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A B S T R A C T   

The field of psychoneuroimmunology (PNI) has grown substantially in both relevance and prominence over the 
past 40 years. Notwithstanding its impressive trajectory, a majority of PNI studies are still based on a relatively 
small number of analytes. To advance this work, we suggest that PNI, and health research in general, can benefit 
greatly from adopting a multi-omics approach, which involves integrating data across multiple biological levels 
(e.g., the genome, proteome, transcriptome, metabolome, lipidome, and microbiome/metagenome) to more 
comprehensively profile biological functions and relate these profiles to clinical and behavioral outcomes. To 
assist investigators in this endeavor, we provide an overview of multi-omics research, highlight recent landmark 
multi-omics studies investigating human health and disease risk, and discuss how multi-omics can be applied to 
better elucidate links between psychological, nervous system, and immune system activity. In doing so, we 
describe how to design high-quality multi-omics studies, decide which biological samples (e.g., blood, stool, 
urine, saliva, solid tissue) are most relevant, incorporate behavioral and wearable sensing data into multi-omics 
research, and understand key data quality, integration, analysis, and interpretation issues. PNI researchers are 
addressing some of the most interesting and important questions at the intersection of psychology, neuroscience, 
and immunology. Applying a multi-omics approach to this work will greatly expand the horizon of what is 
possible in PNI and has the potential to revolutionize our understanding of mind–body medicine.   

The last 40 years of psychoneuroimmunology (PNI) research has 
yielded exciting discoveries into how psychological, central nervous 
system, and immune system processes interact, and how these in
teractions in turn affect human health and behavior (Ader, 2006; Dar
una, 2012; Slavich et al., 2020a). Compared to the vast amount of 
biological data that can now be collected, however, most PNI studies 
published today still only include a few select biological markers (e.g., of 
immune or genome function). Moreover, few PNI studies integrate data 
across more than one or two biological systems or levels of analysis. As a 
result, there remains a sizable schism between the great complexity of 
the human mind and body, and what is currently represented in the PNI 
literature. 

Around twenty years ago, new biological profiling technologies 
began emerging that enabled researchers to quantify tens of thousands 
of markers from a standard blood sample. At first, these technologies 

were prohibitively expensive, and knowledge of these approaches was 
limited to a few research groups. Fast forward to today, however, and we 
are reaching a point where researchers can conduct highly integrative, 
well-powered studies using a variety of core labs. The cost of multi- 
omics analyses is also decreasing, such that in the near future, well- 
powered studies will be possible to conduct within the amount of sup
port provided by standard funding schemes (e.g., NIH R01). As these 
technologies continue to become more accessible, biological profiling 
will be more commonly used across research disciplines. In this article, 
we address a particular issue in this broader context, which is how PNI 
can benefit from integrating data that span different biological data 
types, including, but not limited to, the genome, proteome, tran
scriptome, metabolome, lipidome, and metagenome. This approach is 
referred to as multi-omics, and it is incredibly powerful. Multi-omics is 
also a great match for PNI researchers, who, by nature, are already 
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highly integrative, innovative, interdisciplinary, and collaborative. 
To fully describe the potential of integrating multi-omics approaches 

into PNI studies, we first introduce multi-omics at a broad level, high
lighting the most commonly studied types of omics and what researchers 
have discovered so far using these approaches in relation to health and 
disease (see Fig. 1, Panel A). Second, we discuss several key consider
ations when designing studies that incorporate multi-omics approaches, 
including the importance of collecting diverse samples of participants, 
the benefits of repeated measures study designs, how to decide between 
different types of biological samples, how to incorporate behavioral and 
psychological data into studies using wearable sensing technology and 
psychological evaluations, and how to approach data modeling and 
computation (see Fig. 1, Panel B). In doing so, we aim to enhance PNI 
researchers’ understanding and appreciation of the power of multi- 
omics approaches and to supercharge the next generation of PNI 
studies investigating how myriad biological systems in the human body 
work in concert to shape human health, well-being, and behavior. 

1. Multi-omics 

Multi-omics analysis refers to the assessment and quantification of 
thousands of molecules from biological samples (e.g., blood, cell, and 
tissue samples) that span multiple biological levels. At its core, multi- 
omics analysis is a scientific approach that uses multiple targeted and 
untargeted assays, alongside the use of multiplexed assays, to analyze 
biological samples. The addition of the term “omics” indicates a global 
or unbiased assessment of a set of molecules (Hasin et al., 2017). For 
example, genomics analyses can categorize entire genomes, or the 
complete set of genes present in an organism. Each type of molecule 
within an organism can be classified within one, or sometimes multiple, 
different omics, depending on the levels of analysis considered. 

1.1. Genomics 

In recent years, genome-wide association studies (GWAS) of thou
sands of individuals have enabled researchers to discover key genetic 

markers and differences in minor allele frequencies that influence the 
development and prognosis of disease, as well as how people with these 
genetic variants respond to treatment (Hasin et al., 2017). For example, 
a GWAS comparing the genomes of individuals with type II diabetes 
mellitus to control participants identified 13 new type II diabetes 
mellitus-associated loci (Scott et al., 2017). Discoveries such as these 
have led researchers one step closer to understanding the causal path
ways through which type II diabetes mellitus develops. Unlike GWAS, 
studies using a multi-omics approach use more than just one set of 
omics. That is, instead of relying on genomic data alone, multi-omics 
studies combine information from at least two omics analyses (e.g., 
genomics and transcriptomics, proteomics, lipidomics, metabolomics, 
and/or metagenomics/microbiomics). 

1.2. Transcriptomics 

Although combining data from multiple biological systems is what 
makes multi-omics approaches so powerful, each type of omics analysis 
is also powerful on its own. Transcriptomics, for instance, includes 
genome-wide assessments of RNA levels. By investigating associations 
between both coding and non-coding RNA levels and disease outcomes, 
researchers have advanced our understanding of how the transcription 
of non-coding RNA influences disease processes. For example, Gupta and 
colleagues (2010) found that large intervening non-coding RNA, termed 
HOTAIR, regulates metastatic progression in breast cancer, providing 
new targets for treatment and diagnostics (Gupta et al., 2010). In the 
context of PNI, transcriptomics enables researchers to investigate 
cellular heterogeneity of the brain by characterizing complex cellular 
changes of tens of thousands of cells. A study of 48 individuals with 
Alzheimer’s disease that examined more than 80,000 single-cell tran
scriptomes revealed new insights into the disease pathology in specific 
brain cells (Mathys et al., 2019). Specifically, the authors observed that 
different brain cell types exhibit unique transcriptional changes in Alz
heimer’s disease, and that these perturbations differed between males 
and females, highlighting the need for cell- and sex-specific therapeutic 
strategies. Similar single-cell transcriptomic analysis in mental health 

Fig. 1. Overview of multi-omics approaches. (A) Multi-omics data types: understanding depression. Combining information across multi-omics data types to better 
understand risk factors, etiology, phenotypes, and treatment options in major depressive disorder. (B) Considerations when designing a multi-omics study. 
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disorders, such as depression, have the potential to identify distinct 
molecular signatures and sex-specific transcriptional alterations, offer
ing new insights for targeted therapies and personalized treatment 
strategies. 

