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ABSTRACT

Reference Class Forecasting (RCF) has emerged as a prominent tool to counter chronic optimism in
project planning. By applying an ‘outside view' - using distributions of comparable past projects —
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RCF seeks to correct overly optimistic cost and schedule estimates that undermine megaproject deliv-

ery. While its adoption has expanded in policy and practice, particularly following Flyvbjerg’'s work,
questions remain about its validity, applicability and limitations. This article critically reviews the prom-
ises and problems of RCF and sets out a research agenda for moving the debate forward.

1. Reference class forecasting - origins

Project organizations and funding agencies are currently
experiencing one of the largest booms in human history.
Investment in megaprojects (defined as being of at least $1
billion USD in value (Flyvbjerg 2014, 6)) worldwide are com-
mon, as projects are being earmarked to address a variety of
grand societal challenges (Ilka and Munro 2022), including cli-
mate change, green transitions, infrastructure development
and repair. One of the more common developments world-
wide with most of these projects is (often) significant cost
and schedule overruns (underperformance) (Cantarelli,
Flyvbjerg, and Buhl 2012). In fact, within some classes - or
type — of project, past research has suggested that these
cost overruns average: 157% for Olympic Games (Flyvbjerg,
Stewart, and Budzier 2016b), 73% for Information
Technology (IT) (Flyvbjerg et al. 2022), 40% for rail (Flyvbjerg
and Bester 2021), 96% for dams (Ansar et al. 2014) and time
overruns average: 23% for transportation (Park 2021a), 74%
for hydroelectric power (Callegari, Szklo, and Schaeffer 2018)
and 45% on dams (Ansar et al. 2014). Flyvbjerg and Gardner
(2023) provide an overview of cost overruns across 25 pro-
ject types, with mean overruns ranging from 1 to 238%.
Because of the persistent nature of errors of estimation,
coupled with the pattern that these errors generally fall
within the excessively optimistic range, efforts to address
and, where possible, correct such estimates remain of high
priority to scholars and public policy officials alike.

In trying to understand the roots of our inability to gener-
ate accurate estimates for project costs, schedules, and bene-
fits, scholars cite, among other potential causes, the Prospect
Theory arguments originally advanced by Kahneman and
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Tversky (1979a, 1979b) in a series of papers that addressed
the distinctions between “normative” behaviour (how a sys-
tem acts based on what is objectively correct or how people
should want to behave), “descriptive” behaviour (how people
actually behave in reality), and “prescriptive” behaviour
(developing policies to bridge the two previous states; that
is, creating methods or steps that help people behave in
accordance with the normative “should”). Their arguments,
applied to behavioural economics, offered the first real steps
at addressing the perceptual and behavioural gaps between
these three psychological states and the economic implica-
tions of repeated failure to bridge these gaps. In practical
terms, when describing these three states of behaviour,
Kahneman and Tversky (1979b) argued that human decision-
making often occupies a descriptive state characterized by
undue optimism that ignores distributional evidence (for
example, statistical data) of likely outcomes. In other words,
descriptive behaviour is typically predicated on objective evi-
dence of past examples or states that should help us re-
evaluate the logic or our preferred normative behaviour or
assumptions. The fact that we often remain immune to
descriptive data is the result of a set of built-in psychological
biases.

One of the key schools of thought on the causes of these
overruns is the role played by bias in initial estimates, often
referred to as the planning fallacy (Kahneman and Tversky
1979a). Kahneman and Tversky (1979a, 1979b) contend that
human judgement is generally optimistic due to overconfi-
dence and insufficient consideration of distributional infor-
mation about outcomes (i.e. the record of past experiences).
Therefore, decision makers tend to underestimate the costs,
completion times and risks of planned actions, whereas they
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tend to overestimate the benefits of those same actions.
Such an error is caused by actors taking a biased, “inside
view”, where the focus is on the constituents of the specific
planned action instead of on the actual outcomes of similar
ventures that have already been completed (Kahneman and
Tversky 1979a).

Kahneman and Tversky’s work on optimism bias is pro-
found, but it is based on a limited set of laboratory experi-
ments. Flyvbjerg gathered large data sets and employed
Kahneman and Tversky’s theories to public planning and
development and found that the net effect of their ideas,
when applied to project estimation and planning, is signifi-
cant. Drawing upon a history of poor project performance
(across multiple classes of project) relative to original cost
and benefit estimates, Flyvbjerg, Holm, and Buhl (2002)
posited their cause as due to inherent flaws in human
decision-making that include: (1) optimism bias, due to over-
confidence and an unwillingness to consider historical data
(distributional information) of the sort that Kahneman and
Tversky (1979b) referred to as descriptive (Bracha and Brown
2012). Flyvbjerg defines optimism bias as “a cognitive predis-
position found with most people to judge future events in a
more positive light than is warranted by actual experience”
(Flyvbjerg 2006, 6). Flyvbjerg and Sunstein (2016) extended
the Planning Fallacy concept, by referring to the pattern of
underestimating the costs, time and risks to complete tasks
coupled with an overestimation of a project’s likely benefits
as the “planning fallacy writ large.” (2) uniqueness bias,
which prevents decision-makers from considering divergent
information because “our project is different,” regardless of
the degree of similarity with previous examples (Flyvbjerg
et al. 2025; Flyvbjerg and Gardner 2023) and (3) strategic
misrepresentation, or the deliberate distortion of information
to steer a decision, such as the commitment of time and
money to a new project, in the direction the advocate sup-
ports (Flyvbjerg 2011).

Kahneman and Tversky (1979a) argue that optimism bias
can be mitigated by adopting an outside view, which relies
on historical distributions rather than future scenarios. This
principle underpins Reference Class Forecasting (RCF), first
outlined by Kahneman and Tversky (1979a) and later tested
in the context of large-scale transportation infrastructure
projects by Flyvbjerg and colleagues. A “reference class” of
similar projects offers a real, corrective benchmark against
which a new project’s cost estimation can be compared.
Thus, “reference class forecasting” provides an independent
means of offering more accurate cost estimates for projects
under consideration for funding. For a detailed description of
the steps in RCF, see Lovallo, Cristofaro, and Flyvbjerg
(2023, 142).

In practical terms, Flyvbjerg and colleagues contend that
RCF has the effect of moderating the embedded and unrea-
sonable optimism at the heart of most project forecasts, by
refusing to take estimates at face value, but first submitting
them to a statistical correction procedure that compares
them against historical data. This corrective reanalysis of ori-
ginal project cost estimates is then likely to give a much
more reasonable estimate of project costs at completion.

RCF is primarily applied in project appraisal to counter opti-
mism bias by situating forecasts within distributions of com-
parable past projects, and its results are subsequently used
to inform realistic budget setting through appropriate cost
and time uplifts.

Moreover, RCF has gained steady support within the UK
and other European countries (Flyvbjerg, Hon, and Fok
2016a; HM Treasury, 2022, 2013). The UK was the first
European government to make RCF mandatory for new
government-sponsored transport project proposal cost esti-
mation, quickly followed by Denmark. Governments of
Australia, Germany, Norway, South Africa, Sweden,
Switzerland, the Netherlands have also used RCF on individ-
ual projects (Flyvbjerg, Hon, and Fok 2016; Park 2021b).

Nevertheless, arguments supporting optimism bias as a
main cause of project cost overruns and benefit underper-
formance and the principles of RCF as a method to address
optimism bias are not without their critics. Several scholars
have argued against a number of these underlying conten-
tions, including the degree to which the planning fallacy is
present as a primary cause of underperformance and the
role that behavioural bias actually plays in decision making
for major projects (Love, lka, Sing, et al. 2019; Love, lka and
Ahiaga-Dagbui, 2019; Love and Ahiaga-Dagbui 2018; Mak
and Raftery 1992). Love and colleagues argue, based on
extensive data, that cost and schedule overruns in megapro-
jects are more readily explained by project complexity, per-
vasive uncertainties, and human limitations in forecasting
rather than by systemic bias (lka, Love, and Pinto 2022). They
challenge the “bias school” by arguing that cost overruns
may often result from error rather than systematic bias, not-
ing that estimators can be subject to pessimism bias as well
as optimism (Batselier and Vanhoucke 2016; Bayram and Al-
Jibouri 2018; Love, lka, Sing, et al. 2019), that collective esti-
mation in megaprojects may mitigate individual bias (Caffieri
et al. 2018), and that the assumption of bias itself risks being
biased. Another frequently mentioned criticism of RCF has to
do with the nature of simply accepting post hoc “smoothing”
of cost projects based on previous class histories; that is, the
problem of focusing on effect data at the expense of causal
reasons for project overruns (Pinto 2023).

It is not our purpose to argue the efficacy of bias as a
cause of cost estimation error, but to note instead that the
“science” here is far from settled. To illustrate, a recent article
by lka, Love, and Pinto (2022) refutes the “either/or” dichot-
omy proposed by previous scholars as to which cause is
more compelling of the underperformance of estimating,
arguing that both bias and error, considered jointly, offer a
more thorough and reasonable approximation of the causes
of project underperformance.

