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Highlights:

e Multilateral Development Banks (MDBs) exhibit strong performance in
appraising infrastructure projects, with accurate ex-ante estimates, minimal signs
of optimism bias, and a low share of projects yielding negative returns.

e This contrasts sharply with prior empirical evidence from national governments,
where profitability shortfalls and white elephants are prevalent, often rendering
appraisal ineffective and misleading. We attribute these differences to MDBs'
institutional design, which separates appraisal from sponsor roles and mandates
ex-post revisions.

e Our results further indicate superior performance by the World Bank relative to
the Asian Development Bank, while confirming that road projects face lower

uncertainty and fewer shortfalls than other transport modes.
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Abstract

The appropriateness of using Cost-Benefit Analysis as a decision-making criterion in
transport infrastructure planning has been widely questioned due to systematic deviations
from appraisal estimates—primarily in investment costs, delivery times, and demand
forecasts—and a persistent optimism bias among evaluators that leads to projects with
negative social returns, commonly referred to as white elephants. However, there remains
relatively little empirical evidence on the extent to which social profitability is affected
by these deviations, largely because ex-post evaluations are seldom conducted. In this
study, we construct a dataset of infrastructure projects evaluated and financed by
Multilateral Development Banks (MDBs) and find that deviations remain modest relative
to other studies and evaluators. Most indicators suggest that project profitability is
unbiased and that only a relatively small proportion of projects yield negative social
returns. We argue that this outcome may be attributed to the MDBs’ internal appraisal
policies, particularly regarding project governance (with the banks acting as both
evaluators and financiers, and applicant countries serving as project sponsors and
executioners) and the mandatory implementation of ex-post evaluations, suggesting that
the optimism bias phenomenon is more related to strategic misrepresentation than to a

cognitive bias.



1. Introduction

Infrastructure investments are inherently complex and uncertain, especially regarding
realized cost, construction time, and utilization. This uncertainty does not merely add risk
to project delivery; as Worsley (2015) describes, it can also distort the ex-ante decision-
making process. When cost, schedule, or demand diverge materially from appraisal
estimates, projects that had initially been approved may, in retrospect, represent
undertakings that should have been screened out, thereby resulting in white elephants that

fail to produce sufficient social returns.

An additional concern is the well-documented optimism bias in project appraisal.! A
broad literature shows systematic tendencies toward cost overruns, delays, and benefit
shortfalls in transport infrastructure, which Flyvbjerg & Bester (2021) argue undermines
the value of Cost-Benefit Analysis (CBA) as a decision framework. In a strong form, this
critique asserts that CBA is not only ineffective but actively misleading when used to
rank projects in the presence of systematic bias. However, overturning CBA on these
grounds requires direct evidence about the central outcome variable of interest: social
profitability (i.e. increase in social welfare), which in that work is only addressed in a

very limited way, and claims that profitability is greatly overestimated in typical projects.

We argue that the relevant test is an ex-ante versus ex-post comparison of profitability
measures, not merely of input deviations (costs, execution time, traffic). Among
profitability metrics, the Economic Internal Rate of Return (EIRR) provides a common
yardstick that allows comparison across projects evaluated at different discount rates—
an unavoidable reality when compiling multi-country, multi-appraiser samples—while
also allowing the testing of both the economic or screening efficiency (the identification

of white elephants as projects with negative returns—or an EIRR below the discount

! See Mackie & Preston (1998) and the previously mentioned Worsley (2015) on the project appraisal
problématique as a whole, Flyvbjerg & Bester (2021) on the CBA fallacy, Cantarelli et al. (2010) on the
different sources for optimism bias, and Benitez et al. (2010) on strategic misrepresentation and the
conflicting interests of evaluators. As for the empirical studies on deviations, see also DfT (2021), Flyvbjerg

et al. (2002) in cost overruns or Driscoll & Nicolaisen (2014) on traffic deviations, among many others.



rate—that should have been avoided) and forecast accuracy (the magnitude and direction

of the deviation itself of the EIRR from appraisal value).?

Despite its importance, ex-post profitability literature remains scarce. We have grouped
it into three different categories: Multilateral Development Banks’ (MDBs’) studies,
national inquiries, and other works. Ex-post reviews are not systematically required or
disclosed in most jurisdictions, which constrains sample sizes and limits cumulative
learning. MDBs constitute a notable exception, as they not only recommend this policy
to other evaluators but also consistently implement it and publish the resulting reports,
forming the first category mentioned. Among these, Pohl & Mihaljek (1992) is the first
work of this type, highlighting the degree of uncertainty and documenting an existing
shortfall trend among projects financed by the World Bank. The Independent Evaluation
Group (IEG), an autonomous unit within the World Bank Group that conducts an
additional round of ex-post assessments and issues project ratings, documented a gap
between ex-ante and ex-post EIRRs for Bank-financed projects, a gap that appears to have
narrowed around the 2000s for reasons that are not fully understood (IEG, World Bank
Group, 2010). Del Bo & Florio (2010) reached similar conclusions when testing the
forecast accuracy of returns for World Bank projects, identifying a comparable gap as
well as significant differences across sectors and transport modes. More recently,
Levinson & Wang (2023) present a similar analysis of road projects financed by the Asian
Development Bank, finding that the sample exhibits a small downward deviation in the
EIRRs. Therefore, these studies suggest that MDB project appraisals might not be free of
bias, although this bias remains rather small and not systematic. However, the conclusions
that can be drawn from this literature remain limited for several reasons, including small

sample sizes and relatively brief or narrow analyses.

The second group would be the national inquiries, which comprise studies such as the

one-off AIReF (2020), an ex-post study of the Spanish High-Speed network.?> Other

2 Other indicators are deemed less reliable for the purpose of this analysis. The Net Present Value (NPV)
fails to serve as a basis for testing forecast accuracy as it is an absolute value that is unfit to properly capture
deviations and linked to a specific discount rate. The B/C ratio is linked to a discount rate as well, something
that should be avoided if possible. Besides this, most of the literature bases this type of comparison on the
EIRR, as in Del Bo & Florio (2010).

3 This study concluded that the majority of corridors within the Spanish high-speed rail network generate

negative social profitability.



national inquiries include those that cover mandatory evaluations conducted under the
permanent French LOTI (Loi d’orientation des transports intérieurs) observatory, such
as MEDDE (2021) or ITF (2017).* The British government also publishes meta-reports
that consolidate ex-post results of appraised projects, such as Highways England (2015).
These studies, although limited in number, point to a rather different picture, more in line
with the claims in Flyvbjerg & Bester (2021), showing wide profitability shortfalls and a
high prevalence of projects with negative returns, especially in high-speed rail. This is
particularly remarkable considering that the administrations evaluated through these
inquiries are those with the highest standards of transparency and accountability, and,
because of this, they probably perform better than others that are opaquer and less willing
to be evaluated, where the problématique is expected to be more harmful. We also include
here other works, such as Odeck & Kjerkreit (2019), who test a small sample of road
projects and conclude that appraisal worked fairly well for the Norwegian administration;
or de Jong et al. (2020), who review different success metrics of projects financed by the
European cohesion funds, reaching mixed conclusions. The third group consists of other
works not fitting the previous two categories and less useful for assessing the overall

convenience of CBA, mostly because they focus on evaluations of specific projects.®

The aim of this work is to assess whether the institutions for which there is abundant,
accessible, and rich ex-post profitability information (namely, the MDBs) use CBA in an
effective manner. In this regard, two related aspects previously mentioned will be tested:
first, the economic or screening efficiency of the appraisal; and second, its forecast
accuracy around the main variables. This will be tested with input data (investment costs,
delays, and traffic), but also with the EIRR, which we argue is the relevant variable to
answer these questions and lacks extensive research. To this purpose, a dataset of

transport infrastructure projects financed by the World Bank, the Asian Development

4 These two reports refer to ex-post evaluations conducted under the LOTI law. MEDDE (2021) reports
that 10 out of 13 projects exhibited a shortfall in expected profitability, with five actually registering
negative returns. ITF (2017) presents a similar analysis of the French high-speed rail lines, finding that all
six lines analyzed display profitability levels below those estimated at the appraisal stage.