Combining genomics and transcriptomics can be especially power
ful. As an example, by investigating both the genomics and tran
scriptomics of microglia cells, researchers have discovered that 
microglia cells exhibit functions beyond their previously known immune 
responses, such as synaptic modulation and neurotrophic support (Wes 
et al., 2016). This discovery would not have been possible by investi
gating genomics or transcriptomics alone. Furthermore, because the 
social environment influences gene expression, combining genomics and 
transcriptomics data can elucidate the mechanisms through which 
social-environmental factors, such as life stress and adversity, impact 
health and promote disease risk (Slavich, 2020b, 2022; Slavich et al., 
2023a, Slavich et al., 2023b). 

1.3. Proteomics 

In contrast to transcriptomics, proteomics is used to quantify 
different proteins and peptide levels, alongside interactions between 
these proteins and peptides, and includes many analytes familiar to PNI 
research programs (e.g., proteins that influence cytokine expression). 
Proteomics studies also hold great potential for finding early biomarkers 
for psychiatric disorders (Nakayasu et al., 2021). A targeted proteomic 
analysis of individuals with Major Depressive Disorder (MDD), for 
example, identified 41 proteins in patient plasma that were strongly 
associated with the phenotype of cognitive function (Schubert et al., 
2018). Although this study provided insights into cognitive deficits in 
MDD, it has not yet directly impacted treatment strategies for MDD or 
cognitive function. Nevertheless, the results demonstrate a new 
approach to discovering biomarkers in psychiatry by integrating tran
scriptomic and proteomic platforms. The study also identified new po
tential targets for therapeutic intervention, including the proteins 
CCND3, TXND5, and TRI26, which could lead to more effective treat
ments for cognitive deficits in MDD in the future. These findings require 
further investigation before they can be translated into clinically 
meaningful treatment approaches, especially within larger cohorts, 
underlining the need for additional multi-omics study in the field. 

1.4. Metabolomics 

Metabolomics analyses quantify all the small molecules that are the 
product of cellular metabolisms, such as amino and fatty acids (Hasin 
et al., 2017). Metabolomics research in MDD has revealed the differ
ential expression of several metabolites associated with depression, 
including those involved in cell signaling, inflammation, hormonal 
activation, and sleep regulation, among others (Costa et al., 2022). Key 
pathways implicated include the kynurenine and acylcarnitine meta
bolic pathways, with changes in these metabolites often correlating with 
the severity of depressive symptoms and treatment responses. For 
example, one study suggested that treatments like ketamine or esket
amine may lead to decreased tryptophan metabolites and increased 
glutamic acid levels, shedding light on the role of the glutamatergic 
system in MDD (Rotroff et al., 2016). Despite these promising findings, a 
metabolic biomarker has yet to be fully translated into clinical practice 
for diagnosing or treating MDD. 

1.5. Lipidomics 

Although metabolomics can include analysis of lipids, lipidomics is 
emerging as a distinct multi-omics specialty due to the complex nature 
of lipids. Lipidomics is used to assess the cellular lipids, or hydrophobic 

metabolites, present in a cell or organism, and has proven valuable in 
understanding mechanisms of many diseases, including metabolic syn
drome and neurological disorders (e.g., Ban et al., 2014; Mazereeuw 
et al., 2013). For example, lipidomics analyses have been used to 
discover biomarkers of treatment efficacy for neurodegenerative dis
eases such as Alzheimer’s disease, providing a better understanding of 
the mechanistic pathways through which treatment with benfotiamine 
impacts Alzheimer’s pathology (Bhawal et al., 2021). Beyond eluci
dating mechanisms through which pharmaceuticals impact health and 
disease, lipidomics has also been used to discover biological mechanisms 
through which other treatment modalities impact health. In one study, 
researchers used lipidomics to investigate the mechanisms through 
which acupuncture treatment impacts inflammatory cytokine release in 
a mouse model of depression (Jung et al., 2021), in turn advancing our 
understanding of how traditional treatment modalities such as 
acupuncture influence both inflammation and depression. 

1.6. Immunomics 

Beyond classifying omics exclusively by specific molecule types, 
immunomics is an emerging approach used to better understand the 
immune system as a whole by examining how different parts of the 
immune system work together. Currently, immunomics mainly uses 
single-cell-level transcriptomics of immune cells to investigate 
immunological-related research questions, but including other analytes 
and omics (e.g., cytokines from whole blood, metabolomics) can help 
answer system-wide questions (Bonaguro et al., 2022). 

1.7. Metagenomics/Microbiomics 

The gut microbiome consists of the microorganisms living in the 
gastrointestinal tract and is an important part of the gut-brain axis, a 
series of immunoregulatory, neuroendocrine, and vagus nerve pathways 
that facilitate bidirectional communication between the gut and the 
brain. These interactions are important throughout the lifespan, and 
growing evidence points to an important role of the microbiome in 
neurodevelopment (Lynch et al, 2023). Multi-omics approaches have 
been used to help identify mechanisms through which gut-brain in
teractions are associated with mental health disorders such as MDD 
(Amin et al, 2023; Xie et al., 2023; Zhao et al, 2022), bipolar depression 
(Li et al., 2022), and schizophrenia (Fan et al, 2022). Multi-omics studies 
have also been used to identify psychobiotics that could potentially be 
used to improve depressive mood (Hao et al, 2023). Indeed, preclinical 
and small clinical studies have suggested that prebiotics and probiotics 
may have a beneficial effect on mood and anxiety, although larger, more 
well-controlled studies are needed (Dinan et al, 2013; El Dib et al, 2021; 
Noonan et al, 2020). 

1.8. The potential of multi-omics approaches 

Multi-omics approaches can provide PNI researchers, and health 
researchers in general, with a large and dynamic set of new tools that 
will facilitate the discovery of new taxonomies of health and disease. So 
far, multi-omics studies in humans have revealed dynamic changes in 
molecular components and biological pathways across healthy and 
diseased conditions, alongside various medical risks, including type II 
diabetes mellitus (Chen et al., 2012; Schüssler-Fiorenza Rose et al., 
2019). Multi-omics can also demonstrate how psychosocial or clinical 
interventions, focused on behaviors such as diet, can affect systems 
sequentially. For example, recent multi-omics studies have shown that 
dietary fiber supplementation can alter the microbiome, which in turn 
alters the metabolome to improve lipid profiles in hypercholesterolemic 
individuals (Lancaster et al., 2022). Additionally, dietary changes that 
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influence the microbiome can have systemic effects also measured by 
multi-omics. These can affect immune function through the microbiome, 
inflammation as measured by cytokines, microbiome gut diversity, and 
the genetic function of the microbiome (Wastyk et al., 2021). These 
omics measurements can then be correlated with clinical data, the gold 
standard for assessing health and disease states, and with cytokine 
levels, which measure inflammatory activity, to gain a more holistic 
picture of how systems biology, measured using multi-omics, is related 
to human health and behavior. 

Although many analyses that include only one data type are limited 
to interpretations of correlational associations, mostly reflecting reac
tive rather than causative processes, the integration of different omics 
data types can be used to identify potential causative changes that lead 
to disease, which can then be tested in further molecular studies (Hasin 
et al., 2017). Furthermore, finding the same biological mechanisms in 
multiple omics layers substantially increases confidence in findings 
(Lancaster et al., 2020). Given the transformative potential of incorpo
rating multi-omics approaches into PNI research programs, we next 
provide an overview of how to design a multi-omics study, highlighting 
key decisions researchers must make along the way. 

