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Abstract
Freight modal-choice models are commonly judged by their ability to reproduce aggregate modal shares. For 
network assignment, however, this is not enough: the model must also reproduce where the tonnes are located 
in modal origin-destination (OD) matrices. This paper proposes a calibrated framework that links modal-choice 
estimation with freight matrix assignment. A behavioural multinomial logit (MNL) model is estimated on aggregate 
OD-commodity flows for road, inland waterway (IWW) transport and rail. The model uses variables expressed 
relative to road, commodity-group constants, mode-specific distance splines and a rail market-structure correction. 
Since sparse rail and inland-waterway matrices cannot be reproduced accurately by the behavioural model alone, a 
bounded base-year calibration layer is added to the non-road utilities. The framework is tested on three European 
datasets: a European NUTS2 matrix, a “Benelux+” NUTS3 matrix and a domestic German NUTS3 matrix. Performance 
is assessed at both the aggregate modal-share level and the OD-cell level using Weighted Absolute Percentage 
Error (WAPE). The detailed calibration results are interpreted as in-sample base-year reconstruction, while 
transferability is examined separately through repeated OD-pair holdout experiments used to distinguish base-
year reconstruction from performance on unseen OD pairs. The results show that the behavioural layer provides 
a useful structure, but that detailed bounded calibration is required for base-year modal OD-matrix reproduction. 
The estimated model is then implemented in Nodus, a transport network modelling software designed for freight 
transport, allowing the calibrated framework to be used for assignments.

Keywords  Freight transport, Modal choice, OD matrices, Multinomial logit, Calibration, Network assignment

​​1  Introduction
Freight transport policy increasingly relies on models 
that can compare road, rail and inland waterway options 
under different pricing, infrastructure or network-perfor-
mance assumptions. In Europe, this issue is particularly 
relevant because modal-shift policies are often framed 

around the possibility of moving part of the traffic cur-
rently assigned to road towards rail or inland waterways. 
For such applications, global modal shares are useful, but 
they are not sufficient. Assignment models require modal 
OD matrices: they need to know not only how many 
tonnes use each mode, but also which OD pairs and com-
modity groups those tonnes belong to.

This paper starts from a practical difficulty encoun-
tered in freight modelling. A modal-choice model may 
reproduce the total rail share or the total inland-water-
way share while allocating the corresponding tonnes 
to the wrong OD cells. Such a model is unsuitable for 
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network assignments. The problem is especially acute 
for non-road modes. Rail and inland-waterway matrices 
are sparse: many OD-commodity cells are technically 
available, but carry no observed non-road flow, while a 
relatively small number of corridors and commodities 
account for a large share of the traffic.

Freight transport modelling has long had to balance 
behavioural detail, data availability and operational 
usability. Reviews of national and international freight 
models stress the need to combine aggregate flows, logis-
tics structure, modal split and network assignment in a 
coherent modelling system [12, 13, 26]. More recent 
models have introduced richer logistics and transport-
chain representations, especially when shipment-level 
data are available [5, 15]. Yet in many applications, 
including recent large-scale European work [16], the 
available data remain regional OD matrices rather than 
individual shipments.

Discrete-choice models provide a natural language for 
modal choice. The multinomial logit model and its exten-
sions are well established in transport demand analysis 
[6, 21, 27], and logit-type specifications have been used 
for freight mode, route, shipment and transport-chain 
choices [2, 9, 15, 22, 23]. These studies show that costs, 
times, shipment characteristics, commodity type and 
logistics organisation all matter. The research problem 
can thus be stated as follows:

How can an aggregate freight modal-choice model 
be estimated, calibrated and evaluated so that it 
remains behaviourally interpretable while reproduc-
ing modal OD matrices accurately enough for net-
work assignment?

The difficulty is that the two objectives are not identical. 
A behavioural model aims to explain systematic modal-
choice effects, such as the influence of cost, moving time, 
distance and commodity groups. A matrix-reproduction 
model aims to allocate tonnes to the correct OD cells. 
For sparse freight matrices, a behavioural layer alone 
will usually assign positive probabilities to all available 
modes, thereby spreading small amounts of non-road 
traffic across many technically feasible but empirically 
unused OD cells. This behaviour is consistent with the 
logit structure, but problematic for assignments.

The natural starting point towards a solution is the 
conventional multinomial logit model. Let the utility 𝑉𝑉
of mode 𝑚𝑚 be:

	 𝑉𝑉𝑚𝑚 = 𝛼𝛼 𝑚𝑚 + 𝛽𝛽 𝐶𝐶𝐶𝐶𝑚𝑚 + 𝛽𝛽 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑚𝑚� (1)

where:
𝐶𝐶𝑚𝑚 is the cost of mode 𝑚𝑚;
𝑇𝑇𝑚𝑚 is the transit time of mode 𝑚𝑚;

𝛼𝛼 𝑚𝑚 is a mode-specific constant;
𝛽𝛽 𝐶𝐶  is a cost coefficient;
𝛽𝛽 𝑇𝑇𝑇𝑇𝑇 is a mode-specific time coefficient.
Road is used as the reference mode, so its alternative-

specific constant is normalised to zero. In such a speci-
fication, the signs of the β estimators are expected to be 
negative, because a cost increase or a longer transit time 
for a mode has a negative impact on the probability of 
choosing it.

The immediate problem is that cost and time are highly 
correlated. This is not surprising. Longer and less direct 
routes tend to be both more expensive and slower. In this 
application, the problem is amplified because both cost 
and time are constructed from the same assignment sys-
tem and network representation. As a result, the specifi-
cations described in Eq. 1 (or similar) produce unstable 
coefficients, active bounds, and identification problems. 
A second problem is that the dependent variable is not 
a discrete choice made by one decision-maker. Instead, 
each row contains modal tonnes and therefore modal 
shares. The likelihood must thus be adapted accordingly.

The framework proposed in this paper combines two 
layers. The first is a behavioural multinomial logit model, 
using alternative utility functions that provide a more sta-
ble and systematic structure.

The second is a base-year calibration layer that adds 
utility corrections to the non-road alternatives. This layer 
is not meant to replace the first layer. Its role is to account 
for the OD, corridor and commodity features that are not 
captured by the available explanatory variables, and to 
restore the sparse structure of observed modal matrices. 
It is related to two well-established modelling traditions:

 	• The family of pivot-point and incremental demand 
models, in which the base-year situation is not 
ignored: observed base matrices or base shares are 
used as an anchor, and the model is mainly used 
to predict changes around that reference situation. 
Early incremental logit formulations were already 
motivated by the need to represent the effect of 
policy changes without rebuilding a full demand 
model from scratch [20]. Later work on nested 
incremental logit and pivot-point procedures 
formalised this idea for practical travel-demand 
forecasting, emphasising the value of combining 
behavioural response functions with observed base-
year demand [4, 10, 11].

 	• The OD-matrix adjustment methods in which 
an initial or target OD matrix is updated using 
additional information, most often traffic counts, 
while trying to preserve as much as possible of 
the prior matrix structure. Entropy maximisation, 
information minimisation, generalised least squares 
and gradient-based formulations all share this 
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general objective: the adjusted matrix should be 
closer to observed network evidence, but should not 
become an arbitrary table of fitted numbers [1, 8, 24, 
29].

The approach presented in this paper follows the same 
general logic, but it differs in where the calibration is 
applied, as the model does not directly adjust modal OD 
tonnes outside the choice model. Instead, the correc-
tion enters the non-road utilities as bounded calibration 
constants. These constants can be interpreted as residual 
utility terms: they capture OD-, commodity- and corri-
dor-specific effects that are not represented by the avail-
able explanatory variables, while leaving the behavioural 
part of the multinomial logit model intact. Bounding the 
constants is important because it prevents the adjust-
ment from becoming an unconstrained “fitting device”.

This makes the framework closer to a utility-based 
pivot around the observed base-year modal matrices than 
to a purely behavioural modal-choice model. The behav-
ioural coefficients describe systematic responses to cost, 
moving time, distance and market-structure variables. 
The calibration constants then restore the observed base-
year geography of rail and inland-waterway matrices. The 
two layers therefore have different roles: the first pro-
vides behavioural structure, while the second provides a 
controlled matrix-reproduction mechanism needed for 
assignment.

Further, the evaluation strategy adopted in this paper 
follows a second, equally important modelling tradi-
tion: the distinction between fitting a base-year model 
and demonstrating that the model is useful for applica-
tion. Standard transport-modelling guidance has long 
emphasised that calibration and validation are not the 
same exercises. Calibration adjusts a model so that it 
reproduces known base-year conditions, whereas valida-
tion asks whether the model reproduces observations, 
patterns or relationships that were not simply used as 
direct fitting targets. This distinction is explicit in practi-
cal model-validation manuals and guidance documents, 
including the FHWA Travel Model Validation and Rea-
sonableness Checking Manual [28], and ATAP guidance 
on travel-demand model development [3].

A detailed “mode-OD-group” calibration can repro-
duce the base-year modal matrices very closely, but 
this does not by itself prove that the model is transfer-
able. For this reason, the paper reports several comple-
mentary diagnostics. Aggregate modal shares are used 
as a first check, but a model can reproduce the total rail 
share while assigning rail tonnes to the wrong OD pairs. 
The main assessment of base-year matrix reconstruction 
therefore takes place at the OD-cell level, where observed 
and predicted tonnes are compared directly. This is con-
sistent with the broader assignment-modelling view that 

a model should be assessed not only on global totals, 
but also on the spatial distribution of flows and on the 
reasonableness of the matrices that are assigned to the 
network.

The use of the Weighted Mean Absolute Percent-
age Error (WMAPE, also referred to as WAPE in parts 
of the forecasting literature) and bias reflects the same 
concern [14, 17, 19]. Freight OD matrices, especially for 
rail and inland waterways, contain many zero or very 
small cells. In that context, ordinary percentage errors 
such as MAPE can be unstable or undefined, a problem 
well known in the forecasting literature for intermittent 
or sparse demand. WAPE is therefore used as the OD-
cell error measure because it relates the sum of absolute 
cell errors to the observed modal tonnage, while bias is 
reported separately to systematically identify over- or 
under-predictions.

Finally, the paper includes two checks that are specifi-
cally intended to avoid presenting calibration as valida-
tion. First, the distribution of calibration constants is 
reported, both unweighted and weighted by observed 
modal tonnes. This shows whether the fit is obtained 
through a small number of extreme corrections or 
through a more interpretable pattern of residual utility 
terms. Second, an OD-pair holdout test is performed: 
the model is estimated on a subset of the OD pairs and 
evaluated on the remaining cells, providing a more real-
istic test of the model structure that can be applied to 
unseen OD pairs. In this sense, the evaluation frame-
work separates three questions that are often mixed 
together: whether the behavioural layer gives plausible 
modal shares, whether the calibrated model reconstructs 
the base-year matrices, and how much of the estimated 
structure transfers to OD pairs not used for calibration.

