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1 Motivation

The main purpose of freight transport demand modeling is to appropriately map the freight
movements taking place in reality. One key aspect to reach this is the integration of
logistics aspects which foster the description of relevant actor’s behavior (de Jong et al.,
2013). Further, such behavior-sensitive model approaches improve the prognostic
capability and enable the replication of cause and effect relationships in freight transport
demand e.g. provoked by specific policy measures.

During the past decades, the determination of shipment sizes as outcome of firms’ logistical
calculus gained increasing attention by researches and practitioners dealing with freight
transport demand modeling. Shipment sizes are seen as key modeling variable due to
several reasons: (1) shipment sizes occur on every logistics planning level (strategic,
tactical, operational); (2), almost every actor of the whole supply chain processes is faced
with the respective size of a shipment; (3) shipment sizes are closely related to vehicle
movements on the physical infrastructure representing one target variable of freight
transport demand models. In general, distinct research approaches with respect to shipment
size formation prevail in the literature. Whereas several articles model shipment size
formation independently from other decisions (e.g. Piendl et al., 2017; Samimi et al., 2014;
Combes, 2012; Wisetjindawat et al., 2007), the interdependent modeling of shipment size
formation with related mode and/or vehicle choice comes more and more to the fore (e.g.
Keya et al., 2019b; Stinson et al., 2017; Irannezhad et al., 2017; Abate and de Jong, 2014;
de Jong and Ben-Akiva, 2007).

However, such models are also required to deal with one of the major challenges in freight
transport demand modeling: the tremendous heterogeneity which is caused by the diversity

of decision-makers and shipments’ characteristics (Stinson et al., 2017; de Jong et al., 2013;

Liedtke, 2009). A commonly applied approach is the usage of standardized, readily
available classifications of commodities and/or economic activities such as Standard goods
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classification for transport statistics (NST) or the European Classification of products by
activity (CPA).

In general, standard classifications still contain a lot of heterogeneity within the single
classes (e.g. Gonzalez-Feliu and Sanchez-Diaz, 2019; Stinson et al., 2017; Liedtke and
Schepperle, 2004). Further, whereas these standard classifications might be — due to their
strong relations with economic activities — suitable to deal with early steps of freight
transport demand modeling such as freight generation or distribution, they especially reveal
suboptimal regarding behavioral considerations. More detailed, isolated considerations of
shipment size choice (Piendl et al., 2022; Piendl et al., 2019; Piendl et al., 2017) and mode
choice (Arunotayanun and Polak, 2011) show that data-driven segmentation techniques
outperform standard classifications. In addition to an improved variance explanation, the
resulting amount of segments is far lower compared to standardized classifications from
statistical authorities which fosters operational practicality of the approaches with respect to
comprehensive freight transport demand model systems.

Whereas such complexity reduction techniques reveal promising with respect to single
decisions, the enhancement of data-driven segmentation to a joint consideration of
shipment size choice and mode choice is an open research question. In order to answer this,
the article makes use of a discrete choice modeling framework to combine the choice
dimension of mode and shipment size choice. Furthermore, this multidimensional choice
model is enhanced with latent segments by applying a discrete mixture approach which
endogenously unifies the mode/shipment size choice model and the segmentation within a
joint likelihood function.

The remainder of this article is organized as follows: Section 2 elaborates the relevant
literature

followed by methodological specifications in section 3. Section 4 presents the data and the
results of the empirical study. A wrap-up with further research directions is presented in
section 6.

2 Background

This study at hand unifies joint mode/shipment size choice with a discrete mixture model
accounting for heterogeneity of actors and shipments. As mentioned before, the joint
consideration of mode/vehicle choice and shipment size choice gains — at least in small
sample studies — increasing attention. In a freight transport specific inventory theory
overview, (Combes, 2014) shows that mode choice and shipment sizes are derived from the
same optimization problem and thus are codependent. Even empirically, several recent
studies show some dependency between the two choices (e.g. for mode/shipment size
choice (Keya et al., 2019b; Keya et al., 2019a; Stinson et al., 2017; Pourabdollahi et al.,
2013) and for vehicle/shipment size choice (Irannezhad et al., 2017; Abate and de Jong,
2014; Holguin-Veras, 2002)).
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In general, dependency is dealt with different approaches. Following the extensive review
of (Irannezhad et al., 2017), three main modeling directions can be observed.

First, the interdependence between the choices can be captured with sequential econometric
models such as the usage of instrumental variables, where first continuous shipment sizes
are estimated and second integrated as instrumental variable into the discrete mode/vehicle
choice model (Abate and de Jong, 2014; de Jong and Johnson, 2009; Holguin-Veras, 2002).
Unfortunately, the attention within that approach lies on mode/vehicle choice as the effects
of shipment size determinants on mode/vehicle choice are not directly observable. Another
sequential approach dates back to the selection bias investigations of Dubin and McFadden
(1984). There, the existing bias in the continuous regression function is resolved by
integrating the error’s expected value conditioned on the errors of the discrete choice
model. Abate and de Jong (2014) present a first study applying this approach. However, the
operationalization in a comprehensive freight transport demand model is still remaining (de
Jong and Baak, 2020; Abate et al., 2014).

The second group of joint mode/vehicle and shipment size approaches applies procedures
representing the simultaneity of the decision making also in the econometric approach.
More specifically, in earlier works computationally complex simultaneous equation models
are developed combining a binary discrete choice model with a continuous ordinary least
squares model by applying a switching regression procedure (e.g. Abdelwahab and
Sargious, 1992; McFadden et al., 1985). More recent models combine both choices with
copula techniques which explicitly model the joint distribution of the error terms and thus
are able to account more flexibly for the dependence structure. Thus, the concrete shape of
the stochastic error terms is flexible which allows continuous shipment size (Irannezhad et
al., 2017) as well as discretized (transformation to a discrete variable) shipment sizes (Keya
et al., 2019a; Keya et al., 2019b; Pourabdollahi et al., 2013). Nonetheless, these models are
still computationally complex and are to the best of the authors knowledge not yet used in
comprehensive freight transport demand models. An example is provided by Pourabdollahi
et al. (2013) estimating a copula discrete-discrete mode/shipment size choice model
whereas similar authors present the comprehensive freight transport demand model FAME
(Samimi et al., 2014) with decoupled shipment size choice and mode choice.

