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Abstract 

This work studies the mediating role of amyloid PET imaging quantitative traits (QTs) in the relationship between 
genetic risk, measured by the Polygenic Hazard Score (PHS), and Alzheimer’s disease (AD) diagnosis. Data are obtained 
from the Alzheimer’s Disease Neuroimaging Initiative (ADNI), including 559 participants classified as Normal (NL), 
early mild cognitive impairment (EMCI), late mild cognitive impairment (LMCI), or AD. Thirteen amyloid QTs from AV45 
PET scans are examined as potential mediators between PHS and diagnostic outcomes using mediation analysis, Chow 
tests, and mixed-effects models. Results indicate partial mediation for all QTs in multiple diagnostic comparisons, with 
both direct and indirect effects being statistically significant. These findings suggest that amyloid PET measures explain 
part, but not all, of the link between genetic predisposition and AD diagnosis. 
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1. Introduction

Alzheimer’s disease (AD) [1] is the most common form of dementia. It causes irreversible, progressive memory loss, 
followed by a decline in thinking abilities and memory recall. In the United States, over 6 million people currently have 
AD, and this number is expected to reach 15 million by 2050. The disease has a complex cause, involving both genetic 
factors and anatomical brain deterioration [2]–[4]. 

Genome-Wide Association Studies (GWAS) have identified many genetic variants linked to a higher risk of AD, with 
dozens of risk-related locations (loci) found in the human genome [4]–[8]. Polygenic Risk Scores (PRS) [9] are often 
used to calculate an overall AD risk by combining the effects of different genetic changes, such as Single Nucleotide 
Polymorphisms (SNPs). 

Medical imaging tools like PET scans, MRI, or fMRI are commonly used to study differences in brain structure and 
function among people with varying levels of cognitive impairment. These methods help in diagnosing AD and in 
observing brain changes related to the disease [10]–[13]. For example, AD patients often have abnormal levels of a 
protein called Beta-Amyloid 42, which clumps into plaques that disrupt brain cell function. PET scans can detect and 
measure these plaques. 
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We combined genetic and imaging methods to explore how genetic variants affect brain structure/function and AD 
diagnosis. Data came from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) [14]–[18]. We used the Polygenic 
Hazard Score (PHS) to represent genetic risk, and measured 13 imaging quantitative traits (QTs) from AV45 PET scans 
to assess amyloid buildup in different brain regions. Participants belonged to four groups: Normal (NL), early mild 
cognitive impairment (EMCI), late mild cognitive impairment (LMCI), and Alzheimer’s dementia (AD). 

We used mediation analysis [9] to find imaging QTs that act as mediators between PHS and diagnosis — meaning they 
help explain how genetic risk leads to AD. We also used the Chow test and mixed-effects models to study how the 
relationship between PHS and imaging QTs differs across the four groups. 

2. Datasets 

Data for this study came from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu) [18]. 
ADNI began in 2003 as a public–private partnership, led by Principal Investigator Michael W. Weiner, MD. Its main goal 
is to test whether serial MRI, PET, other biological markers, and clinical/neuropsychological tests can be combined to 
track the progression of mild cognitive impairment (MCI) and early Alzheimer’s disease. More information is available 
at www.adni-info.org. 

We combined two datasets: one with genetic data in the form of a Polygenic Hazard Score (PHS) and another with 13 
imaging quantitative trait (QT) measures. We analyzed 559 participants: 185 were Normal (NL), 196 had early mild 
cognitive impairment (EMCI), 153 had late mild cognitive impairment (LMCI), and 25 had Alzheimer’s dementia (AD). 

2.1. The ADNI Polygenic Hazard Score 

Genetic information was obtained in the form of a Polygenic Hazard Score, available in the ADNI dataset. This score 
quantifies the risk of developing AD considering the combination of the effect sizes of 31 SNPs located on selected genes 
[19]. 

2.2. AV45 PET Scans 

Thirteen quantitative traits coming from processed AV45 PET scans [20] of the ADNI2/GO cohorts were selected as 
imaging quantitative traits and candidate mediators. In particular, these QTs represent the quantity of amyloid protein 
deposition in several regions of the brain, therefore they can serve as an indication of the disease stage. Diagnosis data 
was also contained in this dataset.  

