BT H2H LR (A RBRERR) Vol. 57 No.2
2018 4F 3 ACTA  SCIENTIARUM NATURALIUM UNIVERSITATIS SUNYATSENI Mar. 2018

DOI:10. 13471/]. enki. acta. snus. 2018. 02. 006

He T3k L A
3D Jivi 11 )it UG 17 Bof 71 22 Ji ERE P2 W

wmw, BT, FERA
(1. AF ERHRFAYEFIRER/)/ T AEEFARAREEERE, & 7 M 510515;
2. TRASARKER, S & M 510317)

W OE: SSMRIRAMS (sMRI) AR EHA =ik Ba5h, 1550 0 1 28 R L 382 o1 07 el JL R T A1)
TR, XA T AR N ESS G B R SR, BRI T AL IR O T S AREIHE ) b Y Bk, 4R
T — TSR AL (Support tensor machine, STM) BJLA 3D T1 JinAL MR il (= 53 45 A i A B4 BT 7R 4% i SR
WIS . B5EH SPMS BURRAE N MRI B SEA T AL, AFIKET. AR, WER 3 #84, SR AR
FRZ DKM =K Tk, SR )5 A FFENSBR (Recursive Feature Elimination, RFE) JE%456 35Kk &
MUATRHIERE SR, 5o FISCRFR LT /028 . ERT/R GG R R (AD), BEAHIPER 8 E (MCD) (4
Ak AD ) MCI-C FIARFE{LA MCI-NC) DURIEHXTIE (NC) 4 4 ABEh 347325550, I 10 #7238 LR E
TERARIRIES R . ] ROC th& T AR AUC, 28 UERfE . BUSE . R PEX 4 MEFRITM 3 25850 HERE, AD
vs NC 443515355 99. 1% . 97.14% , 95.71% . 98.57% ; AD vs MCI 4143 5|55 5] 88.29% . 84.07% . 78.57% .
91.07% ; MCI vs NC 443513551 89. 18% . 87.91% . 93.75% . 78.57% ; MCI-C vs MCI-NC #1435 %] 87. 5% .
82.08% . 80.36% . 82.14% , TR fFs TIRIGEMEIK BEEH, 1 T/ K3 ntEae, L sl R k2
— TR R BT /R 2% T R IS W T

KEER . BURAEIGERIT ; 3D KRS T1 AL MRI; SBITREENER; SCRpikEL

FESES: R42; R445.2 XEERER: A XEHS: 0529 -6579 (2018) 02 -0052 -09

Diagnosis of Alzheimer’s disease based on Support Tensor
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Abstract: Structural magnetic resonance imaging ( SMRI) method has an intrinsic third-order tensor
structure. Traditional vector-based machine learning methods unfold the 3D images as vectors to carry on
the modeling, which break the natural 3D structure of data so that some useful information underlying the
neuro-imaging data is missing. Therefore, a novel classification method based on the Support Tensor Ma-
chine (STM) is proposed to overcome these drawbacks. The T1 weighted MRI images are first prepro-
cessed and segmented into gray matter ( GM) , white matter (WM) and cerebrospinal fluid ( CSF) re-
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gions using SPM8 tool. The third-order grey tensors are then constructed for each partition. Recursive
feature elimination ( RFE) method coupled with Support Tensor Machine (STM) is used to select the op-
timal features subset for classification using the STM-based classifier. The proposed algorithm perform the
classification on four cases including the patients of Alzheimer’s disease and Mild Cognitive Impairment
(including patients were converted to AD, MCI-C; and patients were not converted to AD, MCI-NC)
and normal controls (NC), 10-fold cross validation is employed to assess the classification performance.
In terms of AUC, classification accuracy, sensitivity and specificity, the case AD vs NC archive 99. 1% ,
97.14% , 95.71% , 98. 57% respectively; the case AD vs MCI archive 88.29% , 84.07% , 78.57% ,
91.07% respectively; the case of MCI vs NC archive 89. 18% , 87.91% , 93.75% , 78.57% respec-
tively ; and the case MCI-C vs MCI-NC archive 87.5% , 82.08% , 80.36% , 82.14% respectively. The
proposed method keeps the natural tensor structure of the original data and improves the performance of
the classifier. The experimental results indicate that the proposed algorithm is effective for the diagnosis of
Alzheimer’s disease.

Key words: Alzheimer’s disease; 3D brain white matter image; T1 weighted MRI; Recursive feature

elimination; Support Tensor Machine
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Tablel  The information of research subjects
AD (70) MCI-C (56) MCI-NC (56) NC (70)
/5 35/35 21/35 24/32 39/31
AW 73.30 +8.29 71.75 +7. 44 73.26 +8.36 73.30 +4.99
HE 15.27 £3. 13 15.68 3. 00 16.25 +3.00 16.29 +£2.78
MMSE 22.97 +2.04 26.64 £1.71 27.25 +2.18 29.29 +£0. 85
ADAS-Cog 19.70 £6. 21 13.65 +3. 87 9.52 £3.90 5.90£2.6

1) MMSE: mini-mental state examination; ADAS-Cog: Alzheimer’s Disease Assessment Scale-cognitive subscale.
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