This distinction is important because the objective of 
the framework is not only to estimate plausible behav-
ioural coefficients, but also to produce base-year modal 
OD matrices that are sufficiently accurate for assignment.

In summary, the contribution of this paper is threefold:

1.	 It proposes a relative-to-road multinomial logit 
specification for road, inland waterways and rail.

2.	 It introduces a bounded calibration procedure for 
base-year modal matrix fit and evaluates the model 
using OD-cell metrics.

3.	 It tests the same modelling architecture on three 
datasets with different spatial scales and market 
structures and shows how the estimated parameters 
can be used directly in a multimodal freight 
assignment model.
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technically feasible alternative unattractive or practically 
unusable.

Observed non-use is also not equivalent to unavailabil-
ity. A zero modal flow may indicate a structural absence 
from the effective choice set, but it may also be a realised 
zero for an otherwise feasible alternative. Since the avail-
able matrices provide one aggregate base-year observa-
tion for each OD–commodity cell and do not identify 
these mechanisms separately, the model cannot deter-
mine directly whether each observed zero is structural or 
incidental.

Intrazonal flows are not modelled. Each NUTS2 or 
NUTS3 region is represented by a single centroid, so an 
origin and destination located within the same region 
collapse to the same network node. Meaningful internal 
paths, distances, costs and moving times therefore can-
not be constructed for these movements. Intrazonal OD 
cells are consequently excluded from the behavioural 
estimation, calibration and assignment, and the analysed 
sample contains interzonal flows only.

The framework is applied to three sub-datasets 
(Table 1). The first is a European NUTS2 dataset, used as 
a broad European benchmark that includes many longer-
distance OD pairs. The second is a “Benelux+” NUTS3 
dataset. The term Benelux+ refers to the study area cen-
tred on Belgium, the Netherlands and Luxembourg, and 
extended to the adjacent surrounding regions included in 
the network model. More precisely, on a map using the 
Mercator projection, the area corresponds to a somewhat 
arbitrary rectangular area whose north-eastern limit 
is close to Friesland and whose south-western limit lies 
south of the Paris region. The “+” therefore indicates that 
the dataset is not limited strictly to the three Benelux 
countries, but also includes neighbouring areas required 
to represent the main freight corridors consistently. This 
region is of particular interest because IWW has a sig-
nificant presence there. The third is a domestic German 
NUTS3 dataset, with detailed national/regional flows and 
substantial rail and inland-waterway structure. The pur-
pose of using these three datasets is not to force a single 
coefficient vector onto all of them, but to test whether the 
same modelling architecture can be reused while keeping 
coefficients and calibration constants dataset specific.

2  Data and modelling context
The framework is designed for annual OD-commod-
ity matrices. Each observation corresponds to a flow 
between an origin, a destination and a commodity group. 
For each cell, annual tonnes are observed by road, inland 
waterway transport and rail, together with modal attri-
butes such as cost, distance, moving duration and avail-
ability1. The dataset used in this study is derived from 
the ETISPlus European FP7 research programme [25]. It 
consists of estimated origin–destination (OD) matrices 
for the year 2010 at the NUTS-2 and NUTS-3 regional 
levels, covering road, rail, and inland waterway (IWW) 
transport. A detailed description of the dataset and its 
integration into a multimodal freight transport network 
assignment model is provided in Jourquin [18].

For an OD-commodity observation 𝑖𝑖, observed 
annual tonnes by mode are denoted by qroad, i, qIWW, i and 
qrail, i. The total observed tonnes are simply the sum of 
the modal transported quantities:

	 𝑄𝑄𝑖𝑖 = 𝑞𝑞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝑞𝑞𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + 𝑞𝑞𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 � (2)

and the observed modal share of mode 𝑚𝑚 can be com-
puted as:

	
𝑠𝑠𝑚𝑚𝑚𝑚𝑚 =

𝑞𝑞𝑚𝑚𝑚𝑚𝑚
𝑄𝑄𝑖𝑖

� (3)

Only cells with strictly positive total tonnes 𝑄𝑄𝑖𝑖  are 
retained. Road is required to be technically available for 
all retained observations; cells for which no valid road 
path or attributes can be computed are excluded. Inland 
waterways and rail are available only when valid net-
work-derived attributes exist. In this paper, modal avail-
ability refers initially to technical network availability. A 
non-road mode is treated as technically available when 
the assignment procedure identifies a valid path and the 
corresponding cost, distance and moving-time attri-
butes are strictly positive. Technical availability does not 
necessarily imply that the mode belongs to the effective 
commercial choice set for a particular OD–commodity 
movement. Terminal access, service frequency, mini-
mum shipment size, handling requirements, contractual 
arrangements and other logistics constraints may make a 

1  Not all transport modes are available between all origin-destination pairs.

Table 1  Dataset structure and observed modal shares
OD matrix Granularity Rows Tonnes (millions) Availability Modal shares

IWW Rail Road IWW Rail
Europe NUTS2 130,572 5,084 21.27% 99.46% 80.01% 6.18% 13.81%

Benelux+ NUTS3 328,664 2,587 49.98% 98.20% 79.72% 11.94% 8.34%

Germany NUTS3 260,387 1,829 48.27% 99.10% 85.46% 2.45% 12.10%
All descriptive statistics and estimation results reported in Sects. 2, 3, 4, 5, and 6 refer to the same prepared estimation sample
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The matrices distinguish ten commodity groups, 
indexed from 0 to 92. Commodity information enters 
the model through commodity-specific constants and, 
in the detailed calibration, through commodity-specific 
correction factors. This is needed because modal choice 
in freight is strongly commodity dependent. Bulk flows, 
containerised goods, manufactured products and time-
sensitive goods do not have the same relationship to rail 
or inland waterways.

The modal attributes are not observed prices or travel 
times contained directly in the ETISPlus OD matrices. 
ETISPlus provides the freight-demand matrices and the 
underlying digitised modal networks. These networks 
are prepared for assignment in Nodus, which computes a 
pure-mode path for each technically available mode, OD 
pair and commodity group. The resulting modal costs, 
distances and moving times are subsequently exported to 
the database used by the Python estimation framework. 
The Python script therefore reads the previously com-
puted variables rather than recalculating them during 
estimation.

For mode 𝑚𝑚, OD–commodity observation 𝑖𝑖 and com-
modity group 𝑔𝑔, total transport cost can be written sche-
matically as

	
𝐶𝐶𝑚𝑚𝑚𝑚𝑚 = 𝑐𝑐load𝑚𝑚 + 𝑐𝑐unload𝑚𝑚 + ∑

𝓁𝓁∈ 𝑅𝑅𝑚𝑚𝑚𝑚𝑚

𝑐𝑐move
𝓁𝓁𝓁𝓁𝓁 � (4)

where 𝑅𝑅𝑚𝑚𝑚𝑚𝑚  is the modal path (succession of links 𝓁𝓁
) generated by Nodus. Costs are expressed in euros per 
transported tonne, using cost functions in 2010 prices. 
The loading and unloading terms are fixed per-tonne 
costs that vary by mode and commodity group. The link-
level moving costs depend on link length, mode or vehi-
cle type, commercial speed and the corresponding unit 
operating cost. The underlying cost functions account 
for carrier-related components including labour, vehicle 
capital, fuel, maintenance, insurance and directly related 
operating and administrative costs. They also include the 
time-related component of the transported goods where 
applicable. Note that 𝐶𝐶𝑚𝑚𝑚𝑚𝑚  also depends on the group of 
commodities.

Vehicle loading assumptions are embedded in the 
Nodus cost functions. Load factors are exogenous and 
vary by commodity group and vehicle type. The imple-
mentation uses one representative truck type and one 
representative train type. For inland waterways, although 
six vessel classes are represented, for the sake of sim-
plicity, the cost corresponding to CEMT2-type barges is 
used.

Loading and unloading costs are included in 𝐶𝐶𝑚𝑚𝑚𝑚𝑚 , but 
they were not retained as separate explanatory variables 

2  Following the classical 10 main chapters of the NST/R nomenclature.

in the final utility specification. Thus, the statement 
that handling costs were excluded from the behavioural 
model refers to their separate introduction alongside 
total cost, not to their removal from the total-cost mea-
sure itself. Loading and unloading durations are similarly 
not included in the moving-time variable used in the ref-
erence specification.

The model represents pure road, rail and inland-water-
way alternatives rather than intermodal transport chains. 
Consequently, no transshipment cost is added between 
modes. Centroid connectors are included in the modal 
paths and their associated distance, time and moving 
cost, but they belong to the corresponding modal net-
work and do not represent explicit road pre- or post-
haulage for rail or inland-waterway transport.

The cost and moving-time variables are therefore not 
independently observed market data. They are con-
structed from modal paths generated within the same 
multimodal network representation. Path length, mov-
ing time and transport cost are therefore mechanically 
related: longer or less direct paths generally require 
more time and also generate higher calculated costs. 
This common construction creates substantial correla-
tion between cost, moving time and distance, particularly 
when the available variation is mainly geographical rather 
than price driven.

The resulting coefficients should therefore be inter-
preted as conditional effects within the constructed 
network dataset. A coefficient reaching its bound may 
indicate that the corresponding variable provides little 
additional independent information after the other path-
based attributes, distance splines, commodity constants 
and market-structure variables have been included. It 
does not establish that the underlying attribute is irrel-
evant to real freight decisions.

3  Behavioural modal-choice model specification
Since road is the dominant and virtually always avail-
able reference alternative, the non-road attributes are 
expressed as logarithmic ratios relative to road. This 
makes each non-road option comparable with the cor-
responding road movement for the same OD pair. A 
ratio of 1 maps to zero, values below 1 indicate that the 
non-road mode is cheaper or faster than road, and values 
above 1 indicate the opposite.

The specification therefore relies on a compact set of 
variables: relative inland-waterway cost, relative inland-
waterway moving time, relative rail moving time, mode-
specific distance splines, commodity-group constants 
and a rail market-structure correction based on inland-
waterway availability.