Given the mainstream use of RCF, it seems particularly
relevant to offer a view that acknowledges both its potential
and ongoing problems, as policy makers and project plan-
ners alike continue to embrace the practice. Therefore, the
purpose of this article is to offer a current assessment of the
state of RCF: its empirical support, advantages and disadvan-
tages and unanswered questions. To achieve this, we con-
duct a systematic literature review (SLR) structured around



two research questions: (1) How does RCF compare with con-
ventional and hybrid forecasting methods, and how has it
been applied in practice? (2) What strengths and problems
with RCF are identified in the literature? This paper extends
previous reviews by moving from providing a broad over-
view of how RCF has been applied and discussed to a more
critical comparison and evaluation. Whereas other studies
have identified the potential of RCF and the methodological
challenges it faces, we provide a structured assessment of its
relative effectiveness, its documented strengths and prob-
lems, and its implications for practice. In doing so, we not
only consolidate existing knowledge but also translate it into
five propositions that set a clear agenda for future research.

Despite its growing prominence in both academic
research and public policy, particularly in the UK and Europe,
where RCF has been institutionalized, there remains little sys-
tematic and critical comparison of how the method performs
relative to alternatives. Most prior reviews have catalogued
applications of RCF but have not interrogated its strengths,
limitations, and assumptions in a structured way. Given the
increasing reliance on RCF for major investment decisions,
coupled with mounting critiques of its theoretical basis and
practical implementation, a comprehensive and critical syn-
thesis is needed.

We have structured this article as follows. Section 2
describes the methodology for conducting an SLR. Then,
Sections 3-5 will discuss the key themes of the literature,
including a comparison of RCF to other, conventional fore-
casting techniques and hybrid forecasting methods, practical
applications of RCF and the strengths and challenges of
using RCF. Section 6 presents directions for future research
on this methodology. As a part of evidence for our assess-
ment, we offer a compendium of recent papers that
employed RCF, with a summary of their findings.

2. Methodology

This article employs an SLR conducted in the form of a quali-
tative content analysis, which enables an objective and sys-
tematic description of the explicit content of publications
(Gold, Seuring, and Beske 2010). Adopting this approach
helps address common criticisms of literature reviews, par-
ticularly those concerning insufficient critical assessment, rig-
our, relevance and comprehensiveness (Tranfield, Denyer,
and Smart 2003). The review follows the four-step process
model of qualitative content analysis proposed by Mayring
(2000) and applied by Seuring and Gold (2012): (1) Material
collection, (2) Descriptive analysis, (3) Category selection and
(4) Material evaluation.

2.1. Material collection

Our literature sample comprises English-speaking peer-
reviewed articles on RCF covering the period 2001 to 2025.
We did not restrict our search by time period, as RCF is a
relatively recent concept with a manageable body of litera-
ture, and limiting by year could exclude early foundational
studies.
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The primary source of data in content analysis of SLRs
consists of peer-reviewed journal articles (Gold, Seuring, and
Beske 2010; Seuring and Gold 2012). However, given the
emergent nature of the field, conference papers were
included to capture the most recent relevant contributions
that may not yet have appeared in journal form. The unit of
analysis is therefore research articles, including both peer-
reviewed journal publications and conference papers. Hence,
book chapters, conference reviews and a paper erratum
were excluded.

We adopted a hybrid search strategy, combining database
searches and snowball searches. According to Wohlin et al.
(2022), such a hybrid search approach performs better than
database-driven searches. For the database search, we con-
ducted a structured keyword search in SCOPUS and Web of
Science (WoS), as these are among the most comprehensive
and widely used databases for peer-reviewed research in the
social sciences and management. Using both databases
increases coverage, since they collectively index a broad
range of journals and vendor databases in a single location
(Thomé, Scavarda, and Scavarda 2016).

The central concept in this review is the method of RCF;
therefore, “reference class forecast*” was used as the primary
keyword, with the asterisk applied to capture relevant deriva-
tives. This focused approach was justified, as the term pre-
cisely captures the relevant body of literature. Alternative
searches using abbreviations such as “RCF” or broader
related terms were tested, but either produced large num-
bers of irrelevant results or risked omitting relevant publica-
tions. Given the novelty of RCF as a research domain, the
body of literature remains limited and clearly identifiable,
making a single, well-defined keyword search both appropri-
ate and sufficient for the purpose of this review. The litera-
ture search process is shown in Figure 1.

This initial search resulted in 82 articles from Scopus and
73 articles from WoS (Figures 2 and 3). We removed any
duplications (a total of 70 articles), after which 85 articles
remained in the initial sample. After reading the title and
abstract, we excluded 26 articles, and a further 7 articles
were excluded after reading the full text. Table 1 shows the
exclusion criteria. Where both a conference and journal ver-
sion of a study were identified, the journal version was
retained and the conference version excluded, unless it con-
tained unique information.

The snowballing procedure (backward search and forward
search of retrieved papers) (Wohlin 2014) resulted in an add-
itional 10 articles, leading to a final sample of 61 articles.

2.2. Descriptive analysis

SLRs often begin with a descriptive analysis of publication
patterns, such as time of publication, journal, geographical
focus and methodological approach. In this study, only the
distribution of articles by year and journal is reported to pro-
vide context, while the main emphasis is placed on content
analysis synthesize the conceptual and methodological con-
tributions of the literature.
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Figure 2. Distribution of publications by year.

Our SLR covers articles between 2001 and 2025, with the
majority of the articles (74%) published since 2015. In total,
23 of the 61 articles appeared in journals with more than

one contribution, mainly across project management
(International Journal of Project Management, Project
Management Journal), construction and engineering

management (Construction Management and Economics,
Journal of Construction Engineering and Management,
European Journal of Transport and Infrastructure Research,
IEEE Transactions on Engineering Management) and energy
and sustainability (Renewable and Sustainable Energy
Reviews, Energy Policy) (see Appendix).



European Journal of Transport and
Infrastructure Research

Journal of Construction Engineering and
Management

IEEE Transactions on Engineering
Management

International Journal of Project
Management

Project Management Journal

Journal title

Construction Management and Economics

Energy Policy

o

Figure 3. Distribution of articles by journal.

Table 1. Exclusion criteria.
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N
(62}

Number of publications

Criteria

Description

Focus on RCF (23 excluded)

Insufficient engagement with RCF: Studies that discuss forecasting approaches with little or no substantive reference to

RCF or that mention RCF only in passing without developing, applying or critically assessing it (e.g. only mentions RCF

as a recommendation).
Scope (3 excluded) RCF but not relevant to forecasting

Document type (8 excluded)

No access or duplicate of a journal paper

2.3. Category selection

The content analysis was structured around five analytic cat-
egories derived from the review objectives: (1) RCF and con-
ventional forecasting methods, (2) hybrid approaches, (3)
practical applications, (4) strengths and (5) problems. These
categories provided a systematic framework for synthesizing
the studies.

2.4. Material evaluation

The articles were analysed according to the selected catego-
ries, whereby articles were coded against one or multiple
categories depending on the focus of the article. The find-
ings of the content analysis are described in subsequent
sections.

3. Methodological evaluation of RCF as a
forecasting technique

Past studies have often focused on offering RCF as a superior
estimation method to alternative options, or to test the
accuracy of RCF in controlled settings or using archival data.
In this section, we evaluate the literature and discuss how
RCF performs compared to conventional forecasting methods
and hybrid forms of RCF. We also discuss some of the prac-
tical applications of RCF covered by the papers.

3.1. RCF versus conventional forecasting methods

Several studies have compared RCF with conventional fore-
casting methods to test whether RCF performs better. For
example, Chadee et al. (2023) show that RCF outperforms
traditional bottom-up approaches by producing estimates

closer to actual costs. Their back-testing indicates that RCF
provides a more reliable representation of project costs and
improves budget adherence in public sector social housing
projects.

Based on a database of 420 completed building projects
in Turkey, Bayram and Al-Jibouri (2016a) compare cost esti-
mates (based on contract sums) produced using the conven-
tional method against cost forecasts using RCF. The study
confirms that forecast accuracy can be improved by using
the RCF method using various uplifts representing different
levels of risk (Bayram and Al-Jibouri 2016a). Bayram and Al-
Jibouri (2018) find similar results. In a separate study, Bayram
and Al-Jibouri (2016b) find that RCF provided the most
accurate forecasts in the early stages of the project, whereas
simple linear regression and radial basis function forecasting
methods provided more accurate forecasts if estimates were
based on reference point later in the project life cycle (in the
post-design stage).

Batselier and Vanhoucke (2016) compared the accuracy of
RCF as a project cost estimation technique to earned value
management (EVM) and Monte Carlo simulation, using data
from one construction project. They created four reference
classes for comparison, ranging from broadest (construction
projects) to most specific (office finishing works). They found
that RCF outperforms EVM and Monte Carlo Simulation on
all three criteria of accuracy, stability, and timeliness
(Batselier and Vanhoucke 2016). Similarly, for transport infra-
structure projects in the UK and US, Park (2021b) found that
RCF provided more accurate forecasts compared to Monte
Carlo simulation.

While the previous studies have found supporting evi-
dence of improved performance of RCF, Fridgeirsson (2016)
did not find a clear reason to adopt RCF as the current
method seemed to work well enough for transport
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infrastructure projects in Iceland. This could be explained by
the low forecasting inaccuracy in the first place.

For project cost estimation, regression analysis and
Monte-Carlo simulation are some of the primary statistical
modelling techniques, along with case-based reasoning, arti-
ficial neural network, fuzzy logic and support vector machine
(Atapattu, Domingo, and Sutrisna 2023). However, given our
stated intent, this paper will not consider these in depth but
focuses on RCF in comparison to other techniques.

