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Abstract
Background: Quality of life (QOL) is a complex concept known for being influenced by socio-demographic
characteristics, individual needs, perceptions and expectations. The study investigates influences of such
heterogeneous variables and aims to identify and describe subgroups of older patients who share similar
response patterns for the four domains (physical health, psychological health, social relationships and
environment) of World Health Organization Quality of Life instrument, Short Form (WHOQOL-BREF).

Methods: The sample used included older Romanian patients (N = 60; equal numbers of men and
women; mean age was 71.95, SD=5.98). Latent Profile Analysis (LPA) was conducted to explore quality
of life profiles with the four WHOQOL-BREF domains as input variables. Differences between profiles
were analysed by MANOVA and ANOVAs as a follow-up.

Results: The LPA results showed that the three-profile model was the most suitable and supported the
existence of three distinct QOL profiles: low and very low (28.3%), moderate (63.3%) and high (8.4%). The
relative entropy value was high (.86), results pointed to a good profile solution and the three profiles
differed significantly from one another.

Conclusions: Our results reveal heterogeneity within the older adult sample and provide meaningful
information to better tailor QOL improvement programs to the needs of older patient groups, especially
those designed for patients of profiles related to poorer QOL in different domains.

Background
Quality of Life (QOL) is a complex concept, approached in various disciplines that is interpreted and
defined in several ways. Assessment of the quality of life is an important goal in medical and health
research and involves a variety of target groups and research models. Many instruments have been
developed for QOL assessment [1, 2, 3].

Among the countless tools developed for QOL assessment, WHOQOL-BREF is one of the best-known
generic questionnaires. WHOQOL-BREF includes 26 items (questions), 24 of these items are divided in
one of four domains: physical health (seven items), psychological health (six items), social relationships
(three items), and environmental health (eight items). Two items assess the perception of overall quality
of life and general health [4, 5].

The WHOQOL-BREF has been evaluated and applied in various countries, in different contexts and to
general or specific populations [6, 7, 8, 9, 10]. At international level, numerous initiatives have been taken
on aging that support the importance of quality of life of older people in particular. There are a limited
number of studies in scientific publications using WHOQOL-BREF to measure the QOL among older
people [11, 12, 13, 14, 15]. There are no published WHOQOL-BREF studies on samples of Romanian
participants therefore there are no comparable data bases for data analysis.
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Most studies in the field of QOL have tested the psychometric properties of the questionnaire and used
variable-centred approaches (e.g., regression analysis, confirmatory factor analysis). These analyses are
based on the relationships between variables and consider the studied samples as homogeneous,
without considering the possibility that these relationships may differ in subgroups of participants.

An alternative approach is the person-centred approach that pays attention to the heterogeneity of
individual response patterns and defines unique subgroups in a sample. This is suitable for assigning
people into homogeneous subgroups and comparing quantitatively and qualitatively different subgroups
(“profiles” or “classes”). There are different data analysis strategies commonly used in person-centred
research, such as: Latent Class Analysis (LCA), Latent Profile Analysis (LPA) and Latent Transition
Analysis (LTA) [16]. These techniques have become popular and have been applied in psychology,
education, management, marketing, medical and health research.

Several studies have used person-centred approaches and different indicators to identify health profiles
of older people for various purposes [17, 18, 19]. In these studies, QOL profiles have not been directly
identified by using QOL variables. QOL was discussed in terms of classes or profiles, and researchers
examined the associations between QOL and identified classes.

A few studies have identified QOL classes using responses to QOL questionnaires grouping variables in
the general populations, community adults, students. For instance, DeMeyer et al. [20] and Buitenweg et
al. [21] used the Lancashire Quality of Life Profile (LQOLP) scale in a sample of opiate-dependent
individuals and a sample of older persons with severe mental health problems, respectively. In each of
these studies, the LCA identified three classes of QOL. Other studies used the 5-domain EuroQol
questionnaire (EQ-5D) to examine the heterogeneity in lung cancer population [22] and in a sample of
older adults [23]. The LCA identified three classes and four classes, respectively. In another QOL profile
study, Kelly et al. [24] used EUROHIS-QOL-8-item index in a population of people seeking treatment for
substance dependence. The latent classes identified through LCA were: low, moderate, and high QOL.

