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Abstract

:

Featured Application


The implementation of targeted interventions focusing on specific cognitive domains affected by depression and cognitive impairment, ultimately enhancing the overall cognitive health and well-being of older adults.




Abstract


This study examined the cognitive performance of older adults aged 60 and above using the Montreal Cognitive Assessment (MoCA) test and DigiMoCA, a digital tool for cognitive screening administered by means of a smart speaker, to investigate whether the additional variables utilised by DigiMoCA allow for the identification of significant differences between individuals with depressive symptoms and those with mild cognitive impairment, which are not detected using the original MoCA test. A total of 73 senior adults located in Northwestern Spain, 22 male and 51 female, participated in this study. Subjects were divided into four groups based on the presence of depressive symptoms and mild cognitive impairment, with the aim of analysing the results of each dimension of the MoCA and DigiMoCA tests and assessing the additional insights provided by the digital administration tool. The results indicate significant differences among groups. Individuals with depressive symptoms exhibited poorer performance in forward number span, attention, and clock drawing compared to healthy controls. Furthermore, individuals with depressive symptoms and mild cognitive impairment exhibited significantly worse memory and orientation compared to those with cognitive impairment alone. Correlations revealed that a greater severity of depressive symptoms was associated with poorer performance across cognitive domains, including visuospatial skills, attention, language, memory, and phonemic verbal fluency. This study also illustrated how the exploitation of additional variables systematically captured by digital instruments, such as completion times or response delays to individual interactions, may facilitate the early identification of cognitive and depressive conditions, providing initial evidence about the importance of integrating advanced digital tools in cognitive assessment to inspire the development of more effective, personalised interventions.
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1. Introduction


As a consequence of aging, a number of emotional, physical, and social challenges are faced by senior adults that may increase their vulnerability to developing mood disorders, such as depression. Not only does this disorder negatively affect the quality of life of elder adults, but it can also have a significant impact on their cognitive and functional ability, which can make it even more difficult for them to actively participate in their communities and maintain social and family relationships.



Early studies about this topic focused primarily on demonstrating that depressed and non-depressed people differ in the content of their thoughts. These investigations provided support for the formulation that depression is characterised by negative automatic thoughts and biases in attention, interpretation, and memory [1,2]. The deterioration of processing speed and executive, attentional, and amnestic functions are frequent findings [3], and, as a consequence, cognitive symptoms such as difficulty in concentrating or slowness in thinking and decision making are among the diagnostic criteria included in the fifth edition of the Diagnostic and Statistical Manual of Mental Disorders (DSM-5) for major depressive disorder (MDD) [4].



Late-life depression refers to depression that occurs in individuals aged 65 and above without a prior history of depression. Unlike early-onset depression, late-life depression in the elderly often presents with less prominent symptoms of sadness, particularly when characterised by cognitive deficits as the primary symptom, can be mistaken for dementia in older adults. Therefore, it is essential to conduct a thorough mental status examination and cognitive testing before reaching a definitive diagnosis [5,6,7,8].



A systematic review conducted by John A. and colleagues in 2019 [9] comprehensively analysed and synthesised the evidence regarding the relationship between affective problems and cognitive decline in older adults. This multilevel meta-analysis revealed a significant association between depression, assessed both as a binary and continuous predictor, and the decline in cognitive status. Deficits in various domains, including attention, executive functions, memory, and processing speed were among the symptoms most frequently reported by patients and their relatives. These disorders often tend to persist even during the remission of depressive symptoms [10]. These deficits are thought to be clinically relevant and seem to be in the same order of magnitude of deficits observed in other well-known disorders involving cognitive dysfunction (e.g., mild cognitive impairment, attention-deficit hyperactivity disorder) [11,12].



Digital technology has been demonstrated to have a great impact on cognitive assessment and health care [13], as it facilitates repeated and continuous assessments, as well as the collection of clinical data in a much more convenient and cost-effective way than paper-and-pencil assessments [14]. Some previous research efforts have addressed innovative solutions for the screening of mental health disorders, specially depression, by means of voice interaction only, utilising both commercial and experimental devices [15].



In this context, the DigiMoCA, an implementation of the phone version of the Montreal cognitive assessment test (T-MoCA) as a skill for Amazon’s Alexa, was developed as a proof of concept to illustrate the implementation of scripted conversations by means of off-the-shelf smart assistants for the screening of cognitive impairment [16]. The DigiMoCA utilises Alexa’s speech recognition and natural language understanding (NLU) services, adapting the speech rate to the user with prosodic annotations, collecting user responses to the test, as well as additional variables not captured with the original test (e.g., response times, delays, voice level), and storing sessions for future retrieval in Amazon’s persistent database system. A pilot study was conducted where the DigiMoCA was evaluated in terms of (i) performance, evidencing that it understands the user 90% of the time; (ii) usability and acceptability, with average scores in the Technology Acceptance and Post-Study System Usability questionnaires over 3/5 and 5/7, respectively; and (iii) validity, with a correlation factor with a T-MoCA of r = 0.88 and an area under the ROC curve of 0.79 for MCI detection.



