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Abstract. This paper examines the role of ambiguity in process descrip-
tions and how feasible it is to identify ambiguities using automated tech-
niques. Process descriptions are natural language specifications of a busi-
ness process. An ambiguity occurs whenever part of the specification can 
be understood in multiple ways. Ambiguities harm model quality, as well 
as comprehension and business process execution. This paper provides 
two contributions. First, it examines the prevalence of ambiguities in 
process descriptions. Second, it explores how the creation of computa-
tional artifacts could support the identification of ambiguities at design 
time. We constructed a dataset of process descriptions considering mul-
tiple authors, writing styles, and possible uses in academia and industry. 
In a dataset of N = 71 process descriptions, we show that ambiguities 
are a prevalent phenomenon, where 94,3% of the descriptions exhibit at 
least one type of ambiguity. Concerning identification, we can see that 
standard classifier techniques fall short in identifying ambiguities. At the 
same time, the application of pre-trained and fine-tuned LLMs improves 
the identification of ambiguity significantly. By demonstrating the pres-
ence of ambiguities in process descriptions and identifying them, our 
work aims to influence research on the application of Natural Language 
Processing (NLP) in Business Process Management (BPM) by refining 
pipelines to consider multiple interpretations. Moreover, it advocates for 
the transformative role of NLP as a tool that can promote clearer and 
more reliable process definitions. 

Keywords: Ambiguity Detection · Natural Language Processing · 
Process Model Extraction 

1 Introduction 

This paper concerns the design of correct process models. The design is crucial 
in the BPM lifecycle as it ensures that the downstream analysis and execution 
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phases are done correctly. However, the modeling discipline needs to integrate 
different sources of information, many of them unstructured. We focus on busi-
ness process descriptions as a consolidated view of a process written in a natural 
language. One of the major challenges in the extraction of formal specifications 
(i.e., process models) from process descriptions is the existence of ambiguities. 
Ambiguity in process descriptions can stem from unclear relationships between 
process elements, vague references, underspecified requirements, and inconsistent 
information [ 13]. Ambiguities in descriptions can lead to multiple interpretations, 
causing inconsistencies in process implementation and execution [ 2, 28]. Resolv-
ing ambiguities wrongly can result in operational inefficiencies, increased costs, 
and failure to meet business objectives [ 28]. Addressing ambiguities in process 
descriptions is essential to ensure that designed processes are accurately under-
stood and implemented. By reducing ambiguities, organizations can achieve bet-
ter alignment between their business objectives and process outcomes, enhance 
process performance, and improve overall operational efficiency [ 13]. 

In general, there are two primary methods for handling ambiguity: prevent-
ing it or detecting and resolving it. While a preventive approach would be ideal, 
it would require that requirements are formally stated using precise language 
with unique meanings in controlled languages, context-free grammar, or sen-
tence templates [ 28]. The formalization requirement is difficult to achieve in real 
life: process information is not written by computer scientists but by domain 
specialists such as legal practitioners or clinicians. In these cases, formalization 
of their existing documentation is simply not feasible [ 16, 21]. In this paper, we 
will focus on the detection part, as it is a topical aspect for new pipelines of 
process extraction using Large Language Models (LLMs). 

Text-to-Process (T2P) pipelines [ 1, 7, 10, 19, 22, 25] include the set of tech-
niques designed to extract a formal specification (i.e., a process model) from a 
natural language description. Traditionally, T2P pipelines break down the pro-
cess generation task into well-defined NLP tasks, such as Named Entity Recog-
nition and Relationship extraction. Recently, the emergence of LLMs has facil-
itated the simplification and enhancement of pipeline accuracy using prompts 
that incorporate multiple dimensions, leveraging their large context to achieve 
generalization [ 7, 19, 25]. However, most T2P pipelines assume that their process 
descriptions are unambiguous, overlooking the impact of ambiguities on their 
output. An exception is the work by Nour et al. [ 25], which addresses potential 
errors through their tool. Yet, ambiguity in process descriptions is not inher-
ently a correctness issue. As shown by Franceschetti et al. [ 13], multiple correct 
interpretations can arise from an ambiguity, and sometimes the ambiguities are 
established by design as intentional elements given to allow multiple interpreta-
tions of a text, and resolving them automatically may bias the output. 

