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Abstract

In prior work, a bias towards negative valence had been observed in humans
and animals. This bias was explained through attention, memory, and re-
sponse biases. Previous studies also indicated that uncertainty could interact
with these behavioral biases, but the underlying mechanisms were not well
understood. In this study, we approached this multifaceted problem by con-
sidering how valence, levels of expected uncertainty, and traits modulate the
output bias using a modified version of the cue association learning task. We
used a newly derived axis and reinforcement learning drift-diffusion model
(RL-DDM) to assess the bias in behavioral data. Data collected includes 70
participants(40 in 70% and 30 in 80% correct feedback blocks) . Supporting
our hypothesis, we found that 1) uncertainty modulated the negative bias
and 2) this modulatory effect was captured in the prior bias parameter of
the RL-DDM( p< 0.05 for 70% but not in 80% correct feedback blocks).
Additionally, we found that the bias coded in a new normalized variable was
explained by trait variables(STAI)(5=-0.03, p=0.02), indicating that the bias
is not invariant and depends on the population. This provided a more gener-
alizable approach for addressing such biases and their potential implications
in clinical studies.
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Chapter 1

Introduction

Decision making is a complex process, an earliest account of which could be
seen in the review “Theories of Decision-Making in Economics and Behavioral
Science” by Herbert A. Simon (Simon, [1966)). In this article, the author raises
the argument that economics and psychology can have intervening interests,
and if economists are able to define a theory that is well generalizable about
economic behaviour of humans, it is natural to expect that the same could
be adapted to psychology and human behaviour. Microeconomics could be
thought of as the branch that deals with the interaction between the agents.
But even there it is interested in how agents or individuals ought to behave
and not how they behave in a certain way, contrary to in the behavioural
sciences. On the other hand, when it comes to Macroeconomics, where in-
dividual actors aren’t considered anymore, they rely on strong assumptions
such as the rationality of the individuals in the population (Kurz, 2016|). von
Neumann and Morgenstern extended the question about choices with uncer-
tain prospects by suggesting that behavior could be explained in terms of
cardinal utility, which is the satisfaction obtained after consuming any goods
or services that can be scaled in terms of countable numbers. Individuals who
are following von Neuman’s axioms would try to maximize the utility, which
is the weighted sum of the outcome, where the weights are the probabilities in
an uncertain condition. The probabilities that these subjects assigned were
assumed to be identical to the objective probability that the experimenter
knew. However, when utility theory was tested using experimental data the
difference between the “objective” and “subjective” probabilities became more
apparent (Kurz, 2016): This resulted in a concept proposed by Frank Ramsey
where he showed via careful experimentation that this internal probability
could be estimated(Ramsey], 2016]).

Among the many paradigms used, the two alternative forced choice tasks
are very popular. An example is the two-armed bandit task where a correct



and an incorrect choice would be assigned randomly with certain probability
to two given symbols. That is if an option is correct for p fraction of the
total number of trials, it will be incorrect for the remaining 1-p fraction of
trials. The participants in such games can stick to one option as well. But,
the classical utility theory would tend to fail here, because the maximum
reward on offer can be received only via event matching (Simon), 1966), i.e.,
when an individual chooses alternatives in proportion to that option getting
rewarded. Hence, as per sequential sampling theory (Simon) 1966)) individu-
als are hypothesized to compute their expected outcomes while sampling an
option which is associated with either reward (if the choice was correct) or
information about that option (if the choice was incorrect). When behavior is
found to evolve in such an adaptive manner it is said to constitute a learning
process where after choosing an option, the probability to go for the same
would increase if that choice is followed by a reward. Reinforcement learning
(Minsky, |1961) models are a strong tool for investigating such associative
learning (Schultz et al.l |1997;Sutton et al., 1998)) known to be modulated by
prediction errors (Schultz et al. [1997), i. e., the internal representation of
the mismatch between expected and obtained outcome.

Sequential sampling models are widely used to describe the decision mak-
ing process in cognitive neuroscience. These models assume that people
make time constrained decisions by sequentially accumulating evidence over
time(Forstmann et al,2016). Earliest explanation of such models can be seen
from the 1960s(Stone, [1960)). From the modeling perspective, the paradigms
are typically two alternate choice tasks where the decision making scenario
is repeated across multiple trials, resulting in large number of repetitions to
estimate parameters (which is required to reduce standard error associated
with the parameters). And the response time associated with correct and
incorrect choices are recorded(Simon) 1966 Forstmann et al.) 2016). Empiri-
cal studies collecting response time and choices were found to capture some
properties of decision making, namely, shorter response time for easy com-
pared to hard stimuli and an emphasis on speed generating shorter response
times, but, more errors (Forstmann et al., 2016). At the broader level, these
models have two boundaries depicting alternate choices, and at the finer level
these models differ in terms of whether they are having a single accumulator
or multiple of them. Even though over time the statistical methods and the
models became sophisticated, the underlying principle of sequential sampling
models remains the same today (Forstmann et al.l 2016).



1.1 Biases in decision-making

Animals make decisions by accumulating evidence, but, this can be sub-
jected to biases (Rescorlal 1988) which can either be, at the perception,
decision or execution level. Pavlovian bias, in which the animals would ap-
proach appetitive stimuli even when it is a sub-optimal choice was reported
by Hershberger et al(Hershberger} [1986). In an experiment done on chicks,
he showed how chicks when had to retract from food in order to obtain it,
they could not learn the optimal strategy. Pavlovian bias is hypothesized
to result from the dopaminergic neurons signaling for reward in the envi-
ronment (Ereira et al.l |[2021) also being responsible for invigorating approach
responses(Mohebi et al., [2019;Hamid et al., |2016). And the dominant argu-
ment for the same signaling pathway carrying out two functions is that both
functions are likely to be highly correlated in naturalistic conditions (Berke,
2018;Rangel et al., 2008).

Biases in decision making have been proposed to be useful in assessing
the emotional or affective state the animals are in(Harding et al., [2004;Mendl
et all 2009). According to Russel et al(Russell, 2003), an affective state
could be described as “a neurophysiological state that is consciously acces-
sible as a simple, non reflective feeling that is an integral blend of hedonic
valence (pleasure—displeasure) and arousal (sleepy—activated) values". The
first appearance of the term “valence” could be traced back to 1935, when
the German-American psychologist Kurt Lewin introduced the term (Lewin,
1936)borrowing it from physical sciences, especially the valence-bond theory
in chemistry. Lewin believed that the psychological phenomenon could be
better explained by something conceptually similar to that in the physical
sciences, where the attraction and repulsion was explained in terms of an-
gular momentum and spin. More importantly, the point of view was that
the valence could be acting as a force applied on an individual that in turn
determines their behavior. The idea was that certain objects or experiences
may exert attractive or repulsive force on individuals, which can either be
motivating or inhibiting. Although, Lewin emphasized that the same object
could cause different valenced experiences depending on place and time, with
each encounter changing how things are perceived and subsequent responses,
towards the later part of the 20th century, the concept of valence got refined
as a single and bipolar dimension. And valence along with arousal became
the important dimensions of core affect(Russell, 2003]).

Harding et al (Harding et al., 2004) reported how the emotional state
of an individual affects decision making and learning and suggested that
the cognitive bias could be an indicator of affective state in an animal. For
example, an individual in a negative emotional state will make negative (pes-

5



simistic) judgments about an ambiguous stimulus in comparison to someone
in a positive emotional state (Lagisz et al., [2020)). In Harding et al(Harding
et al., 2004)), two tones having different frequencies were used as cues for a
positive and a negative outcome. Participants were required to respond in a
particular way to the positive cue for obtaining reward (food) and differently
to the negative tone in order to avoid aversive outcome. After cue learning,
ambiguous cues (ones having intermediate frequency) were presented and
participants’ response to them recorded to assess “optimism” (making more
positive responses) vs. “pessimism”(making more negative responses), and it
was found that there is a negative bias.

