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Abstract
Operating large-scale research infrastructures such as free-electron lasers produces vast amounts of operator-
authored documentation that records daily observations, anomalies, and maintenance actions. These logbooks and
incident reports contain valuable operational knowledge but often remain underexplored due to their unstructured,
domain-specific language. While large language models (LLMs) show strong generalization in general domains,
their effectiveness on such technical operator text has, to the best of our knowledge, not been systematically
assessed. We introduce two new datasets from real-world laser operations: (i) a logbook dataset annotated
for binary issue detection (does an entry describe or report an actionable fault?), and (ii) an operator ticket
dataset annotated for multi-class issue categorization (assign each ticket to one of 13 technical categories). The
corpora comprise 2,979 logbook entries and 758 tickets from 2022–2024; both are cleaned, anonymized, and
suitable for benchmarking classification performance. For the logbook dataset, only textual content is retained, and
embedded images or screenshots originally attached to entries are excluded, resulting in a text-only benchmark
for issue detection. We evaluate four open LLMs (LLaMA-3, Mistral-Small, Qwen-3-30B, GPT-OSS-120B) under
zero-shot, few-shot, and chain-of-thought (CoT) prompting, using multiple semantically equivalent prompt variants
per setting to assess robustness. Across both tasks, few-shot prompting is consistently strongest, with top
systems reaching F1 ≈ 0.84 for logbook issue detection and Macro-F1 ≈ 0.42 for operator ticket categorization.
These results suggest that incorporating a handful of in-domain examples can substantially improve performance
on operator-authored technical text, even without fine-tuning. Code and evaluation scripts are publicly available
at https://github.com/TAI-HAMBURG/llms-for-xfel-operations. Links to the released datasets are
provided in the repository.

Keywords: Issue Detection, Issue Categorization, Operator-authored Logbooks, Large Language Models,
Prompting Strategies

1. Introduction

Recent advances in natural language processing
(NLP) and large language models (LLMs) have
delivered strong gains in text understanding and
classification across many domains (Devlin et al.,
2019; Brown et al., 2020; Touvron et al., 2023). For
instance, these advances now support automation
in product reviews (Zhang et al., 2015), news report-
ing (Vajjala and Shimangaud, 2025), and social me-
dia monitoring (Münker et al., 2024). Nevertheless,
uptake in scientific and industrial contexts remains
limited, especially for operational documentation
and technical reporting (Sulc et al., 2024).

In large-scale research infrastructures such as
free-electron lasers, particle accelerators, and high-
power laser systems, operators continuously record
observations, anomalies, and maintenance actions.
At the European XFEL and FLASH free-electron
laser facilities at DESY (Decking et al., 2020; Ross-
bach et al., 2019), the documentation of laser
operations appears in two complementary forms:
“logbook entries” and structured “operator tickets.”
These records form an important part of the facil-
ity’s institutional memory, supporting diagnostics,
knowledge transfer, and system uptime. However,

because the text mixes natural language, technical
jargon, and occasional structure, automated analy-
sis is difficult. Manual inspection is labor-intensive,
subjective, and inconsistent, which can delay prob-
lem resolution and system recovery.

While extensive research exists on text classifica-
tion in general domains (Bucher and Martini, 2024;
Edwards and Camacho-Collados, 2024; Leitner
and Rehm, 2025) , general-purpose models often
fail to generalize to highly specialized operational
contexts. Moreover, most studies on the related
domain of log analysis target machine-generated
data, such as structured IT logs (Guan et al., 2024;
Zhong et al., 2024), rather than human-authored
reports. Consequently, there remains a clear gap
in resources and benchmarks for automated issue
detection and categorization in operator-authored
technical documentation. To date, no publicly avail-
able dataset captures the linguistic and contextual
characteristics of operator-generated records in sci-
entific laser systems.

In this paper, we address this gap by introducing
two new datasets derived from real-world opera-
tor documentation at a large-scale research infras-
tructure: (i) a logbook dataset annotated for bi-
nary issue detection (issue vs. non-issue), and (ii)

https://github.com/TAI-HAMBURG/llms-for-xfel-operations
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an operator ticket dataset annotated for multi-
class issue categorization. Both datasets have
been carefully cleaned, anonymized, and prepared
for systematic evaluation. We then benchmark
several competitive contemporary LLMs using
three prompting strategies—zero-shot, few-shot,
and chain-of-thought (CoT)—to assess their ability
to perform accurate and interpretable classification
without fine-tuning. Our analysis reveals how LLMs
adapt to domain-specific technical text and how
reasoning-based prompts influence performance
and consistency in classification.

