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Abstract (250 words):

Objectives: The overall aim of the present study was to explore the role of Cognitive Reserve (CR) in the conversion from Mild Cognitive Impairment (MCI) to dementia. We used traditional and Machine Learning (ML) techniques to compare converter and non-converter participants. We also discuss the predictive value of CR proxies in relation to the ML model performance. Methods:  In total, 169 participants completed the longitudinal study. Participants were divided into a control group and three MCI subgroups, according to the Petersen criteria for diagnosis. Information about the participants was compared using 9 ML classification techniques. Seven relevant performance metrics were computed in order to evaluate the accuracy of prediction regarding converter and non-converter participants. Results: ML algorithms applied to socio-demographic, basic health and CR proxy data enabled prediction of conversion to dementia. The best performing models were the Gradient Boosting Classifier (ACC= 0.93; F1=0.86 and Cohen’s kappa=0.82) and Random Forest Classifier (ACC= 0.92; F1=0.79 and Cohen’s kappa=0.71). Use of ML techniques corroborated the protective role of CR as a mediator of conversion to dementia, whereby participants with more years of education and higher vocabulary scores survived longer without developing dementia. Conclusions: We used ML approaches to explore the role of CR in conversion from MCI to dementia. The findings indicate the potential value of ML algorithms for detecting risk of conversion to dementia in cognitive aging and CR studies. Further research is required to develop an ML-based procedure that can be used to make robust predictions.
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(3-10 words). 

Key-points: (4 key-points):
- Machine learning models using cognitive reserve proxies as predictors yielded high predictive values regarding the risk of conversion to dementia. 
- The Gradient Boosting Classifier predicted conversion to dementia with an accuracy of 0.93 and a precision of 0.88.
- The Random Forest Classifier predicted conversion to dementia with an accuracy of 0.92 and a precision of 0.86.
- The six most important predictors using both algorithms were months from baseline, age, diagnostic group, WAIS and Peabody vocabulary scores and number of years of education. 



Introduction

Mild cognitive impairment (MCI) is a condition characterised by cognitive impairment with minimal impairment of instrumental activities of daily living. MCI is considered a cognitive stage of the cognitive continuum traditionally divided into three categories: cognitively unimpaired (CU), MCI and dementia 1. Although MCI sufferers have an increased risk of progressing to dementia than their age-matched controls, most remain stable or return to normality, and only a proportion convert to dementia 2–4. Prediction of the risk of MCI individuals converting to AD and identification of how demographic, clinical and lifestyle characteristics influence this risk are increasingly relevant in relation to the prevention of cognitive impairment. 
Years of schooling, occupational complexity, crystallized intelligence (vocabulary level), engagement in leisure activities, participation in social and cultural events and integrity of social networks have been shown to have protective effects against cognitive decline 5–9. All of these factors contribute to increasing cognitive reserve (CR), defined as an active process whereby the brain adapts to a situation of deterioration by using cognitive processing resources to compensate for the deficits 10. The CR construct has been formalized by considering two latent variables: level of education (including proxies such as years of formal schooling, occupational attainment, reading habits and vocabulary knowledge) and lifestyle (including participation in social and cultural activities) 9. Longitudinal studies have focused on confirming the protective effects of CR on general cognitive performance and memory over time 11,12 and on the role of CR in the transition between diagnostic states 13.
Diagnostic transitions in MCI and eventual conversion to dementia have been studied by survival analysis 14, polynomial regression analysis 15, multinomial logistic regression analysis 16 and Markov models 17. Machine learning (ML), a scientific discipline that focuses on how computers learn from data 18, can build classifiers by automatically learning the inherent structure of a data set. In this study, we focused on the supervised learning category, which starts with the goal of predicting a known output or target. This innovative technique has shown enormous potential for supporting diagnosis prediction, risk estimation, and classification learning for diagnosis 19–22.
The aim of the study was to use ML approaches to explore the role of CR in conversion of MCI to dementia. For this purpose, we used traditional and ML techniques to compare converter and non-converter participants. We also discuss the predictive value of CR proxies in relation to the most accurate ML models.

