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RESEARCH ARTICLE

Hybrid decision support systems for predicting train delay codes in a 
socio-techno-economic system
Martin Svenssona, Anton Borgb and Per Lingvallc

aDepartment of Industrial Economics and Management, Blekinge Institute of Technology, Karlskrona, Sweden; bDepartment of Computer 
Science, Blekinge Institute of Technology, Karlskrona, Sweden; cSwedish Transport Administration, Gothenburg, Sweden

ABSTRACT
Introduction: In complex operational environments, hybrid decision-making frameworks offer 
a means to integrate human expertise – characterized by contextual sensitivity, adaptability, 
and experiential knowledge – with the objective, standardized precision of machine-based 
systems.
Method: This study develops a decision-support structure by comparing supervised Machine 
Learning (ML) models; random forest (RF), support vector machine (SVM) and a bidirectional 
encoder representation from transformer-based (KB/BERT) model – using hierarchical and flat 
approaches against a manual classification process, involving more than 200 train delay codes 
across 10 days. ML models are trained on same-day delay data and evaluated against the 
outcomes from a multi-actor decision process.
Results: Hierarchical models outperform flat ones, achieving near-human assessors on basic 
level coding (Level 1 and 2), though with greater variability (mean F1-scores (50–
91 per cent)), compared to manual classification (mean F1-scores (87–98 per cent)) at the 
most granular level (Level 3) of prediction. “Simpler” models also outperform the more 
complex KB/BERT.
Practical Implications: We discuss the functionality and accuracy of ML-based hybrid deci
sion-support systems (HDSS), noting the need for trade-offs between precision and accuracy. 
ML models demonstrate potential to complement – not replace – human expertise, particularly 
with uncertainty estimation tools that mitigate classification risks and support decision- 
making. We conclude with implications for data representation in the design of HDSS within 
socio-techno-economic contexts.
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1. Introduction

The preference and reliance on algorithms in decision- 
making (Logg et al., 2019) enable the computation 
tasks beyond human capabilities, making work pro
cesses more efficient and effective (Kulkarni et al.,  
2017; Van den Broek et al., 2021). Algorithm-based 
decision-making also offers the possibility of continu
ously upgrading process power and memory (Sotala,  
2012) and presents an opportunity to reduce the influ
ence of human biases (Edwards & Rodriguez, 2019; 
Hardin et al., 2017), thereby standardizing and pro
viding them with an objective foundation. The 
increased accuracy of algorithmic judgment, relative 
to human judgment (Dawes et al., 1989), has also 
enabled a transition from descriptive to predictive 
analytics (Gunaratne et al., 2018; Newell & Marabelli,  
2015) and to prescriptive approaches. Nowadays, 
Artificial Intelligence (AI) and ML-agents retrieve, 
organize, analyze, and classify data, enabling algo
rithms to automate decisions in organizations 
(Davenport, 2018).

However, on the one hand, the potential for AI and 
ML approaches to fully automate decision-making 
processes is contested. Previous research suggests 
that substantial variation in work tasks (Autor & 
Handel, 2013) and the fact that work adapts to com
puterization (Spitz-Oener, 2006) may downplay the 
possibilities for automating decision-making. 
Algorithm-based decision-making is restricted to the 
algorithms used for predictions (Kulkarni et al., 2017) 
as well as to the restrictions humans impose when 
collecting data for model training (Ghasemaghaei 
et al., 2018). Automated solutions have also been 
shown to scale poorly, stagnate, be difficult to evaluate, 
and exhibit low overall performance due to 
a mismatch between the context in which they are 
developed and in which they are deployed. 
Furthermore, evidence suggests a lack of logical rea
soning and the potential to identify causal relations 
(Holmberg et al., 2020). Humans, on the other hand, 
have expertise, experience, and knowledge that 
machines currently lack, which are essential for sol
ving real-life problems (Demartini, 2015; Kahneman,  
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2011). Humans are capable of (re)interpreting, sup
plementing, (re)framing, or even substituting infor
mation (Günther et al., 2017; Shollo et al., 2015). 
Humans also benefit from intuitive approaches, rela
tive to analytical approaches, in domain-specific tasks 
(Dane & Pratt, 2007; Dane et al., 2012) and in coop
eration may aggregate heterogeneous knowledge to 
rich representations of decision-making problems 
(Dellermann et al., 2019).

Thus, the tension between machine and human 
capabilities has opened the arena for Human- 
Centred AI (HCAI) as an augmenting or controlling 
technology (Schmager et al., 2023). Involvement of 
humans span hybrid-based decision-support systems 
(HDSS), which emphasize general collaboration 
between machines and humans, to more specific 
approaches of “human in the loop”, emphasizing 
how humans oversee all or most of the stages in 
a decision-making sequence (Munro, 2021), but with
out settling on the extent to which human involve
ment is ideal.

The role of human involvement is particularly 
important when developing HDSS for socio-technical 
systems (Saward & Stanton, 2018) since the outcomes 
of ML models depend on the data they are trained on. 
A slight drift in model construction can lead to biased 
predictions (Edwards & Rodriguez, 2019). 
Additionally, in stage-gated decision-making pro
cesses, the available data at a certain point in time 
may not fully reflect the scope of the actual problem. 
Moreover, it may also be challenging to account for all 

relevant information at a specific point in time for 
a decision when human cognition is intertwined with 
manual work within technical systems. In summary, 
developing HDSS requires not only changes in tech
nical solutions, but also consideration of work pro
cesses to develop procedures for collecting data to be 
used for predictive modelling.

Related to considerations of the degree of human 
involvement, socio-technical systems and the possibi
lity of mimicking human decision-making in a stage- 
gated process, we analyze data on train delays from the 
Swedish Transportation Administration with the pur
pose of developing a hybrid-based decision-support 
system for classification decisions of train delays. We 
use data generated by train dispatchers (TKL) to pro
vide provisional delay codes for the 10-day multi-stage 
and multi-actor process (see the current process in 
orange and our suggested process in blue in 
Figure 1). Free-text data, generated by train dispatch
ers on the first day (Day 0) of the process, is used to 
predict the outcome of the full 10-day process. The 
model predictions are made on Day 0 with the intent 
to make objective decisions, free resources among 
TKL and other stakeholders to be used for additional 
information gathering, identification of complicated 
cases or error detection, as well as to make the socio- 
technical process economically efficient.

The Swedish Transport Administration has 
a history of delay attribution coding even before it 
became a mandatory EU directive in 2012. Delay 
attribution codes are used simultaneously to assess 

Figure 1. The decision making process of delay attribution coding.
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the quality of the Swedish railway system and to iden
tify the responsible party that caused the delay. 
Previous audits have identified issues with the quality 
of the coding process, and early research has revealed 
inconsistencies in the manual coding procedure 
(Nyström, 2008). Thus, a stretched technological fron
tier, including real-time data-driven decision-making 
and ML models offers new opportunities for dynamic, 
standardized, and objective HDSS that may simulta
neously help address previous problems in the delay 
attribution process as well as contribute to the litera
ture on HCAI in HDSS. In this study, the following 
research question guides our work: To what extent can 
machine learning-based methods (flat and hierarchical 
multi-class text classification) predict delay attribution 
codes?

Three key contributions are presented in the paper: 
first, a practical hybrid decision‑support architecture 
is introduced, which combines dispatcher expertise 
with machine‑learning classifiers (RF, SVM, 
KB‑BERT) to provide provisional delay‑attribution 
codes, accelerate the 10‑day workflow, and flag uncer
tain cases. Second, an empirical evaluation of Swedish 
railway data demonstrates that hierarchical text classi
fication outperforms flat approaches. Third, it shows 
that simple, feature‑based models (RF, SVM) can out
perform a sophisticated BERT‑based model in this 
domain, underscoring that for highly structured, 
domain‑specific vocabularies with limited data, light
weight models may be more effective than large 
pre‑trained language models.

The study is outlined as follows: related work spans 
decision challenges in the delay attribution context, 
automation and HDSS in railway management and 
ML approaches used for text classification. This sec
tion is followed by the methodology, which includes 
a description of the data and pre-processing, the algo
rithms and evaluation metrics used, as well as the 
experimental setup and statistical evaluation. We pre
sent the results of the experiments and statistical ana
lysis. Finally, the results are discussed in terms of how 
the analytics of assigning delay codes may be (semi-) 
automated and how this affects operational perfor
mance. We end by discussing limitations and future 
research before concluding the study.

2. Related work

2.1. The decision-making context of delay 
attribution coding

Since 2012, there has been an EU-directive that stipu
lates a systematic follow-up of train delays 
(Trafikverket, 2020, 2023). In Sweden, the follow-up 
is managed by the Swedish Transport Administration 
(Trafikverket, 2023), which registers and assigns delay 
attribution codes to train delays (Joborn & Ranjbar,  

2022). First, the party that causes a delay pays a fee 
(quality charge) to the other party (Trafikverket,  
2020). The second part is called the “right of recourse” 
and was introduced in 2018 as a complement to qual
ity fees to reduce operational management and infra
structure-related train delays. The “right of recourse” 
means that railway companies can request compensa
tion for their own and their customers’ additional 
costs if a delay is caused by an infrastructure manager. 
As an example of costs, the administrative expenses of 
the quality fee system increased from 2.5 million 
Swedish Krona (approximately $200,000) in 2012 to 
9.6 million Swedish Krona in 2019 (approximately $ 
900,000), corresponding to a 285 per cent increase in 
2019 fixed prices. The Swedish Transport 
Administration’s quality fee payments for delays 
increased from 21 million SEK (approximately 
$2 million) in 2012 to 192 million SEK (approximately 
$19 million) in 2019, representing an 801 per cent 
increase in 2019 fixed prices. In 2023, the total costs 
associated with quality fees were 412 million Swedish 
Krona (approximately $40 million), divided between 
the Swedish Transport Administration (273 million 
SEK, approximately $26 million) and the railway 
operators (139 million SEK, approximately 
$13 million).

