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ABSTRACT
In Danish social housing facility management (FM) contexts, maintenance service requests (SR) often contain short, unstructured, and incomplete textual descriptions alongside structured maintenance metadata, making systematic prioritization and severity assessment (SA) difficult to standardize and scale. Consequently, determining which SR require immediate action and which can be addressed through routine maintenance procedures often relies on manual interpretation and professional judgement. 
Following a Design Science Research Methodology (DSRM), this study develops and evaluates an artefact supporting structured, transparent, and domain-aligned SA of SR using large language models (LLMs). The artefact is a rubric-guided framework used to operationalize the SA process. It was developed using a dataset containing 46850 SR from a Danish social housing organization. A severity rubric was generated by the LLM from the SR dataset to incorporate contextual patterns and domain-specific language before being operationalized through rubric-guided prompting.
The framework was evaluated by comparing baseline prompting with rubric-guided prompting, including analyses of severity level distributions, semantic consistency across similar SR, and consistency under batch processing. The Results indicate greater differentiation in assigned severity levels, greater context-specific differentiation across semantically related SR, and more transparent justifications under rubric-guided prompting than under baseline prompting. However, the evaluation reveals limitations related to linguistic sensitivity, semantic interpretation, and contextual interference under batch processing. The findings suggest that the framework can support more structured and reviewable maintenance prioritization in FM, although batch processing introduces consistency trade-offs requiring further investigation.

1. INTRODUCTION
The effective management of building maintenance relies on the continuous prioritization of service requests (SR), particularly across large building portfolios. These are typically generated reactively through reports from occupants, requiring facility managers to assess their significance under uncertainty, time pressure, and incomplete information. As a result, Severity Assessment (SA) is largely dependent on individual professional judgement, which introduces variability, limits scalability, and reduces transparency in decision-making processes (Ensafi et al., 2023).
Widespread adoption of digital facility management (FM) technologies has resulted in maintenance activities being increasingly documented through digital work-order systems. Within these systems, SR serve as a primary mechanism for documenting, planning, and coordinating maintenance activities and typically contain both textual descriptions and structured asset information (Wireman, 1994). Despite this, the use of maintenance data for systematic SA and prioritization remains limited. Similar challenges have been identified in other maintenance-intensive domains, where unstructured maintenance records complicate systematic analysis and decision-making (Lutz et al., 2023). Research has identified considerable variability in maintenance prioritization practices, with criteria selection and prioritization logic often depending on organization-specific procedures and individual professional judgement rather than explicit and standardized decision frameworks (Ensafi et al., 2023). Consequently, the rationale underlying prioritization decisions frequently remains implicit and difficult to communicate, review, or systematically evaluate. Research on automated or semi-automated SA in FM remains limited, particularly in approaches capable of interpreting unstructured maintenance descriptions within operational FM contexts.
Large language models (LLMs) have demonstrated strong capabilities in natural language understanding, offering new opportunities to extract and interpret maintenance-related information from large volumes of textual data. Recent research has begun exploring the application of LLMs within maintenance and operational decision-support, including predictive maintenance in buildings (Asare et al., 2025), infrastructure risk identification and assessment (Ding et al., 2026), and automated SA and prioritization tasks (Ali et al., 2025).  However, despite these developments, limited research has examined the use of LLMs specifically for the SA and prioritization of maintenance SR. Recent research on prompt engineering has shown that contextual guidance can significantly influence LLM outputs and their consistency. Robertson et al. (2024) emphasize that well-structured prompts improve response coherence and contextual alignment, while Chen et al. (2025) highlight the importance of contextual augmentation and reasoning decomposition for improving output consistency. At the same time, Kaya et al. (2025) argue for caution when relying on single-pass LLM outputs without validation, refinement, or human oversight, as these may result in unreliable or insufficiently contextualized assessments. Finally, research on organizational AI adoption suggests that AI systems are often most effective when designed to augment rather than replace human judgement, particularly when they support decision-making through transparent and reviewable outputs (Davenport & Ronanki, 2018). Consequently, there remains a need for structured approaches that operationalize explicit, domain-relevant severity criteria for LLM-based SA workflows capable of supporting more systematic, transparent, and reviewable prioritization of SR.
To address this gap, the study adopts a DSRM to develop and evaluate a rubric-guided framework for LLM-based SA, operationalizing explicit severity criteria through structured prompting, with the aim of supporting more systematic, transparent, and reviewable prioritization of SR.