The behavioural component is a multinomial logit 
model with the utility of road 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟  normalised to zero:
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	 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 0� (5)

For inland waterways, the cost C and moving-time T 
variables are handled as:

	
c𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = ln (

𝐶𝐶𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼
𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

) 𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = ln (
𝑇𝑇𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼
𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

)� (6)

A similar ratio is used for rail moving time:

	
t𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = ln (

𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

)� (7)

All continuous explanatory variables are centred before 
estimation. This does not change the behavioural mean-
ing of the coefficient, but it improves numerical con-
ditioning and makes the alternative-specific constants 
easier to interpret: they correspond to the average 
observed conditions rather than to an arbitrary zero 
value. For inland waterways, for instance, the centred 
variables are:

	

∼
𝑐𝑐𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = ln (

𝐶𝐶𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼
𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

) − ln (𝐶𝐶𝐼𝐼𝐼𝐼𝐼𝐼
𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

)� (8)

	

∼
𝑡𝑡 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = ln (

𝑇𝑇𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼
𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

) − ln (𝑇𝑇𝐼𝐼𝐼𝐼𝐼𝐼
𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

)� (9)

Distance enters utilities through a piecewise-linear spline 
rather than through a single linear term. Let 𝑑𝑑𝑖𝑖  denote 
the road distance of OD cell 𝑖𝑖. Three distance compo-
nents are defined as:

	 𝑑𝑑𝑖𝑖𝑖 = min(𝑑𝑑𝑖𝑖, 150)� (10)

	 𝑑𝑑𝑖𝑖𝑖 = min {max( 𝑑𝑑𝑖𝑖 − 150, 0), 150}� (11)

	 𝑑𝑑𝑖𝑖𝑖 = max(𝑑𝑑𝑖𝑖 − 300, 0)� (12)

These variables measure respectively the first 150  km, 
the distances between 150 and 300  km, and trips lon-
ger than 300  km. The thresholds were selected ex ante 
rather than estimated by maximising likelihood or mini-
mising WAPE. They provide a common and interpre-
table segmentation across the three datasets: distances 
below 150  km represent relatively short regional move-
ments, the 150–300 km interval represents an intermedi-
ate market in which non-road alternatives may begin to 
become competitive, and distances above 300 km repre-
sent longer-haul movements. The values were chosen to 
provide sufficiently broad segments across the different 
geographical scales represented by the three datasets3. 

3 A sensitivity analysis is provided in Sect. 6.2.

Using the same thresholds across datasets preserves 
the common model architecture and avoids selecting 
dataset-specific knots that could improve in-sample fit 
mechanically. After scaling by 100 km and centring, they 
enter the utility of each non-road mode m as:

	 𝑓𝑓𝑚𝑚 (𝑑𝑑𝑖𝑖) = 𝛽𝛽 𝐷𝐷𝐷𝐷𝐷𝐷𝐷
∼
𝑑𝑑𝑖𝑖𝑖 + 𝛽𝛽 𝐷𝐷𝐷𝐷𝐷𝐷𝐷

∼
𝑑𝑑𝑖𝑖𝑖 + 𝛽𝛽 𝐷𝐷𝐷𝐷𝐷𝐷𝐷

∼
𝑑𝑑𝑖𝑖𝑖� (13)

where 
∼
𝑑𝑑𝑖𝑖𝑖,

∼
𝑑𝑑𝑖𝑖𝑖and

∼
𝑑𝑑𝑖𝑖𝑖 are the centred distance 

components.

Equation 13 represents the cumulative distance contri-
bution to modal utility. The spline coefficients are mar-
ginal utility slopes within successive distance intervals 
and should not be interpreted as separate level effects. 
At any given distance, the implied effect is obtained by 
summing the contributions of all active spline segments. 
The function is continuous at the 150  km and 300  km 
thresholds, although its slope may change at these points. 
The contribution of distance to the utility is therefore 
allowed to have a different slope in each distance range 
and for each mode. For example, the marginal distance 
effect for inland waterways below 150 km is governed by 
𝛽𝛽 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷, between 150 and 300  km by 𝛽𝛽 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷, and 
above 300  km by 𝛽𝛽 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷. This is more flexible than 
a single linear distance coefficient and allows rail and 
inland waterways to become more or less competitive as 
distance increases.

Classically, for each OD-commodity cell, the probabil-
ity of mode 𝑚𝑚 for OD-cell 𝑖𝑖 is

	
𝑃𝑃𝑚𝑚𝑚𝑚𝑚 =

exp (𝑉𝑉𝑚𝑚𝑚𝑚𝑚)
∑𝑘𝑘∈𝐴𝐴𝑖𝑖

exp (𝑉𝑉 𝑘𝑘𝑘𝑘𝑘)
� (14)

where 𝐴𝐴𝑖𝑖  is the set of available alternatives. Predicted 
modal tonnes are obtained by multiplying probabilities 
by total tonnes:

	 ̂𝑞𝑞𝑚𝑚𝑚𝑚𝑚 = 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑄𝑄𝑖𝑖 � (15)

The inland-waterway utility is specified as:

	

𝑉𝑉 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = 𝐴𝐴𝐴𝐴𝐴𝐴𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + 𝛽𝛽 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶
∼
𝑐𝑐𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼

+ 𝛽𝛽 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
∼
𝑡𝑡 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + 𝑓𝑓𝐼𝐼𝐼𝐼𝐼𝐼 (𝑑𝑑𝑖𝑖)

� (16)

Here 𝐴𝐴𝐴𝐴𝐴𝐴𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 is a commodity-group 𝑔𝑔 constant, 
∼
𝑐𝑐𝐼𝐼𝐼𝐼𝐼𝐼  is the relative centred log cost ratio, 

∼
𝑡𝑡 𝐼𝐼𝐼𝐼𝐼𝐼  is the 

relative centred log moving-time ratio and 𝑓𝑓𝐼𝐼𝐼𝐼𝐼𝐼 (𝑑𝑑) is 
the inland-waterway distance function.

The retained rail utility is:

	 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝐴𝐴𝐴𝐴𝐴𝐴𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝛽𝛽 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
∼
𝑡𝑡 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝑓𝑓𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 (𝑑𝑑𝑖𝑖) + 𝛾𝛾 𝛾𝛾𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼�(17)
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In this specification, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼  is the rail market proxy: it is 
equal to one when inland waterways are available for the 
OD cell and zero otherwise. It is included as a market-
structure proxy. OD pairs with inland-waterway avail-
ability often belong to river corridors, port hinterlands 
or industrial regions where non-road freight options are 
better developed. The coefficient should not be inter-
preted as a causal effect of inland waterways on rail, 
but as a correction for unobserved multimodal market 
conditions.

This model architecture is common to all datasets, but 
coefficients are estimated separately. This choice reflects 
differences in zoning scale, distance distributions, avail-
ability patterns and modal markets.

Note that a rail-cost term was tested during model 
development. With this term, the rail utility becomes:

	

𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝐴𝐴𝐴𝐴𝐴𝐴𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝛽𝛽 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶
∼
𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝛽𝛽

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇

∼
𝑡𝑡 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑓𝑓𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 (𝑑𝑑𝑖𝑖) + 𝛾𝛾 𝛾𝛾𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼
� (18)

where 
∼
𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟  is the centred rail cost ratio relative to road.

The rail-cost specification was estimated as a sensitiv-
ity test but was not retained in the reference model. This 
decision does not imply that rail prices are irrelevant 
to freight modal choice. It means that the constructed 
rail-cost ratio does not provide a stable independent sig-
nal once commodity constants, moving time, distance 
splines and market structure are controlled for. Since 
cost, time and distance are all derived from the same 
network representation, substantial collinearity remains 
possible. The coefficient stability and pre- and post-cal-
ibration performance of the two specifications are com-
pared in Sect. 6.3.

The behavioural model is estimated from aggregate 
modal shares rather than from individual shipment 
choices. For each OD–commodity observation 𝑖𝑖, the 
contribution to the objective function is

	 𝓁𝓁𝑖𝑖 (𝛽𝛽 ) = 𝑤𝑤𝑖𝑖 ∑ 𝑚𝑚𝑠𝑠𝑚𝑚𝑚𝑚𝑚log𝑃𝑃𝑚𝑚𝑚𝑚𝑚 (𝛽𝛽 ) ,� (19)

where 𝓁𝓁𝑖𝑖 (𝛽𝛽 ) is the contribution of OD-commodity 
observation i to the weighted log-likelihood, 𝛽𝛽  denotes 
the vector of coefficients to be estimated, 𝑠𝑠𝑚𝑚𝑚𝑚𝑚  is the 
observed share of mode 𝑚𝑚, 𝑃𝑃𝑚𝑚𝑚𝑚𝑚  is the corresponding 
model probability and 𝑤𝑤𝑖𝑖  is the row weight.

In the reference specification, the weight is the 
total transported quantity in the row, 𝑤𝑤𝑖𝑖 = 𝑄𝑄𝑖𝑖 . Since 
𝑄𝑄𝑖𝑖𝑠𝑠𝑚𝑚𝑚𝑚𝑚 = 𝑞𝑞𝑚𝑚𝑚𝑚𝑚 , the weighted objective can also be written 
as

	 𝑙𝑙 (𝛽𝛽 ) = ∑
𝑖𝑖
∑

𝑚𝑚
𝑞𝑞𝑚𝑚𝑚𝑚𝑚log𝑃𝑃𝑚𝑚𝑚𝑚𝑚(𝛽𝛽 𝛽𝛽� (20)

The modal tonnes therefore enter the estimation algebra-
ically as frequency weights. Equivalently, the estimator 
minimises the discrepancy, measured through weighted 
cross-entropy, between the observed and predicted 
modal shares, with greater importance given to OD–
commodity cells carrying larger freight volumes.

This does not mean that each tonne is treated as a 
separate observed shipment decision in a behavioural 
sense. Tonnes within the same OD–commodity cell 
share the same explanatory variables, and the data con-
tain no information on the number, size or organisation 
of individual shipments. The likelihood should therefore 
be regarded as a volume-weighted aggregate or pseudo-
likelihood rather than as a conventional individual-choice 
likelihood.

The estimated coefficients describe systematic, vol-
ume-weighted associations between modal attributes 
and the allocation of tonnes across modes. Their signs 
and relative magnitudes remain useful for characteris-
ing the aggregate modal structure, but they should not be 
interpreted as individual shipper preference parameters. 
They may also reflect aggregation, omitted logistics char-
acteristics, the construction of the network attributes and 
differences in effective modal availability.

Alternative weighting functions, including square-
root and power weights, were examined during model 
development. Such weights reduce the dominance of 
the largest OD cells and may be preferable when the pri-
mary objective is behavioural interpretation. Raw ton-
nage weights were retained here because the operational 
objective gives particular importance to reproducing the 
modal allocation of large freight flows.