The process for determining the delay attribution 
code involves multiple actors and spans 10 days, with 
activities distributed across various information sys
tems, as shown in Figure 1. Deciding the delay attribu
tion code is difficult for at least three reasons. First, 
approximately 200 delay attribution codes exist, orga
nized in a three-level hierarchical structure (see 
Section Data and Data Preprocessing). Second, when 
dispatchers make initial decisions, they often act on 
incomplete data. The technical systems provide infor
mation, but overall observability is reduced (Brehmer,  
1992) since dispatchers are geographically separated 
from the actual events on the tracks. Third, the data is 
manually collected and documented, containing 
domain-specific syntax, and the event descriptions 
are restricted to how the train dispatchers perceive 
the event.

The train dispatcher must set the code to at least 
the second level in the code hierarchy (Joborn & 
Ranjbar, 2022). If they have sufficient information 
and have the time, they also set it to the third level. 
They also need to conduct the necessary investigations 
to identify the cause of the delay, e.g., by contacting 
the train driver, consulting with maintenance contrac
tors, or searching for additional information in rele
vant systems. In addition to assigning a code to the 
delay, the train dispatcher provides a brief description 
of the event. According to internal guidelines, the 
description should be concise, short, and neutral. 
When describing the event, the dispatcher has limited 
time to conduct the investigation, since other tasks 
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take precedence, which adds pressure to an already 
intensive workload.

The working environment is rich in interruptions, 
which negatively influence the work of a complex 
cognitive nature (Speier et al., 2003). The decision- 
making process also includes psychological aspects 
that underpin judgements (such as, e.g., attention, 
stress tolerance, cognitive overload (Kata & Poleszak,  
2021) or even cognitive biases (Edwards & Rodriguez,  
2019)), which in turn influences the selection of infor
mation used to describe events (Endsley, 1995).

The train dispatchers’ code is then reviewed by the 
quality managers over the following three days (see 
QM in Figure 1). Short event descriptions are used to 
assess the codes and serve as input to search for addi
tional information if the codes are unsatisfactorily 
decided. When experts have reviewed, revised, or con
firmed the existing code, it is released to the compa
nies operating the trains. If the train company has 
objections or additional information about the case, 
they report back before the end of the eighth day 
following the event. The final delay attribution code, 
and its corresponding quality fee, is then set in the 
system by the end of the 9th day following the event 
(see Figure 1).

Consequently, registration of train delays is 
a manual process that requires dispatchers to gather 
and compile initial information about a case and 
manually assign a code for the delay. This can be 
a time-consuming and error-prone process 
(Mullenbach et al., 2018), as well as a personalized 
process that varies depending on the dispatcher’s 
experience. Furthermore, there is a large decision 
space (Simon, 1990, 2000), in which information can 
be either lacking or highly context-sensitive or ambig
uous, making it more difficult for dispatchers to navi
gate. The design of the work process and the type of 
problem determine whether classification of train 
delays is automated or supported (Mullenbach et al.,  
2018). Decision support may significantly reduce the 
workload of several stakeholders. Using a machine 
learning-based decision-support system to classify 
the delay code would also provide a secondary input 
for dispatchers, potentially reducing classification 
errors. In addition to outlining the specific decision 
challenges in the context of the delay attribution cod
ing, we also review literature on train delays.

2.2. Punctuality and delays in railway 
Transportation

Punctuality and delays have become measures of the 
operations’ reliability and performance (Veiseth et al.,  
2007) and, therefore, critical elements to manage 
(Schöbel, 2009). However, the terminology, analysis, 
and countermeasures of delays vary across studies. 
Early on, Gylee (1994) stated that primary delays 

have the greatest direct impact and secondary delays 
propagate from primary ones, creating a “cascading 
effect” (Dingler et al., 2010). Higgins et al. (1995) 
suggested a three‑way categorization: track‑related 
delays (e.g., infrastructure issues causing slowdowns 
or stops), train‑dependent delays (e.g., locomotive fail
ures), and terminal/scheduled‑stop delays (e.g., load
ing/unloading, connections, fueling, crew). 
Müller‑Hannemann and Schnee (2009) categorized 
delays by motivation, including operational disrup
tions, accidents, equipment malfunctions, construc
tion and repair work, and extreme weather (snow/ 
ice, floods, landslides); they emphasize the importance 
of real‑time information systems for both passengers 
and operators to adapt during disturbances.

Besides matters of definition, research on punctu
ality and delays also addresses causality (variables that 
influence outcomes) of and the potential to predict 
train delays (see Arshad & Ahmed, 2019; Joborn & 
Ranjbar, 2022; Laifa et al., 2021; Liu et al., 2023; 
Spanninger et al., 2022; Tiong et al., 2023; Zhou 
et al., 2021). The possibility of finding causal patterns 
and making predictions varies between and across 
studies, due to differences in terminology and the 
setup of the operational environment. For instance, 
Grechi and Maggi (2018) reviewed delay categoriza
tions and found external factors such as weather, acci
dents, and operational disturbances are among the 
most significant causes of delays. From a Swedish 
context, Palmqvist et al. (2017) analyzed 32 million 
Swedish train movements and found that timetable 
margins, traffic volume, weather conditions, infra
structure elements, and individual rolling stock usage 
explained significant variance in punctuality. Another 
recent Swedish study, identified snow on track as the 
most critical incident factor, resulting in the highest 
normalized delay minutes per train and the most sig
nificant increase in the odds of delay for individual 
trains (Mukunzi & Palmqvist, 2024). Furthermore, 
Johansson et al. (2026) showed that primary delays 
(entry, running, dwell) accounted for more than 
40 percent of total delays – underscoring the need to 
reducing them to raise punctuality in Swedish metro
politan areas.

Moreover, a study using data of 48,000 freight 
trains within EU states that 40 per cent of departures, 
30 per cent of runtimes, and 20 per cent of dwell times 
are delayed. Early trains are common: 80 percent are 
ready to depart early, and 60 percent do so, while 
40 percent of runtimes and 75 percent of dwell times 
are shorter than scheduled (Palmqvist et al., 2022). 
Thus, causal analysis and the prediction of delays are 
complex matter since there is variation in causes, 
consequences of delays, and mitigation strategies for 
causes and consequences (König, 2020). Furthermore, 
the information describing delays may be incomplete 
at the time of decision-making, which in turn makes 
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instant classification of the delay type complex (König,  
2020).

In summary, punctuality and delay studies are 
important facets when studying railway management. 
Most studies focus on system-level metrics and causal 
analysis – at the operational and physical layers – 
using regression, survival models, or simulation- 
based methods. Still, there are also several studies 
addressing types of delays and their conseqences. In 
contrast to existing studies that address train delays 
from an operational side, our study targets how to 
improve the internal information process of delay 
attribution coding. By introducing ML-based hier
archical classification, we enhance internal workflows 
rather than understanding causes of or predicting 
train delays.

2.3. Automation and hybrid decision-support 
systems (HDSS) in railway management

Although automation historically focused on physical 
or mechanical tasks (Duncheon, 2002; Groover, 2016; 
Marsh & Mannari, 1981), it has progressed to involve 
information and control automation (Parasuraman 
et al., 2000; Sheridan et al., 2002) and information/ 
cognitive automation (Frohm, 2008). However, in rail
way research, automation most often concerns the 
operation of trains,1 rather than back-office processes 
(Brandenburger & Naumann, 2018).

Automation of railway operation also provides 
standardized information, which further enables auto
mation of more peripheral work processes. However, 
sparse research addresses how other automation pro
cesses may improve performance beyond the direct 
operation of trains. Thus, research on automation 
processes in the railway industry must be conducted 
in tandem with decision-making studies to develop 
a better understanding of the human-technology 
interface (Kecklund et al., 2011; Naghiyev, 2017).

Decision-Support Systems (DSS) are computer- 
based systems designed to support decision-makers 
in solving semi-structured or unstructured problems 
by integrating data, models, and user-friendly inter
faces (Power, 2002; Shim et al., 2002). Since their 
emergence in the 1960s, DSS has evolved from rule- 
based systems to more sophisticated platforms incor
porating simulation, optimization, and AI (Arnott & 
Pervan, 2005). Traditional DSS often overemphasizes 
machine capabilities while underutilizing human cog
nitive strengths, resulting in systems that lack contex
tual awareness, adaptability, and user trust, thereby 
neglecting the social and organizational dimensions 
of decision-making (Marakas, 2003; Silver, 1991).

Recent literature highlights the integration of ML 
into DSS. ML enables real-time data analysis, predic
tive modelling, and scenario simulation, allowing for 
data-driven decision-making. However, these systems 

are not without limitations. Decision systems sup
ported by ML depend on the quality of data for train
ing and testing, posing challenges related to data 
quality, including accuracy, completeness, consis
tency, timeliness, validity, and uniqueness (Askham 
et al., 2013).

Systems using ML for predictive analytics often 
operate as “black boxes”, limiting transparency and 
user trust (Kostopoulos et al., 2024). The trade-off 
between accuracy and explainability remains 
a central challenge (Doshi-Velez & Kim, 2017). 
HDSS represents a paradigm shift toward systems 
that synergistically integrate human and machine 
intelligence. Cao (2023) defines HDSS as socio- 
technical systems that combine the complementary 
strengths of human intuition and machine computa
tion to support complex decision-making.