Contributions. This work makes four primary
contributions. First, we introduce two domain-
specific datasets derived from real laser system
operations at the European XFEL and FLASH facil-
ities at DESY: (i) a logbook dataset annotated for is-
sue detection, and (ii) an operator ticket dataset an-
notated for multi-class issue categorization across
13 normalized technical categories. Both datasets
consist of operator-authored narratives produced
in a high-stakes operational environment and cap-
ture realistic terminology, subsystem interactions,
and maintenance workflows. Second, we present
a transparent data construction pipeline including
expert annotation procedures and an anonymiza-
tion process combining rule-based redaction with
LLM-assisted masking to preserve privacy while
retaining technical fidelity. The datasets and pro-
cessing protocols are released to support repro-
ducible research on domain-specific technical text.
Third, we perform a systematic evaluation of open
large language models (LLMs) using zero-shot, few-
shot, and chain-of-thought prompting strategies,
and compare their performance with supervised
discriminative baselines through stratified cross-
validation. This setup enables a principled com-
parison between in-context learning and classical
text classification approaches in a specialized tech-
nical domain. Finally, we analyze model behav-
ior through error analysis, category-level confu-
sions, and boundary ambiguities, highlighting chal-
lenges in interpreting operator-authored technical
documentation and outlining directions for domain-
adaptive prompting and future multimodal exten-
sions for scientific operations.

2. Related Work

Prompting vs. Fine-tuning for Text Classifica-
tion. Recent work compares prompting-based ap-
proaches with fine-tuned models for text classifica-
tion. Studies such as Leitner and Rehm (2025) and
Edwards and Camacho-Collados (2024) report that
prompting performs competitively on binary tasks
but is less reliable for multi-class classification with
closely related categories. Similarly, Bucher and

Martini (2024), Botunac et al. (2024), and Wang
et al. (2024) show that fine-tuned encoder models
often achieve higher accuracy and robustness than
zero- or few-shot prompting. However, these eval-
uations are mostly conducted on general-domain
corpora such as reviews or social media. The ef-
fectiveness of prompting methods on highly spe-
cialized operator-authored technical documentation
remains largely unexplored.

Prompting Strategies and Reasoning. Build-
ing on standard prompting, recent work explores
methods to improve reasoning and stability in clas-
sification. Milios et al. (2023) and Münker et al.
(2024) show that semantically relevant examples
and clear label phrasing can enhance zero-shot per-
formance, while Fechner and Dörpinghaus (2024)
and Thaminkaew et al. (2024) demonstrate that
label-aware templates aid few-shot generalization.
Reasoning-oriented prompting such as Chain-of-
Thought (CoT) (Wei et al., 2022) improves inter-
pretability but yields mixed gains in categorical
classification. We extend these insights by bench-
marking zero-shot, few-shot, and reasoning-based
prompting for operator-authored technical text.

From Machine Logs to Operator Text. Most
prior work on log analysis focuses on structured,
machine-generated logs. Recent approaches ap-
ply large language models to benchmarks such as
HDFS and BGL for anomaly detection and log pars-
ing (Guan et al., 2024; Zhong et al., 2024), while
MaintNet (Akhbardeh et al., 2020) studies failure
prediction from structured maintenance logs us-
ing learned event templates. In contrast, our work
studies free-text operator-authored logbook entries
describing operational events in natural language,
which require contextual understanding rather than
template-based log analysis.

Industrial Maintenance and Work-Order Text
Classification. Prior work has explored the anal-
ysis of human-authored maintenance narratives in
industrial environments. For example, Hodkiewicz
et al. (Hodkiewicz et al., 2021) propose an NLP
pipeline that converts unstructured maintenance
work-order descriptions into structured representa-
tions for reliability analysis and decision support.
Other studies apply machine learning to technician
reports to extract operational insights and derive
key performance indicators (KPIs) and failure cat-
egories (Lutz et al., 2023). However, these ap-
proaches mainly focus on information extraction in
manufacturing or energy systems rather than repro-
ducible supervised benchmarks for issue detection
and classification across closely related technical
categories. In contrast, our work introduces anno-
tated datasets from scientific laser operations and
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evaluates binary issue detection and multi-class
categorization in a research setting.

LLMs in Scientific and Operational Domains.
LLMs have recently been applied to scientific and
operational data, primarily for retrieval and sum-
marization. For example, Sulc et al. (2024) and
Sulc et al. (2025) explore retrieval-augmented ap-
proaches for accelerator logbooks, while Yin et al.
(2024) and Zhang et al. (2025) study domain
adaptation and taxonomy enrichment. However,
these works do not address issue classification on
operator-authored documentation. In contrast, we
introduce annotated datasets of operator-authored
records and systematically evaluate LLMs for is-
sue detection and categorization in real-world laser
system operations.