In a person-centred approach, the focus is on relationships among variables related to participants to
identify subgroups of individuals based on their response patterns to a set of variables. In the case of the
older people, there is heterogeneity in their health and quality of life. Due to the fact that elderly patients
have different socio-demographic characteristics, needs and perceptions regarding their health status,
their profiles are not necessarily equal [25]. The person-centred approach can identify the unobserved
heterogeneity in the older population and generate categories of older people.

Based on our review of previous research, the aim of this paper is to identify subgroups of older patients
in a medical unit in Romania who share similar response patterns to the four areas of WHOQOL-BREF.
Latent Profile Analysis (LPA) has been applied to study the heterogeneity of QOL among older people, as
a data analysis commonly used in person-centred research. To our knowledge, there have been no studies
that have used LPA on the WHOQOL-BREF to investigate quality of life in older individuals.
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The study was conducted in the European project vINCI [26]. The vINCI project developed a non-invasive
monitoring application for the older people, using sets of extensible technologies, smart devices, in order
to detect early symptoms of deficiencies associated with old age [26, 27, 28]. The design of the vINCI
application is based on the patient profile model which is the input to provide personalized healthcare.
The patient profile is used as evidence to assess the impact of the vINCI solution on perceived quality of
life, allowing for appropriate adjustment of caregiver support [27].

Person-centred analysis can be a useful approach for studying the quality of life of older people. Using
LPA we can separate older patients into subgroups based on their self-assessment on WHOQOL-BREF
domains which refer to quality of life. The identification of groups with distinct QOL profiles may be
beneficial to clinicians, as profile-based results can be interpreted with reference to categories of patients
and QOL data can be applied individually.

Methods

Participants
The target participants in this study were older individuals without major health problems. The patients
65 years of age and older admitted to the National Institute of Gerontology and Geriatrics “Ana Aslan”
(NIGG) on the geriatric ward, from January to July 2021, were considered for inclusion in the study and
then evaluated against exclusion.

The inclusion criteria were: age ≥ 65 years, signed Informed Consent, preserved basic functional
independence, adequate compliance with study protocol.

The exclusion criteria included: any acute medical condition; any surgery in the last three months; major
neurocognitive disorder; moderate and severe depression; existing disability (needs human help in one or
more basic activities of daily living); angina pectoris; uncontrolled high blood pressure; heart arrhythmias
that could interfere with functionality; any terminal illness; frailty syndrome; risk of falls; any condition
that might limit mobility (e.g. Parkinson disease, severe arthritis, stroke sequel); visual severe impairment.
Exclusion criteria were documented by patients’ records including medical examination, medical charts
and medical history.

The study included a total of 60 participants. They completed the WHOQOL-BREF questionnaire using the
smart tablet. All participants signed the informed consent and data was collected after the study protocol
was approved by Ethics Committee of NIGG. The study design and measurement protocol are described
elsewhere [26].

Measures
The QOL questionnaire was the Romanian version of the WHOQOL-BREF. There was a legal agreement
with the World Health Organization (WHO), which granted a license to use the Licensed Materials in
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accordance with their terms and conditions. All items are rated on a 5-point scale, with higher scores
indicating higher QOL.

The domain scores are the sum total score for each question within the domain, and finally, all the scores
were transformed in the range 0-100 according to WHOQOL-BREF guidelines [4]. We used the cut-off point
of 60 points to formulate the feedback and recommendations for the older patients. A total score of at
least 60 points identified patients with a good QOL and a score below 60 points pointed to poor QOL.
Socio-demographic variables collected in the study included gender, age, education level, marital status
and health status.