Such an integrated approach combines algorithmic 
and human decision-making, distinguishing hybrid sys
tems from fully automated, human-out-of-the-loop sys
tems (HOOTL). Hybrid decision-making spans 
a spectrum of systems, encompassing human agents to 
retain decision-making autonomy while relying on 
algorithmic or automated information gathering, to 
systems where humans serve as rubber-stamping 
mechanisms with nominal control or responsibility for 
decisions, a concept termed “quasi-automation” 
(Wagner, 2019). In other words, a hybrid decision- 
making mode includes human oversight (employing 
such as humans-in-the-loop (Munro, 2021) (HITL), 
humans-on-the-loop (HOTL), or humans-in- 
command (HIC)). Further examples of this are seen in 
a taxonomy of HDSS, in terms of the degree of human- 
AI interaction patterns: 1) human oversight, 2) Socratic 
AI (AI defers to humans when uncertain), and 3) inter
active collaboration (Punzi et al., 2023). They argue that 
true synergy requires bidirectional communication, 
where both agents adapt and learn from each other. 
Without trust calibration between humans and AI, 
both over-reliance and under-reliance on AI can 
degrade decision quality (Kares et al., 2023). Thus, the 
DSS must be context-sensitive and aligned with human 
cognitive models (Rezaeian et al., 2025).

2.4. Machine learning approaches to text 
classification

Machine Learning-based text classification has been 
successfully applied in various domains to categorize 
documents based on their content (Kowsari et al.,  
2019; Sebastiani, 2002). Early contributions laid out 
the foundation for traditional techniques such as 
Term Frequency-Inverse Document Frequency (TF- 
IDF) and Support Vector Machines (SVM) in text 
classification tasks (Joachims, 1998; Russell & 
Norvig, 2010). Recently, Deep Learning techniques 
(e.g., BERT) have significantly impacted this domain, 
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showcasing the efficacy of Deep Learning approaches 
for text classification (Borg et al., 2021; Kim, 2014; 
Remmer et al., 2021). Automated text classification 
has been shown to work in specialized domains, such 
as medical text classification (Catling et al., 2018, 
Denec et al., 2024; Evans et al., 2020; Mullenbach 
et al., 2018; Remmer et al., 2021), and email classifica
tion (Borg et al., 2021). Such domains can have 
unstructured text that differs from other documents, 
e.g., emails have been argued to be a separate type of 
document (Baron, 1998). For tasks that involve many 
potential classes, hierarchical approaches (Kowsari 
et al., 2019; Perotte et al., 2014; Sebastiani, 2002) 
improve the accuracy and efficiency of text classifica
tion models. Hierarchical approaches streamline the 
classification process by breaking it down into man
ageable steps, making it more efficient, especially 
when dealing with many potential categories. 
Similarly, dividing data into related blocks has been 
shown to improve text classification performance in 
some cases, e.g., using language-specific BERT-based 
models (Remmer et al., 2021).

Although research predicting delays in rail traffic 
and airlines appears to be an emerging area of study, 
there seems to be a lack of research on classifying the 
different types or reasons for delays. The closest study 
we have found focuses on using text data for delay 
predictions in Chinese high-speed trains (Liu et al.,  
2023). Classifying different types of delays and, by 
extension, the reasons for the delay, is an essential 
step towards mitigating delays as well as developing 
an economically sound routine to manage them using 
texts from delay reports, together with the existing 
hierarchical delay attribution codes, holds promise 
for semi-automating the delay classification process. 
This is supported by the findings from ICD classifica
tions (Perotte et al., 2014). Similar to emails (Borg 
et al., 2021) and medical documents (Mullenbach 
et al., 2018; Remmer et al., 2021), the unstructured 
text of the delay reports can be considered a distinct 
type of documentation. They are, at least in this case, 
written using domain-specific terminology and syn
tax. However, decision processes in socio-technical 
systems, such as those involved in delay attribution 
coding, are fraught with difficulties that may under
mine the possibility of full automation. In the case of 
delay attribution coding, human judges interpret the 
circumstances of railway operation and select infor
mation to be included in the delay reports. Moreover, 
they can correct the process within 10 days. Thus, 
a semi-automated or hybrid decision-making mode 
seems to be an alternative.

2.5. Summary

Developing DSS for the delay attribution process may 
simultaneously increase both operational and 

economic efficiency. However, decision processes in 
socio-technical systems, such as those involved in 
delay attribution coding, are fraught with difficulties. 
The decision-making process for delay attribution 
coding is complex, time-consuming, and error-prone 
as human judgment introduces variability into the 
technical systems. The process spans 10 days, involves 
several actors, and encompasses ambiguous and 
uncertain information, often lacking clarity due to 
the reduced observability of the tracks, necessitating 
the postponement of immediate decision-making.

Given that the decision space spans multiple levels 
and delay attribution codes within each level, we 
model this problem as a hierarchical multi-class text- 
classification problem. Hierarchical solutions have 
been suggested to perform better than flat approaches 
in other domains (Perotte et al., 2014; Sebastiani,  
2002). The problem is investigated through 
a systematic classification process across multiple 
levels, where models are trained using data sampled 
based on the presence of the parent code. This hier
archical approach enables classification of instances 
into increasingly specific categories, resulting in 
a more nuanced and accurate classification process.

Given the unstructured text in the event descriptions 
for each delay event, this study aims to investigate the 
feasibility of classifying delay attribution codes to at 
least the second level, to provide decision support to 
the involved actors in the Swedish railway industry. The 
investigation is limited to data available in the unstruc
tured text of the reports and, as such, does not involve 
additional information that dispatchers have available 
but have chosen not to include in the reports.

3. Method

This section describes the data collection and prepro
cessing, the algorithms, evaluation metrics, experi
ment setup, and statistical tests used.

3.1. Data and data preprocessing

The data used in this study were provided by the 
Swedish Transport Administration and include inter
nal unstructured text describing the cause of the delay 
and the code for the delay. The features of the data are 
shown in Table 1.

As previously stated, there are ≈200 delay attribu
tion codes organized in a three-level hierarchy, with 
five top-level codes, multiple refinement codes on 
the second level for the first-level code, and additional 
refinement codes on the third level for the level 2 code 
(Joborn & Ranjbar, 2022).

● Operational Management (D): disruptions 
caused by, for example, the Swedish Transport 
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Administration’s own prioritization, incorrect 
handling, or incorrect traffic information.

● Consequential cause (F): disturbances caused 
by, for example, an expected connection, round- 
trip times or lack of available track.

● Infrastructure (I): damage to signaling and elec
trical installations, track and track switches, as 
well as culverts, tunnels, and bridges. This also 
includes disturbances caused by track work and 
weather phenomena such as solar curves.

● Railway company (J): disruptions caused by, for 
example, locomotive and machine faults, term
inal and platform management, or vehicle or staff 
shortages.

● Accidents/incidents and external factors (O): 
disruptions caused by, for example, weather, 
unauthorized persons on tracks, accidents, sabo
tage, and trains that arrive late to Sweden from 
other countries.

Thus, the reason for a delay spans from the trains’ 
braking system, lack of staff operating the trains, to 
environmental circumstances, such as storms, snow, 
or rain. After deciding on the level one delay attribu
tion code (D, F, I, J, or O), additional letters may be 
added for a level two code (e.g., JTP or FAT), and 
numbers for a level three code, further specifying the 
code. e.g., for the delay attribution code JTP13, 
J stands for Railway company, TP stands for 
Terminal/Platform, and 13 is a code for a request. In 
this case, the delay attribution code refers to an inci
dent on the terminal or platform, causing the railway 
company to request a delay. The total number of codes 
the dispatcher may choose from exceeds 200 codes. 
Given the total number of delay attribution codes, they 
have not been translated.

The data were collected nationwide from Sweden 
and consist of events that impacted trains during these 
days. This dataset shares similarities with a prior data
set (Joborn & Ranjbar, 2022), with a key distinction 
being the inclusion of data points for each day over the 
10-day process. This inclusion enhances the dataset’s 
capacity to identify variations and changes in the 
collected data over time, particularly concerning the 
delay attribution code and unstructured text. This 
study primarily focuses on day 0 and day 10. The 

collected dataset contains 34,901 observations and 
182 delay attribution codes. Figure 2 shows the num
ber of observations for delay codes.

Each row contains an event, with the delay attribu
tion code, and unstructured free-text explaining what 
happened and its consequences. The delay attribution 
code is described in both condensed and verbose 
forms (feature n1, n2, n3). In the latter, feature n1 
denotes level one of the delay attribution code and 
corresponds to the first letter of the condensed form, 
feature n2 denotes level two of the delay attribution 
code and corresponds to the next two letters of the 
condensed form, and feature n3 denotes level three of 
the delay attribution code and corresponds to the last 
characters of the condensed form. The delay attribu
tion code registered on the same day as the event and 
on day 10 after the event is available in the dataset, as 
per the process used.

The dataset was pre-processed by removing dupli
cate entries, those with no free-text, and only keeping 
rows where the label occurred at least 100 times. In 
this dataset, removing classes with fewer datapoints 
than the threshold reduced the initial dataset by 3%. 
In comparison, only 65% of all datapoints had free- 
text descriptions. Having a minimum size threshold 
was done to have adequate data to train, calibrate, 
and evaluate each class (e.g., 66 fault codes had fewer 
than 10 observations on the third level) (Flach, 2012). 
However, it should be noted that the filtering step 
introduces biases toward more frequent categories. 
This is particularly pronounced on level 3, where the 
number of delay attribution codes is highest. Rare 
codes are excluded, thereby simplifying the class 
space. The resulting dataset may consequently under
represent the heterogeneity of real‑world delay sce
narios and limit the applicability of the trained 
system to cases involving uncommon codes. 
A larger dataset would alleviate some of these issues 
by providing more examples for the rare categories; 
however, even with expanded data, some categories 
would remain rare due to their infrequent occur
rence. It is likely that the classification problem will 
continue to exhibit class imbalance, potentially lead
ing to bias in favor of the common categories and 
limiting the model’s ability to generalize rare delay 
scenarios.

Table 1. Description of data in datasets 1 and 2. Please note 
that the label for day 0 might differ from day 10.