3. Dataset

3.1. Dataset Construction

This section describes the two datasets used in
our experiments: (1) an operator logbook dataset
for binary infrastructure issue detection, and (2) an
operator ticket dataset for multi-class issue cate-
gorization. Both originate from real documentation
of laser system operations at a large research in-
frastructure. Construction involved data collection,
cleaning, anonymization, and (where required) ex-
pert annotation to obtain gold labels for evaluation.

3.1.1. Logbook Dataset

Dataset Description. The logbook dataset is de-
rived from a collection of distinct electronic log-
books maintained for several laser systems at a
large-scale research infrastructure. These include
logbooks for laser operations, diagnostic systems,
and related facility components. Our dataset ag-
gregates these parallel streams of operational data,
providing a comprehensive and diverse view of fa-
cility activities. These logbooks serve as a real-time
chronicle of system interactions, capturing the nu-
ances of managing complex scientific instruments
and documenting both technical and procedural
aspects of facility operations.

Each data point (an entry) is a laser-operator-
authored note with a concise textual description,
sometimes accompanied by screenshots or diag-
nostic plots. Content ranges from planned work
(for example performance tuning or scheduled ex-
periments) to reactive actions following anomalies.
This mix of technical and narrative detail makes the
dataset suitable for studying unstructured, domain-
specific documentation.

Example Entries. To illustrate the content and
style of operator-authored logbook records, below
are two anonymized examples from the dataset:

Example 1 (Issue). “The beam
is moved for vertical direction after
[PROJECT_ID]—not known the reason.
After [PROJECT_ID] the beam is moved
down somehow. It was fixed manually to
the previous position.”

Example 2 (Non-issue). “Got the Oscil.
PD signal on the MBI scope. Classic case
of disconnected cable and wrong coupling
(should be 50 Ω, not 1 MΩ). This entry
was sent to the following experts: [EMAIL]
[EMAIL].”

Cleaning. Following data extraction, several pre-
processing steps were applied to ensure data com-
pleteness. The raw logbook collection contained
8,648 entries. Entries with empty textual content or
those consisting solely of screenshots or diagnostic
images without accompanying text were removed
to maintain meaningful context for language-based
analysis. After filtering, 2,979 entries (34.4%) con-
taining usable textual descriptions were retained,
while 5,669 entries (65.6%) were excluded be-
cause they contained only images or lacked suf-
ficient textual information. Although these image-
only records were not included in the current text-
based benchmark, they remain valuable for future
multimodal analysis. All data were subsequently
anonymized using the unified redaction pipeline
described in Section 3.2.

Annotation and Validation. We applied a two-
step expert annotation procedure. First, subject-
matter experts reviewed each entry and assigned
a binary label: issue if the entry described a mal-
function, error state, performance degradation, or
an event requiring corrective action; non-issue
for normal operation, planned maintenance, or
successful adjustments. Annotators were English-
speaking researchers with experience in laser di-
agnostics and operations.

Second, a separate expert independently vali-
dated a random subset of entries to assess consis-
tency. Disagreements were resolved by discussion,
which refined the labeling guidelines. This process
improved overall label quality.

The resulting dataset serves as a benchmark for
the task of automated infrastructure issue detection.
Because it combines entries from multiple laser and
subsystem logbooks, it captures realistic linguistic
and operational diversity and mirrors the range of
conditions seen in real facility operations.
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Dataset #Entries Years Median len. Mean len. Labels / Categories
Logbook 2,979 2022–2024 121 417 Binary (issue / non-issue)
Operator Tickets 758 2022–2024 872 1,914 13 categories

Table 1: Summary of the two datasets used in this study. Both span the period 2022–2024. “Len.”
denotes text length in characters, calculated from free-text fields after trimming extreme outliers at the
99th percentile.
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Figure 1: Logbook dataset overview. Left: Monthly counts of entries from 2022–2024, split by issue vs.
non-issue. Right: Distribution of entry lengths (in characters), exhibiting a heavy right tail—most entries
are short, while a small fraction contain lengthy technical descriptions.

3.1.2. Operator Ticket Dataset

The operator ticketing system is a structured plat-
form for reporting detected issues. Tickets can be
created either by e-mail or automatically by mon-
itoring systems (e.g., automated alerts such as
power glitches). Each ticket includes both auto-
matically generated metadata (e.g., timestamps,
affected system, status, and downtime) and man-
ually entered fields (e.g., issue category and free-
text description). The dataset therefore combines
structured metadata with rich unstructured text, par-
ticularly within the history section that records dis-
cussions and troubleshooting steps. The issue cat-
egory selected by the operator serves as the gold
label for evaluation, so no additional manual an-
notation was required. The predefined categories
follow the facility classification scheme (see Table 4)
and support consistent training and evaluation for
multi-class classification.