Materials and Methods

Participants
The study included 169 participants aged over 50 years (range 50–87 years) who completed a baseline assessment and attended a follow-up evaluation for about 54 months within an on-going longitudinal study, which began in 2008 23. All participants were referred to us by general practitioners according to the study criteria of subjective cognitive complaints (participants spontaneously reported that their cognition was not as good as before) and the absence of prior diagnosis of cognitive impairment, clinical stroke, traumatic brain injury, motor–sensory defects, alcohol or drug abuse/dependence or diagnosis of any significant medical or psychiatric illnesses. 
At baseline, the sample comprised 101 CU participants as the control group (49.8%) and 68 participants who fulfilled the core NIA-AA 2011 MCI criteria 24. The MCI group was distributed according to the Petersen criteria 25 as follows: 22 participants were included in the multidomain amnestic-MCI (ma-MCI) group (13% of the total sample), 14 participants in the non-amnestic MCI (na-MCI) group (8.3%) and 32 participants in the single-domain amnestic MCI (sda-MCI) group (18.9%). The diagnoses were made by considering clinical and cognitive assessments and were reached by consensus at special diagnostic meetings held by the research team. Demographic, health and CR-related data for the different groups of participants are shown in Table 1. 

(to insert Table 1 around here)

Baseline assessment and diagnosis
The baseline assessments were conducted between 2 January 2008 and 11 November 2012 by psychologists specialising in psychogerontology and with training in neuropsychological assessment. Participants underwent a demographic and health interview and completed extensive neuropsychological and cognitive assessment, including the California Verbal Learning Test (CVLT) 26,27 and the Spanish, revised version of the Cambridge Cognitive Examination (CAMCOG-R), which comprises subscales for specific domains such as language, attention–calculation, praxis and executive functioning and is sensitive to MCI detection 28. In relation to health status, the Charlson Comorbidity Index was obtained from the medical history, and history of memory disorders in the family was considered separately (Yes – No response).  Demographic and health changes were recorded during follow-up assessments; all participants underwent the same cognitive assessment as before and were re-diagnosed by the same research team, again by consensus at specific meetings.
For all the diagnoses, the cut-off was 1.5 standard deviations (SDs) below age and education norms on the corresponding tests. All participants who displayed normal cognitive performance in the cognitive assessment, even though they reported subjective cognitive complaints, were included in the CU-control group. For the MCI participants, the general criteria outlined by 24 were applied: (i) presence of concerns regarding a change in cognition corroborated by an informant; (ii) impairment in one or more cognitive domains; (iii) preservation of independence in functional abilities with minimal aid or assistance; and (iv) not demented according to the criteria considered by NINCDS-ADRDA and in the Diagnostic and Statistical Manual of Mental Disorders Fourth Edition. For amnestic MCI (aMCI), the criteria proposed by Petersen and colleagues 25,29 were applied, and performance of 1.5 SDs below age norms for two measures of the Spanish version of the CVLT (Short-Term Free Recall and Long-Term Free Recall) was considered to indicate the condition. Ma-MCI was diagnosed in those participants who scored below age norms for two measures of the Spanish version of the CVLT (Short-Term Free Recall and Long-Term Free Recall) and below age-related and education-related norms in the MMSE and on at least two subscales of the CAMCOG-R. Participants were diagnosed as sda-MCI when they scored below age norms for the Spanish version of the CVLT, but performed normally in the MMSE and in the CAMCOG-R subscales. Finally, na-MCI was diagnosed in participants who performed within the normal range in the Spanish version of the CVLT but 1.5 SDs below average in at least one of the other cognitive subscales of the CAMCOG-R.
The study received approval from the Ethics in Clinical Research Committee of the Galician Government and was conducted in accordance with the provisions of the Declaration of Helsinki as revised in Seoul, 2008. Written informed consent was obtained from all participants prior to the study. 

Cognitive reserve proxies

Proxy variables have been used to operationalize the theoretical construct of CR 30. In this study, an ad hoc questionnaire including the following measures was administered to the participants: (a) total number of years of formal schooling; (b) occupational attainment, which evaluates the complexity of the profession according to the protocol outlined in the Network for efficiency and standardization of dementia diagnosis (NEST-DD) project 7, on a scale of 1–6 (1, no occupation; 2, unqualified worker; 3, housewife; 4, qualified worker, small business employee, office worker or sales person; 5, middle-ranking civil servant or manager, small business owner, teacher, or specialist in subordinate position; 6, high-ranking civil servant or director, university lecturer, or self-employed person with high responsibility); (c) reading habits, which evaluates the frequency of reading during the last 3 years on a scale of 0–4 (0, never; 1, occasionally; 2, once a week; 3, twice a week; and 4, every day); (d) frequency of social and cultural activities, which evaluates participation in these activities during the last 3 years on a scale of 0–4 (0, never; 1, rarely; 2, occasionally; 3, often; and 4, always). The level of vocabulary knowledge was evaluated by the vocabulary subtest of the Wechsler Adult Intelligence scale 31 and the Peabody picture vocabulary test 32.