3.2. Hybrid forecasting methods

Building on the foundational strengths of RCF, several stud-
ies have explored hybrid approaches that integrate RCF with
other forecasting methods, aiming to address some of its
limitations. For example, Liu, Wehbe, and Sisovic (2010) con-
sidered a hybrid of RCF and the conventional fixed contin-
gency approach and compared this to the conventional
approach and the risk-based estimating (RBE) approach. They
found the hybrid approach more accurate compared to the
conventional approach, but the RBE can be more accurate
than the hybrid approach. However, it should be noted that
the RBE forecast was based on a small sample.

Several studies demonstrate the effectiveness of integrat-
ing RCF with Bayesian methods to improve forecast accuracy.
Bordley (2014) uses a Bayesian approach to combine RCF
with model-based forecasting, where the reference class
informs the prior distribution. This hybrid approach resulted
in a lower forecast error (and lower variance) than either the
model-based forecast or the reference class forecast alone.
Zangeneh and McCabe (2022) employ a Bayesian Network
framework to incorporate expert-informed socio-technical
risk factors alongside reference class data. By treating the ref-
erence class as a prior and updating it with project-specific
evidence, their approach supports more differentiated and
context-sensitive forecasts, particularly well-suited to the
complexities and uncertainties inherent in industrial mega-
projects. Similarly, Kim and Reinschmidt (2011) propose a
Bayesian adaptive forecasting method that combines inside-
view estimates, outside-view reference class data, and real-
time performance information from EVM. Their model uses
Bayesian model averaging to revise cost forecasts dynamic-
ally during project execution, thereby enhancing the accur-
acy of predictions as new information becomes available.

In line with recent efforts to formalize RCF through statis-
tical techniques, Lordan-Perret et al. (2023) propose a hybrid
method that, like Bayesian approaches, models uncertainty
using empirical data. Rather than relying on prior distribu-
tions, they apply adaptive kernel density estimation to con-
struct a smoothed empirical distribution of cost overruns and
use Wilks' formula to quantify confidence in threshold esti-
mates. El Yamami et al. (2018) propose a hybrid model for IT
project financial risk prediction that combines analytical cost
estimation with an analogous approach, using k-nearest
neighbour (k-NN) to identify comparable past projects. These
projects form the reference class, from which probability dis-
tributions of financial risk are derived to adjust estimates and
improve predictive accuracy. Natarajan (2022) integrates RCF

with Gradient Boosted Regression Trees (GBRT) to improve
cost and schedule forecasting for offshore oil and gas mega-
projects. By applying GBRT, Natarajan’s hybrid approach cap-
tures both the distributional insight of RCF and the adaptive
learning capacity of machine learning. This results in more
accurate and context-sensitive forecasts, particularly in com-
plex, high-uncertainty environments.

Recent studies have also developed new forecasting mod-
els. For example, Salling and colleagues embed RCF within
increasingly complex decision-support models. In the CBA-DK
framework (Salling and Banister 2010), RCF is introduced
through optimism bias uplifts to supplement cost-benefit
analysis. This then evolved into a new forecasting technique
Reference Scenario Forecasting (RSF), combining RCF and
quantitative risk analysis with scenario forecasting (Salling
and Leleur 2012, 2017). The outcome of adopting this tech-
nique entails graphs based on scenarios, illustrating the likeli-
hood of attaining specific Benefit-Cost (BC) ratios. The
benefit of this approach lies in its capacity to consider the
probability of implementing a non-feasible project or over-
looking a viable one. The UNITE-DSS model (Salling and
Leleur 2015) further integrates this approach by linking RCF
to a large empirical database, while the SUSTAIN-DSS model
(Salling and Pryn 2015) embeds sustainability criteria through
multi-criteria decision analysis. Nevertheless, none of these
studies demonstrate whether this integrated method outper-
forms RCF on its own.

Some hybrid models have been proposed that combine
risk analysis with RCF. For example, Allahaim, Liu, and Kong
(2016) develop a risk-based cost contingency estimation
model (RBCCEM) based on a survey of project managers in
Saudi Arabia. They found this method to provide better fore-
casts compared to RCF or the conventional forecasting
model. Similarly, concerned with enhancing risk analysis,
Zarikas and Kitsos (2015) extend the RCF methodology by
incorporating statistical tolerance regions, offering a more
rigorous framework for quantifying uncertainty within the
reference class.

Another new forecasting method, similarity-based fore-
casting (SBF), was proposed by Lovallo, Clarke, and Camerer
(2012). SBF is a combination of two known methods for
implementing an outside view, that is, RCF and case-based
decision theory (CBDT). SBF uses the reference classes from
RCF, and the method of assigning more weight to the most
similar cases in the reference class from CBDT. Thus, SBF is
similar but expanding RCF by using similarity weighting
instead of equal weighting. Like SBF, weighted reference
class forecasting (WRCF), as proposed by Zani and Adey
(2025) and Zani, Adey, and Carroll (2024) uses weighting
mechanisms to account for the relevance or similarity of past
projects. While SBF derives the weights from expert judge-
ment, WRCF uses empirical distribution as weight basis. This
method uses work package-level cost deviations when refer-
ence data are unavailable. A first empirical study into the
effectiveness of WRCF found that it results in higher certainty
and more conservative estimates. However, the results
should be treated with caution as they have not yet been
widely tested.



Additional research that advocates the use of expert opin-
ion in combination with RCF is by Leleur et al. (2015) who
used this forecasting method in cost estimation efforts aimed
at modelling three scenarios for an airport construction pro-
ject. They also found it necessary to apply overconfidence
theory to the expert judgments to modify the statistical dis-
tribution of the projected possible outcomes. Their findings
suggested that under certain circumstances a combination of
RCF and expert opinion will offer more accurate cost estima-
tions but caution against over-aggressive use of a reference
class without first vetting the data for similarity. Garbuio and
Gheno (2023) also aim to improve the construction of the
initial reference class by combining RCF with a clustering-
based method. Recognizing that the accuracy of RCF
depends heavily on the relevance and granularity of the ref-
erence class, they develop a novel biclustering algorithm
that allows project groupings based on multiple, interrelated
variables, rather than one single dimension. This method
enables a more nuanced segmentation of historical project
data, thereby improving the precision of probabilistic fore-
casts. The resulting hybrid method, termed ECrfBimax, com-
bines the statistical rigour of RCF with pattern recognition
capabilities of biclustering to produce more context-sensitive
estimates. Similarly, Zarghami (2023) aims to improve the
reliability of RCF by proposing a quantitative similarity meas-
ure that determines how closely past projects align with a
new project in terms of cost, duration, and scope. This meas-
ure uses the radius of gyration, a statistical tool that shows
how far the reference projects differ from the project at
hand. By using this method to exclude outliers and select
more comparable reference classes, the risk of biased selec-
tion is reduced, and the accuracy of RCF-based forecasts is
enhanced.

Lastly, based on an empirical study of 52 projects,
Servranckx, Vanhoucke, and Aouam (2021) argued that the
accuracy of RCF was successfully demonstrated by consider-
ing both the intra- and inter-accuracy of reference classes.
The accuracy of RCF increases when more project properties
are considered; however, not surprisingly, the greater the
number of project properties (i.e. the narrowing of the refer-
ence class), the less reliable are the results of the analysis,
simply due to the fewer number of projects with similar
properties. The conundrum is that a broad reference class —
for example, “road” projects — will yield a large data sample,
but at the same time, a highly variable one. To accurately
identify the most appropriate reference class in their
research, Servranckx, Vanhoucke, and Aouam (2021) noted, is
to lose data points, with the clear trade-off being a sacrifice
in reliability.

3.3. Practical applications of RCF in specific project
classes

Rather than testing the utility of RCF simply as an estimation
method, several other studies have applied RCF as a means
to address the challenges with building various classes of
megaproject (Flyvbjerg, Hon, and Fok 2016; Steininger,
Groth, and Weber 2020). For example, several studies have
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applied RCF to projects in the energy industry. Sovacool,
Nugent, and Gilbert (2014) studied construction cost over-
runs for electricity infrastructure projects and used the RCF
technique as a diagnostic tool to illustrate that construction
cost overruns in electricity infrastructures are unavoidable,
given the plethora of risks in planning. Awojobi and
Jenkins's (2016) study of the construction of the Bujagali
hydroelectric dam in Uganda involved massive uncertainty
and risk at the front-end, for which they applied RCF. The
application of RCF resulted in a more reliable cost estimate,
and it increased the accuracy of the cost-benefit analysis.
Their findings suggested that RCF can offer a reliable estima-
tor of the final cost of dam construction, provided a reason-
able fit into a suitable reference class can be created. Where
the alternatives (the reference class employed) are not suffi-
ciently similar, RCF will not materially aid in more accurate
cost estimation. Ansar et al. (2014) reaches a similar conclu-
sion for hydropower mega-dams, recommending RCF-based
de-biasing in planning. Brown, Lux, and Cowan (2024) use
RCF as part of a best practice approach to costing fusion
power plants. They emphasize that RCF is a powerful tool to
help project teams make more informed decisions about
budget, timeline, and risk management by leveraging histor-
ical data from similar projects.

