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Abstract. Understanding how older adults organize their daily lives is crucial for 

developing person-centered homecare systems. This study proposes an interpretable 
framework for modeling daily life and detecting behavioral anomalies using data 

from 18 CASAS smart homes. The dataset contains several weeks of continuous 

sensor recordings from residents living independently. Daily activity patterns were 
analyzed in 15-minute intervals using principal component analysis (PCA) to 

identify key temporal patterns shared by the population. For each resident, a 

personal baseline routine was defined as the median of their daily activity profiles 
over a 14-day baseline period, and deviations from this baseline were compared with 

global deviations derived from the PCA model. The results revealed explainable 

behavioral differences among residents and highlighted three lifestyle archetypes 
like active bimodal, stable routine, and early resting. By linking the difference scores 

to contextual activities such as sleep, hygiene, and computer use, the framework 

provides relevant explanations for daily irregular behaviors. 
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1. Introduction 

The increasing integration of ambient intelligence and the Internet of Things (IoT) 

is transforming how everyday activities are monitored and analyzed in smart home 

environments. Modern sensor systems continuously record data on movement, 

environmental conditions, and appliance usage, creating a detailed picture of how people 

live and interact within their homes [1][2]. These data streams offer unique opportunities 

for objectively understanding human behavior and provide valuable insights into lifestyle, 

health, and well-being. In person-centered homecare settings, these systems can promote 

autonomy, detect early signs of behavioral changes, and enable proactive interventions 

[3]. However, human routines are complex, context-dependent, and inherently variable, 

which makes it challenging to extract meaningful behavioral patterns from raw sensor 

data. Managing this complexity requires modeling approaches that can transform data 

into interpretable and actionable knowledge [4]. 

A wide range of methods have been proposed to model human behavior in intelligent 

environments. Supervised learning methods, such as probabilistic models and deep 

neural networks, have achieved high accuracy in activity recognition tasks by learning 

from labeled datasets [5]. These models can identify activities such as sleeping, eating, 
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or cooking, but require extensive annotations and often fail to generalize to new users or 

environments [3]. In contrast, unsupervised and semi-supervised methods, including 

clustering, autoencoders, and anomaly detection by reconstruction, can reveal patterns 

directly from unlabeled data [6]. While such methods alleviate the need for manual 

labeling, they typically lack interpretability and provide limited insight into the 

behavioral meaning of detected anomalies.  

Despite these advances, several research gaps remain. Most existing research treats 

each individual as an isolated unit, focusing either on identifying activities within a 

household or on building broad group behavior models [7]. This separation limits our 

ability to capture both collective patterns and individual differences within a unified 

framework. Furthermore, many supervised and deep learning-based anomaly detection 

system rely on labeled data, reducing their interpretability and practical suitability for 

real-world homecare deployment [8]. To address these challenges, this paper proposes 

an explainable framework for modeling generalized-personalized daily activities and 

explaining anomalies in homecare. Leveraging multi-resident data from 18 Centre for 

Advanced Studies in Adaptive Systems (CASAS) smart homes, the framework combines 

group-level pattern discovery through PCA with personalized baseline modeling for each 

resident. Correlating deviations with contextual activity tags further reveals the human 

meaning behind detected anomalies, while clustering in PCA space uncovers lifestyle 

archetypes across residents.  

2. Methodology 

This study utilized the publicly available CASAS smart home dataset, a recognized 

benchmark for behavior modeling and activity recognition [9]. The study analyzed data 

from 18 residents living independently in sensor-equipped homes, covering 30 to 45 

consecutive days for each participant. The CASAS system records data from multiple 

environmental sensors, including motion, contact, temperature, light, and appliance 

sensors, capturing a variety of daily activities such as cooking, sleeping, and computer 

use. All data was anonymized and made publicly available by the dataset authors to 

ensure ethical compliance and privacy. 

Figure 1. Framework for personalized routine modeling and anomaly interpretation 

To convert raw event data into analyzable behavioral patterns, sensor 

activations were aggregated into fixed 15-minute intervals, resulting in 96-time segments 

representing a full day. Days with missing or incomplete data were excluded, resulting 

in approximately 630 daily features. To ensure comparability, all characteristics were z-

score standardized to reduce bias associated with differences in sensor density or housing 

layout. For each resident, a 14-day reference period was defined to determine their daily 
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habits. The median of this period represented the individual's most stable behavior 

pattern, and subsequent days were compared to this individual reference value and the 

population model to assess bias. 

