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ABSTRACT

Activity schedule modeling is recently exploring data-driven methods, which offer advantages
over traditional approaches by deriving relationships directly from the data and requiring fewer
assumptions from the modeler. However, the existing data-driven models for activity schedules
typically utilize activity episode index as a reference, which does not provide meaningful
implications for the schedule and limits their ability to capture useful patterns. To address this
limitation, this thesis proposes treating activity schedule as a time series for modelling, allowing
time to serve as the reference for analysis. This approach enables the model to capture important
patterns in activity schedules, while facilitating simultaneous prediction of different schedule
components. This avoids imposition of any assumptions from the modeler’s side and helps
account for all possible interdependencies among schedule components. It also ensures time
budget constraints are inherently satisfied and avoids episode overlaps in the schedule. To model
the resulting long time series and address long-term dependencies, the thesis employs a data-
driven tool - long short-term memory (LSTM) network. The proposed framework is
implemented using activity-travel diary data from respondents in the Netherlands, specifically
the OVIN 2016 dataset. To assess the model's robustness, it is also tested on a time use dataset
encompassing 23 different activity types. Furthermore, different approaches to address class
imbalance problems arising from infrequently performed activities in the schedule are explored
and compared.

Two prominent issues stand out when the literature on Artificial Neural Networks (ANNS) is
reviewed: the lack of model transferability and interpretability (often referred to as the black box
issue). To address these challenges, the spatial transferability of the developed activity schedule
model is tested by initially developing it for the city of Rotterdam and then transferring it to
Amsterdam. Transfer learning, a technique that enhances transferability using a small amount of
local data, is employed to improve the model's transferability. The effectiveness of transfer
learning is first evaluated on various mode choice models before being extended to the proposed
activity schedule model to enhance its transferability. To tackle the black box issue, the study
utilizes a post hoc, model-agnostic feature attribution method called SHapley Additive
exPlanations (SHAP). SHAP is employed to explain the contributions of individual features

towards the model’s output. Initially, SHAP is demonstrated on a simple mode choice model

vii



using feed-forward neural networks and then extended to explain LSTM-based activity schedule
models, providing insights into the factors driving the model's predictions. Lastly, this thesis
introduces a novel ANN-based formulation called ANNProbit, designed for classifying activity
patterns. This formulation allows for the incorporation of correlated error terms and enables
realistic substitutions between similar activity patterns. The effectiveness of ANNProbit is
evaluated on both synthetic datasets and the publicly available Swissmetro dataset. In the end,
ANNProbit is employed to model activity patterns and analyze behavioral responses under

various scenarios.

The findings of this study suggest that the proposed activity schedule model exhibited accurate
predictions for the frequency of activity participation, within 10% closeness. The bidirectional
LSTM model successfully estimated activity start-time distributions for most activities, as
confirmed by the Kruskal Wallis test. The impact of class imbalance on model performance was
significant, but the use of a weighted loss function effectively mitigated the issue. In addition, the
model's performance remained consistent across different subgroups of data, aligning with the
results at the aggregate level. Further, the model demonstrated efficient handling of diverse
activity types when validated using time use data. When the proposed model was transferred
spatially from Rotterdam to Amsterdam, initially poor performance was observed. However,
employing transfer learning resulted in significant improvement. Even with only 50% of the
local data, the transfer learning-enhanced model yielded comparable results to a locally
developed model. While addressing the black box issue, SHapley Additive exPlanations (SHAP)
was found to provide plausible explanations for the model's predictions. It was found that day of
week, social participation and month of the year had significant impact on activity schedule.
Household composition and urban class were also identified as key factors influencing activity
participation. The variable attributions derived from SHAP were consistent with existing
literature and intuitive understanding, and this induces better confidence to the modeler in model
results. The proposed ANNProbit framework outperformed other models, including ANN with
Softmax activation, Multinomial Probit (MNP), and Multinomial Logit (MNL), in terms of
prediction ability for both simulated and real-world datasets. The incorporation of correlated
error terms in ANNProbit enhanced the flexibility of substitution patterns. Further, applying
ANNProbit to model activity patterns resulted in behavioral results consistent with prior

research.
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