2. Designing a multi-omics study 

Many factors important to consider when designing multi-omics 
studies are similar to those that should be weighed when designing 
PNI studies more broadly. For example, who will your participants be? 
How many participants do you need to collect data from and how many 
samples per participant do you need to collect? What types of biological 
samples should you collect? Once you have collected the samples, which 
analytes should you assay them for and how many analytes should you 
assay in total? Beyond biological samples, what other data should you 
collect from participants? Once you have completed your biological 
assays, how do you analyze and interpret the results? Although the 
answers to these questions are often specific to the specific research 
question(s) at hand, some approaches are more likely to yield success 
than others when conducting multi-omics research. We review these 
points in greater detail below. 

2.1. Participant diversity is critical 

When considering using a multi-omics approach, it is critical to 
accurately measure and consider the ways in which marginalization, 
diversity, and underrepresentation impact multi-omics outcomes and 
measurement. Indeed, failing to prioritize the collection of diverse 
samples when using new scientific approaches can actually cause health 
disparities across populations (e.g., by race, gender, sexual orientation) 
that were not previously present. This risk is especially high when 
investigating biological factors related to health and disease risk. 

Jatoi and colleagues (2022) described a notable example of this 
problem. Namely, prior to the 1980s, breast cancer mortality risk was 
lower for Black vs. White women. In the 1980s, however, this dynamic 
changed starkly, and breast cancer mortality risk is now higher for Black 
as compared to White women (Siegel et al., 2019). 

Why might this be the case? It appears that advancements in 
mammogram screening and endocrine treatments for hormone receptor 
positive breast cancer may be the cause. Although these advancements 
were developed to reduce breast cancer mortality risk—and do achieve 
this goal—they do not provide the same benefit for White and Black 
women due to the differential prevalence of hormone receptor positive 
and hormone receptor negative forms of breast cancer, in addition to 
differences in access to genetic and mammogram screening. Therefore, 
although these medical advancements reduce the rates of breast cancer 
mortality risk for both Black and White women, these advancements 

provide a far greater benefit to White women and have thus created 
sizable disparities in breast cancer mortality risk across these groups, 
with Black women now faring far worse than White women. Here, 
medical advancements created a health disparity that did not previously 
exist. 

As health technology advances, PNI scholars and practitioners have 
the power to prevent these unfavorable outcomes from occurring. The 
first, and perhaps most important way to reduce such unintended con
sequences is to ensure that all research using multi-omics approaches is 
conducted in diverse populations from the beginning. That is, sample 
diversity should not be an afterthought, but rather should be incorpo
rated into initial study designs. To date, 96% of all GWAS have used 
European samples, and the data gathered from these studies is already 
being used to identify variants associated with disease profiles (Popejoy 
& Fullerton, 2016). Given the heterogeneity of the samples collected, 
however, the diverse global population will not likely experience better 
health as a result of these discoveries. Moreover, the clinical benefits 
associated with identifying genetic variants that affect disease risk in 
diverse populations will lag far behind those for European samples, 
which has the potential to create or exacerbate health disparities over 
time in a manner similar to the breast cancer example described above. 
It is thus critical that researchers prioritize multi-omics research using 
diverse samples so as to not create or perpetuate disparities in health or 
healthcare. 

Second, researchers must consider how social adversity, marginali
zation, and oppression impact the biological systems measured. It is well 
documented that many health-relevant omics of interest, as well as 
social-environmental factors that portent poor health outcomes, differ 
across populations (e.g., Gillespie et al., 2022; Hamlat et al., 2022; 
Mayer et al., 2023; Toussaint et al., 2022). For example, there is a large 
body of research documenting higher rates of inflammation-related 
diseases in marginalized populations, and many have attributed this 
phenomenon to the greater exposure to discrimination faced by diverse 
populations (Diamond et al., 2021; Simons et al., 2021; Slavich et al., 
2023b). These differences suggest that although we need to pay atten
tion to biological differences across racial groups that can impact 
treatment (e.g., Black women’s higher rates of types of breast cancer 
that do not respond to the endocrine treatments rolled out in the 1980s; 
Jatoi et al., 2022), we also need to consider how psychosocial stressors, 
social interactions, and individuals’ interactions with broader societal 
processes impact these biological processes and, in turn, disease pro
gression and treatment success. 

Finally, researchers must consider how social marginalization and 
structural oppression impact diverse populations’ access to, knowledge 
of, and comfort with new technological advancements. Given that 
marginalized populations have poorer access to health insurance and 
quality healthcare (Williams & Rucker, 2000), whenever possible, re
searchers should seek to ensure that medical advancements and dis
coveries are easily accessible and widely publicized in a variety of 
languages, and that they clearly communicate the benefits of these 
discoveries. Doing so will enable diverse populations to advocate for 
receiving the best and most up-to-date health care available, which is 
critical for increasing the likelihood that cutting-edge discoveries made 
using multi-omics approaches will translate into better health for all. 

These recommendations are by no means exhaustive. Rather, they 
are intended to provide an overview of several of the most important 
points researchers should consider as they begin incorporating multi- 
omics approaches into studies (for additional recommendations, see 
Fatumo et al., 2022). Importantly, there are also numerous measures 
that researchers can use to measure social determinants of health and 
health disparities, such as identity specific measures of discrimination 
and inclusion (e.g., racial discrimination vs. sexual orientation-based 
discrimination). For additional information on how to assess key 
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variables related to social determinants of health disparities such as 
biological sex, gender, race, sexual orientation, healthcare access, 
discrimination, and health literacy, among other measures, we recom
mend reviewing the NIH PhenX Social Determinants of Health Core 
Toolkit (Hamilton et al., 2011). 

2.2. The power of repeated measures designs 

After selecting the appropriate participant population for the 
research question at hand, researchers must next design their study 
protocol. Although this holds true in many areas of research, the power 
of repeated measures and longitudinal multi-omics designs, as compared 
to single time-point designs, cannot be overstated. Indeed, sampling 
multiple time points enables researchers to examine disease progression, 
starting (ideally) from a healthy state and transitioning to a disease 
state, as well as genotype-environment-phenotype dynamics within an 
individual—or set of individuals—over time. 

Understanding the trajectories of multi-omics analytes can also 
provide a better indication of casualty and increased confidence in 
interpreting correlations between measurements. In this context, the 
number of participants you can sample is less meaningful when using a 
multi-omics approach than is the number of samples per participant that 
you are able to collect. In one recent study, for example, researchers 
collected multi-omics data for one individual over 14 months using 
whole genome sequencing paired with periodic measurements of tran
scriptomics, proteomics, metabolomics, and other biomarkers, and 
discovered that the participant was at an increased risk for type II dia
betes mellitus. Later in the study, after a rhinovirus infection, the indi
vidual developed type II diabetes mellitus. With subsequent lifestyle 
modifications, however, the participant’s glucose levels eventually 
reversed to pre-type II diabetes mellitus levels, enabling researchers to 
observe a signaling network rewiring during these transitions (Chen 
et al., 2012; Kellogg et al., 2018). These processes were mapped to 
provide an in-depth picture of the transition from health to disease and 
to elucidate how lifestyle changes affect disease pathophysiology. 

