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There is a wide sphere of situations in any animal’s life where a decision has to be made by using
information that will no longer be present in an immediate future. The framework of the brain that
manages this type of information is called working memory (WM). It calls for complex mechanisms
and beyond the mnemonic representations of events, animals often recur to behavioural strategies to
achieve the goals, creating a bridge between relevant events and goal achievement, bypassing working
memory mechanisms. The Medial Prefrontal Cortex (mPFC) has traditionally been implicated
in combining sensory and contextual information, in order to develop information representations
that guide behaviour. This work focuses on analyzing data from a head-fixed spatial memory-
guided behavioural task, in an attempt to understand the effect of behavioural cues and mnemonic
representation in mPFC cells. The task consists on a head-fixed mouse running on a treadmill,
which has to make a binary decision (stop/not stop) upon reaching a decision area (DA) where the
stimulus (5 or 12 kHz sound) that identifies the decision is no longer present. Through analysis of
the mice’s speed trajectories and cell spiking activity it was possible to observe that the decision
was made mostly on inner representations coded into persistent activity, and that behavioural cues
show a significant contribution to the outcome. The results point out relevant contributions from
behavioural cues, as well as the existence of an active control mechanism determined varied classes
of cells that are context selective and sensitive to stimulus, showing characteristic spiking profiles
across trials.
Keywords: Working Memory, Short-term Memory (STM), Prefrontal Cortex, Behaviour, Logistic
Regression

I. INTRODUCTION

Throughout life, people experiment several situations
where an action or a decision must be made taking into
account some previously gathered information. For ex-
ample remembering a phone number, an appointment or
even sequences of events when playing a game. This type
of information is only relevant for some specific goals,
and becomes useless and therefore ”discarded” from one’s
memory. Working memory is the mechanism the brain
possess to coordinate context processing when one or
more goals are active, guiding behaviour with informa-
tion that is no longer present. This captures a range of
information whose origin comes from multiple sources,
such as sensory origins or abstract representations.

Working memory is an important research area because
it tries to explain the associations between context, re-
gardless of the cognitive domains being engaged. Thus,
carrying out complex behaviour is within the scope of
working memory. Traditionally, the combination of sen-
sory and contextual information has been identified as
a competence of the medial Prefrontal Cortex (mPFC)
(Euston et al. [3], Jacobson et al. [5]). Hence, the mPFC
is believed to be the control center that manages and
coordinates behaviour.

However, the decision sometimes may not be made
through memory (or inner representations of the stim-
ulus), but through postural mediation (Dudchenko [2]).

When a behaviour is guided by postural cues the influ-
ence of memory mechanisms is not being correctly ap-
proached, so a proper task and monitoring is required to
achieve valid results.

A task designed to analyze how the working memory pro-
cess is dictated (context rules or behaviour) is required,
as well as the proper study of behavioural cues and cell
activity.

A. Prefrontal Cortex in Working Memory

The function of mPFC is to learn associations between
context, events, locations and the respective adaptive re-
sponses, stating the particular importance of emotional
responses, as suggested by Euston et al. [3]. Regard-
ing the influence of the PFC in control of the behaviour,
Miller and Cohen [6] discard the importance of this brain
region in simple, automatic behaviours, such as the ar-
guing that these behaviours can either be innate or re-
inforced into some existing pathways. As it already has
been referred, the author claims that the critical role of
the PFC is when it is necessary to use internal mnemonic
representations of goals and how to achieve them.

Another important role of the mPFC is the prediction of
adaptive responses, where observations showed that the
mPFC cells are modulated by the expectation of reward,
showing activity tied to the value of the anticipated or
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actual outcome [11]. A study by Pratt and Mizumori [9]
evidenced that near a third of neurons show firing rates
changes related to anticipation of reward.