3. Mediation analysis 

Mediation analysis helps us understand how an independent variable (X) affects a dependent variable (Y) by using a 
third variable, the mediator (M). Think of it like this: X doesn't directly cause Y; instead, X causes M, which then causes 
Y. The mediator is the go-between. 

For example, imagine you want to see if more hours of study (X) lead to better exam grades (Y). A mediator could be a 
better understanding of the material (M). The logic is: 

• More study hours (X) lead to a better understanding of the material (M). 
• A better understanding of the material (M) leads to better exam grades (Y). 

Mediation analysis confirms this step-by-step process. 

• Direct Relationship: First, we check if the independent variable (X) significantly affects the dependent variable 
(Y). This is the main effect we're trying to explain. 

• X to M Relationship: Next, we check if the independent variable (X) significantly affects the mediator (M). This 
step is crucial because if X doesn't influence the mediator, the mediator can't be a part of the causal chain. 

• Full Model: Finally, we put all three variables together: X, Y, and M. We check if the relationship between X and 
Y becomes weaker or non-significant when we include the mediator (M) in the model. If it does, it means the 
mediator is successfully explaining at least part of the relationship between X and Y. The relationship between 
M and Y must also be significant. 
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The mediating effect of various PET imaging parameters (QTs) on the relationship between PHS (presumably a measure 
of health or status) and diagnosis. In other words, they were trying to see if the imaging results could explain how PHS 
is linked to a patient's diagnosis. 

• Independent Variable (X): PHS 
• Dependent Variable (Y): Diagnosis 
• Mediators (M): 13 different PET imaging parameters (QTs) 

3.1. Statistical Methods 

Because diagnosis is a categorical variable, the researchers had to use different statistical models for each step of the 
mediation analysis. 

• X → M relationship: They used linear regression to see how PHS related to each of the 13 QTs. 
• X → Y and M → Y relationships: They used logistic regression because the diagnosis variable had multiple 

categories. 

They simplified the diagnosis into three different binary comparisons: 

• NL (Healthy) vs. non-NL 
• NL + EMCI vs. LMCI + AD 
• non-AD vs. AD 

Key metrics for each mediation analysis: 

• ACME (Average Causal Mediation Effect): The portion of the effect of PHS on diagnosis that goes through the 
imaging parameter (the mediator). 

• ADE (Average Direct Effect): The portion of the effect of PHS on diagnosis that is not explained by the imaging 
parameter. 

• Total Effect: The combined effect of ACME and ADE. 

4. Results 

Based on the results for the first comparison (NL vs. non-NL), the study found that for every single imaging parameter, 
partial mediation was present. This means that both the ACME and ADE were statistically significant, indicating that 
while the imaging parameters do help explain the link between PHS and diagnosis, there is also still a direct link that 
isn't explained by the mediators. The mediating and direct effects were also very similar in size across all the imaging 
parameters. 

Table 1 Imaging Quantitative Traits Legend 

QT1 SPAP_GLOBAL_SUVR 

QT2 SPAP_FRONTAL_SUVR 

QT3 SPAP_TEMPORAL_SUVR 

QT4 SPAP_ANTERIOR_CINGULATE_SUVR 

QT5 SPAP_POSTERIOR_CINGULATE_SUVR 

QT6 SPAP_PARlETAL_SUVR 

QT7 SPAP_PRECUNEUS_SUVR 

QT8 AVID_STAGE_4_GLOBAL_SUVR 

QT9 AVID_STAGE_4_FRONTAL_MEDIAL_ORBITAL_SUVR 

QT10 AVID_STAGE_4_TEMPORAL_SUVR 

QT11 AVID_STAGE_4_PARlETAL_SUVR 
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QT12 AVID_STAGE_4_PRECUNEUS_SUVR 

QT13 AVID_STAGE_4_ANTERIOR_CINGULATE_SUVR 

 

Table 2 ACME, ADE and Total Effect for each mediator considering Normal vs. non-normal patients 

 ACME ADE Total_effect 

QT1 0.044 0.1162 0.1602 

QT2 0.0296 0.1293 0.1589 

QT3 0.0415 0.1183 0.1598 

QT4 0.0313 0.1282 0.1595 

QT5 0.0322 0.127 0.1592 

QT6 0.0396 0.12 0.1596 

QT7 0.0342 0.1255 0.1597 

QT8 0.0473 0.1101 0.1574 

QT9 0.036 0.1199 0.1559 

QT10 0.039 0.1215 0.1605 

QT11 0.043 0.117 0.16 

QT12 0.046 0.1122 0.1582 

QT13 0.035 0.1251 0.1601 

 