Larger, more traditional longitudinal multi-omics studies have also 
proven valuable in characterizing the biology underlying health and 
disease. For example, a 109-person cohort followed for up to eight years 
underwent quarterly longitudinal profiling that included genomics, 
transcriptomics, proteomics, immunomics, metabolomics, and micro
biomics (i.e., gut microbe diversity). So far, the study has yielded at least 
67 clinically actionable discoveries that can translate into better out
comes across several disorders (Schüssler-Fiorenza Rose et al., 2019). 

Although many longitudinal studies are conducted over months or 
years, it is possible to collect multiple samples over the course of a few 

days, or even across one hour, to produce an intensive, repeated mea
sures dataset. For example, a recent acute exercise study used a repeated 
measures multi-omics analysis to collect five intravenous blood samples 
over one hour from 36 participants exercising on a treadmill. A time- 
series analysis identified key biological processes of peak VO2, and a 
prediction model found molecules that predicted peak VO2 using 
baseline multi-omics profiling, which could be used to develop a new 
resting biomarker for aerobic fitness (Contrepois et al., 2020). High 
intensity study designs such as these have many advantages over more 
traditional longitudinal designs, as assessment windows that are longer 
than the naturally occurring timeline for causal effects can attenuate 
effect sizes, leading to imprecise estimates of the magnitude of effects 
(Dormann & Griffin, 2015; Dwyer, 1983). For a more thorough review of 
the benefits of intensive longitudinal data collection in PNI, see Mor
iarity & Slavich (2023). 

2.2.1. Balancing costs with study goals 
The associated expenses of both multi-omics and longitudinal 

research raises concerns about the feasibility of longitudinal and 
repeated measures multi-omics studies. To this effect, we recommend 
carefully considering the primary goals of a study to balance the costs of 
the study with the breadth of biological and temporal assessment 
required to address the main research aims. For example, if descriptive 
characterization of the biological features of a disease state is the goal, 
cross-sectional data with a more diverse multi-omics panel and a large 
number of participants would be appropriate. Conversely, if the goal is 
to identify stress-induced changes in multiple domains of biological 
functioning, it would be better to select a smaller panel of analytes based 
on prior research and theory to be able to afford repeated measures in a 
smaller sample of participants. Still some studies will benefit from large 
sample sizes and longitudinal profiling, such as those characterizing 
biological transitions to disease states with the goal of understanding 
biological subtypes and the mechanistic pathways that define these 
disease subtypes. 

Relatedly, regarding power, it is important to consider whether the 
study hypotheses are about between-person differences or within-person 
variability. This will determine whether power analyses should focus on 
the number of participants, number of observations per participant, or 
both. Determining the appropriate sample size can be challenging in 
multi-omics studies that assess many features simultaneously and de
pends in part on the goal of the study (e.g., differential features, longi
tudinal change, predictive modeling/machine learning; Guo et al., 2010; 
Krassowski et al., 2020). See Box 1 for a few tools that can help re
searchers determine a study’s appropriate sample size.  

Box 1. Multi-omics data analysis resources and tools 

Description Name/Key Reference 

Platforms that contain common analytic tools for both supervised and unsupervised data 
analytic approaches  

• MixOmics (Cao et al., 2016)  
• MetaboAnalyst (Pang et al., 2022)  
• 3omics (Kuo et al., 2013)  
• PaintOmics (Liu et al., 2022)  
• OmicsNet2.0 (Zhou et al., 2022)  
• Mergeomics2.0 (Ding et al., 2021) 

Tools for determining appropriate sample size  • MultiPower/MultiML (Tarazona et al., 
2020)  

• PowerTools (Acharjee et al., 2020) 

Reviews of analysis techniques used in multi-omics studies of psychiatric disorders  • Amasi-Hartoonian et al., 2022  
• Sathyanarayanan et al., 2023 

Review of unsupervised multi-omics data integration methods  • Vahabi & Michailidis, 2022    
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2.3. Biological samples and assay selection 

Determining which multi-omics assays and analyses to use depends 
on the study goal and budget. For a large-scale multi-omics study, assay 
costs can range widely from $200-$3,450 per sample, depending on the 
quality of the assays selected and number of analytes the researcher 
seeks to quantify (see Table 1). Although genomics costs are expected to 
decline in the near future, whole genome sequencing is still relatively 
expensive; on the other hand, the high cost may be worth it, as genomics 
studies hold great potential to reveal underlying mechanisms of disease. 
Proteomics also tend to be an expensive choice, especially for an 
untargeted assay; in contrast, transcriptomics has a relatively low cost, 
as it involves a fraction of the sequencing length required for genomics 
analyses and is showing promise in identifying potential biomarkers of 
disease (Slavich et al., 2023b). A recent study using multi-omics analysis 
to study genetic components of psychiatric disorders, for example, 
compared gene expression from brain derived tissue to that from whole 
blood and found that transcriptomics data derived from whole blood 
could be used as a starting point for identifying neurological and psy
chiatric outcomes, including attention-deficit hyperactivity disorder, 
Alzheimer’s disease, bipolar disorder, depression, intelligence, 
insomnia, neuroticism, and schizophrenia (Korologou-Linden et al., 
2021). 

Determining the correct biological sample type for a study design 
and analysis of choice requires considering the key analytes of interest, 
feasibility of collecting each type of sample, burden each type of sample 
collection places on the participant, research question(s) at hand, and 
cost of collection, storage, and processing of these sample types. Typi
cally, multi-omics studies rely on blood, stool, urine, saliva, buccal 
swabs, or solid tissue samples, and can be paired with continuous 
physiological measurements by wearable devices (see Table 1). Solid 
tissue samples are typically only used to answer very specific research 
questions and usually require a clinician to collect. For example, to 
examine the association between environmental pollution exposure and 
facial skin conditions, skin tissue can be collected and used to quantify 
the presence and levels of specific skin metabolites (Misra et al., 2021). 

Other types of biological samples are easier to obtain, less invasive, 
and provide the opportunity to assess a greater range of analytes. For 
example, collecting saliva, stool, and urine using at-home collection kits 
is relatively low-burden for participants. Moreover, there are a growing 
number of vendors that supply these collection kits, providing re
searchers with a simplified and streamlined process for collecting and 
processing these samples. Generally, saliva samples can be an excellent 
choice when conducting research on children and neonates, as saliva is 
fairly easy to collect, and dozens of biomarkers across genomics, tran
scriptomics, proteomics, metabolomics, and microbiomics have already 
been identified in pediatric diseases (Pappa et al., 2019). Saliva sam
pling can also be a good option in stress studies, as salivary cortisol is a 
biomarker for stress and considered the “gold standard” in clinical 
research assessing acute stress reactivity (Pappa et al., 2019). 

