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ABSTRACT
This article examines how qualitative text-based service request (SR) data from a Danish housing association can be analyzed using exploratory, unsupervised clustering, and explores how the semantic structures in free-text descriptions relate to the administrative classifications applied in Facility Management (FM). Based on a dataset of 46850 SR from a Danish housing association (2021–2025), the study finds that SR often contain multiple components, faults, and tasks that are not fully reflected by their administrative classification. This challenges the assumption that each SR represents a single, unambiguous task and highlights a methodological gap between administrative practice and operational reality.
Using K-means and HDBSCAN the article develops domain-specific dictionaries to structure the descriptions of components and faults within SR while preserving their practical meaning. Aiming to explore how clustering of text-based SR compares to administrative classifications, results from semantic clusters using K-means and Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN) are then compared with the original administrative classifications. The results demonstrate that semantic clustering can reveal operational patterns not captured by existing administrative categories, and that SR frequently encompass multiple types of tasks and systems simultaneously.
Overall, the study argues that semantic clustering offers a valuable supplement to administrative classification in maintenance work. By combining unsupervised clustering of semantic structures with existing classification systems, FM can gain a more nuanced understanding of operational tasks, risk patterns, and areas where administrative reporting fails to account for complexity in practice.

1. INTRODUCTION 
Digitalization of Facility Management (FM) is an important development to ensure efficient maintenance and management of buildings by organizing service request (SR), work orders, asset information, and service histories in a single operational infrastructure (Wong et al., 2018). Within these systems, qualitative SR represent an important but potential underutilized source of knowledge. Unlike sensor readings or other structured data, SRs are written in everyday language and often contain abbreviations, spelling variations, local terminology, and multiple issues in the same record (Sexton et al., 2018). SR that becomes work orders is an important part of decision making in FM (Ensafi et al., 2023). At the same time, they document concrete maintenance problems as they are reported and handled in practice, making them highly relevant for understanding operational patterns beyond routine administrative reporting (Bortolini & Forcada, 2020; Gunay et al., 2019).
Previous research has shown that text mining and Natural Language Processing can make maintenance work order data, including SR, analytically useful (Bortolini & Forcada, 2020; Bouabdallaoui et al., 2020; Gunay et al., 2019; Sexton et al., 2018). Studies have used lexical preprocessing, keyword extraction, clustering, and machine-learning approaches to identify fault frequencies, classify maintenance requests, and reveal recurring patterns in building operations. This body of work demonstrates that free-text maintenance data can support more systematic analysis, but it has mainly focused on extracting or classifying information from the text itself rather than examining how semantic structure relates to the administrative categories already embedded in maintenance systems.
In the Danish public housing context, digital FM systems are structured around an administrative classification system that supports standardized registration, reporting, and organizational workflows (Haugbølle et al., 2025; Landsbyggefonden, 2024) and based around ISO standards (ISO 12006-2:2015 - Building Construction — Organization of Information about Construction Works — Part 2: Framework for Classification, n.d.). This classification captures where an issue belongs in the building and system hierarchy, but it does not necessarily represent the full operational content of the SR description. In practice, a single SR may contain several components, faults, or follow-up tasks within one administrative classification. Administrative categories are useful for coordination, but they may obscure the semantic heterogeneity needed to understand recurring operational tasks, local risk patterns, and the actual content of maintenance work (Bortolini & Forcada, 2020; Gunay et al., 2019).
This study addresses this gap by analysing qualitative text-based SR from a Danish housing association to examine the relationship between administrative classification and operational semantic content. First, domain-based dictionaries are developed to structure component and faults descriptions while preserving practical meaning. Second, the study analyses the frequency of SRs that contain multiple components and related faults, challenging the assumption that each SR represents a single homogeneous unit. Third, the study compares administrative classifications with semantic clustering through a fixed-cluster K-means baseline and an exploratory density-based HDBSCAN approach (Campello et al., 2013; MacQueen, 1967; McInnes et al., 2017). Finally, the resulting semantic patterns are examined in relation to classification, frequency, time, and department-level distribution. The study proposes semantic clustering as a complementary analytical layer to existing administrative classifications and demonstrates its potential for identifying operational patterns that remain hidden in classification-based analyses alone.