Follow-up assessments

All participants were informed about the longitudinal nature of the study at baseline, and they were invited to attend follow-up assessment around 18 months after the baseline assessment (1st follow-up), around 36 months after the baseline assessment (2nd follow-up), and around 54 months after the baseline assessment (3rd follow-up). In the current study, the sample comprises those 131 participants who completed the 3rd follow-up assessment about five years after the baseline assessment without conversion to dementia (mean = 58.78 months from the baseline assessment; S.D. = 8.22), and 38 participants who converted to dementia during this period (mean = 41.79 months from the baseline assessment; S.D. = 24.35). Diagnosis of probable AD or other types of dementia was made according to the criteria used by National Institute of Neurologic, Communicative Disorders and Stroke - Alzheimer's Disease and Related Disorders Association (NINCDS-ADRDA) and DMS-IV-TR criteria. Conversion to dementia was confirmed by consultation of the medical history and considering the date of neurological diagnosis.

Data analysis

Mann-Whitney U and Pearson’s chi-squared tests were run in SPSS for descriptive analysis and group comparisons 33. Supervised ML techniques were also used to test the value of CR proxies for predicting conversion to dementia, with the dichotomous variable converter – non converter as the target variable. For this purpose, we started with a data set consisting of 169 instances of the total number of participants and 14 input variables or features (including diagnosis at baseline assessment, months from the baseline assessment until the 3rd follow-up assessment or until conversion to dementia, gender, age, occupational status, Charlson comorbidity index, history of memory disorders, years of formal schooling, occupational attainment, reading habits, social activities, cultural activities and Peabody test and WAIS vocabulary subtest scores), which enabled us to predict the target variable. The data were analysed using the Scikit-Learn 34 ML library, written in Python programming language.

The ML algorithms selected for training the system are all widely used in medical research (Lehmann et al., 2007; Maroco et al., 2011; Tripoliti et al., 2010): (a) Logistic Regression (LR) is based on a multinomial logistic regression model with a ridge estimator; (b) Support Vector Machines (SVMs) construct a hyper-plane or set of hyper-planes in a high or infinite dimensional space used for classification; (c) the Nearest Neighbours method assigns unclassified sample data to the nearest of a set of previously classified data; (d) Gaussian Naive Bayes is based on classification mechanisms that use Gaussian processes; (e) Ensemble methods combined the predictions of several base estimators built by averaging or boosting methods, including the Random Forest, Extra Trees, Gradient Boosting and Gradient Boosting Classifiers; and finally, (f) Artificial Neural Network implements a multi-layer perceptron (MLP) algorithm that classifies by using the Cross-Entropy loss function. Finally, we used k-fold cross validation (k=10) to test and evaluate the aforementioned algorithms. In this process the data set is divided into k subsets. For each analysis, one of the k subsets is used as the test set and the other k-1 subsets form the training set. Performance statistics are calculated across all k trials. This is an effective means of preventing over-fitting, and it also provides a good indication of how well the classifier will perform with unseen data (for more information, see Appendix).

For each of the above algorithms, performance metrics were computed in order to assess the prediction obtained. Again, the following metrics are widely used in ML approaches: (a) accuracy is calculated as the proportion of true positive and true negative predictions in all cases evaluated; (b) precision is a measure which estimates the probability that a positive prediction is correct; (c) recall is the proportion of instances belonging to the positive class that are correctly predicted as positive; (d) the F1-score indicates a weighted harmonic average of precision and recall; (e) Cohen’s kappa is a measure of the validity of the classification when confronted with a random result; (f) the ROC curve is a plot of True Positive Rate versus False Positive Rate; and finally; (g) the Precision-Recall curve area indicates the graphical relationship between precision and recall. Finally, we computed the ranking of the importance of the features in order to determine which input variables contribute most to predicting converter and non-converter participants. For this purpose, we applied the feature selection functions supported by the ensemble ML algorithms (for further information, see Appendix).