Finally, many studies deal with the described interdependence by applying state-of-the-art
discrete choice methods (e.g. Stinson et al., 2017; Combes and Tavasszy, 2016; Windisch
et al., 2010; de Jong and Johnson, 2009; de Jong and Ben-Akiva, 2007). These kind of
models require a discretized shipment size and also provide a high degree of flexibility to
allow for the interdependence. More precisely, varying nesting structures and cross-nested
dependencies can be modeled (Train, 2009; Ben-Akiva and Bierlaire, 1999). Moreover,
these kind of models are in line with economic theory, show reasonable computational
complexity and are ready to use in operational comprehensive freight transport demand
models (Stinson et al., 2017).

Although the presented studies are able to handle the interdependence between
mode/vehicle choice and shipment size determination, they do not answer the question how
to deal with the vast heterogeneity in freight transport demand. Indeed, the models
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presented above make use of disaggregated model settings and thus are on the level of
single decision-makers. Nevertheless, such kind of models are usually not able to describe
every single setting of decision-makers. Thus, reasonable simplifications need to be applied
which at the same time explain a big portion of the behavioral heterogeneity.

Interestingly, whereas methods dealing with heterogeneity are widely spread in passenger
transport only a few freight transport studies explicitly account for the stunning
heterogeneity. The classic approach in freight transport models is given by the usage of
suboptimal (Piendl et. al., 2022; Arunotayanun and Polak, 2011) standard classifications of
decision-makers (economic activities of shippers and receivers (Irannezhad et al., 2017,
Pourabdollahi et al., 2013; Holguin- Veras, 2002)) and of commodities (Keya et al., 2019a;
Keya et al., 2019b; Irannezhad et al., 2017; Stinson et al., 2017; Abate and de Jong, 2014;
de Jong and Ben-Akiva, 2007) provided by statistic authorities.

More advanced modeling techniques are given by so-called mixture models, which assume
predefined distributions of the estimated parameters among the population under study.
Regarding discrete choice models and continuous mixing distributions, they are referred to
as mixed logit models (McFadden and Train, 2000). In freight transport research, such
models are, e.g., used to account for preference heterogeneity with respect to service
attributes in the context of model 14 choice (Larranaga et al., 2017; Arencibia et al., 2015;
Bergantino et al., 2013; Arunotayanun and Polak, 2011). Generally, heterogeneity in freight
transport demand comes alongside various logistics aspects like handling requirements,
packaging or storage conditions (Piendl et al., 2022). Since the variables related to logistics
aspects are mostly categorical, continuous mixing distributions are regarded unfavorable.
This goes along with the findings of (de Jong and Ben-Akiva, 2007) that continuous
mixture models for shipment size and mode choice did not lead to satisfactory results.
Moreover, also (Arunotayanun and Polak, 2011) for mode choice and (Piendl et. al., 2024)
for shipment size models show that mixed logit formulations are outperformed by the
second type of mixture models: latent class discrete choice models.

In contrast to exogenous segmentation models (e.g. Piendl et al., 2024; Piendl et al., 2019;
Piendl et al., 2017; Sharman and Roorda, 2013; Tavasszy, 2000), where segmentation is
performed without connection to the decision variable of interest, latent class discrete
choice models as an endogenous segmentation model categorize the observations and
estimate the related choice models (shipment size, transport mode) simultaneously. This
approach minimizes the heterogeneity within each segment and maximizes the
heterogeneity between the segments. The advantage of these models is that the
heterogeneity will be efficiently taken into account. However, the number of resulting
segments needs to be determined by the researcher using specific information criteria.
Latent class discrete choice models are, for example, applied to describe preference
heterogeneity with respect to mode choice (Greene and Hensher, 2013; Arunotayanun and
Polak, 2011), route choice (Feng et al., 2013) and shipper’s willingness to delegate modal
control (Khakdaman et al., 2020). A special application of a latent class discrete choice
model is given by Keya et al. (2019a) using latent classes to describe sequential decisions
of shipment size and mode choice. Moreover, Piendl et. al. (2024) applies a latent class
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discrete choice model in order to describe behavioral heterogeneity for a crucial logistics
decision in comprehensive freight transport demand models: shipment size formation.

In summary, the literature shows that estimating choice models for key aspects of freight
transport demand whilst taking heterogeneity explicitly into account provides substantial
improvements. This holds especially true for independent mode choice and shipment size
choice considerations in the form of latent class discrete choice models. Thus, the
enhancement of a joint mode and shipment size choice with methods taking behavioral
heterogeneity explicitly and efficiently into account is a fruitful and necessary research
direction which will be addressed in this research article.