2. METHOD
The study is based on 46850 SR from a Danish housing organization from 2021 to 2025. Each SR contains an administrative classification, a system and title assignment, and a free‑text description of the reported issue(s), as well as department, building and date. Figure 1 provides an overview of the overall methodological approach in the research from administrative data to semantic pre-processing, clustering and FM-oriented interpretation. All data analysed in the study is in Danish and all dictionaries, processing and analysis has been done on the original Danish texts before being translated into English.
[image: ]Figure 1: Compact methodological workflow linking administrative SR classification, semantic preprocessing, clustering and FM decision-support outputs.
2.1 Administrative classification and operational practice
In this study, informal dialogues with operational staff and domain experts provided important context for interpreting this structure. According to these stakeholders, SR are classified according to the primary issue reported at the beginning of the conversation with the residents and the classification is based on the demands for classifications in public housing in Denmark (Landsbyggefonden, 2024). During the same interaction, residents often mention additional issues, which are appended to the SR description without triggering a change in classification. As a result, the administrative classification reflects the initial intent and prioritization of the SR, rather than an exhaustive representation of all operational tasks contained within the description.
This practice implies a deliberate distinction between administrative intent and operational content. Consequently, the presence of multiple components within a single classified SR is not a data quality issue, but a structural outcome of established procedures. The intent with the classification is a unified and structured hierarchy in what is affected in the building and to which system in the building it belongs.

2.2 Semantic preprocessing and dictionary development
The starting point was to develop a framework that allowed the structure of semantic information in the SR, but reduced complexity without losing essential information. This work was based on previous research showing how qualitative descriptions in FM, through domain-sensitive preprocessing, could be made analytical useful (Sexton et al., 2018).
Two dictionaries were developed through an iterative review of SR, informed by system descriptions, classifications as well as domain expertise and operational practice. The purpose was not to enforce a predefined ontology, but to ensure that semantically similar expressions referring to the same operational phenomena were treated consistently. This qualitative grounding constituted a central methodological component and anchored the subsequent quantitative analysis. One focused on the component in the building that was described (e.g., door, drain, toilet) and the other on the fault described (e.g., clogged, loose, leaking). This approach allowed differentiation between the two types of words. Furthermore, it was deemed necessary as the initial assessment of the data showed a limited amount of information about the faults of the different components. 
As the initial qualitative analysis of SR descriptions and administrative classifications indicated that a SR could contain several tasks, but would still be related to a singular classification, a baseline analysis was conducted focusing on the relationship between classifications and referenced components from the dictionary to assess the scope of this heterogeneity 

2.3 Clustering approaches
	Two clustering approaches were applied to semantically processed data. K‑means clustering (MacQueen, 1967) was used as a baseline method to test whether a fixed‑cluster assumption could reproduce meaningful operational groupings. The clustering was set to 57 because that corresponded with the number of classifications in the dataset. It was selected as a baseline method because it was a fixed number of clusters and therefore it can highlight how the clusters based on semantics compare to the administrative classifications.
HDBSCAN (Campello et al., 2013; McInnes et al., 2017) was applied as a density‑based clustering method capable of identifying variable‑sized clusters and noise, thus defining clusters based on a minimum size and samples. This approach allowed exploration of semantic similarity to emerge without imposing a predefined number of clusters. The analysis focused on the uniformity and size of semantic clusters as well as how they related to administrative classification, temporal patterns, and building context. 
The purpose was not to replace existing administrative classifications, but to decompose the operational content embedded within classified SR and to reveal patterns of semantic similarity across administrative categories. In this sense, semantic clustering was positioned as a complementary analytical lens, enabling a more nuanced understanding of operational complexity and task heterogeneity.