Feature Description

eventcode Event identification, e.g., 439,394
text Free-text describing the event and consequences
label delay attribution code for day 0, e.g., DPR 03
n10 Day 0 first level code, e.g., D
n20 Day 0 second level code, e.g., PR
n30 Day 0 third level code, e.g., 03
n110 Day 10 first level code, e.g., J
n210 Day 10 second level code, e.g., PR
n310 Day 10 third level code, e.g., 05
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Filtering reduced the dataset from its original 
34,901 instances to 21,484 instances and 43 delay 
attribution codes on level 3, with most of the reduction 
was due to a lack of free-text (i.e., had missing data).

Furthermore, punctuation and line breaks were 
removed from the free-text, and the text was trans
formed to lowercase. The term sth is used throughout 
the texts but written differently; sth <speed>, sth  
<speed>, sth <speed>km, or similar variations. To 
address this inconsistency, we remove the spacing 
variations, ensuring a standardized format like sth  
<speed> where the numbers are connected to the sth 
keyword. Individual train identifiers occur frequently 
in the free-text, and in some cases, only train identi
fiers are entered. These were replaced with 
a placeholder, TRAINNR. There are 8032 instances 
where the text consists only of train identifiers.

The free-text wastokenized during the experiment 
using TF-IDF. TF-IDF is a simple, yet useful way of 
transforming free-text into a structured format useful 
for machine learning algorithms (Russell & Norvig,  
2010). It has been shown to enable high-performance 
text classification (Sebastiani, 2002). While newer nat
ural language processing methods use transformers or 
deep learning to capture context and understanding 
better, TF-IDF is a reasonable approach for initial 
evaluations (Russell & Norvig, 2010). In the experi
ment, stop-words were removed, the texts were trans
formed into 1-, 2-, and 3-grams based on the words in 
the texts, and the top 1000 features ordered by term 
frequency across the corpus were retained. Initial stu
dies were conducted with more features kept, but these 
yielded worse results, and therefore, the 1000-feature 

threshold was kept. An example of the preprocessing 
would be the following, fictional delay report: “An 
early freight train got stuck on the track, the driver 
could diagnose and solve the problem themself but 
123,456 was delayed”. This is transformed into the 
following cleaned text: “an early freight train got 
stuck on the track, the driver could diagnose and 
solve the problem themself, but TRAINNR was 
delayed”. For the specific report, the TF-IDF transfor
mation returns a vector of 1000 feature values, where 
positive values represent features present, e.g., [0.0 0.0 
0.218780 . . .].

3.2. Algorithms

The following section presents the machine‑learning 
algorithms used to classify delay-attribution codes 
from delay reports. It describes the core algorithms 
evaluated: Random Forests, Support Vector Machines, 
and a lightweight few‑shot classifier built on the 
Swedish‑specific KB/BERT language model, as well 
as a Uniform baseline that serves as a reference 
point. To address the inherent class imbalance and to 
provide calibrated uncertainty estimates, we integrate 
Conformal Prediction into each model’s decision pro
cess. Implementation details, including library 
choices, parameter settings, and data handling proce
dures, are also outlined.

A popular algorithm is Random Forest (RF) (Cutler 
et al., 2007). RF is an ensemble learning method that 
constructs multiple decision trees during training and 
outputs the class that is the majority decision of the 
individual trees (Flach, 2012). Each tree in the 

Figure 2. Number of observations for delay attribution codes before preprocessing. 45 delay attribution codes have more than 100 
observations.
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ensemble is built from a random sample of the train
ing data using a randomly selected subset of features, 
and the final prediction is determined by aggregating 
the individual tree predictions. This approach helps 
mitigate over-fitting and improves the model’s gener
alizability, making Random Forest a versatile and 
widely used algorithm for various machine learning 
tasks, including classification (Cutler et al., 2007). The 
ability of Random Forest to handle high-dimensional 
data and effectively handle outliers and missing values 
contributes to its popularity in different domains 
(Kowsari et al., 2019).

Support Vector Machines (SVM) have been 
a popular and well-performing algorithm when it 
comes to text classification (Flach, 2012). SVM is 
a powerful supervised learning algorithm used for 
classification and regression tasks. It can handle com
plex data distributions, making it a versatile and effec
tive tool for various machine learning tasks, including 
text categorization (Flach, 2012; Kowsari et al., 2019; 
Sebastiani, 2002). In the context of classification, SVM 
aims to find the optimal hyperplane that separates 
different classes by maximizing the margin, i.e., the 
distance between the hyperplane and the nearest data 
points of each class.

The KB/BERT Few-Shot algorithm is a lightweight, 
transfer-learning classifier that leverages a pre-trained 
KB/BERT language model (Malmsten et al., 2020) to 
obtain dense sentence embeddings, and then trains 
a tiny supervised head (in this case, an RBF-kernel 
SVM) on the labelled training set. Few-Shot Learning 
is based on the premise that prior knowledge can 
complement supervised information when learning 
the classification task (Wang et al., 2020). In this 
case, prior knowledge is based on language knowledge 
in the KB/BERT language model developed specifi
cally for Swedish (Malmsten et al., 2020), a model 
that has been used in similar tasks (Remmer et al.,  
2021). In practice, this means that texts are encoded in 
mini-batches (batch size of 32) through the KB/BERT 
model, producing vectors that capture contextual 
knowledge from the underlying model. KB/BERT cre
ates the embeddings on the cleaned data, and for the 
previous fictional example resulting in a vector of 768 
values [−0.53826773 0.32077646 -0.1275206 . . . 
0.12960844]. After that, a supervised head is fitted on 
the embeddings of the training set, yielding a decision 
function. Because the bulk of the representation power 
resides in the frozen KB/BERT encoder, the method 
should achieve strong few-shot performance while 
requiring only modest computational resources when 
training the supervised head. It should be noted that: 
(1) the public KB/BERT model was not fine‑tuned on 
the domain‑specific data, which may restrict its adap
tation to the taxonomy; (2) possible domain‑specific 
vocabulary might not translate to the prior knowledge 

captured in the KB/BERT model, potentially limiting 
the encoder’s generalization

As a baseline model, a Uniform Classifier is used. It 
randomly predicts class labels based on the distribu
tion of the training data, without learning any patterns 
from the input features. This approach is particularly 
useful for assessing the performance of other, more 
complex models, serving as a reference point for eval
uating the effectiveness of the applied machine learn
ing techniques.

Given that some classes are rarely occurring, con
formal prediction is used to improve classification 
results by estimating uncertainty and removing pre
dictions that are uncertain (Angelopoulos & Bates,  
2021). Conformal Prediction is a ML framework that 
provides a method for assigning reliable confidence 
measures to individual predictions (Vovk et al., 2005). 
By constructing prediction regions that accommodate 
a predefined significance level, Conformal Prediction 
enables the assessment of credibility predictions, 
allowing for quantification of the uncertainty asso
ciated with the predictions made by machine learning 
models. This framework is particularly useful for 
enhancing the reliability of predictions and has 
found applications in various domains, including text 
classification, healthcare, and computer vision, where 
the accurate assessment of prediction credibility is 
crucial in decision-making processes (Angelopoulos 
& Bates, 2021).

In this study, the algorithms are implemented using 
the scikit-learn library for Python (Pedregosa et al.,  
2011). The default parameters are left unchanged 
except for two parameters: SVM uses the SVC imple
mentation with an RBF kernel, and Random Forest is 
set to use 500 estimators. The Uniform classifier uses 
the DummyClassifier with a strategy set to “uniform”. 
KB/BERT is available via the transformers package 
(Wolf et al., 2020).

3.3. Experiment setup

In our experiment, we use two approaches: a flat and 
a hierarchical approach. These are further described 
below. The experiments are evaluated using the F1- 
score. The F1-score is the harmonic mean of precision 
and recall, where precision is TP (TP)/(TP + FP) and 
recall is TP/(TP + FN), given that TP is true positives, 
FP is false positives, and FN is false negatives. As such, 
the F1-score is calculated as per the following 
equation: 

In a multi-class setting, this is calculated per class and 
averaged. The train dispatcher process (TKL) is the 
optimal performance and is based on the manual 
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classification effort. This is done by computing the 
F1-score using the true labels for day 0 and day 10, 
giving an indication of how well the operatives can 
classify the delay attribution codes on day 0. The F1- 
score is described in more detail in the following 
section.

3.3.1. Flat classification
The flat classification approach (i.e., flat) concerns 
whether we can classify the text regarding 
the second and third-level delay attribution code. 
In this scenario, the text is transformed using TF- 
IDF, the algorithm trained with the processed text, 
and the second or third-level delay attribution code 
as class labels. For the two levels of class-labels, the 
following is done: A 10-fold cross-conformal vali
dation strategy is used, i.e., an ordinary 10-fold 
cross-validation, but the training set is split equally 
into a training and calibration set. The model is 
trained on the remaining training data, calibrated 
on the calibration set, and finally, the model is 
evaluated on the test set. The experiment is evalu
ated using the F1-score.

3.3.2. Hierarchical classification
In the second approach, delay attribution codes are 
classified at varying levels of granularity using the 
verbose delay attribution codes represented as n1, n2, 
and n3. A hierarchical classification system compris
ing three levels is implemented, enabling classification 
of instances into increasingly specific categories, 
allowing for a more nuanced and accurate classifica
tion process (Kowsari et al., 2019; Sebastiani, 2002). 
This is similar to Stacking SVM (Kowsari et al., 2019; 
Sun & Lim, 2001). However, instead of having binary- 
class classifiers for each leaf, multi-class classifiers are 
used for each node. This approach is utilized for both 
the SVM and the Random Forest algorithm. A visual 
representation of the hierarchical approach is shown 
in Figure 3, illustrating how classifiers are trained for 
each level.

At the initial level, classification is attempted 
based on n1 class labels. This involves transforming 
the text using TF-IDF, training an algorithm on the 

processed text, and utilizing n1 codes recorded 
on day 0 (referred to as feature n10) as class labels. 
Model evaluation is performed using 10-fold cross- 
validation, with an equal division of the training set 
into training and calibration subsets. The model is 
trained on the remaining training data, and predic
tions are calibrated using the calibration set (i.e., 
a cross-conformal approach). Performance assess
ment employs the previously outlined evaluation 
metric and includes evaluation against both the n1 
codes recorded on day 0 and day 10 (i.e., features n10 
and n110).