5 Figure 6-21 shows how profitability shortfalls (considering the B/C Ratio) are more common than upward
deviations.

¢ See, for instance, Boardman et al. (1994), who compare ex-ante versus ex-post profitability of a highway
project and which was the first paper of this kind, or Bos & de Swart (2024), who conduct a similar

evaluation for a Dutch waterway project.



Bank (ADB), and the Inter-American Development Bank (IDB), for which ex-post

revisions were available, has been compiled.

Finally, because MDBs operate both as project appraisers and policy advisors, it is
important to assess whether their internal appraisal practice delivers the accuracy
prescribed in its guidance. Again, the appropriate criterion is profitability deviation, not
merely input deviations, because profitability aggregates cost, time, and benefit variances

into a welfare-relevant measure.

The remainder of the paper proceeds as follows: Section 2 documents the data-gathering
process and resulting dataset, including its variables and underlying assumptions; Section
3 provides descriptive analysis of deviations across input variables, including information
on investment costs, traffic, growth rates, and delays.” Section 4 analyzes profitability
results and their deviations in search of a bias, focusing on the forecasting accuracy and
the economic efficiency of the appraisal phase in these institutions. Section 5 discusses
the findings and proposes a hypothesis to explain them, while Section 6 presents some

concluding remarks.

Data

A sample of transport projects financed by the World Bank, the ADB, and the IDB, for
which an ex-post revision report had been issued between 2000 and 2024, has been
compiled. Other MDBs and institutions were investigated but ultimately not considered
due to various reasons such as limited data availability, lack of systematic revisions, or
the nature of projects themselves. The scope of data collection included transport
infrastructure projects in the specified modes (road, rail, ports and waterways, and

airports) involving physical works and reporting cost-benefit indicators or results.

2.1. Data sources, inclusion criteria and gathering

Data were drawn mainly from the ex-post revision reports of the different MDBs—

Implementation Completion and Results (ICR) Reports for the World Bank and Project

7 We place particular emphasis on delays because, although it is frequently cited in the literature, it is rarely
examined in depth. Moreover, it has a direct impact on profitability that extends beyond cost overruns, as
delays postpone the realization of benefits. To the best of our knowledge, Changali et al. (2015) is the only

study that specifically focuses on delays in infrastructure projects.



Completion Reports (PCRs) for the ADB and the IDB. These documents report
socioeconomic CBAs conducted roughly one year after project execution ends, once the
asset is operating and most uncertainty has been resolved. They are mandatory public
reports, but in some cases do not include a CBA and instead apply other evaluation
methods, depending on project type and sector. Consequently, reports without
socioeconomic profitability indicators were excluded from the sample. A further
inclusion criterion was that the project had to involve physical works typical of
infrastructure schemes, thereby excluding transport projects limited to policies, which are

less relevant to the problématique addressed.

As in any CBA, ex-post revisions aim to measure changes in social welfare through
indicators such as Economic Net Present Value (ENPV) and the Economic Internal Rate
of Return (EIRR).® These reports usually provide information on final costs, demand,
execution time, key input variables, and the financial instrument used, including loan
amounts, type, and terms. They also present basic technical project details (for example,
road length in transport projects) and compare ex-post and appraisal results, particularly

profitability indicators, which are the main focus of this analysis.

The time period was selected to provide updated data, as most cited references primarily
focus on projects from the 20" century. The number of reports before this period was
small in comparison, suggesting a loss or lack of documents. To avoid any possible

selection bias in this regard, reports issued before the year 2000 were not considered.

Changes in project scope were frequent. In some cases, major design modifications made
ex-ante and ex-post comparisons invalid. In others, spare funds were used to repair or
upgrade minor connected sections that appeared in the ICR/PCR but not in the Project
Appraisal Document (PAD), the ex-ante appraisal report. Typos and internal
inconsistencies were also found in several documents. Finally, some projects reported

profitability indicators other than the EIRR.

8 This analysis focuses on the EIRR rather than the ENPV or other indicators. The EIRR is the preferred
metric in ex-ante/ex-post comparisons—see Del Bo & Florio (2010)— as it is best suited to assessing
forecast accuracy (the relative size of profitability deviations) and economic or screening efficiency (the
detection of projects with negative returns). Unlike the NPV, it also allows comparison of projects and

appraisals that use different discount rates.



Data were collected by web scraping publicly available documents on the MDBs’
websites. Difficulties in scraping the IDB site likely contributed to the smaller IDB
sample relative to the other banks.? The resulting dataset was then reviewed and cleaned,
with particular attention to outliers (for example, EIRR values above 100%). Implausible
values were corrected when reliable information on the underlying typo or error was

available; otherwise, the corresponding observations were removed.

Limited disclosure in the reports was the main constraint, as also noted in previous
assessments such as IEG, World Bank Group (2010). This particularly affected traffic
growth rates, which receive less attention than investment, benefits, and results.
Execution periods were often omitted or only partially reported (for example, total
duration without explicit delays, or data at project but not section level). Ex-ante
information was also less frequently available, although in some cases it could be
retrieved from the PAD prepared for project approval. A default discount rate of 12% was
assumed where no value was reported; this was used only to identify projects with
negative returns.'® Whether analyses used current or constant prices was often unclear,
but could usually be inferred from modelling details and explanations. Manual checks
suggested that most projects adopted constant prices and a reference year, so results are
interpreted assuming no inflation in the economic data. Discounting was always found to

be linear and is therefore assumed to be linear for all projects, in line with usual practice.

Other documents were also used. In particular, the aforementioned PADs, which report
ex-ante CBA results, were reviewed when possible to fill missing values in the database.
Rating data were drawn from the IEG (IEG, World Bank Group, 2024). The other two
MDBs have analogous units—the Independent Evaluation Department (IED) at the ADB
and the Office of Evaluation and Oversight (OVE) at the IDB—but their methodologies
differ and are not strictly comparable, so only IEG data were used. As noted above, the
dataset shows numerous omissions, which may both reduce sample size and potentially

bias the analysis if they correlate with appraisal or ex-post results. To explore this, World

% Two applications were used: Perplexity.ai (an LLM tool, available at https:/www.perplexity.ai/ ), and

Thunderbit (a specialized scrapping tool, available at https://thunderbit.com/ ).

10.12% was the statistical mode of the social discount rate (SDR) and the default value used according to

World Bank (2005).


https://www.perplexity.ai/
https://thunderbit.com/
https://thunderbit.com/

Bank ICR data were cross-referenced with IEG ratings. Two IEG rating categories have

been analyzed to assess data quality.

- Outcome: This rating measures how well the project delivered its expected results,
based on three dimensions: relevance (alignment with country and World Bank
objectives), efficacy (achievement of objectives), and efficiency (realization of
expected profitability, via deviations in profitability indicators). Scores range
from 1 (highly unsatisfactory) to 6 (highly satisfactory).