3 Modeling Framework

Looking at the literature dealing with mode and shipment size choice in the context of
freight transport demand modeling the most comprehensive modeling framework are so-
called inventory models (Garrido and Mahmassani, 2000). Inventory models analyze
freight transport demand from an integrated viewpoint taking firm’s transportation and
production characteristics into account (Winston, 1983). This microeconomic framework —
dating back to Baumol and Vinod (1970) — provides an analytical expression which
integrates inventory and mode choice considerations: total logistics costs

3.1 CONCEPTUAL MODEL

The total logistics costs framework is able to describe a firm’s underlying rationals and thus
provides a promising starting point to explain shipment sizes’ variance to a big proportion.
Firms, which are assumed to minimize total logistics costs, are optimally balancing
different costs components. More specifically, fixed order costs, transport costs, storage
costs, and pipeline inventory costs during transport are taken into account. Also
damage/deterioration costs and safety stock considerations might be significant cost
components but their integration is mathematically complex and relevant data is often
missing. In the following, a firm n is assumed to minimize total logistics costs C,, per year
consisting out of fixed order costs Cyorder, transport costs Cp transport, Storage costs

Ch,storage and pipeline inventory costs Cp transit :

Ch = Cn,order + Cn,transport + Cn,storage + Cn,transit (D

These costs can be further refined (see e.g. also Piendl, et. al. 2024; Piendl et al., 2019;
Abate and de Jong, 2014; de Jong and Ben-Akiva, 2007):

C, = %on + tc,d,Q, + qz—“ (r*a, +wy) +r*ttha,Q, (2)
n

where Q, [ton/year] is the microscopic commodity flow (firm-to-firm); shipment size qj,

[ton/shipment] is the shipment size; o, [€/shipment] is the fixed (avenue and departure

journey, transshipments, ordering costs etc.) shipment costs; tc, [€/ton-kilometer] are the
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transportation costs; d,, is the haulage distance in kilometer; r represents an interest rate to
valuate commodity values a, [€/ton]; tt,describes the travel time [time/year] and w,
[€/ton] is the warehousing costs. Further, total logistics costs can be normalized on a per ton
basis dividing by Qy:
Cn

0 =204 tend, + 2

% oo 5 (ﬁ + ﬂ) +r*tthay 3)

Qn  Qn

. C . .
In fact, the total logistics costs per ton Q—“ depend on both shipment size q,, and the chosen
n

mode m. Whereas storage related components are dependent on shipment sizes by the
average inventory level qz—" (assuming a constant consumption rate and no stockouts) and tt,

is clearly affected by mode decisions, fixed shipment costs o, and transportation costs in
ton-kilometer tc, might depend on both shipment size and mode choice (Piend], et. al 2022;

Liedtke, 2012; McCann, 2001). Thus, also the total logistics costs g—" depend on both

decisions.

The shipment size g, is often assumed to be categorical as empirical distributions show
several weight clusters instead of uniform distributions (Piendl et al., 2024; Keya et al.,
2019b; Stinson et al., 2017). Moreover, shipment sizes are highly correlated with existing
transport markets which can be seen as categorical alternatives (Liedtke and Schepperle,
2004).

Taking this into account, the total logistics costs depend on two dimensions with discrete
alternatives from which a firm n chooses the mode and shipment size accordingly. In
consequence, significant differences in the single effects of the cost components (caused by
firms and/or the respective commodities) might exist. Both the decision between
mode/shipment size combinations and heterogeneity can be addressed by the econometric
framework presented in the next section.

3.2 ECONOMETRIC MODEL

Dealing with discrete choices is commonly related to random utility theory (Train, 2009;
Ben- Akiva and Bierlaire, 1999). More specifically, a decision-maker n is assumed to
choose the alternative i which maximizes the utility U;, over all alternatives belonging to
the choice set S, = {1, ..., I}, = 2. The utility is random meaning that some unobservable
portion €;, in the utility U;, exists. Denoting V;, as systematic and observable part of utility
of alternative i leads to

Uin = Vin + &in (4)
3.2.1  Multidimensional choice: Nested logit and the degeneration to multinomial logit

In general, the nested logit is seen as a suitable econometric model to deal with joint
decisions (combined mode/shipment size choice) (Ben-Akiva and Lerman, 1985).
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Assuming that the choice set of individual n, S, = {1,...,1},1 = 2, can be split into T
different nests Syp,...,Sty, the general choice probability of the nested logit model —
assuming alternative i is assigned exclusively to a nest and choice independence between

the nests t1 — is as follows (for detailed explanations and derivations see e.g. Train, 2009;
Ben-Akiva and Lerman, 1985):

Pn(ilsn) = Pn(ilstn) ' Pn(Stnlsn) (5

The first expression P, (i|Si,) denotes the probability that alternative i is chosen within nest
t, the expression P,(S:,|S,) describes the probability that nest t is chosen from all nests in
the choice set. The integration of a nesting structure also affects the utility function as
denoted by Ben-Akiva and Bierlaire (1999):

Uin = vin + &, + §Stn'i € Stn (6)
Supposing

e independence between &;, and &,

o &, i.i.d Gumbel distributed with scale parameter L, for all alternatives in nest t
e &g, is distributed in a way that the distribution of the expected maximum utility

[manesm U]-n] determining P, (S, |Sn) is Gumbel distributed with scale parameter p

The choice probability of the nested logit model can be refined by:

3
. eHtVin Ykes,.. eltVkn )it
Pn(llsn) = T . ( tn )

ZjEStn e

(7

I
T Vien |1
lel(Zkesln ekl kn) 1

where the first fraction describes a conventional logit model for the choice within one nest
and the second fraction represents the probability that the nest to which alternative i is
assigned will be chosen according to the expected maximum utility expression also known
as logsum.

In general, f is assumed to lie between 0 and 1 indicating that the variance (decreasing
t

with higher scale parameters W) is lower within nest t than the variance between single
nests. In the limit case p = p, the nested logit model degenerates to a multinomial logit
model with multidimensional choice without correlation among the error terms within a
specific nest (Ben-Akiva and Lerman, 1985).

! Cross-nested logit models allow in general more flexible nesting structures (see e.g. Bierlaire, 2006; Papola,
2004; Ben-Akiva and Bierlaire, 1999) including the assignment of alternatives to multiple nests.
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This model structure in general can be transferred to the question of mode and shipment
size choice. More specifically, nesting structure could either rely on modes including
several shipment size categories and thus assume more flexible substitution across shipment
sizes. On the other hand, nesting according to shipment sizes implies that shipment sizes
are less often changed compared to modes. Alternatively, also no correlation structure
between the decision dimensions might be observable. However, the most suitable nesting
structure can be identified empirically by comparing several model specifications.

