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Abstract
Researchers have improved travel demand forecasting methods in recent decades but 
invested relatively little to understand their accuracy. A major barrier has been the lack 
of necessary data. We compiled the largest known database of traffic forecast accuracy, 
composed of forecast traffic, post-opening counts and project attributes for 1291 road pro-
jects in the United States and Europe. We compared measured versus forecast traffic and 
identified the factors associated with accuracy. We found measured traffic is on average 
6% lower than forecast volumes, with a mean absolute deviation of 17% from the fore-
cast. Higher volume roads, higher functional classes, shorter time spans, and the use of 
travel models all improved accuracy. Unemployment rates also affected accuracy—traffic 
would be 1% greater than forecast on average, rather than 6% lower, if we adjust for higher 
unemployment during the post-recession years (2008 to 2014). Forecast accuracy was not 
consistent over time: more recent forecasts were more accurate, and the mean deviation 
changed direction. Traffic on projects that opened from the 1980s through early 2000s was 
higher on average than forecast, while traffic on more recent projects was lower on average 
than forecast. This research provides insight into the degree of confidence that planners and 
policy makers can expect from traffic forecasts and suggests that we should view forecasts 
as a range of possible outcomes rather than a single expected outcome.

Keywords Forecast accuracy · Traffic forecasting · Travel demand modeling · Induced 
demand

Introduction

In his review of the 50-year history of travel forecasting, Hartgen (2013) said, “The greatest 
knowledge gap in US travel demand modeling is the unknown accuracy of US urban road 
traffic forecasts.” Researchers have improved travel demand forecasting methods in recent 
decades but invested relatively little in understanding their accuracy. This underinvestment 
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is unfortunate because accurate forecasts improve decisions about the evaluation, selection 
and design of transportation projects.

The absence of data has been the major barrier to the study of travel forecast accu-
racy (Nicolaisen and Driscoll 2014). This deficiency arose because accumulating the data 
needed for retrospective analysis requires proactive planning. The responsible agencies do 
not commonly preserve and archive forecasts, and so often lose these data. Long project 
development cycles and staff attrition make recovering this information cumbersome.

In National Cooperative Highway Research Program Project 08-110, we assembled 
those data, compiling a database of forecast traffic and post-opening traffic counts for 1291 
road projects in six states in the United States (US) and four European countries. This 
resulted in the largest known database of forecast accuracy. We used those data to assess 
the accuracy of the forecasts, and identify the factors related to better or worse accuracy. 
The data points span from 1960 to 2017 and do not consider the effects of reduced travel 
due to COVID-19.

The final report from that project, NCHRP Report 934 (Erhardt et al. 2020), contains 
detailed descriptions of the data cleaning and exploration, several case studies identifying 
the causes of inaccuracy, and recommendations for improving practice. This paper rep-
resents a distinct and independent extension of the NCHRP study. In addition to summa-
rizing key findings for the readers of Transportation, we extend the analysis here to con-
sider how and why forecast accuracy changes over time, to examine the effect of the Great 
Recession on forecast accuracy, and to place our work more clearly in the context of the 
academic literature.

Literature review

Most past studies of travel demand forecast accuracy focused on transit capital projects 
and toll roads. We review these briefly before turning our attention to toll-free road pro-
jects, which were the focus of this study, and considering past explanations for forecast 
inaccuracy.

Ridership on major transit projects often fell short of forecasts, with observed ridership 
16 to 44% less than forecast on average (Webber 1976; Pickrell 1989; Kain 1990; Button 
et al. 2010; Nicolaisen and Driscoll 2014; Schmitt 2016). The Federal Transit Administra-
tion (FTA) found that transit forecasts became more accurate over time, and analysts attrib-
uted that improvement to better scrutiny of travel forecasts and improved analytical tools 
(Spielberg et al. 2003; Lewis-Workman et al. 2008). Furthermore, Voulgaris (2019) noted 
that this inaccuracy improved by 2% every year.

Like transit projects, the post-opening traffic on toll roads was lower on average than 
forecast. Counted toll road traffic was an average of 23% less than forecast in a global sam-
ple (Bain and Polakovic 2005; Bain 2009), 45% lower in an Australian sample (Li and 
Hensher 2010), and opening-year revenue was 41% less than forecast on a sample of 26 toll 
roads in the US (Kriger et al. 2006).