2. METHODOLOGY
This study follows a DSRM for the development and evaluation of the proposed artefact (Peffers et al., 2007). The artefact was designed and developed as a prototype rubric-guided framework consisting of three functional layers (Fig. 1): knowledge construction, operationalization, and application. First, a severity rubric ranging from Insignificant to Catastrophic was developed from SR descriptions to derive severity characteristics, linguistic indicators, and contextual examples. The rubric content was generated and iteratively refined by the LLM from the SR dataset without direct expert editing, while discussions with domain professionals focused on practical relevance and operational considerations. Second, the rubric was operationalized through structured, rubric-guided prompting, in which the severity criteria were embedded directly into the LLM prompt. Third, the framework was applied across the SR dataset to generate an SA per SR, consisting of an assigned severity level and an accompanying reasoning-based justification (hereafter, justification). 
Gemma3 was used for knowledge construction (rubric generation), while Gemma4 was used for the operationalization and application layers. The use of local LLMs was motivated by operational concerns identified through discussions with FM professionals, including computational cost, data privacy, cybersecurity, and long-term dependency on commercial cloud-based services, concerns also highlighted in recent LLM deployment research (Pan et al., 2025). All experiments used a temperature 0 and a fixed random seed (42) to improve reproducibility and reduce stochastic variation.
The framework was applied to a historical dataset (2021–2025) containing 46850 SR (22060 unique descriptions) from a Danish social housing organization, with each SR comprising a textual description and structured metadata. Although the framework supports multiple severity dimensions (e.g. operational, financial, and environmental consequences), the present study focuses on the Human Safety & Health dimension as a proof-of-concept. Evaluation was conducted by comparing baseline prompting without rubric guidance with rubric-guided prompting. The two prompting approaches were compared in terms of severity level distributions, pairwise deviations, semantic consistency, and justification transparency. Finally, batch configurations were evaluated to investigate scalability and the influence of batch processing on severity levels and generated justifications.

3. ARTEFACT DESIGN AND DEVELOPMENT
The framework (Fig. 1) was developed through iterative experimental testing, while discussions with FM professionals informed practical relevance and operational considerations. The following subsections describe the development of the severity rubric, its operationalization through structured, rubric-guided prompting, and its application in automated SA. The design was informed by step-by-step and preparatory prompting approaches proposed by Kaya et al. (2025), which emphasize contextual preparation and explicit guidance to support more consistent output.
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Figure 1: System architecture of the artefact (Rubric-guided LLM-based severity assessment framework). 

3.1 Baseline prompting
The initial stage of the study explored SA using a baseline prompting approach without explicit severity criteria. A Python-based workflow was developed to automate LLM-based SA across individual SR descriptions, enabling systematic experimentation with severity levels and justifications. Rather than representing a final solution, this baseline functioned as an exploratory design iteration that informed subsequent artefact development. Observed limitations related to severity level consistency, justification transparency, and domain alignment motivated the development of the severity rubric and its operationalization through structured, rubric-guided prompting.

3.2 Rubric generation
 The first layer (Fig. 1) constructed the severity rubric as a domain knowledge structure. Similar descriptions using different terminology or abbreviations could result in different severity levels under baseline prompting, highlighting the need for explicit and transparent severity criteria. The resulting rubric organized severity characteristics, linguistic indicators, and contextual examples for subsequent operationalization through rubric-guided prompting.
The rubric was generated and iteratively refined by the LLM, with the SR dataset serving as the sole domain knowledge source. It consisted of five severity levels ranging from 1 (Insignificant) to 5 (Catastrophic), with each level defined through severity characteristics, linguistic indicators, and contextual examples. 
Separate discussions with FM professionals focused on practical applicability and identified the rubric as a mechanism for organizational customization and governance. Its explicit structure enables severity criteria to be adjusted according to operational priorities, building contexts, or organizational requirements without modifying the underlying prompt structure or LLM. This aligns with broader perspectives on AI adoption that emphasize transparent and reviewable decision-support mechanisms to augment rather than replace human judgement (Davenport & Ronanki, 2018).