3.2.2  Enhancement with latent classes

As discussed before, heterogeneity among alternatives and decision-makers can be
addressed by the application of discrete mixture models. Further, the utility Vi, is
represented by linear in parameter specifications Vi, = x{,B with x{, denoting the attribute
vector and 3 denoting a respective vector with parameters to estimate that describe the
effects of the attributes on the utility. Discrete mixture models assume the parameter vector
B to vary between m = 1,...,M  market segments which represents behavioral
heterogeneity: By, -

Enhancing the considerations of the nested logit model probabilities from Equation 5, the
probability of decision-maker n belonging to segment m choosing alternative i which is
assigned to nest S, is given by:

Pn(llsn) = nM1:1[Pn(i|Stn: m) Py (Stnlsnr m)] : Pn(m) ¥

This formulation shows the dependency of the choice model and the segments m.
Assuming independence of the segment membership model from the choice model, the
detailed choice probability is given by:

n

m
P hom) (S T
e P )

Z’lr=1(2kesln eulm(xi’" Bm))ﬁ

Pn(llsn) =

ZjEStn e

with indexes m denoting parameters specific to the segments. More precisely, for each
segment a separate nested logit model with diverging parameters (nesting as well as utility
parameters) is estimated and thus heterogeneity between segments can be identified. The
membership model for the latent segments P, (m) is also treated as multinomial logit:

el’llr:n(zlr‘lvm)

Py(m) = (10)

ZmeMeu{n(Z{lym)
Furthermore, z;, denotes the attributes which determine the segment membership with the

respective parameter vector Yyy,.
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4  Data and Class Memberships

The subsequent analysis is based on the French ECHO survey was has been collected in
2004-2005 and contains in total 10462 shipments from almost 3000 shippers (Guilbault and
Soppé, 2009). Moreover, the ECHO survey provides an in-depth view on the entire
transport process between shipper and receivers including detailed information on the
shipment, the shipper, the receiver, the relationship between both, the transport operators
and the transport itself.

Table 1: Summary statistics of shipment sizes (2599 observed shipments).

Variable Mean Std.dev. Min 5% 25% 50% 75% 95% Max

Shipment

. 31.237 158.808 0.031 0.059 0.296 1.650 14.541 27982 1452
size tons)

As this study at hand deals with mode choice including rail, maritime, and air
transportation, it will be focused on interregional freight transport. Thus, transports with
haulage distances below 100km are removed from the analysis. Furthermore, parcel
services are neglected, as they are considered to be a very special and standalone type of
freight transportation. Therefore, shipments below 30kg are excluded from the analysis. In
total, 2599 observations are used in the subsequent analysis.

As can be seen in Table 1, shipment sizes follow a strongly right-skewed distribution. This
also pervades focusing on shipment sizes below 30 tons which are presented in the
histogram in Figure 1. According to the histogram and the findings from Piendl et al.
(2017) and Liedtke and Schepperle (2004) proposing that existing transport markets
coincide with observable shipment sizes, the following discretization of shipment sizes into
different categories is reasonable:
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I Shipment sizes
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Figure 1: Distribution of shipment sizes below 30 tons (2599 observed shipments)

e (-3 tons
e 3-12tons
e > 12 tons

Indeed, the right-skewed distribution of shipment sizes is also to some extent reflected in
the split of used modes presented in Figure 2. Road transports account for 73% of
shipments which coincide with the share of about 58% of transports in the smallest
shipment size category. In general, the road mode represents both third party road
transports and own-account road transports. Further, rail mode also includes combined
rail/road transports.

Furthermore, the Cross table 2 shows the joint distribution of modes and shipment size

58.2%
73.0% (1512)
Made (1896) — _
B mad ipmen ;IZ; :;heqones
- | -3 [ons
= T0% . 312t
o, 0% . ons
B maritime (182)
. . =12 tons
N ar 13.8%

6.3% (358)
(163)

Figure 2: Split of mode and shipment size categories of the shipments (2599
observations)
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categories. It is noted that one observation of air cargo and shipment size category > 12
tons has been deleted in order to provide more stable estimation results. Moreover,
combined truck transports using rail, maritime and air transports in the main run of
transportation are assigned to the respective mode of the main run. In general, every cell of
the cross table shows the number of observations for the alternatives of the choice model:
(< 3 tons, truck), (3-12 tons, truck), (> 12 tons, truck), (< 3 tons, rail) etc.

As denoted in Equation 3, transport costs are a relevant part of the total logistics costs.
Although information about transports costs is to some extent available in the dataset, they
are not used in the subsequent model estimations. This is due to several reasons: (1) the
number of observations decreases significantly if transport costs are integrated; (2) the
transport costs do not distinguish between a fixed part and a variable part and thus are not
capable to fully reflect the underlying structure in the total logistics costs considerations;
(3) when trying to integrate transport costs, the estimation results of the respective
coefficients reveal partially insignificant and especially implausible with respect to the
direction of the effects. Therefore, we used haulage distance as a suitable approximation of
transport costs also indicating economies of distance (Abate and de Jong, 2014).

Table 2: Cross table shipment size categories and modes (2599 observed shipments).

Variable Mean Std.dev. Min 25% 50% 75% Max
Flow of goods (tons/year) 2336 11015 1 5 40 528 260 000
Value density (€/ton) 26736 173595 0.39 1039 3375 10 000 5719792
Haulage distance (km) 1704 3138 100 234 438 823 18 821

Haluage duration < 1 day 0.58 0.49
Haulage duration

between 1 and 3 days 0.20 0.40
Haulage duration 0.22 042
> 3 days

Maritime connection 0.03 0.17

No rail connection 0.86 0.35
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Table 3: Summary statistics of the total logistics costs variables (2599 observed
shipments).