This paper makes two contributions. The first is an investigation into the 
prevalence of ambiguities within business process descriptions. The second exam-
ines how machine learning and deep learning techniques can be used to detect 
these ambiguities. By doing so, we aim to highlight their frequent occurrence in 
virtually all process descriptions we examined and advocate for their consider-
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ation as a task within T2P pipelines. As a byproduct, this research presents a 
new process description dataset, including 71 texts sourced as explanations of 
both imperative and declarative process descriptions, including industrial and 
academic processes. 

Structure of this Paper. Section 2 introduces the theoretical framework of ambi-
guities from [ 13], instantiated to ambiguities in natural language. Section 3 doc-
uments the analysis of ambiguities in our process description dataset. Section 4 
presents the results on ambiguity detection using deep learning models. Section 5 
discusses related work. Section 6 describes the reproducibility of the experiments 
and code. Section 7 points towards the implications of ambiguity presence in 
NLP+BPM tasks, and Sect. 8 concludes. 

2 Background: Ambiguity in Process Descriptions 

This section recalls the definitions of ambiguity in Business Process Management 
(BPM) and instantiates it in business process descriptions. Ambiguity can arise 
in various artifacts, including textual specifications, formal representations of 
process models (such as BPMN), and event logs from the monitoring phase. This 
study focuses on the first type of artifact: specifications in natural language. 

Our paper takes as a departing point the taxonomy of ambiguities in 
BPM [ 13]. Considering the taxonomy, ambiguities in process descriptions fall 
under the category of descriptive ambiguities. They can be classified into four 
distinct types: 

Unclear Relations (T1). It arises when relationships between process ele-
ments are not specified, confusing whether tasks are sequential, parallel, or 
mutually exclusive. For instance, the statement “Prepare the meeting agenda 
and distribute it to participants” does not clarify if these actions should be done 
simultaneously or sequentially. A clearer version would be: “First, prepare the 
meeting agenda. After the agenda is prepared, distribute it to the participants.” 

Unclear References (T2). This ambiguity occurs when it is unclear which 
part of the process a statement refers to, creating confusion about which ele-
ments are involved or affected. For example, in the sentence “Manager requires 
employees to submit files to the system, he should review the document before 
approval” the phrase “He  should  review  (. . . )”  does not specify who “He” refers 
to, causing ambiguity. A clearer version would be “(...) The project manager 
should review the document before approval.” 

Underspecifications (T3). Ambiguity of this nature occurs when a process 
description leaves out key details, either by choice or oversight. Such omissions— 
whether intended for flexibility, due to insufficient knowledge, or accidentally— 
can make roles, tasks, or necessary actions within the process unclear. For 
instance, in “Submit the report by the end of the month”, there is uncertainty 
regarding who is tasked with the report submission. A more explicit version 
would be: “The team leader must submit the monthly financial report to the
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finance department by the end of the month”. Likewise, the use of abbrevia-
tions or technical jargon like “The system should support SSL” can introduce 
confusion without clarification. A more precise statement could be: “The system 
should support the Secure Sockets Layer (SSL) protocol to ensure data encryption 
during transmission”. 

Inconsistent Specifications (T4). This ambiguity arises from conflicting 
requirements or descriptions within the same process specification, complicating 
the creation of a consistent process model. Such inconsistencies force the mod-
eler to choose which instructions to follow, potentially resulting in a process that 
deviates from intended practices. For instance, “Submit the application online. 
Send the completed form via mail to the office.” is unclear. A more consistent 
instruction would be: “Submit the application online. Do not send the form by 
mail; keep a digital copy for your records”. It should be noted that ambiguity 
judgments often require considering the entire business process model, as inter-
pretations may vary across different contexts and observers. 