Data analysis
Latent Profile Analysis (LPA) was conducted to investigate the optimal number of latent profiles that
describe the patients’ perceptions for each of QOL domains. Models with one to four profiles were tested.
All analyses were conducted in Mplus 7.4 using robust maximum likelihood estimation [29]. Based on the
guidelines for fit indices in the literature [30, 31, 32], we used informational criteria (AIC, BIC and SABIC) in
which lower values indicated superior fit and likelihood-based tests (VLMR-LRT and BLRT) which
compared the fit between a k-profile solution with a k-1-profile solution. A non-significant value (p ≥ .05)
for a k-profile solution supported the k-1 profile solution.

To evaluate the classification accuracy, the relative entropy was reported, values ranging from 0.0 to 1.0
with higher value indicating greater accuracy. We examined the average posterior probability of profile
membership. Values ≥ .80 indicated a good profile solution.

Each solution was evaluated for its theoretical meaningfulness. To support the interpretation of the
chosen solution, z-scores with a mean 0 and standard deviation 1 were calculated and used. Differences
between profiles were analysed by multivariate analysis of variance (MANOVA) and ANOVAs as a follow-
up.

Results

Descriptive statistics
The sample consisted of 60 participants with a mean age of 71.9 (SD = ± 5.98; range of 65–85) years.
The sample included equal numbers of men and women. The majority had primary and secondary
education (73.3%) and more than half (61.7%) of the participants were married (Table 1).
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Table 1
Sample characteristics (N = 60)

Gender, n (%)

Male 30 (50.0)

Female 30 (50.0)

Age

Mean (SD) 71.95 (5.98)

Range, n (%)  

65–70 years 31 (51.7)

71–85 years 29 (48.3)

Marital status, n (%)  

Married 37 (61.7)

Single/ Separated/ Widowed 23 (38.3)

Education, n (%)  

Primary/ Secondary school 44 (73.3)

Tertiary/ Higher education 16 (26.7)

Health status, n (%)  

Healthy 17 (28.3)

Unhealthy 43 (71.7)

The descriptive statistics and correlations of the grouping variables used are presented in Table 2. The
mean values were similar for four grouping variables (Physical - PHY, Psychological - PSY, Social - SOC,
Environmental - ENV), with environment domain (ENV) having the highest mean. Regarding correlations
between the grouping variables, we found that there were positive and high correlation between PHY and
PSY, between PSY and SOC, and moderate correlations in other cases.
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Table 2
Descriptive statistics and correlations

Variables M SD PHY PSY SOC

PHY 64.40 18.90 1    

PSY 75.28 12.19 .66** 1  

SOC 72.64 11.60 .39** .50** 1

ENV 78.59 10.84 .43** .45** .37**

M, Mean; SD, Standard Deviation; PHY, Physical; PSY, Psychological; SOC, Social

** Correlation considered significant at the 0.01 level (2-tailed).

 

Latent Profile Analysis (LPA)
LPA was performed with the four domains as input variables (Physical - PHY, Psychological - PSY, Social -
SOC, Environmental - ENV). Models with one to four profiles were tested. Model selection was based on
examination of the currently most recommended statistical model fit criteria. The optimum model
selected included the solution with three-latent profiles.

As shown in Table 3, the AIC and SABIC information criteria did not suggest a specific solution. AIC and
SABIC continued to improve (decreased) for each alternative model. Indeed, the BIC information criterion
suggested that the optimum solution is the model with three latent profiles. The graphical representation
"elbow plot" (Fig. 1) showed that the BIC continued to improve (decreased) up to three profiles model, and
then deteriorated (increased) in the four profiles model.