Collection. We collected all tickets created be-
tween 2022 and 2024 from the internal incident
tracking system. For each ticket we extracted meta-
data and the full history logs. Metadata were stored
in tabular form; conversation histories were stored
in JSON to preserve chronology and nesting.

Example Tickets. To provide an impression of
the ticket content and structure, below are two
anonymized examples illustrating typical operator-

authored reports:

Example 1 (Interlock System). Subject:
[Injektorlaserelog] Sluice door is stuck and
interlock is broken. History excerpt: “I
will turn on the [PROJECT_ID] and [PER-
SON] will work on [PROJECT_ID]. This
entry was sent to the following experts:
[PERSON], [PROJECT_ID].”

Example 2 (Software / Control System).
Subject: [Flash2_PPLaserelog] Remote
connection to Amphos PC doesn’t work.
History excerpt: “The issue concerns a
failed remote connection to the Amphos
control PC. This entry was sent to the fol-
lowing experts: [PERSON]. Direct link to
the corresponding logbook entry: [URL].”

Cleaning. After extraction, several preprocessing
steps were applied to ensure data completeness
and consistency. First, we retained only tickets
containing a valid operator-assigned ground-truth
issue category, ensuring reliable labels for eval-
uation. Tickets with missing or invalid category
annotations were excluded. Second, we filtered
out incomplete tickets lacking a discussion record,
retaining only entries that contained at least one
history section documenting operator interactions.
To manage variable-length conversations, histories
were truncated to a maximum of 12,000 charac-
ters while preserving the earliest and most infor-
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Figure 2: Operator Ticket dataset. Left: Distribution of normalized issue categories; the most frequent
are Other / Information, Electronics / Computer Hardware, and Software / Control System, while several
subsystem categories are comparatively rare. Right: Distribution of ticket history lengths (in characters)
with a pronounced long tail—most histories are short, but a minority document extended troubleshooting.

mative messages. All tickets were subsequently
anonymized using the unified redaction pipeline
described in Section 3.2.

3.2. Data Anonymization
All logbook entries and operator tickets were
anonymized prior to analysis and release to remove
personal and facility-specific identifiers. We used
a two-stage redaction pipeline that combines de-
terministic pattern matching with an LLM-based
pass to increase coverage on unstructured text.
First, we applied rule-based pre-masking using
regular expressions and domain-specific patterns
to identify and replace common identifier types,
including email addresses, URLs, phone num-
bers, room/building references, ticket IDs, serial
numbers, and known project/facility tokens. We
additionally used conservative name heuristics
(e.g., capitalized multi-token name patterns and
title cues) to mask likely personal names. Sec-
ond, we ran an LLM-based redaction step that
rewrites the text in-place while preserving techni-
cal meaning, instructed to conservatively replace
any remaining identifying mentions (names, af-
filiations, user handles, addresses, and project-
specific identifiers). To avoid context overflows,
long histories were processed in chunks, and a
post-processing pass re-applied key regex rules
to enforce consistent masking. All detected spans
were replaced with standardized placeholder to-
kens such as [PERSON], [EMAIL], [PHONE],
[URL], [ADDRESS], [TICKET_ID], [SERIAL],
and [PROJECT_ID]. In addition, timestamps were
deterministically shifted by up to ±15 days (preserv-
ing temporal order) to reduce re-identification risk
while maintaining relative timelines. Finally, we per-
formed manual spot-checking on a random sam-

ple from both datasets to validate that no directly
identifying personal or facility-specific information
remained after anonymization.

Label Reliability. Labels originate from multiple
operators working across different shifts and exper-
tise levels. As a result, variations in individual inter-
pretation and documentation style naturally occur.
Some tickets are brief or ambiguous, and in such
cases operators may select the broad category
Other / Information even when a more specific label
would be appropriate. We did not adjudicate all tick-
ets and did not compute inter-annotator agreement,
which implies that a small degree of label noise is
expected. Such inconsistencies can occasionally
lead to confusions between semantically related
categories, especially when similar subsystems or
fault types are involved. The potential impact of
this label variability is discussed in more detail in
our experimental evaluation (Section 4).

