power law 23 2.00
Effort overrun 158 Power law 2.6 1.49
Schedule overrun 962 Power law 33 1.08

we followed Clauset’s approach as we did before for cost overruns. In addition, for both
effort and schedule overruns, we used the Kolmogorov-Smirnov statistic to test whether our
data followed a power-law distribution. The KS statistics provided a p-value greater than
0.05 for both effort and schedule overruns and thus we cannot reject the null hypothesis that
the data is generated from a power-law distribution). Thus, it appears that in addition to
cost overruns, effort and schedule overruns also follow a power-law distribution.

Generative Mechanism and Computer Simulation
Theoretical Background

In this section, we theorize how interdependencies among technological components [8, 21,
72] in an IT system can contribute to generating a power-law distribution of IT project cost
overruns. Interdependencies produce certain behavioral patterns in systems; for example,
“if something in Component 1 changes, then Component 2 may need to change as well” [21,
p. 711]. In other words, changes or problems in a technological component can have
negative impacts on other interdependent technological components.

The notion of interdependency in IT systems is analogous to interdependency among
components in complex systems that are often found in the natural sciences. In a natural
forest, for example, clusters of trees are adjacent to one another (interdependency), and
a certain event (e.g., a lightning strike) affects not only a single cluster of trees, but other
clusters that are connected to the cluster initially affected by the lighting strike [49]. Self-
organized criticality suggests that a complex system organizes itself into a critical state in
which a single event can trigger a series of cascading events to produce an extreme outcome.
Interdependency is a central concept in self-organized criticality, which explains that
a small event initially affecting a single component can cause a snowballing effect by
affecting other components that are interdependent with the initially affected component.

From the perspective of self-organized criticality, extreme values that we observe in power-
law distributions are generated due to interactions among a large number of components in
a complex system, and they tend to follow a nonlinear-effects pattern in which the change of
the output is not proportional to the change of the input [15]. In other words, an initially
affected component can in turn affect not just one, but many other interconnected compo-
nents. Similarly, catastrophic failures in large IT systems tend to occur when multiple failures
occur as a result of interdependencies and those failures compound one another as opposed to
when a single, independent component fails [61]. The key point that can be drawn here is that
substantial overruns in IT projects may result from interdependencies. Further, substantial
overruns may be difficult to predict from the behavior of individual components, and can be
better understood through the lens of self-organizing behavior. These lines of thinking suggest
that a substantial cost overrun can result when one troubled component of an IT project has
interdependencies with other components, creating a cascading situation.
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Self-organized criticality has been discussed by prior research as a generative mechanism
for power-law distributions observed in organizational contexts [3, 16] as well as physics
[58]. For example, in organizational contexts the self-organized criticality perspective can
help shed light on why a small number of individuals produce extremely large outputs far
superior to what most people produce. Researchers suggest that top scientists tend to focus
on developing a research program where multiple and related projects are being undertaken
simultaneously [66]. In this setting, a single breakthrough on one particular project can lead
to a number of breakthroughs on other projects that are related. Further, the magnitude of
the total breakthroughs is determined by the total number of projects and how intricately
those projects are related with one another.

In physics, the forest-fire model has been developed and commonly used to demonstrate
how self-organized criticality contributes to producing power-law distributions that
describe the magnitude of forest fires. The forest-fire model, when used in computer
simulations, has been shown to produce data that is generally consistent with data observed
in actual forest fires [49]. The model begins with an assumption that the forest can be
viewed as a square grid consisting of a number of tree clusters. Each cluster in the grid can
be empty or occupied by trees. Each cluster is neighbored by four adjacent clusters.
Lightning strikes a cluster at random and this starts a fire in the cluster. Any cluster filled
with trees that lies adjacent to the cluster struck by the lightning also catches fire.
Interconnectedness represented by adjacency of clusters and the randomness of
a lightning strike represent two of the defining features of the forest-fire model. The total
number of clusters destroyed by the fire (the magnitude of the forest fire) is determined by
how intricately the tree clusters are connected with one another [58].