Variable Mean Std.dev. Min 25% 50% 75% Max
Flow of goods (tons/year) 2336 11015 1 5 40 528 260 000
Value density (€/ton) 26736 173595  0.39 1039 3375 10 000 5719792
Haulage distance (km) 1704 3138 100 234 438 823 18 821

Haluage duration < 1 day 0.58 0.49
Haulage duration

between 1 and 3 days 0.20 0.40
Haulage duration

>3 days 0.22 0.42
Maritime connection 0.03 0.17
No rail connection 0.86 0.35

Further, continuously measured transport duration also causes a significant decrease of us
able observation. Thus, categorical information about transport duration (“less than 1 day”,
“between 1 and 3 days”, “more than 3 days”) is used to approximate pipeline inventory
costs. Moreover, warehousing costs are not directly observable. Approximations with a
volume per ton feature failed for the combined mode and shipment size choice which needs
to be contrasted to the findings for isolated shipment size choice from Piendl et al. (2022).
Hence, warchousing costs are initially assumed to be constant and are thus not decision-
relevant. Table 3 shows the key variables representing major aspects of the total logistics
costs. Finally, two indicators are integrated describing shipper’s accessibility of heavy
modes (rail, maritime). Please note that the variables with respect to haulage duration
and accessibility are binary thus having means and standard deviations between 0 and
1.

Besides the variables presented in Table 3, additional information was used to build the
latent classes in the combined mode and shipment size choice model. The ECHO data set
provides many variables potentially affecting mode and/or shipment size choice.
Nonetheless, not all of them reveal significant in order to describe behavioral differences.
Table 4 presents summary statistics of the variables which revealed most informative
during model development process. As aforementioned, conventional modeling approaches
rely on standard categorizations such as NST (Standard goods classification for transport
statistics). One major aspect of this research at hand is the comparison of the latent class
approach with models based on NST categories according to their performance in a cross-
validation setting. Figure 3 shows the proportions of shipments per NST category.

As the ECHO data has been collected in 2004, the old NST classification scheme is applied.
Moreover, in the survey the original chapters “Ores and metal waste” and “Metal products”
are merged into “Metals” and the “Chemical” category consists of the original chapters
“Fertilizers” and “Chemicals”. Finally, one can see that the chapters “Ores”, “Petrols” and
“Construction” have only a very low amount of observations. In order to ensure the
estimation of reasonable models, the category “Ores” is combined with chapter “Metals”
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and the chapter “Petrols” is merged with category “Chemical”. Thus, in total 6 chapters
remain for the cross-validation comparison.

Table 4: Summary statistics of the latent class membership variables
(2599 observed shipments).

Variable Definition Mean Std.dev.
Agriculture 1 if shipper is producing agricultural products 0.19 0.39
Bulk 1 if commodity is transported as unpacked bulk 0.15 0.36
Container 1 if commodity is transported in container 0.06 0.25
Pallets 1 if commodity is transported on pallets 0.54 0.50
Dangerous 1 if commodity is inflammable, explosive, poisonous, etc. 0.06 0.24
Temperature 1 if commodity needs temperature-controlled handling 0.07 0.26
Fragile 1 if commodity is fragile 0.11 0.40
Voluminous 1 if commodity is voluminous 0.08 0.27
Same enterprise 1 if shipper and receiver belong to the same enterprise 0.19 0.40
Isolated 1 if shipment is transported isolatedly 0.80 0.40
Multiple trips 1 if shipment is transshipped 0.56 0.50

5 Estimation Results

At first, a basic combined mode/shipment size choice model is presented already showing
reasonable parameters and model fit. Thereupon, the results of the discrete mixture
mode/shipment size choice model are presented and discussed. Finally, a 10-fold cross-
validation is performed demonstrating that not only in-sample prediction performance
increases with the modeling approach but also out-of-sample performance is appealing. All
estimations are performed using PandasBiogeme (Bierlaire, 2018).

5.1  BASIC MODE/SHIPMENT SIZE CHOICE MODEL

Remember the total logistics costs function

Cn On 9n
— ==+ tc,d, +~-
Qn Aqn nen 2

rxap |, Wp
(Qn +Qn)+r*ttnan (1D
the single costs components might be specific to shipment sizes, by modes, or by both
simultaneously. During model development process several specifications have been
evaluated leading to the following insights:

e Fixed costs of ordering and transportation might depend on both mode and shipment
size choice. Unfortunately, the estimation of a direct effect is impossible as relating
information is not available and thus the effect disappears in the alternative-specific
constants. These are specific for all mode and shipment size category combinations.

¢ Vehicle movement costs tc, describing economies of distance might also affect both
dimensions of the decision model. So, the models initially were estimated with
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differing effects for both dimensions. Nonetheless, these specifications reveal
implausible and/or insignificant parameter estimates of the distance effect for the
shipment size dimension compared to the existing literature (e.g. Piendl et al., 2024;
Piendl et al., 2017)). Finally, the best specification is reached by assuming only a
mode specific distance effect.

e Pipeline inventory costs rtt,a, are mainly dependent on the respective mode.
Trying

e several specifications, the effect of capital tied-up reveals only significant for air
mode. This is also in line with the model estimation of de Jong and Ben-Akiva
(2007).

e Capital costs per annual tonnage as well as warehousing costs per annual tonnage
rely obviously on the shipment sizes. Thus, the effects of these model parameters are
kept constant for the mode dimension. As no data on warehousing costs is available,
w, is assumed to be constant.

