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A B S T R A C T

Background and Purpose: Fully automated workflows (FAWs) for radiotherapy treatment preparation are feasible, 
but remain underutilized in clinical settings. A multicentre prospective risk analysis was conducted to support 
centres in managing FAW-related risks and to identify workflow steps needing improvement.
Material and Methods: Eight European radiotherapy centres performed a failure mode and effect analysis (FMEA) 
on a hypothetical FAW, with a manual review step at the end. Centres assessed occurrence, severity and 
detectability of provided, or newly added, failure modes to obtain a risk score. Quantitative analysis was per
formed on curated data, while qualitative analysis summarized free text comments.
Results: Manual review and auto-segmentation were identified as the highest-risk steps and the highest scoring 
failure modes were associated with inadequate manual review (high detectability and severity score), incorrect 
(i.e. outside of intended use) application of the FAW (high severity score) and protocol violations during patient 
preparation (high occurrence score). The qualitative analysis highlighted amongst others the risk of deviation 
from protocol and the difficulty for manual review to recognize automation errors. The risk associated with the 
technical parts of the workflow was considered low.
Conclusions: The FMEA analysis highlighted that points where people interact with the FAW were considered 
higher risk than lack of trust in the FAW itself. Major concerns were the ability of people to correctly judge output 
in case of low generalizability and increasing skill degradation. Consequently, educational programs and 
interpretative tools are essential prerequisites for widespread clinical application of FAWs.
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1. Introduction

Cancer incidence is increasing across Europe, accompanied by rising 
healthcare costs and a shrinking (medical) workforce [1]. To ensure that 
every patient can receive the highest quality of care within acceptable 
waiting times, automation of radiotherapy treatment preparation is 
often regarded as essential [2]. Recent years have seen advancements in 
artificial intelligence (AI) applications within the field of radiotherapy. 
Tools have been developed capable of image segmentation, dose opti
mization, outcome prediction, quality assurance, image reconstruction, 
etc. These innovations enable the automation of individual tasks, of
fering potential efficiency gain [3–5]. However, in clinical practice, 
manual checks are still performed after each automated task, limiting 
the potential benefit [6,7]. Nonetheless, automation has proven its 
power to reduce risks if adequate training was part of the implementa
tion [8–12].

Larger efficiency gains can be achieved when the entire workflow is 
automated. A fully automated workflow (FAW) would eliminate inter
mediate manual checks, handovers and waiting times between tasks. 
Technically, the tools required to implement a FAW for radiotherapy 
treatment preparation are currently available [13]. Yet, despite the 
adoption of task-specific automation, such as segmentation and treat
ment planning, limited studies report on the practicalities of imple
menting FAWs and they have not been widely adopted in clinical 
practice [14–16]. Nevertheless, similar concerns arise within the online 
adaptive setting, where safely implementing automation is even more 
stringent [17,18].

Suggested barriers that hinder the implementation of FAWs have 
been documented in literature, such as a lack of appropriate trust in the 
automation tools, uncertainties regarding the human role in FAWs, 
unclear responsibilities for quality control and clinical decisions, and the 
complexity of implementing innovations in workflows in clinical prac
tice [19–21]. To overcome these barriers, the clinical introduction of 
FAWs requires the development of new safeguards for monitoring and 
quality assurance of both input and output [22,23]. Additionally, 
defining the optimal workflow involves balancing the roles of medical 
professionals, processes, and technology [24].

The development of these safeguards and workflows should be 
motivated by a suitable analysis of the risks associated with the FAW. To 
address this challenge, a multi-centre, prospective risk analysis for the 
fully automated radiotherapy workflow was initiated to support centres 
in managing FAW-related risks, identify workflow steps requiring 
additional tools or improvements and provide insights to facilitate the 
clinical adoption of FAWs. To this end, a Failure Mode and Effect 
Analysis (FMEA) was performed for a hypothetical FAW [25]. This 
analysis aims to identify potential key barriers to implementation, 
paving the way for broader adoption of FAWs in clinical practice.

2. Materials and methods

2.1. Multicentre setup

An open call for participation was made during the ESTRO physics 
workshop 2023 and eight European radiotherapy centres and one 
company responded to that call and were included in the project: 
Iridium Netwerk (Antwerp, Belgium), Cliniques Universitaires Saint Luc 
(Brussels, Belgium), University Medical Center Groningen (Groningen, 
The Netherlands), Abano Terme Hospital (Abano Terme, Italy), Careggi 
University Hospital (Florence, Italy), Maastro (Maastricht, The 
Netherlands), Odense University Hospital (Odense, Denmark),The 
Netherlands Cancer Institute (Amsterdam, The Netherlands), and IBA 
(Ion Beam Applications, Louvain-la-Neuve, Belgium). The company was 
present during the group discussions and this participation is in line with 
the ESTRO physics workshop policy to invite company representatives 
as equal peers.

