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Introduction to image-computable models

In this chapter, we focus on the application of image-computable models to fMRI.
To clarify the scope of this chapter, we will first explain our definition of an
image-computable model. A model is a formal, falsifiable instantiation of a theory
often involving an explicit computational implementation. An image-computable
model receives arbitrary visual stimuli as input, and outputs a transformation of
those stimuli that can be compared to brain measurements. One of the most
important characteristics of image-computable models is, as the name suggests,
that they do not require any information in addition to the images themselves
(Hermes et al., 2019). That is, they give rise to an end-to-end transformation
from stimulus to measurement without reference to learning, annotations, or
labels. Image-computable models can be productively combined with models
of cognitive concepts such as attention (Klein et al., 2014; Kay et al., 2015;
van Es et al., 2018), but here we eschew discussing those more elaborate models,
and instead focus on the use of image computable models for studying the early
visual cortex.

We also limit our treatment to one specific flavor of image-computable model;
mechanistic, neurally inspired processing models that parsimoniously explain
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CHAPTER 2 Understanding computation in sensory systems

fMRI data with as few parameters as possible. These models’ operations resemble
operations hypothesized to be carried out by the brain, with the individual model
components performing biologically plausible computations. For instance, this def-
inition excludes artificial neural network (ANN) models, for two reasons. First, due
to their millions of parameters, ANNs have an extraordinarily high degree of com-
plexity. So while such models produce impressive behavior, their complexity can
often make it difficult to relate the computations they perform to the visual system.
Second, although the overarching architecture and learning principles of ANN
models can be regarded as neurally inspired, the specific parameter tunings that give
rise to their operations are not intended to be biologically interpretable.

Another defining feature of image-computable models that we discuss in this
chapter is that they are mechanistic; the goal is to understand local computations
and the modeling is not explicitly geared toward statistical hypothesis-testing infer-
ence, as is discussed, for example, in Chapter 1. Moreover, image-computable
models are used to explain the responses at the single-voxel level, as opposed to
regions of interest. This means these models explicitly capitalize on the interpreta-
tion of voxel-level BOLD responses as sampling the joint activity of a population of
some thousands of neurons. Fitting with this level of description, in David Marr’s
conceptualization of a hierarchy of models, these models live at the junction of
the computational and algorithmic levels.

The reason we adhere to these specific scope-defining limitations here is that
thusly defined image-computable models make for highly valuable scientific
models. There are a number of reasons for this utility, centering on their transpar-
ency: not only can their sequence of operations be fully understood, their parameters
are also interpretable both computationally and, often, biologically. This set of qual-
ities makes image-computable models an important and highly successful tool to
understanding how the living human brain’s computations represent visual informa-
tion from measured BOLD responses.

Examples of successful image-computable models

Two broad classes of image-computable model have been used to model responses in
primary visual cortex: the population receptive field (pRF) model and the Gabor fil-
ter bank model.

pRF model

The pRF model starts with a simplifying assumption that the BOLD activity in a
voxel represents the sum of the receptive fields of all of the neurons in the cortical
tissue sampled by that voxel. Different neurons within a voxel’s neural population
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will have a range of RF centers (i.e., RF location scatter), orientations, and spatial
frequencies (REFs, Hubel and Wiesel). Responses specific to orientation, eye-
of-origin, spatial frequency, etc. are relatively diverse within the population of neu-
rons sampled by a single voxel at standard resolution. But responses selective for
spatial location are more consistent within this population: the dominant compo-
nent of a voxel’s population response is related to visual location. Thus, by disre-
garding the stimulus properties other than visual—spatial location, the pRF model is
focused explicitly on mapping the retinotopic structure of the visual system and
understanding the visual system’s spatial computations. The main assumption here
is that the population response may be well approximated by a circularly symmetric
2D Gaussian function defined in visual space. The main challenge is to find the
position and size of the Gaussian that best approximates the population response
(Fig. 1).

The pRF model is the primary successor to older techniques for mapping the reti-
notopic structure of the human visual cortex. These earlier methods used periodic
stimulus designs to estimate the location in the visual field that produces an optimal
response. Periodically rotating wedges and expanding/contracting rings would be
used as stimuli to estimate voxels’ polar angle and eccentricity preferences, respec-
tively, based on the phase of periodic responses to visual stimulation (Sereno et al.,
1995; Engel et al., 1997). The pRF modeling approach confers a number of advan-
tages over these older techniques.

1. Tt is an explicit, image-computable model of visual responses in the spatial
dimension: its estimated parameters are directly interpretable as relating to
neural tuning inside our voxels.

