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Mexican Americans face a significant health disparity related to the development 

of Mild Cognitive Impairment (MCI) when compared to other ethnic groups. Recent work 

has documented the utility of utilizing blood-based biomarkers in the detection of 

amnestic MCI among this population. Efforts to enhance the utility of biomarkers in 

detecting disease through the inclusion of select neuropsychological measures, an 

approach termed Molecular Neuropsychology, has shown promise. The present study 

sought to utilize the molecular neuropsychology approach and examine biobanked 

serum samples as well as neuropsychological assessments from the Health and Aging 

Brain among Latino Elders (HABLE) study. Random Forest analyses were conducted to 

determine the proteomic profile of MCI. Then separate linear regression analyses were 

conducted to determine the variance accounted for by the biomarkers within the select 

neuropsychological measures. Trail Making Test Part B was identified as having the 

least amount of variance and was combined with top five biomarkers within the MCI 

proteomic profile to create a biomarker-cognitive profile for detecting disease presence. 

This same method was applied to the amnestic and non-amnestic forms of MCI. The 

overall biomarker-cognitive profile was shown to be 90% accurate in the detection of 

MCI, with no significant increase when demographic variables were included into the 

model. Among amnestic MCI cases, the detection accuracy of the biomarker-cognitive 

profile was 92% and increased to 94% upon inclusion of demographic variables. 
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CHAPTER 1 

INTRODUCTION 

The rise in neurodegenerative diseases, particularly Alzheimer’s disease (AD), 

has resulted in increased efforts to create detection strategies for identifying earlier 

stages of the disease process. The majority of work looking at biomarkers of 

neurodegenerative diseases has focused on cerebrospinal fluid (CSF) and 

neuroimaging modalities. Although both of these diagnostic methods are highly 

accurate, they pose significant limitations including cost, accessibility, and level of 

patient burden. Blood-based biomarkers address the barriers faced by neuroimaging 

and CSF modalities (Henriksen et al., 2014) and have been proposed to serve as the 

first step in a multi-stage assessment process to aid with diagnosis (Henriksen et al., 

2014; Laske et al., 2014). 

Mild cognitive impairment (MCI) has become increasingly explored as an earlier 

stage of AD (Petersen et al., 1999; Reisberg et al., 1988). The MCI diagnosis 

encompasses those individuals who do not fully meet diagnostic criteria for a dementia 

(i.e. no functional impairment) but still display varying degrees of cognitive impairment 

(Petersen et al., 1999). These MCI cases are at an increased risk for further cognitive 

decline (Winblad et al., 2004). As a diagnostic category, MCI was refined from its initial 

form to better account for the heterogeneity of the group and now reflects a distinction 

of amnestic (memory [aMCI]) and non-amnestic (non-memory [naMCI]) forms (Winblad 

et al., 2004). 

The heterogeneity of MCI makes it a complex diagnosis as those who develop 

MCI do not progress to just one disease state. Due to the myriad of potential etiologies, 
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including neurodegenerative, vascular, metabolic, traumatic, and psychiatric (Winblad et 

al., 2004), MCI poses many challenges from both a diagnostic and a treatment 

approach. Those who meet MCI criteria may progress towards developing a more 

serious disease or could experience symptom resolution and return to a normal 

cognitive state. Thus, MCI serves to capture a unique and complex subset of early 

cognitive changes that if identified early and accurately could provide a necessary point 

for treatment intervention. 

Among the most explored group of biomarkers for the detection of MCI are 

biomarkers related to inflammation. Inflammation occurs in conjunction with the 

activation of the immune system in response to possible tissue damage or infection 

(Heneka, Kummer, & Latz, 2014). Inflammation plays a major role in repairing injured 

tissue, removing harmful pathogenic microbes as well as removing deposits of 

metabolites (Heneka, Kummer, & Latz, 2014). Inflammatory processes have become 

increasingly examined among neurodegenerative diseases in particular as it is unclear if 

the neurodegenerative processes itself triggers or is the subsequent result of activation 

of the immune system (Heneka, Kummer, & Latz, 2014). 

Among the most explored inflammatory biomarkers is TNFα, a pro-inflammatory 

cytokine. TNFα has been extensively linked with the pathology of AD and MCI due to its 

neuroprotective (Cheng, Christakos, & Mattson, 1994) as well as neurodegenerative 

properties (Perry, Collins, Wiener, Acton, & Go, 2001). Several studies have linked 

increases in TNFα to the presence of both AD and MCI (O’Bryant, Xiao, Barber et al., 

2010; O’Bryant, Xiao, Zhang et al., 2014; Troller et al., 2010). One pilot study conducted 

by Tobinick and colleagues (2006) identified that utilizing a TNFα inhibitor among 
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individuals with AD resulted in improvement over a six month span in cognitive 

functioning. Additionally, this biomarker was shown to be present in the proteomic 

profiles generated for the cognitive domains of memory, attention, and executive 

functioning (O’Bryant, Xiao, Barber et al., 2014). Another inflammatory biomarker 

examined among both AD and MCI is IL-10, an anti-inflammatory cytokine. IL-10 has 

been demonstrated in animal models to result in increased amyloid beta accumulation 

(Chakrabarty et al., 2015), which is a hallmark pathological feature of AD. Additionally, 

within this animal model, increased plaque burden was shown to be related to 

worsening cognitive behavior (Chakrabarty et al., 2015). 

Another biomarker, I-309, a glycoprotein that belongs to a family of inflammatory 

cytokines has been increasingly explored among blood-based biomarkers for neuro-

degeneration. In CSF models, I-309 was identified as one of the top six biomarkers 

correlated with severity of cognitive impairment (MCI/AD) (Hu et al., 2010). In blood-

based models, I-309 was found in both the proteomic profile for AD among Non-

Hispanic Whites (O’Bryant, Xiao, Zhang et al., 2014) as well as in the profile for aMCI 

among Mexican Americans (Edwards, Hall et al., 2015). Another glycoprotein, 

Thrombopoietin (THPO) was found in a recent study to be the strongest predictor of 

clinical AD when compared to other blood-based biomarkers; however, this was ethnic 

specific and found to be the case only among Non-Hispanic Whites (Royall & Palmer, 

2016). Due to this, Royall & Palmer (2016) suggested that THPO could be used as a 

potential target biomarker for dementia-specific intervention among Non-Hispanic 

Whites. 
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Another biomarker showing increasing promise in detecting both AD and MCI 

includes Beta 2 Microglobulin (B2M). B2M is an immune protein that is involved in 

distinguishing one’s own cells from that of invading pathogens (Smith et al., 2015). B2M 

has been identified as being increased across several proteomic profiles for AD 

(O’Bryant, Xiao, Barber et al., 2010; O’Bryant, Xiao, Zhang et al., 2014). Additionally, 

B2M was shown to be elevated among the top five biomarkers in a proteomic profile 

derived for aMCI in a sample of Mexican Americans (Edwards, Hall et al., 2015). Animal 

models have sought to examine the impact of B2M on the neurodegenerative process. 

Smith and colleagues (2015) identified that injections of B2M in animal resulted in both 

reduced growth of new neurons and in poorer memory functions. This same research 

team found that that by blocking B2M it prevented memory loss in their older animals 

(Smith et al., 2015). 

One study examining CRP levels among both MCI and AD cases (Schuitemaker 

et al., 2009) found that CRP levels were significantly higher among those with MCI 

when compared to individuals with AD. This association remained even after age, 

cardiovascular disease, and apolipoprotein E (ApoE) ε4 genotype were included into the 

model (Schuitemaker et al., 2009). Other researchers have found a similar increase in 

CRP levels among MCI cases along with a two-fold increase in CRP as being 

associated with increased disease risk (Roberts et al., 2009). Troller and colleagues 

(2010) additionally found serum amyloid A (SAA) an acute phase marker of 

inflammation and other inflammatory markers (interleukin 1beta [IL-1β], interleukin 12 

[IL-12], plasminogen activator inhibitor-1 [PAI-1]) to be elevated in MCI cases when 

compared to cognitively normal control cases. 
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The utilization of a diagnostic category as complex and varied as MCI has led to 

the exploration of biomarkers of specific subcategories within MCI, including aMCI and 

naMCI. Ijsselestijn and colleagues (2013) identified five proteins associated with aMCI 

including carboxypeptidase N subunit 2 (CPN2), complement factor B (CFB), galectin-3 

binding protein (LG3BP), serum amyloid A-4 protein (SAA4), and serum amyloid P- 

component (SAMP), all of which were found to be decreased among aMCI when 

compared to cognitively normal control cases. In contrast, other researchers identified 

several inflammatory based biomarkers (TACE, sTNFR1, sTNFR2, IL-6, TTR, IGHM, 

and ITIH1) as being up-regulated among aMCI cases (Song et al., 2014; Zhang, Jia, 

Qin, & Wang, 2013; Zhao et al., 2012). While on the other hand, others have found a 

similar increase in inflammatory markers (TTR, IGHM, ITIH1, TNFα, SAA, IL1-β, IL-12, 

PAI-1, and CRP) among naMCI (Roberts et al., 2009; Song et al., 2014; Troller et al., 

2010). 

Mexican Americans 

Rates of both MCI and AD are expected to grow exponentially by the year 2050

(Novak & Riggs, 2004). Given that the percentage of those ages 65 and above will 

nearly triple among Mexican Americans in the near future, this ethnic group makes up 

the fastest growing segment of the U.S. aging population. Despite this, there remains a 

dearth of scientific literature examining MCI and AD among this group (Novak & Riggs, 

2004; O’Bryant, Johnson, Balldin et al. 2013). Of the existing literature, research 

suggest that there may be a significant health disparity, which occurs among Mexican 

Americans as they be (1) at an increased risk for MCI and AD (Novak & Riggs, 2004), 
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(2) diagnosed at more advanced stages of the disease progression (O’Bryant, 

Humphreys, Schiffer, & Sutker, 2007; O’Bryant, Johnson, Balldin et al., 2013), (3) 

develop MCI and AD at younger ages (O’Bryant et al., 2007; O’Bryant, Johnson, Reisch 

et al., 2013), (4) have a lower frequency of the ApoEe4 allele (strongest genetic risk for 

MCI/AD among non-Hispanic Whites)(O’Bryant, Johnson, Balldin et al., 2013; O’Bryant, 

Johnson, Reisch et al., 2013), and (5) suffer from a disproportionate burden of 

modifiable risk factors for MCI and AD (e.g. diabetes, depression) (Hann et al., 2003; 

O’Bryant, Johnson, Balldin et al., 2013). 