Even though some classic literature highlighted the im-
portance of the mPFC in WM/STM by showing that ro-
dents with lesions in the mPFC are unable to perform, or
perform very badly, the tasks they were set up with, Eu-
ston et al. [3] refer that WM in some studies is mistaken
for reference memory, which on its turn is the memory
associated with the rules of a task. Yet, despite these
problems a few authors managed to support the role of
the mPFC in WM by producing well-controlled studies
[4, 7, 8]. The work of Sreenivasan et al. [12], despite not
being related to the mPFC, contains some relevant as-
pects such as the contribution of population coding in
addition to persistent activity that support WM. Per-
sistent activity is related to high firing rates during de-
lay periods, and in literature is commonly interpreted as
the delay activity, and is responsible for the maintenance
of the relevant task information in the absence of any
other input before the following step of a behavioural
task. Population coding is the interpretation of the stim-
ulus or any other type of input by the neurons and it is
important not only to translate neural information into
function but also to understand underlying mechanisms
of memory.

B. Behavioural Confounds

One of the main problems pointed to almost every task
in cognitive neuroscience is the lack of quantification
methods to determine whereas task subjects’ actions are
mainly influenced due to behavioural/postural cues, i.e.
if right after the stimulus subjects resort to certain be-
haviours in order to ”bridge” over the delay period until
the decision making step (Wang [13]). Since most of the
tasks rely on the concept of making a decision according
to a mnemonic representation of the stimulus, it is very
important to disambiguate the effect of behavioural cues.

The work of Cowen and McNaughton [1] on the selec-
tive delay activity in the mPFC, shown some responses
were associated with behavioural cues instead of intrinsic
mnemonic processes. Based on the observation that the
mPFC plays a critical goal in goal-directed behavioural
mechanisms, the authors hypothesized that mPFC neu-
rons may store associations between sequentially paired
stimuli when they did contribute to the prediction of re-
ward. The testing of this hypothesis consisted on a dis-
crimination task in which sequentially stimulus and re-
ward were delivered according to a probabilistic criterion.
The course of the task required animals to maintain their
nose within a nose poke hole in order to go through all
the steps of the task. Essentially the study can be di-
vided into three conditions, which are called predictive,

non-predictive and never-rewarded conditions. Each con-
dition possess a probabilistic criterion that determines
whether there will be a reward or not, according to the
pair of stimuli. The authors reached unexpected results,
finding out that selective delay responses were associated
with variations in head position, which implies that it’s
not necessarily generated by mnemonic processes. The
sensorimotor contribution was very enhanced in trials
where reward was certain, finding here the maximum of
sensitivity of neurons to head’s position. These results in-
dicate that sensorimotor activity can produce activity in
the mPFC that can sometimes be mistaken with intrin-
sic mnemonic processes, and the authors’ observations
also suggest that the head position may be regarded as
a strategy used by the animal to solve the task given its
contribution to delay selectivity, and suggest that this
type of strategies may be common to solve short-interval
delay tasks.

II. METHODS

The presented task consists on a spatial STM behavioural
task where mice are head-fixed, and they have to make
a decision according to one of two pure tones that are
played at some point during each trial. During the task
there are two types of data being gathered: Behavioural
data and cell spiking activity.

A. Task Description

The presented task consists on a spatial short memory-
guided paradigm. The task starts with a head-fixed
mouse on a treadmill, where the goal is for the mouse
to keep running on the belt and then make a binary de-
cision, either stop or not stop, by the time he reaches a
textured area known as DA. The decision must be made
based on the mouse’s interpretation of a previous pro-
vided sound (stimulus), that consists on a 5 or 12 kHz
pure tone, that lasts for a small amount of time (usually
around 200 and 300ms). The sound is played earlier af-
ter the mouse reached a certain position on the treadmill,
which could assume one of eleven positions, each spaced
by 5cm. It is important to note that the delay is the
distance (or time elapsed) from the moment the stimulus
ends until the decision is made.