In the second level of the classification hierarchy, 
a comparable approach to the first level is applied. 
However, in this context, a distinct model is con
structed for each class within n10. Data samples are 
extracted for each class within n10, and the corre
sponding labels from n20 are used as target labels. 
Given that n10 contains four distinct target labels, 
this approach yields four distinct models, each tailored 
to one of the four datasets.

Advancing to the third level, a similar evaluation 
methodology is retained. For every class within n20, 
data samples are collected, and a model is developed 
using n30 as target labels. Similarly to before, perfor
mance evaluation entails assessing this model against 
both n30 and n310 target labels. This multi-level 
approach enables a progressive classification of delay 
attribution codes, accommodating increasing levels of 
specificity.

3.4. Statistical evaluation

When evaluating the difference between a flat versus 
a hierarchical approach, Kruskal-Wallis and the 
Conover post-hoc test are used to determine where, 
if any, statistical significance is manifested (Sheskin,  
2003). To evaluate the performance of the approaches 
for the classification of delay attribution codes on 
Level 1, Kruskal-Wallis is used to investigate whether 
there is a statistically significant difference between the 
algorithms for day 0 and day 10. Conover post-hoc test 
is used to determine how the difference manifests 
(Sheskin, 2003).

For the classification of delay attribution codes on 
Level 2 and 3, the different delay attribution codes 
investigated are seen as different datasets (e.g., D, I, 
J, O for Level 2). As such, Friedman’s test is used to 
investigate whether there is a statistically significant 
difference between the algorithms, and a Nemenyi 
post-hoc test to determine how the difference mani
fests across the approaches (Demšar, 2006; Sheskin,  
2003). Friedman’s Test ranks based on the mean eva
luation of metrics and is, consequently, more conser
vative than Kruskal-Wallis. It is expected that Kruskal- 
Wallis will detect more differences than Friedman’s 
test (Sheskin, 2003).

Figure 3. The hierarchical classification approach visualized. 
Each node C is a multi-class classifier, trained using a specific 
delay attribution code and its sub-classes as classification 
targets.
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4. Results

In the following subsections, the experimental results 
are presented together with statistical analysis. In the 
next subsection, results comparing the Flat versus the 
Hierarchical approach are presented, for level two and 
three. In the subsequent subsections, the results for the 
Hierarchical approach are presented for each hier
archical level.

4.1. Flat vs hierarchical classification

Comparing a flat vs a hierarchical classification 
approach indicates that the hierarchical approach per
forms better on levels two and three. This can be 
observed in Table 2. In this scenario, classification on 
level one between the two approaches is equivalent 
and, as such, is not interesting to compare.

While the hierarchical approach generally yields 
a higher F1-score than the flat approach, the standard 
deviation is also higher. This indicates that some 
classes have a higher performance than the mean. 
This is not unexpected, as the hierarchical approach 
yields means across the different classes.

For the Random Forest and SVM algorithms, the 
hierarchical approach performs better than the flat 
approach. However, the hierarchical approach has 
a higher standard deviation, indicating that some 
classes might be more difficult to classify than others. 
For Random Forest at Level 2, the hierarchical 
approach outperforms the flat approach (F1-score of 
0.860 ± 0.102 vs. 0.777 ± 0.010), and at Level 3, the 
hierarchical approach maintains a competitive perfor
mance (F1-score of 0.733 ± 0.113 vs. 0.708 ± 0.009). 
SVM performs similarly at Level 2, where the hier
archical approach outperforms the flat approach (F1- 
score of 0.876 ± 0.100 vs. 0.797 ± 0.008). While at Level 
3, a similar trend is observed, with the hierarchical 
approach showing improved performance (F1-score 
of 0.737 ± 0.114 vs. 0.723 ± 0.009).

The better performance observed with the hier
archical approach can be largely attributed to the 
reduced effective solution space at each decision 
point. In the flat configuration, each of the three 
level‑wise classifiers must discriminate among the 

full complement of categories, many of which are 
semantically similar and often overlap in feature 
space (e.g., the JPR and DPR categories). 
Consequently, flat models are forced to learn highly 
discriminative boundaries across a dense, partially 
overlapping class landscape, thereby increasing the 
risk of misclassification. By contrast, the hierarchical 
approach decomposes the problem: at any given node, 
only a subset of child classes is considered. This 
restriction not only shrinks the solution space and 
thereby simplifies the decision boundary but also 
decreases the potential overlap that can occur in the 
flat strategy.

Looking at the uniform classifier, the solution space 
for the hierarchical models is much smaller than for 
the flat approach. Since the uniform classifier ran
domly sets the class, the score should be approxi
mately 1/|c| where c is the number of classes in the 
solution space. At Level 2, the hierarchical approach 
significantly outperforms the flat approach (F1-score 
of 0.335 vs. 0.075). At Level 3, a similar pattern is 
observed, with the hierarchical approach showing 
improved performance (F1-score of 0.313 vs. 0.023). 
However, the standard deviation for the hierarchical 
solution is much higher, indicating greater variance in 
the space for the hierarchical solution.

A Kruskal-Wallis test showed significant differ
ences in means for both the third level (H =  
455.1741, p < 0.001) and the second level (H =  
208.1459, p < 0.001). A Conover’s post-hoc test indi
cates that the difference between the uniform classifier 
and the other approaches (p < 0.001), is statistically 
significant at both the second and the third level, see 
Tables 3 and 4. There is a statistically significant dif
ference between Random Forest flat and Hierarchical 
(p < 0.05) and the Hierarchical SVM (p < 0.001), on 
the second level. The test does not find any statistically 
significant differences between the flat SVM and the 
Random Forest approaches, for either level. The hier
archical SVM performs better on the second level. 
There is a significant difference between the flat and 
the hierarchical approach for the SVM algorithm (p <  
0.05). This indicates that the hierarchical approach 
performs statistically significantly better than the flat 
approach for SVM and Random Forest, on the second 
level. KB/BERT Hierarchical, on the second level, 
didn’t perform significantly better than the Uniform 
classifier. However, the KB/BERT Flat performed 
similarly to the Flat Random Forest and SVM. But 
the Hierarchical Approaches performed better than 
KB/BERT (p < 0.05). On the third level, the flat KB/ 
BERT did not perform significantly worse than 
Random Forest or SVM, independent of the approach.

A notable difference between the two approaches is 
that the hierarchical approach finishes in half the time 
that the flat approach takes, ≈ 8 minutes vs ≈16  
minutes, at least in this experimental setting. 

Table 2. Mean F1-score (and standard deviation) per algorithm 
for the two different approaches.

Algorithm Level 2 Level 3

Uniform Classifier Flat 0.075 (0.004) 0.023 (0.002)
Hierarchical 0.335 (0.113) 0.313 (0.157)

Random Forest Flat 0.777 (0.010) 0.708 (0.009)
Hierarchical 0.860 (0.102) 0.733 (0.113)

SVM Flat 0.797 (0.008) 0.723 (0.009)
Hierarchical 0.876 (0.100) 0.737 (0.114)

TKL Flat 0.972 (0.004) 0.962 (0.004)
Hierarchical 0.963 (0.034) 0.922 (0.066)

KB/Bert Flat 0.771 (0.006) 0.687 (0.006)
Hierarchical 0.270 (0.140) 0.239 (0.152)
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Independent of the approach, KB/BERT takes multi
ple hours to finish.

4.2. Hierarchical classification

4.2.1. Level 1
The mean F1 score for the different algorithms is 
presented in Table 5. The results indicate that the 
difference between Random Forest and SVM is 
minor, but that both algorithms perform significantly 
better than the uniform classifier. On Day 0, Random 
Forest had a mean F1-score of 0.890 (±0.008), and on 
Day 10, it had an F1-score of 0.889 (±0.008). Similarly, 
SVM exhibited strong performance, with F1-scores of 
0.901 (±0.006) on Day 0 and 0.899 (±0.006) on Day 10. 
The TKL classifier is the performance of the manual 
classification process (i.e., the F1-score calculated on 
the delay attribution code for day 0 compared to day 
10). The results indicate that the models can correctly 
classify the delay attribution code for level 1 using only 

the unstructured text from day 0 in ≈89% of the tested 
instances. Further, the results in Table 5 indicate that 
the differences in performance between day 0 and day 
10 are minimal. A Kruskal–Wallis test revealed 
a significant difference in means (H = 82.165, p <  
0.01). A Conover’s post-hoc test indicates that the 
difference between all five algorithms is statistically 
significant (p < 0.001), as shown in Table 6. This indi
cates that the medians of the different samples differ 
from one another. Given the small standard deviation 
shown in Table 5, this isn’t surprising.