The motivation of this research originated from the evidence obtained with the study referenced above [16], which provided initial evidence that the DigiMoca may enhance the precision and efficiency of cognitive assessments by providing standardised administration and scoring, consequently reducing the impact of confounding factors like the white-coat effect, human errors, and variability. Digital platforms based on smart assistants also incorporate adaptive conversation techniques, which become adaptive testing techniques in this context, tailoring the difficulty of tasks to the subject’s performance, which may result in more accurate and personalised assessments. Additionally, these tools greatly facilitate the collection of rich, real-time data both on cognitive dimensions and the testing process itself (e.g., response times, delays, etc.), enabling more comprehensive and detailed analysis. In fact, our experience with machine learning analysis [17] helped us to identify patterns and changes in cognitive function that were not adequately addressed by traditional methods. Additionally, digital tools may improve accessibility to cognitive evaluations, allowing for remote administration and monitoring, which is particularly beneficial for older adults who may have mobility issues or live in rural areas. To sum up, the adoption of intelligent agent-based cognitive tests has the potential to improve the early detection, diagnosis, and ongoing management of MCI, ultimately enhancing the quality of care for the elderly.



This research aimed to provide a comprehensive assessment of cognitive dimensions using the MoCA in groups of individuals with depressive symptoms (DSs) and MCI, while also exploring the added value that the digital administration tool DigiMoCA may offer in the collection and analysis of cognitive data. More specifically, this study aimed to respond to the following research question:




RQ: Do the additional variables utilised by the DigiMoCA allow for the identification of significant differences between individuals with depressive symptoms and those with mild cognitive impairment (MCI) that are not detected through the original MoCA test?






2. Materials and Methods


An overview of this study’s design is discussed below, including a detailed description of the study participants, as well as the criteria for participant inclusion and exclusion. In order to ensure the validity and reliability of the findings, rigorous criteria were employed to determine the eligibility of individuals. A description of the study sample is also provided, offering insight into the demographic characteristics, medical history, and other relevant factors of the participants involved in this research. Finally, the measurement instruments utilised and the statistical analysis approach are briefly discussed.



2.1. Participants and Procedures


A total of 73 participants were individually tested using the MoCA and 15-item Yesavage Geriatric Depression Scale (GDS-15) to confirm a previous diagnosis of MCI or depression and configure study groups. All participants also completed the Lawton and Brody scale and the Clock Drawing Test (CDT). A subsample of 57 of these individuals participated in a second session carried out through two weeks after the first evaluation, in which they were administered the DigiMoCA. Participants were recruited from Parque Castrelos and Os Cortizos day centers and through publicly displayed recruitment materials. All participants provided informed consent prior to participating in this study. The study protocol was previously approved by the Galician Ethics Committee (2023/503). Figure 1 summarizes the study procedure.



The inclusion criteria utilised to select the participants in this study are enumerated below. These criteria served also as a reference to define the groups under study.



	D+MCI+ 

	
Senior individuals with depressive symptoms and MCI. Subjects with a depression diagnosis (MDD) confirmed by a health professional or previous clinical history; a Yesavage Geriatric Depression Scale (GDS-15) score greater than 5 (indicative of depression); a MoCA score 1.5 deviations below the population mean according to age and educational levels (i.e., level 3 in Reisberg’s Global Deterioration Scale, GDS).




	D+MCI− 

	
Persons with depressive symptoms that do not exhibited cognitive decline. Individuals with MDD reported by a health professional or previous clinical history; a GDS-15 score greater than 5; a MoCA score within the parameters of normality according to age and educational levels (i.e., GDS 1).




	D−MCI+ 

	
Subjects not exhibiting depressive symptoms but with MCI. No diagnosis of depression; a GDS-15 score less than or equal to 5; a MoCA score 1.5 deviations below the average.




	D−MCI+ 

	
Control group involving persons not exhibiting depressive symptoms or MCI. No diagnosis of depression; a GDS-15 score less than 5; a MoCA score between 1.5 deviations below the population mean (Reisberg’s GDS 3).







All participants were 60 years of age or older and were located in the Vigo area, Spain.



The exclusion criteria below were applied:




	
Patients with a psychiatric diagnosis, different from the inclusion criteria for groups D+ MCI+ and D+ MCI−.



	
Dementia diagnosis.



	
Hearing or vocal disability.



	
People unable of consenting to the study.








Subjects enrolled in daycare centers for the elderly provided the needed clinical diagnosis details for their classification, while participants external to the day centers were classified according to the cut-off points of the GDS-15 and MoCA scales. In the latter case, a more accurate cut-off point was utilised, according to the normative data in [18].



Participants ranged in age from 60 to 99 years, with an average age of 75.78 ± 9.2 years. Of the total number of participants, 30% (22) were male and 69.9% (51) female. From them, 28.8% (21) had depressive symptoms and MCI, 13.7% (10) had depressive symptoms without MCI, 17.8% (13) had MCI without depressive symptoms, and 39.7% (29) were healthy individuals without MCI or depressive symptoms. The participants’ distribution in the study groups and the descriptions of the sociodemographic variables are presented in Table 1.



A sample size of 73 participants may not provide sufficient statistical power to detect subtle effects, especially when divided into four groups. However, as discussed in the rest of this paper, the results obtained demonstrate that this sample is sufficient for shedding some light about the applicability of digital instruments based on smart assistants for cognitive assessment in elder adults. On the other side, the geographical area where participants were enrolled do not have significant demographic, cultural, or socio-economic characteristics that make it singular when compared with other urban-rural areas in Western Europe, although its applicability in other areas of the world is not clear. In any case, the sample reasonably reflects the distribution of male and female individuals in the general population of that age in Western Europe (i.e., between 60 and 99 years).




2.2. Measures


MoCA [19] is a test designed to assess cognitive function in older adults. It evaluates various cognitive domains including attention, memory, language, visuospatial abilities, executive functions, and orientation by means of a series of tasks and questions that are completed in approximately 10–15 min, with a maximum score of 30 points. A score of 26 or above is generally considered normal cognitive performance, while lower scores may indicate cognitive impairment. The MoCA is valued for its sensitivity in detecting early cognitive decline and is used in both clinical settings and research to assess cognitive function in older adults and those suspected of having cognitive deficits. It is available in multiple languages and has been validated across diverse populations, making it a versatile and reliable tool for cognitive assessment.