4  Base-year calibration layer
The behavioural logit model does not, structurally, repro-
duce the non-road matrices. Whenever a non-road alter-
native is available, the logit model assigns it a positive 
probability. If the OD-cell total flow is large, even a small 
probability can generate noticeable predicted tonnes in 
a cell where the observed non-road flow is zero. At the 
same time, the model can underpredict OD-commodity 
cells where rail or inland waterways are strongly estab-
lished. To address this, utility correction constants are 
added to the non-road utilities:

	 𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = 𝑉𝑉 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝑖𝑖)� (21)

	 𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐
𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑖𝑖)� (22)

Calibrated probabilities are computed with the same logit 
formula:
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𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑚𝑚𝑚𝑚𝑚 =

exp (𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐
𝑚𝑚𝑚𝑚𝑚 )

∑𝑘𝑘∈𝐴𝐴𝑖𝑖
exp (𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐

𝑘𝑘𝑘𝑘𝑘 )
� (23)

and calibrated modal tonnes are

	 ̂𝑞𝑞𝑐𝑐𝑐𝑐𝑐𝑐𝑚𝑚𝑚𝑚𝑚 = 𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑚𝑚𝑚𝑚𝑚 𝑄𝑄𝑖𝑖 � (24)

The calibration of cell 𝑐𝑐 (𝑖𝑖) can be defined at several 
levels: mode, mode-group, mode-distance, mode-
group-distance, mode-IWW-availability, mode-group-
IWW-availability, mode-OD and mode-OD-group. The 
operational specification uses the “mode-OD-group” 
level, which varies by mode, OD pair and commodity 
group.

Each observation corresponds to one OD–commodity 
row. The implementation stores one bounded calibration 
constant for IWW and one for rail for every such row. 
The Europe dataset therefore contains 261,144 stored 
calibration constants for 130,572 observations, Benelux+ 
contains 657,328 constants for 328,664 observations, 
and Germany contains 520,774 constants for 260,387 
observations. Across the three datasets, this represents 
1,439,246 stored constants for 719,623 observations, or 
two constants per observation.

These constants are not additional behavioural param-
eters estimated through the likelihood function. They are 
bounded residual corrections derived iteratively from the 
same base-year modal matrices. Moreover, a constant 
associated with an unavailable mode is inactive because 
that alternative does not enter the logit denominator.

Nevertheless, for the available non-road alternatives, 
the detailed calibration operates at essentially the same 
OD–commodity level as the observations. Very low in-
sample WAPE values are therefore expected and measure 
base-year matrix reconstruction rather than predictive 
accuracy.

For a calibration cell 𝑐𝑐 and mode 𝑚𝑚, observed and cali-
brated predicted tonnes are:

	
𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜
𝑚𝑚𝑚𝑚𝑚 = ∑ 𝑖𝑖∈ 𝑐𝑐𝑞𝑞𝑚𝑚𝑚𝑚𝑚 𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐

𝑚𝑚𝑚𝑚𝑚 = ∑
𝑖𝑖∈ 𝑐𝑐

̂𝑞𝑞𝑐𝑐𝑐𝑐𝑐𝑐𝑚𝑚𝑚𝑚𝑚 � (25)

The calibration update is based on the sign and magni-
tude of the gap between observed and predicted tonnes 
within each cell. For a non-road mode 𝑚𝑚 and cell 𝑐𝑐, the 
current prediction is compared with the observed ton-
nage through the log-ratio:

	
Δ 𝑚𝑚𝑚𝑚𝑚 = ln (

𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜
𝑚𝑚𝑚𝑚𝑚 + 𝜖𝜖

𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐𝑚𝑚𝑚𝑚𝑚 + 𝜖𝜖
) .� (26)

where 𝜖𝜖 𝜖 𝜖 is a small constant used to avoid division by 
zero.

This quantity gives the direction in which the utility 
correction should move. If the model underpredicts a 
cell, then 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜

𝑚𝑚𝑚𝑚𝑚 > 𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐
𝑚𝑚𝑚𝑚𝑚, the ratio is greater than one, and 

Δ 𝑚𝑚𝑚𝑚𝑚 is positive. The calibration constant is therefore 
increased, which raises the utility of that mode in that cell 
and increases its predicted probability. Conversely, if the 
model overpredicts a cell, the ratio is below one, Δ 𝑚𝑚𝑚𝑚𝑚 is 
negative, and the constant is reduced. The actual update 
equation can be written as:

	 𝐶𝐶𝐶𝐶𝐶𝐶𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑚 = clip (𝐶𝐶𝐶𝐶𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜𝑚𝑚𝑚𝑚𝑚 + 𝜆𝜆 clip(Δ 𝑚𝑚𝑚𝑚𝑚, −𝑠𝑠max, 𝑠𝑠max), −𝐾𝐾𝐾𝐾𝐾)�(27)

in which 𝜆𝜆  is the damping factor, 𝑠𝑠max is the maximum 
update step allowed at each iteration, and 𝐾𝐾 is the maxi-
mum absolute value allowed for the constant. Calibration 
constants are indeed bounded to avoid extreme utility 
corrections and uncontrolled overfitting. The cap keeps 
the calibration stable and interpretable, while still allow-
ing large base-year adjustments.

The logarithmic form is useful because the utility cor-
rection constants are additive in utility but multiplicative 
in odds. Adding a constant 𝐶𝐶𝐶𝐶𝐶𝐶𝑚𝑚𝑚𝑚𝑚 to a utility multiplies 
the odds of choosing that mode by exp (𝐶𝐶𝐶𝐶𝐶𝐶𝑚𝑚𝑚𝑚𝑚). There-
fore, a log-ratio between observed and predicted tonnes 
provides a natural update direction in utility space.

The update is damped4 and clipped because changing 
one modal utility also changes the probabilities of the 
other modes through the logit denominator. The process 
therefore proceeds iteratively: constants are adjusted, 
probabilities are recomputed, new discrepancies are mea-
sured, and the loop continues until the updates become 
small or the maximum number of iterations is reached.

The calibration constants are obtained through an iter-
ative proportional correction in utility space. For each 
calibration cell 𝑐𝑐 and each calibrated non-road mode 𝑚𝑚
, observed and predicted tonnes are compared after each 
iteration. The predicted tonnes are computed as the sum 
of the modal probabilities multiplied by the OD-com-
modity tonnage over all observations belonging to the 
same calibration cell. The update is applied only to IWW 
and rail; the road utility remains normalized to zero.

Let 𝑄𝑄obs
𝑚𝑚𝑚𝑚𝑚 be the observed tonnes for mode 𝑚𝑚 in cali-

bration cell 𝑐𝑐, and 𝑄𝑄pred,(𝑟𝑟)
𝑚𝑚𝑚𝑚𝑚  the corresponding predicted 

tonnes at iteration 𝑟𝑟. The raw update is5:

	
𝑢𝑢(𝑟𝑟)𝑚𝑚𝑚𝑚𝑚 = ln (

𝑄𝑄obs
𝑚𝑚𝑚𝑚𝑚 + 𝜖𝜖

𝑄𝑄pred,(𝑟𝑟)
𝑚𝑚𝑚𝑚𝑚 + 𝜖𝜖

)� (28)

4  The damping factor reduces the size of each calibration update. It is used 
to avoid abrupt changes in utility constants and to make the iterative calibra-
tion more stable.
5  Eqs. 28–30 provide the iteration-indexed form of the compact calibration 
update in Eqs. 26–27.
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The update is first clipped to the interval [−𝑠𝑠max, +𝑠𝑠max]:

	
∼
𝑢𝑢
(𝑟𝑟)
𝑚𝑚𝑚𝑚𝑚 = max [−𝑠𝑠max,min (𝑠𝑠max, 𝑢𝑢(𝑟𝑟)𝑚𝑚𝑚𝑚𝑚)]� (29)

The calibration constant is then updated with a damping 
factor and bounded to the interval [−𝐾𝐾𝐾𝐾𝐾𝐾]:

	
CAL(𝑟𝑟𝑟𝑟)𝑚𝑚𝑚𝑚𝑚 = max [−𝐾𝐾𝐾min (𝐾𝐾𝐾CAL(𝑟𝑟)𝑚𝑚𝑚𝑚𝑚 + 𝜆𝜆

∼
𝑢𝑢
(𝑟𝑟)
𝑚𝑚𝑚𝑚𝑚)]�(30)

If both observed and predicted tons are effectively zero, 
the update is set to zero. The constants therefore increase 
when a mode is underpredicted in a calibration cell and 
decrease when it is overpredicted. The numerical settings 
used for the reported base-year calibration are given in 
Appendix A.

In the reported base-year runs, the detailed “mode-od-
group” calibration stopped after 80 iterations rather than 
by the tolerance criterion. This is mainly due to sparse 
OD-commodity cells for which non-road alternatives are 
technically available but have zero or very small observed 
flows. These cells can continue to request clipped nega-
tive updates even when the aggregate calibration error 
has already become very small. For this reason, the maxi-
mum number of iterations and the bound on the con-
stants are part of the calibration design. They prevent an 
unconstrained search for exact reproduction in sparse 
cells while still allowing the calibration layer to restore 
the main base-year structure of the modal OD matrices.

It is important to be aware that the constants are not 
behavioural coefficients. A positive constant means that 
the behavioural model underpredicts the correspond-
ing flow in the cell; a negative constant means it over-
predicts it. Large negative constants often identify cells 
where a mode is technically available but absent from the 
observed matrix. In this sense, the second layer restores 
matrix sparsity and absorbs OD, commodity, termi-
nal, corridor and logistics effects that are not directly 
observed.

Both the behavioural layer and the (optional) base-year 
calibration are implemented in a single Python script, 
in which the model parameters were estimated using 
Biogeme [7], an open-source Python package designed 
for maximum-likelihood estimation of discrete-choice 
models.

5  Evaluation metrics
Model performance is evaluated at the modal OD-cell 
level. The resulting metrics are used for different pur-
poses: in the detailed calibration they measure in-sample 
base-year reconstruction, whereas in the holdout experi-
ment they provide evidence on performance for OD pairs 

not used during estimation and calibration. Predicted 
aggregate tonnes are computed as:

	 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜
𝑚𝑚 = ∑ 𝑖𝑖𝑞𝑞𝑚𝑚𝑚𝑚𝑚, 𝑄𝑄𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑚𝑚 = ∑ 𝑖𝑖 ̂𝑞𝑞𝑚𝑚𝑚𝑚𝑚 � (31)

And the corresponding modal shares are:

	
𝑆𝑆𝑜𝑜𝑜𝑜𝑜𝑜𝑚𝑚 = 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜

𝑚𝑚
∑ 𝑘𝑘𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜

𝑘𝑘
, 𝑆𝑆𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑚𝑚 = 𝑄𝑄𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑚𝑚

∑ 𝑘𝑘𝑄𝑄𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑘𝑘

� (32)

At the OD-cell level, the prediction error is

	 𝑒𝑒𝑚𝑚𝑚𝑚𝑚 = ̂𝑞𝑞𝑚𝑚𝑚𝑚𝑚 − 𝑞𝑞𝑚𝑚𝑚𝑚𝑚 � (33)

The main OD-cell metric is WAPE (Eq.  34). WAPE is 
preferred to MAPE because modal freight matrices con-
tain many zero or very small non-road cells. By summing 
absolute errors before dividing by total observed tonnes, 
WAPE remains well-defined and interpretable for sparse 
matrices.