In contrast to transit and toll roads, most studies found that post-opening traffic on free 
roads was 3–11% higher on average than forecast (Nicolaisen and Driscoll 2014). The most 
diverse samples were a study of 183 large road projects (both tolled and free) in 14 countries 
that found counted traffic was an average of 9.5% higher than forecast (Flyvbjerg et al. 2005), 
and a study of 146 road projects in Denmark, Norway, Sweden and the United Kingdom (UK) 
that found counted traffic was on average 11% higher than forecast (Nicolaisen 2012). Most 
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other studies of road forecast accuracy analyzed a single state or country. Welde and Odeck 
(2011) found counted traffic on Norwegian road projects 19% higher than forecast. Parthasar-
athi and Levinson (2010) examined the accuracy of traffic forecasts for one city in Minne-
sota and found forecasts underestimating counted traffic, especially for high volume roads. 
Buck and Sillence (2014) evaluated 131 forecasts in Wisconsin and determined that the mean 
absolute percent difference between forecast and counted traffic was 16%. Giaimo and Byram 
(2013) analyzed over 2000 traffic forecasts for road segments in Ohio produced between 2000 
and 2012 and found that counts were slightly lower than forecast, but the difference was within 
the standard error of traffic count data. In contrast to most studies, Miller et al. (2016) reported 
that counts were lower than forecast, with a median percent error of 31% for 39 road projects 
in Virginia. While the average difference for free roads was in the opposite direction to and 
smaller in magnitude than for transit and toll roads, each study of the topic showed substantial 
forecast inaccuracies.

Studies have identified several factors as potential sources of forecast errors, including inac-
curate forecasts of travel model inputs, model specifications, operational changes, construc-
tion delays and land use changes (Flyvbjerg 2007; van Wee 2007; Parthasarathi and Levin-
son 2010; Hartgen 2013). In addition to technical limitations, average toll and transit volumes 
could be lower than forecast because of cognitive biases (Duru 2014), “strategic misrepresen-
tation” (Flyvbjerg 2007), or selection bias where transportation agencies are more likely to 
fund and build proposed projects with higher forecast demand (Eliasson and Fosgerau 2013). 
We might expect these same factors to cause all types of travel demand to be less than fore-
cast, but several past studies showed toll-free road traffic was on average higher than fore-
cast instead (Flyvbjerg et al. 2005; Parthasarathi and Levinson 2010; Welde and Odeck 2011; 
Nicolaisen 2012; Nicolaisen and Driscoll 2014). One possible reason is that, at least in the 
United States, many road projects are funded through formula-based grants to the states, so 
a demand forecast may have less effect on whether a specific road project is funded. Another 
reason may be that road project appraisal often focuses on congestion relief, but travel demand 
models that do not adequately capture induced traffic demand may produce erroneous fore-
casts for such projects (Næss et al. 2012; Antoniou et al. 2011; Volker et al. 2020). If a forecast 
were to project too little traffic, it would also project too little congestion and may therefore 
overestimate the benefits (Næss et al. 2012).

Identifying the causal mechanisms for inaccuracy has been challenging for even the most 
robust studies (Nicolaisen and Driscoll 2014), often due to the lack of necessary data. For 
example, Anam et al. (2020) found that measured factors could only explain a quarter of the 
variation between forecasts and counts. In this study, we compiled and analyzed data that were 
not previously available as a contribution to the effort.

Methods and data

Many others have conducted case studies of particular projects, but this paper presents a statis-
tical analysis of a large sample of projects, and therefore constitutes a large-N study (Flyvbjerg 
et al. 2005). Large-N analysis aims to determine how close the forecasts are to observed vol-
umes (Miller et al. 2016). Consistent with Flyvbjerg et al. (2006) and others, we expressed the 
percent difference in counted traffic from the forecast as:

(1)PDF =
Count − Forecast Volume

Forecast Volume
∗ 100%
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where PDF is the percent difference from forecast. Negative values indicate that the 
counted volume was lower than the forecast, and positive values indicate the counted vol-
ume was higher than the forecast. It expresses the deviation relative to the forecast, so pro-
vides meaningful information when making a forecast. While some authors refer to this 
expression as Percent Error (PE), we prefer the PDF terminology because it makes the 
directionality clear.

Whereas PDF measures accuracy for a single project, we are interested in measuring 
accuracy across a sample of projects. Accuracy is comprised of trueness (lack of bias) and 
precision, as Fig. 1 illustrates (Collaboration for Nondestructive Testing n.d.). In the con-
text of scientific measurement, trueness is the agreement between the average of a large 
series of measurements and the true value, and precision is the agreement between repeated 
measurements of the same quantity (ISO 5725-1 1994). These terms do not explain why an 
outcome occurred: an error does not imply a mistake, and bias does not imply a lack of 
objectivity.

Several differences arose when we translated these terms into the context of traffic fore-
casting. A simple rendition would take the post-opening traffic count as representative of 
the true value and the forecast as a measurement. However, a count is itself a measurement 
subject to substantial error from temporal variation and traffic mix (Ismart 1990; Horowitz 
et al. 2014). A forecast, on the other hand, is distinct from a measurement because of the 
time between making a forecast and observing an outcome. In addition, we rarely have 
repeated traffic forecasts for the same road project, so could not measure precision through 
repeated measurements. Nonetheless, distinguishing between the components of accuracy 
is useful. Instead of trueness, we reported the mean and median PDF as measures of the 
overall deviation. Instead of precision, we reported half the difference between the 5th and 
95th percentiles as a measure of the spread of outcomes after adjusting for the average 
deviation. We separately reported the mean absolute PDF (MAPDF) as a measure of the 
general accuracy.