Urine samples, on the other hand, are particularly useful for deter
mining the metabolic effects of kidney disorders, and when a researcher 
is interested in daily levels of metabolites (for recommendations, see 
González-Domínguez et al., 2020). In contrast, stool samples can help 
elucidate associations between microbes, their host, and diet in car
diometabolic disorders alongside gastrointestinal diseases. For example, 
stool genomics can reveal the microbial composition of the identifica
tion of disease-specific genes, and transcriptomics was previously used 
as a proxy for functional output comparison in inflammatory bowel 
disease patients (Sauceda et al., 2022). Finally, the metagenome is a 
bulk analysis of the entire bacterial DNA inside a stool sample, usually 
containing hundreds of bacteria. The bacteria within stool is known as 
the microbiome and is exquisitely interwoven with the host and 
responsive to changes in diet and other factors. The microbiome can thus 
be analyzed to understand the systems biology effects of microbiome 
changes due to (for example) dietary interventions (Lancaster et al., 
2022) and stress (Kim et al., 2021; Sichko et al., 2021) that affect the 
gut-brain axis and health. 

Although there are cases when other sample types are preferred, 
blood-based samples are the most commonly collected in multi-omics 
research. There are a few different methods of blood collection that 
may be appropriate depending on the study budget, study needs, and a 
researcher’s access to clinical resources. Collecting venipuncture blood 
using standard blood draw procedures requires access to a phlebotomist 
and for the participant to be physically present at the research lab or 
clinic, which often causes venipuncture blood collection to be an 
expensive option for researchers and places a high burden on research 
participants. Obtaining blood from a vein has many benefits, especially 
the ability for researchers to collect large volumes of blood (i.e., up to 50 
ml), with different anticoagulants to aid in the processing and storage of 
blood into serum and plasma samples that can be used for multiple 
immunoassays. The large volume of blood that can be collected during 
venipuncture aids in the detection of most analytes available, allows for 
repeated analysis if needed, and in general requires less processing and 
validation than do other, less invasive methods of obtaining blood 
(Dasgupta & Krasowski, 2019; Koh et al., 2022). However, these samples 
must be processed relatively quickly after the blood is collected to avoid 
the degradation of many analytes, and samples must be stored at sub- 
zero temperatures. 

One common, less invasive method for obtaining blood samples is 
using dried blood spot sampling, which can be obtained using a finger 
prick method or an at-home collection kit. Although these methods 
typically only provide researchers with a small amount of blood (usually 
less than 100 µl), there are many benefits to using this method of blood 
collection. For example, using commercially available devices, such as 
the TASSO M20 device, participants can collect their own blood sample 
at home and return it by mail at room temperature. The main advantages 
of such a sampling method are the relatively low cost and convenient 
sampling for participants. However, such methods require higher 
expertise in processing, and due to the low blood volume of samples, 

Table 1 
Summary of molecules present in different sample types for multi-omics assays and the approximate assay costs.  

Omics Assesses Sample Types Approx. Number of 
Analytes 

Approx. Cost per 
Sample 

Transcriptomics Genome-wide RNA levels Tissue, whole blood, PBMCs, urine, stool 12,000+ $250-$400 
Genomics Complete set of genes in an organism Whole blood, saliva, buccal swabs Complete genome $500 
Proteomics Proteins and peptide levels Whole blood, plasma, serum, DBS, urine, 

stool 
100–3,000 $100-$1,200 

Lipidomics Cellular lipids Tissue, whole blood, plasma, serum, DBS, 
urine, stool 

~1,000 $100 

Metabolomics Cellular metabolites (i.e., amino acids and fatty 
acids) 

Tissue, whole blood, plasma, serum, DBS 
urine, stool, 

~700 $150 

Metagenomics/ 
microbiomics 

Community of microorganisms in a sample (i.e., 
microbes) 

Tissue, skin, urine, stool 25,000–100,000 $100-$1,200 

Note. Prices are for research-grade assays, conducted at scale, as of March 2023. Approx. = approximate; PBMCs = peripheral blood mononuclear cells; DBS = dried 
blood spot. 
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there are a lower number of detectable analytes in dried blood samples 
compared to venipuncture blood samples (Lei & Prow, 2019). A recent 
multi-omics study using the volumetric absorptive microsampling 
method (i.e., finger prick method, collecting 10 µl of blood) showed a 
high correlation in the measurement of thousands of metabolites, lipids, 
cytokines, and proteins, when compared to venipuncture blood sam
pling method (Shen et al., 2023). Although all of the blood sampling 
methods mentioned above enable the multi-omics study of proteomics, 
metabolomics, lipidomics, and immunomics, whole blood or peripheral 
blood mononuclear cells are typically needed to assess genomics and 
transcriptomics, and not all blood sample types produce the same results 
(Gautam et al., 2019). 

2.4. Behavioralomics: Incorporating behavioral data using sensing 
technology 

Just as multi-omics sampling captures biological signatures of par
ticipants, high-frequency wearable technology (“wearables”) with op
tical sensors and behavioral tracking provide detailed indicators of 
participants’ individual physiological processes and fluctuating health 
states. Incorporating wearable technology into multi-omics studies can 
provide researchers with access to a multitude of digital biomarkers and 
behavioral metrics that enable a comprehensive examination of the 
whole physiome and behaviors, in addition to biological processes. In 
doing so, researchers can examine additional physiological and behav
ioral factors that contribute to inter- and intra-individual differences in 
multi-omics data. Accelerometers and gyroscopes in wearables that 
assess positioning and movement are useful in monitoring behaviors 
that may be mediated by the immune system, since immune system 
shifts—whether the result of mental or physical illness—initiate 
behavioral changes as well (i.e., “sickness behavior”; Dantzer, 2009; 
Maes et al., 2012; Slavich et al., 2020a; Slavich and Auerbach, 2018). 

One recent study that examined patients with myalgic encephalo
myelitis/chronic fatigue syndrome (ME/CFS) and healthy controls using 
wearables found that time spent upright was significantly associated 
with ME/CFS presence and severity. Specifically, the researchers found 
that whereas healthy participants spent more than 30% of their time 
upright, moderately ill ME/CFS participants spent between 20 and 30% 
of the day upright, and severely ill participants spent less than 20% of 
the day upright (Palombo et al., 2020). Another study tracked physical 
activity using a wearable accelerometer and found that physical activity 
was associated with improved neutrophil migration in elderly partici
pants, suggesting it may be a mechanism through which exercise is 
associated with better immunity (Bartlett et al., 2016). Indicators of 
autonomic system activity assessed using commonly used wearable de
vices (e.g., heart rate, nocturnal heart rate variability, respiratory rate) 
have also been associated with measures reflecting mental health dis
orders such as depression and anxiety, as well as stress and well-being 
more generally (Coutts et al., 2020; Ritsert et al., 2022). In summary, 
wearables and other remote sensing technology can thus be used 
alongside other multi-omics data to create personalized prediction 
models of early disease development, highly dynamic health profiling 
and disease-state profiling (Kellogg et al., 2018; Shen et al., 2023), and 
even evaluate therapeutic outcomes (Antikainen et al., 2022). 

Using wearable monitors also enables researchers to make use of 
multi-omics data more precisely. For example, many biological pro
cesses, such as cortisol production and energy metabolism, have circa
dian rhythms that play a role in health as well as the development of 
diseases (Patke et al., 2020). However, individuals vary in their circa
dian rhythms, which are affected by behaviors such as sleep onset and 
wake time. Similarly, physical activity exerts a multitude of physiolog
ical processes that, if left unmeasured, introduce unnecessary variability 
in models (Nieman et al., 2019). Researchers conducting studies 
involving multi-omics can accurately account for these differences in 
daily rhythms and behaviors, and contextualize within-person changes 
and between-person differences, by using wearable technology that can 

track these health behaviors with relative accuracy without requiring 
users to keep an accurate sleep or physical activity diary (de Zambotti 
et al., 2019). 