NST categaorias
NST 0 - Agni-food
NST 1 - Food
NST 3b - Ores
MST 4 - Petrols
NST 5 - Metals
MST 6 - Construction
NST 7-8 - Chemical
WST @ - Manufacturing

Figure 3: Split of shipments according to NST categories (2599 observed shipments)

Different nesting structures are tested (according to modes and shipment sizes).
Interestingly, none of them is improving the models which finally results in a simple
multidimensional logit formulation. Although, e.g., Stinson et al. (2017) show significant
nesting structures, de Jong and Ben-Akiva (2007) present no improvement by estimating
nested logit models. As already no significant nesting structure could be found, the
application of more flexible cross-nested logit models is also not taken into account.
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Accounting for all these insights, the results of the combined mode/shipment size choice
model are presented in Table 5. The reference alternative is the combination of smallest
shipment size category and truck mode. Further, some variables are rescaled in order to
achieve convergence of the estimation procedure:

e Haulage distance is multiplied with 0.0001
e Value density by annual flow is multiplied with 0.0001
e Value density multiplied is with 0.0000001

The McFadden R? with 0.514 is appropriate and except the “Value density by annual flow”
variable all key strategic parameters are significant. Furthermore, the parameters of the
basic model are generally in line with theoretic considerations:

The distance effect is positive for all modes compared to trucks indicating lower per ton
vehicle movement costs which potentially represent economies of distance (see Abate and
de Jong, 2014; McCann, 2001).

The effect of the inverse annual flow is negative and decreasing with increasing shipment
sizes. A decreasing annual flow leads, e.g., to higher annual warehousing costs and thus
higher total logistics costs on a per ton basis. Further, the average amount of inventory and
thus shipment sizes tend to decrease which is expressed by the negative coefficients of the
“Inverse annual flow” variable.

The same reasoning applies to the “Value density by annual flow” parameter. Increasing
value density or decreasing annual flow cause higher storage costs and thus the effect on
shipment sizes is negative and decreasing with an increasing ratio.

The haulage duration effect is also reasonable: compared to the smallest duration, air mode
becomes more attractive once longer trips are necessary to fulfill transports of high value
goods. Obviously, having access to rail or maritime connections clearly favors the usage of
the respective mode.

5.2 DISCRETE MIXTURE MODE/SHIPMENT SIZE CHOICE MODEL

So far, a well-working joint mode/shipment size choice model is presented. As indicated by
Koning et al. (2018) and Piendl et al. (2017), annual flow is the most important feature to
describe shipment size choice and thus also mode choice. Distance seems also to be an
appropriate approximation for transport cost differences. Nonetheless, more explanatory
power can be gained by introducing information about the logistical circumstances of each
shipment. More specifically, different decision settings and patterns can be mapped by
applying segmentation techniques.

Several different specifications of different variables have been tested. The most promising
logistics variables are then used to estimate models with increasing number of classes.
Table 6 shows the performance of the latent class models. According to the Bayes
information criterion a model with 3 classes is preferable. Moreover, the model with 4
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classes, that is preferred according to the Akaike information -criterion, reveals
counterintuitive and insignificant parameter estimates. However, the model with 3 classes

improves model performance by almost 500 likelihood units.

Table 5: Discrete mode and shipment size choice model.

Standar
Variable Relevant Alternatives Mean d
errors
Constant Shipment size < 3 tons; rail -3.01%%% 0.293
Constant Shipment size < 3 tons; maritime -4 8xx* 0.281
Constant Shipment size < 3 tons; air -5.15%%% - 0.317
Constant Shipment size 3-12 tons; truck -0.372%*%*  0.084
Constant Shipment size 3-12 tons; rail SN b 0.27
Constant Shipment size 3-12 tons; maritime -4, 15%*%*%  (0.285
Constant Shipment size 3-12 tons; air -6.57***%  0.435
Constant Shipment size > 12 tons; truck 0.628***  0.078
Constant Shipment size > 12 tons; rail 0.24" 0.19
Constant Shipment size > 12 tons; maritime -2.58%*F% (.282
Haulage distance Rail 9.92 %% 2.76
Haulage distance Maritime 19.6%*** 3.69
Haulage distance Air 207%** 3.72
Inverse annual flow Shipment size 3-12 tons -10.9%** 1.85
Inverse annual flow Shipment size > 12 tons -77.3%%* 12.3
Value density by annual flow Shipment size 3-12 tons -3.07m 1.87
Value density by annual flow Shipment size > 12 tons -9.87"s 17
Duration >1 & <3 days (value weighted)  Air S7H** 12.3
Duration >3 days (value weighted) Air 102%%* 349
No rail connection Rail -2.25%*%% - 0.174
Maritime connection Maritime 0.714" 0.154
No. observations: 2599
Final Log-Likelihood: -2726.56
McFadden R? (p?): 0.514
Likelihood ratio test: y?= 5764.55
Note: Significance levels: * p <0.1; ** p <0.05; *** p <0.01; ™ non-significant
Table 6: Information criteria of competing discrete mixture models.
Measure 1 segment 2 segments 3 segments 4 segments
Final log-likelihhood -2726.56 -2376.51 -2216.12 -2139.92
Bayes information criterion 5618.25 5120.29 5037.68 5136.89
Akaike information criterion 5495.13 4833.02 4586.23 4497.84

Table 7 shows the parameter estimates of the respective latent classes. All parameters are
estimated with segment 1 as base category and respective parameters equal 0. It is noted
that the parameters are allowed to take values between 5 and -5 in order to ensure



146 Dealing with logistics and heterogeneity in freight transport demand

reasonable parameter estimates and to avoid a focus on rare but extreme observations.
These bounds are reached once for the “Temperature” indicator.

Table 7: Parameter estimates for the latent segments.