3. DATA AND ANALYSIS
As a first step, the original SR was analysed to determine how often a single administrative record refers to more than one component based on the dictionary-based preprocessing (Sexton et al., 2018). The SR were split by component type using the component dictionary to obtain a more analytically precise representation of their operational content. 
Here 6783 SR with more than one component are identified, resulting in a total of 51783 individual qualitative text-based descriptions. A closer examination of the dictionary-structured data further highlights the distinction between administrative classification and operational content. Although each SR is assigned a single classification, the associated descriptions frequently refer to several different components. This indicates that the largest classifications function as broad administrative categories rather than as operationally homogeneous groupings, and it underscores the complexity of the relationship between descriptions and formal classification codes.
Examples from individual SR illustrate this pattern more concretely. As shown in Table 1, a single classification may contain references to multiple components, fault types, and follow-up tasks, and similar semantic content may be distributed inconsistently across classifications and the semantic structure of the SR is not fully captured by the administrative code alone, which means that analytically important details risk being obscured when classification is used as the sole organizing principle. 
Table 1: Examples of data rows with classification and the description of SR as well as number of administrative classifications.
	Classification
	Number of rows
	Number of components
	Service Request example

	Bt.van.sam
	8320
	38
	Odd 96 - Toilet running, faucet in shower + Call electrician if bathroom is clean for a moisture-controlled ventilator

	Bt.ven.sam
	3391
	38
	Næs 190 – Range hood broken light fixture + thermostat for radiator fallen of + still mice in garbage cupboard kitchen + structural settling outside


	
The baseline analysis shows that administrative classifications capture important organizational structure but do not fully represent the semantic heterogeneity of SR. This provides the rationale for the dictionary-driven approach adopted and for examining whether semantic clustering can reveal underlying operational patterns that remain hidden within classification-based analysis alone. However, the examples also clearly show a key trade-off in applying the dictionary-based approach as it risks simplifying and splitting SR and losing semantic details.

3.1 K-means clustering
K-means clustering served as a baseline with the number of clusters fixed at 57, which was the same as the number of different classifications, to assess the degree of correspondence between administratively assigned categories and semantically derived groupings as an initial analytical step (MacQueen, 1967). K-means served as a baseline rather than recovering the full latent structure of the data and tested whether a fixed-cluster solution aligned with the existing classification system can capture meaningful similarities in SR descriptions.
Table 2 shows an Adjusted Rand Index (ARI) of 0.3865 (Hubert & Arabie, 1985) and a Normalized Mutual Information (NMI) score of 0.5983 which indicates a moderate correspondence between administrative classifications and semantic clustering. This suggests that the existing classification system captures meaningful broad structure in the data, but only at an aggregate level. This confirms the initial data from the baseline analysis where it is found that classifications can have several different components related to them.
Table 2: Results from K-Means clustering indicating moderate correspondence between classification and semantic clustering.
	Theme
	Result

	Number of clusters
	57

	ARI
	0.3865

	NMI
	0.5983



At the same time, the K-means baseline confirms that semantic heterogeneity persists within individual classifications, which are too broad to capture the full diversity of operational tasks. K-means therefore provides a useful benchmark.
3.2 Density-based semantic clustering using HDBSCAN.
To examine whether finer-grained and operationally meaningful patterns exist beyond these broad groupings, HDBSCAN (Campello et al., 2013; McInnes et al., 2017) was applied to the same embedding space. Unlike K-means, HDBSCAN allows clusters to emerge from local density structure and permits ambiguous or infrequent observations to remain unassigned. Noise points typically correspond to rare, weakly recurring, or semantically mixed SR that do not form stable dense regions in the embedding space. From an analytical perspective, this is advantageous because it reduces the risk of imposing artificial structure on inherently heterogeneous data. The selected minimum cluster size and minimum samples values were chosen to balance the formation of sufficiently large and analytically meaningful clusters with semantic homogeneity, while still allowing differentiation between recurring operational patterns. 
The results show that the 15/10 configuration produces more clusters than the 25/15 configuration, reflecting a more fine-grained partition of the embedding space. Table 3 shows the two parameter settings that produce 72 and 59 clusters, thereby providing two related but different granular views of the semantic landscape.
Table 3: HDBSCAN results with number of clusters and noise.
	Min_cluster size
	Min_samples
	N_clusters
	Noise

	15
	10
	72
	0,38%

	25
	15
	59
	0,63%



3.3 Cluster-size, embeddings and departments.
	The overall cluster-size distribution is highly skewed in both HDBSCAN runs. A small number of clusters contain many observations, followed by a rapid decline in cluster size as seen in Figure 2, where the 34 largest clusters with the two settings are shown. The remaining clusters are all below 0,5% of the total number of rows. A similar long-tail pattern appears when examining how many departments are represented within each cluster. Furthermore, it shows that among these clusters there is an even distribution between the departments with a small tendency to a drop in the number of departments a cluster appears in when the cluster size is reduced. Though one outlier can be seen. 
Figure 2: Distribution of clusters based on cluster size and appearance in departments.