Process descriptions are not the only BPM artifacts prone to these types of 
ambiguities; process models and event logs can also exhibit similar and additional 
ambiguities, as noted in [ 13]. For instance, [ 20] highlights label consistency as a 
common problem in process models, and [ 12] documents how ambiguous process 
models add cognitive load and lower performance in the understanding of process 
models. Nevertheless, our study focuses solely on process descriptions, which are 
well-suited for analysis through pure NLP techniques. Identifying ambiguities in 
artifacts that combine text with diagrams is reserved for future work. 

3 Dataset Collection: Ambiguities in BPM Descriptions 

Our first contribution is set to answer the research question RQ1: To what extent 
are ambiguities present in process descriptions?. To answer this question, we 
instantiated the taxonomy in [ 13] and evaluated the presence of ambiguities in a 
realistic dataset of process descriptions. For the construction of the dataset, we 
considered balancing a set of criteria to provide a baseline. First, we chose only 
descriptions written in English as the original language. Second, we wanted to 
limit potential overfitting when training with texts from the same authors, who 
tend to repeat their writing style, lexical diversity, and lexical sophistication [ 24]. 
Third, we considered the intent to express imperative and declarative processes, 
as their writing styles are different [ 4]. While the BPM community has often used 
the PET dataset [ 5] for many downstream NLP tasks in process extraction, this 
dataset does not fit our requirements, as its process descriptions only consider 
sources collected by one author [ 14], and it only considers imperative processes 1. 
To tackle these shortcomings, we combined two sources of process descriptions. 
The first includes a dataset of 37 process descriptions combining imperative and 
declarative style targets [ 23]. In particular, 3 process descriptions were sourced

1 Moreover, [ 2] and  [  13] have already identified sources of ambiguities for [ 5], without 
quantifying its extent. 
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from the BPM Academic Initiative, 15 described declarative process models, and 
19 described imperative process models sourced from process ethnographies as 
part of university coursework. The second dataset included 34 process descrip-
tions created at an MSc course in BPM at the Technical University of Denmark. 
In this course, students executed ethnographies of multiple organizational pro-
cesses to generate process descriptions, following a reconciliation process with 
multiple observers to generate each process description. From the 34 process 
descriptions sourced in this way, 33 descriptions had a declarative style, and one 
had an imperative style. All data used in this study were voluntarily shared for 
research purposes. 

3.1 Dataset Analysis via Semantic Annotations 

To analyze the extent to which process descriptions are affected by ambiguities, 
we followed a semantic annotation approach. It included the following steps: 

1. Data preprocessing: We focused on preserving the original content’s 
integrity while enabling sentence-level analysis. Special characters were con-
verted to prevent splitting errors. Next, we eliminated formatting, transform-
ing elements like bullet points, numbers, and lists into standard sentences. 
We also corrected any sentences containing punctuation errors from earlier 
stages. Finally, titles and headings were reviewed to ensure proper contextual 
understanding, occasionally requiring manual adjustments. 

2. Construction of an annotation guideline: This step considered the gen-
eration of a set of annotation rules and examples to make the annotation 
process unambiguous and replicable for multiple annotators. The resulting 
guidelines can be accessed from our GitHub repository 2. 

3. Annotation process: Each sentence was labeled in a binary way to denote 
whether an ambiguity type is present. The tagging system included the ambi-
guity type, the reasons for the annotation, and the number of ambiguities 
encountered in the sentence. Any sentence can bear multiple ambiguity tags, 
as their types are non-exclusive. The annotation follows the patterns provided 
in the annotation guidelines and involves multiple consensus rounds by the 
authors. Initially, sentences are annotated based on the guidelines’ criteria, 
and these annotations are reviewed in expert meetings to ensure accuracy and 
consistency. The experts included one associate professor and two postdocs 
active in BPM, and developers of the ambiguity taxonomy in [ 13], as well as 
one expert with seven years of experience in the development of NLP appli-
cations in BPM. Their feedback led to final annotations integrated into the 
dataset, with three iterations of the annotation guidelines between February 
and April 2024. The annotation highlighted ambiguities affecting the process 
model’s construction, specifically those in the sentences immediately preced-
ing and following the process description. Figure 1 illustrates an example of 
the annotation framework applied using the Inception tool [ 18].

