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Objective: This study assessed how Health-Related Quality of Life (HRQoL) and nonadherence to medication are linked, to determine whether HRQoL is a suitable endpoint for clinical trials evaluating nonadherence.

Background: HRQoL is often used as an endpoint in clinical trials to determine the effectiveness of nonadherence interventions. However, the relationship between HRQoL and nonadherence is not clear, as some interventions find an effect of nonadherence on HRQoL while others do not. Since both HRQoL and nonadherence are latent constructs, it is of interest to understand the factors that link them.

Methods: Medication nonadherence was assessed in 731 older adults with neurological disorders using the Stendal Adherence to Medication Score (SAMS). Regression and network analyses were performed to examine the association between the SAMS and HRQoL (SF-36). Cognitive function, depressive symptoms, mobility, and healthcare satisfaction were included as covariates.

Results: There was a weak association between the SAMS and HRQoL only for the mental component scale. The relationship between the SAMS and HRQoL appears indirect, as its effect is nullified upon the inclusion of covariates, especially depressive symptoms. Network analyses showed that the effect of nonadherence on HRQoL is mainly delivered by depressive symptoms, while cognition and satisfaction with healthcare contribute to a lesser extent.

Conclusion: Nonadherence and HRQoL are both latent variables influenced by similar factors. The effect of nonadherence on HRQoL seems to be indirect and mainly delivered by depressive symptoms, possibly via motivational pathways. These associations need to be considered when selecting clinical endpoints and planning interventions.
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1 Introduction

Neurological disorders are the leading cause of disability worldwide, affecting more than 3 billion individuals (1). Most chronic diseases are treated with medications. In order for these medications to be effective, it is important that patients take them as prescribed (2, 3). However, a recent review (4) estimated that nearly 43% of patients show medication nonadherence, meaning that they do not take their medication as agreed with their healthcare providers (2, 5). Nonadherence to medication is associated with poorer health outcomes and subsequently reduced health-related quality of life (HRQoL) (6, 7). HRQoL depends, among other factors, on physical health status (8) but is also influenced by mental health, in particular depressive symptoms (9, 10). Depressive symptoms are also known to be predictors of nonadherence (11). In a systematic review, Yap et al. (12) cite both depressive symptoms and physical health, such as falls and poor physical function, as well as reduced cognitive function, as barriers to adherence.

HRQoL describes a person’s self-perceived health-related well-being and is therefore often used as an outcome in clinical trials to assess the effectiveness of health interventions. Cross et al. (13) provide a recent Cochrane review of nonadherence interventions in which 14 studies used an outcome measure of HRQoL with mixed results. For example, a pharmaceutical care intervention for older adults (14) failed to improve HRQoL. Similarly, an intervention study in patients with diabetes (15) found no significant effect on HRQoL after 6 months, neither did a study on patients with multimorbidity (16). While in the study by Willeboordse et al. (17), medication problems were solved for the intervention group, again no effect on HRQoL was found. In contrast, a nurse-led intervention produced an effect on both physical and mental components of HRQoL in geriatric patients (18). To put these findings into context, it is important to understand whether HRQoL is an appropriate outcome parameter for interventions targeting nonadherence in the first place. In cross-sectional studies, many studies report an effect of nonadherence on HRQoL (19–23) while others find no association (24, 25). Some studies also report that the effect of medication nonadherence is only evident for subscales (22) or disappears after controlling for certain covariates, especially depressive symptoms and mobility (21). This suggests that the effect of nonadherence on HRQoL is not straightforward and may depend on common influencing factors.

In a previous study, we found HRQoL to be an inappropriate variable for the identification of cut-off points for nonadherence (26). However, both in our data and in previous studies, nonadherence and HRQoL were influenced by similar factors, particularly depressive symptoms (9, 11, 12, 27). Depressive symptoms were also identified as the strongest predictor of nonadherence in the present dataset (28), therefore we hypothesize that depressive symptoms may connect nonadherence and HRQoL. As btoh HRQoL and nonadherence are important variables in clinical research, we aimed to understand how they are related. As nonadherence is often used as a modifiable means to influence HRQoL in interventions as well as an end-point to assess the effectiveness of these interventions, it is important to analyze how they are linked. Understanding whether nonadherence can directly improve HRQoL holds important implications for the planning and evaluation of clinical trials. In this analysis, we thus aim to understand whether nonadherence has a direct effect on HRQoL or whether other variables, particularly depressive symptoms, deliver this connection.



2 Materials and methods


2.1 Participants and recruitment

The data utilized in this analysis stems from the NeuroGerAdh study, which is described in detail in the respective data paper (28, 29). Briefly, older adults with neurological disorders were comprehensively assessed during their stay at the Department of Neurology at Jena University Hospital, Germany, between February 2019 and March 2020. Patients were included in the study if they were at least 60 years old (or 55 years old with multimorbidity), had a primary neurological diagnosis given by a neurology specialist, and gave written informed consent. The study was approved by the local ethics committee. Patients with severe depression (diagnosed Major Depressive Disorder), delirium or cognitive deficits were excluded (diagnosed dementia or Montreal Cognitive Assessment ≤18). For this analysis, all patients were included if they filled out the respective questionnaires of interest. The study utilized routine data in combination with questionnaires and assessments performed by trained study staff at baseline during the hospital stay, as well as telephone-based follow-up after 6 and 12 months to obtain information on survival and health. This analysis is based on the dataset collected at baseline including the following variables:

• Age (years), gender (male/female), marital status (married or in a relationship/single or widowed), living conditions (alone/not alone), education (grouped into low = ≤ 8 years, medium 9–11 years, high ≥12 years).

• Number of different drugs taken daily, main diagnosis grouped into 5 categories (Movement Disorder, Cerebrovascular Disorder, Neuromuscular Disorder, Epilepsy, Miscellaneous Disorders).

• Satisfaction with healthcare assessed with the Healthcare Climate Questionnaire (HCCQ) (30, 31).

• Personality assessed by the Big Five Inventory (BFI) (32).

• Cognition assessed with the Montreal Cognitive Assessment (MoCA) (33, 34).

• Mobility based on the Timed Up and Go (TuG) test (35).

• Depressive symptoms measured with Becks Depression Inventory II (BDI) (36, 37).

HRQoL was assessed using the 36-Item Short Form Health Survey (SF-36), with higher scores indicating higher HRQoL (38, 39). The SF-36 is the most commonly utilized valid patient-reported outcome measure for HRQoL (40). The eight subscales Vitality, Mental Health/ Emotional well-being (EWB), Social Functioning and Role Limitations due to Emotional Problems can be summarized into a Mental Component Scale (MCS), while the Physical Component Scale (PCS) encompasses the sub-scales General Health, Physical Functioning, Bodily Pain and Role Limitations due to Physical Problems (41, 42). To assess the impact of nonadherence, our analysis utilized MCS and PCS as dependent variables.