4.2.2. Level 2
The mean F1 score for the different algorithms is 
presented in Table 7. The results indicate that the 
SVM and Random Forest perform significantly bet
ter than the Uniform Classifier, but worse than the 
manual classifier (TKL). In examining the perfor
mance of Random Forest and SVM across various 
classes (D, I, J, O) at Day 0 and Day 10, both 

Table 3. Conover post-hoc test results comparing performance between flat and hierarchical classifiers on the second level.
KB/Bert, F KB/Bert, H Uniform, F Uniform, H Random forest, F Random Forest, H SVM, F SVM, H TKL, F TKL, H

KB/Bert, F 1.0 <0.01 <0.01 <0.01 0.805 <0.05 0.805 <0.01 <0.01 <0.01
KB/Bert, H 1.0 0.108 0.178 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01
Uniform, F 1.0 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01
Uniform, H 1.0 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01
Random Forest, F 1.0 <0.05 0.805 <0.01 <0.01 <0.01
Random Forest, H 1.0 0.433 0.340 <0.01 <0.01
SVM, F 1.0 <0.05 <0.01 <0.01
SVM, H 1.0 <0.01 <0.01
TKL, F 1.0 0.805
TKL, H 1.0

Table 4. Conover post-hoc test results comparing performance between flat and hierarchical classifiers on the third level.
KB/Bert, F KB/Bert, H Uniform, F Uniform, H Random forest, F Random Forest, H SVM, F SVM, H TKL, F TKL, H

KB/Bert, F 1.0 <0.01 <0.01 <0.01 1.0 0.332 1.0 0.211 <0.01 <0.01
KB/Bert, H 1.0 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01
Uniform, F 1.0 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01
Uniform, H 1.0 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01
Random Forest, F 1.0 1.0 1.0 1.0 <0.01 <0.01
Random Forest, H 1.0 1.0 1.0 <0.01 <0.01
SVM, F 1.0 1.0 <0.01 <0.01
SVM, H 1.0 <0.01 <0.01
TKL, F 1.0 1.0
TKL, H 1.0

Table 5. Mean F1-score for the different algorithms on days 0 and 10 for the first-level delay attribution codes. Standard 
deviation within parentheses.

Algorithm 
day Uniform classifier Random forest SVM KB/Bert TKL

0 
10

0.260 (0.006) 
0.260 (0.006)

0.890 (0.008) 
0.889 (0.008)

0.901 (0.006) 
0.899 (0.006)

0.881 (0.006) 
0.879 (0.005)

0.992 (0.003)

Table 6. Conover post-hoc test results for the first level delay attribution codes. p < 0.01 denotes 
where statistically significant differences were found.

KB/Bert Uniform Random forest SVM TKL

KB/Bert 1.000 <0.01 <0.01 <0.01 <0.01
Uniform <0.01 1.000 <0.01 <0.01 <0.01
Random Forest <0.01 <0.01 1.000 <0.01 <0.01
SVM <0.01 <0.01 <0.01 1.000 <0.01
TKL <0.01 <0.01 <0.01 <0.01 1.000
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algorithms demonstrate competitive results. Random 
Forest demonstrates strong performance, achieving 
high F1-scores, particularly in classes D and O, ran
ging from 0.938 to 0.936 and 0.912 to 0.909, respec
tively, at both evaluation time points. Similarly, SVM 
demonstrate commendable performance, achieving 
competitive F1-scores, especially in classes such as 
D and O, ranging from 0.946 to 0.943 and 0.953 to 
0.956. However, for the delay attribution code J, 
both Random Forest and SVM perform worse than 
for the other delay attribution codes (0.690 and 
0.712, respectively, at day 0, indicating that the algo
rithms have trouble separating some of the classes 
for this code. Similarly, KB/BERT performs poorly 
on the J attribution codes (0.26), notably lower than 
that of SVM and Random Forest. The uniform clas
sifier also has a lower mean, indicating that the 

J code has a larger solution set (i.e., more classes) 
than the other delay attribution codes.

A Friedman test revealed a statistically significant 
difference between the algorithms, χ2(29) = 30.8, p <  
0.01. A Nemenyi post-hoc test indicates that there is 
a statistically significant difference between the uni
form classifier and Random Forest (p < 0.05), SVM (p  
< 0.01), and TKL (p < 0.01) but not for KB/BERT, see 
Table 8. Further, there is a statistically significant 
difference between TKL and KB/BERT (p < 0.01).

4.2.3. Level 3
The mean F1 score for the different algorithms for the 
third level of the delay attribution codes is presented in 
Table 9. The delay attribution codes in Table 9 are 
grouped by the level 2 parent category. In the table, 
the level 2 codes presented concerns delays attributed to 

Table 7. Mean F1-score (and standard deviation within parentheses) for the approaches when classifying the second-level delay 
attribution codes.

Algorithm Uniform classifier Random forest SVM KB/Bert TKL

Code Day

D 0 
10

0.344 (0.007)  
0.342 (0.007)

0.938 (0.007)  
0.936 (0.007)

0.946 (0.007)  
0.943 (0.008)

0.792 (0.000)  
0.791 (0.001)

0.992 (0.002)

I 0 
10

0.359 (0.029)  
0.347 (0.028)

0.899 (0.023)  
0.835 (0.039)

0.895 (0.020)  
0.833 (0.036)

0.624 (0.004)  
0.573 (0.019)

0.924 (0.023)

J 0 
10

0.167 (0.006)  
0.168 (0.009)

0.690 (0.015)  
0.684 (0.016)

0.712 (0.018)  
0.707 (0.016)

0.264 (0.002)  
0.258 (0.010)

0.942 (0.005)

O 0 
10

0.469 (0.051)  
0.464 (0.055)

0.912 (0.030)  
0.909 (0.030)

0.953 (0.029)  
0.956 (0.028)

0.851 (0.009)  
0.848 (0.011)

0.995 (0.012)

Table 8. Nemenyi post-hoc results for the second-level delay attribution codes. p < 0.05 and p < 0.01 
denotes where a statistical significant difference exists.

Uniform Random Forest SVM TKL KB/Bert

Uniform 1.000 <0.05 <0.01 <0.01 0.687
Random Forest <0.05 1.000 0.900 0.175 0.508
SVM <0.01 0.900 1.000 0.508 0.175
TKL <0.01 0.175 0.508 1.000 <0.01
KBBert 0.687 0.508 0.175 <0.01 1.000

Table 9. Mean F1-score (and standard deviation within parentheses) for the approaches when classifying the third-level delay 
attribution codes.

Algorithm Uniform Classifier Random Forest SVM KB/Bert TKL

Code Day

DPS 0 
10

0.497 (0.014) 
0.490 (0.015)

0.874 (0.012) 
0.898 (0.020)

0.882 (0.005) 
0.907 (0.013)

0.881 (0.002) 
0.908 (0.011)

0.954 (0.013)

IBT 0 
10

0.602 (0.106) 
0.489 (0.143)

0.733 (0.050) 
0.538 (0.106)

0.742 (0.051) 
0.543 (0.119)

0.733 (0.023) 
0.529 (0.095)

0.787 (0.089)

IBÖ 0 
10

0.455 (0.069) 
0.440 (0.060)

0.880 (0.037) 
0.848 (0.038)

0.888 (0.030) 
0.848 (0.044)

0.725 (0.016) 
0.715 (0.021)

0.945 (0.038)

ISA 0 
10

0.200 (0.032) 
0.186 (0.035)

0.682 (0.048) 
0.622 (0.054)

0.708 (0.031) 
0.644 (0.039)

0.311 (0.031) 
0.294 (0.023)

0.915 (0.031)

JDM 0 
10

0.175 (0.034) 
0.174 (0.034)

0.645 (0.052) 
0.642 (0.053)

0.624 (0.044) 
0.619 (0.046)

0.370 (0.004) 
0.368 (0.006)

0.992 (0.009)

JIA 0 
10

0.167 (0.046) 
0.153 (0.042)

0.581 (0.032) 
0.503 (0.029)

0.585 (0.036) 
0.504 (0.034)

0.363 (0.003) 
0.365 (0.011)

0.874 (0.017)

JPR 0 
10

0.165 (0.030) 
0.157 (0.030)

0.581 (0.027) 
0.561 (0.029)

0.585 (0.031) 
0.563 (0.036)

0.238 (0.010) 
0.243 (0.014)

0.913 (0.025)

JPS 0 
10

0.286 (0.043) 
0.285 (0.042)

0.842 (0.019) 
0.828 (0.021)

0.829 (0.041) 
0.813 (0.042)

0.692 (0.004) 
0.673 (0.015)

0.979 (0.015)

JUF 0 
10

0.264 (0.027) 
0.239 (0.027)

0.729 (0.044) 
0.658 (0.054)

0.733 (0.028) 
0.664 (0.038)

0.545 (0.003) 
0.487 (0.019)

0.911 (0.025)

OMÄ 0 
10

0.316 (0.074)  
0.316 (0.074)

0.771 (0.044)  
0.771 (0.044)

0.784 (0.044)  
0.784 (0.044)

0.484 (0.043)  
0.484 (0.043)

0.953 (0.022)
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Railway Companies (J), and more specifically events 
related to locomotive or engine wagon-related issues 
(DM), incidents that occur before departure (IA) or 
during transport (UF), prioritization decisions made 
by the company (PR), or Personnel-related events 
(PS). The infrastructure category (I) includes railway 
work or transport disruptions (BT), railway superstruc
ture-related issues (BÖ), or signal installations and sig
naling systems issues (SA). Operational Management 
(D) delays that involve personnel issues are captured 
with a personnel sub‑code (PS), while the accident 
category (O) relates to human incidents (MÄ). The 
results indicate that the SVM and Random Forest per
form significantly better than the Uniform Classifier, 
but worse than the manual classifier (TKL). Random 
Forest and SVM demonstrate competitive performance 
across different delay attribution codes, with F1-scores 
ranging from 0.503 to 0.898 and 0.504 to 0.907, respec
tively. Similar to level 2, both Random Forest and SVM 
have difficulties when classifying most J-based delay 
attribution codes (e.g., JIA and JPR) compared to the 
other delay attribution codes, indicating that the algo
rithms have trouble separating some of the classes for 
the specific delay attribution code. The uniform classi
fier also has a lower mean, indicating that the J code has 
a larger solution set (i.e., more classes) than the other 
delay attribution codes. At level 3, it is likely that the 
overlap between different delay attribution codes is 
higher than on the previous levels, e.g., between IBT− 
and IBT40. Additionally, the dash delay attribution 
code (“-”) is also present at level 3, acting as the delay 
attribution code when train dispatchers cannot classify 
on the third level. This also increases the chances of 
overlap between delay attribution codes. While most 
classes have similar performance between day 0 and day 
10, this is not the case for the IBT code. The IBT code 
performs similarly to the Uniform Classifier at day 10. 
However, this is not unexpected as the solution set for 
IBT codes increases from two codes (IBT−, IBT40) to 6 
codes (IBT−, IBT21, IBT22, IBT30, IBT40). Since the 
model has not been able to train on the new classes, it 
cannot be expected to correctly classify them either, 
thus decreasing the performance. It should also be 
noted that the TKL performance for the IBT code is 
lower than that of the other codes, indicating that it is 
a challenging code to classify.