A closer examination of the largest clusters, shown in Table 4, indicates stability across the two HDBSCAN settings. The three largest clusters in both runs contain very similar numbers of observations and are defined by closely related embeddings. One notable difference is that the 15/10 setting produces slightly narrower top clusters, while lower-ranked clusters become broader. Overall, this suggests that the dominant clusters capture robust recurring SR patterns rather than patterns produced by a particular parameter choice. The distribution of departments supports the same interpretation. The largest routine clusters are also represented across many departments, while narrower clusters tend to be related to fewer departments, indicating more localized operational patterns.
The largest clusters mainly reflect frequent routine SR and therefore do not, by themselves, highlight less common but potentially important cases. To illustrate how such cases may appear in the clustering, SR associated with “moist wall” is examined as an example of a potentially serious condition, given its possible relation to dampness, mold risk, health issues for inhabitants and costly renovation needs. In the 25/15 solution, these embedding forms a very small and highly specific cluster, whereas in the 15/10 solution it is grouped together with other moisture-related terms. This suggests a trade-off between specificity and broader thematic coverage. With a higher noise ratio that could also suggest that special cases could be found better than with larger clusters.
Table 4: The three largest clusters and the moisture-related case, showing prevalence, likelihood, and departmental distribution. *Specific to the 25/15 setting; **specific to the 15/10 setting.
	Embeddings
	N_departments
	N_rows
	N_classification
	N_embeddings
	Likelihood

	Door, heat noise*, door defect, door noise
	68
	4228*, 4216**
	29
	4
	8,2%

	Lock
	66
	4040
	28
	1
	7,8%*, 7,9%**

	Heating
	65
	3548
	27
	4
	6,9%

	Wall**, wall moist, cupboard moist**, water moist**
	6*, 47**
	18*, 577**
	1*, 17**
	1*, 4**
	0,03%*, 1,1%**



3.4 Cluster tasks over time
The analysis is then extended to quarterly counts across the five-year period, focusing on the three largest clusters together with the smaller moisture-related cluster as before. Here it is chosen to take the relative number of SR in the respective cluster in a quarter compared to the total number of SR over the five-year period where the results are seen in figure 3.


Figure 3: Distribution of clusters over time in quarterly intervals based on % of rows in relation to total data rows.
The time-series plots show a recurring annual rhythm in which the largest clusters tend to decline every 4th quarter. Although these broad clusters are not necessarily tied to a single seasonal mechanism, the pattern is plausibly related to maintenance activities. At the same time, variation within the largest clusters remains relatively moderate across the five-year period, which reflects the persistent and routine character of these task types. Analytically, this demonstrates how semantic clustering can align similar components and tasks across administrative classifications and thereby provides a clearer view of when maintenance patterns are most prevalent.

4. DISCUSSION
A central finding of this study is the systematic distinction between administrative intent and operational content embedded in SR. While administrative classifications, systems, and HK/BD-titles are internally consistent and largely deterministic, they do not represent the full scope of operational tasks contained within a SR. This distinction is not accidental but reflects established practices, where classification follows the primary issue reported at the beginning of the resident call, while additional issues are appended in the description in the SR during the same interaction.
This practice explains why a share of SR contains references to multiple physical components despite being administratively treated as single units. The observed heterogeneity is a result of structural characteristics resulting from intentional operational procedures.
The presence of multiple components within a single SR has important analytical implications. First, it challenges the assumption that the SR can be treated as an atomic unit for analysis. Second, it suggests that risk assessment, workload estimation, and failure pattern identification based solely on SR counts may systematically underestimate operational complexity.
The baseline analysis shows that large aggregate classifications span a particularly wide range of components. These categories function as administrative umbrella classes that group conceptually related systems while simultaneously embedding diverse operational tasks, which supports previous research in this field (Bortolini & Forcada, 2020). This finding aligns with previous work showing that SR descriptions often contain heterogeneous and operationally meaningful information that requires domain-sensitive structuring before analysis (Sexton et al., 2018).