Nonadherence was measured using the Stendal Adherence to Medication Scale (SAMS), a 18-item self-report scale that encompasses the domains Modification of medication (for example If you feel you have to take too many tablets, do you stop taking those medications you consider to be less important?), Forgetting to take medication (such as How often do you forget to take your medication?), and missing Knowledge about medication (such as time of taking, dosage, or purpose). In this study, we analyzed the impact of the SAMS total score on HRQoL among the above mentioned covariates, and report subscale analyses in the Supplementary materials. Each item is posed as a 4-point Likert scale ranging from 0 to 4, with higher scores indicating higher levels of nonadherence. The SAMS was developed as an extension of the Morisky Medication Adherence Scale (MMAS) with more nuanced Likert scale items (88). It was constructed by an expert panel and incorporates items analogous to previously validated questionnaires, such as items about medication knowledge in accordance with Rottlaender et al. (90), as well as the Morisky scales (88, 89). Additional items were added by the expert panel of patients and healthcare providers. The final SAMS version has undergone testing across a range of patient groups, such as neurological patients, chronic pain patients, and patients who have received kidney transplants (43–49). Although self-reported measurements carry a risk of bias, they offer an opportunity to understand different types of nonadherence and their underlying causes, which cannot be achieved through the use of objective measures (50–53). Both objective and self-report measures of nonadherence have advantages and disadvantages (53, 54), and although objective measures are considered to be free of bias, patients must be informed that their medication intake will be monitored, potentially leading to increased adherence for the duration of the study. Likewise, prescription data or electronic pill counting cannot provide information on whether the medication was ingested, while analyses of drug concentration in the blood are difficult to implement outside of funded clinical research. As self-report measures show moderate to high correlation with objective measures, their use is recommended due to their economic application and informational value on different reasons for and types of nonadherence (3, 52, 54, 55).



2.2 Statistical analysis

As a first step, we report both mean and standard deviation (SD) as well as median and inter-quartile range (IQR), as Shapiro Wilk Test revealed non-normal distributions of the variables. Spearman correlations were calculated between the SAMS and the MCS/PCS scores as well as the covariates. Missing data in the covariates was treated with the pairwise deletion process. Of note, of the excluded patients, only 9 patients had more than 5 missing items in the SAMS whereas the majority missed out on one or two. Still, as the SAMS operates on an item level where each item contributes to the overall nonadherence score, we excluded all patients with missing data. All analyses were performed in R Version 4.3.0 (56) at a significance level of p = 0.05.

To assess whether the SAMS is related to the MCS and PCS, we performed linear regression first using only the SAMS as an independent variable, and secondly with the addition of the above-mentioned covariates. Assumptions for regression, such as collinearity, autocorrelation, homoscedasticity and normality of residuals, were assessed with the R-package performance (57).

In addition, we aimed to understand the interaction between SAMS, HRQoL and the covariates using Network Analysis (NA). NA is a tool that has recently been used extensively to study the bidirectional association between different variables (47, 58, 59). In our data, NA visualizes the partial correlations between variables while controlling for other associations in the network. Importantly, unlike traditional modeling, NA does not assume a singular direction of effect or an underlying latent variable. Instead, it suggests that the variables in the network influence each other in a circular manner (60–62). Networks contain two main components: the variables, called nodes, and their connections, called edges (63). Edges represent the strength of the relation between two nodes, with thicker edges visualizing stronger relationships and blue edges depicting positive associations, red negative ones. The nodes are positioned using the Fruchterman-Reingold algorithm based on the strengths of their associations (63). We performed NA with nonparametric bootstrap to assess network stability. The Correlation-stability coefficient (CSC) indicates the stability of a network if a portion of the participants is dropped and should remain above 0.5 (64). Although it is possible to calculate centrality indices using NA, we do not report these as the aim of our analysis was to show the flow of information between HRQoL, nonadherence and the covariates, not to assess which variable has the strongest influence in the network overall (65).




3 Results


3.1 Descriptive results

In total, N = 910 patients were recruited at baseline. Of those, N = 731 patients completed the measure of nonadherence and were thus included in the present analysis (Table 1). On average, they were 70.2 years old and 56.2% were female. They regularly took 5.74 different medications per day. The main neurological diagnoses were classified into movement, cerebrovascular, or neuromuscular disorders, epilepsy, and miscellaneous neurological diagnoses (see (29) for details) (Table 1).



TABLE 1 Description of the study participants.
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3.2 Nonadherence and HRQoL

We then analyzed how the SAMS was related to HRQoL as assessed by the MCS and the PCS of the SF-36, which exhibited a Cronbach’s alpha of 0.89 each in our dataset. Spearman correlations (Supplementary Table 1) showed that the SAMS was weakly correlated with the MCS (r = −0.20, p < 0.001) and the PCS (r = −0.13, p < 0.001), as well as with other SF-36 subscales (r ranging from −0.13 for the physical subscale to −0.19 for the emotional and social subscales). These results already suggest a negative association between nonadherence and HRQoL, with a stronger association with the mental scales than with the physical scales. In addition, the SAMS was most strongly correlated with the BDI (r = 0.30, p < 0.001), as well as the TuG (r = 0.12, p = 0.009) and negatively with the MoCA (r = −0.13, p = 001) and the HCCQ (r = −0.19, p < 0.001). This indicates that higher levels of depressive symptoms, worse mobility, worse cognition and worse healthcare satisfaction are associated with higher levels of nonadherence.

We confirmed the relationship between the SAMS and the MCS using a simple linear regression model (Table 2). The SAMS was found to be a significant contributor to the MCS (est. = −0.028, CI [−0.038, −0.017], p < 0.001), explaining 3.3% of the MCS variance. However, this association between the SAMS and the MCS disappeared when covariates were added to the model; instead, the BDI, number of drugs, HCCQ, and MoCA were identified as the factors explaining most variance in MCS (Table 2).



TABLE 2 Linear regression for the MCS with (a) SAMS and (b) SAMS and covariates.
[image: Table2]

For the PCS, the SAMS was not significantly associated even in the simple model (p = 0.104), see Supplementary Table 2.1. Detailed analyses for the SAMS and other subscales of the SF-36 are given in Supplementary Tables 2.2–2.9, showing that the SAMS was more strongly associated with the mental subscales. It is worth noting that in all models, the initial influence of the SAMS diminishes when covariates are added into the model. Since the PCS is not significantly associated with the SAMS, we focused on the MCS alone, as the mental subscales are more closely associated with nonadherence in our data.