We compiled a database containing forecast information from six participating states 
(Florida, Michigan, Minnesota, Ohio, Massachusetts and Wisconsin) and four European 
countries (Denmark, Sweden, Norway and the United Kingdom). The sources included 
Department of Transportation (DOT) databases, project forecast reports and/or traf-
fic/environmental impact statements as well as databases from other published studies 

Fig. 1  Accuracy and uncertainty 
terminology (Collaboration for 
Nondestructive Testing n.d.)
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(Parthasarathi and Levinson 2010; Nicolaisen 2012; Giaimo and Byram 2013; Buck and 
Sillence 2014; Marlin Engineering 2015; Miller et al. 2016). The database includes infor-
mation on each project (unique project ID, improvement type, facility type, location), 
forecast (forecast horizon year, methodology etc.) and the post-opening traffic count 
information. The data contain a diversity of projects, including new roads, road widen-
ings, interchange reconstructions, safety and operational improvements and pavement 
resurfacings.

In total, the database contains reports for 2611 unique projects, and for 16,697 road 
segments that comprise those projects. Some of the projects had not yet opened; some of 
the segments did not have traffic count data associated with them, and others did not pass 
the quality control checks for inclusion in statistical analysis. While we retained all records 
for future use, we based our analysis on a subset of 1291 projects and 3912 segments, as 
Table  1 shows. Most participating agencies compiled the data retrospectively. For some 
jurisdictions, we only have data for a few projects, and those projects tend to be larger in 
scope and therefore better documented. In contrast, for Agency E, we have data for nearly 
every forecast made starting in the early 2000s, comprising 44% of our sample. (Because 
their management directed them to clean their office, staff from this agency also provided 
about two dozen boxes of paper records for these projects. We organized and digitized the 
basic attributes of these projects and included them in our database.)

As Flyvbjerg (2005) recommends, we evaluated opening-year conditions. We defined 
the opening-year as the first post-opening year with traffic count data available. If we had 
multiple forecasts for a single project (such as opening-year and design-year forecasts, usu-
ally 20 years after project opening), we used the forecast closest to the opening-year. To 
make the comparison in the same year, we held the counts constant and scaled the forecast 
to the year of the count using the growth rate implied by opening and design year forecasts, 
and a standard growth rate of 1.5% if they were unavailable.

Projects did not always open in the year anticipated. This happened if a project was 
delayed, if a forecast was for an alternative design that was not built, or if funding priorities 
changed. We usually knew when delays occurred for large projects. For smaller projects we 

Table 1  Summary of available data

Jurisdiction All projects Open projects with required data

Number of seg-
ments

Number of unique 
projects

Number of seg-
ments

Number 
of unique 
projects

Agency A 1123 385 425 381
Agency B 12 1 12 1
Agency C 38 7 6 3
Agency D 2176 103 1292 99
Agency E 12,413 1863 1242 562
Agency F 463 132 463 132
Agency G 225 73 225 61
Agency H 23 23 23 13
Agency I 21 10 21 10
Agency J 203 36 203 29
Total segments 16,697 2611 3912 1291
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could not always determine when and if construction finished because DOTs do not neces-
sarily link forecast records to construction records. Where we could not verify the project 
completion date (for 488 projects out of the 1291 in our analysis), we assumed that main-
tenance, minor construction or low risk projects were completed within 1 year of planned 
opening, and that major construction projects took 2 years beyond that. This assumption 
reduced the risk of including counts collected prior to the project opening. Because most 
projects took place on existing facilities, pre-opening counts are often available but may be 
affected by construction activity.

When comparing forecasts and counts, we compared the average daily traffic (ADT), 
although its exact definition depended upon the source. Some agencies provided data as 
average annual daily traffic (AADT), some as average weekday daily traffic (AWDT), and 
some as typical weekday traffic, which usually was for non-holiday weeks with school in 
session. The units were not always clear in the data, so they may vary between agencies, 
but we assumed consistency between forecasts and counts within an agency.

Often, the forecasts included estimates of traffic on multiple road segments. These esti-
mates were likely correlated, such as for different directions of flow on the same road or for 
two road segments aligned end-to-end. Rather than retain separate observations for each 
segment, we aggregated them to a single project-level observation by averaging the fore-
cast and observed traffic volume for all segments with available forecast and count data.

In addition to the forecast and counted traffic volumes, we compiled the attributes for 
each project as Table 2 shows. Not all attributes were available for every project, usually 
because those data were not recorded when the forecast was made. 

Table  2 also indicates the percent of projects with each attribute available. Differ-
ent agencies also have different practices for recording attributes such as functional 
class, improvement type and forecast method, so we mapped those attributes to common 
categories.

