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Alzheimer’ s disease classification based on multimodal data integration
CUI Jing" , YANG Hui, QIN Yao, CHEN Du —rong, YU Hong — mei
* Third Hospital of Shanxi Medical University, Taiyuan, Shanxi 030032, China

Abstract : Objective To achieve the classification of Alzheimer’ s disease ( AD) by integrating information that utilize the
complementary properties of multimodal data, and to provide references for clinical diagnosis. Methods A total of 872
subjects were obtained from the Alzheimer’ s Disease Neuroimaging Initiative ( ADNI), with both clinical information,
structural magnetic resonance imaging (sMRI) and functional magnetic resonance imaging (fMRI) scans. They were divided
into the training set (612 subjects) and test set (260 subjects). Based on three unimodal data and four multimodal
combinations of different modalities, we constructed the sparse Partial Least Squares — Discriminant Analysis ( sPLS — DA)
classification models in the training set to achieve the multi — classification. The macro — averaged precision ( Macro — P) ,
macro — averaged recall ( Macro — R), macro — averaged F1 value (Macro — F1), and accuracy were used to evaluate the
model performance, with the optimal combination of modalities obtained explored for their applicability in the test set. Results

The classification performance of clinical information ( Macro — P =0. 781 8, Macro - R =0. 804 6, Macro — F1 =0.791 2,
Accuracy =0. 796 7) among the unimodal information was better than that of sMRI and fMRI modalities. The optimal number
of potential components was 1, and the number of clinical information features was 9. Among the four multimodal combinations,
the clinical information + fMRI combination had the strongest classification ability ( Macro — P = 0. 806 2, Macro — R =
0.800 6, Macro — F1 =0.797 6, Accuracy =0. 813 2) , with the optimal number of potential components selected as 1,and the
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number of features were 5, while the sMRT + fMRI had the worst classification ability ( Macro - P =0.401 7, Macro — R =

0.398 3, Macro — F1 =0.349 9, Accuracy = 0.565 9). Applying the best modal combination to the test set, the model
performance metrics achieved were 0. 791 8 for Macro — P, 0.734 5 for Macro — R, 0.758 4 for Macro — F1, and 0. 766 4
(0.646 0, 0.846 5) for Accuracy. Conclusion The performance of the sPLS — DA classification model constructed based on

each multimodal combination was higher than that of the unimodal, among which the combination of clinical information +

fMRI modality had the best performance, which couldgreatly facilitate the formulation of scientific and reasonable clinical

diagnosis plans.

Keywords : Alzheimer’ s disease; Multimodal ; Magnetic resonance imaging; Multi — classification; Sparse partial least squares
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Table 1 Neuropsychological testing scales
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ADAS - Cogl 1 ( Alzheimer’ s Disease Assessment Scale — Cognition 11 items)

ADAS - Cogl3 ( Alzheimer’ s Disease Assessment Scale — Cognition 13 items)

ADASQ4 ( Score from Task 4 (Word Recognition) of the Alzheimer’ s Disease Assessment Scale)
RAVLT - immediate( Rey’ s Auditory VerbalLearning Test_Immediate Recall)

RAVLT - learning( Rey’ s Auditory Verbal Learning Test_Learning)

RAVLT - forgetting( Rey’ s Auditory Verbal LearninTest_Forgetting)

RAVLT - perc - forgetting( Rey’ s Auditory Verbal Learning Test_Percent Forgetting)
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MoCA ( Montreal Cognitive Assessment )

mPACCdigit( Modified Preclinical Alzheimer Cognitive Composite with Digit Symbol Substitution)
mPACCtrailsB ( Modified Preclinical Alzheimer Cognitive Composite with Trails B)

EcogPtTotal ( Everyday Cognition — Participant Self — Report )

EcogSPTotal ( Everyday Cognition — Study Partner — Report)
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Table 2 Clinical information situations of the various classes of subjects in the training set [n(% ) / M( Py, P;5) ]