In addition, because of the potential for participant burden and the 
high cost of multi-omics assessments, it is often not feasible to include 
high-frequency multi-omics data collection in studies. In studies using 
multi-omics data at lower frequencies, it may be possible to use wear
able data to estimate multi-omics data between blood collection(s). 
Indeed, data derived from wearables, such as heart rate features, have 
demonstrated utility in predicting molecular changes. In one study, for 
example, researchers matching high-frequency multi-omics data 
collection with wearable data found that wearable-derived data—in 
particular, heart rate data (e.g., heart rate variability, range, and 
maximum heart rate)—were associated with 447 of the 2,223 molecules 
examined, most of which were lipids and cytokines (Shen et al., 2023). 
Although the models yielded thus far are in a nascent stage, including 
wearable data to expand what is possible in lower-frequency multi- 
omics studies has a multitude of benefits. 

2.5. Survey and psychological data collection 

Whenever biological data are collected, it is vital to also consider 
what other data researchers can collect that will help them understand 
and interpret biological associations and outcomes. At a basic level, 
demographic information including sex, race, age, and socioeconomic 
measures are essential. Beyond these variables, collecting health- 
relevant information–such as disease status, recent illnesses, medica
tion use, and mental health conditions–is useful when seeking to un
derstand unexpected data patterns. Combining historical health data, 
such as what is available in electronic health records, with multi-omics 
approaches is another way to provide insight into unexpected data 
patterns and the progression of disease states. 

In repeated measures designs with biological data collection, it is 
also beneficial to collect measures of psychological and behavioral 
variables of interest (e.g., current levels of stress, social support, hunger, 
mood; for publicly available measures, see Hamilton et al., 2011) 
concurrently with biological sample collection. Furthermore, corre
lating real-time psychological data collection, such as Ecological 
Momentary Assessments (EMAs), with real-time information from 
wearable devices has proven valuable in discovering digital biomarkers 
of distress in MDD patients; they can also enable real-time interventions, 
called Ecological Momentary Interventions, which can be used to relieve 
anxiety- and stress-related symptoms as they occur (Lautman and Lev- 
Ari, 2022; see also Byrne et al., 2021). 

Given the clarity that can be gleaned from understanding both bio
logical and psychological factors that influence health and behavior, 
future empirical work should incorporate a more holistic approach, 
sampling both biological and physiological factors together with psy
chological data collection. Multi-omics approaches to these questions 
can undoubtedly contribute to this holistic goal. By utilizing recent 
advancements in minimally invasive blood sampling, multi-omics ap
proaches give researchers the ability to measure biological factors 
longitudinally in conjunction with minimally taxing longitudinal psy
chological assessments such as EMAs, which enables researchers to 
capture the transient changes that are often of interest in PNI studies, 
alongside genotype-environment-phenotype effects within an individ
ual. This approach will also enable greater opportunities for interven
tion. If researchers can identify the multiple processes (e.g., biological, 
psychological, environmental) that contribute to disease risk and pro
gression, for example, they can use this information to develop more 
effective personalized interventions aimed at reducing risk in multiple 
domains as opposed to attempting to intervene on a single domain (e.g., 
biology) while ignoring the influence of others (e.g., psychology). 
Although the recommendation to collect psychological data alongside of 
biological data may seem obvious to PNI researchers, this is not standard 
practice in all labs conducting multi-omics research, and it is one area in 
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which PNI researchers could provide valuable expertise to researchers 
conducting studies that use multi-omics approaches to study health and 
disease. 

2.6. Multi-omics data analysis 

Analyzing and integrating multi-omics data is complex. Each indi
vidual type of omics analysis presents its own unique set of challenges, 
and the task of integrating multiple and vastly different types of data, 
such as omics data (including genomics, proteomics, metabolomics, 
etc.), EMAs (which capture experiences in real-time), wearable data 
(generated by devices that collect physiological metrics), and psycho
logical data (from behavioral and cognitive assessments) presents new 
challenges as well (Krassowski et al., 2020; Mirza et al., 2019; Hasin 
et al., 2017). These data types are not only diverse in their nature but 
also their scale, quality, and format, leading to complexities in handling 
and interpreting them in a harmonious way. 

The best way to approach this challenge is to form multi-disciplinary 
teams composed of experts who specialize in each of the various data 
types. A lone researcher attempting to master each type of data is un
likely to yield high-quality results. By working together, interdisci
plinary teams are able to balance needs across different data types, 
ensuring accurate collection, preprocessing, integration, and interpre
tation of the data. The collaboration of diverse researchers increases not 
only the quality of data collected, but also promotes insightful and 
meaningful interpretations of results through the discussion of connec
tions between the different data types (e.g., Schüssler-Fiorenza Rose 
et al., 2019; Shen et al., 2023). 

In general, methods used in multi-omics studies are intended to 
investigate associations within a high-dimensional space, usually with 
limited samples, while considering the inherent noise unique to each 
omics and the number of features from each omics. For example, in a 
typical workflow, thousands of transcripts can be generated as 
compared to only hundreds of metabolites, such that the information in 
the transcriptome can hide more pertinent information contained in the 
metabolome. In this context, we next provide a brief overview of the 
steps and challenges involved in multi-omics data analysis and some 
promising approaches to tackle them. We also stress that broad recom
mendations are necessary but not sufficient to ensure appropriate use of 
multi-omics data. 

2.6.1. Identifying analysis goals 
The first and most important step is to clearly define the question and 

goals of the analysis. Common goals of multi-omics analyses include 
identifying disease-associated molecular patterns, identifying and clas
sifying disease subtypes, identifying biomarkers for diagnosis and 
prognosis, understanding biological mechanisms of disease, and gener
ating temporal predictions of disease onset, recurrence, and survival 
(Subramanian et al., 2020; Athieniti & Spyrou 2023). Each of these goals 
requires different types of tools (for a repository of software packages for 
multi-omics analyses, see: https://github.com/mikelove/awesome-mu 
lti-omics). 

2.6.2. Data preprocessing 
The second step of multi-omics data analysis is to perform data 

preprocessing. Data preprocessing includes ensuring the quality and 
handling the variability of the data, and presents one of the greatest 
challenges in multi-omics data analysis. Multi-omics data can be 
affected by technical and biological factors, such as batch effects, sample 
heterogeneity, and measurement error, which can introduce noise and 
biases in results. This noise is not evenly distributed across omics, and 
variability in this distribution of errors must be taken into account 
during study design and evaluation. As mentioned above, each indi
vidual omics investigated will yield a varying number of features, and 
these will be associated with their own amount of noise (Tarazona et al., 
2020). Therefore, it is critical to perform quality control and 

preprocessing steps to ensure the consistency and reliability of the data. 
If possible, analyze all biological samples in one batch, to avoid batch 
effects (i.e., systematic differences due to technical and other factors in 
sample processing) that can obscure true biological associations 
(Čuklina et al., 2021). When this is not possible, researchers can mini
mize the chance of batch effects confounding biological associations 
through careful experimental design, using strategies such as randomi
zation and blocking (Čuklina et al., 2020). 