2 https://github.com/hugoalopez-dtu/ambiguityDetector. 

https://github.com/hugoalopez-dtu/ambiguityDetector
https://github.com/hugoalopez-dtu/ambiguityDetector
https://github.com/hugoalopez-dtu/ambiguityDetector
https://github.com/hugoalopez-dtu/ambiguityDetector
https://github.com/hugoalopez-dtu/ambiguityDetector
https://github.com/hugoalopez-dtu/ambiguityDetector
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Fig. 1. Ambiguity annotation example. 

3.2 Results on the Presence of Ambiguities in Process Descriptions 

Following preprocessing and filtration, we analyzed 71 BPM descriptions and 
1,039 sentences. Among these, 67 descriptions (accounting for 94.3% of the total) 
exhibited at least one instance of ambiguity, with an average of .4.60 ambigui-
ties noted per description and up to a maximum of 31 ambiguities in any given 
description. Figure 2 shows the distribution per number of ambiguities. On a 
sentence level, we found 255 sentences exhibiting at least one ambiguity, roughly 
.24.54% of the total. The distribution of sentences based on the number of ambi-
guities detected is shown in Fig. 4. Approximately 187 sentences contained a 
single type of ambiguity, with fewer sentences having multiple types. Approxi-
mately 10 sentences included three types of ambiguities, and no sentence featured 
all ambiguity types. This pattern suggests that ambiguities, though evident in 
BPM descriptions, are typically singular within sentences, emphasizing the need 
to tackle each ambiguity individually to enhance clarity and comprehension. 

To illustrate the existence of ambiguities, we will use one annotated pro-
cess description (originally published in the BPMAI initiative [ 32] and part of 
the PET dataset [ 5]). Figure 3 exhibits the Computer Repair Service descrip-
tion, annotated with its ambiguities according to the annotation guidelines. 
We found four ambiguous sentences in a six-sentence process description. We 
will discuss the ambiguities per type. Line 3 shows a case of unclear relations 
(T1): it is unclear that activities should be executed sequentially, in parallel, 
in non-deterministic choice, or with/without repetitions. Line 2 exhibits a case 
of unclear references (T2): the fragment “the process continues” is unclear in 
defining how. Line 5 shows a case of underspecification (T3): while the fragment 
describes “proper system functionality testing”, it is unclear what constitutes a 
“proper” test. Finally, multiple ambiguities can appear in a single sentence. For 
example, the case in Line 6 shows a problem with underspecifications (T3) (e.g.,
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Fig. 2. Distribution of number of ambiguities. 

Fig. 3. Annotation of ambiguities in the computer repair service example. 

what constitutes an arbitrary repair activity?), unclear references (T2) (e.g., is 
the error of local scope of the repair, or global and covers diagnostic?), and 
unclear relations (T1) (in what order should activities be orchestrated?). 

Inconsistent specifications were the type of ambiguity with the smallest rep-
resentation in the dataset. We will illustrate one case. The sentences “When the 
meal is served, the waiter must stand by the customer to finish his dish.” and 
“Finally, the client can leave and the waiter is free to take another incoming 
customer, as well as the client is capable of re-entering the restaurant.” are part 
of the same process description. The contradiction occurs whenever the cus-
tomer receives his meal and leaves, leaving the waiter in the position to follow 
the customer until finishing his dish (somewhere else) or start attending other 
customers. No matter the action, the waiter will be violating one of the rules. 

