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Classification experiments

1 Sample sizes for the automated prediction of progression to AD
dementia

MCI participants in the evaluation set were labelled as stable or converter depending on five time windows. The
number of MCI patients in the evaluation set who remained stable (sMCI) or converted to dementia (cMCI)
within each time window is presented in Table 1. As expected, with longer time windows, the number of stable
MCI subjects decreases while the number of MCI who converted to dementia increases. At each iteration of
the cross-validation scheme, the RF classifiers were trained with a balanced sets of cases given by a 70%-30%
partition of the underrepresented class. This procedure made classifiers within 12 months be trained with
balanced sets of 64 cases but tested with highly unbalanced sets of 338 cases, while classifiers within 60 months
were trained with 152 cases (76 sMCI - 76 cMCI) and tested with a sample of 79 subjects roughly balanced.
Therefore, evaluation of the short term prediction resulted to be more challenging than the long term prediction.

Total Training RF Testing RF
Time window sMCI cMCI sMCI cMCI sMCI cMCI

12 months 356 46 32 32 324 14
24 months 263 82 57 57 206 25
36 months 206 99 69 69 137 30
48 months 159 114 80 80 79 34
60 months 109 122 76 76 33 46

Table 1: Number of MCI subjects that remained stable (sMCI) and converted to dementia (cMCI) within each
time window, along with the number of subjects per class that were used to train and test the Random Forest
(RF) classifier at each iteration of the cross-validation scheme.

2 Classification with psychiatric symptoms

To test if including psychiatric symptoms improves the prediction of progression, additional classification exper-
iments we performed following the same cross-validation scheme. The additional classifiers were trained with
the domain composite scores, age, sex, years of education, and two neuropsychiatric (NP) assessments: the
Geriatric Depression Scale (GDS) and the abbreviated version of the Neuropsychiatric Inventory (NPI-Q). Fig-
ure 1 shows the resulting distribution of the Area Under the Curve (AUC) values compared to the classification
without psychiatric information.
Given that at each iteration of the cross-validation there are two classifiers, with and without psychiatric
information, the mean AUC values across iterations were compared with paired t-tests. As presented in Table
2, the addition of psychiatric information results in small but significant improvements of the AUC.

12 months 24 months 36 months 48 months 60 months

mean AUC
without NP 0.684 0.753 0.735 0.741 0.755
with NP 0.688 0.76 0.741 0.753 0.763

mean AUC change +0.004 +0.007 +0.006 +0.012 +0.008
p-value ≤ 0.00001 ≤ 0.00001 ≤ 0.00001 ≤ 0.00001 ≤ 0.00001

Table 2: Number of MCI subjects that remained stable (sMCI) and converted to dementia (cMCI) within each
time window, along with the number of subjects per class that were used to train and test the Random Forest
(RF) classifier at each iteration of the cross-validation scheme.
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Figure 1: Distribution of AUC values for MCI conversion prediction within 12, 24, 36, 48 and 60 months.
Classifiers were trained with domain scores, age, sex, years of education, with and without assessments of
psychiatric symptoms.

3 Classification with other composite scores

To compare the prediction of MCI progression to dementia with domain scores against other methods in the
literature, nine different sets of features were used to train the same classifiers (Random forest) with the same
data at each iteration of the cross validation scheme. The different sets of features related with different
composite scores and/or classification results in the literature are:

1. PROPOSED domain-specific composite scores.

2. PROPOSED domain-specific composite scores, with the Clinical Dementia Rating (CDR) - Sum of Boxes,
and the Functional Assessment Questionnaire (FAQ).

3. ADAS Tree = 1.05*Q1SCORE + 0.38*Q2SCORE + 0*Q3SCORE + 1.17*Q4SCORE + 0.61*Q5SCORE
+ 0.13*Q6SCORE + 1.13*Q7SCORE + 0.41*Q8SCORE + 0.54*Q9SCORE + 0.49*Q10SCORE + 0.69*Q11SCORE
+ 0.39*Q12SCORE + 0.68*Q13SCORE.
Reported AUC = 0.746 [1].

4. Composite = Q1SCORE + Q4SCORE + Q7SCORE + CDRSB + FAQTOTAL.
Sensitivity assessed by signal-to-noise ratios [2].

5. Cognitive composite 1 [3]: CC1 = ADAS3 + (75-RAVLT.IMMED) + (30 - MMTOTAL).

6. Cognitive composite 2 [3]: CC2 = ADAS3 + CDMEMORY.

7. Cognitive–functional composite 1 [3]: CFC1 = CC1 + FAQTOTAL.

8. Cognitive–functional composite 2 [3]: CFC2 = CC2 + FAQTOTAL.
Performance of CC1, CC2, CFC1, and CFC2 was assessed based on sample size requirements for a 2-year
clinical trial [3].
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9. Selected features [4]: TRABSCOR, Forget.index, RAVLT.IMMED, TOTAL13, TRAASCOR, AVTOT6,
LIMMTOTAL, CATANIMSC, AVDEL30MIN, FAQTOTAL, LDELTOTAL, MOCADLREC, AVDEL-
TOT, BNTTOTAL, Q4SCORE, Q8SCORE, MMTOTAL, Q1SCORE, MOCAFLUEN, CDORIENT, CD-
HOME, AVTOTB.
Reported AUC values for time widows of 2, 3, and 4 years: 0.821, 0.856, and 0.868, respectively.

Figure 2: Distribution of AUC values for MCI conversion prediction within 12, 24, 36, 48 and 60 months using
different sets of features.
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