One step researchers can take to facilitate batch correction is to 
include biological and technical replicates across batches. Although 
determining the optimal ways to perform batch correction in multi- 
omics studies remains an empirical question, a number of tools and 
methodologies have been developed to perform batch correction, 
including normalization (Čuklina et al., 2020). Normalization methods 
include loess, quantile, systematic error removal using random forest 
(Fan et al., 2019), and tunable median polish of ratio (Dammer et al., 
2023), among many others. Normalization is followed by batch 
correction procedures such as surrogate variable estimation (Leek et al., 
2012), empirical bayes methods (ComBat/ComBat-seq; Johnson et al., 
2007; Zhang et al., 2020), and others, including a recently developed 
method, MultiBaC, that performs batch correction across omics datasets 
under specified conditions (Ugidos et al., 2022; Ugidos et al., 2020). For 
analysis methods that include modeling, “batch” can be included as a 
covariate in analyses, but this is not possible with all methods. It is al
ways important to evaluate the efficacy of the batch correction method 
chosen, as over corrections can obscure meaningful results, while 
inappropriately accounting for batch effects can produce spurious re
sults. Additional data pre-processing steps depend on planned analyses, 
but common steps are data transformations and standardization to 
enable the integration of data that come from different distributions and 
scales (see Graw et al., 2021). 

2.6.3. Data integration 
There are multiple approaches to integrating omics data, and omics 

and non-omics data. For example, in multistage analysis, associations 
are first found between data types and then between the phenotype(s) of 
interest (Ritchie et al., 2015). Simultaneous analysis of multiple data 
types is divided into three main categories: (a) concatenation-based or 
early integration combines multiple omics datasets into a single dataset, 
and this combined data set is then analyzed; (b) transformation-based 
integration, where each data type is transformed into an intermediate 
form such as a graph or kernel and then integrated, which can occur 
jointly or independently; and (c) model-based or late integration, where 
each omics dataset is analyzed separately and then the results are 
combined (Kaur et al., 2021; Ritchie et al., 2015). A fourth strategy is 
hierarchical integration, where known regulatory associations between 
omics layers are taken into account when integrating datasets (Picard 
et al., 2021). 

A similar set of strategies has been proposed for integrating omics 
data with non-omics data, including joint modeling (early integration), 
independent modeling (late integration), and a conditional approach in 
which a clinical model is defined first with non-omics variables and then 
omics variable selection is performed by considering a model that con
tains or adjusts for the non-omics variables (López de Maturana et al., 
2019). Analysis tools for multi-omics data analysis include univariate 
and multivariate statistical methods, machine learning methods that 
include both supervised and unsupervised methods, and deep learning. 
For an overview of analysis techniques used in multi-omics studies of 
psychiatric disorders, see Amasi-Hartoonian et al. (2022) and Sathya
narayanan et al. (2023). 

2.6.4. Data analysis methods 
The goals of the analysis are extremely important for selecting which 

methods of analysis are most appropriate. Unsupervised clustering is 
agnostic to the phenotype or outcome and is used both for dimension
ality reduction, understanding the underlying structure of the data, and 
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downstream analyses. Dimensionality reduction is one approach for 
addressing the high dimensional nature of multi-omics data and 
reducing model complexity. Common clustering techniques used for 
dimensionality reduction are principal components analysis, multi- 
dimensional scaling, and T-distributed Stochastic Neighbor Embed
ding. Newer techniques aimed specifically at multi-omics data include 
multi-omics factor analysis (Argelaguet et al., 2018) and Multiple Co- 
Inertia analysis (Meng et al., 2014). Clustering is also commonly 
used to identify disease subtypes or disease trajectory subtypes of pop
ulations. Common clustering techniques include hierarchical, k-means, 
self-organizing maps, and gaussian mixture models, among others 
(Eicher et al., 2020), and fuzzy c-means clustering is often used to cluster 
longitudinal trajectories. 

Researchers seeking to understand biological mechanisms underly
ing health and disease may use statistical methods to identify associa
tions of omics analytes with outcomes of interest and then follow this 
analytic step with integrated pathway analysis, which can be further 
integrated across omes. Statistical tools include univariate methods, 
both parametric and non-parametric, and multivariate methods. When 
using univariate methods, it is important to conduct multiple hypothesis 
testing correction given the large number of analytes. Common methods 
include Bonferroni (Bland & Altman, 1995) which is the most conser
vative, the Benjamini-Hochberg False Discovery Rate (FDR; Benjamini & 
Hochberg, 1995), and the optimized FDR approach of Storey and Tib
shirani (2003) that produces q-values, a measure of the FDR that would 
occur by accepting the given test and all other tests with a similar p- 
value. For example, Misiewicz and colleagues (2019) used limma eBayes 
(a linear model with empirical Bayes variance estimation) to identify 
differentially expressed genes and proteins affected by chronic stress, 
and then compared stress-resilient, stress-susceptible, and same-strain 
control mice. The researchers first performed pathway analysis on the 
individual omics level and then used an integrative analysis to identify 
the most widely stress-affected pathways. They found that pathways 
related to mitochondrial function and transcriptional control were 
significantly enriched but in opposite directions for stress-resilient vs. 
stress-resistant mice (Misiewicz et al., 2019). Other methods for un
derstanding biological associations are correlation networks, partial 
correlation networks, Weighted Gene Coexpression Networks, and To
pological Analysis of networks (Eicher et al 2020). 

When the goal of a study is to predict disease or discover biomarkers 
of disease, researchers frequently rely on a large range of statistical and 
machine learning methods. Unlike pathway analysis, which requires a 
large number of associated analytes to perform, biomarker studies often 
aim to identify a parsimonious number of analytes. Both univariate and 
multivariate statistical techniques can be used. Univariate techniques 
include regularized regression such as the least absolute shrinkage and 
selection operator (LASSO; Tibshirani, 1996), and elastic net, which 
often performs better than LASSO when the number of features exceeds 
the number of subjects and the dataset contains groups of correlated 
variables (Friedman et al., 2010). Regularization shrinks the coefficients 
of less important features and can be used for feature selection when the 
coefficients of unimportant features are set to zero. Multivariate statis
tical methods, in turn, include sparse Partial Least Squares (Cao et al., 
2008) and sparse canonical correlation analysis (Witten & Tibshirani, 
2009; Witten et al., 2009) and variations of these methods. These are 
latent variable models that seek to maximize the covariance (i.e., sPLS) 
or correlation (i.e., sCCA) between two sets of data (Mihalik et al., 
2022). 

Other machine learning techniques include Random Forests which is 
a tree-based algorithm, and Support Vector Machines, which can handle 
nonlinear data as well as causal discovery feature selection methods 
(Saxe et al., 2017). Deep learning methods, which use neural networks 
and can capture nonlinear and hierarchical features, have powerful 
predictive capacities but often require much larger sample sizes than are 
typical of multi-omics studies (Kang et al., 2022). When sample sizes are 
small, additional attention must be paid to the method used for 

evaluating model performance. Instead of using the traditional training 
and test set method or simple k-fold cross-validation, methods such as 
nested cross validation and bootstrap bias corrected validation are more 
appropriate, as these more reliably estimate performance in small 
samples and make much better use of the data (Tsamardinos, 2022; 
Vabalas et al., 2019). 