In a clinic-based study of Mexican American patients, it was found that Mexican 

Americans (1) present less frequently to dementia specialty clinics, (2) present for initial 

evaluation at a significantly greater stage of dementia severity, and (3) are more likely to 

be diagnosed with non-AD dementia due to significantly higher psychiatric (i.e. 

depressive) symptoms (O’Bryant et al., 2007). Furthermore, among a community-based 

sample, Mexican Americans were shown to be (1) significantly younger, (2) achieved 

fewer years of education, and (3) score lower on neurocognitive testing when compared 

to non-Hispanic whites (O’Bryant, Johnson, Balldin et al. 2013). When examining risk 

for MCI, Mexican Americans were again shown to significantly differ from their non-

Hispanic white counterparts. Data from 626 community-dwelling Mexican Americans 

were utilized to identify specific risk factors for MCI (O’Bryant, Johnson, Reisch et al., 

2013). Of the established risk factors among non-Hispanic whites, including 

hypertension, hyperlipidemia, obesity, education and gender, none were supported as 

risk factors for MCI among Mexican Americans. Instead, MCI risk factors included 

metabolic factors such as diabetes(O’Bryant, Johnson, Reisch et al., 2013) as 
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compared to cerebrovascular disease risk, which was found among non-Hispanic 

whites (Johnson, Cushing, Rohlfing et al., 2014). 

Prior work has been successful in demonstrating that biomarkers can vary and 

even be moderated by ethnicity (Baldwin et al., 2007; Bu, Salto, De Leon, & De Leon, 

2011; Choi, Song, Lee, Kang, & Kang, 2013; Damcott et al., 2003; Kant & Graubard, 

2012; Royall & Palmer, 2014; Veeranna et al., 2012); however, despite this, there is 

very little data examining the impact of ethnicity on biomarkers of MCI and AD (Bertoli 

Avella et al., 2002; Jun et al., 2010). Of the current blood-based biomarker work being 

conducted, a series of studies have been completed under the Sacramento Area Latino 

Study on Aging (SALSA)(Hann et al., 2007; Miller et al., 2003; Ramos et al., 2005). 

Among this cohort, folate (Ramos et al., 2005) and homocysteine (Haan et al., 2007) 

levels were found to be related to neuropsychological functioning (Miller et al., 2003) 

and risk for dementia (Haan et al., 2007). Among our group, serum C-reactive protein 

(CRP) levels were found to be significantly lower in AD and MCI cases compared to 

normal controls among both Mexican Americans as well as non-Hispanic Whites 

(O’Bryant, Johnson, Edwards et al., 2013). Additionally, ethnic differences were noted 

as CRP levels were not found to be associated with functional outcomes among 

Mexican Americans, whereas it was related among non-Hispanic Whites (O’Bryant, 

Johnson, Edwards et al., 2013). Also supported by this work were notable differences in 

the association between CRP and disease severity among non-Hispanic whites, which 

was not found to be the case for Mexican Americans thus supporting ethnic differences 

among the presentation and relative impact of certain blood-based biomarkers 

(O’Bryant, Johnson, Edwards et al., 2013). 
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More recent work has sought to further address the dearth in the literature 

regarding the impact of ethnicity on blood-based biomarkers, specifically related to AD. 

Amongst these efforts, O’Bryant and colleagues were successful in generating a serum-

biomarker profile of AD among Mexican Americans (O’Bryant, Xiao, Edwards et al., 

2013), a profile which was shown to be significantly different from that of their prior work 

among non-Hispanic whites (O’Bryant, Xiao, Barber et al., 2010; O’Bryant, Xiao, Barber 

et al., 2011). Briefly, previous work successfully generated and cross-validated a blood-

based screening tool for AD among a sample of non-Hispanic whites with the initial 

profile consisting of 108 proteins (AUC=0.95; SN=0.94; SP=0.84) (O’Bryant, Xiao, 

Barber et al., 2010). This profile was later refined to 30 proteins, which yielded a 

comparable overall accuracy (AUC=0.94), sensitivity and specificity (0.89, 

0.85)(O’Bryant, Xiao, Barber et al., 2011) and was then further reduced to 21 serum 

proteins with an equivalent accuracy level (AUC=0.96) (O’Bryant, Xiao, Zhang et al., 

2014). When restricted to early AD (Clinical Dementia Rating Scale [CDR] <=1; mild 

dementia [O’Bryant, Lacritz, Hall et al., 2010; O’Bryant, Waring, Cullum et al., 2008]), 

the same serum proteins yielded an excellent accuracy (AUC=0.93). Similarly, when 

restricted even further to a CDR=0.5 (very mild dementia [O’Bryant, Lacritz, Hall et al., 

2010; O’Bryant, Waring, Cullum et al., 2008]), accuracy was retained 

(AUC=0.85)(O’Bryant, Xiao, Zhang et al., 2014). 

The top markers within the serum-biomarker AD profile of Mexican Americans 

were found to be metabolic in nature indicating that the biological underpinnings of the 

disease state (AD/MCI) may differ by ethnicity (O’Bryant, Xiao, Edwards et al., 2013). 

Moreover, this work extended towards examining serum biomarker profiles of MCI with 
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specific focus on the amnestic form as it serves to represent the prodromal stage of AD. 

The results of this effort showed that the profile generated for aMCI was notably 

different from the metabolic based profile of AD among Mexican Americans (O’Bryant, 

Xiao, Edwards et al., 2013) and was in fact closer in line with the inflammatory based 

profile identified among AD non-Hispanic whites (O’Bryant, Xiao, Barber et al., 2010). 

The overall biomarker profile, which included a total of 21 proteins (from the previously 

identified AD blood algorithm [O’Bryant, Xiao, Edwards et al., 2013]) was 96% accurate 

in determining aMCI status (95% CI=0.0916-1) with a sensitivity of 0.82 (95% CI: 0.685-

0.914) and specificity of 0.97(95% CI:0.941-0.995)(Edwards, Hall, Williams, Johnson, & 

O’Bryant, 2015). When demographic variables were included into the model (age, 

gender, and education), the level of accuracy remained at 96% (95% CI: 0.915-1); 

however, there was a noted increase in specificity to 99% (95% CI: 0.962-

0.999)(Edwards, Hall et al., 2015). These findings implicate possible biological changes 

reflective of disease progression and point to a possible window for therapeutic 

intervention. 

Molecular Neuropsychology 

Early work on biomarkers of AD and MCI focused predominantly on biomarkers 

that demonstrate a significant overlap with the disease state. As neuropsychological 

assessment is commonly utilized as a means of identifying disease presence as well as 

severity, it was hypothesized that biomarkers related to AD/MCI would also account for 

a significant amount of variance in neuropsychological measures commonly utilized to 

diagnose such disorders. Seminal work with the molecular neuropsychology approach 
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sought to identify biomarker profiles of neurocognitive functioning (O’Bryant, Xiao, 

Barber et al., 2014). Through this work, O’Bryant and colleagues examined the relative 

overlap of biomarkers and specific domains of cognition. In that study (O’Bryant, Xiao, 

Barber et al., 2014) serum multiplex biomarker data were analyzed on 108 proteins from 

395 participants (197 AD cases and 198 controls) from the Texas Alzheimer’s Research 

and Care Consortium. Random forest analyses were utilized to create 

neuropsychological test-specific biomarker risk scores that were entered into linear 

regression models predicting the respective neuropsychological test scores. The 

biomarker risk scores were significant predictors (p<0.05) of scores on all 

neuropsychological tests (O’Bryant, Xiao, Barber et al., 2014). With the exception of 

premorbid intellectual status (6.6%), the biomarker risk scores alone accounted for a 

minimum of 12.9% and upwards of 47% of the variance in neuropsychological scores 

(O’Bryant, Xiao, Barber et al., 2014). 

Biomarker algorithms (biomarker risk scores + demographics) accounted for 

substantially more variance in cognitive test scores. Review of the variable importance 

plots indicated differential patterns of biomarker significance for each test, suggesting 

the possibility of domain-specific biomarker algorithms (O’Bryant, Xiao, Barber et al., 

2014). O’Bryant and colleagues (2014) found that biomarkers such as TNFα, pancreatic 

polypeptide (PPY), Thrombopoietin, TNC, CRP, and MIP-1α were all shown to be linked 

specifically to the domain of memory (O’Bryant, Xiao, Barber et al., 2014) while other 

biomarkers including epidermal growth factor receptor (EGFR), TNC, connective tissue 

growth factor (CTGF), TNFα, serum amyloid P (SAP), MCP-1, and Thrombopoietin 

were found to be linked to executive functioning. Additionally, interleukin 3 (IL-3), 
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interleukin 10 (IL-10), Thrombopoietin, stem cell factor, MCP-1, TNFα, immunoglobulin 

E (IgE), cortisol and MIP-1α were all found to be related specifically to attention 

(O’Bryant, Xiao, Barber et al., 2014). Although some overlap in biomarkers was 

identified across the domains of memory, attention, and executive functioning, there 

was still a significant discrepancy between the overall biomarker profiles of the different 

domains. This line of work examining biomarkers based on cognitive domain signifies 

the importance of why a heterogeneous category such as MCI, which can be divided 

into amnestic and non-amnestic forms, should be examined as separate groups with the 

possibility for distinct biomarker profiles. 

Understanding the link between biomarkers and measures of cognitive domains 

was essential as it shed light on the fact that overlap did in fact exist and it did so to a 

varying degree. It also specifically highlighted that in order for cognitive measures to be 

useful in an algorithm with biomarkers that they needed to have minimal overlap with 

the biomarkers themselves in order to enhance the diagnostic accuracy. The capability 

of integrating multiple sources of data such as demographics, cognitive tests, and 

biomarkers lends strength towards the molecular neuropsychology approach particularly 

when it comes to challenging diagnostics categories such as MCI that presents with 

amnestic and non-amnestic forms. Current acceptable methods for diagnosing MCI 

have been translated back from those methods shown effective with AD. As MCI does 

not always translate forwards towards the development of AD, the success of such 

methods has been limited. The ability to use biomarkers in an effort to identify biological 

alterations that may accompany early subtle cognitive changes addresses the variability 

of MCI as a diagnostic state. 

11



Of the work that has been conducted with the molecular neuropsychology 

approach, it has focused exclusively on non-Hispanic whites. The first study examined 

the top two makers (IL7 and TNFα) from the O’Bryant and colleagues algorithm for AD 

among non-Hispanic whites (O’Bryant, Xiao, Barber et al. 2010), in combination with 

one measure of executive functioning (Clock-4 point), along with demographic variables 

(age, gender, and education), and obtained an overall detection accuracy of 90% within 

the total sample (Edwards, Balldin, Hall, & O’Bryant, 2015). When broken down by 

Clinical Dementia Rating (CDR) scale scores, those with a CDR=0.5-1 (early AD), were 

detected with an overall accuracy of 91% while those with a CDR =0.5 (very early AD) 

were detected with a comparable accuracy rate (AUC= 0.91) (Edwards, Balldin et al., 

2015). This work was able to create a biomarker-cognitive profile of early and very early 

AD cases, which yielded a high accuracy. 