2. Consequently, whereas these older techniques generally produced a point-
estimate of spatial tuning, the pRF model also estimates the spatial extent of
spatial tuning via its size parameter (the standard deviation of the circular
Gaussian function).

3. The pRF modeling approach can simultaneously fit the shape of the
hemodynamic response function as just an additional (set of) model
parameter, which may do a better job of fitting population receptive fields
in different tissue types (large veins, capillaries, different layers)

(Kay et al., 2020).

4. Stimulus flexibility. Early retinotopic mapping techniques were limited to rings
and wedges used to separately map out radial and angular components of the
retinotopic map because of their dependence on a periodic stimulus design.
Because the pRF model is image computable, it is more flexible and can run on
arbitrary sequences of stimuli.
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pRF model
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FIG. 1

pRF model and fitting procedure. The simple pRF model is defined by a Gaussian with three
parameters: a center (x and y coordinates) and a standard deviation. The pRF fitting
procedure finds values for these three parameters that best explains the response to the
stimulus.
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Stimulus designs

This stimulus flexibility freed researchers to use more irregular experimental
designs, for example, stimuli with blank periods. Blank periods are effective when
attempting to demonstrate spatially selective responses in brain regions with very
large receptive fields (since stimuli without blanks can saturate responses in such
areas) (Dumoulin and Wandell, 2008). The typical pRF mapping stimulus design
is to scan a fixating subject while they view bar stimuli that traverse the visual
field, in much the same way that Hubel and Wiesel used bars of light to map neu-
ronal receptive fields in visual cortex (Hubel and Wiesel, 1962). This primary
stimulus design of bars traveling across the screen combines sparseness of
responses (for a given voxel, the bar only occupies its pRF for a relatively brief
period, making response timing highly informative) with strength of responses
(whenever the bar stimulus occupies a pRF, this is likely for a duration longer than
4 s—producing response of block-design strength). Generally, the textures inside
these bars are optimized to evoke maximal response at a given location in the
visual field. The texture in the bar can additionally be chosen to optimally activate
brain regions tuned to specific visual categories, such as faces, bodies, scenes, etc.
This has resulted in the use of bar apertures filled with full contrast counter-phase
flickering checkerboard patterns as a generalized broadband stimulus (Dumoulin
and Wandell, 2008; Amano et al., 2009; Fracasso et al., 2016), fast-alternating nat-
uralistic visual stimuli, or even cartoon stimuli tailored to evoke stronger
responses in high-level visual cortex (Silson et al., 2015; Benson et al., 2018;
Kim et al., 2023).

Extensions to the linear pRF model

Early extensions to the basic, linear Gaussian pRF model captured two separate
response signatures that the basic model cannot account for. These are surround
suppression (depression of BOLD responses below empty-screen baseline when-
ever a stimulus impinges on a voxel’s inhibitory penumbra), and response com-
pression (sublinear increases of BOLD responses with increasing stimulus
strength). Separate models were created to account for these different aspects
of measured BOLD responses. Time courses displaying suppressive surrounds,
predominantly appearing in V1, V2, and V3, are adequately modeled using a
difference-of-Gaussians model. In this model, a larger, negative Gaussian’s
response is subtracted from the positive response of a smaller Gaussian with
the same center location (Zuiderbaan et al., 2012). This subtractive response sig-
nature is still a linear one. However, BOLD responses also increasingly show
nonlinear, compressive, response signatures as we move up the visual hierarchy.
That is, as we increase the strength of a given pRF’s stimulation, the response to
this stimulation increases sublinearly, plateauing at higher stimulus strengths.
The compressive spatial summation (CSS) model (Kay et al., 2013) produces this
type of response signature by raising the response predicted by a linear model to a
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FIG. 2

Simple pRF model and elaborations. (A) The simplest pRF model is a Gaussian with three parameters (see Fig. 1). This model can be easily
extended by adding additional parameters to describe phenomena such as (B) surround suppression (DoG) and (C) nonlinearities (CSS) in the
neural response. (D) The DN model unifies both extensions by incorporating divisive normalization.
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subunity power, generating a saturating, power-law input-response curve. A more
recent model has attempted to unify these different models using a single parsi-
monious mechanism: divisive normalization (DN) (Heeger, 1992; Carandini and
Heeger, 2011). The core concept of this canonical computational motif is that
local, finely tuned responses are divided by the response of a more broadly tuned
“normalization” pool of neurons. The computational motif of DN is able to
explain a host of different findings across a range of different domains, from
cross-orientation suppression to value-based decision-making. By implementing
a divisive interaction between a larger “normalization” Gaussian pRF and a smal-
ler “activation” Gaussian pRF, both centered on the same location, the DN pRF
model is able to generate both suppressive and compressive response signatures
(Aqil et al., 2021) (Fig. 2). Similar nonlinear mechanisms have been proposed to
play a role in the temporal domain (Stigliani et al., 2017; Zhou et al., 2018). The
normalization pool in this case has broader tuning in time: it contains a memory
trace of past inputs. This allows this type of model to explain temporal subaddi-
tivity and repetition suppression. An additional testament to the parsimonious
power of this approach is that the pRF modeling framework has proven effective
as a scaffold for relating BOLD responses to presumed underlying electrophys-
iological responses, as measured using intracranial EEG (Harvey et al., 2013;
Hermes et al., 2019; Groen et al., 2022). Another indication of the biological rel-
evance of this type of image-computable modeling is that the distribution of DN
pRF model parameters across the visual cortex is correlated with those of specific
serotonergic (SHT) and inhibitory (GABA) receptor densities, as measured using
positron emission tomography (Aqil et al., 2024).