However, an important point to note in these studies is the use of am-
biguous stimuli which by their very nature could be perceived as nega-
tive(Anderson et al., 2019). This is because ambiguity is a type of uncertainty
which can be broadly classified based on probability or the risk associated
with the future outcome. It is said that any agent would try to reduce the un-
certainty to accurately estimate the occurrence of motivating events, which
is to reduce the amount of resources spent (Hirsh et all [2012;Peters et al.,
2017)). Therefore theoretical models suggest that the uncertainty is aversive
in itself and it activates behavioral inhibition systems(BIS) (Hirsh et al.,
2012jMorriss et al., 2022b). A set of literature, in line with this argument,
has shown that uncertainty dampens positive emotional state and intensifies
negative emotional state (Morriss et al., 2022b)).

The appraisal theory(Scherer] [1999) treats emotions as an adaptive pro-
cess which reflects the future state of the environment, much like the con-
cept of momentum, thus perceived uncertainty could in turn determine what
emotion is getting elicited. For example, when considering an animal whose
major food source is a specific fruit that is abundant in spring season as the
timeline approaches spring the uncertainty about getting that fruit decreases
as a result its emotional state may also become positive. But, an agent can
always use cognitive processes to modify the computational processes and
actions. One can even see affect and emotion as a way to make quick and
frugal decisions when the outcome is uncertain or complex where deliberate
reasoning and evaluation would be impractical(Slovic et all, [2007). Impor-
tantly the affect heuristic theory proposes that mental representations in
general can carry an affective tag(Slovic et al., [2007). Risk as a feeling the-
ory(Loewenstein et al., 2001)) suggests that people use emotion that contains
information about uncertainty when making decisions. It has been proposed
that the fear of the unknown is the most prominent and fundamental fear
of all human beings(Carleton, 2016). However, interestingly enough, uncer-
tainty can also bring positive effects as in case of a pleasant surprise, and
thus may not be generalizable to a particular valence(Kurtz et al., |2007)).
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While uncertainty has been reported to both intensify and dampen affect,
it may induce an attentional bias towards negative information given that
from an evolutionary point of view, missing a potential negative stimulus
could be costlier to an organism than missing a positive one. However,
how uncertainty explicitly interacts with valence has not been systematically
tested(Anderson et al., 2019) and remains to be further explored.

1.2 Negativity Bias

Negative bias is the phenomenon of negative valence having stronger effects
on processes such as effects on attention, perception, memory, decision mak-
ing and other related behaviour, compared to a positive stimulus of equal
strength (in terms of normative values) and arousal. Previous neurophysio-
logical studies suggested that the negativity bias occurs relatively early in the
decision making process, driving more attention towards the negative valence
in comparison to positive valence(Smith et al., 2003)), but can persist in later
stages of the decision making process also. It is largely argued that theoreti-
cally negativity bias can have evolutionary advantage as avoiding potentially
harmful stimuli is more critical(Norris, [2021)).

Norris et al(Norris et al., [2010) suggest that the negativity and positivity
are separable, that is, they need not be part of a continuum and because
of that they do not have to be equal in terms of the way they operate or
in terms of the consequences. This is in contrast to the concept of core
affect, and the suggestion that they are irreducible. The Evaluative Space
Model(ESM)(Cacioppo and Berntson,1994;Cacioppo et al., 1997)(see Figure
was developed on this idea which further suggests that the separability
of positive and negative valence would allow them to have different activa-
tion functions, and in turn different outputs. This difference in strengths
of response was conceptualized in terms of differential gain, that is, for a
unit increase in input, negativity increases at a faster rate in comparison to
positivity. Further, the rate of negative decreases slowly in comparison to
that of positive, implying that negative evidence could be weighed higher
when compared to positive. This could be interpreted as the model weighing
survival over opportunities(Norris|, 2021)).

A rather classical experiment on negativity bias was done by Brown et
al (Brown, |1948), which was done in hungry albino mice where they have
to run through a short ally to either secure food or to avoid a shock. A
harness device was used to record the strength of pull when the rats are
stopping at the alley. It was observed that those rats that stopped near food
pulled stronger towards the food compared to those rats which stopped away



negative affect

positive affect

Figure 1.1: Seperable negative and positive valence as suggested by ESM(Cacioppo and
Berntson, 1994}, Cacioppo et al., |1997). In this, the x azis represents the positive valence
and y axis represent the negative valence. If the bipolar valence aazxis exist, that would be
represented by the black diagonal line, where one valence is linearly decreasing function of
the other. The red arrows describes the direction in which the deviation would happend
from this bipolar concept.

from the food. Similarly, rats who stopped near the shock point pulled away
stronger in comparison to those who stopped farther. And when plotting the
strength of pulling against the distance from the respective points at which
they have stopped, it was observed that there exists a steeper slope for shock
when compared to the appetitive stimulus. Hours of food deprivation didn’t
change the slope but shifted the curve upward or downward. Parsi and Kurtz
(Parisi and Katz|, 1986|) conducted a survey on posthumus organ donation and
with the bivariate system found that the positive and negative subscales were
uncorrelated, which imply that, it is less likely to have a linear relationship
between the two, which would be the case if it were a continuum. Green
and Goldfried(Green and Goldfried, [1965) also pointed out that the bipolar
scale may constraint the seperable manifestation of the positive and negative
scales. Another experiment using the PANAS scale on student population
found out changes in negative and positive affect upon receiving exam results,
which were uncorrelated (Miller, 1959) again suggesting that the positive
and negative components may have non-overlapping operative components.
However, imaging studies aiming to untangle the bipolarity vs. bivalent
debate about valence via its neural basis have found it to be supported by a
distributed set of brain regions that are flexibly involved during positive &
negative affective states (Lindquist et al., 2016]).
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1.3 Effect of outcome valence on learning

Differential effect of positive and negative feedback on learning has been re-
ported in the literature (see [Reinen et al., [2021|for a recent review). For ex-
ample, there has been experiments in which within one learning block stimuli
association has to be learnt from negative-blank feedback (that is negative
feedback for incorrect responses and no feedback for correct responses) or
from a positive-blank feedback (that is positive feedback for correct response
and no feedback for incorrect responses) (van de Vijver et al) 2015). It
was observed that in some tasks adults performed better in negative-blank
but not in the positive-blank feedback, which was not consistent with other
tasks(Eppinger et al., [2010jEppinger and Kray| 2011;Eppinger et all, 2013),
where such a differential effect was not found.

There is a wealth of literature suggesting that positive reinforcement
is accompanied by positive emotions and vice versa(Sidman and Center,
1991;Starling et al., |2013;Rakos et all [2008)). It is also possible that the
affective factors could affect feedback processing(Paul and Pourtois| [2017)).
And in the same line it was found that the feedback related negativity(FRN)
event related potential(ERP) amplitude was higher during positive emotional
state tha during negative emotional state(Paul and Pourtois, 2017;Bandy-
opadhyay et all [2019)), and it is consistent with the fact that the origin of
FRN signals, anterior cingulate cortex(ACC)(Allman et al.,2001)) has exten-
sive connections to orbito-frontal cortex(OFC)(Carmichael and Price, 1996),
amygdala and anterior insula(Al)(Koban et al., [2013)) which are regions that
are mainly involved in emotion processing.

Xu et al.(Xu et al.;2021)) specifically investigated the effect of reinforce-
ment type(positive or negative) on FRN and learning biases. They found
that FRN responses were more profound following wrong responses than
following correct responses. Which can be seen in line with the concept of
loss-aversion(Kahneman and Tversky,1984)). One idea was that the dopamine
system itself may be differentially involved in the case of positive versus neg-
ative reinforcement type.