Recently, a study of 57 World Bank-financed hydropower
projects by Jenkins, Olasehinde-Williams, and Baurzhan
(2022) also found that when RCF was used to develop cost
estimates at the outset of these projects, it helped to reduce
net losses by preventing some hydropower projects with
negative economic net present values from being under-
taken. However, because of the increased ex-ante rejection
of projects, the loss of potentially economically positive proj-
ects from the portfolio of hydro dam projects is greatly
increased. Jenkins, Olasehinde-Williams, and Baurzhan (2022)
concluded that the more narrowly defined a project’s cost-
benefit analysis, the greater the likelihood of missing the
opportunity to create net long-run societal benefits. Also
concerned with the economic impact, Callegari, Szklo, and
Schaeffer (2018) conclude that probabilistic approaches such
as RCF can provide more realistic estimates and improve risk
management in project planning. Importantly, the authors
highlight that megaprojects often fail to deliver anticipated
economies of scale, as their disproportionate exposure to risk
undermines financial efficiencies. Separately, and independ-
ently, RCF has been proven to be an effective method for
improving the accuracy of cost forecasts for both Nuclear
Power decommissioning projects (Lordan-Perret et al. 2023)
and wind farms (Kaiser and Snyder 2012; Koch and
Sendergaard 2010).

The transport infrastructure industry has also seen notable
applications of RCF, particularly in the work of Flyvbjerg,
which demonstrates how the use of uplift curves and risk
thresholds can improve the reliability of cost forecasts
(Flyvbjerg 2008; Flyvbjerg, Hon, and Fok 2016). Other studies
confirmed the effectiveness of RCF in transport infrastructure
projects. For instance, Steininger, Groth, and Weber (2020)
investigated the railway project Stuttgart 21, and they found
significantly improved forecast accuracy when using RCF.
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Similarly, Park (2021b) concluded that RCF had delivered sub-
stantial benefits in curbing cost overruns in UK transport
infrastructure, particularly in highways. Liu et al. (2018)
applied RCF in the Chinese context. Using data from 30
large-scale Chinese long bridges, they construct a reference
class and generate uplift values at different probability levels.
When these are applied to the Hangzhou Bay Bridge, the
adjusted estimates align more closely with actual final costs
than the original estimates. Some studies suggested that RCF
is more successful with engineering projects than other types
(Prater, Kirytopoulos, and Ma 2017), presumably because the
databases for engineering and construction are larger and
the data have been easier to collect.

In the context of chemical projects, RCF was effective for
large homogenous projects but not for various smaller proj-
ects (Walczak and Majchrzak 2018). In housing projects, RCF
was effective, and in particular, Chadee et al. (2023) and
Chadee, Hernandez, and Martin (2021) showed that the P50
estimate provides a closer estimate to the actual costs of the
project compared to the contracted costs. RCF also resulted
in lower errors compared to conventional forecasting techni-
ques in the oil and gas industry (Natarajan 2022; Nesvold
and Bratvold 2022).

Table 2 offers a summary of a sample of studies investi-
gating various aspects of RCF, several of which were sum-
marized above. While not intended to be exhaustive, the
summary offers a sense of the variety of settings and project
classes that have been investigated, with a brief description
of key findings.

So, based on the review of the literature on RCF, what
conclusions can reasonably be drawn? As the studies identi-
fied demonstrate, the efficacy of RCF seems to reflect a gen-
erally positive response, though with some important
caveats and provisos. Thus, for our analysis, it seems reason-
able to recognize both strengths and weaknesses of this
technique, given the mixed results from empirical studies. In
the following sections, we will offer both advantages and
cautions that policy makers and scholars alike should con-
sider when applying RCF for project cost estimation.

4, Strengths of RCF

4.1. RCF can improve estimates for large projects that
face high levels of risk

The cost estimates produced at different stages of the pro-
ject carry different levels of uncertainties/risks and thus dif-
ferent estimation accuracies. As a project progresses through
its life cycle, more information about the project becomes
available, reducing the levels of uncertainty, and increasing
the accuracy of the estimate. As the roots of underestimation
lie in the front-end stages of project development, RCF is
recommended to be applied in the early stages of projects
where risk is highest (Ansar et al. 2014; Awojobi and Jenkins
2016; Bayram and Al-Jibouri 2016a). Moreover, outside-view
approaches are more commonly used during the early
phases because the lack of detailed information makes it dif-
ficult to implement the bottom-up approach (Oberlender
and Trost 2001).

Batselier and Vanhoucke (2016) found that RCF clearly
outperforms EVM on timeliness, that is, the ability of a fore-
casting method to produce accurate forecasts in different
stages of the project life cycle. This is important because it
allows adequate corrective actions to be taken in a timely
manner. Similarly, Bayram and Al-Jibouri (2016a) showed,
with varied levels of efficacy, that RCF produced more accur-
ate and realistic forecasts than other methods, however, RCF
particularly produced more accurate forecasts in the pre-
design stage, while simple linear regression analysis (SLRA)
and radial basis function (RBF) were favoured in the post-
design stage. Moreover, Flyvbjerg (2006) emphasizes that
“the comparative advantage of the outside view is most pro-
nounced for nonroutine projects, understood as projects that
managers and decision makers in a certain locale or organ-
ization have never attempted before” (2006, 9). These proj-
ects are the ones in which biases towards optimism and
strategic misrepresentation are likely to be largest (Themsen
2019).

Although RCF is a robust approach to addressing opti-
mism bias, its effectiveness in practice can be limited by
implementation challenges. For example, its application is
less feasible for small companies dealing with a limited num-
ber of project types (Walczak and Majchrzak 2018), routine
projects using well-known technologies (Jenkins, Olasehinde-
Williams, and Baurzhan 2022) or situations where cost
overruns are the result of late-stage further scope changes,
technical and managerial difficulties, or external material
price changes (Love, lka, Sing, et al. 2019b). These cases do
not represent shortcomings of the method itself but rather
illustrate its sensitivity to reference class selection and data
availability. Because project environments are dynamic,
unforeseen developments may compromise the comparabil-
ity of the original reference class, thereby reducing the rele-
vance of earlier forecasts and uplifts. These practical
constraints highlight that RCF’s reliability depends on the
availability of sufficiently stable and representative data
throughout the project lifecycle.

4.2. RCF can provide a better-informed basis for the
contingency level compared to conventional inside-
view techniques

Due to the higher uncertainty in the front-end stages, a
higher risk contingency percentage (Koch 2012; Oberlender
and Trost 2001) is often applied at the earlier stages than in
the later stages (Liu et al. 2018). There are various techniques
that can be used to determine the risk contingency level,
including Monte Carlo simulation, and sensitivity analysis,
but the deterministic or conventional contingency approach
is the most used method (Allahaim, Liu, and Kong 2016; Liu,
Wehbe, and Sisovic 2010). The conventional contingency
approach adds a fixed percentage of the overall project
budget, based on the type of project and the life cycle stage,
but it does not consider component risks. Moreover, the con-
tingency percentage is often based on estimator’s experience
and hence it is argued to be particularly prone to optimism
bias and strategic misrepresentation (Allahaim, Liu, and Kong
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Source

Methods employed

Key findings

Allahaim, Liu, and Kong
(2016)

Awojobi and Jenkins
(2016)

Batselier and Vanhoucke
(2016)

Batselier and Vanhoucke
(2017)

Bayram and Al-Jibouri
(2016a)

Bayram and Al-Jibouri
(2016b)

Bayram and Al-Jibouri
(2018)

Bordley (2014)

Flyvbjerg , Hon, and Fok
(2016)

Fridgeirsson (2016)
Garbuio and Gheno
(2023)

Jenkins, Olasehinde-
Williams, and Baurzhan
(2022)

Kaiser and Snyder (2012)

Koch (2012)

Koch and Sendergaard
(2010)

Leleur et al. (2015)

A survey of infrastructure PM in Saudi Arabia,
Development of an RBC contingency estimation model
(RBCCEM).

Single-case study, the Bujagali dam in Uganda.

Single-case archival data.

Archival analysis and modelling of 23 completed
construction projects.

Single-case quantitative study using archival data from
420 Turkish public building projects to apply and
validate RCF.

Single-case quantitative study using archival data from
420 Turkish public building projects to apply and
validate RCF.

Archival analysis of 369 public building projects in Turkey
with comparative application of RCF.

Bayesian modelling study integrating RCF and statistical
simulation. Modelling is based on simulated decision
scenarios rather than observational data from real-
world projects.

Analysis of 25 roadwork projects in Hong Kong.

Archival analysis of 110 Icelandic transport infrastructure
projects using RCF with risk-based uplift modelling.

Conceptual and experimental simulation study using
synthetic project data to evaluate reference class
selection strategies.

Studied 57 World Bank-financed hydropower projects
constructed between 1975 and 2015.

Archival analysis using secondary data on US Offshore
wind capital costs.

Desk research, Case study of London Array.

Desk research, Case study of London Array.

Single-case modelling of airport construction.

The mean adjusted cost overrun percentage (as well as the variance)
using the RBCCEM approach is lower compared to that of the RCF
P50, RCF P90, and the hybrid.

RCF resulted in a more reliable cost estimate and increased the
accuracy of the cost-benefit analysis.

While the use of RCF would lower overrun likelihood, there are two
practical challenges: (1) finding a suitable reference class to
generate meaningful projections, and (2) the a priori requirement
for this extra contingency could also limit funding availability for
the project; in effect, scare off potential funding agencies.

Compared to Monte Carlo simulation and Earned Value forecasting,
RCF provides more accurate estimates to completion for sample
construction projects.

RCF only outperforms the other techniques when the degree of
similarity between the considered project and the projects in the
reference class is sufficiently high.