3.3 Rubric-guided prompting
The second layer (Fig. 1) operationalized the severity rubric through structured, rubric-guided prompting, in which the rubric's severity characteristics, linguistic indicators, and contextual examples were incorporated into the LLM prompt together with explicit assessment instructions. This transformed the rubric into an executable assessment mechanism capable of generating severity levels and associated justifications aligned with explicit severity criteria grounded in the domain-specific context of the SR dataset.
The prompt structure separated system and user prompts with distinct functional roles, a common prompt engineering technique (Chen et al., 2025) that supports more controlled and consistent outputs by separating persistent assessment instructions from dynamic case-specific input. The system prompt established the assessment context by defining the role of the LLM as an expert in building-related severity assessment, together with the title and definition of the severity dimension and the criteria derived from the rubric. The rubric therefore functioned as the underlying knowledge structure by providing severity characteristics, linguistic indicators, and contextual examples directly within the model context. Furthermore, the system prompt specified the required response structure, consisting of both a severity level (1–5) and an associated justification. The user prompt subsequently provided one or more SR descriptions together with instructions for performing the assessment.
The workflow supported both single-instance and batch processing, with batch processing allowing multiple SR to be assessed within the same prompt. Discussions with FM professionals and software developers identified computational efficiency and operational feasibility as important considerations for large-scale implementation. Batch processing was therefore introduced to improve scalability and reduce execution time, resulting in approximately 2.5–3× faster processing in the implemented experimental setup, depending on batch size. Additional prompt constraints were introduced to maintain structured and machine-readable output formats suitable for subsequent analysis and reintegration into the dataset. However, increasing the number of SR within the same prompt introduced potential challenges related to output consistency and contextual interference between assessments. These aspects were therefore included in the subsequent artefact evaluation presented in Section 4.

3.4 Severity assessment
The third layer (Fig. 1) applied the operationalized severity rubric across the SR dataset. Through rubric-guided prompting, the LLM generated an assigned severity level and associated justification for each SR. The generated outputs were subsequently reintegrated into the dataset, creating an enriched dataset that combined the original SR information with assigned severity levels and generated justifications. In this way, the application layer enabled systematic SA across the SR dataset at scale while maintaining reviewable outputs.
4. ARTEFACT EVALUATION
This section presents the evaluation of the rubric-guided framework. Severity level distributions (Table 1) and pairwise severity level deviations (Table 2) within the Human Safety & Health dimension are analysed across baseline and rubric-guided prompting, including different batch configurations for rubric-guided prompting. 

Table 1: Distribution of severity levels within the Human Safety & Health across baseline and rubric-guided prompting configurations. Here, n× denotes prompting with n service requests per prompt.
	Severity level
	Baseline
	Rubric-guided

	
	1×
	1×
	5×
	10×

	1 (Insignificant)
	16.4 %
	28.8 %
	19.7 %
	21.6 %

	2 (Minor)
	55.5 %
	52.3 %
	52.1 %
	52.7 %

	3 (Moderate)
	27.6 %
	9.21 %
	18.2 %
	17.7 %

	4 (Major)
	0.49 %
	9.63 %
	9.93 %
	7.90 %

	5 (Catastrophic)
	0.05 %
	0.01 %
	0.06 %
	0.06%



Table 2: Pairwise severity level deviations within the Human Safety & Health relative to the rubric-guided single-instance (1×) prompting configuration. Here, n× denotes prompting with n service requests per prompt.
	Severity level deviation
	Baseline
	Rubric-guided