Similar to Level 2, there seem to be attribution 
codes that KB/BERT is unable to classify correctly, 

e.g., ISA (F1-scores ranging from 0.294 to 0.311) and 
JPR (F1-scores ranging from 0.243 to 0.238).

A Friedman test revealed a statistically significant 
difference between the algorithms across the different 
delay attribution codes, χ2(99) = 73.12, p < 0.01.

A Nemenyi post-hoc test indicates that there is 
a statistically significant difference between the uni
form classifier and Random Forest (p < 0.05), SVM (p  
< 0.01), and TKL (p < 0.01), see Table 10. 
Furthermore, there is a statistically significant differ
ence between TKL and Random Forest (p < 0.01) and 
KB/BERT (p < 0.05). Similarly, SVM performed sig
nificantly better than KB/BERT (p < 0.05), but not 
Random Forest. And more interestingly, no significant 
difference was detected between TKL and SVM (p =  
0.07). KB/BERT did not perform significantly better 
than the uniform classifier (p = 0.115), which can be 
explained by the model’s poor performance on, e.g., 
the ISA fault attribution code.

5. Discussion and implications

Returning to our research question of “To what extent 
can machine learning-based methods (flat and hier
archical multi-class text classification) predict delay 
attribution codes”, our results affirm the viability of 
employing a machine learning-based approach to clas
sify delay codes. The hierarchical approach outper
forms the flat approach, and the SVM model 
generally performs better than the RF and KB/BERT 
models. Based on the short event descriptions made by 
train dispatchers on Day 0, we predict the codes that 
are set on Day 10 in the manual process with an 
accuracy of approximately 90 percent for Level 1 
(Table 5) and slightly less for Level 2 codes (accuracy 
ranges between 71 and 95 percent) (Table 7). Setting 
Level 2 codes is also a requirement for train dispatch
ers, while quality managers may need to code down to 
Level 3 during the 10-day process to determine the 
basis for economic compensation. Moreover, it is 
essential to note that the TKL responses serve as the 
“ground truth” against which we compare the ML 
models, but they are not necessarily an objectively 
correct classification of codes. Rather, it is the out
come of the complete process in which multiple actors 
have been involved to “negotiate” an outcome. Thus, 
by providing ML models with free-text descriptions of 
the events, train dispatchers will receive instant 

Table 10. Nemenyi post-hoc test for the third-level delay attribution codes. p < 0.05 and p < 0.01 
denotes where a statistical significant difference exists.

Uniform Random Forest SVM TKL KB/Bert

Uniform 1.000 <0.01 <0.01 <0.01 0.115
Random Forest <0.01 1.000 0.724 <0.01 0.374
SVM <0.01 0.724 1.000 0.070 <0.05
TKL <0.01 <0.01 0.070 1.000 <0.01
KB/Bert 0.115 0.374 <0.05 <0.01 1.000
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classifications of the codes for Day 10 on Day 0 (with 
an accuracy of up to 90 percent for Level 3 codes, see 
Figure 1). In other words, since ML models can 
instantly classify codes, the time window for quality 
managers and other stakeholders could be reduced, 
and resources could be allocated more effectively. 
However, to fully automate decision-making, the ML 
approach needs to be able to classify Level 3 codes with 
similar accuracy as Level 1 and 2. The SVM model 
performed best, reaching up to or close to 90 percent 
accuracy for codes like DPS and IBÖ, but also showed 
lower overall accuracy and more variability for the 
remaining predictions on Level 3 (Table 9) than for 
Levels 1 and 2. In turn, these findings hold further 
academic, methodological, organizational, and practi
cal implications, which are further discussed below.

5.1. Methodological implications: decision 
accuracy and robustness of the machine learning 
approach

In the result section, we observed that the hierarchical 
models consistently outperform flat counterparts. 
Specifically, the hierarchical SVM demonstrates 
a significant improvement over the flat SVM and flat 
Random Forest models, while the hierarchical 
Random Forest outperforms the flat Random Forest. 
This performance gain is expected, given the reduced 
solution space of the hierarchical models; approxi
mately six possible classes compared to the flat mod
els, approximately 43 classes. However, a trade-off 
emerges, as evidenced by the hierarchical model’s 
higher standard deviation (Table 2). The higher var
iance is anticipated, reflecting greater variability across 
different classes. Interestingly, KB/BERT did not per
form well. Especially, the hierarchical approach per
formed poorly. Even though the flat KB/BERT 
approach performed similarly to the flat SVM, the 
Hierarchical SVM performed better than KB/BERT. 
This suggests that the text embeddings are more sus
ceptible to class overlap than the TF-IDF tokenization. 
Using language knowledge does not seem to aid clas
sification, rather, for some classes, KB/BERT generates 
embeddings that the classification head is unable to 
distinguish between the classes.

Table 9 reveals variations in classification ease 
across classes, with some, such as IBÖ, exhibiting 
clearer distinctions compared to more challenging 
cases, like JPR. It is essential to recognize that 
certain classes share common features, and the 
event descriptions may overlap in content. This is 
most easily exemplified in the third-level codes, 
where codes may contain numeric representations 
or a dash (’-’), with the dash indicating a default 
class when train dispatchers are unable to specify 
a code.

When conducting our experiments, we also assessed 
the impact of excluding instances where only numeric 
data were available. This involved retaining approxi
mately 13,500 instances from the original dataset, 
which originally consisted of approximately 21,500 
instances. Intriguingly, the results of this evaluation 
revealed minimal differences in the performance of 
the algorithm’s F1-score; the models displayed similar 
proficiency even after removing these specific data 
points. The results are available in Appendix A.

This finding prompts consideration of the models’ 
treatment of instances with only numeric data during 
the training process. Notably, the limited performance 
disparity suggests that the models may not be effec
tively incorporating or discerning patterns from 
instances solely comprised of numeric values. While 
removing such instances does not significantly impact 
overall performance metrics, it raises questions about 
the models’ ability to generalize and derive meaningful 
insights from these particular data points. Further 
investigation into the mechanisms of feature impor
tance and model interpretability could shed light on 
the extent to which these instances contribute to the 
overall learning process. Importantly, we recognize 
that this exclusion encompasses thousands of 
instances, each representing delay scenarios that 
require accurate classification, such as train delays 
caused by other trains. The sheer volume underscores 
the importance of understanding how the models 
handle these cases and the potential implications of 
excluding them. Understanding the role of such 
instances in the training dynamics is essential for 
refining the model’s capacity to discern relevant infor
mation from diverse inputs, thereby enhancing its 
adaptability and effectiveness in real-world scenarios.

Moreover, while there is a risk of misclassification, 
especially when the model lacks sufficient training 
data or encounters novel patterns, this could be miti
gated by regular model updates, continuous training, 
and manual handling of edge cases. We recognize the 
importance of maintaining a delicate balance and 
avoiding over-reliance on models by encouraging 
train dispatchers to critically assess predictions, parti
cularly in ambiguous situations where contextual 
insights are paramount. This is especially important, 
as models may struggle to understand context beyond 
the provided features, thereby missing domain- 
specific insights known to train dispatchers. We dis
cuss these and other organizational and practical 
implications below.

5.2. Implications and generalizability of machine 
learning models for the hybrid decision support 
system

Developing a decision-support system for the delay 
code attribution process is limited by the work of 
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train dispatchers. They generate subjective data that 
underpins the decision process. The train dispatchers 
set delay codes and write brief event descriptions, 
which are used to predict day 10. Setting the codes 
requires information from several systems and inter
actions with multiple individuals. Such an approach 
intertwines human cognition with communication 
between individuals, both within and outside technical 
systems, rendering decision-making a matter of socio- 
technical systems (Saward & Stanton, 2018). Despite 
relying on the train dispatchers’ initial event descrip
tions, the ML-based model used in this study provides 
a standardized and objective HDSS, rather than ser
ving as a means to fully substitute “humans in the 
loop” (Munro, 2021). The interaction pattern with 
the ML models would therefore best be categorized 
as a “human oversight” or interactive collaboration 
model (Punzi et al., 2023).

Besides the model’s potential in predicting delay 
codes, it can be adjusted to complement train dis
patchers’ work in a way that is overall beneficial for 
the organization. For instance, the ML model can 
assist in identifying and prioritizing instances with 
a higher likelihood of misclassification, allowing 
train dispatchers to focus their attention where it 
matters the most. The model may also be complemen
ted with certainty estimation measures, facilitated by 
conformal prediction2 and thereby adds an additional 
layer of value to the collaborative interaction between 
the socio-technical system (the model) and the train 
dispatchers. By offering a measure of certainty or 
confidence in its predictions, the model empowers 
train dispatchers to make more informed decisions. 
The uncertainty measures could also be visualized, 
separating codes with high certainty of correct classi
fication from those with a low. Such a risk visualiza
tion becomes especially important when the model’s 
confidence is lower, prompting train dispatchers to 
exercise heightened diligence and potentially seek 
additional information before assigning a code. Thus, 
the uncertainty estimates together with our evaluation 
of sets of models are expected to simultaneously: help 
guide train dispatchers’ attention to problematic 
instances, to facilitate trust calibration between the 
ML models and humans (Kares et al., 2023), and to 
“unboxing” the ML models, contributing to 
Explainable AI (Kostopoulos et al., 2024).