The next study implementing a molecular neuropsychology approach refined the 

methodology and included the top five molecular markers (IL5, IL6, IL7, TNFα, and 

CRP) from the O’Bryant and colleagues algorithm for AD (O’Bryant, Xiao, Barber et al., 

2010) with the addition of one neuropsychological measure, identified as having the 

least amount of variance overlap with the select biomarkers. This study found that the 

highest variance accounted for was related to measures of immediate and delayed 

memory (Logical Memory I [19%], Logical Memory II [20%], Visual Reproduction I 

[19%], and Visual Reproduction II [22%])(Edwards, Hall et al., 2015) with measures of 

attention, language, and executive demonstrating substantially lower shared variance 

with the select biomarkers. The Controlled Oral Word Association (COWAT) displayed 

the lowest amount of variance overlap (5%) and was selected for inclusion (Edwards, 
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Balldin et al., 2015). When combined with the five selected biomarkers and 

demographic variables, the COWAT added to the diagnostic accuracy and was able to 

correctly classify 91% with a sensitivity and specificity of 90% and 92%, respectively 

(Edwards, Balldin et al., 2015). This work was able to (1) refine the number of markers 

needed for the molecular neuropsychology approach, (2) cross-validate the work across 

an independent assay platform, and (3) provide additional support that biomarker 

profiles vary by neuropsychological measure. 

Prior work has been successful in demonstrating that blood-based biomarkers 

can be combined with select neuropsychological tests to accurately detect early and 

even very early forms of AD through a molecular neuropsychology approach (Edwards, 

Balldin, Hall, & O’Bryant, 2014; Edwards, Balldin et al., 2015). Here we aim to extend 

this line of work towards the detection of MCI, specifically among Mexican Americans. It 

is my hypothesis that serum blood-based biomarkers (1) will be strongly related to 

neuropsychological test scores and (2) when combined with select cognitive measures, 

can be implemented as a biomarker-cognitive screening tool for the detection of MCI 

among Mexican Americans. 
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Hypotheses 

Provided the background information presented above, the specific aims 

(Specific Aim 1 and Specific Aim 2) of this study are as follows: 

Specific Aim 1. Identify blood-based biomarkers of neuropsychological 

functioning among a sample of Mexican Americans. It is hypothesized that blood-based 

biomarkers will account for a significant amount of variance in neuropsychological 

measures of memory, language, and executive functioning. Additionally, it is believed 

that the biomarker profiles will be different between neuropsychological measures of 

memory, language, and executive functioning. 

Specific Aim 2. Combine the identified blood-based biomarkers with select 

neuropsychological measures to detect MCI among Mexican Americans. It is 

hypothesized that the combination of the blood-based biomarkers and 

neuropsychological measures will significantly classify MCI as compared to cognitively 

normal control cases among Mexican Americans (AUC >0.80). Additionally, it is 

theorized that the combination of the blood-based biomarkers and neuropsychological 

measures will significantly classify the amnestic subtype of MCI when compared to 

cognitively normal control cases (AUC> 0.85). 
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CHAPTER 2 

METHOD 

2.1 Participants 

Data were analyzed on 463 participants age 50 and above with and without 

cognitive impairment (normal control n=378; MCI n=85). The current project leverages a 

community-based protocol the Health and Aging Brain among Latino Elders (HABLE), 

an ongoing epidemiological study of cognitive aging among Mexican Americans. 

Recruitment for HABLE is based on a community-based participatory research (CBPR) 

approach, which involves partnering with the community, hosting community events, 

distribution of flyers, mail-outs, and community presentations. The CBPR approach has 

been shown to hold comparable recruitment samples to that of the community at large 

(O’Bryant, Edwards, Menon, Gong, & Barber, 2011). Targeted CBPR recruitment 

locations are based on analyses of zip codes within Tarrant County with the highest 

population density of Hispanic individuals. Current enrollment into the HABLE study is 

527 Mexican Americans with a 95% retention rate for follow-up visits. HABLE has an 

IRB approved protocol with each eligible participant (and/or informants for cognitively 

impaired individuals) providing written informed consent. 

2.2 Participant Screening 

All patients undergo a comprehensive medical examination as part of his/her 

annual primary care visit through the HABLE protocol. The annual exam includes a 

medical exam (including a neurological examination), clinical labs, review of current 

medications, and medical diagnoses. Each participant also undergoes a clinical 

interview (consent, inclusion/exclusion, and informant report), neuropsychological 
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testing, and a venipuncture for biobanking purposes. Research diagnoses are 

determined through a consensus panel, which is made up of two licensed clinical 

neuropsychologists, a nurse practitioner, and community health workers, all of whom 

review the data and provide diagnostic assessments according to NINCDS-ADRDA 

criteria (McKhann et al., 1984) for AD and Mayo criteria for MCI (Petersen & Negash, 

2008). Cognitively normal individuals are those determined to have performed within 

normal limits on neuropsychological assessments. 

The neuropsychological assessment includes measures of global cognitive 

functioning/status (Clinical Dementia Rating Scale[Morris, 1994], Mini-Mental State 

Examination[Folstein, Folstein, & McHugh, 1975]), attention (Digit Span[Weschler, 

1987] and Trail Making Test Part A [TMTA][Corrigan & Hinkeldey, 1987]), executive 

function (Trail Making Test Part B [TMTB] [Corrigan & Hinkeldey, 1987] and Clock 

Drawing[Sunderland et al., 1989]), memory (Wechsler Memory Scale Logical Memory I 

[LMI], Logical Memory II [LMII], Visual Reproduction I [VRI], Visual Reproduction II 

[VRII] [Weschler, 1987]), language (Boston Naming Test [BNT] [Kaplan, Goodglass, & 

Weintraub, 1983], animal naming and FAS Verbal Fluency[COWAT] [Morris et al., 

1989]), premorbid IQ (American National Adult Reading Test [AMNART][Blair & Spreen, 

1989]), psychiatric (Geriatric Depression Scale[Yesavage et al., 1982], Neuropsychiatric 

Inventory-Questionnaire[Kaufer et al., 2000]), and daily function (Independent Activities 

of Daily Living scale[Lawton & Brody, 1969]). Our research team has generated norms 

for English- and Spanish-speaking Mexican Americans on these tests (O’Bryant et al., 

manuscript under review). 
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2.3 Serum Collection Procedures 

Serum samples are collected according to the recently established guidelines by 

the international working group (O’Bryant, Gupta, Henriksen et al., 2015) as follows: (1) 

fasting blood collected using 21g needle, (2) sample tubes collected in the following 

order – blood culture tube, coagulation tube, serum, heparin, plasma EDTA tube, (3a) 

serum tube will be allowed clot for 30 minutes at room temperature in a vertical position, 

(3b) plasma tubes gently inverted 5-10 times, (4) the tube will be centrifuged with 

horizontal rotor for 10 minutes at 2000 x g within one hour of collection, (5) 1.0 mL 

aliquots of serum will be transferred into polypropylene (cryovial) tubes, (6) sample ID 

(Freezerworks™ barcode labels) will be firmly affixed to each aliquot, and (7) samples 

will be placed into -80º C freezer within 2 hours of collection for storage until assay 

completion. 

2.3.1  Assays 

Serum samples were assayed in duplicate via a multi-plex biomarker assay 

platform using electrochemiluminescence (ECL) through a SECTOR Imager 2400A 

from Meso Scale Discovery (MSD; http://www.mesoscale.com). The MSD platform has 

been utilized extensively to assay biomarkers associated with a range of human 

diseases including AD (Alves et al., 2010; Kounnas et al., 2010; Kuhle et al., 2010; Oh 

et al., 2010). ECL technology uses labels that emit light when electrochemically 

stimulated, which improves the sensitivity of detection of many analytes even at very 

low concentrations. ECL measures have well-established properties of being more 

sensitive and as requiring less volume than conventional ELISAs (Kuhle et al., 2010), 
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which is considered to be the gold standard for most assays. Twelve MSD plates were 

run through MSD with a total of 500µl of serum being required from each participant. 

For Specific Aim 1, the serum markers will be assayed from 463 HABLE participants at 

time 1. The serum biomarkers that will be examined include: Fatty acid binding protein 

(FABP), beta 2 microglobulin (B2M), pancreatic polypeptide (PPY), c-reactive protein 

(CRP), sICAM1, sVCAM1, thrombopoeitin, α2 macroglobulin(A2M), exotaxin 3, tumor 

necrosis factor α (TNFα), tenascin C (TNC), interleukin (IL)-5, IL6, IL7, IL10, IL18, 

TARC, SAA, IL1β, I309, and Factor VII. The biomarkers have been selected due to 

previous work linking them with AD among Mexican Americans (O’Bryant, Xiao, 

Edwards et al., 2013; Edwards, Hall et al., 2015). Internal QC protocols are 

implemented in addition to manufacturing protocols including assaying consistent 

controls across batches, analysis of impact of protocol variability (e.g. freeze thaw 

cycles), and assay of pooled standards across lots.  

2.4 Data Analysis 

Analyses were performed using R statistical software. Analyses took place in a 

series of steps. To determine the difference in demographic characteristics between 

MCI and cognitively normal participants, one way ANOVAs were conducted to examine 

group differences for categorical (gender) and continuous variables (age, education, 

and biomarkers). Biomarker data was generated utilizing the MSD software and 

exported from the MSD program into an excel file. Power analyses were calculated 

using G*Power 3.1.9.2. Based on prior work (O’Bryant, Xiao, Barber et al., 2014), a 

medium to large effect size for the biomarker’s impact on neuropsychological test 
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scores was assumed. Therefore, the statistical models/power calculations were based 

on the smallest anticipated effect size (r=0.15). A sample size of 111 participants was 

shown to provide a power = 0.95 with alpha set at 0.05. The HABLE available sample 

size of 463 participants will provide an observed power of 0.99 with alpha = 0.001 to test 

the hypotheses outlined below. 

Specific Aim 1 was conducted over three different steps. The first step was to 

determine the proteomic profile of the specific neuropsychological measures while the 

second step consisted of determining the proteomic profile of MCI. To achieve these 

analyses, random forest methods, which are a type of ensemble learning, were 

conducted. The Gini plot obtained from these analyses enable for the determination of 

the top biomarkers from each derived proteomic profile. Random forest provides 

advantages over other statistical methods in that it does not require the same 

assumptions to be met thereby allowing for missing, zero, and even skewed values to 

be included into the analysis. The ensemble learning approach thus enables the 

biomarkers to retain their natural occurring quantities without requiring adjustment or 

alteration. As the biomarkers examined are natural occurring proteins within each 

individual participant and vary drastically, the ability to retain their true value provided an 

advantage over transforming the data and changing the natural occurring nature of the 

biomarkers. 