	
	1×
	5×
	10×

	-4
	0.002 %
	0 %
	0 %

	-3
	0.03 %
	0.11 %
	0.15 %

	-2
	3.49 %
	1.74 %
	2.23 %

	-1
	15.9 %
	9.83 %
	11.3 %

	0
	46.4 %
	59.6 %
	60.4 %

	+1
	32.9 %
	25.1 %
	23.3 %

	+2
	1.34 %
	3.66 %
	2.62 %

	+3
	0.002 %
	0.04 %
	0.02 %

	+4
	0.002 %
	0 %
	0.00 %



4.1 Baseline and rubric-guided prompting comparison
The severity level distributions (Table 1) indicate notable differences in severity level assignments between the two approaches. In particular, the rubric-guided prompting produces a substantially lower proportion of Level 3 assignments compared with baseline prompting, decreasing from 27.6% to 9.21%. At the same time, the proportions of Level 1 and Level 4 assignments increase under rubric-guided prompting.
This shift in distribution suggests that rubric-guided prompting produces a more differentiated distribution of severity levels than baseline prompting. Whereas baseline prompting shows greater concentration around moderate severity levels, rubric-guided prompting produces a clearer separation between lower and higher severity levels. The proportion of Level 2 assignments remains relatively stable, while rubric-guided prompting primarily reduces the proportion of Level 3 assignments and increases the proportions of Levels 1 and 4.
To further examine severity level consistency between the two approaches, pairwise severity level deviation analysis was conducted using rubric-guided single-instance (1×) prompting as the reference (Table 2). The results show that 46.4% receive identical severity levels, while most remaining deviations are limited to a single level. Deviations of two or more levels occur relatively infrequently, suggesting that rubric-guided prompting generally shifts severity levels incrementally rather than producing large changes in assigned severity.
The deviation patterns (Table 2) also reveal an asymmetry in the deviations. Positive deviations, where baseline prompting assigns a higher severity level than rubric-guided single-instance prompting, are more frequent than negative deviations. Together with the severity level distribution (Table 1), the findings suggest that rubric-guided prompting more clearly differentiates maintenance conditions, a finding that is explored further through the qualitative examples presented below. 
Initial qualitative observations of selected SR and their associated justifications are consistent with the quantitative findings from the distribution and deviation analyses. Among these cases, a total of 2709 SR shift from Level 3 under baseline prompting to Level 4 under rubric-guided prompting. Many of these SR are related to electrical installations or outlets, where the justifications generated through rubric-guided prompting more explicitly emphasize safety-related consequences and urgency. For example, justifications generated through baseline prompting frequently identify electrical hazards in general terms (Table 3), referring broadly to risks such as electric shock or fire hazards. In contrast, justifications generated through rubric-guided prompting more consistently reference explicit severity criteria defined in the rubric, such as “safety risk” and “requires immediate action.” This suggests that rubric-guided prompting results in more explicit reference to the severity criteria and clearer differentiation of potentially hazardous maintenance conditions.

Table 3: Selected examples of service requests illustrating differences in assigned severity levels and justifications between baseline and rubric-guided prompting. 
	Service requests
	Baseline (Excerpts)
	Rubric-guided (Excerpts)

	“Electrical, Socket”
	Level 3: “...risk of electric shock, short circuit and fire hazard...”
	Level 4: “...falls under ‘Safety Risk’ and ‘Requires Immediate Action’ according to the rubric...”

	“Leaking shed roof + walls are wet and mouldy”
	Level 3: “...risk of mould affecting air quality and allergies...”
	Level 4: “...potential safety risk... respiratory issues... requires immediate action...”



Furthermore, observations indicate stronger domain alignment in SA related to mould and moisture damage (Table 3). In several examples, justifications generated through baseline prompting acknowledge potential health risks but do so in relatively generic terms. In contrast, justifications generated through rubric-guided prompting more frequently connect moisture- and mould-related descriptions to concrete health implications, including respiratory issues, allergenic exposure, and environmental degradation, and are associated with higher assigned severity levels. This interpretation is further reflected in the rubric-guided justifications, which more consistently describe water intrusion and mould growth not merely as isolated defects but as developing Human Safety & Health concerns requiring intervention.
Beyond influencing the severity level assignments, rubric-guided prompting also appears to improve the transparency of the justifications. Across multiple examples, the justifications become more explicit and detailed, and more clearly aligned with the severity criteria defined in the rubric. Notably, although the prompting strategy did not explicitly instruct the model to use rubric terminology, the generated justifications frequently incorporate concepts such as “localized problem,” “safety risk,” “requires attention,” or “risk to life”. Compared with baseline prompting, rubric-guided prompting generally produces more detailed justifications of why an SR is assigned a given severity level, rather than merely describing the severity itself. This increase in transparency makes the justifications easier to follow and facilitates review and interpretation by domain experts.