But the pRF method also has its drawbacks. As the model is a purely spatial
model without regard for additional stimulus features, one chief drawback is the need
to convert the stimulus into an “energy” image. This image is created by estimating
the local strength of responses to a given image, regardless of stimulus features.
But the natural scenes we encounter in everyday life carry information about a mul-
titude of cues: color, orientation, motion direction, etc. Capturing the feature-tuned
responses to these types of stimuli requires going beyond spatial pRF models.

Gabor filter bank model

Although the dominant component of a voxel’s response may be spatial selectiv-
ity, voxels in visual cortex, particularly in V1, have additional selectivity to cues
such as spatial frequency and orientation. In the Gabor filter bank model, the
image is sampled by oriented filters. The Gabor bank consists of layers of filters,
each filter responding to a particular range of spatial frequencies. Within a layer,
filters measure the energy at (or around) a particular orientation. In other words,
the Gabor bank decomposes an image into spectral components, similar to a Fou-
rier transform. Yet unlike a Fourier transform, this spectral decomposition is
local, reflecting the amount of energy at each spatial frequency and orientation
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at each position in the image: the Gabor bank performs wavelet decomposition on
the image.

In addition to responding to a particular combination of spatial frequency and
orientation, each Gabor filter is also centered on a particular location in the image.
So in a sense, this model is an extension of the pRF model to include stimulus fea-
tures beyond spatial position. The Gabor filters operate on any arbitrary image, with-
out the need to first convert the image into an “energy” image. Each layer will
essentially convert the original image into an energy image at that layer’s spatial fre-
quency and orientation. The main downside of such a model is that there is a large
number of parameters to fit to each voxel. Each voxel is assumed to respond not only
to a particular region of the image but also to a particular spatial frequency and ori-
entation (Fig. 3). To speed up the fitting process without requiring a prohibitive
amount of data, one can use regularization, such as lasso regression, ridge regression,
or early stopping (Kay et al., 2008). Alternatively, one may choose to separate
between fitting each voxel’s spatial selectivity and spectral selectivity. For example,
the spatial selectivity may be determined based on independent pRF estimates from a
separate scanning session, while spatial frequency and orientation tuning may be
fitted based on responses to natural scenes (Roth et al., 2022).

Stage 1: model estimation
Estimate a receptive-field model for each voxel
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The Gabor bank model. Each image is decomposed into Gabor filters at a range of orientations
and spatial frequencies. Each voxel has weights for the Gabor filters, reflecting the voxel's
orientation and frequency tuning. Predictions of a voxel's response amplitudes are generated
by multiplying the filter weights with an image’s decomposition into filter responses.

Extensions to the Gahor bank model

The Gabor bank includes filters to specific orientations and spatial frequencies,
“low-level” features that V1 neurons are selective to. Extensions to the Gabor bank
model include additional, more complex visual features. For example, a recent study
(Henderson et al., 2023a,b) extended the Gabor bank to include mid-level visual
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features, computed as correlation within and between different filters (following
Portilla and Simoncelli, 2000). Such mid-level features may underlie selectivity
in extrastriate cortical region V2 (Freeman et al.,, 2011, 2013; Ziemba et al.,
2016). Another study replaced the entire Gabor bank and spatial selectivity compo-
nents with a combination of both low- and mid-level visual properties (color, curva-
ture, and texture components) and semantic object-identity labels (e.g., faces, places,
bodies, words, and food) to model higher-order visual areas (Khosla et al., 2022). In
contrast to image-computable models, semantic encoding models require semantic
labels to be assigned to each image (see Box 1).

Box 1

Approaches related to, but distinct from, image-computable models

Here, we want to highlight additional families of models that share the approach and conceptual
paradigms used in fitting image-computable models. We distinguish two subtypes: encoding models,
and models of functional connectivity.