Table 3
Comparison of fit indices between models

  AIC BIC SABIC Entropy VLMR-LRT

p-value

BLRT

p-value

1 1,929.92 1,946.67 1,921.51 1.000 - -

2 1,891.75 1,918.98 1,878.09 0.774 0.023 0.00

3 1,876.10 1,913.79 1,857.18 0.864 0.075 0.00

4 1,872.04 1,920.21 1,847.87 0.915 0.250 0.14

 

The relative entropy value was high (.86), and dropped within the recommended value (> .80). The mean
posterior probabilities that respondents belonged to latent profile to which they were assigned, were very
high (.91, .96, and .94).
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The VLMR-LRT values remained significant (p < .05) up to two-profile model and then became non-
significant (Table 3). These values indicated a two-profile solution. The BLRT value remained significant
(p < .05) up to three-profile model and then became non-significant for the four-profile model (p = .14).
Adding a fourth profile produced no significant improvement. BLRT indicated that the optimum solution
was with three latent profiles. As suggested in the literature [31, 33] the best indices to be considered were
BLRT and BIC. Taking into account results obtained, we chose the solution with three profiles.

Therefore, the profiles were distinct. In each of the three profiles there were enough respondents (17, 38,
and 5, respectively) and the percentage of respondents in each profile was more than 5% (28.3%, 63.3%,
and 8.4%, respectively).

Assigning the name for latent profiles was based on pattern of probability response to items of each
latent profile and comparison of average values of grouping variables for each latent profile (Fig. 2).

Results from the three-profile solution withheld were shown in Fig. 3. With this solution, profiles appeared
differentiated in terms of levels.

The first profile consisted of 28,3% (17 patients) and was characterized by low and very low values for all
four domains. All values were lower or much lower than the mean of the whole sample for each of the
domains considered. Patients reported a very low degree of QOL in the Physical (PHY) and Psychological
(PSY) domains. Also, patients reported a low degree of QOL in the Social (SOC) and Environment (ENV)
domains. On the whole, members of this profile had perceptions about their low/ very low QOL. We called
this profile "Low and very low QOL".

The second profile was the largest and described 63.3% (38 patients) of the sample. It was characterized
by values close to the mean values for all four domains. Overall, members of this profile had perceptions
about moderate QOL for each of the domains considered. We called this profile "Moderate QOL".

The third profile was the smallest, corresponding to 8.4% (5 patients) of the sample, and included
patients with a very high level of QOL. On the whole, members of this profile had perceptions about their
high QOL. We called this profile "High QOL".

MANOVA results showed significant differences among the three profiles regarding all QOL domains
(Wilks`s Lambda = .168, F (8,108) = 19.47, p < .001; partial eta squared η2 = .591). The multivariate effect
size was large, namely 59.1% of the variance explained by the profile membership. The ANOVAs were all
significant: F(2,57) = 47.59, p < .001, η2 = .625; F(2,57) = 33.66, p < .001, η2 = .542; F(2,57) = 19.17, p < .001,
η2 = .402; F(2,57) = 20.71, p < .001, η2 = .421. The final profile solution accounted for 62.5%, 54.2%, 40.2%,
and 42.1% of the variance in each domain. The three profiles differed significantly from one another.

Discussion
The current study used a person-centred approach (i.e., Latent Profile Analysis) to identify subgroups
within a sample of older patients having a common profile with regard to WHOQOL-BREF domains. For
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this Romanian sample findings of the study support the existence of three distinct QOL profiles: low and
very low, moderate, and high QOL.

The largest group was characterized by moderate scores across all four QOL domains. This moderate
QOL profile included an equal number of men and women, aged between 65 and 70 years, married, with
secondary education and health problems.

The second largest group was the low and very low QOL profile having the lowest scores across all
domains. Individuals of this profile had major problems with physical pain, were dependent on
medication, with low energy and mobility, also had problems with daily activities. They had negative
feelings and problems regarding concentrating and meaningfulness of life. Patients of this profile had
problems with social relationships and perceptions about their poor environment. This group included
women, aged between 71 and 85 years, married, with secondary education and serious health problems.