FEAE NC(n=311) MCI(n =210) AD(n=91) H{E (1) P{H
5] 14.973 0.001
5 127(40.84) 122(58.10) 44(48.35)
@ 184(59.16) 88(41.90) 47(51.65)
AR (%) 72.30(67.40,78.00) 74.60(68.92,79.43) 76.50(71.52,83.33) 19.279 <0.001
ZHHE R (4E) 17(16,18) 16(14,18) 16(14,18) 18.099 <0.001
USRS 4.472 0.107
O 218(70.10) 153(72.86) 74(81.32)
B 93(19.90) 57(27.14) 17(18.68)
APOEe4 44.795 <0.001
0 201(64.63) 119(56.67) 28(30.77)
1 103(33.12) 79(37.62) 49(53.85)
2 7(2.25) 12(5.71) 14(15.38)
ADASI1 1843 5.00(3.33,7.00) 9.33(6.67,12.67) 21.33(17.00,27.00) 301.611 <0.001
ADASI3 7543 8.00(5.33,11.00) 14.84(10.25,19.00) 31.67(27.00,38.00)  306.504 <0.001
ADASQ4 44y 2(1,4) 5(3,7) 10(8,10)  244.495 <0.001
RAVLT_immediate 1843 46(39,54) 33(27,42) 22(17,27)  257.428 <0.001
RAVLT _learning 54} 6(4,8) 4(2,6) 1(0,3) 174.535 <0.001
RAVLT_forgetting 1543 3(2,5) 5(3,6) 4(3,6)  38.293 <0.001
RAVLT_perc_forgetting 154} 28.57(13.33,50.00) 57.14(36.36,86.16) 100.00(90.75,100.00)  209.450 <0.001
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FEAE NC(n=311) MCI(n =210) AD(n=91) HH (A ) P{i
LDELTOTAL 7543 13.00(11.00,16.00) 8.00(4.75,11.00) 0.00(0.00,2.00) 310.582  <0.001
TRABSCOR 543 69.00(52.00,93.00) 92.50(69.00,137.25) 190.00( 134.00,300.00) 160. 237 <0.001
FAQ 1584y 0(0,0) 1(0,4) 17(12,23) 380.069 <0.001
MOCA 154y 26(24,28) 23(21,25) 17(13,20) 256.611 <0.001
mPACCdigit 1545 0.73( ~1.61,2.36) _4.85(-8.92,-1.58) —17.73( -21.23, —13.49)  324.403  <0.001
mPACCtrailsB 1543 0.61( -1.48,2.23) -4.75( -7.71,-1.31) -14.81( -18.33, -11.57) 321.777 <0.001
EcogPtTotal 543 1.27(1.13,1.51) 1.70(1.41,2.32) 1.74(1.37,2.51) 128.923 <0.001
EcogSPTotal 14} 1.09(1.00,1.24) 1.60(1.30,2.08) 3.03(2.47,3.44) 332258  <0.001
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Table 3 Evaluation metrics for unimodal — based sPLS — DA models

AR Macro — P Macro - R Macro - F1 Accuracy(95% CI)

RS EDES 0.781 8 0.804 6 0.791 2 0.796 7(0.730 8,0.852 6)
sMRI 0.356 9 0.3383 0.263 9 0.494 5(0.419 7,0.569 5)
fMRI 0. 688 2 0.438 5 0.4219 0.549 5(0.474 1,0.623 1)
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Table 4 Evaluation metrics of sPLS — DA model based on different multimodal combinations

NG Macro — P Macro — R Macro — F1 Accuracy(95% CI)

I R A5 5 + sMRI 0.786 0 0.809 3 0.795 9 0.802 2(0.736 8,0. 857 4)
Il BRA 15, + fMRI 0. 806 2 0. 800 6 0.797 6 0.813 2(0.748 9,0.867 0)
sMRI + MRI 0.401 7 0.398 3 0.349 9 0. 565 9(0.490 6,0.639 1)
Il KA &, + sMRI + IMRI 0.793 0 0.805 5 0.796 8 0. 804 4(0.740 8,0.859 4)
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Fig.1 The determination of principal component number and selected features of unimodal data
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Fig.2 The determination of principal component number and selected features of multimodal data
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