We explored whether the specification style influences the number of ambi-
guities. Table 1 shows the ambiguity distribution across different specification 
styles. Here, our analysis was centered at the document level, where the cate-
gorization was given if most sentences in a description described rules or flows.
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Fig. 4. Sentence distribution by number of ambiguities. 

Table 1. Distribution of ambiguities across declarative and imperative specification 
styles 

Spec. Style N Sentences T1(%) T2(%) T3(%) T4(%) . 
Σ4

1Ti

ΣSentences

Declarative 50 708 71(0,1003) 29(0,0410) 105(0,1483) 7(0,0099) 0,2994 
Imperative 21 331 51(0,1541) 22(0,0665) 51(0,1541) 3(0,0091) 0,3834 

We notice that the distribution of ambiguity types is approximately constant in 
both categories, except for T1. We suggest that the increase in unclear relations 
may be related to the sentence structure used to describe flows. Most declara-
tive specifications have sentences with derivatives of the pattern if Guard then 
Activity, for instance “If the request is cancelled by the retailer the process will 
be cancelled”. In contrast, imperative specifications tend to specify an implicit 
order that can be confusing. For example: “when serving the pizza, the oven guy 
must first put the pizza in a box, slice it and put it on the cashier’s table”. 

After identifying ambiguities in the text, we aim to find the most current ones 
to prioritize computational support. Figure 5 shows the frequency distribution of 
each type of ambiguity. T3 (Underspecifications) is the most prevalent type, with 
154 occurrences. This is followed by T1 (Unclear Relations) at 121 occurrences. 
Type T2 (Unclear References) has a total of 50 occurrences, while type T4 
(Inconsistent Specifications) is the least frequent, with only 10 occurrences. The 
next question is whether a correlation exists between the types of ambiguity. 
Figure 6 illustrates the confusion matrix for each ambiguity type. We can observe 
a moderate positive correlation (0.29) between the T1 and T3 types. Conversely, 
T2 and T4 have low correlations with other groups, indicating that inconsistent 
specifications or unclear references are less likely to coexist in the same sentence. 

To summarize, the semantic analysis performed allows us to conclude that 
1) ambiguities are a widespread phenomenon in process descriptions, affecting 
almost every sample examined, including imperative and declarative process 
descriptions alike, 2) Ambiguities are not a spurious phenomenon, and process 
descriptions may have multiple types of ambiguities in combination, even in
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Fig. 5. Frequency of each type of ambiguity in the process description dataset. 

the same sentences, 3) The most common ambiguity types existing in process 
descriptions are underspecifications and unclear relations, while ambiguities due 
to inconsistencies are rare, and 4) While most ambiguity types are independent, 
we can observe a moderate positive correlation between underspecifications and 
unclear relations. 

4 Detection of Ambiguities Using Deep Learning 

In this section, we explore our second research question: RQ2: How effectively 
can machine learning techniques automate the process of detecting ambiguity?. 
To answer it, we leverage our annotated dataset to build and fine-tune models, 
later comparing them against standard precision, recall, and F1 scores. In the 
following, we will report our model selection, training, and results. 

Model Selection. The dataset analysis in Sect. 3 already provides us with some 
hints of the inability to build very precise classifiers since the imbalance between 
positive and negative classes will impact the accuracy of the predictions. While 
one could improve precision by a series of techniques, including data augmenta-
tion, oversampling, or even the syntactic manipulation of examples using LLMs, 
we decided to preserve the authenticity of the dataset to explore its applica-
bility as is. Thus, we narrowed RQ2 into the sub-question RQ2-1 What is the 
impact of contextual information provided by LLMs in detecting ambiguities in 
process descriptions?. To answer this question, we considered four models. Our
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Fig. 6. Confusion Matrix for Ambiguity Types. 