Individuals of the smallest group reported a very high degree of QOL for each of the domains considered.
This high QOL profile included men, aged between 65 and 70 years, married, with higher education and
healthy.

In the current study, findings indicated that the low and very low QOL profile groups had a significantly
higher proportion of females than males. This suggests a potential need to tailor interventions according
to gender differences.

The present study has been an important contribution. Findings reveal heterogeneity within older people
sample suggesting necessity for developing quality of life improvement plans tailored for various groups
of older individuals. Also, to our knowledge, the current study has been one of the first attempts to apply a
person-centred approach (i.e., LPA) to understand QOL among older individuals and to explore the
variability in QOL profiles among older patients.

There are several advantages of this approach. First, it can identify specific combinations of QOL
domains that are optimal or suboptimal among older patients. Second, it analyses, describes the nature
and prevalence of profiles (groups) and provides profile membership information for targeted
interventions, especially those designed for patients of profiles related to poorer QOL in different
domains. Describing QOL profiles of older patients provides helpful information concerning care that
satisfies patients’ needs. Finally, research findings regarding QOL profiles can be interpreted with
reference to groups of patients (who are grouped based on their similar responses/ attributes). Hence,
identification of groups with distinct QOL profiles may be useful for integration of QOL data with data of
clinical individual cases.

However, there are inherent limitations of this research. First, our sample was small to assess whether
and how QOL profiles differ across different socio-demographic characteristics. We suggest future
studies with larger samples to apply a person-centred approach. Second, while this study has been
conducted with methodological rigour, the findings should be interpreted with caution. Third, the study
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looked at older patients in a single country (Romania). Replications are needed to further verify the QOL
profiles in Romania and to assess whether similar groupings apply to other countries.

Despite limitations, findings of this study have several theoretical and practical implications. A person-
centred approach (i.e., LPA) generates typologies of patients and uncovers unobserved heterogeneity of
the older population.

Conclusions
This study has been a notable contribution to awareness on QOL among older patients. Findings of our
study support the existence of three distinct profiles of QOL among older patients and provide a better
understanding of the heterogeneity of QOL. A profile-based perspective is a more intuitive way for
patients/ caregivers/ doctors to understanding older patients` quality of life.

Abbreviations
AIC: Akaike information criteria; ANOVA: analysis of variance; BIC: Bayesian information criteria; BLRT:
Bootstrapped likelihood ratio test; ENV: environment domain; EQ-5D: EuroQol five dimensions
questionnaire; LCA: Latent Class Analysis; LPA: Latent Profile Analysis; MANOVA: multivariate analysis of
variance; PHY: physical domain; PSY: psychological domain; QOL: quality of life; SD: standard deviation;
SOC: social domain; SABIC: sample size adjusted Bayesian information criteria; WHO: World Health
Organization; VLMR-LRT: Vuong-Lo-Mendel-Rubin adjusted likelihood ratio test; WHOQOL-BREF: World
Health Organization Quality of Life questionnaire, Short Form.

Declarations
Ethics approval and consent to participate

Approval was obtained from the Research Ethics Committee of the National Institute of Gerontology and
Geriatrics ”Ana Aslan” Bucharest, with ethical approval number NIGG 11982 on 12 December 2018. The
procedures used in this study adhere to the tenets of the Declaration of Helsinki. Informed consent was
obtained from all individual participants included in the study.

Consent for publication

Not applicable.

Availability of data and materials

The dataset used and analysed during the current study is available from the corresponding author on
reasonable request.

Competing interests



Page 11/15

The authors declare that they have no competing interests.

Funding

This study was supported by the project PN-III AAL2017-63-vINCI - “Clinically validated INtegrated Support
for Assistive Care and Lifestyle Improvement: the Human Link” (funded by EU AAL 2017 Programme and
UEFISCDI Romania).