Results

3.1. Differences in demographic, health and CR differences between converters and non-converters
Comparisons between converters and non-converters in relation to demographic, health status and CR proxies are shown in Table 2. Significant differences were found for age, occupational status, WAIS vocabulary subtest and Peabody scores and diagnostic group at baseline. The converters were older and most of them were retired. In addition, their vocabulary scores were lower than those of non-converters, and a higher percentage of converters were diagnosed with sda-MCI and ma-MCI.

(to insert Table 2 around here)

3.2. Machine Learning classification of converters and non-converters 
The data were processed using the nine ML algorithms outlined above. The metrics included in Table 3, ordered by highest to lowest accuracy, show the classification abilities exploring the role of demographic, health and CR proxies in the conversion from MCI to dementia. The mean accuracy obtained for all algorithms exceeded 0.79. The Gradient Boosting and Random Forest performed best, with an accuracy greater than 0.90. The F1-score weighted harmonic average of precision and recall exceeded 0.79 for the Gradient Boosting, Random Forest and the Ada Boost Classifier. Finally, the Cohen’s kappa measure of the validity of the classification without random influence was greater than 0.71 for Gradient Boosting, Ada Boost and Random Forest classifiers.

(to insert Table 3 around here)

Following Accuracy and Precision outcomes, as the best predictions of conversion or non-conversion were obtained from the ensemble of Gradient Boosting and Random Forest, we selected both algorithms. Accordingly, we developed precision-recall curves and ROC curves for these algorithms, as an indication of classification quality. We computed the precision-recall curve, in which a larger area below the curve indicates both greater precision and higher recall (see Figure 1). We also computed the ROC curve to assess the performance of the classifier. Both have an excellent average AUC (mean ROC AUC 0.93 for Gradient Boosting and 0.92. for Random Forest) (see Figure 2).

Finally, both algorithms were used to compute the importance of the features in the predictive models. In both methods, the following six features were the most important: months from the first assessment, age, diagnostic group at baseline, WAIS vocabulary score, Peabody test score and number of years of formal schooling (Table 4).

(to insert Table 4 around here)

Discussion

Innovative approaches based on ML techniques were used to investigate the role of CR in conversion from MCI to dementia. In order to predict conversion and non-conversion to dementia, we applied ML algorithms to data from a sample of 169 participants. The clinical procedure identified a total of 38 participants who converted from MCI to dementia. In parallel, we used a 10-fold stratified cross validation procedure to analyse the classification results from the nine ML algorithms. The best results were obtained with ensemble methods (Gradient Boosting Classifier, Random Forest Classifier) using accuracy as the index parameter, as this indicates how close the value is to the true value of the quantity being measured. 

The present innovative approach, based on the application of ML algorithms to socio-demographic data, basic health status and CR proxies enabled prediction of conversion to dementia, with good precision and sensitivity (i.e. F1 close to the maximum value). The Gradient Boosting Classifier and Random Forest Classifier algorithms yielded a high rate of correct prediction of converters and non-converters (accuracy higher than 91% and precision higher than 86%). According to the individual values of the metrics used in this study, the precision was slightly higher than recall, which indicates that the true positive rate is slightly higher, taking into account only the predictions of conversion from MCI to dementia. Moreover, these results are robust with respect to a random classification according to the Cohen's kappa obtained, considered almost perfect, with a value above 0.81 36. Furthermore, both graphical curves computed (precision-recall curve and ROC curve) show the high accuracy of classification.

As Gradient Boosting and Random Forest algorithms provided the best prediction, we computed the ranking of the importance of different variables for both. In both methods, a set of six variables were the most important for achieving a good prediction, i.e. months from the first assessment, age, diagnostic group at baseline, WAIS vocabulary score, Peabody test score and number of years of formal schooling were the most important input variables for detecting conversion from MCI and AD. Accordingly, two diagnostic variables (the diagnosis itself and the months from the diagnosis to the final follow-up or conversion to dementia), chronological age, and three CR proxies were the most important for predicting conversion to dementia using both Gradient Boosting and Random Forest classifiers. The variables years of formal schooling and vocabulary knowledge are both related to the level of education. Other proxies related to the levels of education, such as occupational attainment and reading habits (the latter only in the Random Forest classifier) also add some predictive value to the models, although they are lower in the ranking of importance. Variables related to lifestyle, such as social activities and cultural activities, are also lower in the ranking, and cultural activities are only important for the Random Forest classifier. These findings are consistent with previously reported findings, as proxies related to educational level, such as years of schooling and level of vocabulary, have been shown to have greater loading in the CR construct and greater predictive value of cognitive impairment than proxies related to lifestyle, such as social or cultural activities. Complexity in the accurate collection of data on lifestyle CR proxies has been cited as a potential improvement in research on CR 9,37–39. 