- Bank Performance: This rating assesses how the bank selected and supervised the
project, based on two dimensions: quality at entry (rigor of appraisal and
approval) and quality of supervision (how well the bank fulfilled its oversight role
during implementation). Scores also range from 1 (highly unsatisfactory) to 6

(highly satisfactory).

Therefore, average rating values of projects with information in the variables of interest
will be compared against the average values of the overall sample of World Bank projects

to test whether there is selection bias in how information is reported by the Bank.

Lastly, one of the Worldwide Governance Indicators, available in World Bank (2025),
has been incorporated into the dataset to provide a measure of institutional quality per
country and year, which will be an aspect tested later. The chosen indicator is the average

of all “government effectiveness” indicators.

2.2. Observation unit and variables

Observational units consist of individual infrastructure sections, tranches, or units
appraised individually. In all project types, and especially in road projects, multiple
sections may be included, resulting in several observations derived from a single project

report. As a clarification, the term “scheme” will refer to both projects and observations.

Variables in the dataset include the raw variables extracted from the documents, which
as previously described, were revised and curated. The raw variables in the dataset

include:

- Basic information about the project: the publication date of the report, its title, the
report number, the project ID, the borrowing entity, relevant dates, the transport

or the financial instrument and amount among others.



- Input variables: these include the investment cost (/), execution period (#), traffic
(4ADT, ,; and also the year it refers to, i), and the traffic growth rate (8). The ex-
ante estimation and the ex-post realized figure were sought for all these variables.

- Profitability indicators: the previously mentioned EIRR and the ENPV, calculated
both at the appraisal stage and the ex-post revision.

- Underlying parameters and CBA assumptions: discount rate, shadow prices
applied, time horizon, currency of the analysis, and type of prices (current or

constant, with the reference year).

From this raw information, the variables were built according to the formulas specified
in Table 1. An apostrophe indicates the ex-post variable, while its absence refers to the
ex-ante variable. A denotes the variable variation in relative terms (calculated as a
percentage variation), except for the execution period and the ENPV, where the absolute

difference is computed.

Table 1. Variables calculated using raw data

Variable Formula
Deviation in investment costs (/) Al = [71] -1
Deviation in execution period (#) At, = (t. -t
Relative delay AV, = (t"/ tx) -1
Deviation in traffic AAADT = lAAD?;‘”l _
o
Deviation in EIRR Ao = (0,/0) -1
Deviation in ENPV AENPV = (ENPV' — ENPV)

Notes: (a) Execution period (tx) calculated in years; (b) AADT stands for “Annual
Average Daily Traffic”, a common measure; (c) The deviation in EIRR is calculated
as in Del Bo & Florio (2010); (d) The deviation in ENPV will be only used as

complement of the Ao to identify white elephants.

Variables were calculated only when all required inputs were available. As a result, most
observations could be used to describe deviations in only some of the variables of interest,

as relatively few observations contained complete information for all variables.

Intra-project correlation of ex-ante and ex-post EIRR was tested using the Intraclass

Correlation Coefficient (ICC). Observations within the same project were strongly

10



correlated, so projects with many observations could otherwise dominate the results. To
prevent this, project-level averages of the EIRR and other indicators were computed when
aggregate values were not reported, collapsing multiple observations into a single
summary measure. Subsequent analyses were therefore run at both project level (one
value per project) and observation level (all observations, but acknowledging within-

project dependence), though only the most relevant results are presented.

2.3. Resulting sample

Road projects differ significantly from other types of projects across most dimensions, a
point elaborated below. Given this distinction and the number of observations per mode,
road projects are analyzed separately, while remaining modes have been grouped under

the Rest of Modes (RoM) category, resulting in the sample described in Table 2.

Table 2. Type and number of observations in the sample

Mode Bank Projects | Useful observations Obs. with both EIRRs
World Bank 257 1,176 899
Road ADB 98 380 272
IDB 19 84 69
Roll World Bank 169 179 159
ADB 31 64 59
Total 574 1,883 1,458

Source: own elaboration based on ICR and PCR reports.

Observations from the IDB are anecdotal and limited to the road mode, which restricts
the scope of analysis and conclusions related to this bank.!! All observations include data
on at least one variable of interest; however, the majority of observations contain data on
both ex-ante and ex-post EIRR, which is the primary focus of this study. Of all World

Bank observations, 97% were matched with IEG ratings.

1 A few IDB projects in transport modes other than road were identified within the scope for this analysis.

However, the sample size was so limited that it was decided to exclude them from the analysis.

11




Table 3. Projects per country

Borrower country World ADB/IDB Total
Bank

China 59 27 86
India 22 24 46
Vietnam 8 8 16
Indonesia 6 2 8
Laos 4 6 10
Brazil 19 4 23
Peru 5 1 6
Haiti 2 2 4
Uganda 5 0 5
Albania 6 0 6
Rest of the World 290 74 364
Total 426 148 574

Source: own elaboration based on ICR and PCR reports.

As presented in Table 3, projects are geographically dispersed, with a strong

concentration in Asia, particularly in China (86 projects) and India (46 projects), which

received the most funding. However, the rest of the world together accounts for more

projects than the top ten countries combined.
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12 Projects are registered in the year the ICR report is published. That is typically one to four years after

completion.

12



As shown in Figure 1, the number of projects decreased after 2013, likely due to a shift
in focus toward other sectors, as noted in IEG, World Bank Group (2010). Among the
road project observations, 1,295 include data on road section length, totaling 197,872
km—an extent comparable to Sweden’s entire road network, which measures
approximately 195,000 km. Over the covered period, the banks approved financing
exceeding 69 billion USD for the sampled projects and disbursed more than 55 billion
USD, supplemented by additional financing from other lenders and the borrowers
themselves. The main financial instruments used were credits and loans, each accounting

for roughly 45% of the total, with grants and other instruments comprising the remainder.

. Deviations in input variables

This section is structured around the main input variables and their deviations in transport
projects, namely the commonly analyzed investment costs and traffic (as a proxy for net
benefits), together with the less explored delays. Results are presented separately for road
and RoM schemes, given the significant differences among these—that the literature
attributes to the technical simplicity of road projects compared with other modes, which

tend to be more uncertain and more prone to problems.

Conclusions are similar when the data are analyzed at project level, but project-level
histograms are more irregular because of the smaller number of units and are therefore
only discussed qualitatively. Forecasting performance also varies across MDBs, yet these
differences are hard to see in the histograms, as only the World Bank has a sample large
enough to yield smooth distributions. Consequently, input deviations are mainly
presented by distinguishing road from other modes, rather than banks, with any

bank-specific differences discussed separately.

Flyvbjerg & Bester (2021) show that, with incomplete data, reported projects tend to
outperform the population average, indicating selection bias. IEG ratings confirm a
contrasted pattern in World Bank schemes: road schemes with data on key variables
perform significantly below the portfolio average, whereas RoM schemes perform
significantly above it, implying that true road deviations are likely smaller—and RoM

deviations larger—than those observed here.

13



3.1. Cost overruns

Both roads and RoM show roughly balanced distributions of investment cost deviations
in Figure 2, with modes around —5% to +5%. However, a few large positive outliers in
the right tail push observation-level averages up to +29.5% for roads and +18.4% for
RoM, whereas project-level averages are only +10.9% and +10.6%. These outliers largely
arise in rehabilitation programs, where initially modest resurfacing works are planned but
subsequent inspections reveal much poorer asset conditions, leading to interventions that

cost several times the original estimate.