In our previous analysis of this dataset, we found a strong association between the SAMS and the BDI, but also between the SAMS and mobility, cognition, number of medications, age, and HCCQ (28). Our present analyses confirm that when these variables are included, the association between the SAMS and the MCS disappears. Thus, it is likely that these variables act as a link between MCS and SAMS. Therefore, we performed a network analysis to obtain an overview of the relationships between the SAMS and the variables identified as significant in the regression models (Figure 1). The network is stable with a CSC = 0.75 and presents 7 nodes connected by 28 out of 49 possible edges. It shows bidirectional relationships between SAMS and BDI, HCCQ, and MoCA. As expected, there is no direct connection between SAMS and MCS. Instead, visual inspection shows that the SAMS is connected to the MCS via the BDI, which has the strongest connection to the MCS, as well as via HCCQ and MoCA. The relationship with TuG and Number of Drugs is not straightforward in the network, instead they are connected through BDI and MoCA.

[image: Figure 1]

FIGURE 1
 Network plot of SAMS, MCS and covariates. BDI, Beck Depression Inventory; drugs, number of drugs; HCCQ, Healthcare Climate Questionnaire; MCS, SF-36 Mental Component Score; MoCA, Montreal Cognitive Assessment; SAMS, Stendal Adherence to Medication Score; TuG_Seconds, Timed Up and Go. Red lines depict negative, blue lines positive associations.


Finally, to confirm the association between the MCS and the variables included in the NA, we lastly performed linear regressions including the SAMS as well as each individual variable from the network. Notably, the SAMS remained significant as an independent variable to explain variance in the MCS when only HCCQ, TuG, number of drugs, and MoCA were included (Supplementary Table 3). However, once the BDI was included (Table 3), the significant influence of the SAMS disappeared (est = −0.04, p = 0.349, CI [−0.13, 0.05]).



TABLE 3 Linear regression on the mental component scale using the SAMS and BDI as dependent variables.
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As the SAMS can further be classified into nonadherence subscales, we repeated the analyses using the subscales Forgetting to take medication, Modification of medication intake, and missing Knowledge about medication (Supplementary Tables 4–6). Linear regression revealed that the effect of Forgetting on the MCS disappears (p = 0.068) after adding the BDI (p < 0.001) or HCCQ (p < 0.001) to the model. Likewise, including the BDI (p < 0.001) nullifies the effect of missing Knowledge (p = 0.368) and Modification (p = 0.103) on the MCS, whereas the inclusion of HCCQ, Number of Medications, TuG or MoCA do not annul the association between SAMS and MCS.




4 Discussion

The aim of our analysis was to evaluate the effect of nonadherence on HRQoL and to determine the suitability of HRQoL as an outcome for clinical trials targeting nonadherence. Using regression and network analysis, we found a weak association between the mental subscales of HRQoL (SF-36) and nonadherence, which was mainly delivered via depressive symptoms.

Of note, a weak association between HRQoL and nonadherence has been reported previously (18, 25), while other studies have found stronger associations (20–22). Differences in the covariates and patients included in the studies may explain these variations. In addition, nonadherence represents a highly complex, multi-faceted phenomenon (66), and interventions that only address specific aspects of nonadherence may prove insufficient to influence HRQoL (13). Our research further suggests that other factors, particularly depressive symptomology, may connect nonadherence and HRQoL, making it an indirect link. Although medication nonadherence may impact health especially in older, chronically ill patients that depend on their pharmacotherapy, (HR)QoL encompasses more than mere physical health. Especially in advancing age, where a full recovery is not feasible and a certain health decline can be expected, other factors such as satisfaction with life, social connection and purpose take precedence (67, 68). Likewise, HRQoL describes a person’s satisfaction with and interpretation of their health status, thus it may be independent of the objective health. The paradox that some persons report high HRQoL despite being physically ill may be explained by differences in expectations regarding health and aging that strongly influence a person’s interpretation of their health status (69, 70). Importantly, the gap between desired and present health status is also influenced by depressive symptoms (69).

Overall, the relationship between depressive symptoms and nonadherence is well documented in the literature (11, 12, 27, 28). Depressive symptoms are associated with reduced self-efficacy, loss of control and interest as well as hopelessness and fatigue (3, 27, 71, 72). This may lead to changes in the beliefs about the effectiveness of medication: if someone does not believe that they can make a positive difference to their health, they may feel that taking their medication is less necessary (73). Thus, depressive symptoms may affect patients’ motivation to take medication (74). This strong association between nonadherence and depressive symptoms is further highlighted by our subscale analyses, showing that depressive symptoms not only influence overall nonadherence but also the three subscales Forgetting to take medication, missing Knowledge about medication, and Modification of medication. In a previous publication based on this dataset, we performed a symptom-driven analysis to understand which depressive symptoms in particular drive the association with nonadherence. Loss of interest, fatigue and difficulties with concentration tie depressive symptoms to nonadherence for all subscales, indicating an overall lack of investment in one’s own health that may lead to carelessness with medication intake (27). In addition, Lee and Oh (8) showed that self-efficacy and emotional support reduce nonadherence, both of which may be reduced in patients with higher levels of depressive symptoms (75, 76). Schoenthaler et al. (76) conducted a mediation analysis showing that self-efficacy mediates the relationship between depressive symptoms and nonadherence. Similarly, Chantzaras and Yfantopoulos (21) found that the relationship between HRQoL and nonadherence was determined by the level of self-care, again strengthening the relation between nonadherence and depressive symptoms via motivational and behavioral paths. Likewise, depressive symptoms are associated with psychosocial parameters such as loneliness and reduced social participation, as well as with worse physical health, all of which may influence HRQoL (9, 77, 78). Thus, depressive symptoms have the potential to simultaneously impact nonadherence and HRQoL. Future studies may benefit from longitudinal data on nonadherence, HRQoL and depressive symptoms to conduct mediation analyses and allow for causal interpretation to confirm this hypothesis.

Additionally, poor healthcare climate and cognitive deficits have previously been identified as barriers to adherence. Our NA supports this link, demonstrating connecting effects through HCCQ and MoCA in the network (12, 13). Healthcare climate is associated with patient engagement and better communication with healthcare providers, leading to better health-literacy and understanding of prescribed medications (12, 13). On the other hand, cognitive deficits may pose a challenge to understanding medication regimens and may lead to forgetfulness (12, 13). However, as shown in our regression and network analysis, the effects of cognition and healthcare climate are comparatively smaller than those of depressive symptoms and cannot fully explain the association between nonadherence and HRQoL. Of note, we excluded patients with severe dementia from study participation, thus this association may be stronger in a patient population with dementia (79).

Our results further suggest that the relationship between nonadherence, HRQoL and mobility (TuG) or number of drugs is not straightforward. While both mobility and number of drugs as a proxy for health (in terms of multimorbidity) are associated with HRQoL (8), they did not nullify the association between HRQoL and nonadherence in our data the way the BDI did. On average, our patients were taking 5.74 medications daily. Although increased treatment complexity correlates with nonadherence, the majority of our patients had chronic conditions, suggesting that the habitual use of their medication could mitigate the effect of complexity on nonadherence (8, 12, 80, 81). Likewise, different types of nonadherence are differentially associated with treatment complexity, as a higher number of medications may increase unintentional forgetting of medication but not intentional modification of their intake (28). In addition, although mobility limitations can affect HRQoL, they were not severe enough to interfere with medication use in our patients (21).

