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Military personnel face significant physical and mental demands, making continuous physiological monitoring essential for understanding health status, managing long-term health risks, and predicting a soldier's readiness to perform in military operations. Recent advancements in wearable technology enable the tracking of biomarkers and psychophysiological indicators, yet current approaches remain fragmented, often focusing on isolated health outcomes rather than comprehensive, actionable insights. This perspective article reviews overarching theoretical health models and examines statistical modeling approaches to better capture the multidimensional nature of health and readiness. Building on these insights, a vision is presented for developing a military health and readiness monitoring system that integrates wearable technology with tailored health indicators and outcomes, aligned with the specific demands of military tasks. The role of advanced tools, such as Large Language Models (LLMs) and Knowledge Graphs in contextualizing health data with operational demands is highlighted, offering a pathway to more accurate and actionable assessments of readiness. This vision outlines key considerations for future development, aiming to empower service members and military leadership with effective tools for health and readiness management.
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1 Introduction

Military personnel face demanding roles that place significant physical and mental burdens on them (1). While these demands can affect performance in the short term, they may also lead to long-term health issues and attrition (2–5). This concern extends beyond individuals, impacting organizations and society, particularly when armed forces must maintain operational readiness during geopolitical tension in times of personnel shortages (6). Consequently, real-time insight into servicemembers' health and readiness—and understanding factors affecting them—would be very valuable. Such monitoring enables individuals to track their health and readiness, may improve their training or inform medical providers, and can help commanders to make strategic decisions based on current unit-level data on health and readiness (7).

Advancements in wearable sensors have made this vision more attainable. Initially relying on accelerometry, wearables now regularly include photoplethysmography, temperature, and electrodermal activity sensors (8, 9). Epidermal patches monitor biomarkers in sweat, such as lactate, cortisol, glucose and electrolytes (10). Research is expanding from physical activity and sleep tracking to continuous monitoring of mental workload (11), stress (9, 12, 13), resilience (14, 15) and readiness (16) through wearables. This progress enables early detection of infections (17–19) and mental health issues like burnout (20) and depression (21, 22), supporting prevention and improving servicemembers' well-being and readiness (23).

While civilian monitoring technology is rapidly advancing, it is not yet suitable for military real-time health and particularly readiness insight. Within the military context, readiness can be defined as the degree in which the individual is prepared to establish and sustain competent performance in the complex and unpredictable environment of modern military operations (24). Civilian readiness monitoring often focuses on generalized readiness for daily activities or on performance during exercise or sports (25), but in a military context, readiness monitoring needs to be interpretable in relation to mission requirements to be actionable. Researchers have proposed biomarkers for real-time military health and readiness insight (26) and explored artificial intelligence-driven personalized recommendations (27). However, a comprehensive vision is still lacking that outlines which factors to monitor, how these factors interrelate, what the optimal methods for monitoring are, and how data need to be integrated (via models and algorithms) to provide holistic health and readiness assessments in a military context. In this perspective article, we outline how such a vision can be achieved. We begin by reviewing the evolution in theoretical health models, followed by examples of statistical modeling of constructs related to dimensions of health and readiness. Finally, we provide a perspective on what is needed to advance military health and readiness monitoring.



2 A brief history of theoretical health and readiness models

In order to determine what aspects of health and readiness are relevant, it is helpful to understand how these concepts are viewed and conceptualized in the literature.

Upon the establishment of the World Health Organization (WHO), health was defined as “a state of complete physical, mental and social well-being and not merely the absence of disease or infirmity” (28). This definition departed from the previously dominant biomedical model of health (introduced by Hippocrates in 400 BC), which defined health solely as the absence of disease (29). In 1977, the biopsychosocial model of health was introduced, positing that health is influenced not only by biological factors but also by psychological and social factors (30). This model aligned with the WHO's broader definition and became the dominant perspective in subsequent decades.

During and after the biopsychosocial model's introduction, several other theories emerged that also view health as multi-dimensional. For example, the Health Field Concept divides health into four components: biology, lifestyle, environment, and healthcare organization (31). Similarly, the Socio-Ecological Model emphasizes interactions between individuals and environmental layers, ranging from personal relationships to broader societal factors (32). The Health Determinants Model highlights the influence of individual factors, lifestyle, and contextual conditions such as social networks and socioeconomic factors (33). Hettler's Six Dimensions of Wellness offers a framework for well-being, covering physical, emotional, social, intellectual, occupational and spiritual dimensions (34), later expanded with financial and environmental well-being (35). This framework, often visualized in the Wellness Wheel, is widely used in therapeutic settings. Despite their differing purposes, these models share a focus on contextual and environmental factors complementing the biopsychosocial model.