To gauge the differences in experience in automation between 

centres, a questionnaire was sent out and all eight centres used auto- 
segmentation of organs at risk, while only five centres did report any 
experience on target auto segmentation. Seven centres reported expe
rience with auto-planning, but workflow automation was only applied 
by five centres as summarized in Supplementary Material 1.

2.2. Hypothetical workflow

Before initiating the FMEA, a hypothetical FAW for radiotherapy 
treatment preparation was developed over multiple sessions (Fig. 1). 
The hypothetical workflow concerned an offline treatment preparation 
(e.g. not online/adaptive) and was intentionally tumour site-agnostic.

The workflow assumed that all treatment preparation was done 
using CT imaging only, with no additional imaging and image regis
tration required. Furthermore, it was assumed that following patient 
referral by the radiation oncologist, the patient was assigned to the 
automated workflow by selecting an FAW treatment. From that point, 
aside from CT simulation, all steps were assumed fully automated and 
handled by the FAW orchestrator. Finally, at the end of the automation, 
a manual review was performed by both a radiation oncologist and 
medical physicist. Apart from the manual review at the end, the FAW 
explicitly includes no automated QA or sanity checks.

A detailed description of the hypothetical workflow, its underlying 
assumptions, and a high-level description of the presumed software ar
chitecture was shared with the participating centres and is provided in 
the Supplementary Material 2.

2.3. FMEA

Based on the description of the hypothetical workflow, an FMEA 
template was made, outlining each step and sub-step of the FAW and its 
potential failures. The FMEA was designed following the specifications 
of the AAPM TG-100 report [26].

During a breakout session at the 2023 ESTRO physics workshop, 
causes (what is causing the failure), potential failure modes (the way 
something fails), and effects (consequence of the failure) were identi
fied. Combined with the analysis of Nealon et al. [9], known failure 
modes and effects were provided in the FMEA template, to prevent 
duplication. The template was reviewed and approved by all partici
pants and is provided in the Supplementary Material 3.

The severity (S, impact of the failure), occurrence (O, likelihood of 
the failure) and detectability (D, likelihood of the failure reaching the 
patient undetected) were left open. The template was shared with all 
centres who were asked to form a multi-disciplinary team to score the 
parameters for each failure mode. The multi-disciplinary team had to 
consist of key users, which depended on the local organization of the 
department. Participants were encouraged to identify additional failure 
modes and to provide comments where necessary.

Each multi-disciplinary team conducted the FAW in the context of 
their clinical routine, as summarized in Supplementary Material 1, and 
consisted of at least 1 radiation oncologist, 1 RTT and 2 medical phys
icists. Local FMEA’s were organized in a two months time period (May 
till June 2024).

All filled-in FMEA templates are provided as Supplementary Material 
4.

2.4. Quantitative analysis

Data curation was performed on the collected FMEA data to facilitate 
multicentre comparisons. Based on group discussions, potential causes 
and effects were grouped into five and eight major categories, respec
tively. The potential causes included: 

1. Human error (e.g. unexpected use of contrast, patient identification 
error)
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2. Lack of generalizability of AI-based algorithms (e.g. out of distribu
tion bladder volume)

3. Patient specific factors (e.g. patient implant, unexpected use of 
contrast) inadequate bladder filling)

4. Scan details (e.g. incorrect information in CT dicom tag)
5. Software errors (e.g. failing automation triggers, incorrect placement 

of isocentre)

The potential effects were grouped as follows: 

1. FAW stalls
2. Inadequate quality auto-segmentation
3. Incorrect patient setup vector (e.g. wrong detection of CT localiza

tion point)
4. Incorrect plan documentation (e.g. wrong information in pdf plan 

report)
5. Suboptimal treatment plan created
6. Incorrect treatment delivered
7. Communication gap (e.g. incorrect documentation of FAW 

assignement)
8. Treatment delays

Next, to minimize variation in scoring, for every centre the scoring of 
O, S and D was normalized to the respective maximum value of that 
centre, obtaining O*, S* and D*. The risk R* was recalculated based on 
the normalized values (R* = O* × S* × D*), reducing the impact of the 
institution-dependent risk assessment related to differences in equip
ment, level of standardization and training,… Since centres were 
allowed to add new risks to the FMEA, single, highly scored risks could 
disproportionately influence the analysis. To address this, only failure 
modes scored by at least two centres were included in the quantitative 
analysis.