Table 3 P-Values of ACME, ADE and Total Effect for each mediator considering Normal vs. non-normal patients 

 ACME_P_Val ADE_P_Val TotEff_P_Val 

QT1 <0.001 <0.001 <0.001 

QT2 0.0220 <0.001 <0.001 

QT3 0.0020 <0.001 <0.001 

QT4 0.0140 <0.001 <0.001 

QT5 <0.001 <0.001 <0.001 

QT6 <0.001 <0.001 <0.001 

QT7 <0.001 <0.001 <0.001 

QT8 <0.001 <0.001 <0.001 

QT9 0.0160 <0.001 <0.001 

QT10 <0.001 <0.001 <0.001 

QT11 <0.001 <0.001 <0.001 

QT12 <0.001 <0.001 <0.001 

QT13 0.0020 <0.001 <0.001 
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Table 4 ACME, ADE and Total Effect for each mediator considering Normal and EMCI vs. LMCI and AD patients 

 ACME ADE Total_eff 

QT1 0.068 0.0576 0.1256 

QT2 0.061 0.06 0.121 

QT3 0.070 0.0555 0.1255 

QT4 0.060 0.0644 0.1244 

QT5 0.0460 0.0803 0.1263 

QT6 0.0752 0.0513 0.1265 

QT7 0.0796 0.0463 0.1259 

QT8 0.0664 0.0627 0.1291 

QT9 0.0761 0.051 0.1271 

QT10 0.0761 0.0515 0.1276 

QT11 0.0772 0.0518 0.129 

QT12 0.0771 0.052 0.1291 

QT13 0.0719 0.0559 0.1278 

 

Table 5 P-Values of ACME, ADE and Total Effect for each mediator considering Normal and EMCI vs. LMCI and AD 
patients 

 ACME_P_Val ADE_P_Val TotEff_P_Val 

QT1 <0.001 0.0340 <0.001 

QT2 <0.001 0.0240 <0.001 

QT3 <0.001 0.0500 <0.001 

QT4 <0.001 0.0180 <0.001 

QT5 <0.001 0.0640 <0.001 

QT6 <0.001 0.0240 <0.001 

QT7 <0.001 0.0480 <0.001 

QT8 <0.001 0.0220 <0.001 

QT9 <0.001 0.0520 <0.001 

QT10 <0.001 0.0380 <0.001 

QT11 <0.001 0.0560 <0.001 

QT12 <0.001 0.0880 <0.001 

QT13 <0.001 0.0640 <0.001 

 

Table 6 ACME, ADE and Total Effect for each mediator considering AD patients vs. all other groups 

 ACME ADE Total_effect 

QT1 0.0171 0.0228 0.04 

QT2 0.0169 0.0232 0.0401 
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QT3 0.0125 0.0265 0.0391 

QT4 0.0139 0.0255 0.0394 

QT5 0.0139 0.0255 0.0394 

QT6 0.0196 0.0202 0.0398 

QT7 0.0168 0.0229 0.0397 

QT8 0.0148 0.025 0.0398 

QT9 0.0173 0.0221 0.0394 

QT10 0.0134 0.0258 0.0392 

QT11 0.0159 0.0234 0.0393 

QT12 0.0134 0.0257 0.0391 

QT13 0.0136 0.0257 0.0393 

The final diagnostic comparison has been the one between AD diagnosed subject and all other subjects. The results of 
the mediation analysis are reported in Table 6.  

5. Conclusion  

Amyloid PET imaging traits partially mediate the relationship between genetic risk, quantified by the PHS, and 
Alzheimer’s disease diagnosis. Across all diagnostic group comparisons, both direct genetic effects and mediation 
through imaging measures were significant. Amyloid burden explains part of the genetic influence on AD risk, but 
additional non-amyloid pathways likely contribute to disease progression. These highlight the complementary role of 
genetic and imaging biomarkers in understanding AD etiology and could inform more targeted approaches to early 
diagnosis and intervention. 
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