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Abstract

In the era of “big data”, we are gaining rich person-specific information about neuroanatomy,
neural function, and cognitive functions. However, the optimal ways to create precise approaches
to optimize individual function in healthy and disease are unclear. Multimodal analysis and
modeling approaches that combine anatomical networks, functional signals, and cognitive
neuroscience in single subjects can guide neuromodulation. Our progress could be improved by
progressing from statistical fits to mechanistic models. Using transcranial magnetic stimulation as
an example, we discuss how integrating methods with a focus on mechanisms could improve our
predictions TMS effects within individuals, refine our models of health and disease, and improve
our treatments.

1. Introduction

Brain stimulation is being applied at nearly every scale of neural organization to optimize
cognition and treat brain dysfunction. Analyses of human brain networks (the connectome,
Sporns et al., 2005) provide us with increasingly sophisticated means to describe anatomical
and functional human brain network organization. However, it is unclear how to optimally
use these data to guide translational approaches. Like many domains of inquiry, brain
stimulation studies often rely on cross-sectional analyses at the group level to make
inferences at the individual level. However, these types of analyses could be fundamentally
flawed in principle (Molenaar, 2004), and the discrepancy between group and individual
estimates can be demonstrated using various measures in psychophysical (Fisher et al.,
2018) and neural data (Seghier and Price, 2018). Studying processes within individuals over
time is justified to understand the nature of neurocognitive functions and how they respond
to interventions (Molenaar, 2004; Poldrack et al., 2015). As the drive to achieve “precision
medicine” approaches to brain disorders continues (Insel and Cuthbert, 2015), it is crucial to
consider strategies to address major challenges in brain stimulation.
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While we have long influenced the brain with interventions such as education (Ngandu et
al., 2015) and pharmaceuticals (Franke et al., 2014), invasive and noninvasive brain
stimulation have been rising in recent decades (Snowball et al., 2013). In clinical
neuromodulation, we often aim to study and reduce functional (i.e., cognitive or behavioral)
problems within individuals. However, the effects of stimulation are often modest at the
group level (Aleman et al., 2007; Berlim et al., 2014; Burt et al., 2002; Chou et al., 2015;
Schutter, 2009; Slotema et al., 2010), and variable at the individual level (L6pez-Alonso et
al., 2014). Thus, it is important to consider how to use data to enhance treatment at the level
of each individual.

We offer a theoretical perspective with the intent to promote personalized neuromodulation
with transcranial magnetic stimulation (TMS) from basic to translational contexts. We
describe possibilities for use-inspired research that are still in developmental stages. To
personalize neuromodulation, we will require a progression from “deep phenotyping”
Gordon et al. (2017a), Poldrack et al. (2015) — acquiring many samples and many variables
within subjects over time to understand mechanisms — to a reduced set of procedures that are
clinically viable. Thus, the basis for this review is to identify an open set of challenges that,
if addressed, could identify strategies that develop larger, less variable, and more specific
effects in individuals. Identifying data that describe specific mechanisms of target processes
within individuals could lead to better “precision” approaches to TMS. After candidate
personalizing strategies are found, gold-standard clinical trials should compare the
personalized interventions to existing best practices. If personalized approaches are superior,
they can be further refined for real-world clinical use by reducing unnecessary expenditures
and procedures.

While we focus on TMS as a special case for clarity and brevity, many of the concepts
described here can be used widely when considering how to use multimodal data analysis to
promote real-world positive outcomes. The spatiotemporal precision and noninvasiveness of
TMS carries advantages for some of our suggestions, but it is possible to consider
integrating data in the ways described here with various stimulation and recording
techniques. The key notion is that there is a natural relationship between seeking to
influence brain processes at the individual level and validating mechanistic models that
make predictions within single subjects. This idea could apply to TMS as well as any brain
stimulation method.

2. Multimodal neuroimaging & neuromodulation

When the goal is to integrate data sources to predict TMS effects, it is appropriate to use
neural data to guide brain stimulation. Researchers can use neuroimaging to measure gross
brain anatomy (Durston et al., 2001), anatomical white matter networks (Basser and Jones,
2002), metabolism (Bailey et al., 2005), hemodynamic activity (Smith, 2004) and
electrophysiology (Pfurtscheller and Da Silva, 1999). In conjunction with these techniques,
TMS can be used to induce instantaneous post-synaptic potentials (Bonato et al., 2006) and
long term depression or long-term potentiation-like inhibition or excitation at a resolution of
1 cm 2 at the level of the cortex (Valero-Cabré et al., 2017; Wang et al., 1996)1.
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It is challenging to understand how locally induced TMS effects influence the brain and
behavior. An emerging focus in cognitive neuroscience is how to integrate various data
sources to understand and predict cognitive function (Petersen and Sporns, 2015; Medaglia
etal., 2015). In Network neuroscience (Bassett and Sporns, 2017), multimodal imaging data
can be represented as networks or graphs that typically comprise nodes that represent
locations (e.g., brain regions) and edges that represents connections between nodes. At the
smallest scale, the nodes of a brain network might represent individual neurons, and the
edges in the brain network represent synaptic connections between neurons. At the larger
scales relevant to personalized neuromodulation, nodes are often brain regions defined by
either anatomy or function, and the edges are either white matter connections between
regions measured with diffusion tractography or functional interactions measured with
fMRI. Numerous approaches to representing neuroimaging data in graphs have emergedz.
For our purposes, network neuroscience forms one important foundation with which to
examine complex neural systems. In the context of predicting TMS effects, the challenge is
to find the “correct” data and models that optimize predictions.