Segment 2 Segment 3
Variable Parameter Standard Parameter Standard

error error
Constant 2.58%** 0.831 1.93%** 0.813
Agriculture -1.36%* 0.543 -0.30m 0.405
Bulk -3.206%%* 0.729 -0.81** 0.38
Container 0.481m™ 0.736 -2 45%%* 0.756
Pallets -0.438m 0.469 -0.693m 0.439
Dangerous 2.01m 2.48 3.38m 2.67
Temperature 3.5]%%* 0.859 -5k 1.22
Fragile 1.45%%* 0.549 -1.64%** 0.565
Voluminous 0.034"s 0.461 -1.14%%* 0.396
Same enterprise -4 57*** 1.39 0.326™ 0.339
Isolated -4, 19%%* 0.701 -1.25m™ 0.784
Multiple trips 4.08*** 0.477 2.72%** 0.378

Note: Significance levels: * p <0.1; ** p <0.05; *** p <0.01; ™ non-significant

The segments are interpreted according to the parameter estimates. Segment 1 is made up
of shipments which are rather bulk or transported on pallets, contain agricultural products,
might be voluminous, are transported separably, and are not transshipped. In contrast,
shipments in segment 2 are not transported as bulk, need to be handled with care (fragile &
dangerous), are temperature-controlled but not agricultural products, are transported with
other goods and are likely to be transshipped, and shipper and receiver do not belong to the
same enterprise. Finally, the last segment is made up of shipments which are mainly non-
temperature-controlled agricultural products, not voluminous, not fragile, and not
containerized. Furthermore, they are more likely to be transported separably and less
transshipped compared to the shipments in segment 2.

The variables “Isolated” and “Multiple trips”, which are used as features in the
segmentation model, can be seen critical to a certain extent. More specifically, the variables
could be strongly interrelated with specific alternatives from the decision set and thus some
risk for endogeneity persists. Of course, a relationship due to physical characteristics and
economies of scale in the used technology exists, but the building of trips and transport
chains is indeed rather allocated to the scope of transport companies. This results in
different offers on the transport market which are characterized by diverging tariff
structures a shipper is faced with. Furthermore, these indicators of transport markets and
other properties are now integrated as factors explaining behavior in mode and shipment
size choice more precisely.

Table 8 presents the estimation results of the joint mode/shipment size choice model for
each of the 3 latent segments. In order to ensure convergence of the estimation procedure,
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the parameters of the “Value density by annual flow” variable are set to 0 for segment 1.
This is reasonable, as in the basic model the respective coefficients are not statistically
different from 0. Thus, shipments with no effect of value density are rather assigned to
segment 1 than to other segments. Moreover, the parameters for duration and the
accessibility variables are kept constant for all segments preventing the segments to become
too specific for the respective modes.

Hence, also the characteristics of the membership model presented in table 7 become
clearer. Segment 1 are mostly shipments which are transported separably, as bulk or on
pallets. Additionally, the parameter of the haulage distance clearly favors waterway
transports compared to all other modes. Segment 2 reveals some intermediate effect of the
annual flow and the value density. In contrast, the distance effect for all modes other than
truck is higher compared to the other segments. This indicates that shipments, which are
fragile, not bulk, temperature-controlled, and especially not transported between two
members of the same enterprise, are transported more likely with other modes than truck
once the haulage distance increases. Finally, a really high effect of the value density can be
observed for shipments in segment 3, which are not voluminous, never temperature-
controlled, not containerized, and not fragile.

5.3  CROSS-VALIDATION OF LATENT SEGMENTS VS. NST CATEGORIES

In the preceding section it is demonstrated that the latent segments clearly improve the joint
mode/shipment size choice model. Nonetheless, the adherence to predefined standard
categorizations defined by statistical authorities is widespread in freight transport demand
modeling. Thus, an additional analysis is performed comparing the prediction accuracy of
the models in a 10-fold cross-validation setting. To this end, for each NST category (6 after
merging categories due to the low amount of observations) a separate model with the same
specification as used in the basic model is estimated.

Table 9 shows that the latent class model clearly outperforms the basic model and the NST
model. This is remarkable as for the NST model 3 additional models with full sets of
parameters are estimated (6 times 21 parameters). Not only with respect to the accuracy
values, also the final log-likelihood values of the latent class model are improved by around
300 units compared to the NST segmentation.

The prediction accuracy is reasonable but still improvable. Piendl et al. (2024) and Piendl
et al. (2022) find similar values regarding the prediction accuracy for isolated shipment size
choice. Obviously, the moderate overall performance is strongly affected by the imbalanced
observations presented in Table 2. In addition, the predictive power is especially
improvable for the medium shipment size categories showing precision and recall values
far below 40%. Nonetheless, having 11 decision alternatives and only a few variables
available for model estimation, the accuracy can be seen as remarkably high.
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Table 8: Joint mode and shipment size choice model for 3 latent segments.