The findings obtained using ML techniques corroborated the protective role of CR previously reported in relation to the aforementioned proxies 6,10,11,13. In a follow-up study with a time lapse of around 18 months, Lojo-Seoane et al. (2018) observed that CR had direct effects on episodic memory and general cognitive performance, and that it also influenced episodic memory and general cognitive performance, both at baseline and follow-up, through the availability of processing resource measures in working memory tasks. Serra et al. (2015) examined how CR modulates the rate of conversion from aMCI to AD in a sample of 42 participants followed-up for 2 years. These researchers obtained a global enrichment index as a total score proxy of CR. They observed that participants with high CR survived longer without developing AD. These findings are consistent with the CR hypothesis 10 and support the role of CR as a mediator of conversion to dementia. 

This study has some limitations. Although ML techniques are widely used in different health fields, their use in studies of cognitive aging and cognitive impairment is relatively new (Lehmann et al., 2007; Maroco et al., 2011; Tripoliti et al., 2010). Further investigation into the validity of such algorithms in this field is therefore required, using bigger samples and novel diagnostic approaches. Likewise, our study uses a well-constructed longitudinal data set, considering the complexity of MCI diagnosis and transitions between diagnostic categories in this field 3,40,41. Therefore, the performance metrics obtained are robust and the algorithms used have been well tested in other similar fields.

In summary, we used ML approaches to explore the role of CR in conversion from MCI to dementia. The findings indicate the potential value of ML algorithms for detecting risk of conversion to dementia in cognitive aging and CR studies. Accordingly, we validated a data set composed by 14 variables from baseline assessment variables to CR proxies. After training the system with the nine algorithms selected, the best classification results were achieved by ensemble methods (Gradient Boosting plus Random Forest classifiers). Moreover, some CR proxies were among the most important variables for predicting conversion to dementia, adding evidence to the increasing literature about the CR hypothesis. Further research is required to develop a robust procedure ML-based approach for making robust predictions about diagnostic transitions in cognitive impairment.
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Table 1. Baseline demographic, health status and cognitive reserve data for each diagnostic group. For numerical variables, the values shown are means (and standard deviations). For categorical variables, the values are frequencies (and percentages).
	
	ma-MCI
	na-MCI
	sda-MCI
	Control
	Total

	Age (years)
	71.36 (7.58)
Range:54-87
	66.64 (7.72)
Range: 50-78
	71.03 (8.33)
Range:54-87
	64.99 (8.06)
Range:50-82
	67.10 (8.44)
Range: 50-87

	Education (years)
	10.54 (4.96)
Range:3-25
	9 (3.59)
Range: 3-18
	9.56 (3.72)
Range:5-20
	9.44 (4.89)
Range:1-22
	9.57 (4.58)
Range: 1-25

	Occupational status
	Worked: 4 (18.2%)
Retired: 18 (81.8%)
	Worked: 5 (35.7%)
Retired: 9 (64.3%)
	Worked: 6 (18.8%%)
Retired: 26 (81.3%)
	Worked: 42 (41.6%)
Unemployed: 3 (3%)
Retired: 56 (55.4%)
	Worked: 57 (33.7%)
Unemployed: 3 (1.8%)
Retired: 109 (64.5%)

	Comorbidity
	1.04 (1.09)
Range:0-4
	1 (0.88)
Range:0-3
	0.62 (0.87)
Range:0.3
	0.72 (0.78)
Range:0-3
	0.77 (0.85)
Range: 0-4

	History of memory disorders
	Yes 11 (50%); 
No 11 (50%)
	Yes 5 (35.7%);
No 9 (64.3%)
	Yes 11 (34.4%);
No 21 (65.6%)
	Yes 55 (54.5%);
No 46 (45.5%)
	Yes 82 (48.5%);
No 87 (51.5%)