Thus, a major challenge to personalizing neuromodulation involves how to use various data
sources to inform decisions about TMS targeting and parameter selection for a given person
(Lépez-Alonso et al., 2014). The difficulties in doing so can be seen as accounting for two
important sources of inter-individual variability. First, individual brains vary substantially in
cytoarchitectonic and macrostructural anatomy, as well as in functional organization with
respect to structural anatomy (Amunts et al., 1999; Mazziotta et al., 2001; Desikan et al.,
2006; Langs et al., 2016; Tong et al., 2017). In many cases, it is insufficient only to target
anatomically homotopic regions in each brain; instead, it should be to identify and target
functionally homologous regions (Sack et al., 2009). Second, because neuromodulation aims
to modify cognitive or affective processes and behavior that are dysfunctional in psychiatric
or neurologic disorders, it is insufficient to know only the functional topographic
organization of an individual’s brain, but we must also know the neurocognitive mapping
between systems physiology, mental processes, and behavior.

Obtaining a neurocognitive mapping (i.e., how cognitive architectures (Langley et al., 2009)
are implemented in the brain) can be seen as the principle goal of cognitive neuroscience
(Gazzaniga, 2004; Petersen and Sporns, 2015), but it has remained elusive over decades of
research. To personalize neuromodulation, we must consider that the mapping between brain
and cognition can also vary between subjects (Gratton et al., 2018), and that only some of
the variability in anatomy and physiology will be important for explaining differences in
neurocognitive maps (Stephan et al., 2017). These issues are emerging as an important
theme (Drysdale et al., 2017; Dubois and Adolphs, 2016; Seghier and Price, 2018), and will
form one basis for our approach to personalized treatments. Integrating these concerns into
our discussion, we describe the effort to personalize neuromodulation by progressing from
statistical model fitting to mechanistic models.

1Readers are referred to Valero-Cabré et al. (2017) for a comprehensive primer on principles of TMS.

2Readers are referred to Medaglia et al. (2015), Bassett and Sporns (2017), and Rubinov and Sporns (2010) for primers on network
analysis and Bassett et al. (2011), Blondel et al. (2008), Menichetti et al. (2014), Muldoon and Bassett (2016), and De Domenico et al.
(2016) for examples of “multiplex” or “multilayer” graphs in human brain networks.
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At the foundation of the perspective that follows is the fact that aggregated data tend to
poorly represent individual psychological (Fisher et al., 2018) and neural processes (Seghier
and Price, 2018). Pertinent to precision neuromodulation, intra-subject variables such as
TMS thresholds might be relatively consistent over days (Sommer et al., 2002), but neural
responses to specific TMS sequences are not (Dyke et al., 2018; Schilberg et al., 2017) .
Cognitive networks measured with fMRI vary over days (Gordon et al., 2017a) due to
influences such as food intake, caffeine, gene expression, and metabolism (Poldrack et al.,
2015). As we treat individuals as the basic unit of measurement, our models will be pressed
to accommodate meaningful within-subject variation that predicts responses to TMS.

2.1. Prediction using statistical fits versus mechanistic models

Association does not imply causation. The same is true of covariance-based multivariate
techniques. Many contributions from multivariate analysis applied to neuroimaging data,
including machine learning, produce strong associations with measurable behavior
(Ménsson et al., 2015; Nouretdinov et al., 2011; Yarkoni and Westfall, 2017; Varoguaux and
Thirion, 2014; Hoeft et al., 2011; Hoexter et al., 2013). However, they do not necessarily
clarify the internal mechanisms of the system, which are necessary to make causal claims
(Illari and Williamson, 2012; Medaglia et al., 2015; Mill et al., 2017). In this sense, we can
understand the problem for personalizing neuromodulation in terms of a distinction between
statistical fits and mechanistic models in data analysis.

2.1.1. Statistical model fitting—A “fit” refers to the use of a statistical model to
describe the relationship between one or more input and output variables. Breiman described
two cultures in statistical model fitting (Breiman et al., 2001). One culture assumes that the
data are generated by a given stochastic data model (e.g., regression and its many variants).
The other culture uses algorithmic modeling, which developed outside statistics. This latter
culture uses techniques such as decision trees, random forests, neural networks, and support
vector machines to identify weighted combinations of variables that yield high predictive
accuracy, and is most frequently used in the modern field of machine learning. On
Breiman’s account, the first culture yields models that are interpretable, but generally less
accurate and risk being hammers in search of nails (Adali et al., 2018). The second culture
yields less interpretable models, which may prevent practitioners from endorsing the
methods. A key challenge for statistical models is that there often exist potentially many
functions that could similarly predict input-output relationships among observed and
unobserved independent and dependent variables. This fact results in what is known as the
“model selection” problem (Nasrabadi, 2007), and is one primary limitation to fit-based
techniques.