RCF outperforms traditional methods of forecasting EVM and Monte
Carlo Simulation on all three accuracy criteria of accuracy, stability,
and timeliness.

The study revealed improved cost forecast accuracy when using RCF.

Generally, RCF produces more accurate forecasts of the project’s final
cost based on the unit area method (carried out in the predesign
stage), while simple linear regression analysis (SLRA) and radial
basis function (RBF) produce better forecasts based on detailed
estimates (carried out in the post-design stage).

Estimates for both traditional methods Unit Area Cost (UAC) and Unit
Price Analysis (UPA) are inaccurate.

Estimates based on UPA are not better than those produced using
UAC, despite more detailed project information.

Applying the various optimism bias uplift values obtained from the
RCF method to original total project cost estimates based on
traditional methods of unit area costs (UAC), the accuracy of the
forecast of the final project is improved considerably.

The resulting Bayesian posterior forecast (combining RCF and the
model-based forecast) had lower variance (and lower forecast
error) than either the model-based forecast or the reference-class
forecast.

The analysis established and verified the statistical distribution of the
forecast accuracy against a benchmark of 863 similar projects,
supporting RCF.

There is no urgent need for the Icelandic Road Administration to
adopt RCF as its current methodology, which is based on time
series data, seems to work well enough.

Combines RCF with a new biclustering algorithm, ECrfBimax. This
approach helps design value propositions for loT devices through
a data-driven selection of initial classes.

The use of RCF reduced net losses by preventing some bad projects
from being executed. However, RCF also caused net benefits to be
forfeited by rejecting some projects with positive net present
value. Finally, RCF did not improve the economic performance of
hydropower projects financed by the World Bank.

Compares the conventional (bottom-up engineering) approach to the
RCF (top-down) approach. The lower SD in capital costs within the
reference class compared to the full sample suggests RCF is a
more accurate estimator for costs.

Forecasting can be further improved by combining RCF with inside
approaches, appreciating the socio-technical content, “taking into
account, for instance, similarity in terms of technology, geography,
nation state and operational, economic and regulatory conditions”
(Koch 2012, 618). Using this socio-technical perspective may result
in smaller, narrower reference classes.

There is a much higher probability of delivering the project on time
and budget if the budget is increased and the schedule is
extended.

RCF and a life cycle scope are needed to improve future investments
in offshore wind energy

Applied RCF in tandem with expert judgments to focus on
formulating the best possible reference pool of projects. Also
applied overconfidence theory to interpret expert judgments about
costs and demand as relating to a specific project up for
examination. The greatest challenge lies in finding a suitable,
representative database for the reference class.

(continued)
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Source

Methods employed

Key findings

Liu, Wehbe, and Sisovic
(2010)

Liu et al. (2018)

Lordan-Perret et al. (2023)

Lovallo, Clarke, and
Camerer (2012)

Natarajan (2022)

Park (2021b)

Prater, Kirytopoulos, and
Ma (2017)

Servranckx, Vanhoucke,
and Aouam (2021)

Sovacool, Nugent, and
Gilbert (2014)
Themsen (2019)

Walczak and Majchrzak
(2018)

Zangeneh and McCabe
(2022)

Zani, Adey, and Carroll
(2024)

Single case study (of the Australian Transport Authority)
with multiple road projects as embedded units of
analysis. The study uses secondary archival data.

Analysis of a planned bridge project (Hangzhou Bay
Bridge); 30 interviews.

Empirical extension of RCF applied to decommissioning
cost data from nine US nuclear power plants.

Experimental study.

Mixed-methods study using a questionnaire-based survey
with 26 Oil & Gas Project Professionals, and archival
data.

Archival analysis of 107 road, rail, and building projects
in UK and US.

Systematic quantitative literature review.

Interviews with 76 project managers and a study of 52
projects.

Archival study of 401 power plants and electrical
transmission projects in 57 countries.

Longitudinal single-case study.

Single-case application of RCF in a chemical industry
company using archival project data.

Mixed-method development of a Bayesian Network
model for cost overruns, integrating RCF and three
rounds of expert interviews and surveys.

Quantitative method development and validation using a
simulated application of adjusted RCF weights on
empirical reference data from previous studies.

The hybrid approach performs better compared to the conventional
contingency approach.

The hybrid approach has lower accuracy (mean estimation error and
variance) compared to the RBE approach.

The large variation in the project type that is used in the different
samples and the small sample size for the RBE sample could have
influenced the results.

RCF was used to suggest that the cost overrun probability
distribution fell within the guidelines of previous similar projects.
Traditional cost/benefit metrics are inadequate for assessing true
benefits from megaprojects and can skew the data accordingly.

The study showed mixed results. Traditional methods can outperform
RCF under certain conditions, especially at moderate confidence
levels, and RCF tends to perform better at higher levels of risk
exposure.

The study finds that SBF, which combines elements of RCF and case-
based decision-making, produces better forecasts than regression
models.

RCF is better than conventional forecasting. Machine learning models
trained on RCF data can significantly outperform RCF alone in
forecasting accuracy.

The study of post-project records suggests that RCF offers more
accurate estimates (for UK projects) than Monte Carlo simulation
(for US projects).

Apart from engineering projects, there has been no experimental and
statistically validated research into the effectiveness of RCF.

The accuracy of RCF increases when more project properties are
considered; however, a higher number of project properties
decreases the size of the reference classes and reduces the
reliability of the results.

Hydro and nuclear power plants had the highest cost and schedule
escalation of all projects studied. Causes of overruns are multi-
causal: both accidental (error) and strategic (misrepresentation)

RCF does not improve project cost estimation. Estimates are always
based on the relational network of human and non-human actors
who are themselves biased in their efforts to establish them.

RCF is suitable primarily for large, homogeneous project
environments where distinct, uniform groups can be established;
however, its applicability is limited in real business contexts that
usually involve a small number of heterogeneous project types.

A Hybrid method that integrates traditional RCF with Object-Oriented
Bayesian Network (OOBN)) demonstrated an improvement over
using traditional RCF means alone.

The study finds that Weighted RCF provides more accurate cost
deviation forecasts than the traditional RCF method.

2016; Liu, Wehbe, and Sisovic 2010). Estimators and planners
attempt to foresee potential issues in scenario planning but
may underestimate the probability of unfavourable events or
risks in projects (Lovallo and Kahneman 2003).

In response to limitations of RCF, alternative forecasting
approaches have been proposed to enhance the accuracy of
cost contingency estimation. Notably, RCF and RBE (Liu,
Wehbe, and Sisovic 2010) represent outside-view models
designed to validate single-point estimates and inform the
determination of appropriate contingency levels (Koch 2012;
Oberlender and Trost 2001).

However, the availability of more accurate forecasting
methods does not eliminate the need for contingency gov-
ernance. As Lovallo, Cristofaro, and Flyvbjerg (2023) argue,
while reference class data enhance forecasting accuracy, it
must be embedded within a broader strategy that resists
opportunistic use of contingencies. Similarly, Flyvbjerg, Hon,
and Fok (2016) propose a multi-layered framework for con-
tingency management, emphasizing that contingencies

should not be readily accessible, but preserved for genuine
risks as they materialize.

4.3. RCF is relatively easy to use compared to
alternative methods

RBE has been found to outperform RCF in terms of forecast-
ing accuracy, according to the only comparative study identi-
fied in the literature (Liu, Wehbe, and Sisovic 2010).
However, the evidence remains insufficient to decisively
favour RBE over RCF, particularly considering the methodo-
logical complexity and intensive data requirements RBE
imposes, constraints that are especially demanding for large
and complex projects (Allahaim, Liu, and Kong 2016). In con-
trast, RCF offers a pragmatic advantage through its ability to
link contingency levels to the statistical probability of cost
and schedule overruns (Awojobi and Jenkins 2016). This
addresses one of the most critical limitations in traditional
approaches; the lack of empirical grounding in risk



probability. Moreover, our literature review has identified
various other forecasting methods that are often combined
with RCF providing improved forecasts, including exponential
smoothing (Batselier and Vanhoucke 2017), Bayesian meth-
ods (Bordley 2014), and SBF (Lovallo, Clarke, and Camerer
2012). However, while promising, there is no concrete evi-
dence of their efficacy.

Considering the challenges with RCF in the first place,
most notably establishing a relevant reference class, combin-
ing them with other forecasting methods will exacerbate
data requirements demands. Besides data collection, the RCF
method is relatively easy to use, with a limited number of
parameters needed to perform the method (Bayram and Al-
Jibouri 2016a; Chadee et al. 2023). Moreover, RCF has shown
greater forecasting stability, because it uses one fixed con-
stant pre-project forecast throughout the entire project,
while other projects use updated forecasts based on actual
progress data (Batselier and Vanhoucke 2016).

5. Problems with RCF

Advocates for RCF have argued the necessity of applying the
“outside view” because, as Kahneman and Tversky (1979b)
noted, planners are inherently optimistic — prone to minimiz-
ing problems while exaggerating benefits — so their esti-
mates simply cannot be trusted to be accurate. Therefore,
applying a multiplier benchmarked against a large database
of similar projects (the reference class) is the only way to
generate sensible estimates of the likely cost of these proj-
ects. Based on a review of the literature noted and summar-
ized above, there are some patterns of potential problems
with the use of RCF. We suggest that these problems are
not, of themselves, fatal flaws with the theory, but rather
questions for which deeper investigation is warranted. In
summarizing these issues, we hope to offer some avenues
for additional research on this topic.