Figure 2. Distribution of investment costs deviations (road and RoM observations)
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Source: own elaboration based on ICR and PCR reports.

This similarity in cost overruns suggests that, within the MDB sample, road and RoM
projects have broadly comparable technical complexity. One likely reason is that MDB
portfolios rarely include very complex technologies, such as high-speed rail, which in
developed economies are especially prone to large cost overruns. Across both modes,

ADB-financed projects show higher average cost overruns than World Bank projects.

3.2. Delays

Execution delays are common. A few projects, mainly roads, finish ahead of schedule
(which is marked with the light grey column in Figure 3), but most exceed planned
durations. On average, RoM schemes are delayed 24.6 months and roads 21.2 months.
These extended timelines help explain part of the cost overruns, as schedule slippage is
widely identified in the literature as a major driver of escalating costs, as described by

Flyvbjerg et al. (2002).
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Figure 3. Distribution of execution delays in years (road and RoM observations)
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Source: own elaboration based on ICR and PCR reports.

Changali et al. (2015) estimated an average delay of 20 months in a wide sample of
construction projects, while Pohl & Mihaljek (1992) characterized an average delay of 4
years in their study about the World Bank. This data, therefore, builds on a very limited
body of knowledge about the distribution of delays.

3.3. Traffic deviations

While the findings regarding investment costs were mostly consistent with previous
research, the analysis of traffic deviations presents a different picture. Road observations
show an average positive deviation of +9.0%, marked with a blue line in Figure 4. Unlike
investment costs, outliers significantly elevate this average in the case of road
observations: the average value at project level is 5.1% It is also worth noting that there
are notable differences between the World Bank and the ADB, as the latter tends much

more toward traffic underestimation.

Figure 4. Distribution of traffic deviations (road and RoM observations)
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Source: own elaboration based on ICR and PCR reports.

Meanwhile, RoM reports an average positive deviation of +1.3% at the observation level

and 2.4% at the project level. This figure contrasts with what most of the literature

15



describes, although it must be emphasized that traffic deviation data are scarcer than those
on investment costs or delays, and should therefore be considered less reliable or
representative. Positive outliers have a relevant weight on the average as well. Once
again, we contend that this pattern is explained not only by higher appraisal quality but
also by the distinct nature of MDB projects compared to those in developed countries, as
well as by the tendency of these schemes to yield benefits exceeding initial expectations.
In addition, road observations show a balanced distribution, mostly centered around zero.
The RoM histogram is much more irregular due to fewer observations, with negative
deviations more than doubling positive ones, yet still resulting in a positive average due

to outliers.

Profitability shortfalls and optimism bias

A comparable assessment of ex-ante and ex-post values can also be undertaken for EIRR
estimates. Notably, this comparison—rather than those previously discussed—provides
the most meaningful test of appraisal performance. First, it enables the analysis of forecast
accuracy by focusing on profitability (i.e., increase in social welfare), the real variable of
interest. Second, the identification of white elephant projects enables an assessment of
their prevalence and the overall screening efficiency of appraisal procedures, which are
intended to exclude such cases. To identify these projects with negative returns, only the

ex-post EIRR (in conjunction with the discount rate) or the ex-post NPV is necessary.

Therefore, the aim of this section is to perform different analyses to check whether there
is an optimism bias in appraisals conducted by the MDBs studied. For this purpose, a
descriptive analysis will first be presented, followed by an econometric analysis that
delves deeper into the underlying causes of deviations. Lastly, the relationship between

input variable deviations and shortfalls in profitability is discussed.

4.1. Descriptive analysis

To begin with, Table 4 shows the proportion of schemes that registered a downward or
an upward deviation. These deviations seem to be rather balanced, although there is a

clear difference between road and RoM schemes.'® The World Bank tends to display more

13 The sum of both percentages is not 1 in some categories due to schemes with a zero deviation.

16



balanced deviations compared to the ADB. Observations appear to be more unbalanced

than projects, especially for ADB schemes.

Table 4. Percentage of schemes with downward and upward deviation
(at project and observation level)

Percentage of schemes

Percentage of schemes

Unit | Mode Bank with downward deviation | with upward deviation

World Bank 47.5% 52.5%

2 Road ADB 46.8% 53.2%

= IDB 55.6% 44.4%

S World Bank 63.8% 35.3%
RoM

ADB 56.7% 43.3%

2 World Bank 47.1% 51.2%

.2 | Road ADB 36.0% 63.2%

= IDB 47.8% 52.2%

]

8 World Bank 62.3% 37.1%
) RoM

ADB 64.4% 35.6%

Source: own elaboration based on ICR and PCR reports.

Table 5 presents in columns (1) and (2) the average ex-ante and ex-post EIRR,

respectively. Column (3) computes the difference between these two, and presents the

results of a paired t-test that was conducted on the previous average rates of return to

assess whether significant differences exist between ex-ante and ex-post profitability. The

standard error of this test is presented in column (4). This hypothesis was rejected only

for certain categories at the observation level, mainly the ADB ones, in opposite

directions. At the project level, there was no difference at any conventional significance

level.
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Table 5. Average EIRR values (at project and observation level)

Average ex-post
Average Average .
. minus ex-ante Standard
Unit | Mode | Bank ex-ante ex-post EIRR Error (4)
EIRR (1) | EIRR (2
@ @ ®-0-0

World 0 o

Bt | 35:59% 37.62% 2.02 1.96
g | Road ADB | 19.99% | 21.18% 1.18 0.77
g IDB | 25.52% 23.78% -1.74 3.63
a World | 59 940, 29.01% -0.93 2.58

RoM | Bank

ADB | 21.44% 20.55% -0.89 1.65

WOI'ld 0 0 ok ok
, B | 39-08% 42.01% 2.93 1.10
& | Road App | 2030% | 26.17% 5.87%% 0.95
S IDB | 27.77% 29.86% 2.09 1.99
2 World
Re) 0 0 -
S | roas | Bank | 2832% 27.76% 0.56 2.11

ADB | 21.63% 17.84% -3.79%* 1.71

Note: Asterisks denote statistical significance according to a two-tailed t-test at the
10, 5, and 1 percent levels, respectively. Source: own elaboration based on ICR and

PCR reports.

Table 6 quantifies the percentage of schemes that registered negative returns, first when
there was a formal way to identify them in the left column, and second, when a 12% social
discount rate (SDR) was assumed in the right column.!* Regarding screening efficiency,
observations tend to register higher percentages, implying that some of them fall into the
white elephant category but without rendering the whole project negative. As expected,
road schemes exhibit significantly fewer white elephant outcomes than other modes. This
is, to our knowledge, the first count of projects with negative returns in a large sample of

projects.!’

14 With formal way we imply when the social discount rate or the ex-post ENPV were known.
15 Levinson & Wang (2023) note that 2 projects in their dataset of 46 exhibited ex-post negative returns.
AlReF (2020) also counted 3 negative corridors out of 4 in the Spanish high-speed network, while MEDDE

(2021) counted 10 out of 13 projects, although these inquiries can hardly be compared with our exercise.
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Table 6. Prevalence of projects with negative returns,
(at project and observation level)

. Percentage of white Percentage of white elephant
Unit | Mode | Bank elephant schemes schemes, assuming 12% SDR
\g;’;f 1.69% 3.11%
g | Road ["ADB 1.06% 2.00%
2, IDB 5.56% 4.17%
“ | e \g;’;f 8.15% 8.15%
o
ADB 15.79% 13.33%
\g;’;f 3.32% 4.35%
=i
& | Road Mypp 4.12% 7.30%
S IDB 4.55% 4.55%
(0]
£ World
S | ross | Bank 7.95% 7.95%
ADB 21.13% 23.94%

Source: own elaboration based on ICR and PCR reports.