The GDS-15 [20] (Geriatric Depression Scale) is a scale used to detect symptoms of depression in older adults. This 15-item questionnaire simplifies the original 30-item scale while maintaining its effectiveness. Each item is answered with a simple yes or no, reflecting the respondent’s feelings over the past week. The total score ranges from 0 to 15, with higher scores indicating more severe depressive symptoms. A score of 5 or more typically suggests the presence of depression, warranting further evaluation. The GDS-15 is valued for its ease of use, quick administration time, and suitability for individuals with cognitive impairments, making it a widely used tool in both clinical and research settings to assess depression in the elderly.



Lawton & Brody’s Instrumental Activities of Daily Living [21] is a scale used to assess functional independence in activities of daily living in older adults. It assesses eight domains, namely, using the telephone, shopping, food preparation, housekeeping, laundry, transportation, medication management, and handling finances. Each activity is scored based on the level of assistance required, ranging from complete independence to complete dependence, with higher scores indicating greater independence. This scale is widely used in both clinical and research settings to assess the functional capabilities of elderly individuals, identify those in need of assistance, and plan appropriate interventions to support independent living.



The Clock Drawing Test (CDT [22]) is an assessment instrument utilised to measure visuospatial and executive abilities. A scoring scale is used that assigns a maximum of 2 points for the accuracy in drawing a clock dial; 4 points for the correct placement of numbered hour markers, and 4 points for the proper position of clock hands [23]. This scale allows for a detailed quantitative assessment of the individual’s ability to perform the task.



The DigiMoCA [16] is a cognitive impairment screening test powered by a conversational agent, which is based on the telephone version of the MoCA (T-MoCA). The DigiMoCA collects data of the following cognitive tasks using an intelligent conversational agent: letter mistakes, letter points, forward and backward number span, the number of correct subtractions (referred to as calculations), and the score obtained from subtraction tasks (referred to as subtractions), the number of F words spoken (referred to as F words), word punctuation, the variable first sentence and the variable second sentence (correct repetitions of sentences), transportation and measurement abstraction tasks, uncued recall, cued recall, choice recall, and orientation for month, year, week, organisation, and city. These tasks can be grouped as in the original T-MoCA test in five dimensions, namely, attention, language, abstraction, memory, and orientation. In this study, it was decided to analyse these dimensions using mean comparison tests. This eventually facilitated the consolidation of all the data collected by the DigiMoCA into factor groupings with stronger associations, thereby facilitating analysis.




2.3. Statistical Analysis


Statistical analyses were carried out using SPSS Statistics 24 software (International Business Machines, S.A., Madrid, Spain). Descriptive statistics were obtained for each of the sociodemographic variables included in the study, and also for the MoCA, CDT, and DigiMoCA scores. An analysis of variance (ANOVA) was performed on the three tests’ scores to estimate the effect size through the   η 2   statistic. Descriptive statistics provided a clear and concise overview of the data, allowing for initial observations about the central tendencies and variability within each group. The ANOVA extended this analysis by testing for statistically significant differences between the means of the different groups and provided data to estimate the effect size.



A Kolmogorov normality analysis [24] was conducted to assess the suitability of the distributions of the variables under study. Non-parametric Kruskal–Wallis [25] and Mann–Whitney U [26] tests were performed to compare groups in the absence of normality and homogeneity of variances assumptions. The Kruskal–Wallis statistic was applied in scenarios involving three or more groups, while the Mann–Whitney U test was used for comparisons between two groups. The Kolmogorov–Smirnov normality analysis, Kruskal–Wallis, and Mann–Whitney U tests were deemed appropriate for this study due to the specific characteristics of the data and the research question addressed. The Kolmogorov–Smirnov test helped us to assess whether the distribution of the variables deviated from a normal distribution, ensuring the correct application of statistical methods. Given that our data did not meet the assumptions of normality and homogeneity of variances, non-parametric tests were necessary. The Kruskal–Wallis test was suitable for comparing more than two groups, as it evaluates whether there are statistically significant differences in the median scores across multiple independent groups without assuming a normal distribution. Similarly, the Mann–Whitney U test was considered appropriate for comparing groups and determining if their distributions differed significantly. These non-parametric tests are robust against violations of normality and provided reliable results for comparing group differences.



Principal Component Analysis (PCA [27]) was employed with the variables collected through the DigiMoCA. This method was utilised to reduce the dimensionality of the data and uncover underlying patterns among the variables of the digital test, facilitating subsequent correlation analyses. The variance explained by each component was examined, and a Scree plot was generated to visualise the optimal number of components to retain. A rotated component matrix was computed to identify relationships among variables and summarise the information into a more manageable set of principal components.



Finally, Spearman correlation analyses [28] were conducted between the original variables and the factors extracted from the PCA, providing a detailed insight into the relationships and associations observed in the dataset. Since PCA reduces the dimensionality of the dataset and identifies underlying factors, it was considered key to understand how these factors correlate with the original variables. Additionally, the Spearman correlation, being a non-parametric method, is robust to outliers and non-normal distributions, making it well suited for diverse data characteristics. This analysis provided valuable insights into the associations between the extracted factors and the original variables, revealing patterns and relationships that inform the interpretation of the PCA results and enhance the overall understanding of the dataset.



The confidence interval defined for the calculated statistics was 95% in all cases. Due to the exploratory nature of our study, the use of robust non-parametric methods, the focus on PCA, the sample size constraints, and the comprehensive analytical approach taken, a power analysis was omitted from this study and left for future research, where a power analysis can be appropriately integrated to confirm the observed patterns and relationships.