To identify the process step with the highest risk in an automated 
workflow, the maximum R* per process step was determined for each 
centre and the average over the centres was compared between work
flow steps.

The failure modes, causes, and effects were analysed by identifying 
the risks with the highest R*, averaged over all centres. To unravel how 
R* was composed, the relative contribution of each individual, average 
scoring of O*, S* and D* was plotted next to its corresponding R* value. 
The failure modes analysis was limited to the five highest scoring modes 
for each of the metrics (R*, O*, S* and D*).

2.5. Qualitative analysis

In addition to the quantitative analysis, all comments provided by 
the participants were collected and analysed. The comments were 
structured and grouped according to the main workflow steps of the 
hypothetical FAW. The summary of the re-grouped comments was 
subsequently reviewed and approved by all participants.

3. Results

Each centre’s normalized maximum risk per process step showed 
substantial variation in scoring risks across centres (Fig. 2). The highest 
identified risks were observed in the manual review and auto- 
segmentation step with an average maximum R* of μ = 0.46 (standard 
deviation, σ = 0.17) and μ = 0.44 (σ = 0.20) over the different centres 
respectively. Risks related to auto-planning (μ = 0.25, σ = 0.18), 
simulation (μ = 0.25, σ = 0.13), and patient assignment (μ = 0.18, σ =
0.14) followed. The pitfalls related to the FAW orchestrator were 
assessed as minimal risk (μ = 0.07, σ = 0.07).

The top five highest-scoring values for O*, S*, D* and R*, along with 
the associated failure mode, revealed that the highest identified risks 
were related to inadequate manual review of the automated plan and 
auto-segmentation, driven by high D* and S* (Fig. 3). Treating the 
wrong patient within an automated workflow had an exceedingly high 
S*, but both O* and D* were perceived as low. Another high S* was 
given to the incorrect prescription assignment, leading to an incorrect 
run of the FAW. Suboptimal protocol assignment during the FAW, 
resulting in clinically inadequate segmentation or plan quality, carried 
high O* and S* scores, but were perceived as detectable (low D*).

As a potential cause, the generalizability of AI models emerged as 
causing the highest risk. On the contrary, the software itself did not hold 
a substantial risk as shown in Fig. 4.

The potential effects are summarized in Fig. 5, and most important 
effects were a suboptimal auto-segmentation and treatment plan crea
tion. Effects with the highest estimated O* were communication gaps 
and time delays. An incorrect treatment delivery got the highest S* 
score.

The qualitative review (Table 1) highlighted skill degradation con
cerns in both auto-segmentation and auto-planning. Within the manual 
review step, the risk of a failing manual error detection was seen as a 
significant challenge in FAWs, while within the patient assignment step 
the major concern related to applications of the FAW outside its inten
ded, highly standardized use.

Fig. 1. Schematic overview of the FAW with automatic and manual workflow steps respectively marked in green and blue. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.)
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4. Discussion

This FMEA underlined the technical capability to implement FAWs in 
clinical routine. However, how people deal with automation was 
perceived as a high risk and tools and training are needed to support 

people reviewing the FAW output. Only when safe introduction is 
guaranteed, wide clinical adoption is feasible.

This multi-centre FMEA identified manual review as the highest risk 
process step, while the software architecture itself was scored as the 
lowest risk. This affirms the capability of software to automate 

Fig. 2. Maximum normalized risk score R* per major FAW process step for every centre and averaged across all centres (light red bar plot). (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 3. Top five highest-scoring values for R*, O*, S* and D*and its corresponding failure mode, ordered by increasing R*. Due of overlap, the number of failure 
modes was limited to thirteen.
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radiotherapy treatment preparation and aligns with previous findings 
that highlight the lack of trust, rather than the technical limitations, as 
the limiting factor for clinical adoption of FAWs [10,13]. Despite the 
potential high S*, technical software errors were expected to be rare 
because of a low O*. Care should be taken for software errors with high 
D*, as these errors might affect multiple patients or treatments.