Authors’ contributions

LB and AB developed the research concept and were the main investigators. RD and GIP participated in
material preparation, data collection and discussion. Statistical analysis was performed by AB. The first
draft of the manuscript was written by LB and AB and all authors commented and provided critical
revisions on previous versions of the manuscript. All authors read and approved the final manuscript for
submission.

Acknowledgements

The authors would like to thank the networking support by the COST Action CA16226, ”SHELD-ON: Indoor
Living Space Improvement: Smart Habitat for the Elderly”.

References
1. Bulamu NB, Kaambwa B, Ratcliffe J. A systematic review of instruments for measuring outcomes in

economic evaluation with aged care. Health and Quality of Life Outcomes, 2015;13:179–200.

2. Fayers, PM, Machin D. Quality of Life: The assessment, analysis and interpretation of patient-
reported outcomes (3rd ed.), Hoboken, NJ: Wiley Blackwell, 2016.

3. Pequeno, N.P.F., Cabral, N.L., Marchioni, D.M. et al. Quality of life assessment instruments for adults:
a systematic review of population-based studies. Health and Quality of Life Outcomes, 2020;18,
Article number: 208.

4. WHOQOL Group. WHOQOL-BREF. Introduction, administration, scoring and generic version of the
assessment, Field Trial Version, World Health Organization, Geneva. 1996.

5. WHOQOL Group. Development of the World Health Organization WHOQOL-BREF quality of life
assessment, Psychological Medicine, 1998;28:551–558.

6. Skevington SM, Lotfy M, O'Connell KA. The World Health Organization's WHOQOL-BREF quality of
life assessment: psychometric properties and results of the international field trial. A report from the
WHOQOL group. Quality of Life Research, 2004;3(2):299–310.

7. Krägeloh CU, Kersten P, Billington DR et al. Validation of the WHOQOL-BREF quality of life
questionnaire for general use in New Zealand: Confirmatory factor analysis and Rasch analysis.
Quality of Life Research, 2013;2(6):1451–1457.



Page 12/15

8. Benitez-Borrego S, Guardia-Olmos J, Urzúa-Morales A. Factorial structural analysis of the Spanish
version of WHOQOL-BREF: an exploratory structural equation model study. Quality of Life Research,
2014;23(8):2205–2212.

9. Lin LC, Yao G. A review on the psychometric properties of the WHOQOL-BREF. Taiwan Journal of
Public Health, 2019;38(6), 590–603.

10. Kalfoss MH, Reidunsdatter RJ, Klöckner CA, Nilsen M. Validation of the WHOQOL-BREF:
psychometric properties and normative data for the Norwegian general population. Health and
Quality of Life Outcomes, 2021;19(1):1–12.

11. von Steinbüchel N, Lischetzke T, Gurny M, Eid M. Assessing quality of life in older people:
psychometric properties of the WHOQOL-BREF. European Journal of Ageing, 2006;3(2), 116–122.

12. Chachamovich E, Trentini C, Fleck M. Assessment of the psychometric performance of the WHOQOL-
BREF instrument in a sample of Brazilian older adults International Psychogeriatrics,
2007;19(4):635–646.

13. Kalfoss MH, Low G, Molzhan AE. The suitability of the WHOQOL-BREF for Canadian and Norwegian
older adults. European Journal of Ageing, 2008;5(1):77–89.

14. Cao W, Guo C, Ping W, Tan Z, Guo Y, Zheng J. A community-based study of quality of life and
depression among older adults. International Journal of Environmental Research and Public Health.
2016;13(7),693.

15. Goes M, Lopes M, Marôco J. et al. Psychometric properties of the WHOQOL-BREF (PT) in a sample of
elderly citizens. Health and Quality of Life Outcomes, 2021; 19, Article number: 146.

16. Wang J, Wang X. Structural equation modeling: Applications using Mplus. 2nd Ed., John Wiley &
Sons. 2020.

17. Ng CWL, Luo N, Heng BH. Health status profiles in community-dwelling elderly using self-reported
health indicators: a latent class analysis. Quality of Life Research, 2014;23(10), 2889–2898.