baseline was a trained Naive Bayesian classifier. For LLMs, we considered differ-
ent architectures. First, an encoder-decoder architecture represented by Bidirec-
tional Encoder Representations from Transformers (BERT-base) [ 8]. The second 
was Meta’s Llama-2 7B decoder-only transformer model [ 30]. Finally, we used the 
Guideline-following Large Language Model for Information Extraction (GoLLIE 
7B) [ 27]. Our model selection criteria included reproducibility, representative-
ness, and a variety of architectures. All models are open source, facilitating 
reproducibility. While Bert and Llama are classic baseline models that can be 
fine-tuned for the purpose, Gollie constitutes a novel approach for decoder-only 
architectures. We included it since it is trained to follow annotation guidelines, 
facilitating our comparison with the manual annotation tasks in our dataset. 
Bert and Llama were trained and fine-tuned to optimize their performance for 
ambiguity detection. In the case of Gollie, we used the annotation guidelines as 
part of the prompts given to the information extraction task. 

Data Preparation. We used a 5-fold cross-validation to ensure robust perfor-
mance evaluation. This ensures that the models are trained on a subset of the
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Fig. 7. Exemplary prompts used for Ambiguity Detection in Gollie (similar prompts 
were used for other T-classes) 

data and evaluated on unseen sentences to assess their generalization capabili-
ties. The labels for each ambiguity type were binarized for classification tasks. 

Model Training. The annotated data was used to train models to detect sentence-
level ambiguities. The training strategy is designed to classify sentences into 
positive and negative cases for each type of ambiguity. By training models 
to recognize both the presence (true) and absence (false) of ambiguities, we 
aim to improve the accuracy and reliability of ambiguity detection across the 
dataset. For the Bayesian classifier, we used a TF–IDF vectorizer with 5-fold 
cross-validation with shuffling for randomness. The same number of folds was 
used in BERT, as well as 5 epochs, a batch size of 8 training examples, and 
500 warmup steps. We applied fine-tuning for the Llama model. This included 
3 epochs, 4 gradient accumulation steps, 16 bit-mixed precision training, 500 
warmup steps, and 0.01 weight decay. For Gollie, we defined a set of prompts 
to describe ambiguity detection for each type. The prompts strictly followed our 
definitions in the annotation guidelines. Figure 7 shows an example of a prompt 
for ambiguity detection (valid for .T3; other cases are similar). 

4.1 Results on the Automated Detection of Ambiguities 

In this section, we analyze the performance of various models used to detect 
ambiguities in process descriptions. We evaluate each model based on metrics 
such as precision, recall, F1-score, and accuracy. Cross-validation results are 
averaged to ensure robust performance estimates.
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Table 2. Detection results, best scores are written in bold 

Ambiguity Type Model Precision Recall F1-Score 
T1 = False Naïve Bayes 0,92 0,57 0,67 

Bert 0,88 0,99 0,94 
Llama2 0,88 0,90 0,89 
Gollie 0,91 0,93 0,92 

T1 = True Naïve Bayes 0,16 0,57 0,23 
Bert 0,04 0,01 0,01 
Llama2 0,55 0,45 0,50 
Gollie 0,60 0,50 0,55 

T2 = False Naïve Bayes 0,94 0,54 0,62 
Bert 0,95 1,00 0,97 
Llama2 0,95 0,96 0,95 
Gollie 0,94 0,95 0,95 

T2 = True Naïve Bayes 0,06 0,45 0,10 
Bert 0,00 0,00 0,00 
Llama2 0,30 0,20 0,24 
Gollie 0,35 0,30 0,33 

T3 = False Naïve Bayes 0,86 0,54 0,62 
Bert 0,85 0,97 0,91 
Llama2 0,90 0,92 0,91 
Gollie 0,89 0,91 0,90 

T3 = True Naïve Bayes 0,13 0,45 0,19 
Bert 0,38 0,03 0,06 
Llama2 0,60 0,50 0,55 
Gollie 0,62 0,55 0,59 

T4 = False Naïve Bayes 0,99 0,37 0,49 
Bert 0,99 1,00 1,00 
Llama2 0,98 0,99 0,98 
Gollie 0,99 0,98 0,99 