Overall, we found a stronger effect of nonadherence on the mental rather than on physical aspects of HRQoL. This has been confirmed in previous research (12, 18, 21). For example, in their review, Hickey et al. report a decreasing association between physical health and HRQoL with advandcing age (82). Likewise, Bernsten et al. (14) attribute the effect of mental health to psychosocial pathways such as increased support. One explanation suggested by our data is the close connection between nonadherence and motivation, self-efficacy and health beliefs through depressive symptoms, which are captured in the mental subscales of the SF-36 (27). These results are also consistent with the stronger association of nonadherence with depressive symptoms than with physical health such as mobility and multimorbidity found in our analysis. This again points to the strong influence of depressive symptoms on both nonadherence and HRQoL (9, 12).

Overall, meta-analyses show that previous intervention studies aimed at improving nonadherence have often been ineffective, which may be attributed in part to methodological variations in the included studies (13). Similarly, both HRQoL and nonadherence are complex behaviors with multiple components that need to be aligned for an effective intervention, as shown by the finding that multifaceted interventions yield the best results (13, 83). However, another reason as to why interventions remain underperforming may be that in order to assess the effectiveness of a clinical trial, it is essential to identify an appropriate endpoint. In their review, Cross et al. (13) provided an overview of the quality of evidence depending on the chosen outcome. Previous studies have found that interventions are more effective when changes in nonadherence itself, rather than HRQoL, are considered as an endpoint (83). Our analyses combined with previous research suggest that the failure to find an effect on HRQoL does not imply that the intervention itself was ineffective. Rather, it is plausible that nonadherence alone cannot sufficiently influence HRQoL because they are indirectly linked. Instead, it is critical to use outcomes that are directly related to nonadherence to measure the effectiveness of interventions targeting medication adherence. Additionally, in the design and evaluation of clinical trials on medication adherence and HRQoL, particular attention should be paid to depressive symptoms, especially to the connecting symptoms such as lack of motivation, interest in one’s health, fatigue and cognitive overload. As they appear to be linking nonadherence with HRQoL, overcoming barriers in motivational and behavioral pathways related to depressive symptoms can enable patients to take an active role in their healthcare (84, 85).


4.1 Limitations

As we were interested in the type of nonadherence we used a self-report measure, although it is susceptible to bias. However, objective measures of nonadherence have other shortcomings (see (3) for a discussion), and research has shown that using a validated scale can provide data comparable to objective measures (86). Still, the nonadherence data used in this study was not validated against an objective measure, thus it should be interpreted with caution. As there is no generally accepted cut-off point for nonadherence, we treated the SAMS as a continuous variable (3).

In addition, the single-center and cross-sectional design of our analysis reduces the generalizability and causal interpretation of our results, as does the inclusion of a specific patient population. Results may be different for other patients in different countries. Additionally, although many relevant covariates were included in our study, both HRQoL and nonadherence are complex constructs influenced by a multitude of factors, future studies should assess both using different scales. Especially in research on older adults, age-related changes should be appropriately considered in the HRQoL- instrument (82). Additional factors such as anxiety, social support and measures of health or daily activities should be included in future studies. Likewise, treatment burden and adverse health events impact on satisfaction with healthcare and adherence, as they may influence the perceived effectiveness of the treatment (87). These variables should be incorporated in future studies to understand which other factors connect nonadherence and HRQoL.




5 Conclusion

Our findings, along with past research, indicate that HRQoL is not suitable as a single endpoint for clinical trials to improve nonadherence, as there is no straightforward effect of nonadherence on HRQoL in this patient population. However, ours and previous analyses revealed that nonadherence and HRQoL are connected by similar variables, predominantly depressive symptomology. Depressive symptoms seem to provide a link between nonadherence and HRQoL, potentially via motivational pathways. When designing interventions on HRQoL and medication-taking behavior, it is essential to pay close attention to depressive symptomatology and further related covariates.



Data availability statement

The dataset presented in this study can be found in online repositories, an anonymous version is freely available for noncommercial scientific purposes from Prell et al. (29).



Ethics statement

The studies involving humans were approved by Ethics Committee of Jena University Hospital. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.



Author contributions

AS: Conceptualization, Data curation, Formal analysis, Investigation, Visualization, Writing – original draft. SM: Data curation, Writing – review & editing. TP: Conceptualization, Funding acquisition, Methodology, Supervision, Writing – review & editing.



Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This work is supported by BMBF (Bundesministerium für Bildung und Forschung) grants to TP (01GY1804, 01GY2301).



Acknowledgments

The authors would like to thank Ulrike Teschner, Dorothea Berges, Verena Buchholz, Maria Dumler, Marieke Jäger, and Lena Sand for their assistance with data acquisition and preparation.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

The author(s) declared that they were an editorial board member of Frontiers, at the time of submission. This had no impact on the peer review process and the final decision.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fneur.2024.1462478/full#supplementary-material



References

 1. Steinmetz, JD, Seeher, KM, Schiess, N, Nichols, E, Cao, B, Servili, C , et al. Global, regional, and national burden of disorders affecting the nervous system, 1990–2021: a systematic analysis for the global burden of disease study 2021. Lancet Neurol. (2024) 23:344–81. doi: 10.1016/S1474-4422(24)00038-3 

 2. Burkhart, PV, and Sabaté, E. Adherence to long-term therapies: evidence for action. J Nurs Scholarsh. (2003) 35:207. doi: 10.1016/S1474-5151(03)00091-4


 3. Stewart, S-JF, Moon, Z, and Horne, R. Medication nonadherence: health impact, prevalence, correlates and interventions. Psychol Health. (2023) 38:726–65. doi: 10.1080/08870446.2022.2144923


 4. Foley, L, Larkin, J, Lombard-Vance, R, Murphy, AW, Hynes, L, Galvin, E , et al. Prevalence and predictors of medication non-adherence among people living with multimorbidity: a systematic review and meta-analysis. BMJ Open. (2021) 11:e044987. doi: 10.1136/bmjopen-2020-044987 

 5. Brown, MT, Bussell, J, Dutta, S, Davis, K, Strong, S, and Mathew, S. Medication adherence: truth and consequences. Am J Med Sci. (2016) 351:387–99. doi: 10.1016/j.amjms.2016.01.010 

 6. Simpson, SH, Eurich, DT, Majumdar, SR, Padwal, RS, Tsuyuki, RT, Varney, J , et al. A meta-analysis of the association between adherence to drug therapy and mortality. BMJ. (2006) 333:15. doi: 10.1136/bmj.38875.675486.55 