The WM part of this tasks consists on demonstrating
that the decision made at the DA is dependent on the
internal representation of the stimulus and not on be-
havioural strategies. Besides the behavioural data, there
are recordings made from cells in the mPFC. Since it’s
suggested that the mPFC is involved in combining in-
formation from both sensorimotor sources and context
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to control behaviour, one will use data gathered with
64 channels silicone probes to study contextual response,
persistent activity and spiking profiling in order to disen-
tangle some events that occur during this working mem-
ory task.

FIG. 1: a. Schematic of the task’s apparatus. Mice are head-fixed,
running on the treadmill, and each trial is bound between two go-
signal, which is a red light emitted by an LED at the end of the
trial. The light appears at the end of each trial, and when it shuts
down, a new trial has started. b. Schematic of the of the setup
shown in ”a”. c. Procedure of a No Stop Trial showing the order
of events. Movement is shown as a straight line to enhance the
fact that the mouse doesn’t stop. The absence of a bump in the
reward track shows the absence of reward in this trial type. The
upper bump in light corresponds to the end of the trial, which is
signaled by a light. When it’s turned off it indicates the beginning
of a new trial (what one could call a go-signal). The sound track
has a bump with several lines inside. These lines plus the edges
represent the eleven delay conditions. Below the sound track there’s
a representation of the belt, equal to ”b”, to provide a reference
to the viewer. d. Procedure of a Stop Trial showing the order
of events. The difference to ”c” is observed in the movement and
reward tracks. Stop trials have a lower bump representing the stop
action and are rewarded (signed with an upper bump). [Note: All
the pictures in this panel were gently provided by João Afonso and
then adapted by the author.]

B. Task Setup

The task apparatus shown on figure 1 is placed within a
soundproof booth, which guarantees that no sound be-
sides the ones produced by mice’s motion or stimulus
will affect the results. Since mice are head-fixed, there
shouldn’t be any inconvenient regarding odour cues for
it is not an exploration task that allows free roaming in
an open space, and the treadmill makes a cyclical move-
ment making it plausible to assume that there isn’t any
relevant odour cue during each trial. Another factor that
supports this assumptions is that if odour cues were con-
tributing to mice’s decision process it would be expected
that performance would start getting worse through the
end of the session, which wasn’t observed for any of the
mice. The setup restricts external cues from influencing
the task as much as possible, creating a well-controlled
environment and thus making it compliant to the pre-
cautions taken by other authors.

III. MODEL IMPLEMENTATION AND
BEHAVIOURAL ANALYSIS

A. Logistic Regression Model Implementation

The LRM models used in this work were made using the
GLMnet[10] package for Matlab. Models will range from
regressions using individual features, or grouped by in
order to study relationships between them, or at least
to compare how will they influence mice’s decision when
competing against each other. The LRM will allow to
study the relationships between the involved variables
and the outcome. Sound feature is made to measure the
impact of the stimulus in the decision, whereas speed
and acceleration features represent the behavioural mon-
itoring. Each speed or acceleration predictor will be de-
fined as the average value over bins of arbitrary length.
The bins won’t consider the decision area because the
behaviour of interest consists in decoding the speed or
acceleration patterns that happen during the trial, be-
fore the decision is made. Another feature refers to pre-
vious trials, which is a categorical variable that can be
expressed in any number of predictors, which take the
value of the outcome of that single trial.

The most common indicators that are used in this work
are the model performance, which tells how well can the
model predict the data given a set of predictors, and the
effect of variance. The latter is a way to measure how
well can the predictors (or features) explain the data’s
variance. Thus the more variance a predictor explains,
the more influential it is regarding the outcome predic-
tion. This way one is able to assess what are the main
behavioural variables driving the decision output. The
effect of variance (EV ) is calculated as shown in equa-
tion 2. Model performance (MP ) quantifies how well
can the model predict the actual outcome, i.e. one is
actually trying to predict the behaviour of mice, so one’s
trying to predict both when mice make correct trials and
also make mistakes. Thus, the model performance cal-
culation is shown on equation 3. In order to calculate
the EV it is required to calculate the variance of each
predictor, without including the intercept term because
one is only interested in the relationships and contribu-
tions between the estimators (β coefficients) associated
with independent variables. Considering a model with
j ∈ 1, ..., p predictors, let βj be the coefficient associated
with the jth predictor, Yj the column vector containing
all the observations for the jth predictor and Vj a vector
that stores the variation of the jth predictor, then the
effect of variance can be obtained through equations 1
and 2.

