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A B S T R A C T

Learning and memory rely on the adaptation of synaptic connections. Research on the neurophysiology of Down
syndrome has characterized an atypical pattern of synaptic plasticity with limited long-term potentiation (LTP)
and increased long-term depression (LTD). Here we present a neurocomputational model that instantiates this
LTP/LTD imbalance to explore its impact on tasks of associative learning. In Study 1, we ran a series of com-
putational simulations to analyze the learning of simple and overlapping stimulus associations in a model of
Down syndrome compared with a model of typical development. Learning in the Down syndrome model was
slower and more susceptible to interference effects. We found that interference effects could be overcome with
dedicated stimulation schedules. In Study 2, we ran a second set of simulations and an empirical study with
participants with Down syndrome and typically developing children to test the predictions of our model. The
model adequately predicted the performance of the human participants in a serial reaction time task, an implicit
learning task that relies on associative learning mechanisms. Critically, typical and atypical behavior was ex-
plained by the interactions between neural plasticity constraints and the stimulation schedule. Our model
provides a mechanistic account of learning impairments based on these interactions, and a causal link between
atypical synaptic plasticity and associative learning.

1. Introduction

Down syndrome (DS) is the most common genetic cause of in-
tellectual disability with an incidence estimated along different popu-
lations between 1 in 319 and 1 in 1000 live births (Morris, Alberman,
Mutton, & Jacobs, 2012; Wiseman, Alford, Tybulewicz, & Fisher, 2009).
It is caused by a total or partial trisomy of chromosome 21.

Behavioral studies have documented atypical learning, memory and
language acquisition in individuals with DS (Costanzo et al., 2013;
Karmiloff-Smith et al., 2016; Pennington, Moon, Edgin, Stedron, &Nadel,
2003; Wishart, 1993). Synaptic plasticity is considered a core mechanism
underlying these processes (Hofer & Bonhoeffer, 2010; Neves,
Cooke, & Bliss, 2008). This has led to extensive research on synaptic
plasticity in mouse models of DS to understand the altered neurobiological
mechanisms and to explore possible ways to normalize synaptic function
(Andrade-Talavera, Benito, Casañas, Rodríguez-Moreno, &Montesinos,
2015; Begenisic et al., 2014; Fernandez &Garner, 2007; Martínez-Cué
et al., 2013; Rueda, Flórez, &Martínez-Cué, 2012; Scott-McKean&Costa,
2011). However, the relationship between altered synaptic plasticity de-
scribed in animal models and behavioral deficits observed in patients is

not fully understood and has been minimally studied.
In this paper, we present a neurocomputational model of DS that is

based on findings about altered neuronal plasticity observed in mouse
models. Our main objective is to give insights into how specific and
well-documented alterations in synaptic plasticity affect end state
processes such as learning and memory; here we focus on exploring
impairments in simple forms of associative learning in DS.

Long-term potentiation (LTP) and long-term depression (LTD), are two
processes suitable for studying increase and decrease, respectively, in sy-
naptic strength resulting from neuronal activity (Lüscher &Malenka, 2012;
Malenka&Bear, 2004). According to theories of synaptic plasticity
(Bienenstock, Cooper, &Munro, 1982), LTP occurs when presynaptic ac-
tivity coincides with strong postsynaptic depolarization above a threshold
value. When presynaptic activity persistently fails to produce depolariza-
tion in the postsynaptic neuron beyond this threshold, LTD occurs (Bear,
1995).

This modification threshold, or LTD/LTP crossover point, is elevated in
a number of animal models of intellectual disability (Meredith, Holmgren,
Weidum, Burnashev, &Mansvelder, 2007; Meredith&Mansvelder, 2010).
A direct consequence of an elevated threshold is an altered balance of
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brain plasticity that enhances LTD at the expense of LTP (Fig.1). Accord-
ingly, several lines of research have consistently reported increased LTD
and reduced LTP in animal models of DS (Andrade-Talavera et al., 2015;
Begenisic et al., 2014; Kleschevnikov et al., 2004; Martínez-Cué et al.,
2013; Siarey et al., 1999).