	Occupational attainment
	Unqualified worker 11 (50%); housewife 1 (4.5%); qualified worker 6 (27.3%): middle-ranking manager; 4 (18.2%)
	Unqualified worker  8 (57.1%); housewife 3 (21.4%); qualified worker 3 (21.4%): 
	Unqualified worker  14 (43.8%); housewife 7  (21.9%); qualified worker 9 (28.1%): middle-ranking manager 2 (6.3%)
	Unqualified worker  42 (41.6%); housewife 17 (16.8%); qualified worker 28 (27.7.8%): middle-ranking manager  12 (11.9%); high-ranking or director 2 (2%)
	Unqualified worker 75 (44.4%); housewife 28 (16.6%); qualified worker 46 (27.7%): middle-ranking manager 18 (10.7%); high-ranking or director 2 (1.2%)

	Reading habits
	Never 3 (13.6%); Once a week 5 (22.7%); Twice a week 2 (9.1%); Every day 12 (54.5%)
	Never 3 (21.4%); Once a week 2 (14.3%); Twice a week 5 (35.7%); Every day 4 (28.6%)
	Never 5 (15.6%); Once a week 5 (15.6%); Twice a week 3 (9.4%); Every day 19 (59.4%)
	Never 11 (10.9%); Once a week 13 (12.9%); Twice a week 17 (16.8%); Every day 60 (59.4%)
	Never 22 (13%); Once a week 25 (14.8%); Twice a week 27 (16%); Every day 95 (56.2%)

	Frequency of social activities 
	Never 8 (36.4%); Rarely 6 (27.3%); Often 6 (27.3%); Always 2 (9.1%)
	Never 5 (35.7%); Rarely 2 (14.3%); Often 5 (35.7%); Always 2 (14.3%)
	Never 10 (31.3%); Rarely 7 (21.9%); Often 8 (25%); Always 7 (21.9%)
	Never 33 (32.7%); Rarely 27 (26.7%); Often 20 (19.8%); Always 21 (20.8%)
	Never 56 (33.1%); Rarely 42 (24.9%); Often 39 (23.1%); Always 32 (18.9%)

	Frequency of cultural activities
	Never 17 (77.3%); Often 3 (13.6%); Always 2 (9.1%)
	Never 12 (85.7%); Rarely 1 (7.1%); Always 1 (7.1%)
	Never 18 (56.3%); Rarely 2 (6.3%); Often 4 (12.5%); Always 8 (25%)
	Never 71 (70.3%); Rarely (11 (10.9%); Often 7 (6.9%); Always 12 (11.9%)
	Never 118 (69.8%); Rarely 14 (8.3%); Often 14 (8.3%); Always 23 (13.6%)

	WAIS vocabulary score
	43.68 (13.23)
Range: 15-71
	40.21 (14.56)
Range: 18-66
	48.25 (11.43)
Range:22-70
	51.29 (12.83)
Range:23-75
	48.80 (13.18)
Range:15-75

	Peabody test score
	56.32 (14.23)
Range:23-87
	54.61 (18.64)
Range:16-88
	58.56 (17.55)
Range: 19-84
	64.39 (17.72)
Range:7-94
	61.43 (17.60)
Range: 7-94


** p<0.01 *p<0.05


Table 2. Demographic, health status and cognitive reserve information at baseline according to converter or non-converter groups, and group comparisons (Mann-Whitney U test and Pearson chi-squared test where applicable)

	
	Converters
	Non converters
	Group comparisons

	Age (years)
	74.03 (5.88)
Range: 62-87
	65.09 (8.01)
Range: 50-87
	Z=-5.96**

	Education (years)
	9.92 (4.39)
Range: 4-25
	9.47 (4.65)
Range: 1-22
	Z=-0.76

	Occupational status
	Employed: 54 (41.2%)
Unemployed: 3 (2.3%)
Retired: 74 (56.5%)
	Employed: 3 (7.9%); 
Retired: 35 (92.1%)
	χ2 =16.36**

	Comorbidity
	0.80 (0.87)
Range: 0-4
	0.66 (0.78)
Range: 0-2
	Z=-0.840

	History of memory disorders
	Yes: 67 (51.1%)
No: 64 (48.9%)
	Yes: 15 (39.5%)
No: 23 (60.5%)
	χ2 =1.61

