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I. Introduction

Schizophrenia is a complex disorder that manifests on many different levels ranging from the physi-
ology of single neurons through the dynamics of neural circuits to cognitive, affective or behavioral
symptoms (for clinical characterization of the disease see [1], for a review on functional connectiv-
ity during schizophrenia see [2]). We use a multi-level modelling approach to connect these different
levels. Our previous results demonstrated the schizophrenic patients show a significant impairment in
object-location associative learning tasks [3]. Here we developed a neural network model incorporat-
ing models of brain regions involved in paired-associate learning in order to analyze the mechanisms
underlying behavioral differences between schizophrenic patients and control subjects.

II. Methods

A. The experiment

We used a paired-associate learning paradigm in which subjects are required to learning arbitrary as-
sociations between locations (in space) and objects (with unique identities). In the encoding phase,
subjects see which object is asssociated to which field. In the recall phase, subjects are presented with
cues in the fields, and they have to give a verbal answer specifying the corresponding object. The raw
fMRI data reflect the blood-oxygene-level changes in the brain in 4 dimensions, with a time resolution
in the order of seconds and spatial resolution in the order of 10 mm3. The data is normalized, and in
order to capture the large-scale dynamics of the cortex, regions of interest (ROI) are selected based
on the anatomical location of brain areas related to associative learning (primary visual cortex (V1),
superior parietal (SP) and inferior temporal cortex (IT), hippocampus (HPC) and dorsal prefrontal cor-
tex (PFC)). This way we obtain five time series describing the activities of the selected areas during
the experiment, in addition of the time series of the experimental conditions and the behavioral data
containing the subjects’ answers to the memory cues.

B. Neural network model

A feed-forward network creates the representations of the identity of the object and its location in the
model of the areas IT and SP in the ventral and dorsal visual streams, respectively. The proposed role
of the hippocampus is to bind these two representations together so that when cued by the location,
the correct object can be recalled. The model is outlined in Figure 1, where the detailed hippocampal
circuitry is also given, including the dantate gyrus (DG) and the CA3 region. Moreover, in order to
model cognitive control, we included a prefrontal region which controls learning and recall processes
presumably by modulating the plasticity and the efficiency of hippocampal synapses.

The interaction of the areas is described by the following equations:

∗This summary is based on M Bányai, B Ujfalussy, V Diwadkar and P Érdi. Impairments in the prefronto-hippocampal
interactions explain associative learning deficit in schizophrenia. BMC Neuroscience 12(Suppl 1):93, 2011.
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where aidg denotes the activation of unit i in the dentate gyrus, γ stands for sparseness, r for the firing
rate, w for the synaptic weights, F () is a treshold linear function and NDG stands for the number of
cells in the dentate gyrus. Similarly, the activation of the CA3 region and the inferior temporal coretx
is given by the following equations.
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Here L and R are random variables sampled between 0 and 1 according to the learning and recall
phases of the task. Switching between learning and recall phase distributions of R and L models the
effect of the prefrontal cortex on the circuitry, which implements the decision if we have to update the
stored memory patterns or we have to retrieve one of them.

The synaptic weights are updated according to a Hebbian learning rule dependent on the phase we
are currently in. All weights are updated in a similar fashion to the following equation:
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C. Dynamic causal modelling (DCM)
DCM provides a complete phenomenological model framework for the analysis of fMRI data. For a
detailed description see [4]. The model structure consists of two components: a neural state equation
and a hemodynamic model. The neural component describes the time evolution of the neural state
variables, x, which refer to the neural activity of the brain areas. The input variables, u, are the
conditions defined by the experiment (Eq. 9). The connectivity parameters of the neural model are
the elements of the three matrices, θn = {A,B,C}. A contains the intrinsic coupling parameters,
the causal effects of the areas on each other, B contains the modulatory parameters, the effects of the
inputs on the intrinsic connections, and C contains the direct effects of the inputs on the areas.

ẋ = (A+
N∑
i=1

ujB
j)x+ Cu (9)

y = λ(x, θλ) (10)

The hemodynamic component, λ, describes the nonlinear mapping from the neural activity to the
fMRI signal, y, actually measured in the brain areas (Eq. 10). For the details see [5]. We need to
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estimate the values of the parameter set, θ = {θh, θλ} best fitting to measurement data. One possible
procedure to do so is the Bayesian maximum a posteriori (MAP) estimation technique defined by Eq.
11, where M denotes the specific connectivity pattern of the model.

p(θ | y,M) =
p(y | θ,M)p(θ |M)

p(y |M)
(11)

For all probability distributions in 11, we assume that both the prior (p(θ | M)) and posterior (p(θ |
y,M)) distributions are Gaussians, and the MAP estimation is defined as the mean of the posterior
distribution. To compare models with different connectivity patterns, we can set the prior probability
of having certain connections is a certain model to zero.

The model evidence is the probability of obtaining the actual measurement conditioned on the model
form integrated over parameter space. This way we obtain the expected posterior probability of each
model regarding the subject group. For a complete description of the comparison method see [6].

p(y |M) =

∫
p(y | θ,M)p(θ |M) dθ (12)

III. Results

A. Simulation of the neural model

We fitted the model performance to the behavioral data. On Figure 2 the blue circles indicate the
healthy subjects’ performance, the red circes the patients’. The empty circles show the simulated
data for two different parameter settings for the distributions of L and R. Our model predicts that the
impairment of cognitive control of the prefrontal cortex over hippocampal processes implies inaccurate
regulation of hippocampal dynamics and explains the poorer performance of patients in this task.

For a more complete discussion of the results see [7].

B. Estimation of the dynamic model

The comparison of different model connectivity structures lead to the finding that in schizophrenia,
the task-related functional network is fundamentally different relative to healthy controls, the patients’
networks lacking connections in the control signal flow from the prefrontal area to the lower level areas
(Figure 3). Comparison of the parameter estimates in the two groups implies significant impairments in
the prefrontal control of hippocampal memory formation in patients (Figure 4). This finding supports
the results from the neural network simulations by identifying the neural basis of the learning-recall
decision impairments.

For a more complete discussion of the results see [8].

IV. Conclusion

Our results show that prefronto-hippocampal interactions are material in understanding learning im-
pairments in schizophrenia, and our multi-level approach is suitable to integrate the explanatory ca-
pabilities of mechanistic neural models with the analytical power of data-driven phenomenological
approaches.
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Figures

Figure 1: The outline of the neural network
model. The rigth panel gives the details of
the prefronto-hippocampal circuit and its in-
teraction with the superior parietal and infe-
rior temporal areas.

Figure 2: Results of the simulation of behav-
ioral data by the neural model. Performance
means the average ratio of correct answers
given by the subjects in each trial.

Figure 3: Results of the comparison of the
DCM models. Prefronto-hippocampal,
hippocampo-inferior temporal and
hippocampo-superior parietal interactions are
less likely to be present in the patient group.

Figure 4: Results of the parameter level
comparison between healthy (yellow) and
schizophrenia (red) groups. Largest differ-
ences are seen in the strength of the interaction
between the prefrontal cortex and hippocam-
pus and the hippocampus and the inferior tem-
poral cortex.

References
[1] P. J. Harrison, “The neuropathology of schizophrenia. a critical review of the data and their interpretation,” Brain,

122:593–624, 1999.
[2] M. E. Lynall, “Functional connectivity and brain networks in schizophrenia,” Journal of Neuroscience, 14:9477–87,

2010.
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