4.2 Semantic consistency across similar service requests
Semantic consistency was examined through selected groups of semantically related SR described using different terminology or contextual detail. The results indicate that rubric-guided prompting produces greater contextual differentiation than baseline prompting, with assigned severity levels shifting both upward and downward depending on the information contained in the SR. For example, “waste grinder, general’ is assigned Level 3 under baseline prompting but Level 2 under rubric-guided prompting, where the justification interprets the issue as a localized disturbance without explicit safety implications. Conversely, the assigned severity level for ‘waste grinder, removal’ increases from Level 3 to Level 4, with the rubric-guided justification emphasizing electrical hazards and wet-environment risks.
A similar pattern is observed for drain-related SR. “Drain, general” decreases from Level 3 to Level 2 under rubric-guided prompting, while “blocked drain” increases from Level 2 to Level 4 due to flooding and slipping risks. In other cases, such as blocked kitchen and shower drains, both approaches assign Level 3, but rubric-guided justifications more explicitly explain why criteria for higher severity levels are not met. These examples suggest more context-specific risk interpretation rather than reliance on generic hazard associations. However, rubric-guided prompting does not fully eliminate sensitivity to linguistic variation, as semantically similar descriptions occasionally receive different severity levels. Overall, the findings indicate greater contextual differentiation and more explicit justifications, while residual sensitivity to wording remains.

4.3 Severity assessment under batch processing
The severity level distributions (Table 1) and pairwise deviations (Table 2) show that most differences across the rubric-guided batch configurations are relatively small. The proportion of Level 2 assignments remains highly consistent across configurations, although Levels 1 and 3 show greater variation with increasing batch size. Approximately 60% of SR receive identical severity levels under the 5× and 10× batch configurations, compared with 46.4% agreement between baseline prompting and rubric-guided single-instance prompting. Furthermore, most deviations are limited to one level, while larger deviations remain infrequent.
Initial qualitative observations of the justifications indicate that, although identical assessment instructions were used, batch configurations generally produce shorter justifications than the rubric-guided single-instance configuration. Furthermore, identical SR descriptions occasionally receive different severity levels or justifications under batch processing, despite deterministic settings, indicating potential contextual influence from surrounding SR within the same prompt.
Additional context-dependent effects are observed in the justifications. When identical SR appear consecutively within the same batch, batch processing occasionally generates abbreviated responses such as “same as above” rather than independent justifications. Such responses reduce output independence and introduce challenges for automated post-processing and analysis. Semantic interpretation also occasionally differs under batch processing. For example, the recurring SR “toilet running,” interpreted as a leaking toilet under baseline prompting and the rubric-guided single-instance configuration, is occasionally interpreted literally as a ‘running task’ under batch processing. In addition, the recurring SR “water, general’ shows increased severity level variability under batch processing. Under the rubric-guided single-instance configuration, the SR is consistently assigned Level 2. In contrast, the batch configurations primarily produce Level 2 and Level 3 assignments, with occasional Level 1 and Level 4 assignments.
5. DISCUSSION
The design, development, demonstration, and evaluation of the proposed artefact provide insights into the applicability of the rubric-guided framework for LLM-based SA in FM. In particular, the findings highlight how explicit severity criteria cnd support more consistent severity level assignments and more transparent and interpretable justifications while also revealing important limitations related to linguistic sensitivity, contextual interference, scalability, and operational implementation.