2.1.2. Mechanistic models—In contrast, a mechanistic modelis one which encodes
the internal system components and processes that cause a phenomenon (lllari and
Williamson, 2012). Systems engineering is based on the notion that we can find dynamic
models that describe the relationships among input variables, the internal states of a system,
and the system’s outputs. A dynamic model represents a testable theory for how the system
functions in the context of its environment (the input variables). Knowing how a system
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works provides information from which we can design (Chen, 1998), control (Kalman,
1959; Schiff, 2012), and repair (Schmidt and Leach, 2003) a system’s function.

2.1.3. Moving from statistical fits to mechanistic models—In science at large, the
word mechanism can be fraught (Illari and Williamson, 2012). In neuroscience, mechanisms
can be invoked to explain brain-brain, brain-cognition, and brain-cognition-input
phenomena. However, the exact description of mechanisms varies wildly in content and
scope. Some mechanisms in theoretical neuroscience are quite successful at describing
information in neural systems and how it is stored and transmitted (Sompolinsky, 2014).
However, robust models for cognitive systems, much less cognitive-behavioral responses to
stimulation are in relatively short supply. In this sense, the effort to personalize
neuromodulation is a distinct arm on the way to validating mechanisms that are
generalizable. In the discussion that follows, it is best to think of a framework that is
“mechanism-inspired.” That is, it aims to integrate data in a way that is compatible with
many views on mechanisms, but with relatively sparse details about each. Instead, we focus
on the links between mechanisms across spatiotemporal scales that could be most relevant to
personalizing neuromodulation.

Ideally, the distinction between statistically fitted models and mechanistic models should
decrease as each type of model becomes more successful at predicting a system’s outputs. In
both approaches, prediction accuracy for new (out of sample) data is an important criterion
to optimize. In statistical model fitting, the assumption is sometimes made that higher
predictive accuracy is associated with more reliable information about the mechanisms for
the data (Breiman et al., 2001). However, this is not necessarily the case. For instance, in
human neuroimaging, even very basic measures of network organization offer high-accuracy
prediction value when applied to single modality or multimodal data (Finn et al., 2015).
However, if asked to create a person named Tina from a statistical model that predicted her
identity based on a connectomic “fingerprint ” (Finn et al., 2015), it would not be clear how
to create Tina herself from the model. That is, the model is useful to predict a label that
refers to Tina, but it doesn’t tell us much about how the system (Tina) works, nor what we
could do next for Tina should she become a candidate for a brain stimulation intervention.

3. Multimodal informatics for neuromodulation

Nevertheless, we can develop personalized neuromodulation with an equal emphasis on
predictive accuracy and interpretive value. We suggest that statistical fizs are valuable when
the appropriate predictions are defined. Mechanistic model-based forecasts should be a long-
run priority to accurately define systems (i.e., the dynamic relationships within the nervous
system that describe connectomes and their input-output characteristics), which can help to
develop novel hypotheses and potential approaches for treatments.

3.1. The data at hand

We can non-invasively measure an individual’s connectome to estimate local gray matter
and white matter volume and integrity (T1-weighted imaging), white matter anatomical
connections between regions (diffusion-weighted imaging and tractography), local and inter-
regional hemodynamic activity (functional magnetic resonance imaging and functional near-
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infrared spectroscopy), and millisecond timescale electrophysiological activity
(electroencephalography, EEG; and magnetoencephalography, MEG). All of these data can
be used to algorithmically fit models that predict the influence of TMS on behaviors of
interest They can also be integrated to refine and test dynamic models of the relationships
among variables.

The following sections will offer a perspective to integrate and enrich numerous attempts to
use complex brain network data to guide TMS. Numerous recent instances have been
reported including precision stimulation of individual-specific fMRI connectome hubs
(Lynch et al., 2018), white matter tract based targeting (Nummenmaa et al., 2014), resting-
state network based prediction using the Human Connectome Project data (Opitz et al.,
2016), resting state network connectivity in subjects who have received TMS (Fox et al.,
2014, 2013), network-guided targeting of the cerebellum (Esterman et al., 2017), and
network and model-guided targeting for depression (Luber et al., 2017). In the perspective
that follows, we seek to extend increasing interest in network-guided targeting to the more
general challenges in personalizing neuromodulation.

models to predict TMS effects

Any statistical model that can predict responses to TMS treatments with high accuracy
would be valuable. We can use many variables to predict TMS effects (see Fig. 1). Raw
genetic (Kleim et al., 2006; Malaguti et al., 2011), demographic, psychophysiological, and
neural data can be used as features when fitting and training models. Using multimodal
systems models, we can further quantify the organization of the components of genetic,
social, and the neural data sources before, during, and after brain stimulation as independent
variables. Expressing relationships among system components in graph theoretic
representations allow us to examine the predictive value of associations among features (the
network edges) as well as the predictive value of the network’s topology — the specific
configuration of edges among nodes. All of these mathematical representations can be used
in weighted combinations to predict TMS effects immediately after stimulation (e.g., either
at each trial or between administrations of tasks in a cognitive neuroscience experiment) or
at longer time scales such as those examined in clinical neuromodulation.