We compiled these data based on their availability and they do not represent a random 
sample of transportation projects. We analyzed projects opening between 1970 and 2017, 
with about 90% opening in 2003 or later. We do not have details about the nature and scale 
of some projects, but earlier projects were often major infrastructure capital investment 
projects and later projects were often routine resurfacing projects on existing roadways. 
This trait of the database occurs because some state agencies began routine tracking of all 
forecasts only within the past 10 to 15 years and, in earlier years, retained only information 
for major investments. Similarly, the type of project, the methods used, and the specific 
data recorded all differ because of the practices of the agencies providing the data.

Results and discussion

Figure 2 shows the overall PDF distribution, replicated here from NCHRP 934 (Erhardt 
et al. 2020) with permission from TRB, which reveals that counted traffic was lower than 
forecast on average. About 68.5% of projects had traffic lower than forecast. The mean PDF 
was − 5.6% and the mean absolute PDF was 17.3%. The 5th percentile PDF was − 37.6% 
and the 95th percentile PDF was + 36.9%. The average difference was opposite in direction 
from the results of most previous studies of toll-free road traffic forecasts. This difference 
reflects the composition of the sampled projects, whether by location, type of project, year, 
or some other factor. We explore how the accuracy relates to such factors in the rest of this 
section.



451Transportation (2022) 49:445–466 

1 3

Ta
bl

e 
2 

 D
at

a 
fie

ld
s

Va
ria

bl
e 

na
m

e
D

es
cr

ip
tio

n
Pe

rc
en

t 
av

ai
la

bl
e 

(%
)

Fo
re

ca
st

Fo
re

ca
st 

da
ily

 tr
affi

c
10

0
C

ou
nt

C
ou

nt
ed

 d
ai

ly
 tr

affi
c

10
0

A
ge

nc
y 

ty
pe

W
he

th
er

 th
e 

fo
re

ca
sti

ng
 a

ge
nc

y 
is

 a
 S

ta
te

 D
O

T,
 M

PO
 o

r c
on

su
lta

nt
56

A
ge

nc
y

G
eo

gr
ap

hi
c 

lo
ca

tio
n 

of
 p

ro
je

ct
 b

y 
St

at
e/

C
ou

nt
ry

10
0

Fu
nc

tio
na

l c
la

ss
FH

W
A

 sp
ec

ifi
ed

 fu
nc

tio
na

l c
la

ss
ifi

ca
tio

n 
of

 th
e 

ro
ad

w
ay

72
A

re
a 

ty
pe

Th
e 

ar
ea

 ty
pe

 w
he

re
 th

e 
fa

ci
lit

y 
lie

s:
 R

ur
al

, M
os

tly
 R

ur
al

, U
rb

an
 a

nd
 U

nk
no

w
n 

ar
ea

 ty
pe

s a
cc

or
di

ng
 to

 U
S 

C
en

su
s B

ur
ea

u’
s d

efi
ni

tio
n 

of
 U

rb
an

 a
nd

 R
ur

al
 a

re
as

. T
he

 B
ur

ea
u 

de
fin

es
 u

rb
an

 a
re

as
 a

s a
 te

rr
ito

ry
 th

at
 h

as
 a

t 
le

as
t 2

50
0 

pe
op

le
. T

he
 p

er
ce

nt
ag

e 
of

 p
eo

pl
e 

liv
in

g 
in

 ru
ra

l a
re

as
 in

 a
 c

ou
nt

y 
de

te
rm

in
es

 w
he

th
er

 th
e 

co
un

ty
 is

 
ru

ra
l (

10
0%

), 
m

os
tly

 ru
ra

l (
50

–9
9%

) o
r u

rb
an

 (<
 50

%
)

91

C
ou

nt
y 

po
pu

la
tio

n 
gr

ow
th

Pe
rc

en
t c

ha
ng

e 
in

 p
op

ul
at

io
n 

be
tw

ee
n 

st
ar

t y
ea

r a
nd

 fo
re

ca
st 

ye
ar

. S
ta

bl
e 

co
un

tie
s a

re
 d

efi
ne

d 
as

 h
av

in
g 

gr
ow

th
 

ra
te

 b
et

w
ee

n 
−

 1
 a

nd
 1

%
, d

ec
lin

in
g 

co
un

tie
s h

av
e 

gr
ea

te
r t

ha
n 

1%
 d

ec
re

as
e 

an
d 

gr
ow

in
g 

co
un

tie
s h

av
e 

gr
ea

te
r 

th
an

 1
%

 in
cr

ea
se

 in
 p

op
ul

at
io

n

73

Im
pr

ov
em

en
t t

yp
e

Ty
pe

 o
f p

ro
je

ct
: i

m
pr

ov
em

en
t o

n 
an

 e
xi

sti
ng

 ro
ad

w
ay

, n
ew

 c
on

str
uc

tio
n 

pr
oj

ec
t

72
Fo

re
ca

st 
m

et
ho

d
M

et
ho

do
lo

gy
 fo

r f
or

ec
as

tin
g:

 u
si

ng
 tr

av
el

 d
em

an
d 

m
od

el
, p

op
ul

at
io

n 
gr

ow
th

 ra
te

, t
ra

ffi
c 

co
un

t t
re

nd
, p

ro
fe

s-
si

on
al

 ju
dg

em
en

t
48

St
ar

t y
ea

r
Th

e 
ye

ar
 w

he
n 

fo
re

ca
st 

w
as

 p
ro

du
ce

d
10

0
Fo

re
ca

st 
ye

ar
Th

e 
fo

re
ca

st 
ho

riz
on

 y
ea

r. 
So

m
et

im
es

 o
ur

 d
at

a 
in

cl
ud

e 
bo

th
 o

pe
ni

ng
-y

ea
r a

nd
 d

es
ig

n-
ye

ar
 fo

re
ca

sts
 fo

r t
he

 sa
m

e 
pr

oj
ec

t, 
bu

t w
e 

lim
it 

ou
r a

na
ly

si
s t

o 
op

en
in

g-
ye

ar
 c

on
di

tio
ns

10
0

O
pe

ni
ng

 y
ea

r
Th

e 
ea

rli
es

t y
ea

r a
fte

r p
ro

je
ct

 o
pe

ni
ng

 th
at

 tr
affi

c 
co

un
t d

at
a 

ar
e 

av
ai

la
bl

e
10

0
Fo

re
ca

st 
ho

riz
on

 o
r t

im
e 

sp
an

N
um

be
r o

f y
ea

rs
 b

et
w

ee
n 

st
ar

t y
ea

r a
nd

 o
pe

ni
ng

 y
ea

r
10

0
U

ne
m

pl
oy

m
en

t r
at

e 
in

 th
e 

st
ar

t y
ea

r
C

ou
nt

y 
le

ve
l u

ne
m

pl
oy

m
en

t r
at

e 
in

 th
e 

st
ar

t y
ea

r, 
ob

ta
in

ed
 fr

om
 th

e 
B

ur
ea

u 
of

 L
ab

or
 S

ta
tis

tic
s. 

Fo
r E

ur
op

ea
n 

pr
oj

ec
ts

, t
he

 n
at

io
na

l u
ne

m
pl

oy
m

en
t r

at
e 

w
as

 o
bt

ai
ne

d 
fro

m
 th

e 
W

or
ld

 B
an

k 
hi

sto
ric

al
 u

ne
m

pl
oy

m
en

t r
at

e 
da

ta

10
0

U
ne

m
pl

oy
m

en
t r

at
e 

in
 th

e 
op

en
in

g 
ye

ar
C

ou
nt

y 
le

ve
l u

ne
m

pl
oy

m
en

t r
at

e 
in

 th
e 

pr
oj

ec
t o

pe
ni

ng
 y

ea
r

10
0



452 Transportation (2022) 49:445–466

1 3

NCHRP Report 255 (Pedersen and Samdahl 1982) provided recommendations on the 
maximum desirable deviation of a traffic assignment model from base year traffic counts. 
According to this guidance, assignment deviation should not result in a design deviation 
of more than one highway travel lane. NCHRP Report 765 described this as the “half-lane 
rule” and extended it by considering the approximate error in traffic counts, in the expec-
tation that an assignment model would not reasonably have less error than traffic counts 
(Horowitz et al. 2014). In Fig. 3, we plotted the absolute PDF against the forecast volume, 
and overlaid the maximum desirable deviation and expected deviation of traffic counts. We 

Fig. 2  Distribution of percent difference from forecast (Erhardt et al. 2020)

Fig. 3  Absolute percent difference from forecast as a function of forecast volume
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found that 83.8% of forecasts fell within the maximum desirable deviation, and 46.5% of 
forecasts had less deviation than expected of traffic counts.

To more explicitly test forecasts against the half-lane rule, we calculated the number of 
lanes required for forecast traffic and counted traffic on each road segment, assuming the 
same Level of Service. Some 36 segments out of 3912 (1.0%) would have required an addi-
tional lane to allow the traffic to flow at the forecast level of service (LOS). Conversely, 
forecasts for 158 links (4.2%) over-estimated the traffic by an amount such that they could 
provide adequate service with fewer lanes per direction; 92 of those links were interstate 
highways, 64 were principal arterials and the rest were minor arterials.

Table 3 presents the statistical measures of available categorical variables. We discuss 
the values below.

Jurisdiction

We observe that some agencies have more accurate forecasts than others, although the sam-
ple sizes are small for some and we do not know whether this accuracy is due to better 
forecasting techniques or a different mix of projects. We noted previously that Agency E 
recorded nearly every forecast they made since the early 2000s, comprising 44% of our 
sample. The Agency E projects have a lower absolute deviation (MAPDF of 13.7% com-
pared to 20.1% for the rest), which may relate to including more routine projects. However, 
their average deviation is more negative (mean PDF of − 9.5% against − 2.7%), which may 
be because many of these projects opened in the wake of the Great Recession.