Encoding models. Encoding models describe how information is encoded by a population of
neurons measured in single voxels using fMRI but that are not constrained by the demand that the
model’s predictions are image-computable. This loosened constraint widens the applicability of these
models, while sacrificing end-to-end transparency. Powerful examples are encoding models based on
the semantic information occurring in images or video material. One can then estimate semantic
model parameters by fitting them to fMRI data (Huth et al., 2012). Research has shown that this type
of modeling can reveal structure in the brain’s high-level responses to semantic information and that
this structure is shared across sensory modalities, i.e., it is similar between video-based and auditory
narratives (Deniz et al., 2019). The transcription of semantic information may be done manually or
using neural networks, but in both cases, the process that distills the semantic information from the
visual primitives remains a black box, and hence, do not meet the requirements that we set forth in this
chapter.

Functional connectivity. Similar modeling strategies can also be used to attempt to explain
ongoing fMRI responses (the target) as a function of responses in a source region. This means that the
input to these models is not a stimulus, but rather a pattern of BOLD responses. The so-called
connective field models attempt to explain target voxels’ responses as a function of a “connective
field” defined on the surface of a source region, in direct analogy to the population receptive field
model of visual-space processing (Haak et al., 2013). These models leverage the topographic structure
of the source region to condition the model of functional connectivity. They have been used to
discover the topographic structure across the brain in experimental paradigms that resists image-
computable approaches, such as resting-state or naturalistic movie watching experiments (Gravel
et al., 2014; Knapen, 2021).

Other studies have extended the Gabor bank approach to decompose images
using the filters of deep neural networks (St-Yves and Naselaris, 2018). In a similar
fashion to what we described earlier, each voxel can then be modeled as a weighted
combination of the different filters. An additional pRF component may be added to
sample all filters according to each individual voxel’s spatial preference.

In principle, the entire visual system, i.e., both early visual cortex and high-level
brain areas, can be modeled with image-computable models, which in turn can also
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take into account task-effects (see below). Indeed, we have a solid understanding of
the relevant filters with which V1 decomposes an image, and much progress has been
made in determining the filters underlying V2 responses. But as we move up the
visual hierarchy beyond V1 and V2, less is known about the computations being per-
formed. Hence, we do not currently have an appropriate image-computable model
for high-level visual cortex. Why is it so difficult to model high-level visual
responses? Two reasons seem most likely. The first is that the relevant visual features
become increasingly complex in higher order visual areas. In fact, artificial neural
networks exhibit similar complexity in deep layers of the network, but we have
yet to build image-computable models that successfully capture this complexity.
While ANNs can capture this high-level visual complexity, they do it in an opaque
manner, not by relying on explicit computations that are designed a priori by the
researcher. Second, responses become increasingly influenced by task effects that
are missed by models that focus on the stimulus alone.

Assumptions of image-computable models

Image-computable models in general depend on several fundamental assumptions,
and each individual image-computable model has its own specific set of assump-
tions. This is common to all explicit modeling endeavors: formalizing a theory into
a concrete set of equations and/or algorithms forces a researcher to be highly explicit
about the assumptions involved, and the domains in which the model is applicable.
Model comparisons and simulations can help to investigate the limits of the assump-
tions used in a specific model. This aspect of image-computable modeling is a core
strength of the approach, in that it is key in generating parsimonious explanations of
computational principles. The assumptions shared across image-computable models
of fMRI voxel-based responses are important too, because they are fundamental to
how we may use fMRI to investigate neural computation. So, here we highlight sev-
eral assumptions of this nature.

One fundamental assumption regards how fMRI voxels sample neural responses.
Activity in fMRI voxels reflects the pooled activity of a large and diverse population
of neurons. The fact that fMRI voxels are a pooled measure has several important
implications for how fMRI responses can be used to infer properties of activity at
the neural level. In order for voxels to exhibit any sort of tuning to stimulus proper-
ties, neurons must be organized in the brain in clusters, gradients, or some other form
of coarse-scale pattern that will create a reasonably homogeneous pattern of activity
over the spatial scale sampled by a voxel. For example, if neurons with some partic-
ular stimulus preference were scattered randomly throughout visual cortex and inter-
mixed with other neurons with other preferences, each voxel would sample from a
large number of neurons with different tuning properties, which could, in principle,
cancel each other out. The resulting voxel response should have little or no tuning to
the visual feature. It is interesting to consider how tuning at the voxel level depends
on the chosen voxel size, and what this voxel size dependence implies about tuning
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scatter in the sampled neural populations. In terms of position tuning, neurons in
early visual cortex have clear position tuning (conceptualized as receptive fields)
and are organized in a coarse-scale retinotopic map. In other words, nearby neurons
respond to nearby locations in the visual field. As a result of a summing the activity
of many nearby neurons, voxels in early visual cortex have clear position tuning as
well. Similarly, nearby neurons in early visual cortex have similar spatial frequency
tuning, and therefore, voxels in early visual cortex exhibit clear spatial frequency
tuning (Aghajari et al., 2020; Broderick et al., 2022). But occasionally, different the-
ories make different assumptions regarding how voxels sample neuronal activity,
and these assumptions are reflected in details of the model used.