1.4 Limitations so far and motivation for the
current study
Arguments that the negativity bias is conferred due to evolutionary advan-

tage is mostly post-hoc, making it hard to test or falsify it. However, it
suggests the following.



e Average population behavior would show a strong response to aversive
stimuli (compared to appetitive ones)

e Stable individual differences should exist in the population for the nat-
ural selection to act on, which would lead to a difference in fitness.

e Negativity bias could have a developmental aspect as it is less observed
in infants compared to adults(Verburg et al.;2019).

There is also contradicting evidence to such a bias, that is present in the
literature, which found null or opposite results, but many of these failed
to meet the criterion of equivalency (Norrisj2021)). That is, the criticism
in studies reporting negative bias are also about the calibration and the
strength of the negative stimuli in comparison to the positive one. And
some studies failed to match the strength of positive and negative stimuli.
Because, if we are using stimuli having different strengths in the first place
the difference in results could just be attributed to that. Ideally the negative
and positive stimuli chosen should be equidistant from the neutral point in
terms of valence and should match in all other properties. Lagisz et al(Lagisz
et al.,2020) pointed out that given that there is heterogeneity present in the
studies investigating these biases across different species, one could expect
stable individual differences in these traits to be assessed via administration
of questionnaires(Kim et al.;2003)).

In Sir Arthur Eddington’s The Philosophy of Physical Science(Broad)1940))
there is a hypothetical example of a scientist trying to sample fish popula-
tions in the ocean for determining the size of fish. He sampled the oceans
using a two inch mesh, repeatedly and exhaustively and ended up concluding
that there is no fish in the ocean, having size less than two inches. One im-
portant thing to note here is that the scientific instruments or the paradigms
themselves are formed by the researcher’s implicit assumption of the phe-
nomena to be investigated. Because in this example, the scientist began
with the assumption that any fish would be of considerably larger size and
began sampling from 2 inches, or the instrument that he used itself had that
bias so that nothing below two inches would be sampled. In a similar vein, it
is important to examine the role of uncertainty (including ambiguity) which
itself is known to be aversive, as a probe for negativity bias. This is be-
cause, as discussed above, the integration of emotion and decision making
could be seen as a dynamic iterative process that adjusts the internal state
of the agent about the environment(Paulus and Angela,2012)). For exam-
ple, Paulus et al.(Paulus and Angelal2012)) suggested that in the Bayesian
framework these affective states could be conceptualized as a factor that
would modulate the representation of the beliefs and therefore, the resulting
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computations. However, while phenomenologically emotions have been con-
sidered introspective in nature, decision making has been quantified primarily
using external variables. Hence, their conceptualizations in computational
models need to be considered in light of these theoretical differences (Paulus
and Angela2012)) such that emotions may affect the way the probabilities
of loss or gain are translated into weights or values. For example, Andersen
et al.(Anderson et al[2019), proposed that uncertainty would affect effect
via mental simulations such that uncertainty is no longer a feature of the
objective world (as it has been typically examined in the learning & decision
making literature), but something integral to an individual’s subjective expe-
rience. However, if it is expected uncertainty, the difference need not show up
as a change in learning rate since as we can’t be sure about it is changing the
perception about change of probability as well, in comparison to unexpected
uncertainty (Angela and Dayan2005;Behrens et al.|2007;Nassar et al.[2010).
And in a constant environment, the optimal learning strategy would be rapid
updation at the beginning and then decaying the learning rate as an inverse
function of number of samples(Doya,2008), thus it is possible and we expect
that, even when there is a difference initially over learning blocks, because of
this inverse function nature, the difference may die out, which is also possi-
ble even when there are differences in expected uncertainty. And in previous
studies, that looked at the changes in learning rate in response to changes
in expected uncertainty or valence, we coudln’t find a result suggesting that
the learning rate would be a good candidate for quantifying either valence or
changes in expected uncertainty(Nassar et al.,2012;Duff et al.;2013).

Moreover, learning rate is only one parameter of interest, and response
time which could potentially explain factors such as conflict involved in the
decision process, has been kept outside of the traditional RL models(Pedersen
et al.;2017)), we propose that including it could provide new insights to un-
derstanding negativity bias in learning. Specifically, by keeping the value or
monetary outcome associated with the feedback constant, we expect to see a
valence based difference in learning in the mixed vs. symbolic block, that is
hypothesized to be captured by parameters in the more sensitive RL-DDM
model.

Secondly, if the bias doesn’t depends on positive and negative getting
presented together in the same block, we expect to see the same amount of
bias reproduced in the positive and negative feedback block, if presenting
the, where only one valence is used as feedback. Thirdly, we expect the
uncertainty to have a positive modulatory effect on bias such that when
the outcome is more certain less bias would be observed. Lastly, we would
expect the trait scores to explain the observed bias along with the RL-DDM
parameter coding for it.
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Chapter 2
Models And Theory

2.1 Reinforcement Learning- Drift Diffusion Model

RL-DDM was presented in 2017 by Pedersen and Frank(Pedersen et al.;2017) (and
implemented in HDDM package(Wiecki et al.;2013))) to combine sequential
sampling models with the reinforcement learning framework, which would
enable characterizing much richer dynamics of the learning process. It is
implemented in a hierarchical framework, where group and individual-level
parameters are mutually constrained. In addition, Bayesian parameter esti-
mation allows parameter estimation using a relatively more minor data set.
In the RL model the value for a given choice is given by

Vit) =Vi(t = 1) + a[R;(t — 1) = Vi(t — 1)] (2.1)

Vi(t) is the value of option i at time t, and R;(t) is the feedback about
the option i, that they have recieved at time point t. « is the learning rate.
The probability that the decision maker will choose option i will be governed
by a softmax function, given by:

BOVi(1)

pi(t) = S eBOV;E) (22)

When we have n alternate options. But, in our case, it is just two options.
Parameter 8 depicts the sensitivity or exploration-exploitation trade-off.

Now if we consider the drift-diffusion model, it is a noisy accumulation
of evidence, which can be implemented using a Weiner first pass in time
function(WFPT), the likelihood of response time of choice i will be given by

RT (i) = WFPT(a, z,ndt,v) (2.3)
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Figure 2.1: Depiction of the Diffusion-Decision model(DDM). Integration of evidance is
represented by the traces, which are stochastically moving towards either of the decision
boundaries. It starts from a point in between the boundary, specified by prior bias(z). In
the picture, starting point is the midpoint as z=0.5. Once these traces crosses either of
the boundary, that choice is considered to be the decision and the probability distributions
of response time for the two choices are plotted on each of the boundaries. Red traces
denote the decision processes, which crossed the lower boundary and blue traces denote
that crossed the upper boundary.

Where a is the separation between the two boundaries, z is the relative
starting point with respect to the two boundaries(prior bias), and t is the
non-decision time, which consists of encoding and motor time. v is the drift
rate, ndt is the non-decision time. In the RL-DDM model drift rate was
presented as a function of time, and it gets updated as shown below:

v(t) = m[Vigper (t) = Viower(t)] (2.4)

Values of upper and lower functions were updated according to the value
updation rule of RL. m is a scaling parameter. The same paper empirically
showed that the RL-DDM model better captured the data than the RL model

since it could also incorporate response time.