	
WAPE𝑚𝑚 =

∑𝑖𝑖 || ̂𝑞𝑞𝑚𝑚𝑚𝑚𝑚 − 𝑞𝑞𝑚𝑚𝑚𝑚𝑚||
∑𝑖𝑖 𝑞𝑞𝑚𝑚𝑚𝑚𝑚

� (34)

The following bias is also reported:

	
𝐵𝐵𝑚𝑚 = ∑

𝑖𝑖
( ̂𝑞𝑞𝑚𝑚𝑚𝑚𝑚 − 𝑞𝑞𝑚𝑚𝑚𝑚𝑚), 𝐵𝐵%

𝑚𝑚 =
∑𝑖𝑖 ( ̂𝑞𝑞𝑚𝑚𝑚𝑚𝑚 − 𝑞𝑞𝑚𝑚𝑚𝑚𝑚)

∑𝑖𝑖 𝑞𝑞𝑚𝑚𝑚𝑚𝑚
�(35)

It captures the signed difference between predicted and 
observed tonnes and serves as a diagnostic indicator of 
directional bias, showing whether the model tends to 
over- or under-predict modal tonnes after calibration.

Calibration-constant distributions are used as an addi-
tional diagnostic. The unweighted distribution shows 
how many cells require correction. The weighted distri-
bution shows where observed modal tonnes are located 
in that distribution. This distinction is useful because a 
large number of negative constants may simply corre-
spond to empty non-road cells.

Finally, an OD-pair holdout experiment is performed 
and repeated three times using the random seeds 12,345, 
1234, and 123. For each dataset and repetition, the unique 
directional OD pairs, defined by the origin and desti-
nation identifiers, are first identified. Twenty per cent 
of these OD pairs are then selected randomly without 
replacement for the test sample, while the remaining 80% 
form the training sample. All commodity-group obser-
vations associated with a given OD pair are assigned to 
the same sample, thereby preventing observations for the 
same OD relation from appearing in both training and 
test data.

The split is performed on the raw data before prepro-
cessing and estimation. The centring constants, fallback 
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values used for unavailable alternatives, behavioural 
coefficients and mode–group–distance calibration con-
stants are obtained exclusively from the training sample. 
The held-out observations are subsequently transformed 
using the training-sample quantities and are used only 
for evaluation.

6  Results and discussion
6.1  Behavioural layer
The coefficients in Table 2 describe the behavioural com-
ponent of the model before the base-year calibration con-
stants are added. The table is deliberately limited to the 
main cost, moving-time, distance and market-structure 
parameters in order to facilitate comparison across data-
sets. The corresponding estimation diagnostics, including 
robust standard errors, t-statistics, p-values, confidence 
intervals and active-bound information, are reported in 
Appendix B.

The statistical results should be interpreted in light of 
the aggregate and volume-weighted nature of the estima-
tion. The robust standard errors and confidence intervals 
reported in Appendix B are calculated for the weighted 
pseudo-likelihood. Because annual tonnes enter as fre-
quency weights, the numerical information content 
implied by the estimation criterion is very large, produc-
ing extremely small standard errors and very large t-sta-
tistics. These values are useful for detecting numerical 
instability and active bounds, but the associated p-val-
ues and confidence intervals should not be interpreted 
as shipment-level statistical significance or as classical 
sampling uncertainty based on independent choices. 
They are conditional diagnostics of the weighted aggre-
gate pseudo-likelihood. In the discussion below, greater 
emphasis is therefore placed on coefficient signs, active 
bounds, stability across datasets and sensitivity results 
than on statistical significance alone.

Commodity-group constants are also an important part 
of the behavioural specification. They account for differ-
ences in the underlying suitability of each commodity 
group for inland waterways and rail after controlling for 
the other variables in the utility functions. The complete 
set of commodity-group constants and their implied 
odds multipliers relative to road are reported in Appen-
dix C. The results show a clear and consistent commodity 
structure. Solid mineral fuels have the most favourable 
constants for both non-road modes, while fertilisers have 
a particularly favourable rail effect. Most other commod-
ity groups have negative constants, although their magni-
tude varies considerably across datasets.

The most stable result is the negative coefficient of the 
IWW cost ratio. This coefficient has the expected sign in 
all three datasets: when inland-waterway cost increases 
relative to road, the utility of inland waterways decreases. 
Because the variable is a logarithmic ratio, the coefficient 
can be read in proportional terms. A 10% increase in rel-
ative IWW cost reduces the IWW odds by roughly 30% 
in the Europe dataset, 35% in the Benelux+ dataset and 
18% in the Germany dataset, all else equal. Among the 
behavioural variables, this is the clearest and most con-
sistent cost signal.

The moving-time coefficients are less stable. In the 
Europe NUTS2 dataset, both IWW and rail moving-time 
effects are negative, as expected, with a stronger effect 
for rail. In the two NUTS3 datasets, however, the mov-
ing-time coefficients reach the zero bound. This should 
not be read as evidence that transport time is irrelevant 
for freight decisions. A more plausible interpretation is 
that, at the finer spatial resolution, moving time does not 
add much independent information once relative costs, 
distance splines, commodity constants and availability 
structure are already included. Moving time is strongly 
correlated with distance and network geography, and its 
separate contribution is therefore difficult to identify in 

Table 2  Key behavioural coefficients across datasets
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these matrices. Since the moving-time coefficients were 
constrained to be non-positive, an estimate equal to zero 
means that the optimum is reached at the upper bound. 
It should therefore be interpreted as an absence of an 
additional identifiable negative moving-time effect in that 
dataset, not as evidence that transport time has no prac-
tical relevance.

The distance coefficients are important, but they are 
clearly dataset-specific. In the European dataset, the first 
IWW distance segment is negative, while the second and 
the third are positive, suggesting that, at the broad Euro-
pean level, inland waterways are relatively disadvantaged 
for shorter movements. Rail shows a similar pattern, 
with a negative short-distance effect and a stronger posi-
tive effect between 150 and 300 km. In the Benelux + and 
Germany datasets, the distance coefficients are mostly 
positive, and particularly large in Germany for longer-
distance segments. This confirms that distance does not 
act as a simple linear variable but that its effect depends 
on spatial considerations.

The positive coefficient associated with IWW availabil-
ity in the rail utility is also informative. Its value is larg-
est in the European dataset and smaller, but still positive, 
in the two NUTS3 datasets. In odds terms, the coeffi-
cient increases rail odds by a factor of about 1.82 in the 
Europe dataset, 1.24 in the Benelux+ dataset and 1.35 in 
the Germany dataset. As discussed in Sect.  3, it acts as 
a market-structure indicator. The variable therefore helps 
rail utility account for unobserved multimodal corridor 
conditions.

Overall, Table  2 supports the modelling strategy pre-
sented in this paper: the same specification can be 
applied to the three datasets, but the estimated coef-
ficients should remain dataset specific. The IWW cost 
effect is robust, whereas moving time and distance effects 
depend more strongly on the spatial scale and regional 
freight transport network structure.

The pre-calibration results presented in Table  3 show 
a clear contrast: at the aggregate level, the behavioural 
model already reproduces modal shares quite well but, at 
OD-cell level, the WAPE values remain high, especially 
for rail and inland waterways.

To assess whether the richer behavioural specification 
improves matrix reproduction, it was compared with a 
simpler model estimated within exactly the same frame-
work. The benchmark model follows a conventional 
logarithmic cost-and-time specification. For mode 𝑚𝑚

, observation 𝑖𝑖 and commodity group 𝑔𝑔, the underlying 
systematic utility is

	 𝑉𝑉𝑚𝑚𝑚𝑚𝑚 = 𝛼𝛼 𝑚𝑚𝑚𝑚𝑚 + 𝛽𝛽 𝐶𝐶 ln𝐶𝐶𝑚𝑚𝑚𝑚𝑚 + 𝛽𝛽 𝑇𝑇𝑇𝑇𝑇ln𝑇𝑇𝑚𝑚𝑚𝑚𝑚 � (36)

where 𝑉𝑉𝑚𝑚𝑚𝑚𝑚  is the systematic utility of mode 𝑚𝑚 for obser-
vation 𝑖𝑖, 𝛼𝛼 𝑚𝑚𝑚𝑚𝑚 is the commodity-group-specific constant 
for mode 𝑚𝑚 and commodity group 𝑔𝑔, 𝛽𝛽 𝐶𝐶  is the loga-
rithmic transport-cost coefficient common to all modes, 
and 𝛽𝛽 𝑇𝑇𝑇𝑇𝑇 is the mode-specific logarithmic moving-time 
coefficient. Road is used as the reference alternative, 
and its utility is normalised to zero when the model is 
expressed in relative form.

The benchmark uses the same observations, availabil-
ity rules, annual-tonnage weights, likelihood formulation 
and evaluation metrics as the reference model. Differ-
ences in WAPE (Table  4) can therefore be attributed to 
the utility specification rather than to differences in data 
processing or evaluation6.

The reference specification produces lower OD-cell 
WAPE in eight of the nine dataset–mode comparisons. 
The improvements are moderate in most cases, ranging 
from approximately 3% to 6%, but are substantially larger 
for road and rail in Germany, where WAPE is reduced 
by approximately 20%. European rail is the only excep-
tion. In that case, WAPE changes from 1.085 under the 
conventional specification to 1.088 under the preferred 
specification, a difference of only 0.2% that should be 
regarded as negligible.

6  With this simple specification, the estimated IWW and/or Rail time 
parameters are equal to zero (bounded) for both NUTS 3 models.

