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Additional file 3:  

Validation: The results of our method used separately on 
Dataset 1 and on Dataset 2+3 show a significant overlap 

(Nazari et al., 2021, Transcriptome meta-analysis suggests the existence of two 
molecular subtypes in Alzheimer’s disease) 
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To check the reproducibility of our methods, we first applied it on Dataset 1 and then on 
combination of Dataset 1 and Dataset 2 after preprocessing and batch effect removal 
(Dataset 2+3) based on DEG found between subsets of Dataset 1. The results of our 
method used separately on Dataset 1 and on Dataset 2+3 show a significant overlap. 

 

 
Figure S1: Overview of validation steps. The combining protocol for combining dataset 2 and 3 is based on previously 

published methods [1], [2]. Briefly, Affymetrix data were preprocessed by ‘rma’ function in ‘affy’ package [3] and re-

annotated by biomaRt  [4]. The Illumina data were “log2 transformed”, and then, normalized (by quantile normalization 

approach from package 'preprocessCore' [5]) and re-annotated by biomaRt. After removing gene redundancies, for the 

combined dataset, batch effect removal was performed by ComBat from ‘sva’ package [6]. validation process, repeat 

the same steps on dataset 1 and combination of datasets 2 and 3 separately then see how much they overlap. 
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Dataset 1 is the largest available dataset of microarray GE profiles of hippocampal 
samples from AD subjects. We used this dataset to partition all AD samples into 2 
clusters. In the next step, we applied PCA on this dataset to see how well these two 
clusters are separated. Figure 5 shows the results. 

 

 

Figure S2: The two clusters of Dataset 1 in PCA analysis. The 55 samples were grouped in cluster 1 (31 samples) and 
cluster 2 (24 samples). PC1 and PC2 account for 23.0% and 14.8% of data variation, respectively. The contours are 
drawn by ggplot2 [7]. 
 
 

When GE profile of samples in cluster 1 was compared with that of cluster 2, 1952 genes 
showed significantly increased expression levels, with false discovery rate (FDR)<0.05, 
Log2 of fold change (LFC)>0.4, while 419 genes showed significantly decreased 
expression levels, (FDR<0.05, LFC<-0.4). 
 
To check the significance of the identified DEGs we compared them with the DEGs 

identified in:  

1. random datasets obtained by shuffling the expression profile of each gene across 
samples of Dataset 1; In this case, only 90 (respectively 105) out of 10,000 
permutations showed an increase (respectively decrease) in the GE levels. 
Interestingly, in every instance of these 10,000 permutations, the number of DEGs 
increased was smaller than that of Dataset 1, and only in 3 occurrences the 
number of DEG decreased was higher than Dataset 1 (>419).  
 

2. Randomly partitioning Dataset 1; in this case, in 95 (respectively 109) out of 10,000 
instances of random partitioning, at least one gene with increased (respectively 
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decreased) GE level was found. Remarkably, in none of the 10,000 permutations, 
the number of genes with increased expression level was higher than that of the 
genuine clusters. Furthermore, in the 109 random permutations with at least one 
gene with decreased expression level, only 6 permutations had more such genes 
than the genuine clusters (p-value<0.01). 

Altogether, we concluded that the identified DEGs in Dataset 1 are statistically significant, 
which suggests that in Alzheimer’s disease patients, the hippocampal GE profiles are 
from two distinct subtypes of the disease. To our knowledge, such a two-subtypes model 
has never been reported previously.   

In order to further validate the proposed two-subtypes model, we checked it for other 
independent AD datasets. To this end, we combined two other publicly available 
hippocampal AD datasets, to obtain Dataset 2+3. In the next step, samples in Dataset 
2+3 were partitioned into two clusters based on the 1952 upregulated genes found in 
Dataset 1. Figure 6a suggests that compared to cluster 2, the number of genes in cluster 
1 with significantly higher GE values (LFC>0.4 and FDR<0.05) is far greater than the 
number of such genes with lower GE values (LFC<-0.4 and FDR<0.05), i.e., 1098 genes 
vs. 259 genes, respectively. These results, again, suggest that these statistically 
significant DEGs are related to certain differences in the active molecular pathways in the 
two subtypes, and not found just by chance. 
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Figure S3: (A) Volcano plot for comparing the two clusters of Dataset 2+3 (C1-C2). The plot was found to be statistically 
significantly asymmetric (Kolmogorov-Smirnov test, p-value<2.2×10-16, KS=0.18). (B)  Histogram of asymmetry score 
KS (Kolmogorov–Smirnov statistic) of DEGs identified between random subgroups. The genuine KS value was found 
to be significantly greater than what is observed in random partitionings (empirical p-value = 0.0126). 
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In order to see how significant, the “asymmetry” of this volcano plot is, we randomly 
partitioned the data into two subgroups (of size 19 samples each) and computed the KS 
statistic. By repeating the same procedure 10000 times, the observed KS statistic was 
found to be statistically significant (Figure 6b, empirical p-value < 0.05). 
 
The numbers of in common DEGs in these two datasets (identified by comparing samples 
in cluster 1 to the samples in cluster 2) are shown in Tables 1 and 2. Obviously, there is 
a good agreement between DEGs of Dataset 1 and DEGs of Dataset 2+3. In other words, 
the DEGs show very similar trends in both datasets, which again confirms the relevance 
of partitioning the transcriptome data into two subgroups. 
 
Table S1: Number of shared statistically significant DEGs in Dataset 1 and in Dataset 2+3. In Dataset 1, 419 genes 
(respectively, 1952 genes) had significantly lower (respectively, higher) GE values in cluster 1 compared to cluster 2 
(with FDR<0.5 and LFC>|0.4|). In Dataset 2+3, 259 genes (respectively, 1098 genes) had significantly lower 
(respectively, higher) GE values in cluster 1 compared to cluster 2.  

 
#genes with significantly lower 

GE levels in cluster 1 vs cluster 2
(Dataset 1) 

#genes with significantly higher GE 
levels in cluster 1 vs cluster 2 

(Dataset 1) 
#genes with significantly lower 

GE levels in cluster 1 vs cluster 2   
(Dataset 2+3) 

23 0 

#genes with significantly higher 
GE levels in cluster 1 vs cluster 2   

(Dataset 2+3) 
1 915 

 

Table S2: Number of shared DEGs in Dataset 1 and in Dataset 2+3. In Dataset 1, 419 genes (respectively, 1952 genes) 
had significantly lower (respectively, higher) GE values in cluster 1 compared to cluster 2 (with FDR<0.5 and LFC>|0.4|). 
In Dataset 2+3, 259 genes (respectively, 1098 genes) had lower (respectively, higher) GE values in cluster 1 compared 
to cluster 2. Note that all the genes in Dataset 2+3, regardless of their significance levels, are shown in this table. 

 
#genes with significantly lower 

GE levels in cluster 1 vs cluster 2
(Dataset 1) 

#genes with significantly higher GE 
levels in cluster 1 vs cluster 2 

(Dataset 1) 

#genes with lower GE levels in 
cluster 1 vs cluster 2   

(Dataset 2+3)) 
405 76 

#genes with higher GE levels in 
cluster 1 vs cluster 2   

(Dataset 2+3) 
11 1861 
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