3. Results


Table 2, Table 3 and Table 4 present the mean values and standard deviations for each of the tests and variables assessed by means of the tests, and ANOVA’s η2 statistic to provide a measure of effect size. The most relevant differences are discussed and explained in the following paragraphs.



The obtained eta squared values and p-values indicate varying degrees of effect sizes and statistical significance for the MoCA, DigiMoCA, and CDT in relation to cognitive performance among the study groups. In the case of the MoCA, this suggests a very strong effect size, indicating that a significant portion of the variance in cognitive performance is explained by the MoCA scores. DigiMoCA’s η2 suggests a moderate effect size, showing that the DigiMoCA scores explain a reasonable, though smaller, portion of the variance in cognitive performance compared to the MoCA. For the CDT, it indicates a moderate to strong effect size. The p-values obtained suggest a robust association between test scores and the cognitive performance of participants. Overall, these results demonstrate that all three tests—the MoCA, DigiMoCA, and CDT—are significant predictors of cognitive performance, with the MoCA showing the strongest effect, followed by the CDT and then the DigiMoCA.



With respect to the MoCA dimensions, the η2 values suggest varying degrees of effect sizes, ranging from moderate (e.g., orientation or memory) to very strong in the case of attention.



In the case of the DigiMoCA, the larger effect sizes correspond to calculations and letter mistakes, while the effect sizes of the response time, words, transport, measure, day guess, month guess, year guess, and organisation are the smallest. These results further inspired us to conduct a factor analysis, as discussed below.



A Kruskal–Wallis analysis was performed among the groups, finding significant differences (p < 0.025) among all groups on the DigiMoCA’s global score; MoCA’s visuospatial, identification, attention, language, abstraction, memory, and orientation; DigiMoCA’s forward numbers, letter mistakes, second sentence, and uncued recalls; and finally, clock drawing. No differences were found in the time responses among groups.



A Mann–Whitney U analysis was also carried out for each combination between groups:




	D+/MCI+ vs. D−/MCI+ 

	
presented differences in MoCA’s memory and orientation. Individuals with depressive symptoms and MCI displayed significantly poorer performances in memory and orientation compared to subjects without depressive symptoms but with MCI.




	D+/MCI+ vs. D+/MCI− 

	
showed significant differences in various cognitive domains as assessed through the MoCA: visuospatial, identification, attention, memory, and orientation. Individuals with depressive symptoms and MCI exhibited poorer performances compared to those with MCI alone.




	D+/MCI− vs. D−/MCI+ 

	
differed significantly only in identification. Participants with depressive symptoms exhibited better performances compared to those without symptoms but with MCI.




	D+/MCI+ vs. D−/MCI− 

	
exhibited significant differences across multiple cognitive tasks, namely, the DigiMoCA’s forward numbers, letter mistakes, second sentence, uncued recalls; MoCA’s visuospatial, identification, attention, language, abstraction, and memory; clock drawing; and DigiMoCA’s attention and abstraction. The group of individuals with MCI and depressive symptoms exhibited poorer performances across all cognitive tasks, with a higher number of letter mistakes.




	D−/MCI+ vs. D−/MCI− 

	
displayed significant differences in various cognitive measures: MoCA’s visuospatial, identification, attention, language, and abstraction; clock drawing; and DigiMoCA’s orientation. Individuals in the MCI group exhibited poorer performances in all mentioned cognitive tasks compared to the healthy group.









In order to explore the correlations among all variables, a principal component analysis was conducted using the variables obtained from the DigiMoCA to categorise them into factors and gain a better understanding of their underlying structure. This approach enabled the identification of patterns and relationships among variables, thereby facilitating correlation analysis. Initially, the Kaiser–Meyer–Olkin (KMO) and Bartlett tests yielded a KMO mean of 0.604 (cf. Table A1, Appendix A). Upon the examination of the table of communalities (cf. Table A2, Appendix A), it was noted that the extraction of variables transport, day, and organization increased the KMO mean to 0.668, resulting in communalities exceeding 0.4 for the remaining variables.



Table A3 in Appendix A displays the distribution of the DigiMoCa variables into seven factors, which explain 73.7% of the total variance. In Figure 2, a Scree plot depicts the variables that determine the number of factors to retain in an exploratory factor analysis.



Finally, Varimax was used in the present study as the most common rotation technique in statistical analysis. Table A4 in Appendix A presents Varimax-rotated components exhibiting the relationship between the original variables and the components derived from the principal component analysis. Each number in the table reflects the loading of individual variables onto each component, resulting in seven distinct factors, namely, factor 1 (calculations, subtraction, words, and F words), factor 2 (letter mistakes, letters, second sentence, and week), factor 3 (mean response time, uncued recalls, first sentence), factor 4 (backward numbers, forward numbers, and month), factor 5 (choice recalls and measure), factor 6 (year), and factor 7 (city and cued recalls).



The Spearman correlation analysis was employed to assess the relationships among sociodemographic variables (i.e., age, gender, educational level, residency, marital status). Furthermore, associations between MoCA test scores and dimensions, as well as DigiMoCA factors with the GDS-15 scale, are highlighted, considering only values close to or exceeding 0.3 (cf. Table 5). No correlations greater than 0.3 were found for the sex variable.