5.1 Influence of rubric-guided prompting on severity assessment 
A key finding of the study is that rubric guidance influences SA, suggesting that assessment outcomes are shaped not only by the LLM, but also by how explicit severity criteria are operationalized through prompting. Compared with baseline prompting, rubric-guided prompting produces a more differentiated severity level distribution, greater context-specific differentiation across semantically related SR, and more explicit justifications aligned with the severity criteria defined in the rubric. These findings align with Ding et al. (2026), who demonstrated that integrating domain ontology, in-context learning, and chain-of-thought guidance into the prompting design improved the extraction and interpretation of maintenance-related risk information. Similarly, Robertson et al. (2024) argue that well-designed prompts and clear structure improve contextual alignment and response coherence, while Chen et al. (2025) highlight that prompt structure, contextual augmentation, reasoning decomposition, and parameter settings can significantly influence LLM outputs and their consistency.
The findings further suggest that structured contextual guidance can partially mitigate limitations associated with single-pass LLM inference. Both baseline and rubric-guided prompting were implemented as single-pass, non-iterative assessments without reflective refinement. Nevertheless, rubric-guided prompting produces greater context-specific differentiation in severity level assignments and more explicit justifications. In particular, rubric-guided prompting responds more distinctly to contextual details, allowing semantically related SR with differing operational implications to receive different severity levels, allowing semantically related SR with differing operational implications to receive more differentiated severity assessments. These findings align with Kaya et al. (2025), who found that preparatory prompting, structured prompting, and stepwise guidance improved analytical clarity and contextual grounding in LLM-supported assessment tasks. They also align with emerging research suggesting that augmenting model inference with structured contextual information can improve contextual grounding and interpretability and support greater differentiation in assignments (Ali et al., 2025).
However, the findings also show that severity level assignments remain sensitive to linguistic variation. For example, semantically similar SR occasionally receive different severity levels depending on wording and contextual framing. Such variation may reflect broader challenges associated with interpreting unstructured maintenance records, where terminology and documentation practices vary considerably (Lutz et al., 2023). This suggests that although rubric-guided prompting can mitigate some limitations associated with single-pass inference, the assessment process remains sensitive to linguistic variation and contextual framing. Future research should investigate whether iterative prompting approaches, reflection mechanisms, or human-in-the-loop validation workflows can further improve consistency and robustness in LLM-based SA processes.

5.2 Justification transparency and reviewability
An important contribution of the rubric-guided framework lies in improving the transparency and reviewability of generated justifications. Compared with baseline prompting, rubric-guided prompting produces more explicit and context-specific justifications, frequently explaining why individual SR do or do not satisfy criteria for higher severity levels. This makes the basis for the assigned severity level more transparent and facilitates review of the assessment. The findings also align with broader maintenance research highlighting the challenges of extracting actionable knowledge from unstructured maintenance records and the need for more systematic approaches to operationalizing maintenance information for decision support (Lutz et al., 2023). Previous FM research similarly shows that prioritization criteria and decision-making processes are often inconsistently applied and remain largely implicit within organizational practice (Ensafi et al., 2023). From an FM perspective, where prioritization often relies on tacit professional judgement, such transparency may support more interpretable and reviewable maintenance decision-making, aligning with broader perspectives on AI as a tool for augmenting rather than replacing human judgement (Davenport & Ronanki, 2018).

5.3 Correctness and future validation
The study primarily evaluates severity level consistency, contextual differentiation, and justification transparency rather than the objective correctness of the generated SA. This distinction is important, as SA in FM contexts may involve subjective professional judgement rather than a single ground truth. Existing FM research has similarly identified considerable variability in maintenance prioritization practices, where criteria selection and prioritization outcomes often depend on the knowledge, experience, and judgement of individual staff members rather than standardized decision frameworks (Ensafi et al., 2023). A related limitation is that the severity rubric was generated from the SR dataset without direct expert editing. Future work should therefore examine expert review or co-development of the rubric, alongside validation approaches involving multiple advanced LLMs and domain experts. Recent research on “LLM-as-a-judge” demonstrates that stronger LLMs can achieve relatively high agreement with human evaluators in open-ended assessment tasks, while also highlighting important limitations related to position bias, contextual influence, and output consistency (Zheng et al., 2023). Moreover, comparative studies suggest that while LLM-generated evaluations may be unreliable when applied without oversight, carefully designed assessment frameworks can approach or even exceed human-level evaluation performance in certain contexts (Qi et al., 2025). Together, these findings indicate that hybrid evaluation approaches combining expert judgement and evaluation by advanced LLMs may provide a promising direction for future validation of rubric-guided LLM-based SA in FM.

5.4 Local deployment versus advanced LLMs
Another important aspect of the study concerns the implications of using locally deployed open-weight LLMs rather than advanced commercial LLMs (e.g., GPT-5, Claude, and Gemini). While the findings demonstrate the feasibility of rubric-guided SA using locally deployed LLMs, some observed limitations related to semantic interpretation, sensitivity to linguistic variation, and contextual interference under batch processing may partly reflect the capabilities of the selected LLM. Existing research suggests that advanced commercial LLMs generally demonstrate stronger performance on complex tasks and greater contextual understanding than smaller LLMs suitable for local deployment, although often at higher financial cost and with greater dependence on external services (Pan et al., 2025). At the same time, local deployment can provide important practical advantages regarding operational control, data governance, cybersecurity management, and independence from commercial API pricing structures. Consequently, the findings highlight important considerations regarding the balance between operational deployability and model capability in LLM-based SA.