18. Van Montfort E, de Vries J, Arts R. et al. The relation between psychological profiles and quality of
life in patients with lung cancer. Supportive Care in Cancer, 2020;28(3):1359–1367.

19. Park KH, Yoo EY, Kim J, Hong I, Lee JS, Park JH. Applying Latent Profile Analysis to identify lifestyle
profiles and their association with loneliness and quality of life among community-dwelling middle-
and older-aged adults in South Korea. International Journal of Environmental Research and Public
Health, 2021;18(23):12374.

20. De Maeyer J, van Nieuwenhuizen C, Bongers IL et al. Profiles of quality of life in opiate-dependent
individuals after starting methadone treatment: a latent class analysis. International Journal of Drug
Policy, 2013;24(4):342–50.

21. Buitenweg DC, Bongers IL, van de Mheen D. et al. Subjectively different but objectively the same?
Three profiles of QoL in people with severe mental health problems. Quality of Life Research,
2018;27(11):2965–2974.

22. Kenzik KM, Martin MY, Fouad M, Pisu M. Health-related quality of life in lung cancer survivors: latent
class and latent transition analysis. Cancer, 2015;121(9):1520–1528.



Page 13/15

23. Choi EH, Kang MJ, Lee HJ, Yun MS. A latent class analysis of health-related quality of life in Korean
older adults. International Journal of Environmental Research and Public Health. 2021;18, 7874.

24. Kelly PJ, Robinson LD, Baker AL et al. Quality of life of individuals seeking treatment at specialist
non-government alcohol and other drug treatment services: A latent class analysis. Journal of
Substance Abuse Treatment, 2018;94:47–54.

25. Balog A, Băjenaru L, Cristescu I, Herghelegiu AM. Needs and preferences of elderly patients regarding
AAL systems: a Latent Profile Analysis. In 8-th edition International Conference on e-Health and
Bioengineering (EHB), pp. 1–4, IEEE. 2020.

26. Spinsante S, Poli A, Mongay Batalla J. et al. Clinically-validated technologies for assisted living. The
vINCI Project. Journal of Ambient Intelligence and Humanized Computing, 2021;
https://doi.org/10.1007/s12652-021-03419-y.

27. Băjenaru L, Marinescu IA, Dobre C, Drăghici R, Herghelegiu AM, Rusu A. Identifying the needs of older
people for personalized assistive solutions in Romanian healthcare system. Studies in Informatics
and Control, 2020;29(3):363–372.

28. Dobre C, Băjenaru L, Marinescu IA, Tomescu M, Prada GI, Spinsante S. New opportunities for older
adults care transition from traditional to personalised assistive care: vINCI platform. In 2021 23rd
International Conference on Control Systems and Computer Science (CSCS), IEEE 2021:515–520.

29. Muthén LK, Muthén BO. Mplus user’s guide. Los Angeles: Muthén & Muthén. 2012

30. Ferguson SL, Moore EW, Hull DM. Finding latent groups in observed data: A primer on latent profile
analysis in Mplus for applied researchers. International Journal of Behavioral Development,
2020;44(5), 458–468.

31. Nylund KL, Asparouhov T, Muthén B. Deciding on the number of classes in latent class analysis and
growth mixture modeling. A Monte Carlo simulation study. Structural Equation Modeling,
2007;14(4):535–569.

32. Nylund-Gibson K, Choi AY. Ten frequently asked questions about latent class analysis. Translational
Issues in Psychological Science, 2018;4(4):440–461.

33. Tein J, Coxe S,Cham H. Statistical power to detect the correct number of classes in latent profile
analysis. Structural Equation Modeling, 2013;20:640–657.

Figures



Page 14/15

Figure 1

Comparison of the information criteria

Figure 2
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Mean comparison within the profiles

Figure 3

Graphical representation of profiles based on four domains WHOQOL-BREF