5.1. Biases are collective, often socio-political in nature,
and extremely hard to model

The arguments for bias in decision making of the sort that
Kahneman and Tversky modelled in laboratory studies
formed the basis for their promotion of the outside view and
statistical modelling to ostensibly account for and correct
these implicit flaws. Flyvbjerg’s analyses of the planning fal-
lacy and strategic misrepresentation are designed to support
these contentions by applying RCF as a post hoc smoothing,
or budget uplift that more accurately reflects the “long-
tailed” statistical probabilities of cost overruns for entire
classes of project. However, even within the studies we
examined, clear evidence for the existence of optimism bias,
particularly as a precursor to cost underestimation and bene-
fit overestimation, was mixed. While the majority of studies
found it a plausible explanation, based on evidence from
their research, others either found no evidence or, in fact,
determined that the opposite was the case; that is, evidence
of pessimism bias. Moreover, there is some suggestion that
planning fallacy explanations are deeply rooted in our
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preconceptions, as in the case of Batselier and Vanhoucke
(2016), who, while failing to find that optimism bias was
operating in their cost estimation process, simply ascribed
the alternative cause as strategic misrepresentation. In other
words, since the one cause was not found, their assumption
was that the under-performance must be due to the other -
again, without clear evidence of any causal link.

Estimates are further complicated by the existence of col-
lective estimation. Original research on optimism bias was
based on individual results in laboratory experiments. As
Love et al. (2022) have noted, for large projects, it is far
more common for teams of estimators to work together to
generate cost estimates, suggesting that optimism bias may
be less common than we assume, especially in megaprojects
or those that employ multiple people to develop estimates.
Employing an argument based on actor-network theory,
Themsen (2019, 338), suggested that cost estimation is “a
continually generated effect of the web of relations that
brings the practices about”. In his research, he undertook a
longitudinal case-study of a multi-billion Kroner Danish pub-
lic megaproject and found that, contrary to other studies,
the use of RCF did not improve the accuracy of cost esti-
mates. Themsen (2019, 337) theorized that this problem was
because, despite our best assumptions, ‘estimates are always
a relational network effect of human and nonhuman actors’
“biased” efforts to establish them’ and concluded that it is
naive to expect a debiasing technique to yield meaningful
outcomes when the estimation process itself is embedded in
politicized and subjective practices. In short, the psychology,
motivations, and interactions (intertwining) of multiple stake-
holders who can affect final project bids is extremely com-
plex and resists the over-simplification of cost estimation to
exclusively planning fallacy causes, of which optimism bias is
perhaps the best known.

5.2. It is hard to determine what is a reasonable and
attainable uplift (what project sponsors can accept)
and what quantifiable role risk mitigation plays

The compromise between “likely” overruns, according to
Flyvbjerg, and what a funding agency may be willing to pro-
vide is a critical issue. Flyvbjerg’s data across multiple project
classes supports the need for quite large uplifts. For example,
Flyvbjerg (2008) notes that for rail projects, past data indi-
cate that to achieve a 50/50 risk of cost overrun, that is, a
50% likelihood that actual costs will not exceed the estimate,
the initial cost estimate would have to be adjusted upwards
by 40%. To lower the likelihood of an overrun to 10%, clients
would have to accept a budget uplift of 68%. For public
projects, at least, the practical question to be considered is
the potential for politicians or public officials convincing the
holders of the purse strings to change, after the fact, a proj-
ect's budget from, say, $1 billion USD to $1.68 billion after
the estimate was ostensibly completed. In short, it is hard to
credit most organizations and funding units with accepting
such a massive post hoc readjustment, suggesting that some
form of widespread stakeholder negotiations is needed. So,
in the compromise between what the confidence interval
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data show and the art of the possible, would a modest uplift
of 20-30% just be the worst of both worlds - not enough to
be meaningful but a potential trigger for injecting too much
slack into the project (see Pinto 2023)?

Flyvbjerg and Gardner (2023) note that using data from
the extreme end of the distribution (what they refer to as a
“fat-tailed distribution”) is a practical impossibility, as it is
prohibitively expensive to simply add a 200% or 300% uplift
to a cost estimate, and instead suggests finding risk mitiga-
tion strategies that are designed to “cut off the fat tail” of
the distribution. By this, they are advocating for focusing on
key questions — where are the likely most expensive causes
of delays or overruns coming from and what can we do to
mitigate this risk in advance? This is reasonable advice in
theory but is heavily compromised by the challenge of deter-
mining how much (and what sort) of risk mitigation is
required and then monetizing it (assigning a value) that
allows for a concomitant shrinkage of the initial inflator fig-
ure. Salling and Banister (2010, 118) refer to a “scaling exer-
cise”, while Love et al. (2024, 209) describe RCF as a
“contingency on a contingency” or an inflator device; it
inflates costs by applying uplifts on top of existing contin-
gencies. In other words, if HM Treasury’s Green Book (2022)
suggests that risk management can lower the required per-
centage multiplier for cost estimates, it begs the follow-on
questions: how much risk mitigation is necessary, what types
are preferred (risk management and mitigation processes
come in all shapes and sizes), and how much will these
actions then accordingly adjust the uplift multiplier? That is,
risk mitigation to offset cost multiplier effects leads to some
important questions:

e Where do you stop; in other words, if a project team
knows that they need to mitigate likely risks, how many
do they address? Using Pareto’s Law, for example, can we
determine which 20% of project risk mitigation actions
will lead to an 80% decrease in uplift?

e Statistically, what does this mitigation actually look like?
Can we state with confidence that our 20% uplift is now
accurate (within a confidence interval of, say, 80%)
because we have successfully mitigated “enough” risks?
How do we know?

In short, Flyvbjerg and Gardner’s guidance makes sense
until we follow the logic to its eventual destination. It still
does not offer statistical justification for an uplift value that
includes risk mitigation. As was recently noted, “calculating
anything like a cost/benefit trade-off for adding both budget
uplift and the cost of mitigation gets very murky, very
quickly” (Pinto 2023, 6).

5.3. Identifying the actual reference class is extremely
complex and the accuracy of RCF depends on doing
it correctly

What is the reference class? One of the main challenges with
the RCF method is finding a suitable representative database
that is large enough for statistical analysis (Awojobi and

Jenkins 2016; Baerenbold 2023; Chadee et al. 2023; Leleur
et al. 2015; Liu, Wehbe, and Sisovic 2010; Liu and Napier
2010; Love et al. 2024). A large sample of similar projects
with accurate information needs to be collected. Developing
such a database takes effort and time (Garbuio and Gheno
2023; Liu and Napier 2010; Lovallo, Clarke, and Camerer
2012). If the reference class is too broadly constituted, it will
not allow for accurate comparisons, while too narrowly
selected and the resulting class would be too small to permit
statistical smoothing (Leleur et al. 2015). Batselier and
Vanhoucke (2016) found that RCF only outperforms EVM and
Monte Carlo simulation when the degree of similarity
between the project and the projects from the reference
class is sufficiently high.

Liu, Wehbe, and Sisovic (2010) further point to two other
problems that can make it hard to develop a representative
reference class. First, for project types that are relatively rare
(e.g. nuclear power plants), achieving a sample size sufficient
for statistical analysis may be unattainable. Brown, Lux, and
Cowan (2024) argue that for fusion power plants, a reference
class that contains non-fusion projects with similar novelty
and complexity as comparators must be used, given that no
fusion power plants have previously been built. Second, pri-
vate companies may be reluctant to disclose sensitive infor-
mation to competitors and government agencies. Besides,
Lovallo, Clarke, and Camerer (2012) also argue that construct-
ing the reference class requires careful and structured con-
sideration to avoid bias in the sample (e.g. selecting too few
cases or cases that are too favorable). In practice, this would
mean first identifying a large pool of projects, after which
based on specified criteria the reference class is selected.
Zarghami (2023) stresses that without a systematic way to
assess similarity, reference classes may be biased, undermin-
ing the accuracy of RCF. To mitigate this risk, they propose a
quantitative similarity measure to guide the selection of
more appropriate reference projects.

This problem leads to the challenge of creating sub-
classes that more accurately reflect the nature of historical
overruns. Thus, the data may cloak real differences within
these referent classes, rendering any post hoc smoothing
inaccurate at best, or even misleading for cost estimation. An
argument can be made that RCF and post hoc budget uplifts
are only as useful as they reflect very specific sets of projects
within the classes (Awojobi and Jenkins 2016; Leleur et al.
2015). Broad categorization simply will not work if, say, the
actual range (+/— 2 SDs) of IT project overruns is so broad
that when an average value is employed, it badly misses the
historical data for a specific set of projects within the larger
class. As Servranckx, Vanhoucke, and Aouam (2021, 1161)
noted: “An important aspect of RCF is the construction of
the different reference classes. The reference classes cannot
be too large as this might increase the diversity within the
reference classes, but they cannot be too small either
because this reduces the reliability of the results”.

Shaping future discussion of appropriate reference classes
is the recent argument of Winch (2025a). Reflecting on the
challenge of applying classification schemes to megaprojects



and referring to the use of decision support tools such as
RCF, Winch (2025a, 7) observes:

[Tlhe UK's Building Cost Information Service (https://bcis.co.uk/)
has been providing such a service for six decades, but its
applicability with any rigour depends on relatively low levels of
uniqueness of the project being evaluated. This suggests that we
need a measure of uniqueness (Shenhar and Dvir 2007;
Winch, Maytorena-Sanchez and Sergeeva 2022) to give a pretty
good sense of how unique the project being evaluated actually
is. ... Megaprojects are indeed relatively unique, even if their
promotors sometimes make them more unique than they need
to be (Winch 2025b), which is arguably another form of
uniqueness bias.