Figure 5 presents histograms of the distribution of EIRR deviations in a similar manner
as in previous section 3 on input variables. Consistent with earlier observations,
performance differs markedly between road and RoM observations. The histogram for
road observations (aggregated across all banks) displays a balanced distribution with a
positive (+13.6%) average deviation, with comparable proportions in both tails and a
higher concentration in the center. Conversely, the histogram for RoM observations is
skewed to the left, with most deviations concentrated on the downward side and a
negative (-4.2%) average deviation, indicative of optimism bias. Nonetheless, in this case,
World Bank projects demonstrate slightly better outcomes than those managed by the
ADB. Distributions do not change notably at the project level. When compared to IEG
ratings, both types of projects show average values that are higher than the World Bank
average, but RoM projects are significantly higher, while there is no significant difference

in road schemes.
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Figure 5. EIRR deviations in road and RoM projects (at the observation level)
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Source: own elaboration based on ICR and PCR reports.

The temporal dimension of indicators, as examined in IEG, World Bank Group (2010),
might also be relevant for understanding any optimism bias, so the evolution of average
figures and moving averages has been plotted by bank and mode in Figure 6.!° The
aforementioned report found that, although a gap between ex-ante and ex-post EIRRs

existed in the 1970s and 1980s, this gap narrowed in subsequent decades.

When analyzing moving averages of the series, Figure 6 shows how ex-ante and ex-post
EIRR values generally exhibit parallel trends across all cases. It is also important to note
that the narrow gap between ex-ante and ex-post values should not be attributed to
exceptional appraisal accuracy, but rather to a compensatory effect in which delays and
cost overruns are offset by underestimated traffic forecasts. As shown in Table 4, World
Bank observations tend to register higher rates of return than those of the ADB, both ex-
ante and ex-post. Another feature of the series is that they appear to have a downward
trend, which aligns in that sense with similar findings of Del Bo & Florio (2010), while
generally failing to find the gap previously found in the 20" century sample, so we
interpret that this was definitely closed by the beginning of the new century as suggested
in IEG, World Bank Group (2010). Road schemes demonstrate that ex-post averages are
regularly higher than ex-ante figures, while RoM schemes show evolutions that are

intertwined.

16 IDB projects have been omitted from this chart, as their low number of observations translated into an

erratic evolution that would hinder any interpretation.
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Figure 6. Evolution of ex-ante and ex-post average EIRR’s and their moving
averages (MA) (at the observation level)
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Note: The moving averages were calculated as the average of the current year and the

previous four years. Source: own elaboration based on ICR and PCR reports.

An optimism bias would also be noted, not in the difference between ex-ante and ex-post
EIRRs, but in the mere ex-ante EIRR itself, as values should probably group around the
social discount rate. This could signal that appraisers artificially inflate profitability in
order to secure a positive outcome and approve the project. Figure 7 presents the
histograms of the difference between the ex-ante EIRR and the social discount rate in

percentage points.

In both road and RoM projects, the ADB (see light grey in Figure 7) has a distribution
whose center (the statistical mode) lies closer to zero (left side) compared to the World
Bank (see dark grey in Figure 7). Interestingly, this difference is much greater in road
projects than in RoM, where the statistical mode falls in the second range (2 to 5
percentage points) margin. In other words, many road schemes financed by the ADB are
approved with a tight margin. However, there might be other reasons besides an optimism
bias causing these differences in the distributions, for instance, a specialization of the
ADB in projects that are not as profitable as their counterparts at the World Bank. Note

how we previously noted that ADB projects tended to register lower returns.
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Figure 7. Distribution of ex-ante EIRR margin above the social discount rate
(at the observation level)
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Source: own elaboration based on ICR and PCR reports.

The hypothesis of downward deviations being concentrated in those schemes where the
margin was smaller was checked. This would constitute a clear sign of the evaluator
artificially boosting profitability. However, when the average deviation is calculated
according to the previous categories in the histogram (distinguishing per bank and project
type, as well) in Table 7, the opposite trend is found: observations with reduced margins
tend to improve their profitability, while shortfalls are concentrated in those with wider
margins. Looking at the figures, a descending trend can be appreciated in all series. The
difference between road and RoM observations is visible as well. So, to sum up, even
though deviations should not be related to the EIRR margin (which clearly, they are),

there are no signs of evaluators inflating the profitability of projects with tight margins.!”

17 The EIRR margin is statistically significant at the 1% level when regressed over the EIRR deviation, or

when included in the regression specified in Table 9.
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Table 7. Average deviation per ex-ante EIRR margin categories, bank, and scheme
type at the observation level. Positive averages in green, negative averages in red

Road RoM
Categories WB ADB IADB WB ADB

H<x <=+2 +0.596 +0.898 +0.728 +0.134 +0.864
H2<x <=+5 +0.345 +0.426 +0.280 -0.179 +0.140
+5<x<=+8 +0.356 +0.123 +0.295 -0.090 -0.203
+8< x <= +12 +0.335 +0.127 +0.054 -0.043 -0.132
+12<x <=+16 +0.140 +0.310 -0.233 -0.046 -0.209
+16< x <= +24 +0.174 +0.077 -0.240 -0.007 -0.392
+24< x <= +36 -0.071 -0.455 0.270 0.308 -0.728

+36< x <=+50 -0.015 -0.128 -0.233 -0.387

+50< x <=+70 -0.047 0.091 -0.550

+70 <x -0.054 0.409

Note: x denotes the ex-ante EIRR (in percentage points) of each observation, and the

categories in the first column represent intervals of this ex-ante EIRR. Source: own

elaboration based on ICR and PCR reports.

This section concludes by illustrating that a certain number of projects with negative

returns should always be expected whenever there is uncertainty around input variables,

even when the profitability threshold is set above the social discount rate. To demonstrate

this, we draw on observations from the less frequently discussed IDB, which reveal a

sample that, while not appearing systematically biased, remains highly volatile.

Figure 8. Ex-ante and ex-post EIRR of road observations in the IDB
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Figure 8 presents the ex-ante and ex-post EIRR values of IDB road observations. The
dispersion suggests that a certain number of projects with negative returns should always
be anticipated, even if evaluators are unbiased, as appears to be the case. It can be seen
that in this specific case, raising the ex-ante EIRR threshold from 12% (the vertical grey
dotted line in Figure 8) to 15% (vertical red dotted line in Figure 8) would result in the
rejection of several positive projects (in yellow), but not those negative ones (in red), the
so-called white elephants. This is just an example based on the data available, but
illustrates how raising the profitability requirement usually implies the rejection of
socially positive projects while not ensuring the rejection of negative ones, with the

associated social opportunity cost this entails.

4.2. Regression and probit analysis

Table 8 presents the results of linear regressions consisting of equation ¢’ = o , where
o' is the ex-post EIRR and o is the ex-ante EIRR. The purpose of these regressions is not
formal statistical inference but rather to identify any evident bias, thereby complementing
the preceding tests. With too many observations, a dispersion chart would appear too
blurry, making a quantitative test such as this more suitable for the task. Regressions have
no intercept, so the interpretation of the beta coefficient is straightforward: a f > 1
signals an upward bias, while f < 1 shows the opposite. Regressions are specific to mode
and bank sub-samples, at project level first and then at observation level, with the
exception of the top-most overall regressions. Model fit, as measured by the R, serves as

an indicator of forecast accuracy: greater dispersion leads to a lower R°.