We can determine the value of a fitted model when we use it to predict new data (i.e., not
those used to identify the model). Concerns about what is signal and what is noise are
central to evaluating model fits. Here, we mean rno/se in the signal processing sense, which
are the unwanted and typically unknown changes to a signal due to signal recording, storage,
transmission, processing, or conversion. The presence of noise means that the results
obtained from one data sample might not be duplicated across repeated samples. Noise is
fundamentally distinguished from variation resulting from the process of interest. In the case
of personalizing TMS, we should ideally be concerned with modeling inter-subject and
intra-subject variation above and beyond noise. One essential notion behind within-subjects
measurements and deep phenotyping is to distinguish sources of meaningful variation across
subjects in the group from unwanted noise sources.

Often, cross-validation approaches train the model on data from part of the sample (e.g.,
split-half, leave-one-out) and predict the rest of the sample (Arlot et al., 2010). In these
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cases, the structure of the noise profile of the data often increases the prediction value of the
model within the sample. However, if the model were applied to a new sample of data, the
performance will tend to decrease (Whelan and Garavan, 2014). This is because the noise
profile of the new sample and the variables of interest will differ from the original sample.
This limitation to model fitting is highly consequential if we want to personalize
neuromodulation.

In contrast, if we want to predict trial-wise or session-wise responses to TMS, we could take
two approaches. First, we could fit a model on data from a large sample of individuals to
predict whether a new subject would respond to TMS (a between-subjects model predicting
within-subject effects). This approach typically requires a sample with more subjects than
the number of features used to fit the model. Second, we could fit a model that can
determine whether a person will respond to a TMS intervention within the subject (a within-
subject model predicting within-subject effects). This approach typically requires a sample
with more within-subject responses to TMS (either many trial-level responses or session-
level responses) than features.

The first (between-subjects) model’s prediction will be limited by (1) the predictive power
of the features in isolation or combination, (2) the relationship of the noise profile of the new
subject’s data relative to the training sample’s data and (3) the relationship between the
cross-sectional data and the true within-subject responses to TMS. Regarding this latter
point, the cross-sectional (between subjects) data model could reveal a different relationship
between TMS and the fitted features than the within-subjects data dimension. If this is the
case, the predictive power of the model will be limited for a given subject because it does
not capture the true statistical relationship between the variables within a given subject
(Seghier and Price, 2018). In some cases, the relationship between between-subjects
information and within-subjects dynamics is quite poor (Fisher et al., 2018).

The second (within-subjects) model’s prediction will be limited by (1) the predictive power
of the features in isolation or combination, (2) the relationship of the noise profile of the
subject’s data relative to the training sample’s data and (3) the stationarity of the within-
subject process (i.e., how time-varying processes are within the subject). Obtaining a within-
subjects training prediction implies that we should stimulate a subject at the trial or session
level iteratively to find optimal stimulation parameters given the target cognitive, brain, or
behavioral response. To minimize the time burdens to optimize to the subject, we can fit
adaptive algorithms from machine learning to find input-output relationships between
stimulation parameters and behavior.

Practically speaking, there is a trade-off between inter-subject and intra-subject model-
fitting. The former strategy may better capitalize on stable, trait-like features that vary
slowly in time (over days, weeks, and years). These can include demographics, social
networks, genetics, anatomical neuroimaging, and demonstrably stable functional networks
(Gratton et al., 2018). We can often acquire these measures in one or two time-intensive
sessions plus additional time for data processing. The latter strategy may be more sensitive
to dynamic, state-like features that vary more quickly in time (from milliseconds to hours).
These can include recent social interactions, epigenetics (Rando and Verstrepen, 2007), and
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functional neuroimaging and neurophysiological measures. We can often acquire these
measures synchronously or quasi-synchronously with the stimulation (Dowdle et al., 2018;
Sack et al., 2007; Thut and Miniussi, 2009; Rogasch and Fitzgerald, 2013) and tools are
available to remove TMS artifacts (Morbidi et al., 2007; Sweeney et al., 2012; Rogasch et
al., 2014a).

Thus, a prudent strategy to personalize neuromodulation could involve a combination of
between-subjects analysis to prospect subjects at the group level, followed by more intensive
within-subjects system identification to identify subject-level effects. This can allow us to
identify “hybrid” statistically fitted models that include both inter- and intra-subject
information to predict individual responses to TMS.

3.3. Budding mechanistic models to predict TMS effects

While statistical fitting can be powerful, it can occur without revealing anything about the
internal workings of a system (Bassett et al., 2018). Knowing how a system works and how
it can fail can help create better interventions. Fortunately, models are emerging
independently across various social (Scott, 2017), genetic (Parikshak et al., 2015), cognitive
(Petersen and Sporns, 2015), neurophysiological (Fréhlich, 2015; Breakspear, 2017), and
biomechanical (Huang et al., 2017) lines of inquiry. The challenge is how to link the relevant
models to predict TMS. Obtaining models that allow us to predict and understand TMS
responses implies that we first learn something about how the features of the system operate
over time to produce cognition and behavior. Then, we need models that tell us how
complex neurocognitive systems respond to electromagnetic perturbation. Here, we offer a
schematic overview for how these models could begin to link together to forecast TMS
responses to personalized neuromodulation.