 7. DiMatteo, MR, Giordani, PJ, Lepper, HS, and Croghan, TW. Patient adherence and medical treatment outcomes: a meta-analysis. Med Care. (2002) 40:794–811. doi: 10.1097/00005650-200209000-00009


 8. Lee, MK, and Oh, J. Health-related quality of life in older adults: its association with health literacy, self-efficacy, social support, and health-promoting behavior. Healthcare. (2020) 8:407. doi: 10.3390/healthcare8040407


 9. Sivertsen, H, Bjørkløf, GH, Engedal, K, Selbæk, G, and Helvik, AS. Depression and quality of life in older persons: A review. Dement Geriatr Cogn Disord. (2015) 40:311–39. doi: 10.1159/000437299 

 10. Hussenoeder, FS, Jentzsch, D, Matschinger, H, Hinz, A, Kilian, R, Riedel-Heller, SG , et al. Depression and quality of life in old age: a closer look. Eur J Ageing. (2021) 18:75–83. doi: 10.1007/s10433-020-00573-8 

 11. Acharya, T, and Agius, M. Poor compliance as a sign of depression. Why might an elderly man stop his medication? Psychiatr Danub. (2018) 30:630–2.

 12. Yap, AF, Thirumoorthy, T, and Kwan, YH. Systematic review of the barriers affecting medication adherence in older adults. Geriatr Gerontol Int. (2016) 16:1093–101. doi: 10.1111/ggi.12616 

 13. Cross, AJ, Elliott, RA, Petrie, K, Kuruvilla, L, and George, J. Interventions for improving medication-taking ability and adherence in older adults prescribed multiple medications. Cochrane Database Syst Rev. (2020) 5:CD012419. doi: 10.1002/14651858.CD012419.pub2


 14. Bernsten, C, Björkman, I, Caramona, M, Crealey, G, Frøkjaer, B, Grundberger, E , et al. Improving the well-being of elderly patients via community pharmacy-based provision of pharmaceutical care: a multicentre study in seven European countries. Drugs Aging. (2001) 18:63–77. doi: 10.2165/00002512-200118010-00005 

 15. Cohen, LB, Taveira, TH, Khatana, SAM, Dooley, AG, Pirraglia, PA, and Wu, W-C. Pharmacist-led shared medical appointments for multiple cardiovascular risk reduction in patients with type 2 diabetes. Diabetes Educ. (2011) 37:801–12. doi: 10.1177/0145721711423980 

 16. Muth, C, Uhlmann, L, Haefeli, WE, Rochon, J, van den Akker, M, Perera, R , et al. Effectiveness of a complex intervention on Prioritising multimedication in multimorbidity (PRIMUM) in primary care: results of a pragmatic cluster randomised controlled trial. BMJ Open. (2018) 8:e017740. doi: 10.1136/bmjopen-2017-017740 

 17. Willeboordse, F, Schellevis, FG, Chau, SH, Hugtenburg, JG, and Elders, PJM. The effectiveness of optimised clinical medication reviews for geriatric patients: Opti-med a cluster randomised controlled trial. Fam Pract. (2017) 34:437–45. doi: 10.1093/fampra/cmx007 

 18. Marek, KD, Stetzer, F, Ryan, PA, Bub, LD, Adams, SJ, Schlidt, A , et al. Nurse care coordination and technology effects on health status of frail older adults via enhanced self-management of medication: randomized clinical trial to test efficacy. Nurs Res. (2013) 62:269–78. doi: 10.1097/NNR.0b013e318298aa55 

 19. Kim, KY
. Association between health-related quality of life and nonadherence to antihypertensive medication. Nurs Open. (2023) 10:3570–8. doi: 10.1002/nop2.1599 

 20. Khayyat, SM, Mohamed, MMA, Khayyat, SMS, Hyat Alhazmi, RS, Korani, MF, Allugmani, EB , et al. Association between medication adherence and quality of life of patients with diabetes and hypertension attending primary care clinics: a cross-sectional survey. Qual Life Res. (2019) 28:1053–61. doi: 10.1007/s11136-018-2060-8 

 21. Chantzaras, A, and Yfantopoulos, J. Association between medication adherence and health-related quality of life of patients with diabetes. Hormones. (2022) 21:691–705. doi: 10.1007/s42000-022-00400-y 

 22. Silavanich, V, Nathisuwan, S, Phrommintikul, A, and Permsuwan, U. Relationship of medication adherence and quality of life among heart failure patients. Heart Lung. (2019) 48:105–10. doi: 10.1016/j.hrtlng.2018.09.009 

 23. Mishra, R, Sharma, SK, Verma, R, Kangra, P, Dahiya, P, Kumari, P , et al. Medication adherence and quality of life among type-2 diabetes mellitus patients in India. World J Diabetes. (2021) 12:1740–9. doi: 10.4239/wjd.v12.i10.1740 

 24. Mohsen, S, Hanafy, FZ, Fathy, AA, and El-Gilany, AH. Nonadherence to treatment and quality of life among patients with chronic obstructive pulmonary disease. Lung India. (2019) 36:193–8. doi: 10.4103/lungindia.lungindia_340_18 

 25. Saleem, F, Hassali, MA, Shafie, AA, Awad, GA, Atif, M, ul Haq, N , et al. Does treatment adherence correlates with health related quality of life? Findings from a cross sectional study. BMC Public Health. (2012) 12:318. doi: 10.1186/1471-2458-12-318


 26. Mühlhammer, HM, Schönenberg, A, Lehmann, T, and Prell, T. Using a generic quality of life measure to determine adherence thresholds: a cross-sectional study on older adults with neurological disorders in Germany. BMJ Open. (2023) 13:e067326. doi: 10.1136/bmjopen-2022-067326 

 27. Schönenberg, A, Heimrich, KG, and Prell, T. Impact of depressive symptoms on medication adherence in older adults with chronic neurological diseases. BMC Psychiatry. (2024) 24:131. doi: 10.1186/s12888-024-05585-7 

 28. Schönenberg, A, Mühlhammer, HM, Lehmann, T, and Prell, T. Adherence to medication in Neurogeriatric patients: insights from the NeuroGerAd study. J Clin Med. (2022) 11:5353. doi: 10.3390/jcm11185353 

 29. Prell, T, Schönenberg, A, Mendorf, S, Mühlhammer, HM, Grosskreutz, J, and Teschner, U. Data on medication adherence in adults with neurological disorders: the NeuroGerAd study. Sci Data. (2022) 9:734. doi: 10.1038/s41597-022-01847-9


 30. Gremigni, P, Sommaruga, M, and Peltenburg, M. Validation of the health care communication questionnaire (HCCQ) to measure outpatients' experience of communication with hospital staff. Patient Educ Couns. (2008) 71:57–64. doi: 10.1016/j.pec.2007.12.008 