The results show most coefficients closely clustered around 1. Only two categories
deviate significantly from 1: ADB road observations at the 1% level and ADB RoM
observations at the 10% level. Notably, these deviations occur in opposite directions, and
no such significance appears at the project level—which provides strong evidence of no
bias in the analyzed MDBs. These results are consistent with previous figures in Table 4
and complement them, where only ADB RoM observations show a wide negative
difference in column (5). The corresponding gap can also be identified in Figure 6 in the
respective chart. On the other hand, ADB road observations show a clear upward bias,

consistent again with previous results.
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Table 8. Results of simple linear regressions (at project and observation level):
o' = Bo ,where o’ is the ex-post EIRR and o is the ex-ante EIRR

Unit | Mode Bank Beta St]“;:‘:f(f‘rrd R? N
All 0.971 0.065 | 71% | 449
World Bank | 0.943 0.071 69% | 200
£ | Road ADB 1.036 0.047 | 90% 94
5 DB 0.933 0.144 | 86% 9
2 World Bank | 1.011 0.158 | 70% | 116
koM ADB 0.940 0.074 88% 30
All 1.008 0.038 | 71% | 1466
£ World Bank | 1.001 0.043 | 72% | 899
% | Road ADB 1.184%%% 0.046 73% 272
5 IDB 1.023 0.084 | 79% 69
5 oy | World Bank | 1021 0.142 | 69% | 167
ADB 0.706* 0.123 | 72% 59

Notes: (a) Asterisks denote statistical significance according to a two-tailed t-test at
the 10, 5, and 1 percent levels, respectively. (b) Standard errors are robust to

heteroskedasticity. Source: own elaboration based on ICR and PCR reports.

The differences from the same regressions at the project level signal that ADB projects
include numerous schemes that tend to boost ex-post profitability in the case of the road
mode, while reducing it in the RoM category. In other words, ADB RoM projects tend to
include small schemes that end up registering wide profitability shortfalls, yet have little
impact on the overall profitability of the project, while the opposite occurs in road
projects. This aligns with the white elephant counts presented in Table 6, where figures

are higher at the observation level than at the project level.

Table 9 presents the results of multiple linear regressions, where the dependent variable
is first the EIRR deviation—models (1) and (2) —and then the absolute value of that
deviation— models (3) and (4). These regressions are somewhat similar to those in Pohl
& Mihaljek (1992), and to a lesser extent, Limodio (2011). This should be interpreted as
how different regressors affect profitability and contribute to volatility, or, in other words,
how forecast accuracy is affected by different aspects. Models (1) and (3) include dummy
variables for the bank and the mode, plus the amount lent or granted, the estimated

construction time, the EIRR calculated at the appraisal, and the governance index
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developed by the World Bank and presented in section 2.1.'® Models (2) and (4) include
the same variables plus the interaction between the RoM type and the ADB, which so far
has been the group of observations with the worst results and appears to have a
significantly different performance in certain tests. Note that all these variables are known

at the ex-ante phase, so in principle they could be used to improve appraisal.

Table 9. Results of multiple linear regressions of ex-post minus ex-ante EIRR (Dif)

and its absolute value (Dif abs) (at the observation level)

Dep. Variable Dif Dif_abs
Model 1) 2 A3) “)
Cons 0.522%* 0.522% 0.837%* 0.837%*
Bank
ADB -0.14%%* -0.1227* -0.172%#% -0.173%#%
IDB -0.777%* -0.777 1% -0.094 -0.094
Mode
RoM -0.155%* -0.1298 0.047 0.045
ADBxRoM -0.0927 0.006
FIAmount -0.00026**  -0.00026** -0.0003 % -0.0003 %
ECT 0.001 0.0005 0.001 0.001
ExAnte EIRR -0.007#%* -0.007 3% -0.005%* -0.005%*
WBGovGe -0.058 -0.0619 -0.099%** -0.099%**
R? 19.7% 19.8% 20.8% 20.8%
N 697

Notes: (a) Asterisks denote statistical significance according to a two-tailed t-test at
the 10, 5, and 1 percent levels, respectively. (b) The regressors include bank and mode
dummies, an interaction term between these two variables, auxiliary controls such as
the amount of financing, the estimated construction time, the ex-ante EIRR, the
governance indicator, and a constant term. (c¢) Standard errors are robust to

heteroskedasticity. Source: own elaboration based on ICR and PCR reports.

First of all, all regressions show rather low explanatory power, suggesting that project
uncertainty is poorly related to the variables included. In other words, performance and

forecast accuracy seem to depend on the idiosyncrasy of each project, if not mere

18 Other variables were also tested, such as the type of financial instrument. Similar regressions were tested

as well at project level, but explanatory power was even lower and results erratic.
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randomness. It is important to note that stronger results would enable us to anticipate

profitability changes, pointing to spurious uncertainty and an underlying bias.

Interestingly, all models share rather similar results, pointing to a relationship between
downward deviations and volatility. This means that the features that make observations
tend toward profitability shortfalls also make them less volatile, which is probably related
to the margins reported in Figure 7. As for the first two models, the results show that
ADB and IDB are significantly more prone to downward deviations than the World Bank,
especially the second one. The significantly worse performance of RoM schemes also
appears in the first regression. The other two models point out that the ADB is
significantly less volatile than the other banks, while the type of scheme and the
interaction term are not relevant. For all four models, the amount of the financing and the
ex-ante EIRR have a significant and negative effect on both the deviation and volatility.

Governance also has a significantly negative effect on volatility, but not on shortfalls.

Regarding screening efficiency, a probit model with a similar specification has been
tested, at the project and observation levels. Other specifications were also tested, such
as logit regressions, and results did not differ much from those presented here. The
dependent variable is whether the scheme registered negative returns, first formally
(referred to as WE) in models (5) and (7), and second assuming a default 12% social

discount rate when this or the NPV was not known (labelled WE[2) in models (6) and
(8).
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Table 10. Probit regressions for white elephants depending on the identification
method (at observation and project level)

Observation level Project level

Dep. Variable WE WE12 WE WE12
Model 8] (6) (@) (C))
Constant 0.122 0.275 -1.836%* -1.168
Bank
ADB -0.241 -0.2216 -0.109 -0.015
IDB 0.774 0.6237 1.855%* 1.412%*
Mode
RoM 0.275 0.1174 0.994%** 0.946%**
ADBxRoM 0.906** 0.9878** 0.598 0.365
FIAmount -0.0021%** -0.0023** -0.002 -0.002*
ECT -0.007 -0.0093 0 0.001
ExAnte EIRR -0.047%** -0.0466%** -1.831 -3.11
WBGovGe -0.054 -0.043 0.099 -0.047

R? 18.9% 18.9% 22.5% 18.6%

N 646 701 278 310

Notes: (a) Asterisks denote statistical significance according to a two-tailed t-test at
the 10, 5, and 1 percent levels, respectively. (b) WE consider observations for which
there is a formal way to identify the profitability, while WE12 assumes a 12% sdr for
those that do not have conclusive information. (¢) The regressors include bank and
mode dummies, an interaction term between these two variables, auxiliary controls
such as the amount of financing, the estimated construction time, the ex-ante EIRR,
the governance indicator, and a constant term. (d) Standard errors are robust to

heteroskedasticity. Source: own elaboration based on ICR and PCR reports.