T4 = True Naïve Bayes 0,01 0,73 0,02 
Bert 0,00 0,00 0,00 
Llama2 0,10 0,12 0,11 
Gollie 0,15 0,20 0,18 

Table 2 reports our results. We notice several aspects. As anticipated, we can 
observe an overall better performance in the identification of sentences with-
out ambiguities. We believe these results are influenced by the imbalance in the 
dataset, where more non-ambiguous sentences have been identified. For instance,
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Llama2’s accuracy for the classification of negative and positive T1 ambiguities 
is .0, 88 and .0, 55, respectively; however, when reviewing the macro-average for 
the same classes, its value drops to .0, 715, illustrating an imbalance between neg-
ative and positive labels. Second, despite their overall lower scores in ambiguity 
detection, some ambiguity types (e.g., T1, T3) have F1-scores above .0, 50 and 
roughly .3x better performance than the Naive Bayesian classifiers, suggesting 
that the context used for the training of the LLMs improves their ambiguity 
identification capabilities. Third, our results suggest that the performance of 
LLMs is pretty similar for the task, with a slight advantage to the Guideline 
Learning approach from Gollie. 

5 Related Work 

Ambiguity is a well-documented challenge across various fields, particularly in 
Requirements Engineering (RE) and Business Process Management (BPM). 
Numerous studies have explored different types of ambiguities in various arti-
facts, such as process descriptions, contracts, software requirement specifications, 
and user stories (see [ 33] for a recent review). Traditional methods for detecting 
ambiguity include rule-based approaches and classical machine-learning tech-
niques. Rule-based methods rely on predefined linguistic rules to identify ambigu-
ous expressions. While simple to implement, they often lack scalability and 
adaptability. Classical machine-learning models, such as Naive Bayes, employ 
statistical techniques for ambiguity detection but require extensive feature engi-
neering and struggle with complex or context-dependent ambiguities. More 
advanced approaches leverage transformer models like BERT [ 31] and  GPT-3,  
which are pre-trained and fine-tuned on large datasets for ambiguity detection. 
These models, particularly when applied to requirement specifications, effectively 
capture contextual nuances, significantly enhancing detection accuracy. How-
ever, they demand substantial computational resources and extensively anno-
tated datasets [ 3]. Hybrid techniques combine rule-based methods with machine 
learning to balance robustness and adaptability, offering improved performance 
in identifying ambiguous requirements [ 26]. However, maintaining rule-based 
components can become increasingly cumbersome as the rule set expands. Addi-
tionally, crowd-sourcing approaches, such as CrowdTruth [ 17], employ consensus-
based methods to refine ambiguity detection. While these methods benefit from 
collective input, their effectiveness depends on well-defined annotation guidelines 
and the quality of annotators, which can impact consistency and output reliabil-
ity. In the context of BPM, the closest related work is by van der Aa et al., which 
addresses ambiguity detection using behavioral spaces [ 2]. While some ambigu-
ity types overlap, such as type ambiguity and scope ambiguity, which correspond 
to ambiguity types T3 and T2 in our taxonomy, this study focuses on a subset 
of ambiguity types and relies on parsing predefined indicator sets. This reliance 
limits its generalizability to other structures. In contrast, our approach analyzes 
ambiguity at the sentence level. This aspect, combined with the context coming 
from language models, is intended to aid in the generalization of our method.
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The work by Soares Silva et al. [ 29] explores a dataset of 68 process descriptions 
and identifies a set of linguistic templates for imperative process models. We see 
these works as complementary in the sense that their linguistic analysis can be 
complemented with the generalization of sentence-level analysis, while it would 
be interesting to use similar sentence-pattern analysis to provide user feedback. 

6 Reproducibility 

We adhere to the open science principles. Our Zenodo repository [ 9] includes 
the annotated dataset and our annotation guidelines. Our GitHub repository 3
contains the source code used in training and evaluation tasks. 