The forest-fire model, we argue, not only illustrates the concept of self-organized criticality
and the role that interconnectedness plays in producing power-law distributions, but can also
be extended to help theorize why and how IT project cost overruns might follow a power-law
distribution. Specifically, randomness in selecting dependencies among components in an IT
system is analogous to randomness in how intricately tree clusters are connected. Tree clusters
become connected with one another not by design but, rather, organically [58]. In an
organization, no matter how well planned an IT system is, some of the interdependencies
between technological components cannot be anticipated because they occur organically as
the system is developed and as the development team responds to changing requirements.
This aspect of systems development can be understood as a condition that leads to self-
organized criticality. Furthermore, in building an IT system any cost overrun in one compo-
nent is expected to lead to cost overruns in other interdependent components, and this
overrun event (and chain reaction) is analogous to the lighting strike causing a fire in a tree
cluster subsequently affecting other adjacent clusters in the forest-fire model.

Simulation Design

Drawing upon the notion of interdependencies as an essential characteristic of IT systems
and the idea of self-organized criticality which provides the conceptual foundation for the
forest-fire model, we created a computer simulation to examine the power-law distribution
of IT project cost overruns. We aimed to create a simulation for an IT project that would be
similar in size to building an IT system for a business division of a large company and used
an empirical finding by Mocker [55] as a benchmark. Specifically, Mocker [55] identified



JOURNAL OF MANAGEMENT INFORMATION SYSTEMS 627

273 applications being used to support various business processes in the investment bank-
ing division of an European bank. Therefore, we created 300 technological components
underlying a new IT system project.'’

Next, we created interdependencies among technological components. Our selection of
parameters for interdependencies was informed by prior research. Specifically, prior
research found that the degree of interdependencies does not follow a normal distribution
and outlier/extreme values exist and should not be removed from the data [42, 55]. For
example, Khosroshahi et al. [42] found that extreme values are more than 10 times larger
than the mean of 95% of the data. Similarly, Mocker [55] found that there is a significant
difference between the mean and the 95% trimmed mean for IT system dependency data.
Therefore, in our simulation we seeded a large number of components with no or low
interdependencies and two components with extremely high interdependencies.
Specifically, we designed our simulation so that 148 components (roughly 50% of the 300
components) did not have any dependency. Further, we designed the simulation to ran-
domly select one component (out of 300) to have a dependency with 75 other components
and another component (out of 300) to have a dependency with 25 other components. The
extremely high interdependencies associated with these two components is similar to that
which has been found in prior research [42, 55]. Further, the simulation randomly selected
50 (out of 300) components to have a dependency with one other component, another 40
(out of 300) components to have a dependency with two other components, another 30 (out
of 300) components to have a dependency with three other components, another 20 (out of
300) components to have a dependency with four other components, and another 10 (out of
300) components to have a dependency with five other components.

Next, for simulation purposes, we assumed it would take one cost-unit to complete each
component. However, we designed the simulation to randomly select one component to
experience a cost overrun. Further, this overrun could range from costing anywhere
between 0.1 and 280 additional cost-units (random selection was based on the uniform
distribution).'* We chose this range because in our empirical data an overrun of 280 (ratio
of actual/estimated costs) was the maximum value observed. In terms of the way in which
cost overruns propagate in our simulation, the first component which experiences an
overrun affects other components connected to first component (we assumed, for the
sake of simplicity, that these overruns would be of the same magnitude'”), but the compo-
nents affected by the first component do not affect the first component (i.e., there is no
recursion in the model). In addition, subsequent components affected by the first

*We note that prior research using the forest-fire model employed a much larger system with a greater number of
components [49]. However, we chose a number of components that would be more realistic in the IT project context.
"We believe this was a more conservative approach because a power-law distribution of cost overruns in individual
components is more likely to lead to a power-law distribution of cost overruns at the project level. In addition, as
demonstrated later in the results section, while overruns in individual components follow a uniform distribution, it is found
that overruns at the project level end up following a power-law distribution. This suggests that the pattern of project
overruns is more than just a sum of overruns in individual components, and that the dependencies of individual

components may be key to understanding the power-law of cost overruns in IT projects.