Vj = V ar
(
Yjβj

)
(1)

EVj(%) =
Vj∑p
j=1 Vj

(2)
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Let Y be the true outcomes of the data (vector with

N observations), and Ŷ denote the N binary outcomes
predicted by the fitted model (after converting the prob-
abilities).

MP (%) =

∑N
i=1 abs

(
Yi − Ŷi

)
N

× 100 (3)

B. Results and Discussion

1. LRM: Speed as Predictor

FIG. 2: a. Speed profile of the session identified in ”c”. b. Contri-
bution to variance per speed bin (predictor). The bold line corre-
sponds to the difference in absolute value of the mean speed curves
shown in bold on plot ”a”, measuring how far apart are the speed
profiles. c. Model accuracy for each mouse, applied to five sessions.
Only speed was used as predictors.

The aim of using only speed predictors is to study the
contributions of speed at different stages of the task.
Each stage (predictor) is identified as a 4 cm bin where
the speed value is averaged over this interval. In figure 2
one can see a the speed profile for a session and the LRM
fitted to that same session’s data. On the speed profile
one can see the bold red and blue lines representing the
average speed for no stop and stop trials, respectively.
On the plot that shows the effect of variance, it is pos-
sible to observe that the bigger the difference between
the mean curves of the two types of trial, the bigger the
contribution of the later stages of the task to the pre-
diction. This immediately suggests that the mouse may
have some spatial notion regarding the position of the de-
cision area, and that’s why they constantly adjust speed
in stop trials, since they know they’ll have to stop at
the area. Regarding no stop trials one can assume that
they adjust speed increasing it on average the near they
are to the decision area, in order to don’t stop. Yet,
there is not sufficient evidence yet to make this conclu-
sion and assume that the decision is mainly driven by
this behavioural cue.

FIG. 3: a. Speed profile of the delay/mouse pair identified in ”c”.
b. Contribution to variance per speed bin (predictor). The bold
line corresponds to the difference in absolute value of the mean
speed curves shown in bold on plot ”a”, measuring how far apart
are the speed profiles. c. Model accuracy for each mouse, applied
to all delays. Only speed was used as predictor. The xx axis marks
the delay types.

It is clear by observing figure 3 that in fact there exist
some effect of the reaction to the stimulus. In this fig-
ure one can observe in ”c” that after the delay and until
halfway of the treadmill there is some significant vari-
ance explanation, and also some difference in the average
speed patterns for both type of trials. Although this may
suggest a behavioural strategy to solve the task, its effect
is not persistent throughout the whole task and seems to
fade completely after the 60 cm mark, and most of the
variance is still contained in the latter stages of the task.
Again, since we are only considering one behavioural fea-
ture, there isn’t any sufficient evidence yet regarding the
nature of the decision, but it is plausible to assume that
the stimulus reaction doesn’t trigger a behavioural cue
to drive the decision as it fades halfway the trial and
precedes the pattern shown on figure 2.

After this preliminary evaluation of speed, one will pro-
ceed to see the acceleration to study local fluctuations.
Acceleration was obtained by applied the finite difference
method to speed data.