2.1.1 Hierarchical Structure of the Model

The model’s hierarchical structure estimates parameters at the group and
individual levels, which mutually restricts the estimation process. The fol-
lowing distributions would give the distributions of parameters at the group
level.

a, = G(1.5,0.75) (2.5)
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v, = N(2,3)
v, = HN(2)
2, = N(0.5,0.5)
2y = HN(0.05)
t, = G(0.4,0.2)
t, = HN(1)
a, = N(0.5,0.5)
a, = HN(0.05)

(2.6)

(2.7)

(2.8)

(2.10)

(2.11)

(2.12)

(2.13)

(2.14)

N is normal distribution, G is Gamma distribution, and HN is half-normal
distribution. Given parameter distributions at the group level and at the

individual level, the distributions are given by:

a = G(alﬂ CL2)

o

v = N(UM>U3>

14

(2.15)

(2.16)



Figure 2.2: The hierarchical structure of the RL-DDM model. The outer white region
depicts the group level, and at this group level, we have parameters describing the mean and
standard deviation of parameters, which gives the parameters at the individual level(light
grey region). Ad the parameters at the individual level, ultimately determine the likelihood
for each RT and response combination

z = invlogit(N(z,, 22)) (2.17)
a = invlogit(N(a,, a2)) (2.18)
t=N(t,,t2) (2.19)

(For pictorial representation of the heirarchical structure, see figure

2.2 Win-Stay and Lose-Switch Behaviour- A
new coordinate system

We wanted to see how participants’ decisions change after encountering a
win and a loss. p(stay;i|wing) is the probability of choosing the same op-
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tion after getting matching feedback for the same condition in the previous
trial. p(Switchyi1|lose;) is the probability of .Switching given a mismatch
between response and feedback in the previous trial. This is a heuristic way
of looking at the learning(Worthy et al.;2013), and several studies(Mellers
et al.;19993Johnson and Tversky||1983;Sokol-Hessner et al.;2013) had been
shown that the negative valence would induce more conservative decision
making strategies, in which case behavior such as win-stay would be a po-
tential means to explain the bias that we are observing.

Mathematically, the probability of staying with the same choice after
getting a win in the previous trial is given by:

p(staye1 N wing)
p(wing)

(2.20)

p(stayia|wing) =

If the events are independent, that is, if the probability of staying with the
same option is independent of that of the probability of a win in the previous
trial, the expression can be written as:

p(stay41 Nwing) = p(stayey1) - p(wing) (2.21)

Then the conditional probability would become:

p(staye1 Nwing) _ p(staye1) - pwing)
p(winy) p(winy)

= p(stayis1)
(2.22)

p(stay1|wing) =

If we divide by the probability of staying with the same option, we will get,
let’s call this, the “win-stay factor” and denote it as W'S.

p(stayeyr|wing) _ p(staye1 Nwing)
p(StayH-l) p(wmt) 'p(Stayt+1)

WS = (2.23)

This factor can have values in two possible regions, and it will be precisely
one if the events are independent. Possibilities are as follows:

e If staying is preferred more after a win(maybe we can call this as an
exploitation strategy), more number of staying with the same option
will occur after the win:

p(staye 1 Nwinyg)

, =WSs5>1
p(wmt) 'p(Stayt—l—l)
(2.24)

p(stay,1Nwing) > p(wing)-p(stay,1) =
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o If staying is less preferred after a win:

p(staye Nwinyg)

t Nwing) < i )-p(st == =WS<1
plstayefwing < plwing plstayen) = 2ot etage)
(2.25)
e If the events are independent:
t N wi
p(staye1Nwing) = p(wing)-p(staye.1) = p(s. aye+1 O wing) =Ws=1
p(wing) - p(staysi1)
(2.26)

Our conditions are based on what the symbols are associated with, whether
pleasant or unpleasant. Let’s now consider WS as a function of condition c;
by estimating the probabilities separately in each condition, the probability
of staying given win in the previous trial and given condition is given by

_ p(stay|wing, ¢)  p(staye N (wingNe))  p((staye Ne) N (wing Nc))

WS(c) = = =
(© p(stayii1,c) p(staye1 Ne) - p(wing N c) p(smytﬂ(ﬂ C)) p(wing N c)
2.27

Now we can define a plane whose axes are W.S(cy) or W.S(positive) and
WS(c2) or WS(negative)(see Figure [2.3). If the condition has no effect, we
are likely to see all subject’s values distributed along the diagonal if there
is no bias in one condition compared to the other. The plane would tell us
about the relative exploitatory behavior of the participants.

But, this variable can range from zero to some powers of 10, which we
can approximate to a normal distribution, or zero centered distribution, by
applying log, which results in a new plane(see Figure .

LWS(c) = log(WS(c)) (2.28)

If we are applying a 45-degree rotation in the clockwise direction, then the
y-axis would represent the bias, and x would suggest learning or adaptation.
For this, we need a transformation matrix, which is given by
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WS (negative)

WS (positive)

Figure 2.3: Pictorial representation of the WS(positive)- WS (negative) plane. Here, in-
dividual WS being greater than one denotes the probability of staying getting enhanced
after a win. The dotted vertical line represents the point where the value of WS(positive)
will become equal to one, where the events are independent. On the right side of it, the
win would enhance the probability of staying after a win in positive condition would get
enhanced, and on the left side, it will be the other way around. The dotted horizontal line
denotes the point where the event of staying with the same choice in the subsequent trial
is independent of the event of getting a win in the current trial in a negative condition.
Above that, the probability of staying with the same choice given a win in the previous
trial is enhanced, and below that horizontal like, it is the other way around. The white
dot, having coordinate-(1,1), denotes an "indifference” point in this coordinate, where all
stay events and win events are independent and equal between the two conditions. On the
diagonal line, only the effect of a win on the decision to stay with the same choice would
be varied without any bias. The red line denotes a perpendicular displacement from the
diagonal line above it, which shows a megative bias as it would increase the effect of the
win on the decision to stay in the negative condition while decreasing that in the positive.
The green arrow shows the opposite effect
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log WS (negative)

\ log WS (positive)

Figure 2.4: Pictorial representation of the log W S(positive)-log W S(negative) plane.
Here, the origin denotes the point where, on each condition(positive and negative), the
event of staying with the same choice in the next trial is independent of getting a
win(correct) in the current trial. On the x-axis, as we go from left to right, the win
in a trial would enhance the decision to stay with the same choice in a positive condition.
The same is true when we go from bottom to top in the y-axis in the case of a negative
condition. A shift along the red arrow would suggest an increase in the enhancement a
win has on the probability of staying with the same choice in the next trial in a nega-
tive comparison compared to a positive one, hence showing a negative bias. On the other
hand, if there is a shift along the green arrow, it shows that there is a bias in the opposite
direction(positive bias)
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_ [(cos(f) —sin(0)
Ir= (sin(@) cos(0) ) (2:29)

When the rotation is by 45 degrees clockwise, the values would be

1 =1
Tr = (VF @) (2.30)

V2 V2

Now, the transformed coordinates would be given by a cross product, after
multiplying with square root of 2
) (2.31)

(LW Sy, LW Sy) = (LWS(cy) + LWS(ca), LW S(co) — LWS(c1))  (2.32)

Sl
Sl

2

@W@huﬁ&%:@WG@mLW€@gyx§§(

In this new coordinate(see Figure , the first coordinate tells us the impact
of a win on their stay probability, regardless of the condition. If the value
is zero, even if getting a match in the previous trial has nothing to do with
the probability of staying with the same option in the current trial. If it is
less than zero, getting a match has a detrimental effect on the probability of
staying, and if it’s positive, it promotes the probability of staying. We can
consider this property, given that it is the geometric mean of the two vari-
ables. The second coordinate tells us about the bias. If it is zero, there is no
bias towards either condition regarding staying, given that the previous trial
had matching feedback. But, if it’s higher than zero, that means the par-
ticipant had a higher probability of sticking to the same option in condition
ca(negative) compared to cq(positive). Using this 2D planar depiction, we
can better explain the behavior. This is because what the second coordinate
is giving us is the log of ratios between two factors, when it is greater than
one and its log is greater than zero implies one factor is higher than that of
the other.