>This was a simplifying assumption that we made for two reasons: (1) there is no guiding theory or empirical knowledge that
would inform us as to what magnitude of knock-on effects might occur when one component experiences an overrun, and
(2) we wanted to keep the model tractable. In future research, it may make sense to further refine the model.
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Table 6. Procedure of Computer Simulation

Step 1. Create 300 technological components

Step 2. Randomly create connections between components (see note 1 below for detail)

Step 3. Assign cost (Xpa~n'/(@=")) associated with each component

Step 4. Randomly select a component to experience an overrun

Step 5. Randomly determine the degree of overrun (X=C; = 1)

Step 6. Overrun is cascaded to other components connected to the initial component selected in Step 4 (see note 2 and 3
below for details)

Step 7. Update cost (1.1~280) of components (see note 4 for detail)
300
Step 8. Calculate total costs (sum of costs of all components): TC = >~ G;
i

Step 9. Steps 1-8 are repeated 5,000 times

Note 1:

50 out of 300 components have a connection with 1 other component

40 out of 300 components have a connection with 2 other components

30 out of 300 components have a connection with 3 other components

20 out of 300 components have a connection with 4 other components

10 out of 300 components have a connection with 5 other components

1 out of 300 components has a connection with 25 other components

1 out of 300 components has a connection with 75 other components

148 out of 300 components have no connection with other components

Note 2:

This process is non-recursive in the sense that the first component affects other components connected to the first
component, but the components affected by the first component do not affect the first component.

Note 3:

This process is iterative in the sense that subsequent components affected by the first component can affect other
components that are connected to them. This process continues until subsequent components have no addi-
tional connection with other components.

Note 4:

¢ — 1, if not affected by overrun
"7 1 1xX, if affected by overrun

component can affect other components that are connected to them. This process continues
until subsequent components have no additional connection with other components.
A summary of our simulation design is shown in Table 6.

Figure 7 illustrates interdependencies among technological components in our simulation
(based on a single project). In this network graph, the direction of an arrow indicates an
interdependent component that can be affected by another component that experiences an
overrun.

Simulation Data and Results

We ran the simulation 5,000 times, each producing the cost performance of an IT
project. With no overrun, each project would consume 300 cost-units. Each simula-
tion produced the total cost units for a single project. We created an overrun ratio
(the total cost units/300) for each project, and this data was used for the analysis.

We followed the approach used by Clauset et al. [9] for fitting the simulation data.
We first estimated a (fatness of the tail) for all values of x, (lower bound of the tail)
and found that the simulation data can be best fitted to a power-law distribution with
the scaling parameter a of 2.5 for all x > xy = 28.7. Next, we used a bootstrapping
procedure (5,000 iterations) to calculate ranges of the parameter estimates (cumulative
mean and cumulative standard deviations) (results shown in Figure 8). Through this



JOURNAL OF MANAGEMENT INFORMATION SYSTEMS . 629

comp_mlpfw’p ‘%p“-l‘f“’— comp_236

comp_35 comp_Sl  comp_197
comp_2 i(;) comp_256
comp_13 comp_267
comp_252 compcdmp_168
" comp_I51 comp_lehinp_214
wmp 94 R