Insights from the probit models reported in Table 10 are largely consistent with previous
findings. Results vary notably when the unit of analysis changes, although both dependent
variables exhibit similar patterns. At the aggregate level, projects financed by the IDB
and those in the RoM category are significantly more likely to yield negative outcomes.
At the observation level, a significant effect is only detected for the interaction term
associated with ADB RoM schemes. The financing amount and the ex-ante EIRR also
display a negative association with the likelihood of white elephant outcomes, but only
at this level of analysis. As before, the governance indicator and estimated construction

time do not appear to be statistically significant.
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4.3. Relationship between input and output variables

Another interesting analysis concerns how deviations from expectations in key input
variables affect social profitability. This section concludes with Table 11 showing the
correlation between input deviations and profitability. The white cells present correlations
at the observation level, while the light grey ones refer to project data. Variables included
are deviations in investment, execution time, traffic, EIRR, and whether the scheme

registered negative returns, in this order, plus the IEG ratings for World Bank schemes.

Even though most of the coefficients present the logical sign, input deviations are poorly
correlated with profitability or performance indicators. Investment and execution time
show almost no correlation with EIRR deviation or negative returns, only traffic (at the
observation level) shows a strong connection. Input variations are also poorly correlated
among them, even between investment cost and execution time, which were expected to

be highly correlated. Profitability and IEG indicators do not show correlation either.

Table 11. Correlations between input deviations, social profitability indicators,
and IEG ratings (at project and observation level)

Al At, | AAADT, | Ao WE | IEGOut. | IEGPerf.

Al 1.00 | 0.06 0.01 -0.06 | 0.03 -0.06 -0.10

At, 0.07 | 1.00 0.05 0.01 | 0.00 -0.23 -0.25
AAADT, | 0.04 | 0.03 1.00 0.12 | 0.20 0.25 0.24 "

Ao -0.12 | -0.02 0.17 1.00 | 0.16 0.17 0.06 E_),

WE -0.06 | -0.02 0.17 0.19 | 1.00 0.06 0.00 -
IEGOut. | 0.04 | -0.29 0.02 0.10 | 0.08 1.00 0.75
IEGPerf. | 0.08 | -0.24 0.06 0.06 | 0.04 0.73 1.00

Observations

Notes: (a) The variables include (in order) the deviation in investment costs, the
deviation in execution time, the deviation in traffic and the deviation in the EIRR as
specified in Table 1, together with the white elephant likelihood and the IEG ratings
for outcome and performance. (b) Cells in white refer to observations, while light

grey cells refer to projects. Source: own elaboration based on ICR and PCR reports.
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Input and output variables are connected in a complex way, as explained in Parra (2025),
and only if broad assumptions are considered.!” We believe that the disconnection
observable in Table 11 might be partially explained by this. For the same reason,
conventional regression analysis does not suit the testing of this relationship, yielding
erratic results for any model that has been tested. However, there might be other reasons
for this: First, the sample with input variable information is not representative of the
population. Second, there are other considerations not captured by input variables that
have a large impact on profitability, for instance, accidentality. Finally, there are a large

number of errors and typos in the reports analyzed.

Although the figures are likely influenced by a combination of the issues discussed above,
it seems unlikely that a large number of reporting errors are involved, given that these
documents are subject to additional review by the IEG and similar units. As for the other
two reasons, their potential effects on the results presented here remain unclear. Because
of this, we argue that these relationships (or more precisely, lack of relationships) warrant
further research, particularly before advancing claims such as those made in Flyvbjerg &

Bester (2021).

Discussion

Section 3 highlighted several notable differences between MDBs and findings from
previous research with respect to input variable forecasting. Table 12 compares the main
results of this section (reported at the project level, which we consider more representative
for this comparison) with those of Flyvbjerg & Bester (2021). The comparison reveals
substantial differences: although MDB cost estimates also tend to result in overruns, these
are considerably more limited in magnitude. With respect to traffic forecasting, average
deviations in our sample remain positive, while shortfalls are generalized in other
works.?® This pattern is especially intense in RoM projects, which are characterized by

the highest levels of uncertainty.

19 This relationship is summarized in Eq. (19) in that work.

20 For a more extensive review, see Driscoll & Nicolaisen (2014).
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Table 12. Comparison of average input deviations

Mode Source Cost Overrun | Traffic/benefit Overrun
Own analysis +10.9% +5.1%
Road
Flyvbjerg & Bester (2021) +24% -4%
RoM Own analysis +10.6% +2.4%
Rail Flyvbjerg & Bester (2021) +40% -34%

Source: own elaboration, using data from Flyvbjerg & Bester (2021).

This tendency towards traffic underestimation partially explains how profitability
remains mostly unbiased in practical terms, with ex-ante and ex-post estimates
converging and traffic deviations somehow compensating cost overruns. The other reason

is that MDBs’ distributions are more balanced and centered, at least in the RoM category.

After an extensive analysis, there are few signs of optimism bias, mostly restricted to the
RoM category, and especially ADB RoM schemes. We believe there is still room for
improvement, even for the World Bank, for which we relate its better performance to a
longer appraisal experience. However, even though it can be argued that appraisal
techniques of MDBs are still not free of bias, it is undeniable that the picture is totally
different from the one described in the previously mentioned national inquiries such as
AlIReF (2020), MEDDE (2021), or ITF (2017), or the extensively cited Flyvbjerg &
Bester (2021), whose authors argue that "a typical ex-ante benefit-cost ratio produced by
conventional methods is overestimated by approximately 50 to 200 percent". Using the
ex-ante EIRR of these projects and assuming certain basic parameters, Flyvbjerg’s
reported deviations for rail projects (-33% for benefits and +41% for investment) can be
applied within the framework presented by Parra (2025).2! When compared with the
discount rate, this yields the expected proportion of projects with negative returns
according to Flyvbjerg’s deviations: 41% for the World Bank and 60% for the ADB. In
both cases, more than half of these projects would be incorrectly identified as having
negative returns, implying that Flyvbjerg & Bester’s sample reflects substantially poorer

performance than that observed in MDB projects in this study. This approach is similar

2l The exercise considers an execution period of 5 years with no delay, a benefits growth rate of 5% with
no deviation and a time horizon of 30 years. As previously described, our RoM sample contains projects in
railways, port and waterways, and airports. However, Flyvbjerg & Bester (2021) only cover rail, whose

values have been chosen for this exercise.
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in some aspects to the simulation exercise conducted by Asplund & Eliasson (2016),

which also applies Flyvbjerg’s deviations to a real project sample.

However, we believe that our findings are not incompatible with those references. We
argue that those studies analyze projects that have been sponsored, financed, and
evaluated by the same institution, usually a national or regional ministry. This situation
gives rise to many of the incentive-related concerns described by Benitez et al. (2010),
which are largely mitigated when roles are clearly separated (as is the case with MDBs).
Without an appropriate institutional design, the CBA of infrastructure project loses its
relevance. Indeed, effective CBA requires an independent evaluation agency responsible

for rigorous assessments (De Rus & Socorro, 2017; Engel et al., 2014).

The existence of different institutions involved in the financing and the construction or
operation of transport infrastructures may also generate significant incentive problems.
When one institution (for example, a national government) promotes a project while
another institution (for example, a supranational institution) pays for it, promoters have
strong incentives to overestimate benefits, underestimate costs, and oversize capacity.
This separation between decision-makers and financiers also weakens incentives to
control costs or charge users appropriately, and it biases technology choices toward

politically attractive but inefficient options (de Rus & Socorro, 2010).