Each persons’ brain develops from a genetic template interacting with the environment. At
the moment of brain stimulation, the TMS is usually administered to a relatively focal
location in the brain. At and near this location, field modeling provides estimate for how the
electrical influences from TMS are distributed across local brain tissue (Thielscher et al.,
2015). These estimates can be used as information about how intensively neuromodulation
has interacted with specific parts of the brain at the region and network levels. The TMS site
of stimulation has local network cytoarchitectonic characteristics and is positioned in a much
larger-scale white matter network. Conceptually, we can envision white matter pathways as
the “highways” that mediate communication between regions. The function of the larger-
scale network (e.g., that commonly measured with fMRI) is mediated through anatomical
white matter inter-regional connectivity. White matter pathways shape some but not all of
the observable functional network (Hermundstad et al., 2013; Hermundstad et al., 2014;
Becker et al., 2018; Liang and Wang, 2017; Medaglia et al., 2018b; Griffa et al., 2017),
simulated functional network responses to stimulation (Muldoon et al., 2016; Gollo et al.,
2017), simulated dynamic-related cognition (Medaglia et al., 2018a; Bansal et al., 2018) and
the evolution of seizures recorded through direct electrocorticography of the cortex (Stiso et
al., 2018; Khambhati et al., 2018).

The functional processes within the brain’s anatomical networks support dynamic cognitive
processes. Accordingly, our approach to TMS should include information about how
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cognition operates within the network. Frequently, investigators aim to use knowledge about
the location of cognitive processes and cognitive networks to guide targeting (Opitz et al.,
2016). A broader challenge for neuromodulation research is how to guide stimulation in a
way that synthesizes network anatomy, neural function, and cognitive function to guide the
desired responses over time. Cognitive systems can be represented with cognitive
architectures (Langley et al., 2009), which are mechanistic models for how cognition works
without necessarily describing its organization in the brain. Identifying the neurocognitive
mapping of cognitive architectures to the brain is one foundation and frontier of cognitive
neuroscience (Gazzaniga, 2004; Petersen and Sporns, 2015). In neuromodulation, the effort
to personalize TMS can at once benefit from using validated neurocognitive mappings to
guide stimulation and understand the local effects in the context of the larger cognitive
system. In turn, modeling the effects of TMS on neurophysiology and behavior can help us
discern between competing theoretical neurocognitive models (Pascual-Leone et al., 2000).

3.3.1. Individual variability at the forefront of personalized neuromodulation
—Whereas it is possible to obtain statistical fits that do not clarify mechanisms, it is also
possible to define mechanistic models that do not predict individual responses. This
phenomenon is most commonly observed when a model derived from aggregated (or
“group”, “between subjects”, “cross-sectional”) data is used to describe person-level neural
and psychological processes (Molenaar, 2004; Medaglia et al., 2011; Fisher et al., 2018;
Seghier and Price, 2018). In general, it is important that the configuration of neuroanatomy,
function, and the representation of cognitive processes vary across people. Individualized
network analyses can identify how network anatomy and function are related to variation in
cognitive function (Medaglia et al., 2018b) and responses to TMS (Medaglia et al., 2018a).

The case of personalized TMS provides the ability to at once leverage and discover the bases
of cognitive mechanisms. Focusing on processes within subjects over time reveals a very
different set of conclusions than aggregating psychological (Fisher et al., 2018) and neural
(Seghier and Price, 2018) data. The distinction between group and individual data bears
consequences for how we understand mechanisms. A salient classical example is the debate
about the Piagetian stage theory of psychological development. When data are aggregated
across individuals, it appears that psychological development occurs as a smooth curve.
However, examining each individual at a time reveals a stage process that is distinctly
Piagetian (Van der Maas and Molenaar, 1992). Because the onsets of the stages vary across
individuals, aggregating the data results in a nonrepresentative smooth curve and precludes
analysis about within-subject processes. In other words, if we assumed the aggregate was
correct, then we would have made the wrong scientific conclusion about mechanisms. In
TMS, a concrete challenge of all experimental and research designs is how to target the
correct processes within subjects. Investigators use various functional neuroanatomical
conventions to make decisions. However, network organization at a high spatial scale varies
across individuals. The relevance for TMS’s role in exploiting and testing mechanisms is
clear. If a TMS sequence targeted at a personalized network site linked to a cognitive process
outperforms that selected by an aggregate approach, the study will have at once identified
the possible location of a personalized mechanistic system and possible basis for clinical
use.
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To date, methods for mapping individualized functional network organization generally use
resting-state and task-based functional connectivity to identify functional anatomy of
individuals. These methods can be classified into areal mappers and system mappers. Areal
mappers seek to divide the cortex into a set of discrete, contiguous patches (areas) that are
divided by abrupt changes in functional connectivity profile (Cohen et al., 2008). These
methods typically require large amounts of data (> 25 min) and do not place restrictions on
the size or number of the regions which can lead to subject’s having different sets of brain
regions, complicating group analysis (Gordon et al., 2017b; Laumann et al., 2015; Xu et al.,
2016). Some areal mappers use prior constraints on area size or number to ensure an equal
number across subjects (Honnorat et al., 2017; Glasser et al., 2016; Thomas Yeo et al.,
2011).

