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1 Introduction

Complex labor regulations and employee preferences make rostering a hard task.
A large body of literature on automated approaches for rostering exists. Until
recently, research mostly focused on the complex mathematical problem solving
perspective, while nowadays human aspects are starting to become more promi-
nent [9, 3, 10]. Research directions have been suggested related to this human
focus: objectives that capture the needs and well-being of personnel should be
included into the rostering approaches [12, 8, 10] and the effectiveness of these
objectives should be evaluated [13, 5, 2].

We developed an involved Integer Linear Programming (ILP) model to gener-
ate rosters respecting the labor regulations. Next, we identified human centered
objectives for rostering algorithms that are perceived by crew members as effec-
tive for reaching satisfactory rosters. These objectives were included in the ILP
model and its feasibility was evaluated. We achieved this by considering a real-
world case: rostering for train crew at Netherlands Railways (NS), the largest
passenger railway operator in The Netherlands. To identify objectives, we looked
at revealed preferences, which are observed choices made by crew members in
hand made rosters. Here, we focused on objectives regarding working times by
considering the rostering of duty templates. A duty template is characterized by
a day and time window (larger than the duration of a duty) in which an em-
ployee can be scheduled to work, and acts as a placeholder for a duty in a roster
[14]. Actual duties (i.e., sequences of train trips) will be assigned to a roster
containing duty templates closer to the day of operation, and are guaranteed to
fit within the templates. As such, template rosters are more stable when looking
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at working times compared to duty-based rosters, since duties often are resched-
uled (e.g., because of maintenance work or special events). Because of this time
guarantee in template rosters, meeting working time preferences in these rosters
receives more attention.

At NS, the train crew members are assigned to crew bases. Within crew
bases, crew members belong to a roster group, representing their wishes or needs
regarding shift types (i.e., early, late, elderly). This can change every year, and
is considered fixed input in our problem setting. At each crew base, certain crew
members manually create annual cyclic rosters themselves for all roster groups.

2 Methods

The ILP model developed assigns duty templates and rest days (of different
types) to cyclic rosters simultaneously, contrary to other existing two-phase ap-
proaches. Furthermore, the model adheres to all Collective Labor Agreement
(CLA) regulations, including norms of rest days and biweekly rest times using
rolling horizons. Besides these hard constraints, no objectives are included yet.
As such, the initial model corresponds to a feasibility problem. The model han-
dles the varying start and end times of duty templates and is also able to assign
reserve days in a convenient manner, such that work is guaranteed to fit in.

Little research is available relating roster characteristics to roster satisfaction
[11]. If so, the characteristics evaluated do not apply to our case, as we consider
them fixed input (e.g., shift length). We propose to identify objectives based
on revealed preferences of the train crew. We assume that these revealed pref-
erences can arise from comparison among hand made rosters, which are made
by train crew themselves without any help of a decision support system, and
rosters generated by the introduced model. To enable comparisons between the
human made and model generated rosters, the model is used to generate rosters
for the same instances. The two sets of rosters are compared on an initial set
of roster characteristics, which we hypothesize to be (not) preferred by crew.
By considering this hypothesized set resulting from literature, we mitigate the
potential issue of eliciting characteristics that are not actual preferences, but
rather a side-effect of something else. It is suggested that preferences of per-
sonnel regarding working times are more influenced by work-life fit and social
issues compared to health aspects [1, 4]. From literature relating these issues to
roster characteristics, we come up with our hypothesized set of (not) preferred
characteristics and define their corresponding measures based on existing work
[6].

For comparing the hypothesized characteristics between human made and
model generated rosters, a multiple two-sample t-test approach does not sat-
isfy. The characteristics are proportions, and therefore do not follow a normal
distribution. Furthermore, the data has a nested structure: observations (single
rosters) are nested within roster groups (i.e., a roster for a single roster group
is made twice, hand made as well as model generated), and roster groups are
nested within crew base. This violates the independence assumption. As a result,
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the comparison between human made and model generated rosters is done using
generalized linear mixed models (GLMMs) [7].

In our case, using GLMMs means we fit a linear model to our data for each
roster characteristic Y . This model is allowed to have random intercepts: both
crew base i and roster group j can have their own intercept to account for the
nested structure in the data. Afterwards, the result is transformed using the
Logit link function, to account for the distribution of the roster characteristics.
This results in the following null model, in which we do not consider the effect
for human made vs. model generated (condition) yet:

M0 : Logit(Yijk) = α+ νi + uij + ϵijk,

where Yijk is a roster characteristic for roster k ∈ {0, 1} for roster group j in
crew base i. The nesting of rosters (i.e., human or ILP based) within roster
groups is accounted for in the model by the random intercept uij . The nesting
of roster groups within crew bases is accounted for by the random intercept per
crew base, νi. The mean value of the outcome variable over all crew bases, roster
groups and rosters is denoted by α and the residual by ϵijk. We add the roster
approach to this model. Using a fixed effect, we arrive at our alternative model:

M1 : Logit(Yijk) = α+ βHumanijk + νi + uij + ϵijk,

where Humanijk is a binary variable indicating the rostering approach, for roster
k of roster group j in crew base i. Whenever the mean value of a roster charac-
teristic significantly differs between human and ILP based rosters, we consider
this a revealed preference of the train crew. This is the case whenever the second
model fits our data better compared to M0 for a specific roster characteristic,
which we test for using the likelihood ratio test and apply Bonferroni correction.

Finally, the revealed preferences are added to the ILP model as objectives
using a weighted sum approach. We study the feasibility of this human centered
model by running the instances again and compare the resulting rosters to the
human made ones.

3 Results

Using Gurobi 13.0.0 and an Intel Core i7-1365U 13th generation (1.80 GHz)
processor, the initial ILP model solved all 7 instances, including the largest crew
base of 200 members, within 6 minutes.

The GLMMs revealed significant differences between the hand made and
model generated rosters for the following characteristics:

– % very long working weeks (i.e., working weeks of more than 8 hours longer
than contract duration),

– % > 4 consecutive work days,
– % weekend work (i.e., working both Saturday and Sunday),
– % broken weekends (i.e., working either Saturday or Sunday),
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– % single days off, and
– % single work days.

All these characteristics, except for weekend work, occur less in the human made
rosters compared to the model generated ones. Weekend work however, occurs
more often in the human made rosters compared to the model generated ones,
as expected when having less broken weekends.

When considering an updated ILP model including these revealed prefer-
ences, all instances but the largest are solved to optimality within 1 hour. Com-
parison to human made rosters shows that the model even exceeds human per-
formance for some of the objectives. Hereby, we show that including revealed
preferences leads to a model for crew rostering that both includes effective hu-
man centered goals and complies with CLA regulations, which is something that
humans themselves do not always achieve.

4 Future Work

This study is a first step in the elicitation of roster preferences for train crew.
Additional qualitative studies are needed to get a more complete view of the
factors that humans consider when evaluating working times in rosters, as well
as to evaluate to what extend human made rosters indeed reflect human prefer-
ences. Furthermore, personalized rostering, which accounts for different individ-
uals having different preferences, is an interesting topic for further research.
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