For example, the basic pRF model assumes the pRF is shaped as a symmetric
Gaussian. This should be the case if neuron RFs sampled within a voxel are scattered
homogeneously throughout the visual field. It is theoretically possible that neuronal
RFs are scattered more in one direction (such as the radial direction, relative to fix-
ation) than in the other perpendicular direction (the tangential direction), and this
issue is currently debated (Silson et al., 2018; Lerma-Usabiaga et al., 2021).

Orientation preference in primary visual cortex is organized in cortical columns
at a much finer scale than the retinotopic map (Hubel and Wiesel, 1968; Grinvald
etal., 1986). Following the logic we laid out earlier, voxels may sample from neurons
preferring the entire range of possible orientations, which should, in principle, result
in voxels with no orientation tuning (Gardner and Merriam, 2021). Yet, fMRI decod-
ing studies have repeatedly demonstrated the presence of orientation information in
V1 voxels (Haynes and Rees, 2005; Kamitani and Tong, 2005). What is the source of
decodable orientation information in these studies? One possibility, termed the “ran-
dom bias” account, posits that each V1 voxel, despite sampling from columns of all
orientations, happens to randomly sample from slightly more columns preferring a
particular orientation. This would result in each voxel having a slightly larger
response to a particular orientation (Boynton, 2005). This was an attractive conjec-
ture because it suggested that fMRI could be used to study tuning properties of het-
erogenous populations of neurons within a voxel, allowing researchers to, in effect,
peer past the spatial resolution limits of the fMRI measurements.

But, it turns out, this conjecture has been difficult to fully support or fully refute.
Subsequent studies demonstrated that successful decoding of orientation relied on a
coarse-scale map of orientation preference in V1 that corresponds to the retinotopic
map, resulting in a “radial bias” across the cortical surface (Freeman et al., 2011).
This finding highlights how difficult it can be to interpret the results of any decoding
analysis: the mere ability to decode information from fMRI responses does not speak
directly to the nature of the underlying neural computation.

Attempts to understand the neural computations that give rise to orientation
decoding were further complicated by a theoretical paper that suggested that the ori-
entation map was in fact a consequence of a subtle confound in the stimulus structure
(Carlson, 2014), a finding confirmed by our lab in a subsequent empirical study
(Roth et al., 2018). It turned out that stimulus edge effects have a powerful influence
on the nature of the orientation map that can completely obfuscate measurement of
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the underlying orientation tuning; orientation selectivity was found to be determined
by the spatial position of the stimulus edges, and changing the edge can completely
flip the orientation map (Roth et al., 2018). According to these findings, one might
conclude that each voxel samples homogeneously from columns with all orientation
preferences, resulting in voxels with no reliable tuning (Carlson, 2014). But if the
edge effect simply obscures columnar orientation tuning, is it possible to measure
orientation tuning with fMRI?

This question led our group to develop an approach for characterizing both edge
effects and orientation selectivity using a pair of image computable models and sta-
tistical model comparison. Specifically, one model was built with the assumption
that no orientation tuning was present in the fMRI measurements (beyond the edge
effect described earlier), and a second model was built with the assumption of ori-
entation selectivity, above and beyond what would have been induced by the stim-
ulus edge. We fit both models to fMRI data and found that although they both
perform well, the second model, which allowed for orientation selectivity, explained
more variance in the data—variance that reflected true orientation tuning (Roth et al.,
2022). This study demonstrates that once we are aware of the model’s assumptions,
we build that assumption into the image computable model to test whether those
assumptions are correct.

A second major assumption is that image-computable models assume that neural
responses depend entirely on the visual stimulus. This means that it should be pos-
sible, for example, to train a model on responses recorded in the morning and accurately
predict responses recorded in the afternoon, tomorrow morning, or several months from
now. The viewer, or participant, may be in an entirely different state of mind after a few
hours, perhaps hungrier and grumpier, or less alert, but the way in which neurons
respond to visual stimuli is assumed to be unchanged. According to this assumption,
we can increase the signal-to-noise ratio of the measurements by averaging over
responses measured on different days, since any difference between responses mea-
sured on different days is attributed to noise. The natural analogy is acomputer program,
which processes an image the exact same way, any time any day, regardless of any other
processes the computer is executing (or has executed) at the time.