4.1 Role and limitations of fixed-cluster approaches
The application of K‑means clustering serves primarily as a methodological baseline (MacQueen, 1967). By imposing a fixed number of clusters, K‑means tests whether operational meaning can be recovered under the assumption of homogeneous, well‑separated groups. The resulting clusters, however, show moderate interpretability with respect to the intended analytical purpose. This outcome is consistent with the underlying data structure. When class labels already aggregate heterogeneous tasks, enforcing a fixed clustering solution tends to conflate operationally distinct phenomena.
Importantly, this result should not be interpreted as a failure of K‑means per se, but rather as confirmation that the data violate the assumptions required for fixed‑cluster partitioning to be meaningful in this context. However, it could be argued that a deeper analysis using K-means and systematic testing with varying number of clusters to find where the rate of decrease in cluster variation drops and where adding more clusters yields diminishing returns.

4.2 Emergent structure through density-based semantic clustering
In contrast, the application of HDBSCAN reveals emergent semantic structures that cut across administrative classifications. By allowing cluster size to vary and by explicitly modelling noise, HDBSCAN captures patterns of semantic similarity that align more closely with operational tasks than with administrative intent (Campello et al., 2013; McInnes et al., 2017). When examined in relation to time, classification, and building context, these clusters provide insights into recurring SR that are otherwise hidden within aggregated categories.
The use of multiple parameter settings further indicates that while individual cluster boundaries may shift, the overall pattern of semantic differentiation remains stable. This robustness supports the interpretation that the identified clusters reflect meaningful operational structures rather than artefacts of parameter choice.

4.4 Methodological contribution
From a methodological perspective, the study demonstrates the importance of aligning analytical methods with the underlying logic of administrative data production. Rather than treating classification inconsistencies as errors to be corrected, the approach adopted here explicitly incorporates practice‑based knowledge into the analytical design. The development of semantic dictionaries grounded in qualitative review plays a key role in bridging administrative records and operational reality (Sexton et al., 2018).
Overall, the findings suggest that semantic clustering should be viewed as a complementary analytical layer. Administrative classifications remain essential for organizational workflows, prioritization, and reporting, while semantic analysis enables decomposition of complex SR into analytically meaningful units. Together, these perspectives provide a more nuanced understanding of maintenance activity patterns and operational risk.
These findings suggest that FM data should not be interpreted solely through administrative classifications, as these reflect reporting structure rather than operational reality. Instead, semantic clustering enables a shift toward analyzing maintenance work as it is described and performed, revealing patterns that are otherwise systematically obscured.

5. CONCLUSION
This study shows that maintenance service requests (SR) often contain more operational complexity than administrative classifications capture. While classification systems are critical for registration and reporting, many SRs encompass multiple tasks and faults within a single record, meaning they can't always be treated as uniform units. Combining semantic preprocessing with unsupervised learning, such as HDBSCAN clustering, uncovers meaningful task patterns and operational variations missed by administrative categories. These semantic clusters help identify recurring issues and improve maintenance planning. 
The practical contribution of the study is that semantic clustering enables FM practitioners to analyse maintenance activity at the level of recurring operational tasks rather than only at the level of administrative classifications. End-users can use the resulting clusters to identify task types that cut across formal categories, detect recurring issues that may be hidden within broad classifications, and compare how similar maintenance problems are distributed across departments, buildings, and time. This provides a basis for more targeted maintenance planning, prioritisation, and follow-up than classification-based reporting alone can support.
The research suggests semantic analysis should complement, not replace, traditional classification, and emphasizes the need for careful, context-aware data processing. Future work should examine how semantic clusters can be integrated into operational FM systems by linking them to cost data, asset registers, response times, intervention histories, and staff validation. This would make it possible to assess whether specific semantic task patterns are associated with higher maintenance costs, repeated interventions, or emerging building risks, and thereby support more proactive maintenance practices.
The next step is therefore to expand the dataset with both a longer timespan but also more diverse meta-data, validate the semantic clusters with the housing organisation, and refine the dictionaries to improve the quality of SR splitting and operational interpretation.
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