For Specific Aim 1, the sample was randomly assigned into a training and test 

set, wherein 50% of the total 85 MCI cases (n=48) were placed into the training set 

along with 194 (50%) of the cognitively normal control cases. The remaining 50% of the 

sample were placed into the test set for purposes of providing validation for the model. 
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In line with Specific Aim 1, separate random forest analyses were conducted within the 

training set per neuropsychological measure, which consisted of the following tests: 

memory (WMS-III Logical Memory I and II; WMS-III Visual Reproduction I and II), 

language (COWAT, BNT), and executive functioning (TMTB). This allowed for the top 

biomarkers linked with each neuropsychological test to be identified through relative 

importance plots (Gini Plots). It was theorized that the molecular profiles would vary by 

neuropsychological measure. Utilizing the training set, one additional random forest 

analysis was conducted to examine the proteomic profile of MCI. Once the top five 

biomarkers within this overall MCI proteomic profile were determined they would then 

utilized within future random forest models. 

Next, the amount of explained variance between the individual 

neuropsychological measures and the top five biomarkers identified within the 

proteomic profile for MCI was evaluated through separate linear regression models. 

Specifically, the separate linear regression models were conducted within the training 

set utilizing the top five markers as the dependent variables with each individual 

neuropsychological measure (memory [WMS-III Logical Memory I and II; WMS-III Visual 

Reproduction I and II], language [COWAT, BNT], and executive functioning [TMTB]) as 

the independent variable. This allowed for the amount of explained variance by the top 

biomarkers to be determined per individual neuropsychological measure. The goal of 

Specific Aim 1 was to also identify the neuropsychological measure with the least 

amount of variance overlap with the biomarkers and to then utilize that specific measure 

in combination with the select biomarkers to establish a cognitive-biomarker profile for 

predicting MCI (Specific Aim 2). 
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Based on prior work (O’Bryant, Xiao, Barber et al., 2014), it is hypothesized that 

the relative importance of select biomarkers within the algorithm will change based on 

the neuropsychological test. Using MedCalc 13 sampling procedure for ROC curves, 

our sample size will provide us with an observed AUC>0.80 for the full MCI sample. 

With an anticipated minimum AUC>0.80 to detect MCI, a minimum sample size of 24 

MCI cases and 120 controls is required for an alpha = 0.01 and power of 0.99. 

Therefore, the available sample size of n=85 MCI cases (n=68 aMCI) will provide 

sufficient power to detect the proposed effect for analyses examining all MCI cases as 

well as sub-group analyses of aMCI. 

Once the neuropsychological measure with the lowest explained variance with 

the top five biomarkers of the MCI profile was identified through Specific Aim 1, random 

forest analyses were conducted within the training set to examine the predictive ability 

of the top five biomarkers and the one identified neuropsychological measure in the 

detection of MCI. The same combined biomarker-cognitive algorithm was then applied 

to the test set for purposes of validating the model. Additionally, through analysis of the 

test set, the specified sensitivity and specificity were derived for the biomarker-cognitive 

profile. Supplementary random forest analyses were conducted with the training set 

wherein demographic variables (age, gender, and education) were also included to 

create a biomarker-cognitive-demographic model to examine if this further enhanced 

the detection accuracy of the model. As with the initial biomarker-cognitive model, the 

combined algorithm for the biomarker-cognitive-demographic model was then applied to 

the test set for validation. Sensitivity and specificity estimates were also obtained for this 

refined model. 
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This same method was then applied to the aMCI group, where the sample was 

split 50/50 (MCI n= 34; cognitively normal control cases n =164) and randomly assigned 

into a training or test set. Initial random forest analyses consisted of the top five 

biomarkers combined with the one neuropsychology measure identified in Specific Aim 

1. Then the addition of demographic variables was added in follow-up random forest

analyses for increased accuracy. Preliminary random forest analyses were also 

conducted with a matched sample based on age for naMCI (n=17) and cognitively 

normal control cases (n= 23) to further examine the biomarker-cognitive profile with the 

same two step model approach ([1] biomarker-cognitive profile and [2] biomarker-

cognitive-demographic profile). 
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CHAPTER 3 

RESULTS 

Demographic characteristics and neuropsychological test performance between 

MCI and the cognitively normal control group of the HABLE sample can be found in 

Table 1. Descriptive data of the twenty-one biomarkers across the two diagnostic 

groups of MCI and cognitively normal controls can be found in Table 2. MCI cases were 

identified as being significantly older (p<0.001), having fewer years of education 

(p<0.001), and as predominantly female (p=0.001). Significant differences were further 

observed between the biomarkers between MCI cases and those with normal cognitive 

functioning. Those with MCI were found to have higher levels of A2M (p=0.03), B2M 

(p<0.001), FABP (p<0.001), IL10 (p=0.001), IL6 (p=0.002), and TNFα (p<0.001) as 

compared to normal cognitive control cases. 

Table 1 

Demographic Characteristics and Neuropsychological Test Performance of Mild 

Cognitive Impairment and Cognitively Normal Control Groups 

Mild Cognitive Impairment 
Mean(SD)            Range 

Cognitively Normal Control 
Mean (SD)             Range 

P-Value 

Gender Male (%) 35% 19% 
Age 66.3(8.3) 50-86 58.9(6.5) 50-85 <0.001 
Education 6.1(3.9) 0-17 8.2(4.2) 0-18 <0.001 
Trail Making Test Part 
B 

228.7(77.4) 61-377 142.5(67.3) 41-311 <0.001 

Logical Memory I 23.3(10.9) 0-44 34.2(9.4) 5-61 <0.001 
Logical Memory II 11.5(7.5) 0-31 21.0(7.3) 0-39 <0.001 
Visual Reproduction I 49.4(13.3) 23-80 66.9(14.5) 28-96 <0.001 
Visual Reproduction II 15.9(13.6) 0-70 36.1(17.7) 0-84 <0.001 
Boston Naming Test 35.1(9.0) 17-54 42.6(9.1) 16-60 <0.001 
COWAT 19.6 (9.3) 3-42 26.4(9.6) 3-55 <0.001 
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Table 2 

Descriptive Data for Twenty-one Proteins Examined across MCI and Cognitively Normal 

Control Cases 

Mild Cognitive Impairment 
Mean(SD)      Range 

Cognitively Normal Control 
Mean (SD)             Range 

P-
Value 

A2M(μg/L) 2282304663 
(747048470.6) 

913828839.1-
4471128490 

2116838969 
(622844036.6) 

917998851.4-
4830279080 

0.036 

B2M(μg/L) 2610363.7 
(994325.4) 

1302428.9-
5438323.7 

2134320.5 
(752088.5) 

1039951.8-
6296012.4 

<0.001 

CRP (μg/L) 4202.5 
(4886.2) 

275.7- 
32343-6 

4611.4 
(5822.2) 

69.4- 
42658.9 

0.550 

Eotaxin3(μg/L) 0.6(2.2) 0.1-18.6 0.9(9.9) 0.1-173.3 0.784 

FABP(μg/L) 87275.4 
(49365.3) 

13985.0-
274661.8 

63564.1 
(31113.6) 

11883.0- 
230485.9 

<0.001 

FVII(μg/L) 1177177.8 
(277638.5) 

507238.5-
1938878.3 

1228581.1 
(252696.4) 

558290.5-
2129447.2 

0.101 

I309(μg/L) 5.5(5.7) 0.5-25.8 5.7(7.1) 0.4-48.4 0.804 

IL10(μg/L) 19.6(68.3) 0.6-569.4 4.5(15.5) 0.1-242.2 0.001 

IL18(μg/L) 300.3(167.7) 47.1-1366.9 261.7(164.6) 22.1-1996.2 0.055 

IL1β(μg/L) 0.1(0.1) 0.0-0.2 0.1(0.5) 0.0-9.8 0.614 

IL5(μg/L) 0.8(1.3) 0.1-10.5 1.1(3.9) 0.0-58.6 0.641 

IL6(μg/L) 4.7(9.9) 0.9-74.6 2.7(2.1) 0.1-20.0 0.002 

IL7(μg/L) 9.6(3.5) 2.5-20.1 9.8(4.1) 1.7-26.9 0.804 

PPY(μg/L) 988.6(284.2) 273.1-1532.1 948.6(261.2) 148.8-1628.5 0.216 

SAA(μg/L) 8353.6(9010.5) 520.7-45307.6 10032.5 
(24629.1) 

3.7-275747.3 0.535 

sICAM1(μg/L) 363.8(102.5) 180.4-699.8 341.3(93.5) 179.3-790.0 0.052 

sVCAM1(μg/L) 505.2(138.5) 149.4-962.9 480.7(174.6) 254.0-2462.9 0.230 

TARC(μg/L) 224.8(144.6) 29.3-571.1 187.9(406.7) 27.5-6867.9 0.633 

Thrombopoietin(μg/L) 743.5(214.8) 332.4-1299.1 653.0(246.9) 149.9-1420.1 0.002 

TNC(μg/L) 35632.4 
(13010.6) 

15651.7- 
79749 

37678.4 
(12101.7) 

11530.1-
120730.8 

0.170 

TNFα(μg/L) 5.3(1.6) 1.7-9.9 2.8(1.6) 0.4-10.8 <0.001 

Note: Platform: Enzyme-linked immunosorbent assay (ELISA). Assay: Alpha 2-macroglobulin 
(A2M); Beta 2-macroglobulin (B2M); C-reactive protein (CRP); Fatty Acid Binding Protein 
(FABP); Factor VII (FVII); Interleukin 10 (IL10); Interleukin 18 (IL18); Interleukin 1beta (IL1β); 
Interluekin 5 (IL5); Interleukin 6 (IL6); Interleukin 7 (IL7); Pancreatic Polypeptide (PPY); Serum 
amyloid A (SAA); soluble intercellular adhesion molecule-1 (sICAM1); soluble vascular cell 
adhesion molecule-1 (sVCAM1); Tenascin c (TNC); Tumor necrosis factor alpha (TNFα). 
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Specific Aim 1 

Initially, the proteomic profile for each specific neuropsychological measure was 

determined based on the twenty-one biomarkers examined. Within the executive 

functioning domain, the top five biomarkers for Trail Making Test Part B included TNC, 

I309, Il7, FVII, and Thrombopoietin (See Figure 1). Related to the verbal memory 

measure of LM1 (see Figure 2), the top biomarkers included IL7, Eotaxin3, CRP, IL6, 

and Thrombopoietin while the top five markers for LM II (see Figure 3) were IL7, 

Eotaxin3, SAA, Fatty Acid Binding Protein, and IL6. With regards to the measure of 

visual memory (see Figure 4), the top biomarkers for VR I included TNFα, TNC, IL10, 