However, recent studies suggest that this is not the case that brains are not like
computers in this way. Visual responses may be influenced by the internal brain
states, which reflect a wide range of factors not directly linked to sensory input,
and which may change dynamically over a range of time scales. In rodents, changes
in arousal have been shown to modulate visual responses throughout the visual sys-
tem (Niell and Stryker, 2010; Aydin et al., 2018; Savier et al., 2019; Schroder et al.,
2020). Changes in arousal also affect primate (Sirotin and Das, 2009; Cardoso et al.,
2012,2019) and human visual cortex (Roth et al., 2020; Burlingham et al., 2022), and
are likely to impact visual responses as well.

Even when the internal brain state is not experimentally manipulated, visual
responses may change nonetheless. A phenomenon termed “representational drift”
has been demonstrated in rodents (Deitch et al., 2021; Marks and Goard, 2021),
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and more recently also in humans (Roth and Merriam, 2023). In representational
drift, neural responses to the same stimulus exhibit systematic changes over time that
are not linked to any change in the stimulus. Such “drift” implies that an image-
computable model trained on data collected on day 1 will be suboptimal at predicting
responses on day 2, and the difference in responses between data collected at differ-
ent time points will grow monotonically with time.

Changes in neural tuning have been demonstrated with changes in attention
(Womelsdorf et al., 2006), but neural tuning can also change with task (Kay
et al., 2023). In a simple case, a change in task will modulate some parameters of
the neural tuning, such as a shift in the response gain, or a change in the preferred
stimulus. In theory, it is possible that in some cases, neural tuning changes
completely with the task, such that completely different models are needed to explain
the data when subjects are engaged in different tasks. This is likely the case, for
example, when trying to model responses in frontal cortex (Mante et al., 2013). This
type of tuning conflicts with the assumption of image-computability, as it indicates
that neural responses are best explained by a combination of both image-based com-
putation and task.
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The analysis paradigm used for image-computable modeling. A model converts an image and
some set of model parameters into an explicit model prediction of BOLD responses. This
means we can estimate optimal parameter values for all voxels in parallel, and interpret these
best-fitting parameters as reflecting computational and representational properties of neural
responses. Moreover, by performing cross-validation, models can be compared in terms of
their ability to predict left-out data, regardless of the specific parametrizations of the models in
our comparison.
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Building, testing, interpreting image-computable models

An image-computable model needs to go through multiple steps to produce response
predictions (Fig. 4). The initial stage of many models is to posit a filter or set of fil-
ters, and taking the dot product of the filter(s) and the stimulus. This produces an
idealized linear response. The simplest models use this linear response as a signal
prediction; however, more complex models apply additional steps such as rectifica-
tion, exponentiation, division, etc. to perform a desired response transformation. The
model-design choices made here are usually informed by mathematical consider-
ations and relevant results from animal electrophysiology. The predicted neural sig-
nal that the model produces is then usually convolved with a hemodynamic response
function to produce a prediction at the level of the measured signal.

Fitting image-computable models

There are several complementary strategies for fitting image-computable models to
our neuroimaging data. We here separate these into two broad categories; direct opti-
mization of interpretable parameters, and (penalized) regression that delivers param-
eter values as beta-weights. In both strategies, we are interested in two outcomes:
(1) the values of best-fitting model parameters, and (2) the fit quality as assessed
by cross-validated fraction of variance explained.