	GDS-15 

	
correlates negatively with the CDT score, visuospatial, attention, language, overall MoCA score, memory, and factor 2. These negative correlations suggest that, as scores on the GDS-15 scale increase, indicating relevant depressive symptoms, scores on these cognitive measures tend to decrease. Furthermore, a significant positive correlation was observed between the GDS-15 and Lawton and Brody’s, indicating that as depressive symptoms increase, functional dependency also increases, as assessed using the Lawton and Brody scale.




	Response time 

	
correlates negatively with the CDT and MoCA and more strongly with the visuospatial, attention, language, abstraction, and memory MoCA dimensions, and positively with age. Additionally, it also correlates with the DigiMoCA’s global score and with the DigiMoCA’s factor 3. Overall, these correlations indicate that the cognitive task performance tends to decrease as the average response time increases, particularly in tasks related to visuospatial ability, attention, language, abstraction, and memory. Additionally, the CDT and MoCA total scores also exhibit negative correlations with the response time. On the other hand, as age increases, so do the execution times.




	Age 

	
correlates negatively with the CDT, total MoCA score, and all its dimensions: visuospatial, attention, language, identification, abstraction, memory, and orientation. Lawton and Brody’s scores correlate positively with age. Additionally, correlations were found with the DigiMoCA’s total score and its factors 2 and 3. As age increases, there is a tendency toward a cognitive and functional performance decline, as evidenced by negative correlations with various cognitive and functional measures. Additionally, positive correlations with age were found in the Lawton scale, indicating a higher level of functional dependence with increasing age. Similarly, correlations with the DigiMoCA and its factors suggest age-related decline in the cognitive assessment performance by means of the digital instrument.




	Educational level 

	
positively correlates with the CDT; MoCA’s visuospatial, identification, attention, language, and abstraction; Lawton and Brody’s score; MoCA’s total score; and DigiMoCA’s factor 2. A higher educational level is associated with better performance in the cognitive MoCA dimensions mentioned, and in factors 1 and 2 of the DigiMoCA. On the other hand, residence correlates negatively with factor 1 (r = −0.296, p = 0.025). This correlation suggests that individuals who live alone tend to have higher scores on factor 1 compared to those who live with others.








4. Discussion


The results obtained revealed significant differences among groups. These results are consistent with previous research, such as that of Meniert et al. [29], where it was found that patients with depressive symptoms showed significantly worse results compared to healthy controls in all neuropsychological tests included in their study (i.e., verbal fluency, processing speed, executive functioning, sustained attention, long- and short-term memory performance, visuospatial working memory, verbal working memory, and verbal fluency). Cognitive impairments are an important aspect of MDD [30,31], although not all subjects report the same differences, for example in attention or language [30].



Our data show that individuals with depressive symptoms exhibited differences in forward numbers, attention, and clock drawing performance compared with the healthy control group, evidencing the progressive loss of cognitive faculties measured through the MoCA when comparing these two groups. The most affected dimensions are visuospatial skills, memory, attention, and language; however, only significant differences in attention were found. Language (p = 0.053) and visuospatial skills/EF (p = 0.054) have significance values close to 0.05. On the other hand, the CDT used to assess executive and visuospatial ability showed a significant differentiation between both groups, demonstrating worse performances for people with depressive symptoms [32].



We can find in the literature studies that demonstrate that MDD is reliably associated with poor performances on neuropsychological measures of executive function, with effect sizes ranging from 0.32 to 0.97 [33,34]. In fact, it can be argued that difficulties in executive functioning and visuospatial memory are the best predictors of depression in the elderly [35]. Our study evidences poorer performances as depressive and MCI symptomatology increases, with a notable decrease in all domains of cognitive performance compared to the other groups. In fact, the correlation values obtained confirm identifying patterns between depressive symptomatology and cognitive variables, thus indicating that relevant depressive symptoms imply poorer performances in visuospatial skills, including the CDT, attention, language, memory, and DigiMoCA’s factor 2, which include letter mistakes, letters, second sentence, and week guessing [36].



The group of people with depressive symptoms only did not show significant differences compared to those with MCI, except for the identification variable, where the former had a better performance.



In addition, the results obtained indicate that individuals with DS and MCI show significantly poorer performances in memory and orientation compared to those without depressive symptoms exhibiting mild cognitive impairment. The onset of depressive symptoms aggravates deficits in memory and orientation in people with MCI, as some studies have previously suggested [3,37,38,39,40]. On the other hand, when the D+/MCI+ and D+/MCI− groups were compared, significantly poorer performances in visuospatial skills, identification, attention, memory, and orientation were observed in individuals with depressive symptoms and MCI with respect to those with depressive symptoms (D+ MCI−). This suggests that the presence of MCI aggravated cognitive deficits in multiple areas, such as executive/visuospatial skills, attention, and identification [41].



When comparing the group of healthy individuals with those with DS and MCI, significant differences were observed in all cognitive tasks, as expected, in favour of the group of healthy individuals. It is important to note that the DigiMoCA only reveals differences in total scores and in attention and abstraction. On the other hand, when comparing the group of healthy individuals with those who only have MCI, the number of significant variables is reduced, highlighting the executive functions, identification, attention, language, and abstraction provided by the MoCA, as well as the orientation variable of the DigiMoCA (i.e., questioning the subject about the year in which the session occurred). This was attributed to discrepancies in the collection of results from the digital assessment method, which experienced capture problems in this specific variable (i.e., the average value was equal to zero in the year variable between both groups). These capture problems were due to a technical bug in the smart speaker’s code when providing the outcomes of this specific question in the DigiMoCA.



The means of the most relevant variables concerning the DigiMoCA can be observed in Table 4. Regarding completion times, a trend can be observed indicating that subjects with MCI tend to require more time compared to those without cognitive problems, or only with depressive symptoms. Despite this, no significant differences were observed in the means between groups. In some studies, patients with depression had a slower processing speed compared to the control group [33].