 31. Schmidt, K, Gensichen, J, Petersen, JJ, Szecsenyi, J, Walther, M, Williams, G , et al. Autonomy support in primary care—validation of the German version of the health care climate questionnaire. J Clin Epidemiol. (2012) 65:206–11. doi: 10.1016/j.jclinepi.2011.06.003 

 32. Rammstedt, B
. The 10-item big five inventory: norm values and investigation of sociodemographic effects based on a German population representative sample. Eur J Psychol Assess. (2007) 23:193–201. doi: 10.1027/1015-5759.23.3.193


 33. Carson, N, Leach, L, and Murphy, KJ. A re-examination of Montreal cognitive assessment (MoCA) cutoff scores. Int J Geriatr Psychiatry. (2018) 33:379–88. doi: 10.1002/gps.4756 

 34. Nasreddine, ZS, Phillips, NA, Bédirian, V, Charbonneau, S, Whitehead, V, Collin, I , et al. The Montreal cognitive assessment, MoCA: a brief screening tool for mild cognitive impairment. J Am Geriatr Soc. (2005) 53:695–9. doi: 10.1111/j.1532-5415.2005.53221.x 

 35. Podsiadlo, D, and Richardson, S. The timed "up & go": a test of basic functional mobility for frail elderly persons. J Am Geriatr Soc. (1991) 39:142–8. doi: 10.1111/j.1532-5415.1991.tb01616.x


 36. Beck, A, Steer, R, and Brown, G. Beck depression inventory - second edition: manual. San Antonio: The Psychological Corporation (1996).


 37. Hautzinger, M, Keller, F, and Kühner, C. BDI-II. Beck-Depressions-Inventar: Revision. Frankfurt: Pearson Assessment (2009).


 38. Ware, JE Jr, and Sherbourne, CD. The MOS 36-item short-form health survey (SF-36). I. Conceptual framework and item selection. Med Care. (1992) 30:473–83. doi: 10.1097/00005650-199206000-00002


 39. Bullinger, M, Kirchberger, I, and Ware, J. Der deutsche SF-36 Health Survey Übersetzung und psychometrische Testung eines krankheitsübergreifenden Instruments zur Erfassung der gesundheitsbezogenen Lebensqualität. Zeitschrift für Gesundheitswissenschaften =. J Public Health. (1995) 3:21–36. doi: 10.1007/BF02959944


 40. Murphy, M, Hollinghurst, S, and Salisbury, C. Identification, description and appraisal of generic PROMs for primary care: a systematic review. BMC Fam Pract. (2018) 19:41. doi: 10.1186/s12875-018-0722-9 

 41. Lins, L, and Carvalho, FM. SF-36 total score as a single measure of health-related quality of life: scoping review. SAGE Open Med. (2016) 4:2050312116671725. doi: 10.1177/2050312116671725 

 42. Ellert, U, and Kurth, BM. Gesundheitsbezogene Lebensqualität bei Erwachsenen in Deutschland. Bundesgesundheitsbl Gesundheitsforsch Gesundheitsschutz. (2013) 56:643–9. doi: 10.1007/s00103-013-1700-y


 43. Prell, T, Grosskreutz, J, Mendorf, S, Franke, GH, Witte, OW, and Kunze, A. Clusters of non-adherence to medication in neurological patients. Res Social Adm Pharm. (2019) 15:1419–24. doi: 10.1016/j.sapharm.2019.01.001 

 44. Prell, T, Schaller, D, Perner, C, Franke, GH, Witte, OW, Kunze, A , et al. Comparison of anonymous versus nonanonymous responses to a medication adherence questionnaire in patients with Parkinson's disease. Patient Prefer Adherence. (2019) 13:151–5. doi: 10.2147/PPA.S186732 

 45. Franke, GH, Nentzl, J, Küch, D, and Jagla-Franke, M. Die Erfassung der Medikamenten-Adhärenz bei Schmerzpatientinnen und -patienten. Praxis Klinis Verhalt Rehabil. (2020) 33:146–58.


 46. Franke, GH, Jagla, M, Reimer, J, Haferkamp, L, Türk, T, and Witzke, O. Erfassung von Medikamenten-Compliance bei erfolgreich Nierentransplantierten mit einer erweiterten Version des Morisky-Scores – dem Essener Compliance Score (ECS). Psychother Psychosom Med Psychol. (2009) 59:A045. doi: 10.1055/s-0029-1208186


 47. Prell, T, Franke, GH, Jagla-Franke, M, and Schönenberg, A. Identifying patterns of self-reported nonadherence using network analysis in a mixed German cohort. Patient Prefer Adherence. (2022) 16:1153–62. doi: 10.2147/PPA.S362464 

 48. Franke, GH, Nentzl, J, Jagla-Franke, M, and Prell, T. Medication adherence and coping with disease in patients from a neurological clinic: an observational study. Patient Prefer Adherence. (2021) 15:1439–49. doi: 10.2147/PPA.S311946 

 49. Franke, GH, Nentzl, J, and Jagla-Franke, M. Stendal adherence to medication score: testmanual. Aachen, Germany: Psychometrikon (2020).


 50. Shi, L, Liu, J, Koleva, Y, Fonseca, V, Kalsekar, A, and Pawaskar, M. Concordance of adherence measurement using self-reported adherence questionnaires and medication monitoring devices. PharmacoEconomics. (2010) 28:1097–107. doi: 10.2165/11537400-000000000-00000 

 51. Garber, MC, Nau, DP, Erickson, SR, Aikens, JE, and Lawrence, JB. The concordance of self-report with other measures of medication adherence: a summary of the literature. Med Care. (2004) 42:649–52. doi: 10.1097/01.mlr.0000129496.05898.02 

 52. Stirratt, MJ, Dunbar-Jacob, J, Crane, HM, Simoni, JM, Czajkowski, S, Hilliard, ME , et al. Self-report measures of medication adherence behavior: recommendations on optimal use. Transl Behav Med. (2015) 5:470–82. doi: 10.1007/s13142-015-0315-2 

 53. Nguyen, TM, La Caze, A, and Cottrell, N. What are validated self-report adherence scales really measuring?: a systematic review. Br J Clin Pharmacol. (2014) 77:427–45. doi: 10.1111/bcp.12194 

 54. Lam, WY, and Fresco, P. Medication adherence measures: an overview. Biomed Res Int. (2015) 2015:217047. doi: 10.1155/2015/217047


 55. Monnette, A, Zhang, Y, Shao, H, and Shi, L. Concordance of adherence measurement using self-reported adherence questionnaires and medication monitoring devices: an updated review. PharmacoEconomics. (2018) 36:17–27. doi: 10.1007/s40273-017-0570-9 

 56. R Core Team
. R: A language and environment for statistical computing. Vienna: R Foundation for Statistical Computing (2021).