In contrast, system mappers aim to map the organization of large-scale distributed systems
over the cortex (Beckmann et al., 2009). The most common system mapping technique is
dual-regression independent component analysis (ICA), in which group-I1CA is used to find
group level set of distributed networks, and then spatial maps of the group-ICA are regressed
onto each subject’s data to get subject-specific network time-series. Then, the network time
series are regressed onto each subject’s data again to obtain subject-specific spatial maps
(Beckmann et al., 2009). Other system mapping techniques have been proposed that use a
priori out-of-sample group average templates (Gordon et al., 2017a; Schultz et al., 2014;
Wang et al., 2015), or Bayesian methods that model both intra- and inter-subject variability
to derive subject-specific functional system maps (Kong et al., 2018).

It is important to consider what will demarcate the most useful approaches for precision
neuromodulation. First, it is important that the approaches can prospectively map individual
functional anatomy. Both dual regression ICA and the Bayesian method proposed by Kong
et al. (2018) first require estimating group level connectivity maps before deriving subject-
specific versions. This is not ideal for precision neuromodulation, because we would like to
be able to estimate individualized functional anatomy for a given subject without having to
acquire a full cohort for comparison. Additionally, if these methods are to be useful for
clinical translation, they should be able to estimate individualized functional anatomy with a
short amount of data that can reasonably be collected in a single scan session. For this
reason, gradient based methods such as those proposed by Laumann et al. (2015) may not be
ideal. At present, it seems that system mapping methods that use a priori out-of-sample
system templates best meet these criteria. Ultimately, for these methods to become widely
adopted, they must prove useful for predicting the response to neuromodulation. These
responses could be induced brain responses in regions distal to the site-of-stimulation (Chen
et al., 2013) or behavioral effects (Lynch et al., 2018).

Whichever approach is used, variability in neurocognitive mapping should be integrated into
the foundation of our strategy rather than examined strictly post hoc. To pursue this goal, we
should perform brain mapping at the level of individuals by estimating the configuration of
individual neuroanatomical networks, functional network organization and its relationship to
underlying neuroanatomy, and how cognitive architectures are organized with respect to the
anatomically embedded functional networks within each person. See Fig. 2 for a schematic
approach to integrating data for mechanism-based forecasting within individuals.
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In this manner, we can aim to understand TMS responses as the consequences of
neuromodulation applied to the individual’s brain. Genetics and environment provide long-
timescale variables that may moderate TMS effects. TMS responses may be moderated by
the specific anatomical configuration of the stimulated region (e.g., represented by graph
theoretic measures) in the context of distributed networks. How the TMS interacts with the
individual’s cognitive architecture at and downstream from the site of stimulation determine
the temporally proximal effects on the brain and behavior. The exact neurocognitive state of
the system during stimulation can moderate the TMS effect (Silvanto et al., 2007; Silvanto
and Pascual-Leone, 2008). Behavioral, neuroimaging and neurophysiological data acquired
during and after stimulation provide indirect evidence about the effects of TMS for use in
adaptive algorithm fitting (i.e., “closed-loop” neuromodulation, Berényi et al., 2012; Kraus
et al., 2016). Finally, these data and attempts to build forecasting models could help rule out
theories of neurocognitive function when some forecasting models are more successful than
others.

3.4. Trial-wise experimentation supports discovery science and closed-loop therapeutics

Efforts to personalize TMS can accelerate by combining traditional neuroscience methods,
cognitive theory, and neuroengineering. Broadly, formalisms from control theory can aid
these efforts (Kraus et al., 2016; Schiff, 2012). However, the nature of validation
experiments will form a gatekeeper to our success. As with cognitive neuroscience, a key
challenge in cognitive neuroengineering is to forecast and test phenomenon at the
appropriate spatiotemporal scale. Here, we focus on TMS-EEG as a special case where
neuroengineering, neuromodulation, and cognitive neuroscience can converge.

TMS-EEG combines modern developments in a hundred year old noninvasive technique
with modern, relatively spatiotemporally precise TMS. Recently, new value has been found
in EEG data that is sensitive and specific to behavioral performance at the single-trial level
(Bayer et al., 2017; Collins and Frank, 2018; Delorme et al., 2015; Mullen et al., 2015;
Zrenner et al., 2017). Paired with TMS-shielded EEG equipment and adaptive artifact-
reduction algorithms, the notion of trial-level behavioral prediction that informs TMS is an
intriguing possibility. Novel EEG noise concerns emerge due to TMS electromagnetic and
physical displacement artifacts. However, careful positioning of the EEG leads (Sekiguchi et
al., 2011) and artifact cleaning techniques (Rogasch et al., 2014b; Wu et al., 2018) can
attenuate these problems. Thus, once investigators have established relevant spatial targets,
the methodology is available to probe trial-level research designs to identify neurocognitive
mechanisms.