It can also be pointed out that the data obtained in this research evidence significantly negative correlations between completion times, the CDT and MoCA performances, especially in its visuospatial dimensions, attention, language, abstraction and memory. The slowing-down process associated with age is also highlighted, reflected in the increase in the average completion time [42,43].



Finally, age is negatively correlated with the CDT and MoCA and all its dimensions (i.e., visuospatial/executive functions, attention, language, identification, abstraction, memory, and orientation), and the educational level is positively correlated with these same cognitive variables, indicating better cognitive performances in these tasks as age advances, in the case of subjects with more education and a worse performance.



This study, while providing valuable insights into the cognitive impacts of depressive symptoms and MCI, has several limitations that need to be acknowledged. The sample size of 73 participants, with a subsample of 57 for the DigiMoCA assessment, is relatively small, potentially limiting the generalisability of the findings to broader populations. While our study provides valuable preliminary insights, the sample size means that findings should be interpreted with caution, and further research with larger samples will be necessary to validate and expand upon our conclusions.



The use of self-report measures, such as the GDS-15 and the Lawton and Brody scale, introduces the possibility of response bias, where participants may under-report or over-report their symptoms and functional abilities. Additionally, the cross-sectional design of this study precludes any causal inferences regarding the relationship between depressive symptoms, MCI, and cognitive performance. Furthermore, the multiplicity of analyses conducted increases the risk of type I errors, where significant findings could occur by chance. Despite these limitations, the overall findings remain robust and provide meaningful contributions to our understanding of the complex interplay between mental health and cognitive functioning and the use of state-of-the-art digital screening instruments. The patterns observed in the data are consistent with the existing literature, and the associations identified offer valuable directions for future research.



Thus, while the present study followed the design of a pilot study, it remains highly relevant and valuable for advancing our understanding of the interplay among depressive symptoms, MCI, and cognitive performance. As a preliminary investigation, this study provides important foundational data and highlights key areas of cognitive impairment associated with depressive symptoms and MCI, offering relevant insights for future research. Despite its limitations, including a relatively small sample size, the findings contribute to the growing body of the literature by identifying significant cognitive deficits in this population. Moreover, the innovative use of the DigiMoCA demonstrates the potential for digital tools to enhance cognitive assessment, paving the way for more comprehensive and nuanced evaluations in larger-scale studies. Consequently, this pilot study could serve as an important step toward more extensive research, emphasising the need for continued exploration in this field to develop targeted interventions and improve the overall well-being of older adults with depressive symptoms and cognitive impairments.




5. Conclusions


Our findings suggest that the DigiMoCA provides a more detailed assessment of cognitive performance across various domains, including attention, memory, executive function, visuospatial skills, and language. Notably, individuals who participated in this study with depressive symptoms showed significant impairments in tasks such as forward numbers, attention, and clock drawing compared to the healthy control group. Furthermore, a progressive decline in cognitive abilities was observed with increasing levels of depressive symptoms and MCI, affecting all cognitive domains assessed.



The results indicate that depressive symptoms are associated with poorer performances in visuospatial skills, attention, language, and memory. Importantly, individuals with both depressive symptoms and MCI demonstrated significantly worse performances in memory and orientation than those with only MCI, and also showed poorer performances in visuospatial skills, identification, attention, and memory compared to those with only depressive symptoms.



These findings suggest that the DigiMoCA is a useful tool for uncovering nuanced cognitive deficits linked to depressive symptoms and MCI that the original MoCA might not detect. In any case, this study highlights the importance of integrating advanced digital tools in cognitive assessment to facilitate the early identification of cognitive and depressive conditions and to inspire the development of more effective, personalised interventions. To sum up, there is initial evidence that the DigiMoCA may contribute to enhancing our understanding of the complex interplay between depression and cognitive decline, providing a comprehensive approach to cognitive assessment.
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Appendix A. Additional Tables


This Appendix contains several tables that provide additional detailed information regarding the principal component analysis (PCA) conducted in this study. Table A1 presents the results of the Kaiser–Meyer–Olkin (KMO) test and Barlett’s sphericity test conducted after the extraction of principal components. These tests assess the adequacy of the data for the PCA, with the KMO test indicating the sampling adequacy of the variables and Barlett’s test evaluating whether the correlation matrix is significantly different from an identity matrix. Table A2 displays the communalities in the DigiMoCA obtained from the PCA, indicating the proportion of variance in each variable explained through the extracted factors. Table A3 presents the total explained variance from the distribution of the DigiMoCA variables into seven factors, providing insights into the cumulative proportion of variance accounted for by each factor. Lastly, Table A4 presents the rotated component matrix, offering a comprehensive summary of the relationships among variables and factors after rotation, facilitating the interpretation of the underlying structure of the data obtained from the PCA. These tables complement the main findings of the study by providing a deeper understanding of the PCA results and the underlying structure of the DigiMoCA assessment.





 





Table A1. Kaiser–Meyer–Olkin and Barlett’s sphericity tests after extraction.






Table A1. Kaiser–Meyer–Olkin and Barlett’s sphericity tests after extraction.





	
KMO’s

	
Sampling adequacy index

	
0.668




	
Barlett’s

	
Chi-square (approx.)

	
566.418




	
gl

	
171




	
p

	
<0.001











 





Table A2. Communalities in DigiMoCA obtained from principal component analysis.
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	Initial
	After Extr.