 57. Lüdecke, D, Ben-Shachar, MS, Patil, I, Waggoner, P, and Makowski, D. Performance: an R package for assessment, comparison and testing of statistical models. J Open Source Softw. (2021) 6:3139. doi: 10.21105/joss.03139


 58. Heimrich, KG, Mendorf, S, Schönenberg, A, Santos-García, D, Mir, P, Group CS , et al. Depressive symptoms and their impact on quality of life in Parkinson’s disease: an exploratory network analysis approach. J Clin Med. (2023) 12:4616. doi: 10.3390/jcm12144616 

 59. Bringmann, LF, Lemmens, LH, Huibers, MJ, Borsboom, D, and Tuerlinckx, F. Revealing the dynamic network structure of the Beck depression inventory-II. Psychol Med. (2015) 45:747–57. doi: 10.1017/S0033291714001809 

 60. Epskamp, S, Borsboom, D, and Fried, EI. Estimating psychological networks and their accuracy: A tutorial paper. Behav Res Methods. (2018) 50:195–212. doi: 10.3758/s13428-017-0862-1 

 61. Borsboom, D, and Cramer, AO. Network analysis: an integrative approach to the structure of psychopathology. Annu Rev Clin Psychol. (2013) 9:91–121. doi: 10.1146/annurev-clinpsy-050212-185608


 62. Borsboom, D, Haslbeck, JMB, and Robinaugh, DJ. Systems-based approaches to mental disorders are the only game in town. World Psychiatry. (2022) 21:420–2. doi: 10.1002/wps.21004 

 63. Epskamp, S, Cramer, AOJ, Waldorp, LJ, Schmittmann, VD, and Borsboom, D. Qgraph: network visualizations of relationships in psychometric data. J Stat Softw. (2012) 48:1–18. doi: 10.18637/jss.v048.i04


 64. Epskamp, S, and Fried, EI. A tutorial on regularized partial correlation networks. Psychol Methods. (2018) 23:617–34. doi: 10.1037/met0000167 

 65. Bringmann, LF, Elmer, T, Epskamp, S, Krause, RW, Schoch, D, Wichers, M , et al. What do centrality measures measure in psychological networks? J Abnorm Psychol. (2019) 128:892–903. doi: 10.1037/abn0000446


 66. Kardas, P, Lewek, P, and Matyjaszczyk, M. Determinants of patient adherence: a review of systematic reviews. Front Pharmacol. (2013) 4:91. doi: 10.3389/fphar.2013.00091


 67. Dinglas, VD, Faraone, LN, and Needham, DM. Understanding patient-important outcomes after critical illness: a synthesis of recent qualitative, empirical, and consensus-related studies. Curr Opin Crit Care. (2018) 24:401–9. doi: 10.1097/MCC.0000000000000533 

 68. Gajic, O, Ahmad, SR, Wilson, ME, and Kaufman, DA. Outcomes of critical illness: what is meaningful? Curr Opin Crit Care. (2018) 24:394–400. doi: 10.1097/MCC.0000000000000530 

 69. Schönenberg, A, Zipprich, HM, Teschner, U, and Prell, T. Impact of depression, resilience, and locus of control on adjustment of health-related expectations in aging individuals with chronic illness. Front. Psychol. (2022) 13. doi: 10.3389/fpsyg.2022.867785


 70. Upton, D, and Upton, P. Quality of life and well-being In: D Upton and P Upton, editors. Psychology of wounds and wound Care in Clinical Practice. Cham: Springer International Publishing (2015). 85–111.


 71. Fiske, A, Wetherell, JL, and Gatz, M. Depression in older adults. Annu Rev Clin Psychol. (2009) 5:363–89. doi: 10.1146/annurev.clinpsy.032408.153621


 72. World Health Organization
. Mental disorders fact sheet. Geneva: World Health Organization (2022).


 73. Schüz, B, Marx, C, Wurm, S, Warner, LM, Ziegelmann, JP, Schwarzer, R , et al. Medication beliefs predict medication adherence in older adults with multiple illnesses. J Psychosom Res. (2011) 70:179–87. doi: 10.1016/j.jpsychores.2010.07.014 

 74. Brandstetter, S, Riedelbeck, G, Steinmann, M, Loss, J, Ehrenstein, B, and Apfelbacher, C. Depression moderates the associations between beliefs about medicines and medication adherence in patients with rheumatoid arthritis: Cross-sectional study. J Health Psychol. (2018) 23:1185–95. doi: 10.1177/1359105316646440 

 75. Son, YJ, Kim, SH, and Park, JH. Role of depressive symptoms and self-efficacy of medication adherence in Korean patients after successful percutaneous coronary intervention. Int J Nurs Pract. (2014) 20:564–72. doi: 10.1111/ijn.12203 

 76. Schoenthaler, A, Ogedegbe, G, and Allegrante, JP. Self-efficacy mediates the relationship between depressive symptoms and medication adherence among hypertensive African Americans. Health Educ Behav. (2009) 36:127–37. doi: 10.1177/1090198107309459 

 77. Herrera, PA, Campos-Romero, S, Szabo, W, Martínez, P, Guajardo, V, and Rojas, G. Understanding the relationship between depression and chronic diseases such as diabetes and hypertension: A grounded theory study. Int J Environ Res Public Health. (2021) 18:12130. doi: 10.3390/ijerph182212130 

 78. Kok, RM, and Reynolds, CF 3rd. Management of depression in older adults: a review. JAMA. (2017) 317:2114–22. doi: 10.1001/jama.2017.5706


 79. El-Saifi, N, Moyle, W, Jones, C, and Tuffaha, H. Medication adherence in older patients with dementia: a systematic literature review. J Pharm Pract. (2018) 31:322–34. doi: 10.1177/0897190017710524 

 80. Mansur, N, Weiss, A, Hoffman, A, Gruenewald, T, and Beloosesky, Y. Continuity and adherence to long-term drug treatment by geriatric patients after hospital discharge: a prospective cohort study. Drugs Aging. (2008) 25:861–70. doi: 10.2165/00002512-200825100-00005 

 81. Holmes, EA, Hughes, DA, and Morrison, VL. Predicting adherence to medications using health psychology theories: a systematic review of 20 years of empirical research. Value Health. (2014) 17:863–76. doi: 10.1016/j.jval.2014.08.2671 

 82. Hickey, A, Barker, M, McGee, H, and O'Boyle, C. Measuring health-related quality of life in older patient populations: a review of current approaches. PharmacoEconomics. (2005) 23:971–93. doi: 10.2165/00019053-200523100-00002


 83. Conn, VS, Ruppar, TM, Enriquez, M, and Cooper, P. Medication adherence interventions that target subjects with adherence problems: systematic review and meta-analysis. Res Soc Adm Pharm. (2016) 12:218–46. doi: 10.1016/j.sapharm.2015.06.001 