In clinics, cognition is often measured with an assessment that provides a coarse estimate of
an individual’s ability against a normative population (Lezak et al., 2004). However, we
view the cognitive problem as a measurable consequence of problems with finer scale
cognitive processes. If this is the case, we could improve treatment efficacy by addressing
the specific mechanism of dysfunction at a finer spatiotemporal scale. Here, we could use
cognitive modeling and approaches that combine real-time stimulation and brain monitoring
to great effect. For example, executive dysfunction is a transdiagnostic issue that often
includes problems in shifting attention3. Shifting attention has reasonably good cognitive

Int J Psychophysiol. Author manuscript; available in PMC 2021 August 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Medaglia et al.

Page 12

models (Posner and Rothbart, 2007), recruits relatively well-known networks (Fan et al.,
2005), and can be measured using well-validated tasks at the trial level (Posner, 1980).

Thus, a deficit in shifting attention is a clinical problem with good prerequisites for
personalizing neuromodulation. TMS can be used to influence specific regions in relatively
focally and with millisecond temporal precision in attention networks estimated at the
individual level. The cognitive paradigm provides real-time measurements of performance
that result from specific cognitive processes and can be measured concurrently with brain
monitoring (e.g., EEG). The pairing of the task with EEG can allow us to indirectly measure
brain states immediately prior to a task stimulus and their association with performance on a
trial (Makeig et al., 2004; Thut and Miniussi, 2009). Adaptive real-time source localization
(Delorme and Makeig, 2004; Hsu et al., 2016) and causal estimates for influences between
estimated sources (Delorme et al., 2011; Mullen et al., 2013) could increase the power to
identify behaviorally-relevant neural signals and changes due to TMS.

The goal is then to identify an algorithm that adaptively improves performance using TMS.
An algorithm can be fit to use information about the pre-stimulus and post-stimulus brain
state plus prior trial performance to shape TMS stimulation (i.e., whether to administer
TMS, the frequency and amplitude of TMS, the shape of TMS etc.). TMS can be applied in
the anticipatory period immediately prior to a trial or concurrent with the trial to try and
modify performance. See Fig. 3 for a schematic for refining trial-level control in a TMS-
EEG context.

Some concepts from physics and engineering have already revealed principles that can guide
our neuromodulation algorithms and forecasting models. For instance, cross-frequency
coupling refers to the inter-frequency relationships between phases, phases and amplitudes,
and amplitudes, and is thought to coordinate neural dynamics across spatiotemporal scales in
the brain (Aru et al., 2015; Belluscio et al., 2012; Canolty and Knight, 2010). Cross-
frequency coupling has been demonstrated in the hippocampus (Axmacher et al., 2010) and
from scalp EEG during working memory maintenance (Friese et al., 2013), across dorsal
and ventral streams during working memory performance (Popov et al., 2018), during
reward processing in the nucleus accumbens (Cohen et al., 2009) and thalamo-cortical
interactions based on attention demands (Saalmann et al., 2012). Cross-frequency phase-
amplitude coupling often involves a high frequency signal (e.g., gamma, or >24 Hz) related
to the phase of a much slower signal (e.g., theta, or 4-8 Hz) (Aru et al., 2015). Determining
mechanistically significant cross-frequency relationships from spurious correlations is a
challenging problem (Aru et al., 2015). However, noninvasive brain stimulation can entrain
the phases of natural oscillations to influence behavior (Thut et al., 2011; Ozen et al., 2010;
Raco et al., 2016; Spaak et al., 2014; Helfrich et al., 2014), suggesting that there is some
mechanistic relevance for cross frequency coupling that could potentially be utilized to
influence cognition®. More broadly, the repertoire of neural dynamics estimable at the

3Consider also psychosocial treatments for phobia, where treatments are efficacious because the momentary stimulus-fear associations
are known and can be manipulated for clinical gains.

Other measures of time series dynamics (e.g., multiscale entropy, Costa et al., 2002 ; nonstationarity, Cao and Slobounov, 2011;
Kennel, 1997) have been explored in clinical and experimental settings, perhaps offering similar opportunities for model fitting and
mechanism discovery.
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source level (Makeig and Onton, 2011) may be highly useful in our models, and the
simultaneous used of TMS may further support causal inferences for the roles of specific
trial-level dynamics.

Linking TMS-induced performance within a task to clinical outcomes is crucial to evaluate
the utility of a TMS approach. After a session that personalizes TMS with an experimental
session, the individual’s clinical scores can be monitored over a longer timescale for
clinically significant change. If a model fitting procedure leads to a successful clinical
outcome, we can attempt to develop better forecasting models as an iterative process. As
described above, the success of this strategy in a given individual may be moderated by their
genotype, demographic status, and anatomical and functional network organization. The
intuitions behind trial-wise adaptive TMS-EEG are generalizable to other paired cognitive,
neuromodulatory, and brain monitoring approaches.