Functional class

The results show that forecasts were more accurate on higher functional class facilities. 
Higher functional class roads carry more traffic than other road classes, so a similar abso-
lute deviation is associated with a smaller percent deviation. In addition, smaller facilities 
may be more affected by zone size and network coding details where all traffic from a 
traffic analysis zone may enter the road network at one location, leading to uneven traffic 
assignment outputs.

Area type

The results show little difference between the accuracy of forecasts in rural or mostly rural 
counties versus those in urban counties.

County population growth

We further grouped projects based on whether they were in counties with growing, sta-
ble or declining population between the start year and the opening year. Counted traffic in 
counties experiencing more than 1% growth was about 12.8% less than forecast on aver-
age, compared to 7.9% and 8.6% less in counties with declining or stable population. This 
result suggests that when a large share of the forecast traffic is due to expected population 
growth, as might be expected in a growing county, there is a risk that the traffic growth 
does not materialize.
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Project type

The traffic on routine maintenance projects (resurfacing or repaving) was on an average 
lower than forecast. Capacity expansion projects had average counts slightly exceeding 
forecasts and were less accurate. The difference could reflect capacity expansion pro-
jects generating more induced traffic. Forecasts for the construction of new roads were 
more accurate than forecasts on existing roads, but the sample size was small.

Forecast method

A Large-N analysis such as this offers the potential to assess the performance of 
tools available to forecasters, although we were limited to those recorded in the data. 
Regional travel demand models produced more accurate forecasts than traffic count 
trends. Some forecasters used professional judgment to combine count trends and vol-
ume from a demand model. The resulting forecasts were almost as accurate as those 
based on models alone, suggesting that considering count trends worsened rather than 
improved traffic forecasts. We do not know the forecast method for about half the pro-
jects with a large percentage (562 out of 676 projects) of those in the jurisdiction of 
Agency E, which did not record that information.

Agency type

Relative to state DOTs, consultants produced forecasts with a more negative mean dif-
ference, but a smaller spread. Projects with an unknown agency type have a smaller 
spread than either and almost all of these projects are under the jurisdiction of Agency 
E (562 out of 563). We do not know whether the differences between consultant- and 
DOT-prepared forecasts are meaningful. It is possible that consultants lead forecasts 
for more complex and challenging projects, or it is possible that the differences instead 
relate to practices that vary across jurisdictions.

Time span

We defined the time span as the number of years between the start year and the year of 
count. Forecasts with a span of 5+ years were less accurate, and counts were lower on 
average than forecasts. The greater the number of years between forecast production and 
traffic count, the larger the opportunity for changes to have occurred in the economy, 
land use patterns, fuel prices, and other factors that influence travel. These are all vari-
ables that are difficult to predict, but their effects are evident. This finding is consistent 
with findings by Bain (2009) who concluded that longer-term forecasts are critically 
dependent on macro-economic projections.

Unemployment rate

Economic conditions that differ from expectations can lead to forecast inaccuracy 
(Anam et al. 2020). We measured this by examining both the state/country level unem-
ployment rate in the opening year, and the change in unemployment rate from the start 
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year. When the opening year unemployment rates were less than 5%, counted traffic 
was on average higher than forecast, and when unemployment rates were higher, traffic 
was lower than forecast. Higher employment rates lead to more traffic as more people 
commute to and from work. This result highlights the importance of good economic 
forecasts.

Because a large share of projects in our sample opened during or shortly after the Great 
Recession, we considered how this unexpected event may affect the accuracy of forecasts. 
To do so, we measured the accuracy of the same traffic forecasts against a counterfactual 
world in which the Great Recession did not occur. We did this by holding the forecasts 
constant and adjusting the traffic counts to offset the high unemployment rates observed 
from 2008 through 2014. Previous work estimated that median post-opening traffic vol-
umes decrease 3% for each percentage point increase in the unemployment rate (Erhardt 
et al. 2020). We applied this rate to the difference between the opening-year unemployment 
rate and the pre-recession (2007) unemployment rate for the same county. This process 
results in adjusted counts that are higher than the true counts for the 6-year period in which 
unemployment exceeded its pre-recession levels. Then we compared the forecasts to the 
adjusted counts, as Table 4 shows.

For projects opening during the 2008 through 2014 period, post-opening counts are on 
average 8.2% lower than forecast. However, the recession-adjusted counts are 1.9% higher 
than forecast. When considering all projects, counts are on average 5.6% lower than fore-
cast, but recession-adjusted counts are 1.3% higher than forecast. Figure 4 shows the effect 
of this adjustment visually, with the count adjustment shifting the distribution to the right 
and also spreading it out, as observed in the larger difference between the 5th and 95th per-
centiles. From these results we conclude that the Great Recession was the major cause of 
the observed shift, but that other factors cause random deviations resulting in the observed 
spread.