On the “Other / Information” Category. Infor-
mational entries are common in operational ticket-
ing systems because issue trackers are used not
only for fault reporting but also for coordination, sta-
tus updates, and contextual documentation among
stakeholders. Such posts preserve a searchable
record within the same infrastructure used for issue
management and therefore accumulate alongside
actionable incidents. The “Other / Information” cat-
egory captures entries that do not clearly fit one
of the predefined technical subsystems or mainly
serve coordination purposes. Some reports are am-
biguous, rare, or span multiple subsystems, mak-
ing strict assignment to a single category difficult.
Including this label ensures completeness of the
taxonomy and avoids forced misclassification into
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unrelated technical classes. Our analysis suggests
that combining informational posts and residual
issue types under a single label may obscure func-
tional differences. Future work will explore hierar-
chical taxonomy refinements that separate purely
informational entries from residual technical issues,
potentially improving interpretability and classifica-
tion performance.

3.3. Annotation Procedure and Quality
Control

Logbook Dataset (Binary Task). Logbook en-
tries were annotated by domain experts with experi-
ence in laser system operations. For the annotation
task, annotators were instructed to label an issue
as an entry describing a malfunction, performance
degradation, error state, or event requiring correc-
tive action. Entries documenting routine operation,
planned maintenance, configuration updates, or
informational coordination were labeled as non-
issue. To assess reliability, a random subset of 100
entries was independently labeled by three annota-
tors. Pairwise Cohen’s κ shows a mean agreement
of κ = 0.65 (std = 0.07; range: 0.58–0.74), corre-
sponding to substantial agreement (McHugh, 2012).
Compared to earlier pilot annotations, agreement
improved after introducing clearer annotation in-
structions, indicating that explicit guidelines help
reduce interpretation differences among annotators.
Remaining variability stems from several domain-
specific factors. First, logbook entries are often
written as short sequential updates referring to the
same incident. Because each entry is treated as
an independent instance, annotators may differ on
whether a brief follow-up message constitutes a
separate issue or part of an ongoing one, intro-
ducing granularity ambiguity. Second, screenshots
and diagnostic plots were excluded from the cur-
rent text-only dataset; some entries rely on visual
context to clearly signal a fault condition, reducing
consistency in text-only annotation. Third, inter-
pretation of borderline cases depends strongly on
operational experience, and annotator calibration
effects may still contribute to disagreement.

Operator Ticket Dataset (Multi-class Task).
Ticket labels originate from trained operators as-
signing one of 13 predefined subsystem categories
during incident reporting (Table 4). For reliability
assessment, 100 randomly sampled tickets were
independently re-labeled by four domain experts
using the same category definitions. Pairwise Co-
hen’s κ across annotators shows a mean agree-
ment of κ = 0.56 (std = 0.07; range: 0.47–0.64),
corresponding to moderate agreement (McHugh,
2012). As in the binary task, agreement increased
after introducing clearer annotation guidelines for

Task Subset κ (mean ± std)
Logbook (Binary) 100 0.65 ± 0.07
Tickets (13 classes) 100 0.56 ± 0.07

Table 2: Inter-annotator agreement (pairwise Co-
hen’s κ) on independently re-labeled subsets.

the re-labeling procedure. Disagreements mainly
occur between semantically related subsystem cat-
egories (e.g., Electronics / Computer Hardware vs.
Software / Control System), consistent with the con-
fusion patterns in Section 4. Additionally, informa-
tional tickets without a clearly identifiable subsys-
tem can lead to inconsistent interpretations among
annotators. Overall, the agreement analysis high-
lights the inherent complexity of issue classification
in operator-authored technical documentation.

3.4. Dataset Statistics and Visualizations

We analyze the two datasets introduced earlier: (i)
the Logbook dataset of operator-authored entries
and (ii) the Operator Ticket dataset of structured
issue reports. Covering the period 2022–2024,
both exhibit skewed distributions in text length
and reporting frequency—most entries are concise,
while a smaller subset contains extensive techni-
cal detail. Reporting activity also fluctuates over
time, reflecting the irregular nature of free-text op-
erational documentation.

Logbook Dataset. The corpus contains 2,979
entries authored by operators in 2022–2024. Each
entry records observations, actions, or incidents.
Among these, 1,144 (38.4%) are labeled as issues,
while 61.6% are non-issue. Mean text length is
417 characters (median 121, min 4, max 20,044),
indicating mostly concise notes with a small number
of long technical narratives. Yearly volume rose
from 514 in 2022 to 1,566 in 2024 (Fig. 1).

Operator Ticket Dataset. This dataset includes
758 tickets across 13 issue categories. Each
ticket combines metadata with a detailed history
of troubleshooting communications. Mean history
length is 1,914 characters (median 872, min 61,
max 63,338), again with a long-tailed profile. Tick-
ets per year increased from 164 in 2022 to 368
in 2024. The most frequent categories are Other /
Information, Electronics / Computer Hardware, and
Software / Control System, while subsystems such
as Pump Laser and Oscillator are comparatively
rare (Fig. 2).