7 Implications of the Results 

Our results raise important questions on the limitations of the state of the art in 
tackling ambiguity as an inherent social problem. Most process descriptions are 
authored by humans, and ambiguities will be inherently present. Text-to-Process 
pipelines have so far overseen this, with potential risks in biased outputs. We 
can see three alternatives to deal with ambiguity in process descriptions: 

1. Controlled Natural Language: Controlled Natural Language (CNL) alter-
natives such as FRET [  15] or Gherkin  [  11] provide languages where require-
ments are described in a restricted natural-language grammar, rendering 
ambiguity detection simpler. This approach is challenging to scale beyond 
the computer science field, and it is also difficult to adopt for process owners 
with diverse backgrounds, as well as to apply to existing documentation. 

2. Conversational Interfaces: As described in the introduction, most Text-to-
Process pipelines do not consider a feedback loop. We suggest that to provide 
more accurate results, T2P should include ambiguity detection as an impor-
tant task, next to NER and relation detection. As we mentioned earlier, some 
ambiguity types are introduced by design, and automated resolution could 
potentially bias interpretations. Thus, we suggest that T3 and T4 ambiguities 
are detected and provided to the user for resolution. Conversely, T2 ambigu-
ities could benefit from existing NLP tasks such as co-reference resolution. 
For T1 ambiguities, we suggest exploring the detection and visualization of 
ambiguities, possibly following suit of the behavioural spaces approach in [ 2] 
and assistive approaches [ 22]. 

3. Beyond accuracy evaluations: Finally, our study suggests potential short-
comings of accuracy metrics when dealing with T2P pipelines. Precision, 
Recall, and F1 scores may only work in the case of non-ambiguous descrip-
tions. For ambiguous descriptions, we suggest that authors disclose their 
ambiguity resolution procedure, which could involve crowd-sourcing, inter-
annotator agreements, or the consideration of multiple reference models.

3 https://github.com/hugoalopez-dtu/ambiguityDetector. 

https://github.com/hugoalopez-dtu/ambiguityDetector
https://github.com/hugoalopez-dtu/ambiguityDetector
https://github.com/hugoalopez-dtu/ambiguityDetector
https://github.com/hugoalopez-dtu/ambiguityDetector
https://github.com/hugoalopez-dtu/ambiguityDetector
https://github.com/hugoalopez-dtu/ambiguityDetector
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8 Discussion and Conclusion 

This paper studied ambiguity in business process specifications, highlighting its 
prevalence in realistic datasets, where .67 out of .71 (.94, 3%) process descriptions 
included at least one ambiguity. To our knowledge, this is the first systematic 
study of ambiguities in process descriptions. Given the emergence of text-to-
process pipelines in BPM, we consider this an important aspect to highlight, 
which can improve the quality of the models generated once ambiguities are 
detected. Moreover, our study showed that, while prevalent in virtually every 
process description, the number of ambiguities is low, and creating balanced 
datasets will still be an important future task if machine learning classifiers 
are to be used. Addressing data imbalance through augmentation is crucial, 
particularly for underrepresented ambiguity types. This paper showcased some 
promising advances in the application of LLMs to the ambiguity identification 
task, and we would expect further improvements with larger models. 

As part of our threats to validity, we can consider possible errors due to 
manipulation of the sources and annotator bias. Our preprocessing steps involved 
slight manipulation of the source texts (e.g., adding sentence terminators when 
a new line was used). While most of the alterations were clear from the con-
text, they may potentially change the result. Another threat may come from the 
annotation process, where one team member performed the annotations and a 
second member revised the annotated dataset. This process risks an anchoring 
bias. We mitigated the impact via the generation of an annotation guideline and 
the discussion of each unclear annotation, leading to multiple annotation revi-
sions until an agreement was achieved. Future work will consider inter-annotator 
agreements and the extension of our study to larger process descriptions, such as 
Service Operating Procedures [ 6] and Clinical Guidelines [ 16]. Finally, we would 
like to provide implementation support for ambiguity detection. 
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