2. LRM: Acceleration as Predictor

FIG. 4: a. Acceleration profile of the session identified in ”c”. b.
Contribution to variance per acceleration bin (predictor). c. Model
accuracy for each mouse, applied to five sessions. Only acceleration
was used as predictor.
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In figure 4 it’s shown an analogous model to figure 2,
but this time acceleration is used as predictors, and it’s
binned exactly in the same way. By observing the accel-
eration profile one can see that the data has a lot more
noise when comparing to speed, and the major differences
in the mean curves are observed within the decision area,
which is not considered in the model. In plot ”b” one can
see that there is actually a difference between the mean
curves of the two types of trials, yet, by looking at the
yy axis on the right of the chart, the difference is very
small and hence that’s why one may not clearly see it
in the plot ”a”. In this model variance shows a differ-
ent distribution than in the analogous speed model, and
model accuracy is actually good which allows one to rule
out the ”pure luck” hypothesis. Yet, given the difficulty
to detect any pattern, I’ll not make any claims regard-
ing behavioural cues with this type of data, and further
ahead it’ll be regressed against speed in order to see how
they compete.

FIG. 5: a. Acceleration profile of the delay/mouse pair identified in
”c”. b. Contribution to variance per acceleration bin (predictor).
Red histogram bar marks the delay under analysis in the current
panel. c. Model accuracy for each mouse, applied to all delays.
Only acceleration was used as predictor.

By doing an analogous representation for acceleration’s
delay data to figure 3, in figure 5, one still can’t get any
clear information from the acceleration profile, yet, on
plot ”b” it is possible to notice some variance explanation
after the delay, suggesting that even with acceleration
one can clearly isolate some type of stimulus reaction
dynamics. Another interesting phenomena that can be
observed in both acceleration models and in the the delay
speed model, is that model performance gets worst for all
mice in the latter delays.

3. LRM: Previous Trials

FIG. 6: a. Model performance using previous trials’ outcomes. On
the xx axis, each number represents the ith previous trial’s out-
come. b. Model performance after including sound as a predictor.

Figure 6 shows a different structure from the previous
ones. In this case one is analyzing the whether there is
any influence of the outcome of previous trials consider-
ing up to 5 previous outcomes. As one can see in plot
”a”, when using previous trials only the model accuracy
is very near the random level, suggesting that previous
trials aren’t good predictors, and thus they aren’t re-
ally contributing to mice’s decision making process. This
is good evidence when related to the definition of WM
tasks, as it shows that all trials are independent since
they have no effect on the subsequent trials. Using sound
and the previous trials in a LRM obtains better results,
but it is clearly due to the influence of the sound predic-
tor. (refer sound only model figure)

4. LRM: Speed vs Acceleration vs Sound

To make speed, sound and acceleration compete against
each others, this analysis recurs to a model with 51 pre-
dictors. 25 speed features, 25 acceleration features and
sound. By now this is the model that shows more accu-
racy, as it can be seen in figure 7 plot ”a”, it can mimic
mice’s decision for more than 90% of the times, which
is a very good result. Plot ”b” shows evidence that the
most predictive variable is the value of speed at the last
bin, which suggests that the behavioural cue is more sig-
nificant than the representation of the stimulus. In this
model speed contributes more than acceleration regard-
ing the effect of variance measure, which makes it the
main behavioural cue to take into account.
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FIG. 7: a. Model performance using sound, speed and acceleration
as predictors. b. Contribution to variance per predictor.

5. LRM: Each bin a model

The goal behind this analysis is to make as many regres-
sion models as many bins is the belt divided, in order
to make sound compete against each one of these values.
By observing figure 8 plot ”b”, there is strong evidence
that clearly sound is the main cue driving the decision
making process. This means that in fact even if there are
some behavioural cues that show to have some influence
on the decision making process, it is clearly the internal
representation of the stimulus that is responsible for the
decision making.

FIG. 8: a. Speed profile for delay at 15 cm, from bMouse67.
b. Contribution to variance per predictors. Each set of triplets
(bars/predictors) corresponds to a model.

IV. MODEL IMPLEMENTATION AND CELL
ANALYSIS

A. Anatomical Overview
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FIG. 9: Schematic view of the mouse’s brain anatomical regions.
Cell recordings are being made in the brain area known as PrL,
that belongs to the mPFC.