Year

For projects that opened in 2003 or later, traffic was on average lower than forecast; 
for projects that opened before 2003, traffic counts were on average higher than fore-
cast. The negative deviation from forecasts in older projects aligns with most previous 

Table 4  Comparison of descriptive statistics before and after unemployment adjustments

Observa-
tions

MAPDF Mean Median 5th Percen-
tile

95th 
Percentile

(95th–5th 
Percentile)/2

Projects opening between 2008 and 2014
Original 

sample
879 15.5% − 8.2% − 8.8% − 36% 18.3% 27.2%

Adjusted 
sample

879 15.6% 1.9% 1.1% − 30.6% 35.2% 32.9%

All projects
Original 

sample
1291 17.3% − 5.6% − 7.5% − 37.6% 36.9% 37.3%

Adjusted 
sample

1291 17.3% 1.3% − 0.4% − 35.4% 42.7% 39.1%
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literature on toll-free road projects (Flyvbjerg et  al. 2005; Parthasarathi and Levinson 
2010; Welde and Odeck 2011; Nicolaisen 2012), but it is interesting that the average 
difference changes direction for more recent projects. Overall, more recent traffic fore-
casts were more accurate, as measured by the mean absolute PDF.

Several factors could explain these changes. First, the difference may be due to the 
Great Recession. Second, better data and improved forecasting methods may have led 
to more accurate forecasts. Third, the mix of projects in our data may have driven the 
change, such as the relative frequency of small versus large projects. We would expect 
non-capacity increasing projects to generate less induced demand than capacity increas-
ing projects, so if induced demand were an important factor in traffic forecast accuracy, 
then the project mix matters. Fourth, vehicle miles traveled (VMT) per capita grew rap-
idly in the 1980s and 1990s. In the 2000s, this trend leveled off and declined, before 
subsequently rebounding in about 2013. Traffic forecasts might not adequately capture 
these macro-trends, which may extend beyond the years of the Great Recession and be 
driven largely by gross domestic product (GDP) per capita and fuel price (Bastian et al. 
2016), with possible contributions from other factors such as discount air travel and the 
substitution of better information and communications technology for travel (Erhardt 
2017).

To further consider these possibilities, we plotted the PDF by opening year alongside 
the vehicle miles traveled (VMT) per capita in the United States (Source: Davis 2019) in 
Fig.  5. While our data included projects outside the United States, similar VMT trends 
were observed in Europe (Bastian, Börjesson, and Eliasson 2016). To minimize the impact 
of changing project types, we excluded repaving projects from Fig. 5. Each point represents 
a single project, and the blue line is a 5-year rolling average of PDF. The figure shows 
noticeable correlation between PDF and VMT per capita. While VMT per capita was 
increasing, counted traffic volumes were higher than forecast, but after VMT per capita 
peaks, the opposite is true. This relationship suggests that traffic forecasts may not have 
fully captured the factors driving aggregate VMT trends. This relationship between traffic 

Fig. 4  Distribution of percent difference from forecast adjusting for great recession
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forecast accuracy, aggregate VMT trends and related factors, such as fuel price and eco-
nomic growth, warrants further investigation.

Summary of findings

In this research we used a large database to explore the accuracy of road traffic forecasts 
and document the distribution of counted versus forecast traffic volumes. The descriptive 
statistics provide insight into the factors affecting forecast accuracy and the changes in 
accuracy over time. Because we selected projects based on the availability of data, and 
they did not constitute a random or representative sample of all projects, selection bias 
may influence these findings. A large portion of the sample comes from one agency that 
recorded nearly all forecasts since the early 2000s, but inclusion of projects from other 
agencies is limited to those having sufficient documentation. In addition, several key vari-
ables such as forecast method and agency type, are missing for portion of the sample. The 
missing data are not randomly distributed and instead relate to the practices of the agencies 
recording the data. Furthermore, 38% of the projects in our sample didn’t record a definite 
opening year and we created a buffer based on the project type to get the post-opening 
traffic count. Errors in specifying the project opening affect conclusions about induced 
demand and can influence forecast accuracy. Despite these limitations, it is appropriate to 
conclude:

1. Observed traffic was 6% lower than forecast on average, but this difference is due 
to lower traffic following the Great Recession. If not for higher unemployment rates 
from 2008 through 2014, the traffic would have been 1% higher than forecast on average. 
This result was not consistent through time, however, as we note next.

2. The mean absolute difference between measured traffic volumes and forecasts was 
17%. In addition, 90% of opening-year traffic volumes were in the range of − 38 to + 37% 
of the forecast volumes. This spread of outcomes persists after adjusting for the shift 

Fig. 5  Trend in percent difference from forecast, excluding resurfacing projects
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due to the Great Recession, suggesting that there are reasons for inaccuracy beyond this 
unforeseen event. These values highlight that we should not consider traffic forecasts to 
be point estimate, but a range of possible outcomes.