In this sense, the governance model of MDBs appears to perform considerably better than
that of other supranational institutions, such as the European Commission (EC). The
governance structure of cohesion funds shares several features with the model described
above, yet key differences seem to explain their contrasting performance. First, the EC
primarily provides funding rather than financing, which entails distinct opportunity costs
and incentive implications. Second, the EC only reviews the appraisal process, which is
conducted by the project sponsor. Third, ex-post evaluations are neither systematic nor
publicly disclosed; when they are undertaken, they rely on performance indicators rather
than a CBA approach.?? Fourth, there is no comprehensive rating system or reputation
mechanism that rewards proper performance or influences future funding applications—
only sanctions for specific infringements.?* This design shares many similarities with that

of the US Federal administration. Our hypothesis is that the discrepancies between our

22 See DG Regio (2025) for a synthesis of ex-post revisions at the European Union.

23 DG Regio (2023) describes in detail the process by which projects are chosen for funding in the EU.
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findings and those reported by AIReF (2020) and ITF (2017) can largely be attributed to
these institutional differences, as the projects in those studies were largely funded with

European cohesion funds.

MDBs typically assume responsibility for key stages of the project cycle, such as
conducting appraisals and ex-post evaluations directly, while leaving project management
to the sponsor.?* However, past performance ratings are taken into account in current
applications, operating as an effective reputation mechanism that incentivizes better cost
control and inter-institutional cooperation.> Worsley (2015) argues that mandatory
external ex-post reviews create a strong incentive for enforcing discipline on their own.
While ex-post evaluations may encourage evaluators to adopt less optimistic projections
during appraisal, they also deter project managers from allowing cost overruns lightly,
since the public exposure of such overruns can entail political consequences. Regarding
MDBs, this appears to be a trusted policy, as not only are ex-post review reports required,
but they are also audited and rated by a second team, which publishes the findings and

builds a credit score with them.

But beyond the introduction of incentives, ex-post revisions are important to generate ex-
post profitability data with which to study and understand the underlying problems. In
this regard, ex-post revisions are mandatory in only a few jurisdictions, but even these
fall short of the revision systems operated by MDBs. As Gémez-Lobo (2012) described,
countries such as Chile evaluate only a limited sample of projects. The ITF (2017) notes
that other countries, such as the UK, have legislated this commitment but do not comply
with it, citing a lack of funding. In any case, analyses of appraisal efficiency and accuracy
should not be based on the availability of data and samples that are likely biased. Finally,
we shall note a rather obvious aspect, and that is that in order to fully benefit from this

policy, ex-post revisions need to be not only conducted, but also systematically published.

24 For example, see World Bank (2023) for the appraisal and financing process at the WB.

2 In procurement, a reputation mechanism is a governance tool that uses past performance data to
incentivize suppliers to deliver high quality and punish delays and cost overruns. It operates in repeated
auctions by rewarding good performers—often via bid subsidies, preferential scoring, or continued
eligibility—while sanctioning poor ones through exclusion or penalties, fostering self-sustaining
commitments. Even though the main purpose and context are slightly different, credit score and reputation
mechanisms have a similar incentive effect on the agent linking past performance with present utility. For

an extended review on reputation mechanisms, see Dellarocas et al. (2006).
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To sum up, our hypothesis is that the superior forecast accuracy and economic efficiency
of MDBs’ appraisal techniques are a consequence of two internal and related policies: the
separation of roles between sponsor and appraiser, and the ex-post evaluation
requirement. Based on this, we argue that there is no structural bias in the projects
analyzed, there is no methodological flaw inherent to CBAs, and that any bias other
evaluators might have should be ascribed to strategic misrepresentation resulting from
conflicting incentives. In other words, CBA cannot be disregarded in a general form, as
bad results arise only when it is utilized in a context of bad incentives and bad governance.

When these are properly taken care of, results are mostly positive and unbiased.

Implications and policy recommendations follow immediately. Governments should
copy these best practices of MDBs to the extent they can, separating the evaluation role
(and probably the financing as well) from the planning role of the sponsor, for instance,
via an independent agency; and properly regulating ex-post revisions so they are
systematically conducted and made available to the public.?® Supranational institutions
such as the EU should also move towards this governance design, taking an active role in
appraisal, establishing a systematic and public ex-post revision based on CBA
methodologies for all projects appraised, and developing some sort of reputation

mechanism to penalize deviations.

Our results also cast doubts on the effectiveness of other policies aimed at addressing
optimism bias without changing the governance design and incentives of parties, such as
the uplifts used by the British administration established in the TAG framework.?” As far
as we know, the MDBs assessed do not use uplifts other than the usual contingencies in
budgeting. Uplifts are unlikely to correct optimism bias when the source of the bias is
strategic misrepresentation rather than estimation error. When forecasts are deliberately
distorted to increase the likelihood of project selection, ex-post corrections such as uplifts
do not change the incentives faced by project proponents and therefore cannot prevent

systematic bias in project appraisal. Evidence presented in Highways England (2015)

26 ITF (2021) explains how different countries have implemented independent bodies. Infrastructure
Australia is the main reference in this aspect, due to its antiquity and active role in appraisal and ex-post
revisions.

27 See Flyvbjerg (2008) on reference class forecasting applied to project appraisal, which is the theoretical
basis of the uplifts applied in the British methodology as described in DfT (2021).
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seems to support this hypothesis, although this has not been properly tested and
established.

Finally, it is important to stress once again that any improvement in appraisal, as we
believe these policies could yield, results in major welfare gains, as avoiding expensive
white elephant projects via a better selection process necessarily results in large savings

of taxpayers’ money.

Conclusions

In this chapter, we have conducted the first comparison of CBA project appraisal results
between several appraisers. Using ex-ante and ex-post data, we have assessed the
forecasting accuracy and screening efficiency of three MDBs—the World Bank, the

ADB, and the IDB. Based on this analysis, our results can be summarized as follows:

e MDBs are more conservative and accurate when forecasting input variables than
other appraisers.

e Appraisal of road projects is less uncertain than with other modes, in line with
previous research.

e Some bias signals remain, especially in RoM schemes.

e The World Bank is more accurate and efficient than the ADB in choosing projects.

o  White elephant prevalence ranges from 3% to 25% of the schemes, depending on
the bank, mode, and calculation method.

e MDBs make use of CBA in a mostly effective manner, significantly better than

other appraisers.

Based on this last point, our main hypothesis is that, while CBA remains a powerful tool
for selecting socially desirable projects, its effectiveness is highly contingent on
institutional design and governance arrangements. In other words, our results suggest that
optimism bias is primarily a strategic misrepresentation issue derived from bad
governance designs rather than a cognitive bias or a methodological flaw. If similar
policies and designs to those implemented by MDBs were adopted by other evaluators,
such as national governments or the EU, it would be reasonable to expect improved
appraisal accuracy and reduced optimism bias in infrastructure project evaluations. This,
in turn, could help prevent the approval of further white elephant projects and promote a

more efficient allocation of public resources.
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However, these propositions require empirical validation. In particular, establishing a
causal relationship between internal appraisal policies and appraisal performance remains
an open question. This is why we argue that ex-post evaluation and revision policies are
crucial—not only as accountability mechanisms, but also as a key source of data for
rigorous empirical analysis. A systematic comparison between MDBs and national
governments would be necessary to test these hypotheses and could represent a promising

avenue for future research.
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