Now we need to show the rationale for calling the new axes as learning
or adaptation and bias learning and bias. Let’s consider the first coordinate:

LWS(c1) + LW S(cy)

5 = log(\/WS(cl)‘\/WS(cg)) = log(\/WS(Cl) -WS(cz))

(2.33)
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W S(negative)

1
2 lOg W S (positive)

negative

- Bias =0 log /W S(positive) - WS (negative)

Figure 2.5: Pictorial representation of the rotated log W S(positive)-log W S(negative)
plane, by 45 degrees. Here, the origin denotes the point where, on each condition(positive
and negative), the event of staying with the same choice in the next trial is independent of
getting a win(correct) in the current trial. On the x-axis, as we go from left to right, the
win in a trial would enhance the decision to stay with the same choice across conditions
as it is the log of the geometric means of WS(positive) and WS(negative). But, along
the y-axis, if we go from bottom to top, the ratio between WS(negative) and WS(positive)
increases, and it becomes one at the origin, meaning that the behavior is the same between
the two conditions. Below the x-axis is the region showing positive bias, and above the
x-azis is the region showing negative bias.
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Which is log of geometric mean across conditions. And the second coordinate:

LWS(ca) = LWS(cr) _ log WS(ea) llog(WS(CQ)
WS(Cl)

2 WS(Cl) 2

) (2.34)

The same was repeated for the lose-switch behavior, but we used the proba-
bility of switching there, given a loss in the previous trial. Thus, we expect
this new coordinate system to capture the bias at the population level when
individuals are represented in the new coordinates.
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Chapter 3

Materials and methods

We used a modified version of a standard cue association learning task(Frank
et al2004) to investigate the role of outcome valence on learning. In this
paradigm, the participants were required to learn the association of two
Japanese alphabets with either a positive or negative valence in a session. In
each trial, a given Japanese alphabet was presented along with two symbols
or shapes: a square & a triangle indicating a positive & a negative outcome,
respectively. Participants had to choose between the two shapes to indicate
which valence is a particular Japanese alphabet likely to be associated with.
Feedback was presented at the end of the trial in the form of a positively or
negatively rated image correctly associated with the corresponding Japanese
alphabet. Participants were asked to choose the target (square for pleasant
and triangle for unpleasant or square for square and triangle for triangle that
is most likely to be associated with that particular Japanese character). Se-
lection of images for being used as feedback was done via a standardization
procedure as described later.

3.1 Participants

We collected data from 36 participants (age = 22.89 + 0.650), 26 males, 7 fe-
males) on the first learning task, based on the power analysis described below.
All participants were students in the Indian Institute of Technology Kanpur,
and gave their informed consent in accordance with the Institutional Ethics
Committee of IIT Kanpur and Declaration of Helsinki(Goodyear et al.;2007)).
Participants were monetarily compensated for their participation in the study.
For the 80% correct feedback blocks, data were collected from 30 participants(
20.93 £ 0.398), 18 males, 12 females).
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3.2 Standardizing The Stimuli

The primary criteria for the images to be selected as feedback stimuli was
that they should be matched for arousal, as well as be equidistant from the
neutral point on the valence axis to ensure that both positive and negative
valence are compared when presented at equal strength . To get standardized
rating data of non-social, emotional images, we first picked 60 numbers of
arousal matched images with no human body parts in them, from the follow-
ing emotional picture datasets: IAPS(Lang et al[j]1997a), DIRTI(Haberkamp
et al.;2017), OASIS(Kurdi et al.2017). Rating data was collected for each
image on three dimensions: valence, arousal and motivation using a 9 point
Likert scale where 1 and 9 corresponded most unpleasant /least arousing/least
motivating and most pleasant/most arousing/most motivating respectively.
Images were presented on the screen with a black background with size
400 x 500 pixels for four seconds while participants were asked to look at
it. After that it was presented with a size of 240 x 300 pixels with the rat-
ing scales below it, in black background. Responses were collected online
using cognition run platform (https://www.cognition.run/)) and jsPsych
version 6.3.1(https://www.jspsych.org/6.3/) from a sample of 50 partic-
ipants (recommended for high rating reliability; |DeBruine and Jones||2018)).

Data was analyzed with and without including raters whose responses in
the PHQ-9(Kroenke and Spitzer,2002) and GAD-7(Williams,2014) question-
naires fell in the severe or moderately severe anxiety or depression categories
(specifically those scoring >11 in either scale were removed, where we had
to remove 33 participants out of 83, and remaining analysis was done on
50 participants), since individuals with anxiety and depression have been re-
ported to differ in their rating of emotional stimuli(Gray et al.,2021). Finally,
six images were shortlisted (three from each valence category) matching for
mean arousal values (5.4714) and distance from neutral on the valence axis
of the mean valence ratings (mean for pleasant images: 7.5143, mean for un-
pleasant images: 2.5143). In the remaining sample of raters (32 were male,
and (64.0%)(binomial test for equal proportion, p value =0.0649), age (mean
+ std) = 22 £3.7 yrs) Exact instructions for respective ratings are as follows:

Valence Rating: "You will be asked to rate how each picture
makes you feel on a scale from unpleasant to pleasant (bad to
good). If you feel completely unpleasant (bad) while viewing the
picture, please click the left end of the scale. If you feel completely
pleasant (good) while viewing the picture, please click the right
end of the scale. If you feel completely neutral while viewing the
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picture, you will be required to select neutral on scale which is 5.
You are rating how you feel in reaction to the pictures. The slider
also allows you to indicate intermediate feelings of the strength of
your urge to avoid (move away from) or approach (move towards),
by choosing an intermediate value.”

Arousal Rating: "You will be asked to rate how each picture
makes you feel on a scale from calm to aroused. If you feel com-
pletely calm (sleepy, relazed, soothed) while viewing the picture,
please select the left end of the scale. If you feel completely aroused
(awake, excited, agitated, jittery) while viewing the picture, please
select the right end of the scale. You are rating how you feel in
reaction to the pictures. The slider also allows you to indicate
intermediate feelings of the strength of your urge to avoid (move
away from) or approach (move towards), by choosing an interme-
diate value.”

Motivation Rating: "You will be rating the strength of your
urge to avoid (move away from) or approach (move towards) each
picture on a scale from avoid to approach. If you feel that the
strength of your urge to avoid (move away from) is strong while
viewing the picture, please select values at the left end of the scale.
If you feel that the strength of your urge to approach (move to-
wards) is strong while viewing the picture, please select values at
the right end of the scale. If you feel absolutely no urge to avoid
or approach the picture, then please select neutral on the scale by
clicking at 5: The slider also allows you to indicate intermediate
feelings of the strength of your urge to avoid (move away from)
or approach (move towards), by choosing an intermediate value.
You are rating how you feel in reaction to the pictures.”

3.3 Reinforcement Learning Task

The experimental task was designed in NIMH MonkeyLogic(https://monkeylogic.
nimh.nih.gov/). Participant were seated at a distance of 73cm from a 52inch
LCD monitor, and used a chin rest for keeping their face steady throughout
the task. Eye positions were calibrated using a five point calibration routine
and recorded during the task using an infrared camera from SR Research
Eyelink 1000 Plus(https://www.sr-research.com/eyelink-1000-plus/).
Bioplux EDA sensors were attached to the tip of index and middle fingers
of the non-dominant hand (https://www.pluxbiosignals.com/products/
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Figure 3.2: Diagram of the reinforcement learning task- symbolic feedback block
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Figure 3.3: Diagram of the reinforcement learning task- positive feedback block
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electrodermal-activity-eda-sensor-1) to acquire galvanic skin response(GSR)
data wirelessly using Bluetooth 4.0 technology while data was streamed
through Lab Streaming Layer(LSL, https://labstreaminglayer.org/#/)

to the MonkeyLogic. Participants were then asked to rate the six images

used in the experiment on three dimensions: valence, arousal and motivation

as described above for stimuli standardization.

Before each learning block, participants were provided with a practise
block, which was intended to provide better understanding about performing
the task and was terminated only when the participant reported that they are
confident to proceed with the task, on average, they took 20 trials in practise,
however more trials were given if they are not clear about the paradigm.