3. The average deviation changed direction: observed traffic on projects opening 
before 2003 was higher than forecast but starting in 2003 it was lower. This change 
is due in part to the effect of the Great Recession, but a notable shift in the average 
deviation remains even after adjusting for the effect of the economic downturn. Evolving 
forecasting methods, a different mix of projects, or exogenous trends could explain this 
shift. We observed this shift even when limiting the analysis to capacity expansion pro-
jects, suggesting that changing project types did not fully explain the change. The data 
showed a possible relationship to aggregate VMT trends. When VMT per capita was 
uniformly growing from the 1980s through early 2000s, observed traffic was on average 
higher than forecast. In the 2000s, however, VMT per capita leveled off, declined, then 
again increased. During this period observed traffic was on average lower than forecast. 
Evidence suggests that economic and fuel price changes determine much of the VMT 
change (Bastian et al. 2016). Those same factors may also explain changing traffic 
forecast accuracy. Future research should aim to untangle these relationships.

4. Traffic forecasts became more accurate over time. In addition to the changes in aver-
age deviation noted above, projects opening more recently had a narrower spread of 
outcomes. Better data and improved forecasting methods may lead to this improvement, 
or it may relate to broader socioeconomic and project type trends noted above.

5. Traffic forecasts were more accurate for higher volume roads and higher functional 
classes. The counted volumes on collector and arterial roads were more likely to be 
lower than the forecasts and percent deviation from forecasts had a greater spread than 
those on freeways. These challenges may be due to limitations of zone size and network 
detail, as well as less opportunity for offsetting inaccuracies on smaller facilities.

6. Traffic forecasts were less accurate as the time span lengthens. Forecasts depend 
on exogenous projections which are more uncertain further into the future. They also 
depend on estimated relationships between travel behavior and those exogenous factors 
that may evolve over time. Put simply: it is easier to predict tomorrow’s traffic than it is 
to predict traffic 10 years into the future.

7. Travel models produced more accurate forecasts than traffic count trends. Travel 
models are sensitive to the underlying determinants of traffic growth, including land-use 
changes and road network changes, so they were more accurate than traffic count trends.

8. Some 95% of project forecasts meet the “half-lane rule”. Considering the level of 
service in each segment, the inaccuracy in forecast would not have affected about 95% 
of the projects to warrant additional or fewer lanes. A total of 84% of project forecasts 
fell within the maximum desirable deviation suggested by NCHRP report 765 (Horowitz 
et al. 2014). These deviations were unlikely to affect a project decision about the number 
of lanes on a highway.

The descriptive analysis presented here provides insight into the degree of confidence 
that planners and policy makers can expect from traffic forecasts. While traffic forecasts 
have improved, substantial deviation between counts and forecasts remains, and the data 
reveal several factors related to accuracy. Among these are economic conditions, and we 
found evidence of a major unforeseen event—the Great Recession—causing a system-
atic shift in accuracy. We are now in a much different disruption due to COVID-19. Our 
results are retrospective—they did not anticipate COVID-19, nor do they reflect future 
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changes such as the impact of automation or other technology changes. It is reasonable 
to expect that there may be some major disruptive event within the scope of our next 
long-range forecasts, and our results should open a discussion on communicating uncer-
tainty in forecasting.

Moreover, such events are not the only factors contributing to forecast inaccuracy as 
a substantial spread of percent difference from forecasts remains after adjusting for the 
recession. Factors like forecast methodology, forecast horizon and project type affect the 
accuracy as demonstrated in this paper, along with other unknown or unquantified fac-
tors. Among the factors we could not account for here are inaccurate travel model inputs, 
such as exogenous population, employment and fuel price forecasts. Research investigating 
the causes of traffic forecast inaccuracy for several “deep dives” reveals that model inputs 
account for an important portion of the forecast deviation, and their contribution varies 
substantially between projects (Erhardt et al. 2020).

Instead of dismissing forecasts as inherently subject to error, we recommend that agen-
cies make forecasts more useful and more believable by acknowledging uncertainty as an 
element of all forecasting. Forecasts should not be a singular outcome, but a range of pos-
sible outcomes. In related work, we demonstrated how to estimate uncertainty windows 
around traffic forecasts from their historical accuracy (Hoque et  al. in-review). Planners 
can combine uncertainty windows with decision intervals to determine whether a forecast 
deviation would change a project decision (Anam et al. 2020).

To facilitate further exploration of these data we created a repository that contains data 
for the 1291 projects analyzed in this paper (also provided as Online Resource 1) and an 
additional 1320 projects that had not opened to traffic when the analysis was completed. 
We invite others to further explore these data and to proactively collect data on their own 
forecasts and evaluate those forecasts. NCHRP 934 provides instructions for accessing and 
contributing to this repository and offers advice about establishing a systematic process of 
data collection and evaluation. Additional systematically collected data will enable future 
research to identify sources of inaccuracy, compare the accuracy of different types of travel 
models, and guide the development of more accurate forecasting methods. More accurate 
traffic forecasts and greater understanding of factors that influence accuracy will contribute 
to more efficient allocation of resources and build public confidence in the agencies that 
produce those forecasts.
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