Recalling the characteristics of the mPFC approached
earlier in this document, one will focus on cell reaction
to context, in the presence of the task’s mementos. The
task momentum’s considered are reaching the stimulus
and reaching the DA. Figure 9 shows the anatomy of the
mouse’s brain, and notice that the recordings used to
do this work correspond to measures obtained from the
Pre-Limbic Cortex, which belongs to the mPFC. It can
be expected that the results of this measurements are
coherent with the claims from literature, but note that
interactions with other regions of the mPFC and popula-
tion dynamics aren’t being considered, since no causality
mechanisms will be used to test possible interactions be-
tween cells to disentangle underlying memory systems.

B. Classification of Cells

In order to understand individual cell dynamics one ran
a classifier through all the cells, to capture their sensi-
tiveness to context. As it was already referred, the three
mementos of the task (or contexts) considered are the
stimulus, the effect of the textured area, and the reward.
Thus, a classifier will be used to identify cells that show
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context response by increasing the firing rate.

C. Cell Behaviours

To motivate the using of a classifier, and to ensure that
there are indeed some cells sensitive to context, one will
show figures1 that motivate context driven behaviour in
cells. These cells were identified by using the classifier
whose results are described at table.

FIG. 10: Average firing rate from cell #25 of mouse bMouse67.
As one can observe this cell’s firing rate increases a lot during the
stimulus presentation, but only during stop trials, i.e. when the
trial outcome can provide a reward.

The type of behaviour from cells that are highly sensitive
to stimulus (similar to figure 10), shows a clear indication
that there is a clear association between stimulus and
reward, and as expected, they are evidence that regions
of the mPFC (the pre-limbic cortex, in this case) are
related to reward expectation.

1 All the figures shown regarding cell behaviour went through a
median filter in order to remove high-frequency noise.

FIG. 11: Average firing rate from cell #11 of mouse bMouse67.
This cell shows a clear spiking pattern after the stimulus, allowing
to differentiate between stop and no-stop trials during the delay
period. There is an increase in the firing rate for stop trials, and a
small decrease in firing rate for no-stop trials.

Persistent activity during the delay period can be de-
scribed as in figure 11. Literature suggests that persistent
activity can be a way for neurons to code the information
relative to a task, which is known as the intrinsic repre-
sentation of the stimulus. Persistent activity is probably
one of the main characteristics of the delayed working
memory tasks throughout literature. The fact that there
is an increase in the firing rate of the neuron during stop
trials also suggest that there is an association to reward.

FIG. 12: Average firing rate from cell #1 of mouse bMouse67. It
is possible to observe that the firing rate starts to increase in the
area region, which suggests that it happens due to the perception
of the textured area, resulting in engaging into the decision (to
stop). This tendency to increase the firing rate is only observed in
the stop trials, which again is evidence of a strong bond between
the mPFC and reward expectation hypothesis.

Figure 12 shows a cell that is sensitive to the decision
area. Since it spikes when the mouse reaches the area
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where it has to stop, a good interpretation is that this
cell may code for information related to the action that
will provide the reward (stop). According to this inter-
pretation one may claim that this phenomenon is related
to reference memory, i.e. it is possible that this mem-
ory representation can be related to recalling the rules
of the task and how to perform the decision. Although
reference memory should be considered for both type of
trials, i.e. in no-stop trials the rule is for the mouse to
don’t stop at the DA, the fact that usually there isn’t an
increase in the firing rate during this type of trial can be
related to the absence of reward, and then enhancing the
strong bond between PrL and reward expectation.

FIG. 13: Average firing rate from cell #10 of mouse bMouse67.
This type of behaviour is classified as unspecified (Systematic Ac-
tivity) because there isn’t any particular behaviour driven by con-
text. The aspect of the firing rate plot of cells with this particular
type of behaviour is similar to the one shown on this figure.