	Occupational attainment
	Unqualified worker, 54 (41.2%);  housewife,  23 (17.6%); qualified worker, 39 (29.8%); middle-ranking manager, 13 (9.9%); high-ranking manager, 2 (1.5%)
	Unqualified worker, 21 (55.3%); housewife, 5 (13.2%); qualified worker, 7 (18.4%): middle-ranking manager, 5 (13.2%)
	χ2 =3.92

	Reading habits
	Never, 16 (12.2%); once a week, 21 (16%); twice a week, 20 (15.3%); every day, 74 (56.5%)
	Never 6 (15.8%); once a week, 4 (10.5%); twice a week, 7 (18.4%); every day, 21 (55.3%)
	χ2 =1.08

	Frequency of social activities 
	Never, 42 (32.1%); rarely, 31 (23.7%); often, 29 (22.1%); always, 29 (22.1%)
	Never, 14 (36.8%); rarely, 11 (28.9%); often, 10 (26.3%); always, 3 (7.9%)
	χ2 =3.91

	Frequency of cultural activities
	Never, 92 (70.2%); rarely, 10 (7.6%), often, 11 (8.4%); always, 18 (13.7%)
	Never, 26 (68.4%); rarely, 4 (10.5%); often, 3 (7.9%), always, 5 (13.2%)
	χ2 =0.328

	WAIS vocabulary score
	44.18 (13.01)
Range: 15-71

	50.14 (12.97)
Range: 18-75
	Z=-2.20*

	Peabody test score
	56.39 (17.52)
Range: 23-87
	62.89 (17.42)
Range: 7-94
	Z=-2.17*

	Diagnostic group at baseline
	Controls: 93 (71%); sda-MCI: 20 (15.3%); na-MCI: 11 (8.4%); ma-MCI: 7 (5.3%)
	Controls: 8 (21%); sda-MCI: 12 (31.6%); na-MCI: 3 (7.9%); ma-MCI: 15 (39.5%)
	χ2 =46.04**


** p<0.01 *p<0.05


Table 3. Metrics for prediction of converter and non-converter participants

	ALGORITHMS
	Accuracy↓
	Precision
	Recall
	F1
score
	K
(Cohen’s Kappa)

	Gradient Boosting Classifier
	0.93
	0.88
	0.88
	0.86
	0.82

	Random Forest Classifier
	0.92
	0.86
	0.73
	0.79
	0.71

	Ada Boost Classifier
	0.90
	0.82
	0.78
	0.79
	0.73

	Extra Trees Classifier
	0.86
	0.79
	0.55
	0.64
	0.52

	Support Vector Machine
	0.85
	0.73
	0.60
	0.64
	0.54

	Logistic Regression
	0.84
	0.74
	0.39
	0.49
	0.42

	Gaussian Naive Bayes
	0.84
	0.65
	0.79
	0.69
	0.58

	Artificial Neural Network
	0.82
	0.71
	0.48
	0.50
	0.46

	Nearest Neighbour Classifier
	0.79
	0.56
	0.41
	0.43
	0.33






Table 4. Measuring the importance of different parameters with ensemble ML algorithms

	Random Forest Classifier
	Gradient Boosting Classifier

	Months
	0.31
	Months
	0.46

	Age
	0.20
	Age
	0.19

	Diagnosis at baseline
	0.12
	WAIS vocabulary score
	0.15

	WAIS vocabulary score
	0.07
	Diagnosis at baseline
	0.08

	Peabody score
	0.07
	Peabody score
	0.07

	Education (years)
	0.06
	Education (years)
	0.02

	Occupational status
	0.03
	Social activities
	0.01

	Social activities
	0.03
	Occupational attainment
	0.01

	Comorbidity
	0.02
	Comorbidity
	0.01

	Occupational attainment
	0.02
	History of memory disorders
	0.00

	Cultural activities
	0.02
	Cultural activities
	0.00

	Reading habits
	0.02
	Gender
	0.00

	History of memory disorders
	0.01
	Reading habits
	0.00

	Gender
	0.01
	Occupational status
	0.00


Note: ranking of features, sorted by highest to lowest weight.


Figure captions:

Figure 1. Comparison of Precision-Recall curve metrics for evaluating classifier output for the   Gradient Boosting and Random Forest algorithms
 

Figure 2. Comparison of ROC curve for evaluating the classification performance of the best two algorithms, using cv-fold cross-validation (cv=10) and a binary classification (i.e. converters and non-converters). 
Note: ROC = Receiver Operating Characteristic; AUC = Area Under the Curve; cv = cross-validation.