In direct parameter optimization, one specifies parameter values that dictate the
behavior of the model and then uses the presented stimulus as input to the model to
produce a predicted response—a simulation. By varying the values of the model
parameters, one can produce different predicted responses. For instance, in the pRF
model, these parameters are horizontal and vertical position in the visual field, and
the pRF’s sampling extent (the standard deviation of the pRF’s Gaussian window).
We can then employ the arsenal of curve-fitting routines to find the optimal parameter
values, that is, the parameter values that best explain the measured signal. Thus,
researchers are required to make many choices concerning whether to use grid-fitting
or iterative fitting, what the appropriate cost function is, what search algorithm is
appropriate, and possible combinations thereof. For instance, in many cases, param-
eters are fit using a coarse-to-fine approach starting with a grid search, simulating
many different model predictions and using them to explain the measured signals
in turn. For every voxel, the best-fitting combination of parameter values from the grid
stage is then used as a starting point for an iterative search procedure. This combination
of approaches ensures both that a full parameter domain is sampled and global minima
within this domain are likely found while also allowing detailed search for the final
parameter values. The choice of numerical optimization procedure (or sequential com-
bination thereof) is dependent on things such as a researcher’s speed-accuracy
trade-off, a fitting problem’s tendency to get stuck in local minima, our knowledge
about the parameter space, implementational details, etc.
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When fitting models using regression, one constructs a design matrix composed
of separate model predictions. For instance, in the Gabor wavelet model, one predic-
tion would be generated for each filter in the filter bank. This design matrix is then
used to estimate beta weights for each of the regressors using gradient descent or
general linear model fitting (see Chapter 1). Depending on the structure of the model,
design matrix, and data quality and amount, one can use ordinary least squares
regression (in the case of large amounts of high-quality data and/or a high-rank
design matrix) or move to regularization to avoid overfitting (for example, when
there are many regressors relative to the number of data points). In the case of reg-
ularized fitting, cross-validation is required to set the appropriate value for the penal-
ization hyperparameter(s), and a separate validation set is generally used to compute
explained variance of the optimized model.

The two fitting strategies outlined here both require cross-validation to com-
pare different models, especially when these differ in their number of parameters.
Their differences are mainly in the way by which the researcher imposes con-
straints on the model’s ability to explain data. For instance, the Gaussian pRF
model limits the set of possible spatial patterns with which a stimulus is compared
to a very specific set: coherent, unitary, and smooth patches following a Gaussian
profile defined in visual space. This very reasonable restriction of the possible
outcome space can be seen as a form of regularization. In comparison, it is also
possible to fit a pRF model using penalized ridge regression, using all screen
pixels’ time courses, convolved with an HRF, as regressors (Lee et al., 2013).
In this case, the ridge penalization implements a smoothness constraint on the
shape of the resulting spatial filter. This example serves to illustrate that both
strategies can be used to constrain the space of possible outcomes; by a priori
definition in the case of parameter optimization and based on statistical consid-
erations in the case of penalized regression.

Additional considerations for choosing a Gabor bank model

When building a Gabor bank model, one can tweak the specific model by adjusting
the architecture and the parameter values. For example, the model will have a spe-
cific number of orientations and of spatial frequency levels, and the filters will have
specific orientation and spatial frequency bandwidths. These values are dependent
on each other, so once a choice of filters bandwidth has been made, the number
of filters will be determined by the image size.

One elegant version of Gabor bank is the Steerable Pyramid model (Simoncelli
et al., 1992; Simoncelli and Freeman, 1995). This model consists of shiftable filters,
similar to Gabors, that are convolved with the image. The model is designed such that
the (squared) filters span Fourier space uniformly. This eliminates subtle artifacts
that can be produced by a Gabor bank (Clifford and Mannion, 2015; Roth
et al., 2018).
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Pitfalls in image-computable modeling

As with all modeling approaches, image-computable modeling is subject to several
potential pitfalls. Here, we discuss a nonexhaustive list of common sorts of errors.

Pitfall #1: A realistic appreciation of fit quality. If the model is fit using an insuf-
ficient amount of data, or if the data signal-to-noise ratio is not sufficiently high, the
model predictions will be inaccurate, and hence explain only a small proportion of
the total variance in the signal. To determine the reliability of the model fits, it is
common to use cross-validation: we use one portion of the data to fit the model,
and test how well the fitted model predicts or corresponds to the held-out portion.
This is a good procedure with which to guard against overfitting and to compare
models against one another, but it is important to compare their performance to
the noise ceiling, which specifies the amount of explainable variance in the signal
(for instance, as gauged by test—retest reliability of responses) (David and
Gallant, 2005). When we observe clear divergence, this might mean there are addi-
tional aspects of the data that need modeling and indicate that one may expand either
data acquisition and/or the complexity of the models used. As this type of data-model
mismatch will be evident in the structure of the model fit residuals, we strongly advo-
cate detailed inspection of model residuals as an integral stage in model develop-
ment. This process will, over the course of model development, enable one to
tune model complexity and generally lead to models that more parsimoniously
explain data.

Pitfall #2: Implicit biases in stimuli. Because image-computable models oper-
ate on the stimulus, such approaches are susceptible to small but systematic biases
in the stimuli themselves. This has been appreciated in electrophysiological
approaches to receptive field mapping for some time and was part of the motivation
for developing white noise RF mapping through methods such as m-sequences
(Reid et al., 1997).