Thrombopoietin, and FVII while the top biomarkers for VR II (see Figure 5) consisted of 

TNC, TNFα, Thrombopoietin, IL10, and FVII. For the domain of language, the top 

biomarkers related to confrontational naming (BNT) (see Figure 6) were found to be 

TNC, TNFα, sICAM1, IL10 and Thrombopoietin. For phonemic fluency (COWAT) (see 

Figure 7) the top five biomarkers included B2M, Fatty Acid Binding Protein, IL5, TNFα, 

and SAA. 
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Figure 1. Biomarker profile of Trail Making Test Part B 
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Figure 2. Biomarker profile of Logical Memory I 
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Figure 3. Biomarker profile of Logical Memory II 
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Figure 4. Biomarker profile of Visual Reproduction I 
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Figure 5. Biomarker profile of Visual Reproduction II 
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Figure 6. Biomarker profile of Boston Naming Test 
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Figure 7. Biomarker profile of Controlled Oral Word Association Test 
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Although the profiles for each cognitive measure examined were distinct there 

was still substantial overlap in the biomarkers across cognitive domains. Ten 

biomarkers including TNC, IL7, FVII, Thrombopoietin, Eotaxin3, IL6, SAA, FABP, TNFα, 

and IL10 were shown to present in at least two of the seven biomarker profiles. Six 

biomarkers (TNC, IL7, FVII, TNFα, and IL10) were shown to occur in at least three 

different biomarker profiles while one biomarker, Thrombopoietin, was present in five 

out of the seven profiles. Within the domain of memory, three biomarkers (IL7, Eotaxin3, 

and IL6) were presented in both LM I and LM II profiles. A similar pattern was observed 

as five of the top biomarkers (TNC, TNFα, Thrombopoietin, IL10, and FVII) were shown 

to be overlapping across the VR I and VR II profiles. In contrast, within the domain of 

language, only one biomarker (TNFα) was shown to occur across both the 

confrontational naming (BNT) and the phonemic fluency (COWAT) profiles. Although 

only one measure of executive functioning (TMTB) was used, three biomarkers (TNC, 

Thrombopoietin and FVII) from that profile overlapped with the profile for VR I and VR II. 

Additionally, two biomarkers (TNC and Thrombopoietin) from the executive functioning 

profile overlapped with the profile for the Boston Naming Test. 

Next, the proteomic profile of MCI was determined through random forest 

analyses within the training set. Across the total twenty-one biomarkers examined, the 

top five biomarkers identified within the Gini Plot among Mexican Americans with MCI 

included the following: TNFα, IL10, I309, Thrombopoietin, and B2M (See Figure 8). The 

overall accuracy (area under the curve [AUC]) of the biomarkers in the detection of MCI 

compared to cognitively normal control cases was 82% (SN= 0.98 [95% CI: 0.95-0.99]; 

SP= 0.46 [95% CI: 0.32-0.61])(See Figure 9). Next, utilizing the top five biomarkers, the 
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explained variance was determined for each of the neuropsychological measures 

examined. Within the domain of executive functioning, the set shifting measure selected 

(Trail Making Test Part B) accounted for one percent of the explained variance. When 

further examining measures related to other cognitive domains such as memory, there 

was a distinction between verbal and visual based memory tasks with each of the verbal 

based measures (LM I and II) accounting for two percent of the explained variance. 

When compared to visual memory, there was an increase in variance explained as both 

VR I and VR II accounted for four percent of the variance. This finding suggests that 

even with a cognitive domain such as memory that biomarkers can vary with regards to 

the amount of explained variance. Differential levels of shared variance were also 

observed within the cognitive domain of language. With regards to a measure of 

confrontational naming (BNT) it was found to account for the greatest amount of 

explained variance at five percent while a measure of phonemic fluency (COWAT) was 

shown to account for two percent of explained variance. 
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Figure 8. Gini plot for top twenty-one biomarkers for the detection of Mild Cognitive 

Impairment 
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Figure 9. The overall accuracy (area under the curve) of the twenty-one biomarkers in 

determining Mild Cognitive Impairment 
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MCI, and AD, similarly, both time and numbers of errors (based on specified cut-offs) 

were shown to differentiate diagnostic categories; however, the combination of time and 

number of errors resulted in a higher specificity (Ashendorf et al., 2008). Because the 

Trail Making Test Part B was found to have the least amount of variance overlap with 

the top five biomarkers it was selected for further analysis in Specific Aim 2. This was 

done to maximize the strengths of the approach by minimizing overlap. 

Specific Aim 2 

When the top five biomarkers were combined with one neuropsychological 

measure, identified in Specific Aim 1 as the Trail Making Test Part B, to create a 

biomarker-cognitive profile the overall accuracy level (area under the curve [AUC]) of 

the training set in determining MCI from cognitively normal control cases was 90% 

(Sensitivity [SN]= 0.95 [95% CI: 0.91-0.97]; Specificity [SP]= 0.617 [95% CI: 0.46-0.75]) 

(See Figure 10). When applied to the test set, the area under the curve increased to 

94% (See Figure 11). Additionally, within the test set, the sensitivity and specificity were 

able to be obtained, see Figure 12.  
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Figure 10. The overall accuracy (area under the curve) of the top five biomarkers and 

Trail Making Test Part B in determining Mild Cognitive Impairment in the training set 
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Figure 11. The overall accuracy (area under the curve) of the top five biomarkers and 

Trail Making Test Part B in determining Mild Cognitive Impairment in the test set 
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Figure 12. Sensitivity and specificity plot for the biomarker-cognitive algorithm in 

detecting Mild Cognitive Impairment 
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When demographic variables (age, gender, education) were included within the 

initial training set along with the top five biomarkers and the Trail Making Test Part B, 

the overall detection accuracy remained at 90% (SN= 0.96[95% CI: 0.92-0.98]; SP=0.59 

[95% CI:0.44-0.73])(see Figure 13). When the same biomarker-cognitive profile that 

included demographics was applied to the test set, the area under the curve increased 

to 96% (see Figure 14). Additionally, within the test set, the sensitivity and specificity 

were able to be plotted, see Figure 15. 

Figure 13. The overall accuracy (area under the curve) of the top five biomarkers, 

demographics, and Trail Making Test Part B in determining Mild Cognitive Impairment in 

the training set 
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Figure 14. The overall accuracy (area under the curve) of the top five biomarkers, 

demographics, and Trail Making Test Part B in determining Mild Cognitive Impairment in 

the test set 
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Figure 15. Sensitivity and specificity plot for the biomarker-cognitive algorithm including 

demographics in detecting Mild Cognitive Impairment 

When broken down by MCI subtype (amnestic vs non-amnestic), new training 
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specificity were also obtained and plotted in Figure 18. When demographics were 

added to the model, the overall detection of the biomarker-cognitive-demographic model 

within the training set increased to 94% (SN= 0.98 [95% CI: 0.94-0.99]; SP= 0.61 [95% 

CI: 0.43-0.77]) (see Figure 19). When applied to the test set, the overall detection 

accuracy increased to 95% (see Figure 20). The sensitivity and specificity of the 

biomarker-cognitive-demographic model is presented in Figure 21. 

Figure 16. The overall accuracy (area under the curve) of the top five biomarkers and 

Trail Making Test Part B in determining amnestic Mild Cognitive Impairment in the 

training set 
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Figure 17. The overall accuracy (area under the curve) of the top five biomarkers and 

Trail Making Test Part B in determining amnestic Mild Cognitive Impairment in the test 

set 
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Figure 18. Sensitivity and specificity plot for the biomarker-cognitive algorithm in 

detecting amnestic Mild Cognitive Impairment 
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Figure 19. The overall accuracy (area under the curve) of the top five biomarkers, 

demographics, and Trail Making Test Part B in determining amnestic Mild Cognitive 

Impairment in the training set 
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Figure 20. The overall accuracy (area under the curve) of the top five biomarkers, 

demographics, and Trail Making Test Part B in determining amnestic Mild Cognitive 

Impairment in the test set 
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Figure 21. Sensitivity and specificity plot for the biomarker-cognitive-demographic 

algorithm in detecting amnestic Mild Cognitive Impairment 

Due to the sample size, preliminary analyses were conducted with the naMCI 

sample. The overall detection accuracy among the sample was 99% (SN= 0.95 [95% 
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into the model, the accuracy level rose to 100% (SN= 0.95 [95% CI: 0.75- 0.99]; SP= 

1.0) (see Figure 23). The sensitivity and specificity were unable to be obtained for both 

the biomarker-cognitive profile as well as for the biomarker-cognitive-demographic 

profile due to sample size and not being able to generate a test set. 
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Figure 22. The overall accuracy (area under the curve) of the top five biomarkers and 

Trail Making Test Part B in determining non-amnestic Mild Cognitive Impairment in the 

preliminary age matched training set 
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Figure 23. The overall accuracy (area under the curve) of the top five biomarkers, 

demographics, and Trail Making Test Part B in determining non-amnestic Mild Cognitive 

Impairment in the preliminary age matched training set 
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findings. Assuming a 20% base rate, PPP=0.387 and NPP=0.98 based on the 

sensitivity and specificity estimates outlined above. Among Mexican Americans with 

aMCI, assuming a similar base rate of 20% base rate, PPP= 0.40 and NPP= 0.99. 
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CHAPTER 4 

DISCUSSION 

This study was the first to examine the molecular neuropsychology approach 

among Mexican Americans. When examining the overlap between select biomarkers 

and individual neuropsychological measures, the results revealed a difference in 

variance explained even within the same cognitive domain. An executive functioning 

measure, the Trail Making Test Part B, was identified among this sample as having the 

lowest amount of explained variance by the identified biomarkers (TNFα, IL10, B2M, 

Thrombopoietin, and I309). This finding differed from that of our prior work that identified 

the COWAT as having the lowest variance explained among a sample of Non-Hispanic 

Whites with Alzheimer’s disease (Edwards, Balldin et al., 2015). This discrepancy in 

findings reflects the presence of both diagnostic and sample differences that lend 

further support for the need to examine ethnic differences. 