In each block, each trial started with a fixation circle, which would be
blinking, and the participant is required to look at it >=300ms for beginning
the task, and two targets (triangle and square) appeared after. Upon fixa-
tion, fixation circle was presented for 500ms, and then the Japanese alphabet
was shown. Participants were required to respond as soon as possible. Trials
with responses later than 5000ms 4+ 250ms were aborted. Experiment con-
sisted of a conditions file in which 20 items were listed. Items 1-7 and 11-17
were provided with the correct feedback type and for items 7-10 and 17-20
incorrect feedback was provided by inverting the feedback. These items were
provided randomly without repitition This ensured that an equal number of
both trial types were presented. only attempted trials were counted, upon an
incomplete attempt the trial was repeated at a delayed time point to avoid
same symbol being repeated consecutively , in which case the participant
could potentially use that time to make decisions. There was an intertrial
interval of 2000ms with 5% jitter. Experiment terminated upon completing
100 trials for each participant which lasted around for 17mins per block.

In the first block [called as the symbolic block or SYM block|, the out-
comes or feedback image was that of the square or triangle, which were
luminosity matched and the participants were asked to predict whether the
Japanese alphabet was associated with a square or a triangle. In the MIXED
VALENCE block [VALJ, the outcome was any of the six shortlisted valenced
images presented equally randomly in a block. To assess the impact of pleas-
ant and unpleasant outcomes independently, In third and fourth blocks, the
outcome was either square/pleasant image or unpleasant image/triangle. The
symbols were intended to serve the role of a ‘no valenced’ feedback. To test
if the task is inducing an affective response, we collected responses on the
PANAS(positive and negative affect schedule)(Watson et al/1988]) question-
naire after the 3rd and 4th blocks. And there was a break of 7-10mins
between blocks. Each block is also divided into 20 trial bins for analysis.

Pain Belief questionnaire(Edwards et al.;1992), pain sensitivity question-
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naire(Ruscheweyh et al.;2009), Disgust sensitivity scale(Olatunji et al.[l2007;van
Overveld et al.)2011)), Beck’s Depression Inventory(Beck et al|1961;Beck

et alj1988;Hojat et al.;19865Steer et al[2000), State and Trait Anxiety In-
ventory (Spielberger et al./1971;Spielberger et al.J1983) questions, and Pain
Catastrophizing Scale (PCS)(McNeil and Rainwater/1998;0sman et al.|1997 Sullivan
et all2001)) were implemented for each participant after the task.

3.4 Experiment 2

Experiment 2 was of the same as experiment 1, except that the probability of
receiving accurate feedback at the end of the trial was changed from 70% to
80%. This consisted of only first two blocks and was a single session exper-
iment. This experiment was done on an independent set of 30 participants
mainly to compare between the block 1 and 2.

3.5 Behavioural Pilot

We collected pilot data for valenced feedback blocks for 70-30 probability
condition and 80-20 probability condition. Pilot sample was relatively small,
N=10 (5 in 70-30 and 5 in 80-20, and these participants were not included
in the study). However, it was found that there exist a difference between
70% correct feedback and 80% correct feedback in terms of parameter z(prior
bias) of the RL-DDM model(see section for detailed explanation of the
model), but, not in terms of learning rate. And no other parameters shown
a credible difference. Overall bias towards the correct association was higher
in 80% correct outcome blocks, compared to 70% correct outcome blocks as
expected.

Model has a heirarchial structure for extimating the group level and in-
dividual level parameter distributions(see section for details). Based
on this, we used the group level posterior distributions of the best model to
simulate the data sets, with different numbers of subjects. We drew samples
from the group level distributions and constructed individual level distribu-
tions as explained in section [2.1.1] resulting in a varying number of subjects.
Repeated this procedure for N number of subjects 30 times and found the
correlation between simulated and recovered parameters. We found that for
N=30 and above all correlations were above r=0.75(p<0.001),. Hence we
decided to collect N=40, in anticipation of some exclusions.

29



3.6 Data Analysis

3.6.1 Exclusion Criteria For RL experiments

We excluded participants if they are either having too few incorrect responses,
or if they are choosing the same options regardless of the true underlying
probability(ie, choosing pleasant/ unpleasant always) or if they are consis-
tently responding within 200ms for a majority of trials.

3.6.2 Determining the number of bins for analysis of the
RL task data

From the five blocks we estimated a performance threshold threshold(fraction
of responses, which are showing the true association) such that it won’t re-
sult in too few bins of trials, in which case participants would be able to
cross that by chance or won’t result in participants talking up almost the
entire learning block for a majority of the trials, which is also less than the
proportion of correct feedback given. Thus for 70% correct feedback blocks,
we set 65% as the threshold at the bin level(data till first bin of 20 tri-
als that reaches this threshold will be taken separately for each participant),
and for 80% correct feedback blocks, we set 75% as the threshold at bin level.

3.6.3 Simulation Based Sample Size Calculation

Main idea behind the power analysis was to get a number of participants
to reliably get the separation in parameter estimates.To capture the true
parameters underlying the behavior to explain negativity bias, we used the
pilot data from the MIXED or VAL block of the 70-30 RL task (n= 5 indi-
viduals) to simulate 30 datasets of varying sample sizes and tested how the
number of participants improved the correlation between actual parameters
used to simulate the data and the recovered parameters. We relied on the
hierarchical structure of RL-DDM to do this(see Figure and section ,
for more details).

We used the group level posterior distributions of the best model to simu-
late the data sets, with different numbers of subjects. We drew samples from
the group level distributions and constructed individual level distributions as
above resulting in a varying number of subjects. Repeated this procedure for
N number of subjects 30 times and found the correlation between simulated
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and recovered parameters. We found that for N=30 and above all correla-
tions were above r=0.75(p<<0.001),. Hence we decided to collect N=40, in
anticipation of some exclusions.

3.6.4 Response Time Analysis

We analyzed how response time after a win and after a loss changes depending
on condition, block and type of feedback. This is to see whether any is getting
reflected in the response time. As RT follows an ex-Gaussian distribution, we
log transformed it before applying any linear models. Our attempt to analyse
RT is mainly motivated by previous studies. In some of the previous stud-
ies, such reliable differences were reported for diffence in valence(Simpson
et al)2000;Estes and Verges2008:Fox et al.,2001;Algom et al.|2004). Hence
we are expecting the negative valence to increase the response time given
our task context. We implemented a forward selection method for select-
ing potential variables that would explain the data using Akaike Information
Criteria(AIC)(Akaike1974;Wagenmakers and Farrell)2004;Konishi and Kita-
gawall2008)), for explaining the effects. A decrease in the AIC score would
suggest that the model is improving in the forward modeling scheme. For-
ward modeling was implemented to explain the effect using the best model,
as otherwise, when including all factors, without searching for a potential
best model, would inflate the standard error(refer Gelman and Hill,2006,
chapters: 3, 10, 12) for coeflicients, which would reduce the effects, if any is
present in the data. Thus, it is important to explain the effects using the
best model.

3.6.5 Win-Stay and Lose-Switch behaviour analysis us-
ing GLMs

We fitted separate models for win-stay and lose switch behaviour. In the
case of the win-stay model, we selected trials for which the previous trial
was a win and then coded the response as 1 if they are deciding to stay and
zero otherwise. Negative valence is shown to promote more conservative de-
cision making strategies(Mellers et al.;19993Johnson and Tversky,1983;Sokol-
Hessner et al.|2013), and win-stay behaviour could be one such measure, that
can potentially quantify the bias. For this, we implemented a forward selec-
tion method for selecting potential variables that would explain the data
using Akaike Information Criteria(AIC). Factors included in this modeling
scheme are condition(whether the Japanese symbol is associated with positive
or negative outcome), type for feedback block(whether it is a mixed(“VAL”),
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positive(“POS”), negative(“NEG”) or symbolic(“SYM"-control) ), bin number
of trials(which also represent time in a session).

For lose-switch behaviour, the way in which the response was coded was
the only difference. We picked trials after a lose and coded the response as
1 if they decided to switch and as 0 otherwise. Model was fitted using lme4
package in R(Bates et al.;2015)).