As an example of what can be achieved when appropriate data an
alytic approaches to multi-omics data are used, Ghaemi et al. (2019) 
developed a model to estimate gestational age during pregnancy. The 
researchers considered multiple factors including appropriate cross 
validation strategies to minimize data leakage (i.e., using different 
portions of the data to train a model and then test the hypotheses), 
regularization, and stack generalization to combine results across omics. 
These steps enabled the researchers to overcome challenges inherent to 
multi-omics data analysis, to develop a promising machine learning 
model of gestational age with limited samples, and to set the stage for 
future research aimed at examining deviations associated with 
pregnancy-related complications (i.e., preeclampsia, gestational dia
betes, preterm birth). In sum, although multi-omics data analysis is 
complicated, there are a number of recently developed platforms that 
contain common analytic tools for supervised and unsupervised analysis 
that reduce some barriers related to conducting multi-omics data anal
ysis (see Box 1). 

2.7. The future of multi-omics in PNI: Challenges and next steps 

The breadth and depth of biological information collected with 
multi-omics assessments is well-poised to increase our fundamental 
understanding of biological systems and how they interact with psy
chological and environmental factors. With each promise of multi-omics 
approaches, however, there also arises challenges that researchers must 
face to ensure that they are using these approaches appropriately. For 
example, it is impossible to understate the necessity of considering the 
biological plausibility of inferences when interpreting statistical output. 
This is important for all research but especially important for multi- 
omics research, which is typically exploratory and data-driven. Access 
to multi-omics data and a plan to use an unsupervised approach does not 
preclude the need for careful thought about biologically important 
variables. That is, if a revealed pattern of results is not biologically 
plausible, alternative modifications/models must be considered. 

It is also important to recognize the limitations of current biological 
knowledge. This can affect pathway analysis which relies on existing 
databases, as these databases are constantly evolving as new knowledge 
becomes available. Databases are much better developed for some omics 
compared to others. For example, transcriptomics databases are more 
established than metabolomics databases, where there are still large 
amounts of unknowns and metabolite identification is a challenge 
(Wieder et al., 2021). 

As mentioned above, the cost of collecting, storing, and analyzing 
high-quality multi-omics data often limits the sample sizes that re
searchers are able to collect (e.g., given typical research budgets). We 
advocate for a balanced approach that appreciates the exploratory po
tential that multi-omics data provide for highlighting potential bio
markers or mechanisms of health and disease, and that carefully 
considers where it is possible to restrict the scope of data collection to 
preserve funding (i.e., number of analytes vs. number of participants vs. 
number of repeated measures). Another consideration is the depth of 
sequencing needed for the study, which affects the cost of genomic 
analysis. For example, whereas deep, whole metagenome sequencing 
enables researchers to identify rare microbes and can identify single 
nucleotide variants in individual microbiome species, it can be cost 
prohibitive for large longitudinal studies and the taxonomic resolution 
of shallow shotgun sequencing may be adequate for the questions being 
asked, as a viable and cost-effective alternative to 16S sequencing (La 
Reau et al., 2023). Central to this consideration should be the ability to 
test the primary research question(s) of interest with adequate power. 
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To the extent that resource scarcity presents a problem, multi-lab 
collaborations might help to pool together enough resources to 
conduct meaningful analyses. Another approach is to bank samples for 
future additional omics analysis. In general, as more and more multi- 
omics studies demonstrate the value of this type of research, funding 
agencies which traditionally have prioritized hypothesis-driven research 
are recognizing the value of data-driven research for biological discov
ery. For example, although large, exploratory multi-omics studies are 
cost and resource expensive to conduct, there is value in discovering the 
pathways, mechanisms, and phenotypes of disease and diseases pro
cesses, as opposed to conducting multiple one-off studies over the course 
of decades to identify select parts of the overall picture. 

For newer omics technologies, challenges associated with measure
ment accuracy are ongoing. Specifically, different collection, assay, and 
analytical techniques can yield different results and/or lack standardi
zation, resulting in inconsistency between different laboratories (Katz 
et al., 2022; Raffield et al., 2020). It will take time before best practices 
are established and consensus reached for optimal data compatibility 
and comparison. In the meantime, researchers need to be acutely aware 
of the limitations of any new technologies and work with expert col
laborators to optimize reproducibility and understand the limitations of 
the methods used. 

For PNI researchers, the potential to advance our understanding of 
immunology from a systems perspective is a key next step toward un
derstanding associations between neural processes, immune function, 
psychological factors, and health, and multi-omics approaches can help 
to identify novel treatment targets and potentially guide the delivery of 
just-in-time adaptive interventions. However, most PNI research still 
assesses a few select proteins or uses simplified composite scores created 
from standardizing and averaging a limited panel of proteins to assess 
immune system activities (Moriarity et al., 2021). In this context, guided 
by theoretical insights and biological plausibility, multi-omics data and 
approaches can provide a more comprehensive, multi-system resource 
to explore the complexity of immunology and guide future data collec
tion and analytic strategies. Similarly, multi-omics data approaches 
provide a more powerful platform to conduct foundational descriptive 
research on the physiometrics (i.e., key measurement properties of 
biological variables; Moriarity & Alloy, 2021; Segerstrom & Smith, 
2012) of both individual facets (e.g., proteins) and broader immuno
logical systems/processes (e.g., markers involved in the acute phase 
reaction). PNI researchers who specialize in physiometrics or psycho
metrics may also be a valuable resource for researchers seeking to 
improve the reliability, validity, and standardization of multi-omics 
assessments and analysis practices. 

3. Conclusion 

In conclusion, there are a number of broad recommendations that we 
believe will help realize the full potential of multi-omics in PNI and 
health research. First, work in teams and, ideally, in teams that include 
experts from different omics and academic backgrounds, as doing multi- 
omics research well requires a lot of conceptual, technical, statistical, 
and computational expertise. Do not feel as though you or your lab needs 
to master every part of the process; instead, connect with others at your 
institution or another institution who have other expertise (i.e., com
puter science, machine learning) and resources (i.e., Mass Spectrometry, 
diverse sample access, supplemental funding) to get the job done. Sec
ond, pool financial and technical resources, because multi-omics 
research is both expensive and resource intensive. Third, do not forget 
the P in PNI. Muti-omics research will be most useful and informative 
when it is linked to psychological, behavioral, and/or clinical processes, 
so make sure to assess those constructs with the same thoughtfulness and 
care you apply to the biological ones. Finally, do not forget the upside. 
Many research programs are focused on disease risk reduction, which is 
important, but researching the psychobiological basis of constructs such 
as belonging, resilience, and thriving is equally, if not more, important, 

as this work has the potential to reduce pre-clinical and clinical disease 
processes before they take hold and cause human suffering (Allen et al., 
2021; Slavich et al., 2022). 

We are now at the point where the technologies of tomorrow have 
arrived. The future of PNI and health research is here, and our ability to 
understand how complex, multi-faceted systems work together to in
fluence human health and disease risk on a high-resolution, within- 
person basis, is within our reach. Given the highly integrative and 
collaborative nature of our field, we believe no researchers are better 
poised to take full advantage of multi-omics than those in PNI. 
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