~ >
comp_141 wmp__-XS comp Qfifip_109

comp_68

comp_97. % “"“P 59 comp. 20
f comp, mp_264 26
comp_ 73 ¢ '“Poﬂéf’m k-&Qﬁp_l-ﬂs"ml:W 110 comS9p-2 98
mmp_,mm comp._ 14 compl comp_l82
peomp_ romp ‘HSS 229 /4
comp_76 e comp-170/* oMM congp_199 comp_164
corp. 288 p-233 com @28% Lo,,,%_,(g’mpzo“ , LompOPP"n comp_67
om y comp L _
comp_JX-t E ‘7%399 mn;m IR0 @b}ﬂp 126, Comp.c48p_163 comp_74
compc TR “"“P %mm@g’% Xy 'Pc comp_146
mp_Z23 0
compg66 CO"’Vn}%T comp_24() ' n?l _-l.&ilfg’) Siop ngoénp 216 comp_37
comp=201-compadHp- jkglup‘mfg,“p &f . lﬁg%n h C‘:l.“l) 36
com VP \ &
comp, P PSR comp_209 comp_85
comp=202 —— cQiypp
X Cow comp_43
comlp 108 CompCZ G . 118
comp=18%omp_ lY@omp[ ) comp_
gompv2 100 3 comp_17
comp_%X onfiy s m m -' PIPOa3 comp_244
comp. —%Q)?np Bepiip” l&m .m?‘.‘!‘.r 8
Anv IIN il comp_83

compEip-253 O e '?p{%mb"*&ﬂlnp 30 O
— mlk%’“}%— LSR{BP % compL 113 qugw___() comp_56
o L1740 MIW@W"P 339 tormp_237

mmpubmp 191 ) comp_257
comp251 confp" 251 comp__137comp=181 , COWPIS oy 248
" comp“15 comp-24 confp_193
comp 224 g comp”281
comp’. . compehih 218

comp_ 160 comp_49  comp _cﬂ?hp_l%

comp_10 comp_136

Figure 7. An lllustration of Interdependencies Among Technological Components

procedure, we found that x, has a cumulative mean of 29.6 with a cumulative standard
deviation of 27.9. We found that a has a cumulative mean of 2.7 with a cumulative
standard deviation of 2.0. The number of observations in the tail, i.e.,, x > x, was on
average 881, with a cumulative standard deviation of 776. Finally, we used the
Kolmogorov-Smirnov statistic to judge if the distribution of the simulation data is
significantly different from a power-law distribution. The Kolmogorov-Smirnov statis-
tic was not statistically significant (p = 0.07), suggesting that the distribution of the
simulation data is not significantly different from a power-law distribution. Based on
these results, our computer simulation demonstrates that interdependencies among
technological components in an IT system combined with self-organized criticality can
contribute to generating the power-law distribution of IT project cost overruns.
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Figure 8. The Uncertainty in the Parameter Estimates (Xo, @, Ny,ji) — Simulation Data The first column (left)
shows the bootstrapping results for x, The second column (middle) the boostrapping results for the
scaling parameter a. The third column (right) shows the bootstrapping results for the number of
observations in the tail, where x > x, The top row shows the cumulative mean and the bottom row
shows the cumulative standard deviation of the estimates.

General Discussion

In this research, we assembled a large dataset of IT projects with a focus on actual
and estimated project costs to shed light on the probability distribution of cost
overruns in IT projects (RQl) and proposed a generative mechanism to explain
the probability distribution of cost overruns in IT projects (RQ2). Building a large
dataset was particularly important in this research to understand the probability
distribution of IT project cost overruns, as extreme events are rare and tend to be
underrepresented in small datasets [33, 51]. Our research shows that a certain range
in the tail (7.1 < xy < 18.8) carries the potential for extreme risk, where variance is
infinite. Our findings show that disastrous IT projects are not the outliers they are
sometimes interpreted as, but are instead extreme values that follow a highly regular
and predictable power-law pattern. For this range in the tail, a is smaller than two,
which means the tail is so fat that neither mean nor variance exist. Regression to the
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mean is a meaningless concept when this occurs, whereas “regression to the tail”'® is
real and consequential [29]. In short, the average cost overrun for IT projects does
not exist (i.e., cannot be calculated), '’ and this should be a sobering thought for
anyone concerned with the risk associated with financing IT projects. In addition,
our research suggests that assuming a normal or near-normal distribution can lead
people to significantly underestimate the risk of cost overruns in IT projects (see
Appendix E for discussion concerning the magnitude of error that can be caused
when a normal or near-normal distribution is assumed). In this section, we discuss
the implications of our work for research and practice, as well as limitations and
directions for future research.