The firing rate profile shown on figure 13 is the most
common firing rate found among cells. This cells can
be coding information that is not included in the crite-
ria used by the classifier, and can be part of a network
dynamic or underlying memory system that’s not being
approached with the used methods. Although they don’t
show first instance context sensitivity, described by an in-
crease in the firing rate at some well defined particular
points, one cannot exclude their importance in memory
mechanisms.

D. Classifier Results

Most of the cells are classified with the Systematic Activ-
ity label. The information obtained is compliant with the
literature as there are context sensitive cells in the scope
of stimulus reaction, reward expectation, persistent ac-
tivity, and related to the decision making action. Among
the first three labels of the classifier, persistent activity

and DA reaction are the more common. All of these three
labels contain information the reward expectancy due to
the difference between the stop and no-stop patterns.

In order to study the influence of these cell patterns, the
LRM will be used to assess their relevance on the outcome
and to provide some quantification on their contributions
to mice’s decisions.

E. Logistic Regression using Neural Data

The first LRM applied to the data has the objective of
testing how well can the activity from the stimulus sen-
sitive cells predict the outcome of trials.

FIG. 14: a. Model accuracy regarding mice’s outcome prediction.
The bar in black is not the output of any model, it represents the
performance of mouse ’bM67’ in the task. The model identified as
All cells consists on using cells classified as stimulus responsive and
persistent activity from the classifier. These two types of cells were
used as separate predictors on the models represented by the green
and red bar, respectively. The model identified as Cells+Speed
uses the predictors from All Cells model and binned speed values
as previously built in behavioural models. b. Contribution of the
predictors to the model’s output. Each bar represents a single
predictor, from one of the three types identified in the label above
the plot. After the 100 mark, the xx axis does no longer represent a
belt distance, as the remaining predictors are firing rates averaged
at specific intervals defined in table.

In figure 14, regarding the models which use only cells’
activity as predictors, it is possible to observe that persis-
tent activity comes as a better predictor when comparing
to stimulus sensitivity. Using the two discriminant classes
provides a marginal enhancement to prediction, a conse-
quence of joining two distinct features to improve the
model. Adding speed to the equation generates a model
with a small increase in gain. In the ”b” plot from the
same figure there’s evidence that the most relevant pre-
dictor is the persistent activity, contributing with 52.17%
of variance explanation split across 11 cells. Speed con-
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tributes with 42.28% whereas the stimulus reaction only
contributes with 5.55% of variance explanation. This
shows evidence that the internal representation of the
memory, coded into persistent activity is the main driver
of the mouse’s behaviour.

Figure 15 is to verify whether other cells apart from the
ones used in the models shown in figure 14 can contribute
to predicting the outcome of a trial.

FIG. 15: a. Model accuracy for LRMs that use firing rate at the
stimulus window as predictor. Each bar represents a single model.
On the yy axis is represented the accuracy and the bars marked
with blue were previously labeled as stimulus sensitive/reactive by
the classifier. b. Same procedure as the described in ”a”, but use
the firing rate in the delay period as predictors.

Figure 15 show the accuracy of several models where
only one cell was used as predictors in the two already
described paradigms: stimulus sensitivity and persistent
activity. The average accuracy from model’s depicted on
”a” and ”b” is 51.41% and 56.58%, respectively. Once
again it’s not evident of a common cell specificity towards
the expected behaviours stated earlier in this analysis,
even if a few cells show a clear preference. There are
some cells whose activity can be context informative at
different stages of the trial. It’s also realized that the
classifier used missed some very significant cells, but as
it was already stated earlier, the classifier only considered
measurements for stop trials and ignored the behaviour
of no-stop trials. The bigger the differences in the data
for the two binary outcomes the more accurate the model
will be, and this can justify some of the results obtained.