	Forward number span
	1.000
	0.641



	Backward number span
	1.000
	0.786



	Letter mistakes
	1.000
	0.765



	Letter
	1.000
	0.573



	Calculations
	1.000
	0.928



	Substractions
	1.000
	0.902



	First sentence
	1.000
	0.713



	Second sentence
	1.000
	0.721



	F words
	1.000
	0.756



	Words
	1.000
	0.680



	Uncued recalls
	1.000
	0.932



	Cued recalls
	1.000
	0.786



	Choice recalls
	1.000
	0.724



	Month
	1.000
	0.523



	Year
	1.000
	0.800



	Week
	1.000
	0.628



	City
	1.000
	0.670



	Response time
	1.000
	0.938



	Measure
	1.000
	0.544







Extraction method: principal component analysis.













 





Table A3. Total explained variance from the distribution of DigMoCA variables into seven factors.
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Initial Eigenvalues

	
SSL after Extraction

	
SSL after Rotation




	
C

	
Total

	
% Var

	
% C

	
Total

	
% Var

	
% C

	
Total

	
% Var

	
% C






	
1

	
5.312

	
27.959

	
27.959

	
5.312

	
27.959

	
27.959

	
3.141

	
16.530

	
16.530




	
2

	
1.953

	
10.280

	
38.239

	
1.953

	
10.280

	
38.239

	
2.695

	
14.182

	
30.713




	
3

	
1.696

	
8.925

	
47.165

	
1.696

	
8.925

	
47.165

	
2.287

	
12.037

	
42.750




	
4

	
1.475

	
7.763

	
54.928

	
1.475

	
7.763

	
54.928

	
1.811

	
9.534

	
52.284




	
5

	
1.374

	
7.230

	
62.157

	
1.374

	
7.230

	
62.157

	
1.403

	
7.386

	
59.670




	
6

	
1.179

	
6.203

	
68.361

	
1.179

	
6.203

	
68.361

	
1.379

	
7.260

	
66.930




	
7

	
1.019

	
5.365

	
73.726

	
1.019

	
5.365

	
73.726

	
1.291

	
6.796

	
73.726




	
8

	
0.930

	
4.893

	
78.619

	

	

	

	

	

	




	
9

	
0.743

	
3.908

	
82.527

	

	

	

	

	

	




	
10

	
0.705

	
3.710

	
86.237

	

	

	

	

	

	




	
11

	
0.585

	
3.080

	
89.317

	

	

	

	

	

	




	
12

	
0.528

	
2.777

	
92.093

	

	

	

	

	

	




	
13

	
0.391

	
2.055

	
94.149

	

	

	

	

	

	




	
14

	
0.335

	
1.765

	
95.913

	

	

	

	

	

	




	
15

	
0.300

	
1.581

	
97.495

	

	

	

	

	

	




	
16

	
0.237

	
1.245

	
98.740

	

	

	

	

	

	




	
17

	
0.170

	
0.894

	
99.633

	

	

	

	

	

	




	
18

	
0.052

	
0.276

	
99.909

	

	

	

	

	

	




	
19

	
0.017

	
0.091

	
100.000

	

	

	

	

	

	








Extraction method: principal component analysis. SSL = sum of squared loadings; C = component; % Var = % variance; % C = % cumulative.













 





Table A4. Rotated component matrix.






Table A4. Rotated component matrix.





	
Variable

	
Component




	
1

	
2

	
3

	
4

	
5

	
6

	
7






	
Calculations

	
0.939

	

	

	

	

	

	




	
Substractions

	
0.916

	

	

	

	

	

	




	
Words

	
0.642

	

	

	

	

	

	




	
F words

	
0.600

	

	

	

	

	

	




	
Letter mistakes

	

	
−0.723

	

	

	

	

	




	
Letter

	

	
0.711

	

	

	

	

	




	
Second sentence

	

	
0.666

	

	

	

	

	




	
Week

	

	
0.630

	

	

	

	

	




	
Response time mean

	

	

	
−0.925

	

	

	

	




	
Uncued recalls

	

	

	
0.900

	

	

	

	




	
First sentence

	

	

	
0.447

	

	

	

	




	
Backward numbers

	

	

	

	
0.856

	

	

	




	
Forward numbers

	

	

	

	
0.617

	

	

	




	
Month

	

	

	

	
0.569

	

	

	




	
Choice recalls

	

	

	

	

	
0.771

	

	




	
Measure

	

	

	

	

	
−0.657

	

	




	
Year

	

	

	

	

	

	
0.869

	




	
City

	

	

	

	

	

	

	
0.760




	
Cued recalls

	

	

	

	

	

	

	
−0.622








Extraction method: principal component analysis. Rotation method: Varimax with Kaiser normalization. Rotation converged in nine iterations.
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Figure 1. Study protocol. Participants were recruited from daycare centers in the Vigo area, NW Spain. All sessions took place in their respective care centers. 
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Figure 2. Scree plot depicted to identify the variables that determine the number of factors to retain in an exploratory factor analysis. 






Figure 2. Scree plot depicted to identify the variables that determine the number of factors to retain in an exploratory factor analysis.