Table 3  Main results of the behavioural layer
Dataset Road IWW Rail

obs. % est. % WAPE obs. % est. % WAPE obs. % est. % WAPE
Europe 80.01 80.01 0.233 6.18 6.18 1.176 13.81 13.81 1.088

Benelux+ 79.72 79.72 0.219 11.94 11.94 1.039 8.34 8.34 1.151

Germany 85.46 85.46 0.102 2.45 2.45 1.375 12.10 12.10 0.627

Table 4  WAPE comparison between the conventional cost-and-
time model and the preferred behavioural specification
Dataset Mode Conventional 

cost–time 
model

Preferred 
behavioural 
model

Relative 
reduc-
tion 
(%)

Europe Road 0.241 0.233 3.4

IWW 1.213 1.176 3.1

Rail 1.085 1.088 −0.2

Benelux+ Road 0.233 0.219 6.2

IWW 1.099 1.039 5.4

Rail 1.191 1.151 3.3

Germany Road 0.128 0.102 20.4

IWW 1.450 1.375 5.2

Rail 0.775 0.627 19.1
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The comparison indicates that logarithmic cost and 
moving time alone do not capture all the systematic spa-
tial variation in the modal matrices. The mode-specific 
distance profiles and the rail market-structure indica-
tor generally add explanatory information, although 
their contribution varies across modes and datasets. The 
results do not imply that every additional term improves 
every individual case.

The comparison also confirms that the richer behav-
ioural specification remains insufficient to reproduce 
the sparse non-road OD matrices closely. Even when it 
improves on the conventional benchmark, pre-calibra-
tion IWW and rail WAPE remains high. This provides 
further motivation for treating the bounded calibra-
tion layer as a separate base-year matrix-reconstruction 
component rather than expecting the behavioural model 
alone to reproduce the detailed geography of non-road 
flows.

6.2  Sensitivity to the distance-spline thresholds
As explained in Sect. 3, the thresholds of 150 and 300 km 
were selected ex ante to provide a common and interpre-
table distinction between relatively short, intermediate 
and longer-distance freight movements.

To examine the sensitivity of the results to this mod-
elling choice, the behavioural model was re-estimated 
with lower thresholds of 100 and 250  km and higher 
thresholds of 200 and 400  km. All other elements were 
unchanged, including the observations, technical-
availability rules, annual-tonnage weights, explanatory 
variables and coefficient constraints. Table  5 reports 
pre-calibration OD-cell WAPE, since this is the stage at 
which changes in the behavioural distance specification 
should be evaluated.

The WAPE results are relatively insensitive to the loca-
tion of the knots. Across the nine dataset–mode combi-
nations, the largest difference between specifications is 
approximately 0.031, for European rail. In relative terms, 
the complete range remains below approximately 3% of 
the reference WAPE in every case. No alternative thresh-
old pair consistently dominates the others. The higher 

thresholds improve some European results, whereas the 
reference thresholds perform slightly better for several 
Benelux + and German results.

The main coefficient conclusions are also preserved. 
The IWW cost coefficient remains negative in every 
dataset, and the rail market-structure coefficient remains 
positive. The European moving-time coefficients remain 
negative, while both German moving-time coefficients 
remain at their zero bounds. The main exception con-
cerns IWW moving time in Benelux+, which is nega-
tive with the 100–250 km thresholds but reaches its zero 
bound with the reference and higher thresholds. This 
indicates some sensitivity in the allocation of explanatory 
power between moving time and distance, rather than a 
material change in matrix-reproduction performance.

The 150 and 300 km thresholds are therefore retained 
as an interpretable common segmentation. The sensitiv-
ity analysis does not indicate that they represent uniquely 
optimal or precisely estimated economic breakpoints, 
but it shows that the main behavioural and matrix-repro-
duction conclusions do not depend materially on reason-
able changes in their location.

6.3  Sensitivity to the rail-cost term
Table  6 compares the reference specification with an 
otherwise identical model that includes the centred log-
arithm of rail cost relative to road. The comparison is 
made before and after the detailed base-year calibration. 

Table 5  Pre-calibration OD-cell WAPE under alternative 
distance-spline thresholds
Dataset Mode 100–250 km 150–300 km 200–400 km
Europe Road 0.236 0.233 0.230

IWW 1.187 1.176 1.190

Rail 1.085 1.088 1.057

Benelux+ Road 0.224 0.219 0.223

IWW 1.040 1.039 1.038

Rail 1.160 1.151 1.154

Germany Road 0.103 0.102 0.104

IWW 1.373 1.375 1.373

Rail 0.631 0.627 0.633

Table 6  Sensitivity of the rail results to the inclusion of rail cost
Dataset Rail cost Rail-cost coefficient Pre-calibration rail 

WAPE
Pre-calibration rail 
bias (%)

Post-calibration rail 
WAPE

Rail con-
stants at 
− 8 (%)

Europe No - 1.088 |bias| < 0.01 0.006 85.54

Europe Yes −0.2856 1.073 |bias| < 0.01 0.006 85.54

Benelux+ No - 1.151 |bias| < 0.01 0.011 89.07

Benelux+ Yes 0.0000 1.151 |bias| < 0.01 0.011 89.07

Germany No - 0.627 |bias| < 0.01 0.009 80.13

Germany Yes 0.0000 0.627 |bias| < 0.01 0.009 80.13
The rail-cost coefficient was constrained to be non-positive. An estimate of zero therefore indicates that the optimum is located at the upper bound. Bias is the 
difference between predicted and observed aggregate rail tonnes divided by observed rail tonnes. The calibration results use the “mode–OD–group” level and an 
absolute constant bound of 8



Page 13 of 19Jourquin European Transport Research Review          (2026) 18:102 

The pre-calibration results are particularly relevant 
because this is where an additional behavioural variable 
should improve the explanatory structure of the model.

The coefficient provides some additional information in 
the Europe NUTS2 dataset, where it is negative and esti-
mated away from its bound. The weighted log-likelihood 
improves slightly, from approximately − 2.228334 × 10⁹ 
to − 2.228260 × 10⁹. Pre-calibration rail WAPE also 
decreases from 1.088 to 1.073, a modest reduction of 
approximately 1.4%. This improvement is limited to the 
European dataset and does not persist after detailed cali-
bration, for which rail WAPE remains unchanged at the 
reported precision.

More importantly, the coefficient reaches its zero 
bound in both NUTS3 datasets. The variable therefore 
does not provide a stable cost response across the three 
empirical settings. This instability may reflect the con-
struction of the cost variable and its correlation with 
distance, moving time and network geography, rather 
than an absence of a genuine price effect in rail freight 
markets.

Including rail cost has virtually no effect on aggregate 
bias, post-calibration WAPE or the proportion of rail 
calibration constants at the negative bound. It therefore 
does not improve post-calibration OD-matrix repro-
duction or reduce the burden placed on the calibration 
layer. Effects on the road and IWW results are similarly 
negligible.

On this basis, the more parsimonious specification 
without rail cost is retained as the common reference 
model. The rail-cost version is treated as a sensitivity 
test showing that the main matrix-reproduction results 
do not depend on its exclusion. The model should con-
sequently not be interpreted as providing a transferable 
rail-price elasticity; applications focused specifically on 
rail-pricing policies would require additional data, exter-
nal elasticity evidence or a dedicated re-estimation.

6.4  Base-year calibration layer
After calibration, the WAPE values fall sharply for all 
three datasets and modes, as shown in Table 7. This dem-
onstrates that the detailed “mode-OD-group” correction 
is effective at restoring the base-year geography and spar-
sity of the modal matrices.

These results are in-sample base-year reconstruction 
statistics rather than measures of predictive performance. 

The calibration stores two bounded constants per OD–
commodity observation, one for each non-road mode, 
although constants associated with unavailable alterna-
tives are inactive. The correction is therefore defined at 
almost the same level as the observed matrix. The very 
low post-calibration WAPE values are consequently an 
expected result of the detailed calibration design and 
should be interpreted as evidence of successful in-sample 
base-year reconstruction.

The purpose of Table 7 is to assess whether the frame-
work can generate assignment-ready base-year matrices. 
It does not show that the detailed constants can be trans-
ferred unchanged to new OD pairs, another base year or 
a policy scenario.

Transferability is examined separately in Sect. 6.6 
through repeated OD-pair holdout experiments, where 
OD-specific constants cannot be used and a coarser 
“mode-group-distance” calibration is applied.

The bias values add another useful check. While WAPE 
measures the size of the OD-cell errors, bias indicates 
whether a mode is still over- or under-predicted overall. 
After calibration, the remaining biases are very small. 
The slight tendency is for road to be marginally over-pre-
dicted and for the two non-road modes to be marginally 
under-predicted, but the differences are negligible com-
pared with the observed modal tonnes. This suggests that 
the calibration layer of the model has removed almost all 
systematic modal imbalances, while still leaving the cali-
bration bounded and transparent. The use of bounded 
constants, the analysis of their distribution, and the sepa-
rate holdout test help clarify this distinction and provide 
an assessment of transferability.

6.5  Calibration constants
The distribution of calibration constants (Table  8) is 
useful because it shows what the layer is doing. At the 
detailed mode–OD–group level, the implementation 
stores one calibration entry for each non-road mode and 
each retained OD–commodity observation. The num-
ber reported in the table therefore equals the number of 
observations for both inland waterways and rail. This is 
a bookkeeping convention and should not be interpreted 
as indicating that both modes are technically available 
or actively calibrated in every observation. When a non-
road mode is unavailable, its observed and predicted 
tonnes are both zero, no calibration update is applied, 

Table 7  In-sample base-year OD-matrix reproduction after detailed calibration
Dataset Road IWW Rail

WAPE Bias (%) WAPE Bias (%) WAPE Bias (%)

pre-calib post-calib pre-calib post-calib pre-calib post-calib
Europe 0.233 0.001 0.13 1.176 0.005 -0.44 1.088 0.006 -0.56

Benelux+ 0.219 0.002 0.20 1.039 0.007 -0.62 1.151 0.011 -1.06

Germany 0.102 0.001 0.13 1.375 0.005 -0.48 0.627 0.009 -0.80
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and the corresponding stored entry has no effect on the 
utility or modal probabilities. Only entries associated 
with technically available alternatives can generate an 
effective calibration correction. The first results shown in 
the table are the strong contrast between the unweighted 
and weighted distributions. If all cells are counted 
equally, many constants are very negative, especially for 
rail. This pattern reflects the sparsity of non-road matri-
ces: many OD-commodity cells are technically available 
for rail or inland waterways but carry no observed flow. 
The effect is strongest for rail, where 80–89% of constants 
are at the lower bound, and less pronounced for IWW, 
where the corresponding share ranges from about 18% to 
44%.