3.6.6 Quantifying Bias in the New Coordinate System

Our attempt was to show the existence of bias using the new coordinate
system we defined(see Section: We were attempting to compare different
types of feedback loops against the symbolic block, which is the control. We
are interested in seeing whether the means at the population level are showing
a bias. For this we implemented a bootstrapping method to assess the bias.
Our null hypothesis was that, there is no negative bias, meaning that the
bias can either be zero or positive. In terms of the bias dimension that we
defined, the null hypothesis can be stated as follows:

e Hj: there is no negative bias, difference between means for mixed block
and control(symbolic) block would be either less than or equal to zero

e H,: there is a negative bias, the difference between means would be
greater than zero.

For testing this, we sampled the individual coordinates computed from the
behavioural data, 1000 times with replacement, and computed the difference
between means(between VAL block and SYM block). This created a distri-
bution of such differences, and we checked how often it would be less than
or equal to zero, in support of the null hypothesis. If this probability is less
than the significance level of 0.05, we will reject the null hypothesis, and
would consider that there is a bias that is observable from the sample. Same
is repeated for negative and positive feedback blocks. And was also repeated
for adaptation/learning variables from the new coordinate system.

3.6.7 RL-DDM analysis

We tried to fit RL-DDM(Pedersen et al.;2017)) to the behavioural data, and
tried to see in what all parameters, we need to fit it separately for positive
and negative conditions, in a forward modeling scheme using Deviance Infor-
mation Criteria(DIC)(David et al[2002;Gelman et al.;1995, Ch: 7, 12, 14),
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using data from the mixed block. We found that when fitting parameters
separately for scaling factor(m), prior bias(z), and learning rate(a) of the
RL-DDM model, the best possible model is obtained. Model was fitted sep-
arately for each type of feedback block and then within each of those models
the parameters are compared, using the posterior distribution. The hull and
alternate hypothesis are stated below.

e Hy: There is no negative bias in terms of the parameter, p(negative <
positive) is the probability in support of this null hypothesis.

e H,: There is a negative bias in terms of the parameter, p(negative <
positive) < o', where o is the alpha corrected for multiple comparisons(a' =
a/4,c0 = 0.05 , based on Bonferroni correction(Hochberg)/1988))

And if this null hypothesis is getting rejected for any of the parameters, that
suggests, the parameter is capturing the bias observed. Importantly, we are
not expecting the null hypothesis to get rejected in the case of learning rate
based on previous studies(see Appendix section[6.3]for details of model fitting
and evaluation).

3.6.8 Checking Explainability of behaviour using trait

We are also interested in the explainability of shift in prior bias variable
using the traits. This is because, we are not expecting the bias to be a
phenomenon, which is present at the individual level, but, we are expecting
it at the population level. Hence, we are expecting the traits to explain it.
Hence, our first attempt was to fit an RL-DDM regression model, separately
for each individual, where the prior bias(z) is regressed against conditions,
which are category coded as 1 for negative and zero for positive. And the
mean of posterior distributions of coefficient from each individual model is
regressed against their standardized trait scores, after running a forward
modeling scheme to see the best model that would explain the data.

Initially we tried to see how each individuals across dimensions of the new
coordinates(see section [2.2)) defined would be explained using their trait. This
would help us to make more ecologically valid claims about such behavioral
biases. Here also we implemented a forward modeling scheme to explain the
effects using the best model.

3.6.9 Effect of uncertainty

We repeated the same set of analysis, but this time only using mixed(“VAL”)
and symbolic(“SYM"-control) blocks of 70%and 80% correct feedback blocks.
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The uncertainty was category coded using the percentage of incorrect trials(
ie, as "prob — incorr[20p|" for 80% correct feedback blocks and "prob —
incorr[30p]" for 70% correct feedback blocks). In RT analysis and win-stay
and lose-switch behaviour analysis, this extra variable(iprob — incorry) was
included in the forward model selection scheme.

For quantifying bias in the new coordinate system, the same procedure is
repeated, but, this time between the mixed and control block of 70% correct
feedback blocks and 80% correct feedback blocks, to see whether the differ-
ence is varying in the later. For the RL-DDM model also we mainly compared
between the mixed blocks of 70% and 80% correct feedback blocks(here al-
pha correction is applied by dividing alpha by 2, as the data sets for different
uncertainty conditions are independent). For the trait level analysis we were
interested in how the probability is interacting with the trait-behaviour rela-
tionship. To quantify this, we repeated the same forward modelling scheme,
this time, included variable coding for different uncertainty. In this we
checked how the relation between the new coordinates defined and traits
would vary with uncertainty.
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Chapter 4

Results

4.1 Response Time Analysis

To examine the behavioural responses to valenced feedback we first looked at
reaction times across the four block types which differed in the way valence
was introduced as part of the performance feedback: mixed valence, posi-
tive valence, negative valence or no valence block. In previous work, tasks
where valence information was not relevant for optimal performance, suc-
cessful trials have been associated with slower response times in negative vs.
positive valence condition,(Simpson et al[2000;Estes and Verges,2008;Fox
et al2001;Algom et al.;2004). We ran a generalized linear mixed model
through the forward model selection procedure using AIC as a criterion.
The following factors were considered for the selection of the best model:
type of feedback block (mixed, positive, negative or no valence/ symbolic),
trial condition (pleasant or unpleasant probable outcome, depending on type
of feedback block), temporal bin number in the session. Based on past liter-
ature, we expected to see a valence based modulation in reaction times such
that RTs will be longer following a negative vs. positive valence feedback. In
our task, a similar effect could be expected as a valence is associated with
each feedback condition, resulting in a negative valenced in one condition on
average over the other. In the case of negative and positive blocks, this is
also true at the block level.

We found the best model to include the type of block and temporal bin
in the session as factors(The best model was having the form rt ~ 1+ bin +
type + (1|subj;dx),see table |4.1| for details) suggesting that there is overall no
difference in RT based on unpleasant vs. pleasant outcome condition. The
temporal bins showed a negative relation with RT (5= -0.08 , p <0.001), such
that as the session progressed, responses became overall faster regardless of
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Best GLM for RT in 70% correct feedback blocks
Predictors Estimate(8) | CI p
(Intercept) 0.02 -0.07 - 0.11 0.631
bin -0.08 -0.09 - -0.06 | <0.001
type|NEG] 0.14 0.10 — 0.18 <0.001
type [POS] -0.06 -0.10 — -0.02 | 0.005
type [VAL] 0.00 -0.03 - 0.03 0.945
Random Ef-
fects
o? 0.20
T00subj;dx 0.12
ICC 0.37
Nsubjidx 30
Observations || 6324
Marginal R? || 0.030 / 0.387
/Conditional
R2

Table 4.1: Table showing results from the best model selected for response time data.
Significant effects are shown in BOLD

which block we looked into. However, when we compare the coefficients
for each block with respect to the symbol block, we found that the negative
valence block showed an overall significant increase in response time (3=0.14,
p <0.001), when compared to the no valence or symbolic block. This trend
was reversed for the block with only positive valence (5= -0.06, p =0.005).
Interestingly, the mixed or valence block showed no overall influence on RTs
(8= 0.0, p =0.945) which might be because of the individual positive and
negative trials’ effect on RT got averaged out in the mixed valence block
making it similar to that of the control block.