 As hypothesized in Specific Aim 1, the overall biomarker profile for the cognitive 

domains (memory, language, executive functioning) examined were relatively specific; 

however, despite this, overlap was still observed across domains with upwards of three 

biomarkers found in four out of the seven derived biomarker-cognitive profiles. In 

addition to this, a specific pattern was detected across the domain of memory where 

similar biomarkers were shown in both the immediate and delayed components of the 

task. This same overlap of biomarkers was not found however for the domain of 

language. Prior work utilizing a molecular neuropsychology approach identified a similar 

result in that biomarkers were found to be distinct for each cognitive domain examined 

(O’Bryant, Xiao, Barber et al., 2014).  
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When addressing Specific Aim 2, the overall biomarker-cognitive profile for MCI 

among Mexican Americans was highly accurate in its detection with the top biomarkers 

within the profile pertaining to inflammation. The pathobiological relevance of the top 

five identified biomarkers (TNFα, IL10, I309, THPO, and B2M) provides insight into the 

inflammatory process occurring in response to disease presence. The biomarkers were 

varied in their inflammatory role as both pro- and anti-inflammatory proteins were 

identified. Additionally, several glycoproteins related to inflammatory cytokines were 

found among the top biomarkers for MCI denoting the impact of extensive and 

interrelated inflammatory processes. These findings were consistent with our recent 

work that sought to identify the biomarker profile of aMCI among this population and 

found similar elevations in biomarkers of TNFα and IL10 (Edwards, Hall et al., 2015). 

Additionally, our prior work has linked many of the same proteins identified in the overall 

proteomic profile for MCI to specific cognitive domains. For instance, TNFα and 

Thrombopoietin have previously been linked to the domains of memory and executive 

functioning (O’Bryant, Xiao, Barber et al., 2014). Furthermore, IL10, Thrombopoietin, 

and TNFα were linked to the domain of attention (O’Bryant, Xiao, Barber et al., 2014). 

As impairment across the areas of memory, executive functioning, and attention are 

frequently observed among MCI cases, it very likely represents a specific biological 

profile for this particular diagnostic category. 

This study also was able to refine the number of biomarkers necessary for 

distinguishing diagnostic categories from twenty-one down to five biomarkers with an 

accuracy range spanning 90-94% across MCI and aMCI when combined with one 

neuropsychology measure. This study also sought to determine the impact of 
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demographic variables on the overall detection accuracy. The results revealed that for 

distinguishing MCI cases from cognitively normal controls, the addition of demographics 

did not significantly change the detection accuracy of the biomarker-cognitive profile. 

However, when examining the specific subtypes of MCI, the detection accuracy was 

shown to improve for the aMCI cases when demographics were included into the 

biomarker-cognitive model. The final model for aMCI, which consisted of five 

biomarkers, Trail Making Test B, and demographics, obtained an overall accuracy level 

of 94%, which is 2% lower than the proteomic profile previously identified for aMCI that 

consisted of twenty-one biomarkers (Edwards, Hall et al., 2015). 

The search for novel biomarkers that can be readily implemented in the 

diagnostic process has steadily grown due to the increase in neurodegenerative 

diseases. Our work has supported the use of profiles, either biomarker or cognitive-

biomarker profiles in the detection of AD and MCI (Edwards, Hall et al., 2015; O’Bryant, 

Xiao, Barber et al., 2010; O’Bryant, Xiao, Barber et al, 2011; O’Bryant, Xiao, Zhang et 

al., 2014). Others have also sought to identify biomarkers of disease state; however, the 

results have been inconsistent particularly among MCI. A recent analysis revealed that 

both fraction (serum vs plasma) as well as platform can significantly impact how a 

biomarker presents within a disorder (O’Bryant et al., 2015). The use of a compilation of 

biomarkers has shown to be a superior method as it allows for biological variability 

within a disorder to be accounted for. For example, within the MCI derived cognitive-

biomarker profile both biomarkers of inflammation and metabolic processes were 

identified within the final model. This illuminates that MCI among this sample reflects 
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more than an inflammatory process and emphasizes the potential of other biological 

processes. 

These results also suggest that this approach may have clinical utility as the 

derived cognitive-biomarker profiles were examined with conservative based ranges 

among a community-based sample. As Mexican Americans are among the fastest 

growing segment of the aging population, their base rate estimates of disorders such as 

MCI are expected to steadily increase. The development of a screening test that can be 

readily implemented within a community primary care setting holds substantial impact 

particularly among this population as they have been previously shown to present more 

frequently to primary care settings and less frequently to specialty care clinics (O’Bryant 

et al., 2007). Additionally, prior work has shown that Mexican Americans present with 

MCI at younger ages, therefore a brief screening test conducted within a primary care 

setting would enable for continued follow-up for purposes of identifying early changes 

thus allowing for targeted treatment to be implemented in a timely and proactive 

manner. 

The Centers for Medicare and Medicaid Services (CMS) requires that primary 

care providers conduct a cognitive exam as a part of their annual visit, however, due to 

the volume of patients seen and time constraints this is a significant issue facing the 

healthcare system. Having a screening tool within the primary care settings, such as a 

cognitive-biomarker profile, would allow diagnostics to be streamlined where those who 

screen positive could be referred to a specialty clinic. This same model has been 

successfully implemented in other areas such as cancer and cardiovascular disease 

where primary care physicians are able to serve as a pre-screening for follow-up 
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treatment. This poses benefits from a treatment perspective as well as from a monetary 

aim as it meets the need for both a time and cost effective method for addressing 

individuals with growing concerns related to their cognitive functioning. 

Although this study was successful in generating biomarker-cognitive profiles as 

well as biomarker-cognitive-demographic profiles among MCI and aMCI cases, due to 

the limited sample size, however, naMCI cases were only able to be examined as 

preliminary findings. Future work should explore this subtype of MCI as they are likely to 

present with a distinct biological profile. Additionally, future work should explore the MCI 

subtypes further and examine specific grouping, such as single versus multi-domain. 

This may be particularly relevant for the naMCI group as this group in itself is a very 

heterogeneous group. An additional limitation of this study was the use of the Trail 

Making Test Part B in both the initial diagnostic criteria for MCI and then later within the 

biomarker-cognitive profiles. This provided overlap in the diagnostic criteria, despite its 

limited variance shared with the biomarkers. Future work should consider addressing 

this overlap in neuropsychological measures through the use of separate 

neuropsychological measures for the initial diagnosis and for the derived profile models. 

Another limitation is the refined number of biomarkers utilized within the diagnostic 

models as this might limit the obtained sensitivity and specificity. Other biomarkers 

identified among MCI cases should be further considered. Additional work is also 

needed towards examining specific subgroupings to determine if the biomarker-

cognitive profile among certain medical disorders such as Diabetes Mellitus, which is 

common among Mexican Americans, can differentiate their derived profile. 

57



REFERENCES 

Alves, G., Brønnick, K., Aarsland, D., Blennow, K., Zetterberg, H., Ballard, C., Wilhelm 

Kurz, M., Andreasson, U., Tysnes, O-B., Larsen, J. P., & Mulugeta, E. (2010). 

CSF amyloid-β and tau proteins, and cognitive performance, in early and 

untreated Parkinson's Disease: The Norwegian ParkWest study. Journal of 

Neurology, Neurosurgery and Psychiatry, 81, 1080-1086. 

Ashendorf, L., Jefferson, A. L., O’Connor, M. K., Chaisson, C., Green, R. C., & Stern, R. 

A. (2008). Trail Making Test errors in normal aging, mild cognitive impairment, 

and dementia. Archieves of Clinical Neuropsychology, 23, 129-137. 

Baldwin, C. M., Bell, I. R., Giuliano, A., Mays, M. Z., Arambula, P., & Alexandrov, A. 

(2007). Differences in Mexican American and non-Hispanic white veterans' 

homocysteine levels. Journal of Nursing Scholarship, 39, 235-242. 

Bertoli Avella, A. M., Marcheco Teruel, B., Llibre Rodriguez, J. J., Gomez Viera, N., 

Borrajero Martinez, I., Severijnen, E. A., Joosse, M., van Duijn, C. M., Heredero 

Baute, L., & Heutink, P. (2002). A novel presenilin 1 mutation (L174 M) in a large 

Cuban family with early onset Alzheimer disease. Neurogenetics, 4, 97-104. 

Blair, J. R., & Spreen, O. (1989). Predicting premorbid IQ: A revision of the national 

adult reading test. Clinical Neuropsychologist, 3, 129-136. 

Bu, L., Salto, L. M., De Leon, K. J., & De Leon, M. (2011). Polymorphisms in fatty acid 

binding protein 5 show association with type 2 diabetes. Diabetes Research and 

Clinical Practice,  92, 82-91. 

Chakrabarty, P., Li, A., Ceballos-Diaz, C., Eddy, J. A., Funk, C. C., Moore, B., DiNunno, 

N., Rosario, A. M., Cruz, P. E., Verbeek, C., Sacino, A., Nix, S., Janus, C., Price, 

58



N. D., Das, P., & Golde, T. E. (2015). IL-10 alters immunoproteostatisis in APP 

Mice, increasing plaque burden and worsening cognitive behavior. Neuron, 85, 

519-533. 

Cheng, B., Christakos, S., & Mattson, M. P. (1994). Tumor necrosis factors protect 

neurons against metabolic-excitotoxic insults and promote maintenance of 

calcium homeostasis. Neuron, 12, 139-153. 

Choi, J. C., Song, S. K., Lee, J. S., Kang, S. Y., & Kang, J. H. (2013). Diversity of stroke 

presentation in CADASIL: Study from patients harboring the predominant 

NOTCH3 mutation R544C. Journal of Stroke and Cerebrovascular Diseases, 

222, 126-131. 

Corrigan, J. D., & Hinkeldey, N. S. (1987). Relationships between parts A and B of the 

Trail Making Test. Journal of Clinical Psychology, 43, 402-409. 

Damcott, C. M., Feingold, E., Moffett, S. P., Barmada, M. M., Marshall, J. A., Hamman, 

R. F., & Ferrell, R. E. (2003). Variation in the FABP2 promoter alters 

transcriptional activity and is associated with body composition and plasma lipid 

levels. Human Genetics, 112, 610-616. 

Edwards, M., Balldin, V. H., Hall, J., & O'Bryant, S. E. (2015). Molecular Markers of 

Neuropsychological Functioning and Alzheimer's Disease. Alzheimer's & 

Dementia: Diagnosis, Assessment, and Disease Monitoring, 1, 61-66. 

Edwards, M., Balldin, V., Hall, J., & O’Bryant, S. (2014). Combining select 

neuropsychological assessment with blood-based biomarker to detect mild 

Alzheimer’s disease: A Molecular Neuropsychology approach. Journal of 

Alzheimer’s Disease, 42, 635-640. 

59



Edwards, M., Hall, J., Williams, B., Johnson, L., & O’Bryant, S. E. (2015). Molecular 

markers of amnestic Mild Cognitive Impairment among Mexican Americans. 

Journal of Alzheimer’s Disease, 49, 221-228. 

Folstein, M. F., Folstein, S. E., & McHugh, P. R. (1975). "Mini-mental state". A practical 

method for grading the cognitive state of patients for the clinician. Journal of 

Psychiatric Research, 12, 189-198. 