5.5 Conclusion
The findings suggest that an important value of the rubric-guided framework lies not only in supporting automated SA, but also in operationalizing explicit severity criteria for LLM-supported decision-making. The framework thereby supports more transparent and reviewable severity assessment adaptable to organizational requirements, while offering potential scalability benefits through automated analysis, subject to the consistency trade-offs observed under batch processing.

ACKNOWLEDGEMENTS
The authors gratefully acknowledge NTI for valuable domain expertise and input during artefact development, and Himmerland Boligforening for providing service request records. 

REFERENCES
Ali, A., Khan, I. A., Xia, et al., (2025). A retrieval-augmented LLM framework for severity prediction of bug reports in cloud-based mobile applications. Journal of Cloud Computing, 14(1). 
Asare, K. A. B., Liu, R., & Anumba, C. J., (2025). Generative AI for Predictive Maintenance in Buildings. Proceedings of the International Conference on Smart and Sustainable Built Environment (SASBE 2024), vol 591: p. 928–935. Springer, Singapore.
Chen, B., Zhang, Z., Langrené, N. & Zhu, S., (2025). Unleashing the potential of prompt engineering for large language models. Patterns, 6(6). 
Davenport, T.H. & Ronanki, R., (2018). Artificial Intelligence for the Real World. Harvard Business Review, January–February 2018: p. 108–116.
Ding, X., Hu, Y., & Jin, J., (2026). Risk source identification and prevention for metro driven by large language models: A new approach to enhancing system reliability and safety. Reliability Engineering and System Safety, 268.
Ensafi, M., Thabet, W., Afsari, K. & Yang, E., (2023). Challenges and gaps with user-led decision-making for prioritizing maintenance work orders. Journal of Building Engineering, 66.
Kaya, G.K., Bovell, D., Sujan, M. & Braithwaite, G., (2025). Large language models powered system safety assessment: applying STPA and FRAM. Safety Science, 191.
Lutz, M.A., Schäfermeier, B., Sexton, R., et al., (2023). KPI Extraction from Maintenance Work Orders—A Comparison of Expert Labeling, Text Classification and AI-Assisted Tagging for Computing Failure Rates of Wind Turbines. Energies, 16(24).
Pan, G., Chodnekar, V., Roy, A. & Wang, H., (2025). A Cost-Benefit Analysis of On-Premise Large Language Model Deployment: Breaking Even with Commercial LLM Services. In IEEE International Conference on Big Data.
Peffers, K., Tuunanen, T., Rothenberger, M.A. & Chatterjee, S., (2007). A design science research methodology for information systems research. Journal of Management Information Systems, 24(3): p. 45–78.
Qi, Y., Zhao, X., Khastgir, S. & Huang, X., (2025). Safety analysis in the era of large language models: A case study of STPA using ChatGPT. Machine Learning with Applications, 19, 100622.
Robertson, J., Ferreira, C., Botha, E. & Oosthuizen, K., (2024). Game changers: A generative AI prompt protocol to enhance human-AI knowledge co-construction. Business Horizons, 67(5).
Wireman, T., (1994). Computerized Maintenance Management Systems. New York: Industrial Press.
Zheng, L., Chiang, W.-L., Sheng, Y., et al., (2023). Judging LLM-as-a-Judge with MT-Bench and Chatbot Arena. In Proceedings of the 37th International Conference on Neural Information Processing Systems (NeurIPS '23), p. 46595–46623.


[image: ]
6th to the 8th of October 2026 		
image1.png
Service LLM
Requests

1.

E—

Rubric
Generation

Level
1

5

Label Dimension
Insignificant v/ — |HumanHealth
& Safety

Catastrophic

2.

—_—
Rubric-Guided
Prompt




image2.png
==
DY o

N

CIBW78 2026

—= IT in Construction