 84. Jäger, M, Zangger, G, Bricca, A, Dideriksen, M, Smith, SM, Midtgaard, J , et al. Mapping interventional components and behavior change techniques used to promote self-management in people with multimorbidity: a scoping review. Health Psychol Rev. (2024) 18:165–88. doi: 10.1080/17437199.2023.2182813 

 85. Mather, M, Pettigrew, LM, and Navaratnam, S. Barriers and facilitators to clinical behaviour change by primary care practitioners: a theory-informed systematic review of reviews using the theoretical domains framework and behaviour change wheel. Syst Rev. (2022) 11:180. doi: 10.1186/s13643-022-02030-2 

 86. Selinger, CP, Ochieng, AO, George, V, and Leong, RW. The accuracy of adherence self-report scales in patients on Thiopurines for inflammatory bowel disease: A comparison with drug metabolite levels and medication possession ratios. Inflamm Bowel Dis. (2019) 25:919–24. doi: 10.1093/ibd/izy309 

 87. Schreiner, N, DiGennaro, S, Harwell, C, Burant, C, Daly, B, and Douglas, S. Treatment burden as a predictor of self-management adherence within the primary care population. Appl Nurs Res. (2020) 54:151301. doi: 10.1016/j.apnr.2020.151301 

 88. Morisky, DE, Green, LW, and Levine, DM. Concurrent and predictive validity of a self-reported measure of medication adherence. Med Care. (1986) 24:67–74. doi: 10.1097/00005650-198601000-00007


 89. Morisky, DE, Ang, A, Krousel-Wood, M, and Ward, HJ. Predictive validity of a medication adherence measure in an outpatient setting. J Clin Hypertens. (2008) 10:348–354. doi: 10.1111/j.1751-7176.2008.07572.x


 90. Rottlaender, D, Scherner, M, Schneider, T, and Erdmann, E. Multimedikation, Compliance und Zusatzmedikation bei Patienten mit kardiovaskulären Erkrankungen. Dtsch Med Wochenschr, (2007) 132:139–144. doi: 10.1055/s-2007-959300



Copyright
 © 2024 Schönenberg, Mendorf and Prell. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fneur-15-1462478-t002.jpg
A

Predictors Estimates

(Intercept) 5062 49.58-51.67 <0.001

SAMS ~028 ~038- <0.001
~017

N=689, R/ R adjusted =0.035 / 0.033

B MCs
(Intercept) 2652 13.72-39.32 <0.001
SAMS 0.09 ~0.04-022 0.160

BDI -092 ~105- <0.001

~079

TuG 0.18 ~0.00-037 0056

Number of drugs per 044 021-067 <0.001
day

Age 0.00 ~0.10-0.10 0974

MoCA 060 0.28-092 <0.001
HCCQ 107 0.33-181 0.005
Gender: female 035 ~131-200 0.680

Cardiovascular disorder 181 ~0.46-4.08 o8

Neuromuscular disorder 207 112-425 0.064

Epilepsy 1.60 ~231-552 0422

Miscellaneous disorder 258 0.27-489 0.029
Living with partner 043 ~149-235 0659

Education medium 193 ~0.11-398 0.064

Education high -075 -278-129 0471

BEL: Openness 185 ~128-499 0.246

BEL: Agreeableness 216 ~151-583 0.248

BEL: Conscientiousness 461 191-7.31 0.001

BEL: Extraversion 406 099-7.13 0.010

=397 R*/ R* adjusted =0.499 / 0473, VIF < 1.41 for all variables.
Cl1,95% confidence interval; SAMS, Stendal Adherence to Medication Scale; BDI, Beck
Depression Inventory; TuG, Time up and Go Test; MoCA, Montreal Cognitive Assessment;
HCCQ, Healthcare Climate Questionnaire; BFI,
Neuroticism; MCS, Mental Component Scale of SF-36; Diagnosis - in reference to
Movement Disorder.

Statistically significant values p<0.05 are presented in bold.






OPS/images/fneur-15-1462478-t003.jpg
A

Predictors Estimates

(Intercept) 57.87 56.76-58.98 <0.001

SAMS -004 ~0.13-0.05 0349

BDI -090 ~099 - <0.001
~081

=689; R adjusted=0.381.

BDI, Beck Depression Inventory; MCS, Mental Component Scale of SF-36; SAMS, Stendal
Adherence to Medication Score; CI, 95% confidence inerval.

Statistically significant values p<0.05 are presented in bold.





OPS/xhtml/Nav.xhtml




Contents





		Cover



		The indirect effect of nonadherence on health-related quality of life in older adults with neurological disorders: implications for clinical endpoints and interventions



		1 Introduction



		2 Materials and methods



		2.1 Participants and recruitment



		2.2 Statistical analysis









		3 Results



		3.1 Descriptive results



		3.2 Nonadherence and HRQoL









		4 Discussion



		4.1 Limitations









		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher’s note



		Supplementary material



		References



















OPS/images/fneur-15-1462478-g001.jpg





OPS/images/fneur-15-1462478-t001.jpg
Variable

Age
SAMS

BDI

MoCA

TuG

HCCQ

Number of drugs
MCs

PCS

Gender
Male
Female
Education
Low
Medium
High
Living situation
Alone
Notalone
Diagnosis
Movement disorder
Cardiovascular disorder
Neuromuscular disorder
Epilepsy
Miscellaneous
BFI
Neuroticism
Openness
Agreeableness
Conscientiousness.

Extraversion

M (SD)
70.24 (8.61)
6.16(7.59)
9.68(7.51)
2351 (271)
1065 (4.48)
5.62(1.13)
5.74 (3.68)
48.95 (11.04)
33.87 (11.09)

Count

405

326

24
249

251

172

527

237
191
143
35

125

81
114
60

298

148

MD (IQR)
70 (14)
4(8)
8(9)
23(4)

10 (4)
5.93(1.27)
HE)
50.74 (18.07)
33.09 (16.47)

%

5617

4221

3137
3487

3515

2461

75.39

3287
2649
19.83
485

1734

1156
1626
856
4251

2111

M, Mean; SD, Standard Deviation; MD, Median; IQR, Interquartile Range. BDI, Beck
Depression Inventory; BFI, Big Five Inventory: SAMS, Stendal Adherence to Medication
Scale; MoCA, Montreal Cognitive Assessment; TuG, Time up and Go Test; HCCQ,
Healthcare Climate Questionnaire; MCS, SF-36 Mental Component Scale; PCS, SF-36

Physical Component Scale.





OPS/images/cover.jpg
& frontiers | Frontiers in Neurology

The indirect eeff ct of
nonadherence on health-related
quality of life in older adults with

neurological disorders:
implications for clinical endpoints
and interventions












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
, frontiers Frontiers in Neurology