Implications for Research

First, having discovered that IT project performance fits a power-law distribution and that
we are dealing with fat tails when it comes to IT project performance, we suggest that the
commonly used measures of mean and standard deviation may not be adequate to represent
or fully comprehend IT project performance data. Other measures, such as median,
quartile, interquartile range, and median absolute deviation, should be examined and
reported in studies focused on IT project performance. Such measures combined with
boxplots may reveal that, contrary to conventional wisdom, there is a strong tendency for IT
projects to be on budget (mode and median close to 0% overrun).

Further, our review of prior IS research on IT project performance suggests that a majority
of studies tend to report only mean and standard deviations of project overruns, and it is
unclear how they deal with maximum values. In addition, some studies used a fixed survey scale
(e.g., the extent to which the project was completed within budget and schedule on a 5-point
likert scale) for measuring project overruns (see Jiang et al. [36] and Keil et al. [40] for example),
and we suggest that such an approach may not be appropriate given the power-law nature of IT
project overruns discovered by this research. We suggest that using a more precise measure
(e.g., a proportion of overrun in comparison to original budget or schedule) is warranted.

Second, to date, IS researchers have tended to treat project performance (e.g., cost
overrun) as an outcome variable in a causal model. While causal models are useful for
understanding factors influencing project performance, they are not capable of explaining
substantial overruns (extreme values) in IT projects. In other words, the existing body of
knowledge offers no explanation as to why some IT projects experience substantial overruns
as observed in this research. Therefore, this research makes an important contribution to IS

'8A distribution must have non-vanishing probability density towards infinity (or minus infinity) for regression to the tail to
occur in data sampled from it. This non-vanishing probability density towards infinity looks like a tail on a graph of the
distribution. Regression to the tail occurs only for distributions with infinite variance. The frequency of new extremes and
the amount by which a new extreme exceeds the previous extreme indicate whether the underlying distribution that data
are sampled from is fat-tailed or not, and hence whether or not it has an expected value and finite variance, or infinite
variance and hence no well-defined expected value. In the latter case, “regression to the mean” means regression to
infinity, i.e., there is no mean value in the conventional sense (the frequentist sense). Ever better attempts to estimate this
mean with conventional methods (i.e., by the mean values of a sample) will yield ever larger values, which is to say values
in the tail. For simplicity, we disregard the situation with fat tails towards both positive and negative infinity, which would
be “regression to two tails,” exemplified by the Cauchy distribution.

It should be stressed that the range of the tail in which a is smaller than two, and only this range of the tail, determines this
finding. All observations to the left of the tail, including the many observations in the mode, are irrelevant to the outcome
and to the existence or non-existence of mean and variance.
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research on IT project management by introducing a theoretical explanation based on self-
organized criticality [7, 35] and interdependencies. Specifically, this research suggests that
a small proportion of IT projects experience extreme cost overruns due to interactions of
interconnected components of an IT system. In particular, when a project organizes itself
into a critical state, an overrun in a single technological component can trigger cascading
reactions involving many other interconnected components. In addition, extreme cost
overruns tend to be unpredictable, or nondeterministic [6, 16, 68] because interdependen-
cies are formed based on the nature of IT systems [21].

Third, our research also adds to the discourse concerning modularity in IT systems.
Notions of both interdependencies among technological components (which is an impor-
tant element of the proposed generative mechanism for the power law) and modularity find
their roots in Simon’s [65] conceptualization of sub-systems and interactions between sub-
systems of large systems. Prior IS research has suggested that segmenting a system’s
functions into small modules (components) improves design quality and adaptability
[76]. In addition, researchers suggest that modularity can be of value when a system is so
large that there are numerous elements to the system [27]. Nonetheless, when interdepen-
dencies among modules exist this can cause significant delays and errors during imple-
mentation, testing and integration phases [27] and in our research interdependencies
among technological components were shown to contribute towards generating extreme
overruns (fat-fails). Therefore, our research adds to the extant knowledge of modularity in
IT systems by suggesting that the presence of interdependencies among numerous compo-
nents in a large IT system can increase the risk of cost overruns.