4. Technical frontiers

Significant scientific progress can occur using current techniques used in the appropriate
combination. Using advanced imaging can provide individualized anatomical (Medaglia et
al., 2018a; Bansal et al., 2018; Stiso et al., 2018; Khambhati et al., 2018) and functional
(Kong et al., 2018; Bijsterbosch et al., 2018; Gordon et al., 2017a; Wang et al., 2015; Xu et
al., 2016; Gordon et al., 2017b) network estimates. MEG and EEG both offer noninvasive
fast signal recording. TMS coils can be designed to introduce deeper (Zangen et al., 2005)
(but see Deng et al., 2014 ; Guadagnin et al., 2016), quieter (Peterchev et al., 2015), and
more focal (Huh et al., 2018) stimulation. However, diffusion tractography algorithms
produce connectome that lack ground truth and produce many systematic false positive
tracts (Maier-Hein et al., 2017) and do not estimate fiber directionality (van den Heuvel et
al., 2015). MEG is not cost-effective and can be difficult to configure with synchronous
brain stimulation. As with MEG, EEG is susceptible to the source localization problem
(Malioutov et al., 2005) and a relative lack of sensitivity to high frequency content, much of
which is thought to be related to momentary cognitive performance (Delorme et al., 2015;
Herrmann and Demiralp, 2005; Jerbi et al., 2009; Heusser et al., 2016; Schirrmeister et al.,
2017; Delorme et al., 2015; Collins and Frank, 2018) and thus crucial to trial-level closed
loop control. Thus, the effort to personalize neuromodulation should develop alongside
ongoing efforts to improve the precision of neural measurements and stimulation devices.

5. Clinical trials as the gold standard for personalizing neuromodulation

Many of the general approaches to precision neuromodulation described above can be costly,
time-intensive, and difficult to implement in clinical contexts. It is doubtless that many
potential procedures will suffer limitations due to technology and sample characteristics. In
addition, even if some within-subjects predictions and behavioral control are feasible, they
might not be clinically useful due either to their expense, complexity, or minimal
improvements on measures of patient outcomes. However, it is worth noting that precision
approaches using control engineering in invasive contexts to treat Parkinson’s symptoms
with deep brain stimulation have become part of routine care (Schiff, 2012). In addition,
meta-analyses of randomized controlled trials for TMS in depression report a 13.6%
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remission rate relative to sham treatments (Berlim et al., 2014). Even if this number were
only doubled to 27.2% of patients, it would be a substantial gain with real-world value. The
costs of continuing to deliver standard of care at a 13.6% success rate should be weighed
against investing in innovative precision procedures. In the end, new procedures should be
tested in randomized controlled trials against approved practices to objectively determine the
value for patients.

6. Conclusion

To personalize neuromodulation, we will need to confront hard problems using the tools
available from cognitive neuroscience, neuropsychology, and systems engineering. Some
approaches will only be possible with improvements in brain monitoring and stimulation
technology. However, many approaches may be available to us given the right combination
of tools and data for precise approaches. As a community, we should proceed with models
that both fit and mechanistically forecast TMS responses, and move from cross-sectional
predictions to truly personalized TMS procedures.
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Fig. 1.
Fitting models to predict TMS effects using complementary methods in connectomics. (A)

Data sources used for model fitting can include subject-level information such as genotype,
demographics, social status, neuroimaging and neurophysiology. (B) The data can be
represented as individual measures (network nodes), pairwise elements (network edges), or
more topologically complex measures of organization (network measures). (C) With no prior
assumptions about the relationships between the input features and TMS responses, machine
learning tools can learn the optimal associations between the data and (D) individual
response to TMS.
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Using data to test mechanisms and forecast TMS effects within individuals. (A) A person’s

genotype, demographics, and social context are moderators for TMS effects that may
manifest as features at the brain level. (B) Network anatomy forms a person-specific

“fingerprint” that we can represent as (C) a graph of the anatomical network that (D) has
dynamics embedded within nodes across the network that facilitate local computations and
long-distance inter-regional communication. (£) This person-specific network-embedded

neurocognitive model is responsible for ERPs, oscillations, and more indirect activity

measurable by e.g., fMRI. (F) There is presumably a mapping from a person’s individual
dynamics to behavior in the absence of TMS (Lef?). Once TMS is administered to the brain,
its influences are mediated through (Midd/e) the local field (e.g., those estimated using finite
element methods (Opitz et al., 2013)) and modulate neurocognitive processes, resulting in
Post-TMS effects at the trial or session level (Right).
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Fig. 3.
Personalizing TMS at the trial level. Cognitive events can be controlled to identify specific

cognitive, behavioral, and neural signatures. In this schematic, a traditional Posner cued
attention paradigm (Posner, 1980) proceeds from a fixation (red epoch) to a cue (yellow
epoch) to a stimulus (blue epoch). In a TMS-EEG paradigm (for instance, if the TMS is
administered to the frontal eye fields (Grosbras and Paus, 2002)), an algorithm could make
use of the timing, spectral content, and amplitude of the TMS-evoked potential (TEP), ERP
(and its sources []) due to the stimulus, and use data before or during the current stimulus to
train a behavior-predictive statistical model. Ideally, these measures will be selected for their
role in a mechanistic model, but can also be fitted when a good dynamic model is
unavailable. The model can adaptively update over trials and use the controller (e.g., a
computer script) to modify the timing, amplitude, frequency, and shape of TMS to improve
performance on subsequent trials. If the statistically fitted model relates better to a given
“ground truth” model for cued attention, it can help us distinguish among models that link
the brain and behavior. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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