Here, we list a number of biases identified in image-computable models that may
have varying degrees of impact on results. First, the standard traveling bar pRF design,
despite its evident benefits, imposes certain appreciable biases on model outcomes.
First, the standard experimental design shows bars in a circular aperture, which causes
edge effects. This aperture interacts with the very predictable spatiotemporal stimula-
tion inherent in these designs. These effects are minimized by using the so-called mul-
tifocal mapping paradigms that present multiple stimuli at different locations and
spatial extents in a trial-based format, analogous to white noise mapping stimuli used
in electrophysiology (Binda et al., 2013), although these designs suffer in terms of
effective signal to noise and have biases of their own—for instance, in estimates of
pRF size (Infanti and Schwarzkopf, 2020). As mentioned earlier, the content of the
traveling bar stimuli biases in which visual regions responses will be maximal. For
instance, filling bar apertures with scenes will evoke stronger responses in scene-
selective cortex, allowing researchers to research spatial selectivity in those regions
(Silson et al., 2015). Similar reasoning holds for different visual categories, with
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generalized naturalistic bar content used to evoke stronger visual-spatial responses
throughout high-level visual cortex (Benson et al., 2018; Kim et al., 2023). Yet, for
any stimulus category, the image statistics can potentially bias the model fits. For
example, spectral statistics of natural images may bias models fit to responses to nat-
ural scenes, particularly when regularization is used to improve the model fits.

Pitfall #3: Overestimating specificity of localization. Many early efforts at
building image-computable models of the visual system specify a restricted area
of visual/image space for which a voxel’s response is evoked. This has led to a
common understanding of responses as highly localized. We want to point to
two specific, recently developed reasons that call this understanding into question.
First, some researchers have assumed that a voxel responds only in the area of the
Gaussian standard deviation that was used to model the response. However, a
Gaussian response profile implies that the voxel responds beyond the standard
deviation border, albeit at a lower response amplitude. For example, if a voxel with
apRF size of 2.5 degrees is centered 3 degrees away from a stimulus, then the voxel
will respond to the stimulus at approximately 50% of its maximal response ampli-
tude. This property of pRFs has implications for stimulus vignetting: all voxels that
respond to the edge of a grating will have orientation information, even if the dis-
tance from stimulus to pRF center is greater than the pRF standard deviation. Sec-
ond, the results from the divisive normalization pRF model show that the
normalization penumbra of a V1 voxel’s response extends six- to eightfold further
than its “classical,” linear Gaussian pRF’s extent (Aqil et al., 2021). These two
examples show that responses, even at the level of V1, are much more spatially
integrated than local models assume, with important implications for experimental
paradigms and analyses that depend on locality. For example, selecting voxels
whose responses to a specific spatial stimulus are significantly positive excludes
many voxels that indeed carry information about that stimulus, for example, in
their negative response deflections.

Pitfall #4: Code and method complexity. Image-computable models place a high
burden on the researcher in terms of their technical process and ability to develop and
maintain complicated processing pipelines. The codebase associated with an image-
computable modeling project is likely to span thousands of lines of code, behooving
the researcher to invest in the adherence to principled coding standards. But inher-
ently, all modeling code of realistic complexity is likely to include bugs. Without
performing additional checks, such errors in the model’s implementation can lead
to wrong conclusions. These additional checks should consist of detailed simulations
of model predictions, the interactions between model parameters and noise levels,
and analyses centering on parameter recovery (Wilson and Collins, 2019). Luckily,
the field has recently started moving toward reproducible pipelines for model com-
parisons (Lerma-Usabiaga et al.,, 2020) meant to combat these types of
implementation-based errors. In general, the move toward open datasets (Benson
et al., 2018; Chang et al., 2019; Allen et al., 2021) and open software/methodologies
promises to lead to improvements in common practice in the field.
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Open challenges and future directions

In this chapter, we have described how image-computable models embody explicit, test-
able hypotheses regarding the neural computations carried out by the visual system.
Image-computable models place a large burden on the researcher to formalize and
implement the models, in contrast to an alternative approach involving artificial neural
networks. In this manner, image-computable models exemplify a specific and highly
valuable approach to fMRI studies of both the visual system specifically and sensory
systems more generally. Task effects are increasingly seen as an interesting component
of stimulus-evoked activity and highlight the inherently limited scope of image-
computable models. Future generations of models should combine image-computable
models with explicit models of task effects to explain brain responses in a more general
domain. This will allow us to make increasingly more general models of processing:
trickling the value of image-computable models up into the brain.

Take-home points

¢ Image-computable models are transparent: the user defines the underlying
computations.

» Image-computable models require no labeling.

» Image-computable models facilitate model comparison.

e Components of image-computable models may correspond directly to neural
properties.

¢ Image-computable models are (currently) limited to stimulus processing,
excluding task effects.
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