The high proportion of rail constants at the lower 
bound should be interpreted in relation to the distinction 
between technical and effective availability. Rail is techni-
cally available in almost all retained observations because 
a network path can be constructed, but the observed 
matrices indicate that it is used in only a much smaller 
subset of OD–commodity relations. The calibration 
therefore assigns very negative residual utilities to many 
cells in which the behavioural logit model would other-
wise produce a small positive rail probability.

These lower-bound constants should not be interpreted 
as estimated availability parameters or as proof that the 
corresponding alternatives are structurally impossible. 
They indicate that, given the available explanatory vari-
ables, the base-year matrix contains no or negligible 
non-road flow in those cells. The calibration layer conse-
quently approximates several mechanisms that the data 
do not distinguish, including effective choice-set exclu-
sion, unobserved logistics constraints and realised zero 
demand.

A two-stage or hurdle specification would provide a 
more explicit representation. In such a model, a first 
component would estimate whether a non-road mode 
enters the effective choice set or carries positive flow, and 
a second component would model the conditional modal 
share or tonnage when it does. A structural-zero or zero-
inflated approach could similarly distinguish cells that are 

effectively excluded from cells that are technically avail-
able but happen to record zero flow.

Such approaches would be attractive conceptually, but 
their identification would require additional information 
or repeated observations. With a single aggregate base-
year matrix, an observed zero cannot reliably be classi-
fied as structural or incidental. Estimating a participation 
model from the same zero pattern that is later repro-
duced could also shift, rather than resolve, the risk of 
overfitting. For the present assignment-oriented applica-
tion, the bounded utility correction is retained as a trans-
parent operational approximation. Its role is limited to 
base-year reconstruction, and the lower-bound constants 
are not given a behavioural or causal interpretation.

Weighted by observed modal tonnes, almost no traf-
fic is associated with constants at the negative cap. The 
many constants equal to the cap of -8 therefore mainly 
correspond to empty or negligible OD-commodity cells, 
rather than to suppressed observed non-road flows. 
They are not suppressing large observed non-road flows; 
they mostly remove the small positive probabilities 
that the logit model would otherwise assign to unused 
alternatives.

For the cells that actually carry non-road tonnes, the 
utility corrections are generally positive. The weighted 
medians are between about 2.4 and 3.2 for both IWW 
and rail. This means that observed non-road flows tend 
to occur in cells where the behavioural model alone 
underestimates the attractiveness of the corresponding 
mode. The second layer of the model therefore reinforces 
established non-road corridors and commodity flows, 
while reducing spurious traffic in unused cells.

It is also worth noting that very little observed ton-
nage is associated with constants at the positive cap. The 
weighted percentage at + 8 remains close to zero in all 
cases. This is reassuring because it suggests that the cali-
bration layer is not driven by a small number of extreme 
positive corrections. The calibration constants are 
often strong, but they are not simply forcing large flows 
through the upper bound.

The detailed calibration naturally raises concerns about 
overfitting. This concern is legitimate, since corrections 

Table 8  Calibration-constant distribution by dataset and mode
Dataset Mode # stored entries Unweighted Weighted

median % at -8 % at + 8 median % at -8 % at + 8
Europe IWW 130,572 0.00 18.19 0.00 2.61 0.00 0.00

rail 130,572 -8.00 85.54 0.01 2.44 0.00 0.01

Benelux+ IWW 328,664 0.00 43.94 0.00 2.63 0.00 0.00

rail 328,664 -8.00 89.07 0.01 3.24 0.00 0.07

Germany IWW 260,387 0.00 40.64 0.04 2.62 0.00 0.13

rail 260,387 -8.00 80.13 0.03 2.52 0.00 0.10
The count includes one stored mode–OD–group entry for each non-road mode and retained OD–commodity observation. Entries corresponding to technically 
unavailable alternatives are inactive and do not affect utilities or predicted modal probabilities
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defined by OD pair, mode, and commodity group may 
reproduce a substantial part of the base-year matrix 
structure. For this reason, the calibrated fit should not 
be interpreted as evidence that the behavioural model 
alone can predict the detailed geography of non-road 
freight. It should rather be seen as a constrained base-
year matrix-reproduction mechanism designed to sup-
port assignment.

6.6  OD-pair holdout and transferability diagnostic
The holdout exercise is used here as a diagnostic test 
rather than as a full cross-validation design. As expected, 
the holdout results (Table  9) give a more cautious view 
of the model than the base-year fitted results. In the for-
mer case, the detailed “mode-OD-group” constants are 
allowed to correct each observed OD-commodity cell. 
In the holdout test, this is no longer possible, because 
20% of OD pairs are deliberately kept outside the sam-
ple. The calibration therefore has to rely on a coarser 
“mode-group-distance” level, which can be applied to 
unseen OD pairs but cannot capture OD-specific corri-
dor effects.

The first result is that the post-calibration WAPE is 
lower than the pre-calibration one in all three datas-
ets and for all three modes in this holdout split. The 
improvement is not dramatic. This suggests that the 
coarser calibration may capture some transferable struc-
ture, especially differences by mode, commodity group 
and distance range. In that sense, the second layer does 
more than reproduce individual OD pairs; part of it 
reflects more general regularities in the matrices.

The size of the improvement, however, remains limited. 
For Europe, IWW WAPE decreases from 1.451 to 1.382 
and rail WAPE from 1.056 to 1.032. For Benelux+, the 
reduction is somewhat clearer, especially for rail, where 
WAPE falls from 1.102 to 1.000. Germany shows only 
small changes, particularly for road, where the WAPE is 
already low and remains almost unchanged. These val-
ues indicate that the model can improve predictions on 
unseen OD pairs, but not nearly as strongly as in the 
detailed base-year calibration.

The mode-specific patterns are also informative. Road 
has much lower WAPE than rail and inland waterways in 
all datasets. This reflects the fact that the road matrix is 
much denser and dominant in volume terms.

To examine the sensitivity of the results to the random 
partition, the OD-pair holdout experiment was repeated 

three times using the random seeds 12,345, 1234 and 
123. As described in Sect. 5, the split was performed at 
the level of directional OD pairs, with all commodity-
group observations associated with a given OD pair kept 
in the same sample. Each repetition used 80% of the OD 
pairs for training and 20% for testing.

The random OD-pair holdout remains an interpola-
tion-oriented test. Training and test observations are 
drawn from the same dataset and therefore share the 
same regional system, network representation and broad 
corridor structure. The exercise tests whether the behav-
ioural model and the coarser calibration can be applied 
to OD pairs that were not used during estimation, but 
it does not establish transferability to an entirely unseen 
region, port hinterland or freight corridor.

A spatially blocked or corridor-based holdout would 
provide a more demanding extrapolation test. Such an 
experiment would require a defensible and comparable 
definition of spatial or functional blocks across the Euro-
pean NUTS2, Benelux+ NUTS3 and German NUTS3 
datasets. It would also be sensitive to the sparse concen-
tration of rail and inland-waterway flows, since with-
holding one major corridor could remove a substantial 
share of the observed non-road market from the train-
ing sample. The present random holdout is therefore 
retained as a first transferability diagnostic, while spa-
tially blocked validation is identified as a useful extension 
of the framework.

Table 10 reports, for each dataset and mode, the mean 
pre-calibration WAPE, the mean post-calibration WAPE, 
the sample standard deviation of the post-calibration 
WAPE and its range across the three runs.

The three repeated random holdouts show the same 
directional pattern as the initial split. Across the three 
datasets, three modes and three repetitions, thus 27 com-
parisons in total, post-calibration WAPE is lower than 
the corresponding pre-calibration WAPE in every com-
parison. Given the limited number of repetitions, these 
results should be interpreted as repeated random holdout 
diagnostics rather than as evidence of statistical stability 
or robustness. The observed gains are generally modest 
and vary across splits. Road remains the easiest mode to 
reproduce, with low WAPE and limited variation across 
splits. Rail and inland waterways show higher WAPE 
values and larger variation, especially where observed 
flows are sparse and concentrated in a small number of 

Table 9  Holdout OD-cell WAPE using a “mode-group-distance” calibration
Dataset IWW Rail Road

pre-calib post-calib pre-calib post-calib pre-calib post-calib
Europe 1.451 1.382 1.056 1.032 0.254 0.250

Benelux+ 1.049 0.991 1.102 1.000 0.223 0.215

Germany 1.363 1.340 0.633 0.624 0.096 0.096
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corridors. This is expected: changing the random OD 
split can include or exclude a few important non-road 
OD pairs.

These results therefore support a cautious interpre-
tation of the holdout exercise. The coarser calibration 
appears to capture some transferable structure by mode, 
commodity group and distance band, but it does not 
reproduce the detailed base-year geography in the same 
way as the full “mode-od-group” calibration. The holdout 
test should therefore be read as a diagnostic of transfer-
ability, not as a substitute for the detailed base-year cali-
bration used for assignment.

These results suggest that the framework should be 
understood as having two operating modes. For base-
year assignment, the detailed “mode-OD-group” calibra-
tion is the relevant setting: it uses the behavioural model 
as a structural basis but corrects the OD-commodity 
geography of rail and inland-waterway flows so that the 
matrices can be assigned realistically. For diagnostic 
tests or scenario applications, a coarser calibration level 
is more appropriate, because it does not rely on OD-spe-
cific corrections that may not transfer beyond the base 
year. In that case, the model should be interpreted as a 
pivot around a calibrated reference situation.

6.7  Implications for policy-scenario applications
The sensitivity results also define the limits within which 
the framework can be used for policy scenarios. Scenario 
calculations should be implemented as pivots around 
the calibrated base year: the behavioural attributes and 
utilities are recomputed under the scenario, while the 
detailed base-year calibration constants are held fixed. 
Changes in predicted modal quantities then result from 
changes in the behavioural component rather than from 
recalibrating the model to the scenario.

The reference specification provides a robust direct 
response to changes in IWW cost in all three datasets. 
For rail, however, the situation is more restrictive. Rail 
cost is not included in the reference model, so a rail-price 
change has no direct effect on rail utility. Rail moving 
time has a negative estimated coefficient in the European 
dataset, but the coefficient reaches its zero bound in the 

Benelux + and German datasets. In those two models, a 
change in calculated rail moving time therefore produces 
no direct marginal response through the moving-time 
term.

Rail infrastructure changes may still affect predictions 
when they alter the existence or validity of a rail path, 
modal availability or another attribute entering the utility 
with a non-zero coefficient. The model should not, how-
ever, be assumed to represent the full effect of rail pricing 
or performance policies when the relevant coefficient is 
excluded or located at its bound. In particular, improve-
ments that only reduce rail cost or moving time would 
have little or no direct effect in the two NUTS3 models.