This modeling framework integrates generalization and personalization through a 

hybrid design. A PCA model is trained on aggregated reference data to capture global 

behavioral patterns, such as circadian rhythms and activity peaks [10]. Individual 

deviations are calculated as the Euclidean distance from each individual's reference 

profile, while global deviations are derived from the PCA reconstruction error. A 

composite deviation index averages these two metrics to identify atypical days for both 

individuals and groups. To assess interpretability, we correlated bias with indicators of 

contextual activities such as sleep and computer work, confirming that high bias 

corresponds to significant behavioral differences. Finally, to identify lifestyle patterns at 

the population level, we projected residents' average daily activity levels into a principal 

component analysis (PCA) space and clustered them using the k-means clustering 

algorithm. The number of clusters (k = 3) was determined based on the elbow and 

silhouette coefficient criteria to balance simplicity and interpretability. This analysis 

revealed three consistent lifestyle prototypes like stable routine, sedentary/early-resting, 

and active bimodal. 

3. Result 

The proposed framework effectively captures both general and individual behavioral 

variations among 18 CASAS residents. Figure 2 summarizes the key findings, showing 

user-level irregularity, population-level behavioral patterns, clustering in the PCA space, 

and lifestyle archetypes. As shown in Figure 2a, residents exhibit significant differences 

in their average deviation levels. Some individuals (e.g., users 7 and 8) exhibit high 

irregularity, indicating significant variability in their daily behavior, while others (e.g., 

users 2, 13, and 16) display highly consistent daily behavior. These differences 

demonstrate the model's ability to quantify individual behavioral stability and detect 

lifestyle differences across participants. 

At the group level, the PCA model extracted interpretable behavioral 

components that represent the most prominent temporal rhythms in daily life (Figure 2b). 

The first three principal components explained approximately 16% of the total variance 

of the 96-time interval variables (15-minute intervals), which is consistent with prior 

studies using fine-grained activity data, where the variance is distributed across many 

independent temporal features [10]. These components concisely and meaningfully 

characterize collective human behavior, confirming that PCA can serve as an 

interpretable foundation for understanding temporal activity patterns in smart homes. 

By projecting users into PCA space and applying unsupervised clustering, three 

distinct lifestyle archetypes emerged like active bimodal, stable routine, and early resting 

(Figure 2c-d). Residents of the active bimodal group exhibited two significant activity 

peaks in the morning and evening, indicating a regular work-life schedule. The stable 

routine group maintained a balanced and predictable daily activity, while the early resting 

group exhibited lower activity levels and earlier rest times, suggesting decreased 

mobility or a preference for early bedtimes. These archetypes emerged naturally from 

unsupervised learning, highlighting the framework's ability to reveal interpretable, data-

driven lifestyle patterns that may facilitate early detection of behavioral changes in older 

adults. 
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4. Discussion 

The results demonstrate that combining group-level modeling with individual-level 

baseline analysis provides a practical and interpretable approach for understanding 

behavioral patterns in homecare environments. The high correspondence between overall 

and individual deviations confirms the framework's ability to capture both common and 

specific resident dynamics. Cases of individual deviations do not reflect group-level 

variation, highlighting the importance of individual context in defining normal behavior. 

Unlike supervised approaches, the proposed PCA-based framework emphasizes 

transparency and low deployment burden by operating entirely on unlabeled data. 

Despite its simplicity, this approach provides a structured way to describe behavioral 

variation using interpretable metrics rather than complex predictions. It can more clearly 

explain how residents' habits change over time, providing a clear baseline for future, 

more advanced modeling efforts.  

Figure 2. Behavioral analysis results (a) showing resident variability, (b) principal components, (c) clustering 

in PCA space, and (d) three lifestyle archetypes. 

Grouping residents into lifestyle archetypes demonstrates the framework's ability 

to derive interpretable insights from unlabeled data. The identified archetypes like active, 

stable routine, and early resting reflect the natural diversity of daily human rhythms and 

align with established patterns of behavioral variation. This interpretability is crucial in 

homecare settings, as gradual shifts in activity or rest cycles can signal early signs of 

cognitive or physical decline. The primary beneficiaries include homecare professional 

and care coordinators those require transparent indicators of routine stability rather than 

automated diagnosis. While promising, this research is limited by the relatively small 

data size, high data homogeneity, and the use of linear PCA, which can miss nonlinear 

dependencies in complex behaviors. Future research should extend this framework to 

larger multi-household datasets and incorporate nonlinear or hybrid deep learning 

R.O. Zafar and Y. Rybarczyk / Bridging Data and Behavior in Homecare2496



techniques to improve sensitivity without compromising interpretability [3]. Integrating 

this approach into a real-time digital twin system could further support adaptive home 

care by continuously learning daily habits and identifying emerging deviations that 

indicate health-related changes [11]. 

5. Conclusion 

In conclusion, this study proposes an explanatory framework combining population 

modeling and personalized baseline analysis to interpret daily behavior in homecare 

environments. By combining global patterns based on PCA with individual deviation 

measures, this approach captures both shared and unique aspects of daily human 

behavior while maintaining interpretability. The identification of lifestyle archetypes and 

meaningful behavioral deviations demonstrates its potential for transparent and 

actionable monitoring. By prioritizing interpretability and minimal labeling requirements, 

this work can support the development of trustworthy decision-support tools for 

personalized and preventative homecare. 
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