Haan, M. N., Miller, J. W., Aiello, A. E., Whitmer, R. A., Jagust, W. J., Mungas, D. M., 

Allen, L. H., & Green, R. (2007). Homocysteine, B vitamins, and the incidence of 

dementia and cognitive impairment: Results from the Sacramento Area Latino 

Study on Aging. American Journal of Clinical Nutrition, 85, 511-517. 

Haan, M. N., Mungas, D. M., Gonzalez, H. M., Ortiz, T. A., Acharya, A., & Jagust, W. J. 

(2003). Prevalence of dementia in older latinos: the influence of type 2 diabetes 

mellitus, stroke and genetic factors. Journal of the American Geriatrics Society, 

51, 169-177. 

Heneka, M. T., Kummer, M. P., & Latz, E. (2014). Innate immune activation in 

neurodegenerative disease. Nature Review Immunology, 14, 463-477. 

Henriksen, K., O’Bryant, S. E., Hampel, H., Trojanowski, J. Q., Montine, T. J., Jeromin, 

A., Blennow, K., Lonneborg, A., Wyss-Coray, T., Soares, H., Bazenet, C., 

Sjogren, M., Hu, W., Lovestone, S., Karsdal, M. A., Weiner, M. W., & Blood-

Based Biomarker Interest Group. (2014). The future of blood-based biomarkers 

for Alzheimer’s disease. Alzheimer’s Dementia, 10, 115-131. 

60



Ijsselestijn, L., Papma, J. M., Dekker, L. J., Calame, W., Stingl, C., Koudstaal, P. J., 

Prins, N. D., Sillevis Smitt, P. A., & Luider, T. M. (2013). Serum proteomics in 

amnestic mild cognitive impairment. Proteomics, 13, 2526-2533. 

Johnson, L. A., Cushing, B., Rohlfing, G., Edwards, M., Davenloo, H., D’Agostino, D., 

Hall, J. R., & O’Bryant, S. E. (2014). The Hachinski Ischemic Scale and 

cognition: The influence of ethnicity. Age & Ageing, 43, 364-369. 

Jun, G., Naj, A. C., Beecham,  G. W., Wang,  L., Buros, J., Gallins, P. J., Buxbaum, J. 

D., Ertekin-Taner, N., Fallin, M. D., Friedland, R., Inzelberg, R., Kramer, P., 

Rogaeva, E., St. George-Hyslop, P.,  Arnold, S. E., Baldwin, C. T., Barber, R.,  

Beach, T.,  Bigio, E. H., Bird, T. D., Boxer, A., Burke, J. R., Cairns, N., Carroll, S. 

L., Chui, H. C., Clark, D. G., Cotman, C. W., Cummings, J. L., DeCarli, C., Diaz-

Arrastia, R., Dick, M., Dickson, D. W.,  Ellis, W. G., Fallon, K. B., Farlow, M. R., 

Ferris, S., Frosch, M. P., Galasko, D. R., Gearing, M., Geschwind, D. H., Ghetti, 

B., Gilman, S., Giordani, B., Glass, J., Graff-Radford, N. R., Green, R. C., 

Growdon,J. H., Hamilton, R. L., Harrell, L. E., Head, E., Honig, L. S., Hulette, C. 

M., Hyman, B. T., Jicha, G. A., Jin, L., Johnson, N., Karlawish, J., Karydas, A., 

Kaye, J. A., Kim, R.,  Koo, E. H., Kowall, N. W., Lah, J. J., Levey, A. I., 

Lieberman, A.,  Lopez, O. L., Mack, W. J., Markesbery, W., Marson, D. C., 

Martiniuk, F., Masliah, E., McKee, A. C., Mesulam, M., Miller, J. W., Miller, B. L., 

Miller, C. A., Parisi, J. E., Perl, D. P., Peskind, E., Petersen, R. C., Poon, W., 

Quinn, J. F., Raskind, M., Reisberg, B., Ringman, J. M., Roberson, E. D., 

Rosenberg, R. N., Sano, M., Schneider, J. A., Schneider, L. S., Seeley, W., 

Shelanski, M. L., Smith, C. D., Spina, S., Stern, R. A., Tanzi, R. E., Trojanowski, 

61



J. Q., Troncoso, J. C., Van Deerlin, V.,  Vinters, H. V., Vonsattel, J. P., 

Weintraub, S., Welsh-Bohmer, K. A., Woltjer, R. L., Younkin, S. G., Cantwell, L. 

B., Dombroski, B. A., Saykin, A. J., Reiman, E. M., Bennett, D. A., Morris, J. C., 

Lunetta, K. L., Martin, E. R., Montine, T. J., Goate, A. M., Blacker, D., Tsuang, 

D., Beekly, D., Cupples, L. A.,Hakonarson, H., Kukull, W., Foroud, T., Haines, J., 

Mayeux, R., Farrer, L. A., Pericak-Vance, M. A., Schellenberg, G. D., & 

Alzheimer's Disease Genetics Consortium. (2010). Meta-analysis confirms CR1, 

CLU, and PICALM as Alzheimer disease risk loci and reveals interactions with 

apoe genotypes. Archives of Neurology, 67, 1473-1484. 

Kant, A. K., & Graubard, B. I. (2012). Race-ethnic, family income, and education 

differentials in nutritional and lipid biomarkers in US children and adolescents: 

NHANES 2003-2006. American Journal of Clinical Nutrition, 96, 601-612. 

Kaplan, E., Goodglass, H., & Weintraub, S. (1983). The Boston Naming Test. 

Philadelphia, PA: Lea & Febiger. 

Kaufer, D. I., Cummings, J. L., Ketchel, P., Smith, V., MacMillan, A., Shelley, T., Lopez, 

O., & DeKosky, S. (2000). Validation of the NPI-Q, a brief clinical form of the 

Neuropsychiatric Inventory. Journal of Neuropsychiatry & Clinical Neurosciences, 

12, 233-239. 

Kounnas, M. Z., Danks, A. M., Cheng, S., Tyree, C., Ackerman, E., Zhang, X., Ahn, K., 

Nguyen, P., Comer, D., Mao, L., Yu, C., Pleynet, D., Digregoria, P. J., Velicelebi, 

G., Stauderman, K. A., Comer, W. T., Mobley, W., Li, Y., Sisodia, S., Tanzi, R., & 

Wagner, S. (2010). Modulation of γ-Secretase Reduces β-Amyloid Deposition in 

a Transgenic Mouse Model of Alzheimer's Disease. Neuron, 67, 769-780. 

62



Kuhle, J., Regeniter, A., Leppert, D., Mehling, M., Kappos, L., Lindberg, R., & Petzold, 

A., (2010). A highly sensitive electrochemiluminescence immunoassay for the 

neurofilament heavy chain protein. Journal of Neuroimmunology, 220, 114-119. 

Laske, C., Sohrabi, H. R., Frost, S. M., Lopez-de-Ipina, K., Garrard, P., Buscema, M., 

Dauwels, J., Soekadar, S. R., Mueller, S., Linnemann, C., Bridenbaugh, S. A., 

Kanagasingam, Y., Martins, R. N., & O’Bryant, S. E. (2014). Innovative 

diagnostic tools for early detection of Alzheimer’s disease. Alzheimer’s Dementia, 

11, 561-578. 

Lawton, M. P., & Brody, E. M. (1969). Assessment of older people: self-maintaining and 

instrumental activities of daily living. Gerontologist, 9, 179-186. 

McKhann, G., Drachman, D., Folstein, M., Katzman, R., Price, D., & Stadlan, E. M. 

(1984). Clinical diagnosis of Alzheimer's disease: report of the NINCDS-ADRDA 

Work Group under the auspices of Department of Health and Human Services 

Task Force on Alzheimer's Disease. Neurology, 34, 939-944. 

Miller, J. W., Green, R., Ramos, M. I.,  Allen, L. H., Mungas, D. M., Jagust, W. J., & 

Hann, M. N. (2003). Homocysteine and cognitive function in the Sacramento 

Area Latino Study on Aging. American Journal of Clinical Nutrition, 78, 441-447. 

Morris, J. C.(1994). Clinical Dementia Rating (CDR). Neurology, 44, 1983-1983. 

Morris, J. C., Heyman, A., Mohs, R. C., Hughes, J. P., van Belle, G., Fillenbaum, G., 

Mellits, E. D., & Clark, C. (1989). The Consortium to Establish a Registry for 

Alzheimer's Disease (CERAD). Part I. Clinical and neuropsychological 

assessment of Alzheimer's disease. Neurology, 39, 1159-1165. 

63



Novak, K., & Riggs, J. (2004). Hispanics/Latinos and Alzheimer's disease. Alzheimer's 

Association. Available at 

http://www.alz.org/Downloads/HispanicReportEnglish.pdf 

O’Bryant, S. E., & Lucas, J. A. (2007). Estimating the predictive value of the Test of 

Memory Malingering: An illustrative example for clinicians. The Clinical 

Neuropsychologist, 20, 533-540. 

O’Bryant, S. E., Edwards, M., Menon, C. V., Gong, G., & Barber, R. C. (2011). Long-

term low-level arsenic exposure is associated with poorer neuropsychological 

functioning: A Project FRONTIER study. International Journal of Environmental 

Research and Public Health, special issue: Advances in Environmental 

Neurotoxicology, 8, 861-874. 

O’Bryant, S. E., Gupta, V., Henriksen, K., Edwards, M., Jeromin, A., Lista, S., Bazenet, 

C., Soares, H., Lovestone, S., Hamel, H., Montine, T., Blennow, K., Foroud, T., 

Carrillo, M., Graff-Radford, N., Laske, C., Breteler, M., Shaw, L., Trojanowski, J. 

Q., Schupf, N., Rissman, R. A., Fagan, A. M., Oberoi, P., Umek, R., Weiner, M., 

Grammas, P., Posner, H., Martins, R., & the STAR-B and BBBIG working 

groups. (2015). Guidelines for the standardization of preanalytic variables for 

blood-based biomarker studies in Alzheimer’s disease research. Alzheimer’s and 

Dementia, 11, 549-560. 

O’Bryant, S. E., Johnson, L., Edwards, M., Soares, H., Devous, M. D., Ross, S., 

Rohling, G., Hall, J., & the Texas Alzheimer’s Research & Care Consortium 

(2013). The link between C-reactive protein and Alzheimer’s disease among 

Mexican Americans. Journal of Alzheimer’s Disease, 34, 701-706. 

64

http://www.alz.org/Downloads/HispanicReportEnglish.pdf


O’Bryant, S.E., Lista, S., Rissman, R.A., Edwards, M., Zhang, F., Hall, J., Zetterberg, 

H., Lovestone, S., Gupta, V., Graff-Radford, N., Martins, R., Jeromin, A., Waring, 

S., Oh, E., Kling, M.A., Baker, L., & Hampel, H. for the ISTAART Blood Based 

Biomarker Professional Interest Area (2015, in press). Comparing biological 

markers of Alzheimer’s disease across blood fraction and platforms: Comparing 

apples to oranges. Alzheimer’s & Dementia: Diagnosis, Assessment & Disease 

Monitoring. 