In 2011, Huber proposed moving away from the WHO's definition, advocating a focus on “the ability to adapt and self-manage in the face of social, physical, and emotional challenges” (36), also known as Positive Health. This shifted the focus from an ideal, static state to a dynamic capacity for resilience and adaptation. Huber and colleagues also developed tools for healthcare professionals to implement Positive Health, including a six-dimensional framework encompassing bodily functions, mental well-being, meaningfulness, quality of life, participation and daily functioning (37).

Contrary to the discussed health models, no overarching models for readiness were identified. This can be attributed to the term “readiness” referring to specific aspects, such as psychological readiness (38) or work readiness (39), and to the fact that readiness is a relative concept; it refers to a specific task or mission or assignment. Even definitions of military readiness can be broader than intended for this article, as it can encompass training, equipment and maintenance (40). The importance of these aspects is underlined by the 32-item Acute Readiness Monitoring Scale (ARMS), which assesses current military readiness and includes items on physical, psycho-emotional, cognitive and social readiness to perform (41). Although not all of these aspects of military readiness are broadly covered in academic literature, a theoretical model does exist for operational cognitive readiness (42, 43). This model states that the interplay between knowledge and expertise with cognitive functioning determines operational cognitive readiness, whereas motivation is the driving factor behind all three components.

In summary, the concept of health has evolved from a strictly biomedical approach to a multi-dimensional perspective that includes biological, psychological and social dimensions, along with increasing attention to contextual factors. While some models add dimensions for specific contexts, there is no consensus on a single comprehensive model. The models above suggest dimensions for a holistic, data-driven approach to military health and readiness but do not provide insights into how to model or quantify these concepts. Therefore, the next section focuses on empirical studies, which offer directions for statistical modeling of health and readiness.



3 Examples of statistical modeling of health and readiness-related constructs

From the lack of literature on overarching statistical models on health and readiness, it can be concluded that these multidimensional concepts are too complex to model directly. Most studies adopt a narrower focus, modeling outcomes within specific dimensions. These studies provide insights into the factors that need monitoring to create a valid picture of health and readiness subconstructs, which can serve as a basis for a broader model. Each dimension of health and readiness contains many relevant underlying outcomes that can be modelled by an even larger number of predictors. As such, it is outside the scope of this perspective article to provide a complete overview of these outcomes and predictors, but providing some examples of existing research can contribute to the understanding of what is needed to take the next step towards actionable military health and readiness monitoring. As such, the overview below outlines examples of promising studies within several dimensions of health and readiness. Considering the potential for statistical modeling and its relevance to military health and readiness, studies in the physical, psycho-emotional and cognitive dimensions were included. Studies that model outcomes within the social dimension were also considered, but no relevant studies were identified. Military-context studies were first examined, followed by a broader search.


3.1 Physical dimension

A number of studies have been published that sought to identify biomarkers that helped explain individual performance readiness. Of special interest is a study in Marines that identified resting heart rate variability (HRV) as a baseline marker for performance readiness, and countermovement jump force production, cognitive psychomotor vigilance and resting HRV as monitoring markers of performance resilience (44). Due to its military relevance, significant progress has also been made in modeling the risk of exertional heat stroke. A recent study showed that a machine learning algorithm using wearable sensor data on heart rate and acceleration can predict exertional heat stroke 33–69 min before collapse with high accuracy (45). Regarding the heavy physical demands on military personnel, relevant models are also found in sports and performance literature. For example, one review proposed sensor data on external and internal training load to optimize performance, assess non-contact injury risk, inform about hydration status to alleviate soft tissue injuries, and assess cardiorespiratory function and capacity (46). Other examples involve predicting physical fatigue using wearable sensors and machine learning, where physical activity (e.g., energy expenditure, steps) and vital signs (e.g., HRV, respiratory rate) are key predictors (47, 48).



3.2 Psycho-emotional dimension

Multiple studies have modeled the risk of posttraumatic stress disorder (PTSD) in military personnel. Although wearable sensors are not yet used, these studies offer insights into modeling mental health by combining diverse data sources. One study combined psychological and cognitive functioning, blood values and genetic information to predict probable PTSD after deployment (49). Beyond the military, developments in mental health modeling use sensor data from fitness trackers and mobile phones. For example, studies modeled high vs. low self-reported stress or mental health using fitness tracker data (e.g., heart rate, step count) and mobile phone data (e.g., screen time, timing of calls, text messages) (13, 50, 51). Also, a positive depression screening was linked to data from fitness trackers (e.g., energy expenditure and sleep stages) (52) and self-reported depressed mood was predicted using fitness tracker data (e.g., HRV and sleep duration) in combination with electroencephalography measures (53). Recent advancements in the continuous and objective monitoring of social interactions and support, as utilized in models for psycho-emotional outcomes (54), present opportunities to incorporate the social dimension into data-driven models for health and readiness.