[image: Applsci 14 05073 g002]







 





Table 1. Participants’ sociodemographic characteristics.
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D+MCI+

	
D+MCI−

	
D−MCI+

	
Healthy

	
n = 73




	

	

	
n = 21

	
n = 10

	
n = 13

	
n = 29






	
Educational level

	
<12

	
95.2% (20)

	
80% (8)

	
69.2% (9)

	
44.8% (13)

	
50




	

	
>12

	
4.8% (1)

	
20% (2)

	
30.8% (4)

	
55.2% (16)

	
23




	
Household

	
LA

	
33.3% (7)

	
20% (2)

	
15.4% (2)

	
31% (9)

	
20




	

	
LWO

	
66.7% (14)

	
80% (8)

	
84.6% (11)

	
69% (20)

	
53




	
Marital status

	
Married

	
23.8% (5)

	
50% (5)

	
46.2% (6)

	
44.8% (13)

	
29




	

	
Single

	
14.3% (3)

	
–

	
–

	
6.9% (2)

	
5




	

	
Widowed

	
61.9% (13)

	
50% (5)

	
46.2% (6)

	
27.6% (8)

	
32




	

	
Divorced

	
–

	
–

	
7.7% (1)

	
20.7% (6)

	
7




	
Sex

	
Male

	
28.6% (6)

	
30% (3)

	
46.2% (6)

	
24% (7)

	
22




	

	
Female

	
71.4% (15)

	
70% (7)

	
53% (7)

	
75.9% (22)

	
51




	
Age (Mean)

	
75.78 ± 9.2

	
81.90 ± 9.1

	
74.00 ± 8.1

	
76.46 ± 9.2

	
71.66 ± 7.3

	
75.78 ± 9.2








LA: living alone. LWO: living with others.













 





Table 2. Means and standard deviations of tests by classification group.
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	D+MCI+
	D+MCI−
	D−MCI+
	Healthy
	    η 2    





	MoCA
	(21) 13.0 ± 4.7
	(10) 21.4 ± 5.0
	(13) 16.3 ± 3.7
	(29) 24.0 ± 3.5
	0.514, p < 0.001



	DigiMoCA
	(15) 7.20 ± 3.8
	(9) 9.40 ± 4.5
	(10) 8.20 ± 3.2
	(23) 11.1 ± 3.7
	0.164, p = 0.022



	CDT
	(19) 5.80 ± 2.5
	(10) 7.20 ± 2.8
	(11) 5.70 ± 2.9
	(29) 12.2 ± 16.7
	0.262, p = 0.001







(Number of subjects) Mean ± Std. Dev.; CDT: clock drawing test.













 





Table 3. Means and standard deviations for each cognitive group in the MoCA test by classification group.
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D+MCI+

	
D+MCI−

	
D−MCI+

	
Healthy

	
    η 2    




	

	
n = 21

	
n = 10

	
n = 13

	
n = 29






	
Total score (0–30)

	
13.0 ± 4.7

	
21.4 ± 5.0

	
16.3 ± 3.7

	
24.0 ± 3.5

	
0.514, p < 0.001




	
Attention

	
2.38 ± 1.4

	
4.30 ± 1.3

	
3.00 ± 1.7

	
5.21 ± 1.1

	
0.503, p < 0.001




	
Language

	
0.81 ± 0.9

	
1.80 ± 0.8

	
1.38 ± 0.8

	
2.34 ± 0.8

	
0.345, p < 0.001




	
Abstraction

	
0.71 ± 0.8

	
1.50 ± 0.5

	
1.08 ± 0.6

	
1.52 ± 0.6

	
0.217, p = 0.004




	
Orientation

	
4.14 ± 1.6

	
5.70 ± 0.7

	
5.08 ± 1.6

	
5.79 ± 0.4

	
0.175, p = 0.016




	
Memory

	
0.38 ± 0.7

	
1.60 ± 1.4

	
1.15 ± 1.0

	
2.14 ± 1.6

	
0.199, p = 0.008




	
VE/Executive

	
1.24 ± 1.4

	
2.80 ± 1.5

	
1.85 ± 1.3

	
3.76 ± 1.4

	
0.288, p < 0.001




	
Identification

	
2.24 ± 0.8

	
2.80 ± 0.5

	
2.15 ± 0.7

	
2.90 ± 0.4

	
0.201, p = 0.007








VE: Visuospatial.













 





Table 4. Means and standard deviations for each cognitive group in the DigiMoCA test by classification group.
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D+MCI+

	
D+MCI−

	
D−MCI+

	
Healthy

	
    η 2    




	

	
n = 15

	
n = 9

	
n = 10

	
n = 23






	
Total score (0–22)

	
7.20 ± 3.8

	
9.40 ± 4.5

	
8.20 ± 3.2

	
11.1 ± 3.8

	
0.164, p = 0.022




	
Response time

	
1.29 ± 0.2

	
1.02 ± 1.4

	
5.70 ± 3.0

	
1.04 ± 0.1

	
<0.001, p = 0.109




	
Attention

	
2.20 ± 1.1

	
2.56 ± 1.4

	
3.10 ± 1.3

	
3.39 ± 1.5

	
0.127, p = 0.064




	
Language

	
1.07 ± 1.2

	
1.89 ± 1.1

	
1.30 ± 0.8

	
1.78 ± 0.8

	
0.118, p = 0.082




	
Abstraction

	
0.20 ± 0.4

	
0.22 ± 0.4

	
0.50 ± 0.7

	
0.65 ± 0.7

	
0.107, p = 0.108




	
Orientation

	
2.47 ± 1.3

	
2.33 ± 1.1

	
2.10 ± 0.9

	
3.04 ± 1.1

	
0.105, p = 0.115




	
Uncued recalls

	
0.33 ± 0.9

	
1.67 ± 2.1

	
0.60 ± 1.4

	
1.78 ± 1.9

	
0.152, p = 0.032




	
Cued recalls

	
0.80 ± 1.1

	
1.67 ± 1.6

	
1.40 ± 1.5

	
1.39 ± 1.2

	
0.055, p = 0.390




	
Choice recalls

	
1.47 ± 1.3

	
1.11 ± 0.6

	
0.80 ± 0.6

	
1.43 ± 1.3

	
0.051, p = 0.425




	
Forw