For applications centred on rail pricing, the tested 
rail-cost specification could be used as a sensitivity case 
for the European dataset, where the coefficient is nega-
tive and estimated away from its bound. It would be less 
defensible to use the zero-bound estimates from the 
NUTS3 datasets as transferable rail-price responses. 
Such applications would require additional tempo-
ral or cross-sectional price variation, external elastic-
ity evidence, a constrained coefficient based on prior 
information, or a dedicated re-estimation. The present 
framework is therefore better suited to base-year assign-
ment and local pivot analysis than to unrestricted fore-
casting of rail-price policies.

7  Implementation and software-consistency test 
in Nodus
Nodus was used to compute the explanatory variables 
required by the model. It also provides an open API 
through which user-defined modal-choice plugins can 
be integrated transparently into the assignment work-
flow. The two-layer model discussed in this paper was 
thus implemented in a plugin to connect estimation with 
assignment. Estimated coefficients, centring constants, 
distance thresholds, calibration settings and constants are 
stored in a database key-value table and the plugin reads 
the table and computes calibrated logit probabilities.

The observed shares reported in Table  11 are calcu-
lated for the set of OD–commodity flows retained in the 
Nodus assignment run. This scope is slightly different 

Table 10  Holdout OD-cell WAPE across three random OD-pair splits
Dataset Mode Mean pre-calib. WAPE Mean post-calib. WAPE Std. dev. post-calib. Range post-calib. Mean reduction
Europe IWW 1.200 1.165 0.195 1.005–1.382 0.035

Europe rail 1.086 1.047 0.065 0.991–1.118 0.039

Europe road 0.244 0.238 0.014 0.224–0.250 0.005

Benelux+ IWW 1.032 0.980 0.031 0.946–1.005 0.052

Benelux+ rail 1.195 1.075 0.077 1.000–1.155 0.120

Benelux+ road 0.224 0.214 0.007 0.207–0.221 0.010

Germany IWW 1.383 1.347 0.095 1.255–1.446 0.036

Germany rail 0.630 0.616 0.042 0.571–0.653 0.015

Germany road 0.107 0.107 0.012 0.096–0.120 0.001
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from the prepared estimation sample used in Tables  1 
and 3. In the Python estimation procedure, observations 
are retained after checking positive total tonnage and the 
validity of the network-derived cost, distance and mov-
ing-time attributes. In Nodus, modal paths and availabil-
ity are reconstructed within the assignment environment, 
and a small number of OD–commodity cells may conse-
quently be treated differently.

The underlying freight matrices and reference year are 
the same. The small differences in observed modal shares 
therefore do not result from the modal-choice model 
or from the calibration procedure, but from the slightly 
different set of cells entering the estimation and assign-
ment calculations. Indeed, the input data used by the 
Python script are derived from a network assignment in 
which IWW and rail routes are considered valid only if 
their length does not exceed 2.5 times that of the cor-
responding route for the reference mode. This rule is 
intended to exclude unrealistic modal alternatives. It 
affects a small number of OD pairs for which the original 
OD matrices report positive IWW or rail flows, although 
the corresponding alternative was excluded during the 
assignment.

Tables  11 and 12 are to be considered as software-
consistency tests. They examine whether the estimated 
coefficients, centring constants and bounded calibration 
constants can be transferred from the prepared Python 
modelling environment to the operational Nodus assign-
ment environment while producing broadly comparable 
modal shares and OD-cell results. The comparison does 

not assess agreement with independent observations of 
assigned road, rail or inland-waterway traffic and should 
therefore not be interpreted as an external validation.

The comparison is less close for German inland water-
ways than for the other dataset-mode combinations, but 
Tables  11 and 12 must be interpreted together. In the 
assignment scope, the observed German IWW share is 
2.53%, compared with 2.44% in the Python prediction 
and 2.49% in the Nodus assignment. Nodus is therefore 
closer to the observed aggregate share than Python: its 
difference is about − 0.04 percentage points, compared 
with about − 0.09 percentage points for Python. Nev-
ertheless, the Nodus IWW WAPE is 0.047, whereas the 
internal Python WAPE is 0.005.

This apparent contrast follows from the different infor-
mation conveyed by the two indicators. The aggregate 
modal share is based on the sum of all predicted IWW 
tonnes, so overprediction in some OD-commodity cells 
can offset underprediction in others. WAPE instead sums 
the absolute cell-level errors before dividing by observed 
IWW tonnes. The German results therefore indicate that 
Nodus reproduces the total IWW volume reasonably 
well, but distributes part of that volume differently across 
OD-commodity cells. The difference between 0.005 and 
0.047 cannot be attributed primarily to an aggregate 
modal-share bias.

Because German IWW traffic represents only about 
2.5% of total freight and is concentrated on a limited 
number of navigable corridors, relatively small cell-level 
implementation differences can noticeably increase 
WAPE while leaving the aggregate modal share almost 
unchanged. A brief decomposition of the German IWW 
discrepancy indicates that it is not driven by a single OD 
relation or by only a few extreme cells. Rather, the addi-
tional absolute error is distributed across a larger set of 
OD–commodity relations and is concentrated in a few 
commodity groups, particularly petroleum products, 
chemicals, and minerals and building materials. These 
three groups account for about 81% of the additional 
absolute error in the implementation comparison. The 
higher Nodus WAPE should therefore be interpreted as 
a cell-level implementation discrepancy rather than as 
an aggregate modal-share bias. This remaining cell-level 
discrepancy constitutes a limitation of the present Nodus 
implementation-consistency test. Its precise operational 
source would require a more detailed comparison of 

Table 11  Software consistency of aggregate modal shares 
between the Python model and the Nodus assignment
Model Mode Observed 

share (raw)
Python 
predicted 
share

Nodus 
plugin 
share

Europe IWW 6.17% 6.13% 5.84%

Rail 13.95% 13.89% 13.72%

Road 79.88% 79.98% 80.44%

Benelux+ IWW 12.15% 11.10% 11.17%

Rail 8.38% 8.33% 8.23%

Road 79.48% 79.68% 80.59%

Germany IWW 2.53% 2.44% 2.49%

Rail 12.07% 12.01% 11.87%

Road 85.40% 85.55% 85.64%
The observed shares in this table refer to the OD–commodity cells retained 
in the Nodus assignment run. Tables  1 and 3 refer to the prepared Python 
estimation sample

Table 12  Software consistency of OD-cell WAPE between the Python model and the Nodus assignment
Dataset Road IWW Rail

Python Nodus Python Nodus Python Nodus
Europe 0.001 0.002 0.005 0.011 0.006 0.009

Benelux+ 0.002 0.002 0.007 0.007 0.011 0.011

Germany 0.001 0.002 0.005 0.047 0.009 0.009
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paths, availability indicators, calibration keys and pre-
dicted tonnes between the two implementations.

8  Conclusion
This paper developed a calibrated freight modal-choice 
framework linking econometric estimation, base-year 
OD-matrix calibration and network assignment. The 
results show that a relative-to-road MNL provides a use-
ful behavioural structure but cannot by itself reproduce 
the matrices. For freight assignment, aggregate modal 
shares are not enough; base-year matrix reproduction 
must also be assessed at the OD-cell level.

The behavioural results also provide several consis-
tent findings. The relative IWW-cost coefficient is nega-
tive in all three datasets, while the rail market-structure 
indicator is positive. A rail-cost term was tested but not 
retained in the reference specification: it was negative 
and identified away from its bound only in the European 
NUTS2 dataset, where it produced a modest pre-cali-
bration WAPE reduction, but reached its zero bound in 
the two NUTS3 datasets and produced no improvement 
after detailed calibration.

Moving-time and distance effects are likewise more 
dependent on spatial scale and dataset structure, with 
the moving-time coefficients reaching their zero bounds 
in the two NUTS3 applications. The commodity-spe-
cific constants further confirm substantial differences in 
modal propensity across freight categories. These find-
ings support a common model architecture, but not a 
single transferable coefficient vector across datasets.

A bounded calibration layer is introduced for that pur-
pose. The preferred operational “mode-OD-group” level 
substantially improves base-year matrix reproduction by 
adding bounded constants to inland-waterway and rail 
utilities. Calibration diagnostics show that many negative 
capped constants correspond to technically available but 
unused non-road cells, while observed non-road tonnes 
are generally not concentrated at the negative cap. This 
supports the interpretation of calibration as a transparent 
mechanism for restoring sparsity and corridor specificity.

The calibration does not distinguish structural non-
availability from observed non-use: lower-bound con-
stants may represent effective choice-set exclusion, 
unobserved logistics constraints or incidental zero flows. 
A two-stage or hurdle formulation would require addi-
tional information capable of identifying these mecha-
nisms separately.

The repeated random holdout diagnostics provide lim-
ited evidence that coarser calibration levels can improve 
performance on unseen OD pairs within the same geo-
graphical datasets, but detailed OD-specific utility cor-
rections remain necessary for base-year matrix fit. The 
holdout results concern unseen OD pairs within the same 
geographical datasets; transfer to entirely unseen regions 

or freight corridors remains to be assessed through spa-
tially blocked or corridor-based experiments. The com-
parison across Europe NUTS2, Benelux+ NUTS3 and 
Germany NUTS3 also shows that the model should be 
general in architecture but dataset specific in coefficients 
and calibration constants.

The Nodus implementation demonstrates that the 
framework can be deployed operationally. The complete 
workflow connects data extraction, Biogeme estimation, 
bounded calibration, OD-cell evaluation and network 
assignment.

The framework’s policy-response capabilities are also 
attribute dependent. The reference model contains no 
direct rail-cost response, and the rail moving-time coef-
ficient is not identified away from zero in the two NUTS3 
datasets. The framework should therefore be used as a 
calibrated pivot model, with base-year constants held 
fixed, and not as a general source of transferable rail-
price or rail-time elasticities. Policy applications focused 
on these effects require additional evidence or dedicated 
re-estimation.

A remaining limitation is that the empirical assessment 
is based on the modal OD matrices themselves rather 
than on independent observations of assigned network 
flows. The comparison between the Python model and 
the Nodus implementation shows that the calibrated 
model can be transferred consistently to the assignment 
environment, but it does not replace a full external vali-
dation against rail corridor counts, inland-waterway traf-
fic observations, port hinterland flows or road freight 
counts. Such a validation would require additional har-
monized data and is therefore left for future work. It 
would be a natural next step to assess how well the cali-
brated OD matrices reproduce observed flows once 
assigned to the multimodal network.

The main conclusion is that freight modal-choice 
modelling for assignment requires both an interpretable 
behavioural structure and an explicit calibration mecha-
nism capable of reproducing the sparse geography of 
freight flows.
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