The critical point argued in the previous passage suggests
the need to consider the potential advantages of reframing
our original ideas of what constitutes a recognizable and dis-
tinct “class” of project. Is it truly the industrial classification,
such as rail infrastructure, hydroelectric dams, or Olympic
Games, or is the alternative we should consider predicated
on some combination of project type as well as the more
unique properties of structural complexity, which would
require an alternate set of variables in establishing internal
reliability and divergent validity of various project classes? At
a minimum, future research should consider reformulating
the way we arrive at our initial classification schemes to
determine their predictive utility.

5.4. It is important not to over-promise the advantages
offered by RCF

In arguing for the use of RCF as a means to employ the out-
side view, remove embedded bias, and account for planning
fallacy, it has been suggested that Flyvbjerg oversteps by
positing corrective benefits that either may not be clearly
demonstrated or for which contradictory evidence can be
found (Love et al., 2023). For example, one of the proposed
advantages of RCF is the contention that through collecting
a large data sample of past projects, it is possible to account
for uncertainty (which is assumed to have been found within
the past project histories) (Flyvbjerg and Gardner 2023).
However, this argument has been refuted as conflating risk
and uncertainty. That is, project risk involves the identifica-
tion of known risk factors for which statistical probability can
be accounted. While it may be statistically possible to quan-
tify risks based on a sufficiently large data set, uncertainty
(“unknown-unknowns”) cannot be modelled a priori, suggest-
ing that post-hoc smoothing cannot address the effect of
uncertainty on projects (Love et al. 2024; Pinto 2023).
However, several studies (e.g. Asadabadi and Zwikael 2024;
Love et al. 2023, 2024) have highlighted that RCF can be
open to manipulation, as project sponsors may intentionally
set lower initial estimates knowing that later uplifts will
increase the budget. Thus, it is necessary to consider that
even post-hoc data smoothing techniques such as RCF need
to be carefully reviewed, as those applying seemingly
“objective” devices for adjusting project estimates are them-
selves often subject to the vagaries of supporting a pre-
established position, either in favour or opposing a proposed
project investment.
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Both the benefits and challenges of RCF noted above lead
us invariably to positing some follow-on research questions.
As noted, the goal here is not to suggest that these issues
are insurmountable, but that they offer some useful avenues
for additional research on RCF. As our literature review dem-
onstrated, despite its wide-spread acceptance and use, par-
ticularly in the UK and Eurozone, studies of RCF continue to
point to some inconsistencies and competing results in vari-
ous settings, suggesting that the “jury” may still be out
regarding the efficacy of the method. In the following sec-
tion we will offer some thoughts on directions for additional
research.

6. Propositions and directions for future research

RCF is increasingly being used as a cost estimation correction
technique. Given the list of strengths and weaknesses that
we have identified, it is necessary to consider some next
steps in how we can understand and better employ the
methodology; first, by offering some directions for future
research on RCF. While not an exhaustive list, these argu-
ments allow us to frame its utility and areas where caution
may be warranted.

Proposition 1: RCF is a corrective device that is subject to
the way it is employed by its users, influenced by myriad
behavioural motivations and forces.

As some critics of RCF are quick to note, there is a philo-
sophical disconnect between the argument criticizing stand-
ard deterministic cost estimation techniques as being
influenced by planning fallacy “noise” and human bias and
their subsequent correction through other deterministic
methods (Pinto 2023). That is, if we think of the event chain
for the use of RCF, it is predicated on a series of steps that
operate as follows: (1) recognize that attempts to use some
estimation technique to create initial cost number (determin-
istic methods, usually) are subject to a variety of human
biases (Flyvbjerg 2021) that will artificially lower our initial
estimates, and (2) revert to correcting these planning fallacy
behaviours through alternative probabilistic methods (RCF)
to account for the planning fallacy behaviours that arose at
the outset. The challenge, of course, is minimizing the
impact of human behaviour (which led to the initial estimate
flaws) on our subsequent corrective actions. In effect, RCF
suggests using a calculated methodology to correct the
problems caused by people when originally employing ... a
calculated methodology! A key limitation is that many initial
estimates remain deterministic, expressed as single-point fig-
ures that fail to capture uncertainty. Moreover, because
human judgement is involved both in producing the initial
estimate and in applying the corrective RCF procedure, bias
may continue to shape outcomes even when probabilistic
adjustments are introduced.

It is important to reflect that planners, employing data to
advocate a position (e.g. supporting a new project), are
themselves subject to a variety of external pressures to
gather or promote analysis that supports a position for
which they are either personally invested or are being
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encouraged to support (Wachs 1989). In short, as Wachs
(1989) noted, planning is not just analytical; planners are
constantly trapped between two competing models of their
role: the scientist and the advocate. Or, as he suggests: “We
work in the fishbowl of politics and public-policy making.
Our agencies, employers, and clients favour particular
policies or programs for reasons that may be derived more
directly from ideology, political commitments, or economic
self-interest than from the results of analytical studies”
(Wachs 1989, 476). Researching the potential for this behav-
iour becomes a key step in verifying the efficacy of RCF. Are
the same calculations that led to the supposed initial down-
playing of costs resolved by adding this uplift, despite of
more behavioural theory (e.g. Goldratt 2017) that suggests
that once people know their initial estimates are going to be
subjected to an inflator effect, they will factor this expected
adjustment into initial estimates to create the number they
were originally aiming for? Put another way, Goldratt (2017)
and Graham (1989) would argue that human ingenuity in
the face of statistical corrections impels them to reconfigure
the initial data to generate the approximate cost (for pur-
poses of winning the bid) that was originally sought (an
argument also advanced by Wachs (1989)). While it could be
validly argued that this effect would only happen once and
then that project would become part of the reference class
for future calculations, we can see that a steady, repetitive
cycle of “adjusted” estimates would do little to improve esti-
mation accuracy through RCF, if the initial data is first modi-
fied to account for expected budget uplifts. We note also
the incentive problem that the sales manager bidding for
work will likely have a different view than the project man-
ager tasked with delivering it, further complicating the
search for meaningful numbers.

It is possible that ethical issues may also arise as a conse-
quence. This points to the need for better incentive align-
ment. RCF is more likely to be effective when combined with
accountability mechanisms that reward accurate forecasts
and discourage strategic misrepresentation (Flyvbjerg 2008).
Forcing unrealistic (but notionally ‘correct’) goals on teams
may lead to excessive stress and a corresponding drop in
performance - the exact opposite of the intention. Future
research needs to carefully weigh the manner in which initial
cost estimates are created and the role that expected RCF
adjustments might play in their creation. An adjacent and
separate, but valuable, line of enquiry might investigate how
pre-agreed “quit/kill criteria” (Duke 2022) might be added
such that projects that deviate negatively from expectations
may be terminated swiftly, freeing up resources for alterna-
tive work.

Finally, it is necessary to better understand the nature of
the relationship between RCF and risk mitigation methods.
For example, it has been suggested that it is advisable to
test the sensitivities of a BC analysis by considering a fore-
cast cost from the tail. On the other hand, Flyvbjerg and
Gardner (2023) argue that the first step to best use of
risk mitigation techniques is to “cut off the fat tail” of the
distribution to better focus on most likely disruptions. Thus,
while RCF and risk management share some common

characteristics, future research needs to better understand
the implicit relationship between risk and RCF as a corrective
device.

Proposition 2: The key to successful use of the technique
appears to be an “enhanced RCF method”.

Based on our literature review, it appears that while the
use of RCF holds promise, it demonstrates more accurate
results when combined with other cost estimation methods,
as a hybrid form. Recent methodological innovations in RCF,
including SBF, RSF, and WRCF, propose enhancements aimed
at improving forecast accuracy through a better reference
class project selection process. While these approaches, such
as weighting similar cases more heavily (Lovallo, Clarke, and
Camerer 2012), integrating scenario analysis (Salling and
Leleur 2017) or applying empirical weightings at the work-
package level (Zani and Adey 2025) are promising from a
theoretical perspective, their empirical validation remains lim-
ited. Studies reporting improved performance of RCF over
other methods are typically based on a small number of
projects or a narrowly defined scope, making it difficult to
determine whether these hybrid or enhanced models con-
sistently outperform traditional RCF models.

To advance the empirical foundation of hybrid RCF, future
research should undertake two distinct but complementary
research directions. First, a meta-analysis of (hybrid) RCF per-
formance using data from published studies should be con-
ducted. While heterogeneity in datasets, project types, and
evaluation methods poses challenges, a systematic synthesis
of reported (or calculated) performance metrics, such as
Mean Absolute Error or Mean Absolute Percentage Error can
provide valuable insights into the comparative performance
of different RCF variants.

Second, research should conduct structured benchmark-
ing studies using controlled experimental designs and
comparable performance metrics. These could include
retrospective forecasting using real-world datasets or
simulation-based experiments with synthetic project data.
Such experiments allow for a systematic comparison of RCF
variants under identical conditions, enabling researchers to
isolate model-specific effects and identify trade-offs between
accuracy, interpretability, and robustness across different
forecasting methods. Due to the limited availability of real-
world data, this approach is less feasible than approaches
using generated data.