F. Discussion

Throughout this work the approaches made to show ev-
idence of the superposition of memory representation
mechanisms over behavioural strategies proved to be suc-
cessful and compliant with the literature claims. In an at-

tempt to disentangle cells’ response to context one iden-
tified in the task three possible contexts: stimulus pre-
sentation, delay period and the decision making step at
the DA, relating all of them to the expectancy of re-
ward. The association between the mPFC, specially the
limbic regions, with the expectation of reward is a very
common claim among literature. This motivated the ap-
proach using fuzzy classification system to identify clear
increases in the firing rate. Results shown that in the
PrL there isn’t an accentuated increase in the firing rate
to signal cells’ preferences to the events portrayed in the
task. Yet, when applying the LRMs there is evidence
that persistent activity played the most important role
regarding prediction, which confirms the hypothesis of
being an important memory mechanism preceding the
decision. Even though other approaches are required to
test the involvement of the PrL and its cells in context or
reward responses, the results obtained suggest that the
reward expectancy also plays an important role in cell
activity, but not in behavioural performance.

V. CONCLUSIONS

Among the variables studied, speed and acceleration con-
stituted the behavioural variables monitored, whereas
sound referred to the stimulus and the previous trial was
only used in a model to test whether outcomes from pre-
vious trials influenced the outcome in any way. On figure
6 it is possible to observe that previous trials do not pro-
vide an accurate model, with an average prediction ca-
pacity of 57%, which is quite near the random mark. This
is a typical result in the WM paradigm as it is expected
for trials to be independent and therefore the memory of
past trials shouldn’t affect later trials. This was verified
by the model. Figure 7 shows an LRM where speed and
acceleration are competing against each other, and the
evidence shows that speed is much more influential than
acceleration, but less than sound. Thus, speed has been
used as the variable to test the influence of behavioural
cues in the outcome of the task.

Even before using LRM to test the competition between
predictors, speed profiles show that all mice have the
same pattern in terms of the velocity profile throughout
the task, being very distinguishable between the differ-
ent types of trial. Yet, when using speed to compete
with sound, the effect of stimulus was consistently supe-
rior than effect of speed (figure 8). A reason that could
be appointed to this result is that mice performance is
very good in this task, and the model could just assume
that the outcome would always be defined by the type of
trial, and in this case the only thing the model wouldn’t
be accounting for is the wrong trials. This is true, and
therefore so far there may not be a conclusive result yet.

Analyzing cell profiles comes as another approach to an-
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swer this question. Figure 14 shows that contribution
from 17% of the cells, that were selected through a fuzzy
classification system, explain 57.72% of the variance, and
most of this explanation is made by cells that shown per-
sistent activity in the delay period. This is evidence that
the intrinsic representation of the memory is definitely
more relevant than the behavioural cues, confirming that
the decision is made mainly by the effect of WM, but nev-
ertheless behavioural strategies play an important role as
well.

Literature claims that the mPFC plays an important role
in the mediation of decision making, retrieval of LTM or
in the consolidation of STM. Summing up, the mPFC
learns associations between context, events, locations and
the respective adaptive responses. Since the mouse is
head-fixed associations between locations was discarded
in the current analysis. Hence, one will disentangle cell

activity between event associations (stimulus), context
associations (delay period and also reference memory due
to the context of rules) and the adaptive responses can
be seen as a consequence of both the influence of stimu-
lus and context. Making a decision at the DA can also
be considered a context association between the stim-
ulus, the rules of the task and performing a decision.
In order to separate fractions of cells, a fuzzy classifier
was applied. According to the results there is a relevant
amount of cells that are sensitive to the DA and show
persistent activity in the delay period. Interpreting the
LRMs as an attempt to mimic mice’s decision process, it
is possible to verify that WM machinery is critical into
the decision making process. Trying to predict the out-
come of the task considering individual cells show high
performance in several cases (see figure 15), which is ev-
idence that variations in the firing rate are a reasonable
way to quantify cell’s preference for context.
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