3.3 Cognitive dimension

Although few to no examples of cognitive outcome modeling exist in a military context, several studies use wearables and machine learning to predict cognitive fatigue, performance or load in non-military settings (55–57). One study found that physiological data (e.g., blood volume pulse, skin temperature) from wearables correlates with cognitive performance measures like executive function and global cognition (56). Another study showed that sensor data (e.g., heart rate, electrodermal activity) differentiates cognitive load across activities (problem solving, leisure, daydreaming) and levels of self-reported mental focus (55).



3.4 Relevance for health and readiness monitoring

The presented overview shows that current health and readiness modeling focuses on specific outcomes within a dimension (e.g., predicting current mood) rather than overarching concepts that could be used to provide more actionable feedback (e.g., psycho-emotional performance capacity). This focus on specific outcomes is unsurprising, as it is easier, yields better results, and is more publishable. Furthermore, current research follows a strict statistical approach with a focus on a limited set of objectively and automatically measured factors. Machine learning algorithms select the combination of factors with the highest predictive value for the subjective construct of interest, thereby ignoring the influence of unmeasured factors. The question remains how useful isolated outcome data is for service members monitoring their health and readiness or military commanders assessing unit readiness.




4 Discussion

While recent progress in wearable technology and statistical modeling of specific health- and resilience-related outcomes is promising, the current research landscape remains fragmented and cannot yet provide a sufficient knowledge base for the accurate assessment of health and readiness in a military context. Most existing studies focus on isolated health and readiness outcomes, such as physical fatigue, stress, or cognitive load, without integrating these data into a unified framework. This siloed approach makes it challenging to fully capture the complex interplay of factors influencing the overall health and readiness of military personnel. To address these issues and build on recent advancements, we identify three key gaps and propose an integrated approach to enhance assessments of health and readiness in military contexts.


4.1 The need for integrative models

No holistic models of health and readiness that provide a comprehensive overview of relevant factors and describe the relationships between them were identified in our literature search. While theoretical health models have evolved significantly over the years, no single framework explicitly maps the interplay between the underlying factors in ways that are directly relevant for military personnel. Developing such an integrative model would be an essential step in advancing our understanding of health and readiness. By identifying the factors most relevant to military tasks and mapping their interrelations, this model could guide the selection of key wearable indicators or other self-monitoring technologies. It could also offer a framework to interpret statistical model results, situating individual outcomes within a broader perspective of health and readiness. Additionally, this model could help identify critical blind spots, such as physiological, social or environmental factors, that are difficult to monitor but still may influence health and readiness.



4.2 Bridging the gap between specific and actionable outcomes

Current research aimed at quantitative modeling of health and readiness focuses on specific outcomes, such as stress or mental well-being, without connecting these to broader constructs of health and readiness that are directly actionable for decision-makers. While these specific outcomes provide valuable insights, they do not fully align with defense organizations' needs for concrete assessments, such as a service member's ability to endure long guard shifts or physically demanding marches. At the same time, modeling every task-specific outcome is infeasible due to the dynamic nature of military operations. To address this, there is a need to define intermediate outcomes that are both general enough to guide decisions across tasks and specific enough for reliable modeling using wearable data and other inputs. For instance, modeling a soldier's cognitive performance capacity would likely be general enough to translate across cognitive activities (e.g., watch duty or decision making), while potentially being specific enough to model based on multimodal data sources. If similar capacity scores can also be modelled for other dimensions such as physical, psycho-emotional and social capacity, the combination of those would together provide a relatively overarching view of the soldier's readiness to perform.

These intermediate outcomes should not only take the individual's capacities into account, but also the specific operation or mission they have to perform. A valid estimation of an individual's readiness can only be achieved by combining the required capacities for a specific task with the individual's existing capacities. Similarly, the potential health consequences of an operation or mission can only be assessed by integrating task-specific information about health threats with person-specific data on health vulnerabilities. Since operational information cannot be directly measured at the individual, additional information about the operation has to be integrated in a different manner in a monitoring system that aims to provide insight in military health and readiness.