In other words, the models offer benefits to multi
ple stakeholders. First, from an operational perspec
tive, the model should not be considered 
a replacement of train dispatchers in the delay attribu
tion process, but rather to complement them, serving 
as a “second opinion”. The ML support aligns closely 
with human assessors for Level 1 and Level 2 codes. 
Thus, there is potential for automating Level 1 and 2 
codes, while Level 3 codes may require hands-on 
work. Since the ML-model predicts the code Day 0 

the refinement of Level 3 codes (or any other codes 
that show risk of being misclassified), may be done in 
the days following the event, potentially reducing the 
10-day time window of the process as well as provid
ing for more efficient use of resources (see Figure 1, 
the dotted lines at the bottom of the figure).

Second, the model serves as a useful tool for quality 
evaluators, highlighting instances of disagreement 
between the model’s predictions and train dispatchers’ 
decisions. A disagreement between the model and 
dispatchers could indicate a potential change in the 
final code on day 10. However, this assumes that the 
code in question belongs to a class for which the model 
has demonstrated a low classification error rate (i.e., 
indicating a higher certainty). Third, this functionality 
proves particularly beneficial for new employees navi
gating the intricacies of the delay attribution coding 
process, as well as in situations where certain codes 
have historically exhibited a higher error rate. Thus, 
the model may help limit the decision space (Simon,  
1990).

Fourth, the model can serve as a continuous learn
ing resource for training dispatchers, enabling them to 
refine their coding decisions in real-time based on the 
latest patterns and trends captured by the algorithm. 
Finally, the results of our investigation point to the fact 
that hierarchical models are faster than their flat coun
terparts. The latter is beneficial from an organizational 
perspective, as accurately predicting codes and provid
ing guidance on code uncertainty enables the organi
zation to reduce time spent on routine tasks, thereby 
increasing performance and strengthening operational 
capabilities (Wu et al., 2010).

Supervised ML and NLP have been applied in 
healthcare to classify incident types and severity 
from free-text reports (Evans et al., 2020) or discharge 
summaries (Remmer et al., 2021). National critical 
incident report analyses (CIRS) demonstrate that 
topic modeling and LLMs can extract themes, such 
as medication errors, from large text repositories, 
thereby aiding triage when human review is limited 
(Denec et al., 2024). Hierarchical structures in clinical 
coding improve weighted F1-scores for disease- 
category prediction, particularly for rare conditions, 
compared to flat labels (Catling et al., 2018). Similarly, 
in logistics, unsupervised NLP models identify risk 
themes and temporal patterns—e.g., pandemic 
impacts or fuel price volatility – often before struc
tured systems detect disruptions (see Sadeek & 
Hanaoka, 2023). In claims processing, NLP automates 
entity extraction and claim categorization, reducing 
manual errors, and improving throughput (Sadeek & 
Hanaoka, 2023).

These cases parallel our setting in three ways: (1) 
hierarchical coding for accountability, (2) delayed 
validation as new evidence emerges, and (3) reliance 
on free-text narratives. Our hierarchy-aware approach 
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can pre-assign medical codes from incident narratives, 
flag ambiguous cases for review, and propagate cer
tainty across taxonomic levels. Similarly, classifiers 
trained on operational narratives can assign provi
sional “cause codes” for shipment delays and update 
labels as telemetry or partner confirmations arrive – 
analogous to staged validation with dispatchers and 
experts (Sadeek & Hanaoka, 2023). Hierarchical mod
eling is critical for improving recall on rare classes 
while maintaining auditability for high-stakes 
decisions.

6. Limitations and future work

The analysis highlights instances where codes are 
infrequent, such as the absence of F codes in the 
dataset, and cases like IBT codes, where models strug
gle due to the limited number of instances. Notably, 
we observe a substantial discrepancy between day 0 
and day 10 for IBT codes, likely attributed to the small 
sample size (200 instances). The impact of sample 
sizes becomes particularly evident in our evaluation. 
Classes with limited instances, such as IBT, are more 
sensitive to dataset variations, which affects the per
formance metrics of the models. Moreover, when 
instances are sparse, models may encounter challenges 
in effectively generalize patterns. Conversely, for 
classes with larger sample sizes, the models benefit 
from a more robust training set, enabling better adapt
ability and yielding more stable performance across 
different evaluation points. Understanding the influ
ence of sample sizes on class-specific model perfor
mance is crucial for refining the training approach. 
For classes with limited instances, strategies such as 
oversampling, data augmentation, or targeted collec
tion efforts may be considered to address the imbal
ance and enhance model learning. In other words, the 
observation highlights the necessity of a strategic data
set curation, ensuring representative samples across all 
relevant classes to foster a balanced and comprehen
sive model training process.

Another noteworthy aspect discovered during the 
investigation is the presence of several events charac
terized by only one or two numeric values. These 
numerical entries often correspond to train identifica
tions, signifying, e.g., instances where one train has 
caused a delay in subsequent trains. This phenomenon 
was not confined to any specific delay attribution 
code. However, since the text associated with these 
instances consists solely of numeric values, the models 
struggle to interpret the underlying meaning of the 
numeric values. Unlike the models, train dispatchers 
possess the ability to discern the significance of these 
numbers as they draw on knowledge beyond the con
fines of the unstructured text.

This observation underscores the critical impor
tance of ensuring the feature of separability across 

classes and enabling models to grasp the contextual 
meaning of the text. For effective machine learning, 
features should be designed to capture distinct char
acteristics that enable models to accurately discrimi
nate between various classes. In the context of our 
investigation, the presence of only numeric values in 
certain instances poses a challenge as it hampers the 
model’s capacity to discern the nuanced differences 
between events. To address this limitation, the event 
description should be complemented with additional 
contextual information. This can be achieved either 
during the text creation phase by train dispatchers, 
who can provide relevant insights alongside the 
numeric values, or through post-processing steps 
involving rule-based additions to enrich the dataset. 
In other words, the single numeric values that are 
stated in the information train dispatchers create are, 
to this point, an intangible aspect of their decision- 
making routine.

Besides the limitations of data and analytics 
a complementary research track is encouraged. Since 
the data to be used for analytics is generated by the 
dispatchers, we also suggest an organizational change 
perspective that concerns how to best write a free-text 
that captures the necessary details about train delays. 
An updated routine beyond short, concise, and neutral 
may be necessary.

7. Conclusion

The results suggest the feasibility of the hierarchical 
classification approach based on the performance of 
Support Vector Machines (SVM) and Random Forests 
at different levels. The SVM algorithm, with F1-scores 
of 0.876 (Level 2) and 0.737 (Level 3), and the Random 
Forest algorithm, with scores of 0.860 (Level 2) and 
0.733 (Level 3), performed statistically significantly 
better than their flat counterparts on Level 2. These 
results underscore the ability of these algorithms to 
capture hierarchical relationships within the delay 
attribution coding process. The hierarchical frame
work, extending to Level 3, demonstrates potential to 
discern granular distinctions in delay attribution 
codes. The success of SVM and Random Forest in 
navigating the hierarchical structure suggests the 
broader applicability and feasibility of this approach, 
enabling delay attribution code classification systems 
for this type of decision task. In comparison, for KB/ 
BERT, the flat approach performed better than the 
Hierarchical. However, compared to KB/BERT, SVM 
still performed better (Flat KB/BERT, F1-score of 
0.687, vs Hierarchical SVM, F1-score of 0.737). The 
hierarchical KB/BERT performed similarly to the uni
form classifier with an average F1-score of 0.239 on 
the third-level classification.

Moreover, the outcome of employing a hierarchical 
approach with SVM, Random Forest, compared to 
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both manual train dispatchers and a Uniform Random 
Classifier, for third-level classification, indicates the 
feasibility of this methodology. Despite that, when 
compared to the outcome of the 10-day process of 
the train dispatchers (TKL), SVM and Random 
Forest demonstrate lower accuracy and more variabil
ity; they also show statistically significant improve
ments compared to the Uniform Classifier, and in 
most cases KB/BERT. For instance, in the case of the 
DPS delay attribution code at Day 0, SVM achieves an 
F1-score of 0.882, surpassing the Uniform Classifier’s 
0.497. This signifies the potential of SVM and Random 
Forest to improve delay attribution code classification 
efficiency, even if they currently fall short of the train 
dispatchers’ performance on the finest level of analy
sis. Furthermore, our findings underscore the com
plexity in classifying certain delay attribution code 
classes, exemplified by, e.g., the JPR codes on level 3, 
which is challenging for the SVM model and the train 
dispatchers.

Incorporating modern language representation 
techniques, using a pre-trained transformer model 
based on BERT, did not yield improved classification 
from the unstructured text. However, it should be 
noted that the domain-specific language used in the 
text could be difficult to interpret for general large 
language models.

Overall, the findings show that the models can com
plement train dispatchers in their classification tasks 
but not replace them. The ML approach benefits var
ious stakeholders, including new employees and quality 
evaluators, and strengthens organizational performance 
by reducing time spent on routine tasks and enhancing 
operational capabilities. Additionally, the current 
research could be extended to explore ways of enhan
cing the robustness and interpretability of the classifica
tion approach. Additionally, exploring certainty 
estimation methods, particularly those that leverage 
conformal prediction, offers an avenue to quantify the 
model’s confidence in its predictions. This could pro
vide valuable insights into scenarios where the model is 
uncertain or prone to misclassification. Moreover, 
investigating techniques for enhancing the explainabil
ity of the model’s classifications would contribute to 
building trust and understanding among end-users.

Notes

1. GOA – Grade of Automation – is a four-level stan
dard (IEC 62290) used to classify the degree to which 
train operations are automated. ATP - Automatic 
Train Protection – Refers to a safety system that 
automatically adjust to speed limits and prevents col
lisions or red signal overruns. ATO – Automatic 
Train Operation. – refers to driving functions of the 
train, such as acceleration, braking, and maintaining 
speed and schedule. The ATO system is fully auto
matic in GoA 4 (fully automated operation).

2. A method for estimating the uncertainty of predic
tions (Angelopoulos & Bates, 2021). The method 
enables the calculation of the statistical significance 
of the predictions with regard to a calibration set.
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