Prior research suggests that the complex nature of information systems development
contributes to high failure rates [74]. Our research identifies interdependencies among
components in an IT system as a potential source of complexity in IS development.
Interdependency in an IT system also has implications for research on organization design,
particularly with respect to organizing teams for IT projects. People charged with imple-
menting different interconnected components of a large project must communicate with
one another and collaborate to manage interdependencies. Prior research suggests that
when ties among organizational units mirror interdependencies in the work being per-
formed, it can help reduce coordination costs and improve coordination [8, 21]. In a similar
vein, the project team may be able to manage interdependencies among components in an
IT system more effectively by aligning ties among people (or teams) with interdependencies
among components allocated to them.

Finally, research focusing on IT project performance must aim to gather a large sample
size to avoid the pitfall of underweighting rare events in small samples [24]. Small samples
may not include projects that experienced significant overruns, and this may lead to a biased
conclusion concerning IT project performance. Another implication of this research is that
decision makers should not take rare, extreme, overruns lightly. Assuming the normal
distribution of decision outcomes, extant normative decision theories recommend that
decision makers not shy away from making the choice that resulted in unfavorable out-
comes in the past (i.e., don’t be afraid of risky and novel choices) [25]. This is because the
choice that resulted in unfavorable outcomes in the past is unlikely to continue to produce
similar unfavorable outcomes. This wisdom is in fact built upon the concept of regression to
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the mean. However, such advice can backfire when regression to the tail is present.
Therefore, our research offers a way to better understand decision theories built on
assumptions of statistical distributions.

Limitations and Future Research

All research is subject to limitations and ours is no exception. First, while we presented
a generative mechanism for IT project cost overrun based on self-organized criticality and
interdependencies among technological components in an IT system, the mechanism was not
empirically tested. Consistent with prior research that has been done involving self-organized
criticality (e.g., forest fire models), we focused on comparing real-world data and simulation data
as a proof for the generative mechanism. Such an approach, however, has inherent limitations.

Second, while our research involved assembling a very large dataset of IT projects, it will be
useful to see if other similar sized or even larger datasets of IT projects can be assembled and if
these corroborate our findings. Further, for our data collection we relied on firms and
U.S. federal government agencies that keep track of project performance (e.g., project docu-
mentation, audited data, etc.). We note that such organizations may have more mature project
management practices than organizations that do not keep track of project performance.
Therefore, project performance in our sample may be better than project performance generally.

Third, in this research we do not have data on how overruns occurred over different time
periods of a project’s lifecycle (e.g., whether overruns tend to occur earlier or later in
a project’s lifecycle). Therefore, one direction for future research would be to develop
a more granular understanding of how cost overruns occur over time.

Fourth, research suggests that decision makers tend to avoid choices that produce greater
variability in results even if such choices eventually produce better outcomes in the long run
[25]. This suggests that the distribution of decision outcomes can influence decision makers’
choice. The findings of this research challenge the common assumption that IT project
performance follows a normal (or near normal) distribution. One fruitful direction for
future research is to empirically investigate how IT project managers make project-related
decisions (e.g., project estimation, risk management choices, etc.) under the condition of
normally distributed IT project performance data vs. the condition of non-normally dis-
tributed IT project performance data (e.g., power law).

Fifth, in our simulation no intervention that can mitigate cost overruns was considered.
Therefore, one might expect the results of the simulation to be worse than what was
observed in the empirical data (where interventions were possible). However, this is not
what we found. Comparable results between simulation and empirical data indicate that
interventions may not have substantial impacts on containing cost overruns and this could
be due to the nature of IT-based systems and dependencies among technological compo-
nents. In the IS literature, there exists a large body of knowledge on mitigating risks in IT
projects [10, 75]. Further research is warranted on how and what risk mitigation strategies
can be effective in dealing with interdependencies in an IT system and preventing sub-
stantial project overruns.