Synaptic plasticity in mouse models of DS has been mostly studied
within the hippocampus. For example, hippocampal LTP is impaired in
the segmental trisomic Ts65Dn mouse, the most used and best char-
acterized model of DS (Davisson et al., 1993; Rueda et al., 2012).
Particularly, in the dentate gyrus and CA1 regions LTP is reduced when
compared with euploid controls (Begenisic et al., 2014; Kleschevnikov
et al., 2004; Martínez-Cué et al., 2013; Siarey, Stoll,
Rapoport, & Galdzicki, 1997; Siarey et al., 1999). Furthermore, this
mouse model shows increased levels of LTD (Scott-McKean & Costa,
2011; Siarey et al., 1999), suggesting that the atypicality in LTP arises
from an increased LTD/LTP crossover threshold. Convergent evidence
of limited LTP and/or increased LTD has been reported from three other
mouse models of DS: Tc1, Ts1Cje and Ts1Rhr (Andrade-Talavera et al.,
2015; Belichenko et al., 2009; O’Doherty et al., 2005; Siarey, Villar,
Epstein, & Galdzicki, 2005).

Atypical synaptic plasticity in DS has also been described in other
brain areas outside the hippocampus. For example, a lack of LTP in the
Ts65Dn mouse was observed in the intrastriatal cholinergic system (Di
Filippo et al., 2010), which is a major relay of cortical information flow
through the basal ganglia.

While mice showing altered LTD/LTP are known to also show be-
havioral impairments (Begenisic et al., 2014; Costa, Stasko,
Schmidt, & Davisson, 2010), it is still unknown what are the computa-
tional properties emerging from neural networks with exaggerated LTD
and limited LTP, and how this atypical pattern of strengthening and
weakening in synaptic connections produces less efficient computations

resulting in impaired learning and memory. Answering this question
requires an understanding of the pathway from neural plasticity con-
straints to end-state cognitive processes in both typical and atypical
populations.

Here, in Study 1, we present a neurocomputational approach to
explore how the altered pattern of synaptic plasticity in DS impacts on
tasks of associative learning. For our purpose, we developed two arti-
ficial neural networks. One of the networks simulates DS (DS model),
and this model is compared with one simulating typical development
(TD model). In a series of three simulations we evaluate learning of
simple (AB) and overlapping (AB and BC) stimulus associations. In
Study 2, to explore the predictive validity of our model, we run an
additional set of simulations and an empirical study with participants
with DS and TD participants. We analyze the performance of both
computational models and human participants in a Serial Reaction
Time (SRT) task. In this task, which is usually considered an implicit
learning task (Vicari, Verucci, & Carlesimo, 2007), associative learning
is assessed through reductions in response times as participants are
exposed to a repeated sequence of stimuli. We have chosen this ex-
perimental task because first, it provides an index of associative
learning between arbitrarily related stimuli (Keele, Ivry, Mayr,
Hazeltine, & Heuer, 2003; Nissen & Bullemer, 1987) and thus is well
suited to translate predictions of associative learning from our com-
putational model to empirical tests. Second, the reviewed studies of DS
mouse models have stressed hippocampal and striatal dysfunction of
synaptic mechanisms, and recent evidence shows that these brain
structures are involved in learning during SRT tasks (Aizenstein et al.,
2004; Doyon et al., 1997; Eichenbaum, 2013; Ergorul & Eichenbaum,
2006; Schendan, Searl, Melrose, & Stern, 2003). Indeed, with neuroi-
maging techniques it has now been possible to observe engagement of
the hippocampus and fronto-striatal networks in both explicit and im-
plicit learning (Degonda et al., 2005; Schendan et al., 2003; Yang & Li,
2012). Finally, there are previous studies reporting performance of
participants with DS during SRT tasks (Bussy, Charrin, Brun,
Curie, & des Portes, 2011; Mosse & Jarrold, 2010; Vicari,
Bellucci, & Carlesimo, 2000; Vicari et al., 2007) that allow us to eval-
uate the extent to which our computational simulations and empirical
results converge and extend previous findings.

2. Study 1: Neurocomputational model

Our model for learning stimulus associations was implemented in an
artificial neural network composed of one layer of fully interconnected
units (Fig. 2a). A series of learning tasks were simulated. Each task
consisted of a number of trials where patterns of stimulation were
presented as input to the network through binary code (0 and 1).

Fig. 1. The consequence of a comparatively elevated LTD/LTP crossover threshold that
results in increased LTD and limited LTP in response to the same amounts of post-synaptic
activity coincident with pre-synaptic activity.

Fig. 2. The neural network architectures. Artificial
neurons are represented by circles, and connections by
lines linking neurons. (a) Layer of fully interconnected
artificial neurons used in simulations 1–3. (b) The ar-
chitecture that includes Ur to simulate the Serial
Reaction Time task in Simulation 4.
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