O’Bryant, S. E., Xiao, G., Barber, R., Cullum, C. M., Weiner, M., Hall, J., Edwards, M., 

Grammas, P., Wilhelmsen, K., Doody, R., Diaz-Arrastia, R., & the Texas 

Alzheimer’s Research Consortium. (2014a). Molecular Neuropsychology: 

Creation of test-specific blood biomarker algorithms. Dementia and Geriatric 

Cognitive Disorders, 37, 45-57. 

O’Bryant, S. E., Xiao, G., Zhang, F., Edwards, M., German, D. C., Yin, X., Como, T., 

Reisch, J., Huebinger, R., Graff-Radford, N., Dickson, D., Barber, R., Hall, J., 

O’Suilleabhain, P, & Grammas, P. (2014). Validation of a serum screen for 

Alzheimer’s disease across assay platforms, species, and tissues. Journal of 

Alzheimer’s Disease, 42, 1325-1335. 

O'Bryant, S. E., Humphreys, J. D., Schiffer, R. B., & Sutker, P. B. (2007). Presentation 

of Mexican Americans to a memory disorder clinic. Journal of Psychopathology 

and Behavioral Assessment, 29, 137-140. 

O'Bryant, S. E., Johnson, L., Balldin, V., Edwards, M., Barber, R., Williams, B., Devous, 

M., Cushings, B., Knebl, J., & Hall, J. (2013). Characterization of Mexican 

65



Americans with mild cognitive impairment and Alzheimer's disease. Journal of 

Alzheimer's Disease, 33, 373-379. 

O'Bryant, S. E., Johnson, L., Edwards, M., Soares, H., Devous, M., Ross, S., Rohlfing, 

G., & Hall., J. (2013). The link between C-Reactive Protein and Alzheimer's 

Disease among Mexican Americans. Journal of Alzheimer's Disease, 34, 701-

706. 

O'Bryant, S. E., Johnson, L., Reisch, J., Edwards, M., Hall, J., Barber, R., Devous, M., 

Royall, D., & Singh, M. (2013). Risk factors for mild cognitive impairment among 

Mexican Americans. Alzheimer's and Dementia, 9, 622-631. 

O'Bryant, S. E., Lacritz, L. H., Hall, J., Waring, S., Chan, W., Khodr, Z., Massman, P., 

Hobson, V., & Cullum, C. M. (2010). Validation of the new interpretive guidelines 

for the clinical dementia rating scale sum of boxes score in the National 

Alzheimer's Coordinating Center database. Archives of Neurology, 67, 746-749. 

O'Bryant, S. E., Waring, S. C., Cullum, C. M., Hall, J., Lacritz, L., Massman, P., Lupo, 

P., Reisch, J., Doody, R., & the Texas Alzheimer’s Research Consortium. (2008). 

Staging dementia using clinical dementia rating scale sum of boxes scores: A 

Texas Alzheimer's research consortium study. Archives of Neurology, 65,1091-

1095. 

O'Bryant, S. E., Xiao, G., Barber, R., Reisch, J., Doody, R., Fairchild, T., Adams, P., 

Waring, S., Diaz-Arrastia, R., & Texas Alzehimer's Research Consortium. (2010). 

A serum protein-based algorithm for the detection of Alzheimer disease. Archives 

of Neurology, 67, 1077-1081. 

66



O'Bryant, S. E., Xiao, G., Edwards, M., Devous, M., Gupta, V., Martins, R., Zhang, F., & 

Barber, R. (2013). Biomarkers of Alzheimer's disease among Mexican 

Americans. Journal of Alzheimer's Disease, 34, 841-849. 

O'Bryant, S., Xiao, G., Barber, R., Reisch, J., Hall, J., Cullum, C. M., Doody, R., 

Fairchild, T., Adams, P., Wilhelmsen, K., Diaz-Arrastia, R., & Texas Alzheimer’s 

Research and Care Consortium. (2011). A blood based algorithm for the 

detection of Alzheimer's disease. Dementia and Geriatric Cognitive Disorders, 

32, 55-62. 

Oh, E. S., Mielke, M. M., Rosenberg, P. B., Jain, A., Fedarko, N., Lyketsos, C., & 

Mehta, P. (2010). Comparison of conventional ELISA with 

electrochemiluminescence technology for detection of amyloid-β in plasma. 

Journal of Alzheimer's Disease, 21, 769-773. 

Perry, R. T., Collins, J. S., Wiener, H., Acton, R., & Go, R. C. (2001). The role of TNF 

and its receptors in Alzheimer’s disease. Neurobiology of Aging, 22, 873-883. 

Petersen, R. C., & Negash, S. (2008). Mild cognitive impairment: An overview. CNS 

Spectrums, 13, 45-53. 

Petersen, R. C., Smith, G. E., Waring, S. C., Ivnik, R. J., Tangalos, E. G., Kokmen, E. 

(1999). Mild cognitive impairment: clinical characterization and outcomes. 

Archives of Neurology, 56, 303-308. 

Ramos, M. I., Allen, L. H., Mungas, D. M., Jagust, W. J., Hann, M. N., Green, R., & 

Miller, J. W. (2005). Low folate status is associated with impaired cognitive 

function and dementia in the Sacramento Area Latino Study on Aging. American 

Journal of Clinical Nutrition, 82, 1346-1352. 

67



Reisberg, B., Ferris, S., de Leon, M. J., Sinaiko, E., Franssen, E., Kluger, A., Mir, P., 

Borenstein, J., George, A. E., Shulman, E., Steinberg, G., & Cohen, J. (1988). 

Stage-specific behavioral, cognitive, and in vivo changes in community residing 

subjects with age-associated memory impairment and primary degenerative 

dementia of the Alzheimer type. Drug Development Research, 15, 101-114. 

Roberts, R. O., Geda, Y. E., Knopman, D. S., Boeve, B. F., Christianson, T. J., 

Pankratz, V. S., Kullo, I. J., Tangalos, E. G., Ivik, R. J., & Petersen, R. C. (2009). 

Association of C-reactive protein with mild cognitive impairment. Alzheimer’s 

Dementia, 5, 398-405. 

Royall, D. R., & Palmer, R. F. (2014). Does ethnicity moderate dementia's biomarkers? 

Neurobiology of Aging, 35, 336-344. 

Schuitemaker, A., Dik, M. G., Veerhuis, R., Scheltens, P., Schooneboom, N. S., Hack, 

C. E., Blankenstein, M. A., & Jonker, C. (2009). Inflammatory markers in AD and 

MCI patients with different biomarker profiles. Neurobiology of Aging, 30, 1885-

1889. 

Smith, L. K., He, Y., Park, J-S., Bieri, G., Snethlage, C. E., Lin, K., Gontier, G., Wabl, R., 

Plambeck, K. E., Udeochu, J., Wheatley, E. G., Bouchard, J., Eggel, A., 

Narasimha, R., Grant, J. L., Luo, J., Wyss-Coray, T., & Villeda, S. A. (2015). B2-

microglobulin is a systemic pro-aging factor that impairs cognitive function and 

neurogenesis. Nature Medicine, 21, 932-937. 

Song, F., Poljak, A., Kochan, N. A., Raftery, M., Brodaty, H., Smythe, G. A., & Sachdev, 

P. S. (2014). Plasma protein profiling of Mild Cognitive Impairment and 

68



Alzheimer’s disease using iTRAQ quantitative proteomics. Proteome Science, 

12, 5. 

Strauss, E., Sherman, E. M. S., & Spreen, O. (2006). A Compendium of 

Neuropsycholgoical Tests: Administration, Norms, and Commentary, 3rd ed. 

Oxford: Oxford University Press. 

Sunderland, T., Hill, J. L., Mellow, A. M., Lawlor, B., Gundersheimer, J., Newhouse, P., 

Grafman, J. (1989). Clock drawing in Alzheimer's disease. A novel measure of 

dementia severity. Journal of the American Geriatric Society, 37, 725-729. 

Tobinick, E., Gross, H., Weinberg, A., & Cohen, H. (2006). TNF-alpha modulation for 

treatment of Alzheimer’s disease: A 6-month pilot study. Medscape General 

Medicine, 8, 25. 

Troller, J. N., Smith, E., Baune, B. T., Kochan, N. A., Campbell, L., Samaras, K., 

Crawford, J., Brodaty, H., & Sachdev, P. (2010). Systemic inflammation is 

associated with MCI and its subtypes: the Sydney Memory and Aging Study. 

Dementia and Geriatric Cognitive Disorders, 30, 569-578. 

Veeranna, V., Zalawadiya, S. K., Niraj, A., Kumar, A., Ference, B., & Afonso, L. (2012). 

Association of novel biomarkers with future cardiovascular events is influenced 

by ethnicity: Results from a multi-ethnic cohort. International Journal of 

Cardiology, 166, 487-493. 

Weschler, D. (1987). Weschler Memory Scale-Revised. San Antonio, TX: Psychological 

Corporation. 

Winblad, B., Palmer, K., Kivipelto, M., Jelic, V., Fratiglioni, L., Wahlund, L. O., Nordberg, 

A., Backman, L., Albert, M., Almkvist, O., Arai, H., Basun, H., Blennow, K., de 

69



Leon, M., DeCarli, C., Erkinjuntti, T., Giacobini, E., Graff, C., Hardy, J., Jack, C., 

Jorm, A., Ritchie, K., van Duijn, C., Visser, P., & Petersen, R. C. (2004). Mild 

cognitive impairment- beyond controversies, towards a consensus: a report of 

the international working group on Mild Cognitive Impairment. Journal of Internal 

Medicine, 256, 240-246. 

Yesavage, J. A., Brink, T. L., Rose, T. L., Lum, O., Huang, V., Adey, M., & Leirer, V. O. 

(1982). Development and validation of a geriatric depression screening scale: a 

preliminary report. Journal of Psychiatric Research, 17, 37-49. 

Zhang, J., Jia, J., Qin, W., & Wang, S. (2013). Combination of plasma tumor necrosis 

factor receptors signaling proteins, beta-amyloid and apolipoprotein E for the 

detection of Alzheimer’s disease. Neuroscience Letters, 541, 99-104. 

Zhao, S. J., Guo, C. N., Wang, M. Q., Chen, W. J., & Zhao, Y. B. (2012). Serum levels 

of inflammation factors and cognitive performance in amnestic mild cognitive 

impairment: a Chinese clinical study. Cytokine, 57, 221-225. 

70