6002

Figure 3: Operator Ticket categorization: confusion matrix (raw counts) for LLaMA-3 (few-shot). Pre-
dictions are aggregated over three prompt variants by per-ticket majority vote; rows are true labels (with
class support n), columns are predicted labels.
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performing best.

4. Experiments

4.1. Experimental Setup

Models and Prompting. We evaluate four
open LLMs served via Ollama: GPT-OSS-120B,
LLaMA-3.3, Mistral-Small 3.2, and Qwen-3-30B.
Each model was executed in its quantized form for
efficient inference: GPT-OSS-120B (117B param-
eters, MXFP4, 65 GB VRAM), LLaMA-3.3 (70.6B,
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Figure 5: Operator ticket classification. Mean
Macro-F1 scores per model × method. Few-shot
prompting yields the strongest results, with LLaMA-
3 (few-shot) best overall.

Q4_K_M, 43 GB), Mistral-Small 3.2 (24B, Q4_K_M,
15 GB), and Qwen-3-30B (30.5B, Q4_K_M, 19 GB).
Each model is tested under three prompting strate-
gies: zero-shot, few-shot, and chain-of-thought
(CoT). For the few-shot setting, we include three
exemplars per class, drawn from operator records
of different years that are not part of the evaluated
dataset. Unless stated otherwise, decoding is deter-
ministic (temperature set to zero, nucleus sampling
threshold p=1), with a generation budget of up to
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2,048 tokens and an 8,192-token context window.

Prompt Variants and Robustness. To assess
sensitivity to prompt wording, we evaluate multiple
semantically equivalent variants for each model
× method pair and report the mean and standard
deviation across variants. For the logbook task,
we use six variants, as pilot runs revealed higher
variance due to polarity cues and negation. For
the operator tickets (multi-class) task we use 3
variants: prompts are longer (label list + exemplars),
and pilot runs indicated diminishing returns beyond
three (std typically <0.01 Macro-F1), so we fix three
for efficiency.

Tasks and Measures. We evaluate two classifica-
tion tasks drawn from real operations: (1) Logbook
issue detection (binary), and (2) Operator ticket
categorization (multi-class, normalized technical
categories). For both tasks we compute Accuracy,
Precision, Recall, F1, and Balanced Accuracy
at the instance level. Given class imbalance, we
emphasize F1 for the logbook task and Macro-F1
for tickets.

Supervised Baselines. We include supervised
discriminative baselines to contextualize LLM per-
formance. For both tasks, we train linear classi-
fiers over TF-IDF representations (unigrams and
bigrams). Specifically, we evaluate TF-IDF + Lin-
ear SVM and Logistic Regression models using
5-fold stratified cross-validation and report mean ±
standard deviation across folds.

4.2. Results

Logbook Issue Detection. Across models, few-
shot prompting consistently outperforms zero-
shot on F1 (Fig. 4), with the average F1 score
being approximately 0.03 higher in the few-shot set-
ting. The best-performing configuration is LLaMA-
3 (few-shot) (F1 ≈ 0.840), showing small variance
(standard deviation ≈ 0.005) across prompt vari-
ants, which indicates stable behavior across differ-
ent prompt formulations. A supervised TF-IDF +
Linear SVM baseline achieves F1 = 0.806 with a
standard deviation of 0.007 under 5-fold stratified
cross-validation (Table 3). While this lexical base-
line already performs strongly, few-shot LLaMA-3
achieves an additional improvement of about 0.03
F1 (approximately 3 percentage points), suggest-
ing that in-context learning captures semantic regu-
larities beyond surface n-gram features. Compared
to the random baseline (F1 ≈ 0.50), all models
demonstrate substantial improvements. LLaMA-
3 also maintains a clear lead over the second-
best model, Qwen-3-30B (few-shot) (F1 ≈ 0.824).

Method Logbook F1 Ticket Macro-F1

Random baseline 0.50 0.083
TF-IDF (1–2g) + Linear SVM 0.806 ± 0.007 0.408 ± 0.057
TF-IDF (1–2g) + Logistic Regression 0.777 ± 0.005 0.383 ± 0.063
LLaMA-3 (few-shot) 0.840 ± 0.005 0.421 ± 0.008

Table 3: Comparison of strongest prompting con-
figuration and supervised discriminative baselines.
Results for TF-IDF models are reported using 5-
fold stratified cross-validation (mean ± std).

Zero-shot prompting tends to trade precision for
higher recall, producing more false positives.