4.3 Translating data into operational insights

Even with reliable indicators of health and readiness, a critical challenge remains in making these outputs actionable for military decision-makers. Service members and commanders, who operate in high-pressure and rapidly changing environments, require tools that can distill complex data into clear, task-relevant insights. Current monitoring systems often fall short in providing this tailored feedback.

A promising solution involves integrating advanced interpretative tools, such as a hybrid AI approach that combines Large Language Models (LLMs) and Knowledge Graphs (KGs), trained on integrative models and enriched with service members' data. Large Language Models (LLMs) are models that are trained on huge amounts of textual data to understand and generate human-like text. They excel in natural language processing tasks, like summarization and contextual interpretation, making them highly effective at explaining concepts and understanding user questions. KGs, on the other hand, are structured data representations that can store information in a network of interconnected entities and relationships. They enable the retrieval, integration, and connection of datasets.

A hybrid AI approach combines the strengths of LLMs, known for their natural language processing capabilities, and KGs, which excel in retrieving and connecting data. Together, these tools translate statistical outputs, such as calculated scores in health and readiness, into contextualized recommendations. This helps commanders understand how individual or unit-level health and readiness align with specific mission requirements. By offering tailored, adaptive feedback, the combination of LLMs and KGs could significantly enhance the utility of health and readiness monitoring systems for decision-making.



4.4 Towards a unified military health and readiness monitoring system

Addressing the identified knowledge gaps can facilitate the development of a soldier health and readiness monitoring system that is grounded in robust fundamental knowledge and also provides practical applicability for defense personnel. By combining theoretical insights, empirical research, and interpretative tools, such a system may help integrate scientific understanding with operational needs.

Figure 1 displays the structure of our envisioned system. Integrative health and readiness models serve as a foundation for identifying measurable factors at the individual level. These factors could be measured using wearables or other self-monitoring technologies (e.g., brief daily questionnaires on smartphone), or extracted from existing personnel data (e.g., medical records). These factors in turn provide inputs for statistical or machine learning models, which generate scores reflecting the individual's performance capacities and vulnerabilities for health deterioration. These scores are categorized into four dimensions: physical, psycho-emotional, cognitive and social.


[image: Figure 1]
FIGURE 1
Future soldier health and readiness monitoring system.


To provide the user with relevant and actionable feedback on health risks and readiness for a specific operation or mission, the user application also needs information about the operational requirements (e.g., what health threats is the soldier exposed to, and what performance capacities are required to deal with the operational demands?) and consider factors that are relevant for health and readiness that were not measured (i.e., what aspects of health and readiness might be overlooked by the calculated scores?).

Therefore, to complement the scores resulting from the measurable factors, the system also contains two LLM-based chat applications that can be used to ask the user for additional information. These LLM-based chat applications do not only communicate insights with the user, but can also be used to ask the user about the non-measurable factors and upcoming operational requirements. By using KGs, the system ensures that non-measurable factors stemming from the integrative model are integrated into the user application, and that beside individual capacity and vulnerability scores, the physical, psycho-emotional, cognitive and social requirement scores can be calculated for an upcoming mission or operation. Based on a comprehensive analysis of the individual's capacities, vulnerabilities, and the operational demands they face, the (proof of concept) system employs advanced algorithms to synthesize this information into an integrated profile. This profile enhances vulnerability prediction accuracy and supports improved decision-making, enabling users to make informed judgments about a soldier's readiness for military action and associated health risks.

This approach enables users to evaluate whether the performance capacities are sufficient for the coming mission and take potential health risks into account. The dual focus of the system ensures that both short-term operational potential and the trade-offs between immediate deployability and its potential impact on long-term health are considered. By providing tailored insights, the system equips users with a balanced and actionable view of health and readiness, supporting informed decision-making.




5 Conclusion

In summary, this work highlights critical gaps in the assessment of health and readiness in military contexts and outlines a pathway to address them. By proposing an approach grounded in integrative models, intermediate outcomes, and interpretative tools, a vision is provided for a system combining theoretical rigor with practical applicability.

Future research should prioritize developing integrative models, identifying actionable intermediate outcomes, and leveraging hybrid AI-tools to personalize and contextualize data. For the future development of these systems, other important aspects to consider for the applicability in military settings are their cost, accessibility, potential reliance on proprietary algorithms and materials, as well as potential privacy, legal and ethical concerns that need to be addressed. These efforts will ensure the envisioned system evolves into a robust, adaptable solution, empowering service members and commanders with actionable insights for sustainable health and readiness management in demanding environments.
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