Variable Relevant Alternatives Segment 1 Segment 2 Segment 3
Constant Shipment size < 3 tons; rail -16.5%%* -3.56%%* -33.5%%*
(2.02) (0.524) (0.000)
Constant Shipment size < 3 tons; -256%** -10.6%*** -5.34%x*
maritime (55.7) (1.47) (0.387)
Constant Shipment size < 3 tons; air -23%kk -12.3%%* -5.09%*
2.9) (1.48) (0.376)
Constant Shipment size 3-12 tons; 2.93%%* -1.38%** 0.776**
truck (0.805) (0.245) (0.376)
Constant Shipment size 3-12 tons; -15.8%** -3.86%** -0.585™
rail 2) (0.647) 0.5)
Constant Shipment size 3-12 tons; -251%x* -9.13%%* -3.55%%*
maritime (56.5) (1.36) (0.4)
Constant Shipment size 3-12 tons; -5 2% -12.3%** -29.5m
air (1.89) (1.49) (inf)
Constant Shipment size > 12 tons; 3.95%** -17.2%%%* 1.83%**
truck (0.765) (0.556) (0.339)
Constant Shipment size > 12 tons; -10%** -3.79% 2.1%¥*
rail (3.91) (2.08) (0.328)
Constant Shipment size > 12 tons; -284" 1.4%%* -1.38%**
maritime (inf) (2.08) (0.347)
. . -58.1m 40.9%** 19.3%%*
Haulage distance Rail (97.4) ©.11) (3.72)
. .. 289k 87.2%%* 29.3%**
Haulage distance Maritime (62.6) (16.8) (3.78)
. . 11.3%** 88.8*** 29.2%**
Haulage distance Air (336) (16.7) (3.86)
. . -15. 5% -5.19%** 78.9m
Inverse annual flow Shipment size 3-12 tons (2.41) (2.73) (50.4)
. . -40.5%%* -98. 1H4* S22 %k
Inverse annual flow Shipment size > 12 tons (4.91) (29.9) (57.6)
Value density by annual . . 0 -145%%* -1300%**
flow Shipment size 3-12 tons ) (45.1) (298)
;112‘1;6 density by annual Shipment size > 12 tons
Duration >1 & <3 days Air 62.4%%*
(value weighted) (17.5)
Duration >3 days (value Air 90.0%**
weighted) (28.9)
. . Rail -2.38%**
No rail connection ai (0.231)
.. . .. 1.02"
Maritime connection Maritime (0231)

No. observations: 2599

Final Log-Likelihood: -2216.12

McFadden R? (p2): 0.64

Likelihood ratio test: y2= 8032.03

Note: Significance levels: * p <0.1; ** p <0.05; *** p < 0.01; "™ non-significant
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Table 9: Overall accuracy, precision and recall of joint mode and shipment size
choice models.

Precision Recall
Accuracy (weighted (weighted average)
average)
Basic model 62% 55% 62%
3 latent segment model 66% 61% 66%
NST classification models 64% 61% 64%

6  Summary, Discussion and Future Research Directions

In this article, a discrete mixture model for joint mode and shipment size choice is
estimated on the basis of the total logistics costs framework. This approach allows to
account for unobserved dependencies among alternatives on the one hand and on the other
hand enables to deal efficiently with the tremendous heterogeneity existing in freight
transportation.

6.1  EMPIRICAL RESULTS

Based on 2599 observations of the French ECHO database, a multidimensional logit model
is developed. Interestingly, models did not improve by testing several nested logit
specifications. Thus, the best-performing model is given by a rather simple multinomial
logit formulation.

The model itself is characterized by only a few key strategic parameters which are already
well-performing and consistent with theoretical considerations. The annual flow variable is
the most crucial variable to explain variance in shipment size and mode choice.

Moreover, the integration of discrete mixture models improves the final log-likelihood
compared to the basic model by about 500 units. This is a huge increase which also
pervades to the prediction accuracy, precision and recall measured with a 10-fold cross-
validation. This holds even true once the discrete mixture joint mode and shipment size
model is compared to adjusted NST categories.

However, the indicators which are determining the latent segments are neither excessively
with respect to the number nor are they highly specific. Instead, they are rather standard
information in freight transport demand surveys and thus the approach might be also
applicable in similar circumstances.

6.2  DISCUSSION AND FUTURE RESEARCH

Although the results of this research are convincing, some weaknesses exist. First, the
results might be data specific. Despite 2599 observations can be regarded a lot with respect
to freight transportation research, segmentation and thus also model performance is affected
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by the underlying data. This holds especially true for data that are to some extent
unbalanced like the final database of this research. Thus, it is recommended to transfer this
approach to other circumstances with different data prerequisites in order to substantiate the
modeling results.

More specific, a comprehensive commodity flow survey with an appropriate amount of
usable observations (10000+) is desirable. One might argue that such kind of surveys exist
e.g. for Norway, Sweden and the United States. Unfortunately, these surveys — to the best
of the authors knowledge — do not contain detailed information on microscopic commodity
flows between shippers and receivers which is the most crucial information to explain
shipment size choice. Thus, the future integration of these variables into commodity flow
surveys is also highly recommended.

Furthermore, more observations might also lead to more segments to account for the
behavioral heterogeneity in freight transportation. It is noted that the estimation procedures
might reach their computational boundaries and empirical identification issues might arise
Bahamonde- Birke and de Dios Orttzar (2021). Anyhow, Train (2008) provides methods to
overcome these limitations for discrete mixing distributions.

In order to derive more secured insights on the comparative performance of latent class
approaches vs. standardized categories (e.g., NST), also more observations are favorable.
This holds especially true as the NST 2007 categorization is made up of 20 main chapters.

Additionally, in future research special emphasis needs to be put on transport costs and the
cost structures of different transport markets. In this research haulage distance is used to
approximate transport costs, as the direct integration for a given shipment fails.

Finally, the results of the modeling approach presented in this article do not show
significant unobserved dependencies between choice alternatives. Although de Jong and
Ben-Akiva (2007) find similar results, several contributions — especially sequential
econometric models and copula techniques — in the relevant literature are able to detect
dependencies. Thus, also the enhancements of such models with discrete mixture
approaches is promising.
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Abstract

A discrete mixture model for joint mode and shipment size choice is estimated on the basis
of the total logistics costs framework. This approach allows to account for unobserved
dependencies among alternatives on the one hand and on the other hand enables to deal
efficiently with the tremendous heterogeneity existing in freight transportation.
Heterogeneity is accounted for by endogeneously segmenting flows of goods according to
their logistics characteristics. For each segment a separate model for mode and shipment
size choice is estimated. It is shown that an endogeneous segmentation with three classes
outperforms the segmentation according to the standard classification of goods applied in
official statistics with respect to various prediction accuracy measures.
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