Operator Ticket Categorization. Figure 5 sum-
marizes Macro-F1 for all models and prompting
strategies. The task is challenging due to K = 13
closely related issue categories and an underly-
ing random Macro-F1 baseline of ≈ 0.083. A su-
pervised TF-IDF + Linear SVM baseline achieves
Macro-F1 = 0.408 ± 0.057 under 5-fold cross-
validation. Few-shot prompting again performs best
across models, with LLaMA-3 (few-shot) reaching
a peak Macro-F1 ≈ 0.421 (± 0.008). This indicates
that LLMs remain competitive with, and slightly
outperform, strong lexical discriminative baselines
even in multi-class classification across 13 closely
related technical subsystem categories. On av-
erage, few-shot leads both zero-shot and CoT by
≈ 0.01–0.02 in absolute Macro-F1. Zero-shot and
CoT prompting yield slightly lower scores, suggest-
ing that explicit reasoning steps (i.e., CoT) may
not be beneficial for concise operator texts or that
the overhead of the prompt reduces the context
available for the ticket text itself. The overall per-
formance range is tight, spanning from the worst
model’s 0.385 to LLaMA-3’s 0.421, confirming con-
sistent model behavior across variants.

Table 3 summarizes the strongest configuration
across prompting and supervised baselines. Few-
shot LLaMA-3 consistently achieves the highest
performance on both tasks.

Confusion Matrix and Detailed Error Analy-
sis. Figure 3 shows the confusion matrix for
the best-performing configuration, LLaMA-3 (few-
shot). The model demonstrates acceptable perfor-
mance on high-frequency, distinct classes, achiev-
ing strong Recall for Chiller/Cooling Water (≈
84.6%) and Synchronization/Timing (≈ 77.8%).
However, a detailed error analysis reveals two pri-
mary failure modes that constrain the overall Macro-
F1 score:

Failure Mode 1: Misclassification of Informa-
tional Tickets. The largest source of misclas-
sification involves the general Other/Information
category. In many cases, tickets that are in-
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formational or do not correspond to a specific
subsystem are incorrectly assigned to more spe-
cific technical categories by the model. For ex-
ample, several Other/Information tickets are pre-
dicted as Infrastructure or other subsystem classes.
This behavior suggests that the LLM tends to in-
fer a concrete technical cause even when the
ticket text does not clearly indicate one. Because
the Other/Information category represents non-
actionable or informational entries, its boundaries
are inherently less explicit, which makes it difficult
for the model to distinguish these cases from gen-
uine subsystem faults.

Failure Mode 2: Semantic Confusion and
Critical Recall Gaps. Errors frequently occur
between semantically related systems, highlight-
ing the difficulty in distinguishing between related
failures from a short ticket description. Most no-
tably, there is strong bidirectional confusion be-
tween Electronics/Computer Hardware (51.5% Re-
call) and Software/Control System (62.8% Recall),
where 31 true Electronics tickets were misclas-
sified as Software. More critically, the model ex-
hibits complete failure (0.0% Recall) on the lowest-
frequency classes, Pump Laser and Setup Change.
The 12 tickets for Pump Laser, for instance, were
scattered primarily across Synchronization/Timing
and Laser Protection System, confirming that the
long-tailed data distribution provides insufficient dis-
tinguishing examples for these rare fault types.

Representative Error Cases. Binary (False
Positive). Gold: Not Issue → Predicted: Issue
“leakage sensor leakage sensor prepared alarm.”
The presence of terms such as leakage and alarm
strongly signals fault-like language, leading the
model to predict an issue. However, the entry doc-
uments a preparatory configuration rather than an
active malfunction, illustrating how lexical cues can
trigger false positives when context is underspec-
ified. Binary (False Negative). Gold: Issue →
Predicted: Not Issue “[PERSON] elogbook entry
was sent to following experts: [EMAIL].” Although
labeled as an issue, the entry primarily contains
forwarding metadata without explicit technical de-
scription. The lack of observable fault terminology
leads the model to treat it as informational, high-
lighting annotation-boundary ambiguity between
operational coordination and incident reporting.
Multi-class (Hardware vs. Software Confusion).
Gold: Electronics / Computer Hardware → Pre-
dicted: Software / Control System “Polarization in
user panel cannot be changed remotely anymore.”
Remote control failures can stem from hardware
components, firmware, network interfaces, or con-
trol software. The linguistic surface form empha-
sizes remote interaction, which biases the model

toward a software/control interpretation despite the
underlying hardware-related categorization. Multi-
class (“Other” Sinkhole). Gold: Interlock Sys-
tem → Predicted: Other / Information “[XFELelog]
alic_server.xml ... Direct link to e-logbook entry:
[URL].” Entries dominated by metadata, links, or
forwarding notes lack explicit fault descriptors. In
such underspecified cases, the model defaults to
the broad Other / Information category, reflecting
both class imbalance and semantic ambiguity in
short coordination-oriented tickets.