Hybrid RCF models often include additional components,
such as Bayesian updating (Bordley 2014; Zangeneh and
McCabe 2022), expert weighting (Leleur et al. 2015), or
machine learning techniques (Natarajan 2022), which rely on
assumptions about data availability, project structure, and
risk typologies that are context specific. For example, adap-
tive Bayesian models that use real-time project data (Kim
and Reinschmidt 2011) may not be useful in settings like IT
or healthcare, where such data are harder to collect or inter-
pret. Similarly, clustering-based hybrids, which group projects
by shared characteristics (Garbuio and Gheno 2023), may not
work well when project types are very diverse or poorly
defined. These issues mean that hybrid RCF models may



perform well in one context, such as infrastructure, but
poorly in others. Future research should test how well differ-
ent hybrid RCF models work across sectors with different
project types and data environments. It is especially impor-
tant to study how the structure of each model, such as the
use of priors, data clustering, or weighting, affects its accur-
acy and usefulness in different settings.

Proposition 3: The utility of RCF will strongly depend on
the project selection process to construct a suitable refer-
ence class.

Our findings from these studies and previous theoretical
analysis show a strong link between establishing a suitable
reference class (not so broad as to result in excessive within-
group variance, nor so narrow as to restrict sufficient data
points for creating a comparative class) and the utility of RCF
as a guidance device for accurate cost adjustment. Indeed,
as we have noted, a key challenge with RCF is the establish-
ment of the comparative class (Baerenbold 2023). Future
research needs to investigate the way to optimally identify
and employ this outside view database. Even if accurate data
on previous projects can be obtained (itself a substantial
challenge), the decisions on which represent the accurate
reference class is not straightforward and will in reality
involve managerial judgement as to the relevance of each
and appropriate inclusion/exclusion criteria. The RCF concept
is far less neat in practice than in theory. Notwithstanding
different actors’ incentive problems, mentioned above,
selecting which data to draw upon will necessitate an elem-
ent of subjectivity, and this appears to be an important area
to test empirically. Given historical data, how much variability
is experienced if different managers are asked to determine
the appropriate reference class?

This also raises the question of whether organizations can
get better at using RCF to improve their estimation accuracy
through learning. This has two distinct challenges. First, can
experience of RCF over time enhance the ability to identify
the ‘correct’ reference class to use? Second, historical data
give the ‘what’, not the ‘why’ of previous outcomes. A better
understanding of the details of past work will allow more
nuanced decision-making. A large body of work on organiza-
tional learning indicates this is particularly difficult, but it is
nonetheless a valuable aspiration.

Proposition 4: Additional research is needed to support the
accuracy of claims that RCF helps projects complete within
the newly created budget (post uplift).

We have seen that prescribed uplifts to support 50% or
90% likelihoods of staying “on cost” can inflate the initial
budget substantially. This raises the spectre of situations in
which political and budgetary realities force compromise -
say, for example, an uplift of 20%. Because of the need to
find an economically feasible compromise position, does the
injection of some alternative amount simply offer the worst
of both worlds: not enough to meaningfully affect the final
cost performance but enough to inject additional slack into
the budget, leading to the potential for scope and configur-
ation control challenges, as more interested parties push for
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project enhancements? To prevent the risk that uplifted
budgets lead to inefficiency or overspending, RCF should be
implemented alongside tight contractual arrangements and
clear accountability mechanisms to maintain cost discipline
(Flyvbjerg 2008; Flyvbjerg, Glenting, and Rennest 2004). In
short, additional research needs to track not just the uplift
decision, but the dynamics of the project post-uplift, to
observe how the extra funds added to the budget affect
development. It is disingenuous to claim that with sufficient
budget uplift, a project is bound to come in closer to its
“true” cost when in fact, the opposite may be the case -
where the problem is being exacerbated by the introduction
of extra budget slack. Does it do any good? This is an impor-
tant problem, although it will likely be difficult to ascertain
given the “messiness” of the real-world environments in
which it would be evaluated. Purely internal projects are
hard enough to evaluate, but the added challenge of work-
ing with a wider supply chain provides significant extra com-
plexity to attempt to unpack. However, valuable behavioural
insights could initially be obtained with controlled experi-
ments such as classroom exercises.

Proposition 5: The variability of the methods being
employed to study RCF is both a challenge and strength of
the current state of research.

Our literature review found a widely diverse set of schol-
arly articles and research methods used in analysing the
effects of RCF as a useful cost estimation function, including
single-case studies, longitudinal assessments, maths model-
ling using a variety of techniques, and other empirical
research methods. The advantage of these multiple
approaches lies in their ability to shed light on the subject
from a variety of perspectives; however, they also complicate
our ability to offer defensible conclusions across the breadth
of the research, as these multiple methods make intra-study
comparisons (using methodologies such as meta-analysis)
quite difficult. It is not our purpose to propose a standard
for future research, which can continue to effectively assess
the efficacy of RCF from these multiple perspectives, but
instead to note that these mixed-method approaches are
both advantageous and challenging for arriving at synthesis.

Based on the findings of the SLR and propositions, the
following recommendations are proposed for practitioners:

e Train project teams to recognize cognitive biases and
develop skills in probabilistic reasoning, ensuring that RCF
results are interpreted and applied correctly without
reverting to deterministic judgments.

e Adopt probabilistic estimation methods from the outset
of project planning to avoid reliance on single-point fig-
ures and reduce subjective judgement. Ideally, replace
single-point estimates and use intervals to communicate
uncertainty to decision-makers.

e Increase accountability by separating the teams respon-
sible for producing initial estimates from those applying
RCF adjustments. An independent RCF unit can verify
underlying assumptions, apply uplifts proportionately,
and thereby maintain cost discipline while ensuring that
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adjustments improve forecast accuracy rather than inflate
budgets.

e Use independent reviews to reduce the influence of per-
sonal judgement as well as strategic misrepresentation
and ensure that RCF produces more objective and reliable
forecasts.

e Test hybrid or enhanced RCF models carefully before
adopting them widely. Running pilot studies and compar-
ing results with traditional RCF will help determine which
approaches work best for different project contexts.

e Use clear criteria for constructing reference classes, defining
inclusion and exclusion criteria based on comparable scale,
context, and governance conditions, ensuring the selected
reference class is statistically valid and comparable.

e Start developing a database of completed projects that can
be used for RCF if no such database exists. Keep this data-
base up to date and apply clear selection criteria to ensure
RCF forecasts are more accurate and reliable over time.

7. Conclusions

The use of projects for realizing a wide variety of social and
economic benefits continues to expand at a dramatic rate, as
do unfortunately, numerous examples of their poor perform-
ance through cost overruns and unrealized goals. As scholars
and public policy professionals alike struggle to identify the
causes of these poor results, they have embraced the use of
RCF as a means for correcting some of the human biases
that are assumed to cause projects to continue to fail to live
up to their promise. The purpose of this paper was to exam-
ine the current state of RCF, as it has become a widely used
method for bias correction and identifying cost underestima-
tion, to the point where its use is mandated for government
projects in many European countries. While we found sub-
stantial evidence to support the efficacy of RCF as a more
accurate means to assess the likely “true” costs of projects,
its use is not without controversy and a set of as yet unre-
solved questions remains. The popularity and future use of
this technique demands an objective reflection on what it
can and, to date, cannot offer in terms of addressing the
recurrent problem of project cost under-performance.

Our paper has shown how RCF has gradually undergone
a conceptual shift. Originally, RCF functioned as an empirical
non-parametric forecasting technique that relied on the
observed distribution of outcomes from comparable past
projects. However, recently, the method has moved to more
analytical forecasting, integrating RCF with probabilistic mod-
els (hybrid RCF models) that are used within risk frameworks.

This shift has also changed the type of concerns raised in
recent studies. Problems such as the risk of manipulating
results by adjusting baselines or applying RCF too rigidly are
mostly derived from how the method is used within risk man-
agement rather than from weaknesses in the method itself, in
other words, most current critiques focus on practical imple-
mentation or governance, not on the core logic of RCF.

The recent developments of RCF are also linked to wider
improvements in data quality and forecasting methods. As
project datasets have become more detailed and reliable,

the way RCF is applied has also matured. Early studies were
limited by small or aggregated samples, but with the avail-
ability of richer and better-structured data, researchers can
now apply RCF directly to baseline estimates and combine it
with parametric or probabilistic models. In this context, RCF
functions both as a benchmarking tool, grounded in histor-
ical evidence, and as a complement to more advanced risk
modelling, thereby strengthening the role of RCF within pro-
ject governance.

RCF is no doubt an important addition to managers’ tool-
boxes. However, any tool needs skilled use in its application,
and due care and attention is essential. Scholarly work to
date has shown its benefits as well as its challenges and limi-
tations. We have identified that there are significant opportu-
nities for further valuable research here, including the
difficulty of determining which previous projects should con-
stitute the reference class, how data should be interpreted,
and by whom, and how any budget uplift actually plays out
in practice. Issues such as incorporating the wider supply
chain further complicate the technique but offer the oppor-
tunity for valuable discussions at the estimation phase.
Further empirical work should study the practical effects and
outcome of RCF in organizations, and this can also be aug-
mented by controlled experiments to examine any variability
in managerial responses. We believe that the next steps in
the RCF journey will be enlightening and allow more take-up
of this system and, ultimately, better projects.
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