Finally, our data does not allow us to distinguish between agile projects and those that were
managed using waterfall approaches. Given the increasing popularity of agile development and
its known benefits [5], further empirical research is warranted to compare the performance of
agile IT projects vs. non-agile IT projects, and their respective probability distributions.
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Implications for Practice

The implications of our findings for practice are both clear and disturbing. One important
consequence of fat tails and the power-law nature of IT projects is that the average expected
maximum cost overrun increases exponentially with the sample size, generally with
(X max)~1"#"V or in the case of IT projects Xpmax ~ n°”’. Thus, the average maximum
cost overrun in principle has no upper bound, which is an unsettling result for IT project
managers and sponsors. The longer the time horizon of observation or the bigger the
sample, the more extreme values are expected to be found. The implication is that small
samples, like those found in existing studies of IT project performance, will lead to bias that
underrepresents the real risk of cost overruns.

Given the fat tailed distribution identified for IT project cost overruns, extreme cost overruns
are to be expected. In fact, our research suggests that no matter what their prior experience has
been, decision makers should not assume that there will not be another, even larger cost overrun,
in their future. The power-law nature of IT performance explains the anecdotal evidence in the
introduction, with careers and companies being destroyed by extreme cost overruns. These
disastrous outcomes are a consequence of the power law discovered above. What the power law
of IT project cost overruns tells us is that extreme I'T project cost overruns will occur. We cannot
predict when the next one will happen or how big it will be, but we can predict that (1) more will
happen and (2) sooner or later there will be one that is larger than the largest we have seen so far.
Therefore, following the power-law logic, it will be no surprise if a large, established company
fails in the coming years because of an out-of-control IT project.

Moreover, this research emphasizes the need to carefully assess the risk of new IT projects
at the outset. One particular risk that managers must pay attention to involves technological
components that are highly interdependent with other components. It may seem unlikely
that one component can cause a substantial overrun. However, as demonstrated in our
simulation, a single component can trigger cascading reactions in interconnected compo-
nents, leading to substantial overruns. Thus, to minimize the risk of black swans [69],
managers should exercise due diligence to identify riskier components (e.g., ones with high
interdependencies) and provide additional resources to proactively manage them.

Finally, there exist several theory-based frameworks for evaluating the risk level of new
IT projects, including options-based risk management [9, 11, 44] and an intelligent fuzzy
approach [62]. Managers may benefit from using these frameworks to identify high-risk
projects and prevent such projects from causing large cost overruns. Further, given the
global nature of IT projects, managers may be able to mitigate technical risk by considering
IT project teams’ cultural composition [52].

Conclusion

The extent to which an IT project is completed within budget is a key dimension of its
performance and ROL This research empirically examines and attempts to theoretically explain
the probability distribution of IT project cost overruns. Using the largest dataset of its kind, our
research shows that IT project cost overruns follow a power-law distribution, with a large
number of small overruns and a smaller, but significant, number of very large overruns in
a fat upper tail. Our research shows that IT projects have far greater cost risk than is commonly
assumed. Incorrectly assuming a normal (Gaussian) or near-normal (e.g., log normal)
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distribution for cost risk, as is common, increases organizations’ exposure to such risk by severely
underestimating the probability of large cost overruns. Moreover, decision-making theory
suggests this is important because ignoring fat-tailed, high-impact risk is associated with riskier,
suboptimal decision making, which may lead to undertaking highly risky IT projects— projects
that would not have been started had the true risk been known.

Our research contributes to IS research on IT project performance by highlighting both the
need to examine project overrun data in greater depth (beyond mean and SD) and the need to
advance our understanding of extreme project cost overruns that are often observed in the real
world. In addition, we build on Simon’s [65] conceptualization of sub-systems and interactions
between sub-systems of large systems by synthesizing self-organized criticality and interdepen-
dency within the context of IT systems. Moreover, the power law distribution discovered in this
research suggests that studying overruns requires large sample sizes, robust analytical methods,
and caution when generalizing from small sample studies. Key practical implications follow from
the predictive property of power laws: extreme overruns will occur that exceed previous
observations, it is only a matter of time. This underscores the importance of high-quality
planning and risk management when embarking on IT projects.
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