5. Conclusion

We introduced two datasets derived from real-world
operations of a large-scale scientific facility: a
binary logbook issue detection dataset and a
multi-class operator ticket categorization dataset.
These resources provide one of the first bench-
marks for studying LLM-based understanding of
operator-authored technical documentation in com-
plex experimental environments.

Our evaluation of four open LLMs under zero-
shot, few-shot, and chain-of-thought prompting
shows that few-shot prompting consistently pro-
vides the strongest performance, improving F1
by approximately 0.03 compared to zero-shot se-
tups. Few-shot LLaMA-3 also slightly outperforms
strong supervised baselines such as TF-IDF + Lin-
ear SVM, indicating that in-context learning can
capture domain-specific patterns beyond lexical
features. While chain-of-thought reasoning did not
significantly improve classification accuracy, it pro-
duced interpretable rationales that may support
explainable annotation workflows. Overall, the re-
sults indicate that open LLMs can effectively inter-
pret highly technical operator-authored records with
minimal in-domain adaptation.

Future work will focus on improving dataset qual-
ity and extending analysis beyond single-entry clas-
sification. Planned directions include clustering re-
lated logbook entries referring to the same incident,
incorporating multimodal information from screen-
shots and diagnostic plots, refining the taxonomy
to reduce category ambiguity, and strengthening
annotation guidelines and annotator training to im-
prove agreement.
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8. Supplementary Materials

Operator Ticket Label Definitions Table 4 lists
the operator ticket categories and their definitions
used in the multi-class classification task.

Annotator Confusion Matrices To further an-
alyze the annotation process, we include pair-
wise confusion matrices for the 100-sample re-
annotation subset. These visualizations highlight
where annotators disagree and reveal common con-
fusions between semantically related categories.
Annotator 0 corresponds to the original labels col-
lected before the introduction of detailed written an-
notation guidelines. The remaining annotators per-
formed the re-annotation after receiving the guide-
lines. Comparing the resulting matrices shows that
the guidelines improved annotation consistency:
overall agreement increased and confusions be-
tween similar categories were reduced. These visu-
alizations therefore complement the inter-annotator
agreement statistics reported in Section 3.3 by pro-
viding a more detailed view of how the guidelines
affected labeling behavior.

Category Short definition

Alignment Beam or mechanical alignment
problems affecting laser perfor-
mance (e.g., crystal misalign-
ment, beam pointing drift, inac-
tive beam stabilization).

Chiller / Cooling Water Cooling system faults unrelated
to house water, including chiller
malfunction, low water flow,
overheating, or corrosion.

Electronics / Computer
Hardware

Failures of electronics, con-
trollers, computers, or hard-
ware components (e.g., MTCA
crates/cards, controllers, power
supplies, cameras, or storage
devices).

Infrastructure Facility-level issues such as
power supply failure, network
outages, house water prob-
lems, or laboratory environmen-
tal control failures.

Interlock System Safety interlock faults involv-
ing access control or hardware
components (e.g., door con-
tacts, shutters, or interlock con-
trol units).

Laser Protection Sys-
tem

Malfunctions in laser protection
mechanisms, including false
triggers or failure to trip during
fault conditions.

Optical Damage Damage or degradation of opti-
cal components affecting beam
quality or power and requiring
inspection or replacement.

Oscillator Oscillator instability or failure,
including loss of mode-locking,
component degradation, or
startup problems.

Pump Laser Failures in the pump laser sys-
tem such as driver electronics
faults, pump diode failures, or
instability in pump output.

Setup Change Planned configuration modifi-
cations or adjustments to the
experimental or laser setup
(e.g., wavelength change,
pulse-shape adjustment, beam
profile optimization).

Software / Control Sys-
tem

Problems in control software,
automation scripts, or system
configuration (e.g., feedback
loop failures, control panel
freezes, device communication
errors).

Synchronization / Tim-
ing

Timing and synchronization is-
sues such as loss of sync lock,
clock drift, timing signal failures,
or delay scan errors.

Other / Information Informational or coordination
entries that do not describe a
technical fault or require correc-
tive action.

Table 4: Operator ticket categories and short defi-
nitions used for the multi-class classification task.
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(a) Annotator 0 vs 1 (b) Annotator 0 vs 2

(c) Annotator 0 vs 3 (d) Annotator 1 vs 2

(e) Annotator 1 vs 3 (f) Annotator 2 vs 3

Figure 6: Pairwise confusion matrices between annotators on the 100-sample re-annotation subset of
the operator ticket dataset. Rows correspond to labels assigned by the first annotator and columns
correspond to labels assigned by the second annotator. These matrices complement the Cohen’s κ
agreement statistics reported in Section 3.3.
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