Nevertheless, the auto-segmentation and auto-planning model’s 
generalizability emerged as an important cause of concern. Especially 
when considered in combination with the inherent variability of 

individual patients and the practical impossibility to standardize every 
patient’s treatment, FAW cannot guarantee the best output for every 
individual. Also within the initial, offline treatment preparation of an 
adaptive workflow, auto-segmentation and auto-planning were previ
ously perceived as high-risk events [17]. This highlights the relevance of 
adequate manual verification, the need for new QA tools to assess FAW 
output, and supports the notion that careful consideration is required to 
define which workflows to automate and to what extent [24]. Applica
tions of the FAW outside its intended use are therefore also recognized as 

Fig. 4. R*, O*, S* and D* for every potential cause, ordered by increasing R*.

Fig. 5. R*, O*, S* and D* for every potential effect, ordered by increasing R*.

Table 1 
Per major process step, the main message of the qualitative analysis is listed and the corresponding failure mode with the highest risk score.

Process Qualitative summary Quantitative summary

Patient 
assignment

Standardisation challenges and deviations are common (e.g. re-irradiation) Incorrect protocol assigned

Auto- 
segmentation

Detecting and correcting subtle errors with impact becomes difficult with reduced human involvement (e.g. skill 
degradation)

Inadequate segmentation quality

Auto-planning Detecting suboptimal plan will be challenging (e.g. skill degradation) Template does not result in good plan
Manual review Human oversight at the review stage is essential to catch mistakes. However, the risk of manual review not finding 

an error should not be underestimated.
Segmentation/dose distribution not 
properly reviewed
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a key risk.
Large deviations are easy to detect, and minor deviations will have 

limited clinical impact, therefore “mid-level” errors need to be detected 
during manual review to prevent suboptimal treatment delivery, as 
demonstrated in the quantitative and qualitative analysis. However, this 
manual review step was identified as the highest risk in the entire 
workflow, strengthened by an automation-induced skill degradation and 
the risk of both automation and anchoring bias [27–29].

Auto-segmentation received a higher R* compared to the auto- 
planning, though variation in clinical expertise amongst centres might 
have influenced risk perception. Additionally, analysing a hypothetical 
workflow and its underlying assumptions is impactful and cannot be 
disregarded, which may be considered a limitation of this multi-centric 
study.

The failure modes with the highest S* were identified as assigning 
the wrong FAW protocol to a patient or vice versa. Despite the low D* 
and O*, avoiding these problems is key when using automated work
flows. Proper training and understanding of the risks of the FAW by all 
clinical staff is essential to mitigate this risk.

To fully exploit the potential of FAW in radiation oncology, clinical 
adoption is essential [16]. This FMEA analysis reinforces the importance 
of ‘quality by design’ in AI model development and underscores the need 
of quality monitoring and education. Robustness of the FAW to protocol 
deviations might be poor, further highlighting the importance of pro
tocol adherence. To overcome safety hurdles and to ensure standardi
zation, checklists are often used [30,31]. However, because of the 
changing role of the medical staff, new FAW-specific and automated QA 
tools need to be developed. These QA tools should check the appropri
ateness of the FAW and assure that protocols are assigned correctly [32]. 
Moreover, QA tools should help to minimize the risks found in this 
analysis in the manual review. Monitoring tools should provide 
continuous feedback loops between clinical use and development to 
ensure safe and effective deployment, sensitive to clinically relevant 
changes [22,33,34].

The multi-centric study design and the explicit assumption to 
exclude QA or sanity checks can be seen as current limitations of this 
study. The multi-centric approach required data normalization for more 
reliable risk comparison between centres, but eliminated the possibility 
of an absolute risk assessment. Within the context of finding consensus, 
and by providing the raw data as Supplementary Material this study 
aimed to minimize the potential negative impact of the study design. 
The exclusion of QA might have an impact on the perceived risks, but as 
long as no guidelines exists on how to QA FAWs, adding QA to the hy
pothetical workflow would increase complexity and potentially also 
variation between centres. Already within the current study, large 
variation was present but the impact of used software, clinical expertise, 
and level of standardization on the risk scores was not within the scope 
of the current research question.

In the end, a new balance must be found between monitoring and 
trusting automation. The level of trust and required human interaction 
will depend on the complexity of the automation process. Therefore, 
every implemented FAW should be preceded by an implementation 
strategy, clear goals and a proper training of staff [20]. As automation 
will dramatically redefine the role of staff members, training will be 
needed on how to monitor and manage automation and how to deal with 
unforeseen circumstances [7,35].

The FMEA analysis highlighted wariness in the consistency of people 
dealing with automation rather than lack of trust in the FAW itself. 
Major concerns were the ability of people to correctly judge output in 
case of low generalizability of the model and increasing skill degrada
tion. Consequently, tools and education are needed to help users inter
pret FAW output before large scale clinical application is feasible.
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