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Introduction

The aim of this research is to investigate measurable differences between
normal cognition (CN) and mild cognitive impairment (MCI) through
mutlimodal imaging. To investigate this, we selected 160 subjects Atlas Conf. Conn. K Atlas Conn. K  AUC
(norme.lhzeq for agg, e(.iuca'uon and gender) from the Alzh.elmer s Disease Schacfer] 0078 CC Partial Corr. 64 - 0.6722
Neuroimaging Initiative (ADNI)  dataset who have received all forms of ,

— Schaefer100x7¢ MD 128 0.6625

Functional Structural

required imaging. . -

We investigate the effectiveness of rs-fMRI, dMRI and multi modal HCP300 cC  Corr. 32° Craddock249  MD 16> 0.7319
classification on a quality controlled subject cohort. We hypothesized that Table 1: Best performing hyperparameters for functional, structural and multimodal.
fusion of rs-fMRI and dMRI would provide a more Complete picture of a aBoth functional and structural features are mapped to the Schaefer100x7 atlas

. .. L. . . . b Significantly lower values of K are optimal for the multimodal approach
subjects cognitive health, providing increased classification performance. 'CC' refers to CompCor confound removal
Methods

QSIPrep Tractography Structural Connectome Classification
QSIPrep performs standard We use MrTrix3 to The structural connectome Classification is
preprocessing on diffusion perform anatomically is constructed using performed on the
imaging, including eddy current ol constrained deterministic MRtrix and weighted with feature selected and
correction and denoising. tractography. SIFT2 is the mean FA or ADC value concatenated
used to assign streamline computed for ROI to ROI multimodal feature
MRI Data connectivity values. streamlines. vector with a range
. ~* oflinear classifiers.
Feature Selection
One way ANOVA
_‘\ feature selection is
| | . performed -
TIW, dMRI and 1s-fMRI are independently on both -
the inputs to the pipeline. Features the fMRI and dMRI
T1lw scans are used during feature vector. o . .
preprocessing, with fMRI & . ’ : Salient ROI Analy51s
dMRI used in classification. FUIICthIlal COIlIleCtOIIle Pramnocamal Gyrus, posteriar divislon .
e & The functional aiind " s o
fMRIPrep Masking of preprocessed fMRI data into connectome is = : ‘ 0’3\" (% ; .o
fMRIPrep performs standard desired atlas space. During the masking computed with NiLearn e ‘ y=32 x=21 .
prepreocessing on functional process, we also perform postprocessing and either correlation We analyse ROIs selected to draw conclusions
imaging, including head motion techniques such as bandpass filtering, coefficient or partial on the nature of the changes exhibited in the
correction and denoising. FWHM smoothing and detrending. correlation. He e early stages of cognitive impairment.
Figure 1: Summary diagram of the experimental pipeline from data acquisition to classification and analysis.
Results HCP300 ° A
Our investigation showed that multimodal imaging data can provide Craddock249 ® A
statistically signficant increases in AUC for classifying MCI vs CN patients. SENEQISMORL ¢ =
Our peak accuracy of 0.73 AUC shown in Table 1 was validated through 10 DRBESS = A
fold cross validation across 3 random seeds. 6HMP + 10CompCor o A
. . . 2Phys + 6HMP + GSR
We found that the HCP 300 ICA atlas performed optimally in multimodal 7 o A
] : . . ’ ’ ; ICA-AROMA ) A
classification, aligning with Dadi et al. recommendations on optimal atlas
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dimensionality 2. Mean diffusivity outperforming fractional anisotropy for Corrernt o N

orrelation

structual connectome weighting aligns with previous literature consensus ortal Cormalation . "

B, with increased mean d%foSIVIFY being a potentally strong discriminator Craddocka4s - n
between CN and MCI subjects. Figure 2 shows a summary of our Schanfarl00x7 | - A
hyperparameter exploration via grid search. XID. : ht modl - A
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Figure 2: Summary of peak individual and multimodal performances across hyperparameters. Categories on

the y-axis are grouped by hyperparameter.

ROI Analysis

We ranked selected ROIs via a cumulative F-test across 3x10 folds for both
fMRI and dMRI independently . Our fMRI analysis showed the Angular
216 Gyrus & Middle Temporal Gyrus (temporoccipital part) to be frequently
Figure 3: Connectivity difference between CN and MCI population means for salient ROIs identified by feature selected. Our dMRI feature selection analysis the Parahippocampal Gyrus
selection analysis (posterior divison) & Temporal Pole. Both of these findings align with
e previous literature. 4.5l

Figure 3 shows our analysis of differences in functional connectivity. We
found increases in functional connectivity in all but one of the top 10
selected regions. It has been theorised that observed increases in functional
connectivity within pathological populations can be explained as the brain
13605 recruiting alternative region connections in order to retain normal
cognitive function. Figure 4 shows our analysis of differences in structual
0 connectivity, demonstrating that the parahippocampal gyrus has high
Figure 4: Meap diffusivijty difference between CN and MCI population means for salient ROIs identified by Centrality within a dense network of altered connections from the mean CN
feature selection analysis .

to MCI population.
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Conclusions

We explored a multimodal approach to the diagnosis of MCI, proving our method of combining functional connectivity and mean diffusivity measures through
feature-level fusion to be greater than the sum of its parts, significantly improving the results achieved by either modality in isolation. We found that our
approach performed optimally when the features constructed from each modality were unlikely to contain much informational overlap; achieved by using
atlases with constrasting construction methods & region definitions. Furthermore, we showed that aggressive feature selection methods are important to
improving diagnostic results and conducted two separate analyses into selected regions and connections from the functional and structural feature sets.
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