In experiment 2, we manipulated the expected level of uncertainty in the
task by introducing a 80% probability of participants receiving correct feed-
back. To check whether expected uncertainty had an effect on reaction times
across the four types of feedback blocks , we again used a generalized linear
mixed effects model, this time with the level of uncertainty as additional
factor for the forward selection approach to select the best model using AIC
as the selection criterion. In this new best model, only the temporal bin in
the session got selected as a factor which also showed a significant effect on
RT such that, as before, RTs decreased as the session proceeded consistent
with the idea of learning. Overall, this result (Table suggests that in-
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Best GLM for RT data in Uncertainty Comparison
Predictors Estimate(8) | CI p
(Intercept) 0.03 -0.06 — 0.12 0.540
bin -0.06 -0.08 - -0.05 | <0.001
Random Ef-
fects
o’ 0.19
To0subj;dx 0.13
ICC 0.40
Nsubjida: 57
Observations || 4504
Marginal R? || 0.012 / 0.403
/Conditional
R2

Table 4.2: Table showing results from the best model selected for response time data,
across different type of percentage correct feedback blocks, for "VAL"(mized valence) and
"SYM?" (symbolic) feedback blocks. Significant effects are shown in BOLD

cluding the level of uncertainty as a factor in the regression analysis did not
account for any RT differences implying that uncertainty did not play a role
in valence based differences in reaction times.

4.2 Response strategy Analysis: Win-Stay and
Lose-Switch Behaviour

In addition to slowing response times, negative valence has been shown to
promote more conservative decision-making strategies(Mellers et al.;1999;Johnson
and Tversky,1983;Sokol-Hessner et al.,2013), including staying with the same
choice that resulted in a win previously (i.e. win/stay behavior). Though a
trend of enhanced switching following an incorrect choice especially in a trial
with negative vs. positive outcome could also be expected, it has not been
commonly reported in the literature to the best of our knowledge. Hence, we
first examined if the win-stay probability was significantly more in a negative
vs. positive valence trial in the mixed valence block. To test this, we again
ran a generalized linear mixed model through the forward model selection
procedure using AIC as a criterion. The following factors were considered for
the selection of the best model to separately explain the win-stay and lose-
switch choice probabilities: type of feedback block (mixed, positive, negative
or no valence/ symbolic), trial condition (pleasant or unpleasant outcome),
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Best GLM model for Win-Stay behaviour(70% correct feedback blocks)
Predictors Estimate(8) | SE p
(Intercept) L77777 0.18592 <0.001
condition [G] || -0.60883 0.10675 <0.001
bin -0.03338 0.09497 0.725
type[NEG] || 0.41361 0.16410 00.012
type[POS] 0.10529 0.16362 0.520
type[VAL] 0.01407 0.14917 0.925
bin x || -0.12012 0.16259 0.460
type|[NEG]

bin x || -0.05518 0.14114 0.696
type[POS]

bin x || -0.02399 0.13581 0.860
type|VAL]

Random Ef-

fects

o’ 3.29

To0subj;dx 0.52

ICC 0.14

Nsubjidm 30

Observations || 2236

Marginal R? || 0.033 / 0.166

/Conditional

R2

Table 4.3: Table showing results from the best model selected for win-stay behaviour,
across different type of 70% correct feedback blocks. Significant effects are shown in BOLD

temporal bin or block no. in a session. Consistent with the longer RTs in the
negative valence block observed in the above analysis, we found trial condi-
tion to have a significant effect on the win-stay probability (regardless of the
type of block) such that participants stayed with the same choice after a cor-
rect response significantly less in case of a pleasant vs. unpleasant outcome
trial (= -0.609, p<0.001). Likewise, when compared to the no valence or
positive block, negative block had a significant main effect on win-stay be-
haviour (5= 0.414, p<0.012) suggesting that the tendency to stay after a win
was more overall in the negative valence block than in the control block(Table
. We repeated the same procedure for lose-switch behaviour, but, found
no significant interaction or main effect (Table [£.4). Overall, these results
point towards the modulatory effect of negative valence feedback on the win
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stay behavior such that participants tended to choose a conservative strategy
following an unpleasant vs. pleasant image presented as part of feedback.

To examine the effect of expected uncertainty on win-stay and lose-switch
behavior, we next compared the data from 70% vs. 80% correct feedback
sessions for the mixed and control blocks. We found an overall significant
main effect of unpleasant vs. pleasant outcome condition (5 -0.643, p <
0.001) as well as mixed vs. no valence block (5=-0.364, p=0.010) on win-
stay behavior regardless of the level of uncertainty suggesting higher win-
stay choice for unpleasant vs. pleasant outcome valence in the mixed valence
block. However, a significant interaction effect between the type of block and
level of uncertainty (5=-0.436, p=0.038) suggests that win-stay bias towards
the unpleasant vs. pleasant outcomes in the mixed valence block increased
with higher uncertainty(Table

In the best model for lose-switch behaviour, however, we did not find any
effect of expected uncertainty. Only the main effect of the type of block was
significant (5= 0.2, p=0.046) suggesting higher switching behavior following
an incorrect response in the unpleasant vs. pleasant outcome trial in the
mixed vs. no valence block. (Table

4.3 Normalized measure for quantifying bias in
response strategy

Distribution of Individuals on Adaptation/Learning-Bias plane
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Figure 4.1: Figure showing individual distributed in the learning/adaptation-bias plane
defined in section. Each dot represent an mdividual

To get at a normalized index of an individual’s choice strategy and learn-
ing performance, we used conditional probability to derive at two indepen-
dent measures that quantify 1) bias in opting for a previously chosen option
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(or the alternative option) after a correct (or incorrect) trial of the same type
(unpleasant vs. pleasant outcome valence) and 2) average adaptive response
across each session, . As described in the Methods section, the bias in win-
stay policy was quantified as the log of the ratio between win-stay choice
factor (WS, a term derived by dividing the conditional probability of staying
and winning with the probability of staying, see equation in unpleasant
and pleasant outcome conditions. Hence, if the ratio is greater than one it is
suggestive of the probability of staying after a win being higher in unpleas-
ant outcome condition than that in the pleasant outcome condition, and the
log of this ratio would be a positive value. On the other hand, if the ratio
between win-stay choice factors in unpleasant and pleasant outcome condi-
tions is less than one, it is indicative of the probability of staying after a
win being higher in the pleasant outcome condition than that in the unpleas-
ant outcome condition and the log of this ratio would be a negative value.
We averaged values of bias across individuals (Figure showing bias for
win-stay across individuals plotted against their respective average adaptive
response values, estimated as the log of geometric mean of WS across the
two trial conditions) in a sample to derive a population estimate which for
each experimental block of interest was then compared against the no va-
lence control block. To quantify the effect, we bootstrapped the differences
between means sampled for the same set of individuals (repeated 1000 times
to construct the distribution) which was then compared against zero, with
the null hypothesis of no win stay bias for the unpleasant vs. pleasant out-
come condition. A bootstrap distribution of greater that zero for > 95% of
the time indicates a significant difference. Figure plots the the bootstrap
distribution of difference between means for bias in win-stay behaviour. We
found a significant bias in case of mixed valence block compared to symbolic
feedback block. This was not true for any other experimental blocks sugges-
tive of a win-stay bias emerging in a context when the valenced outcomes of
equal strength are presented with equal frequency. Even though an effect of
valenced outcome was observed on RT and win-stay choice behavior in the
separate valence blocks suggestive of the modulatory role of outcome valence
on behavior, a bias in win-stay policy for negative vs. positive outcome va-
lence using the new normalized measure could be seen only in the mixed vs.
no valence block. We attribute this to the use of conditional probabilities in
deriving the new bias measure which (unlike GLM) does not rely on any un-
derlying assumptions (e.g. independence between events in sequential trials)
and therefore is likely more sensitive to strategic biases in choices occurring
over trials. We also compared the average adaptive response measure across
blocks but did not find any differences when comparing to symbolic feedback

block for any other feedback block(Figure [4.3)).
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Figure 4.2: Bootstrap distribution of the difference between the mean of bias for
different types of feedback blocks against control block(SYM). For each block, individ-
ual data points were simultaneously sampled from the control block and corresponding
blocks(VAL/POS/NEG) with replacement. The mean value of bias was then computed
for them, and calculated the difference between the means for each type of block separately.
This procedure was repeated 1000 times to construct the bootstrap distribution. In this
distribution, in the case of mized valence outcome("VAL")(blue), the difference between
was less than or equal to zero, only for < 0.05 fraction of the total bootstrap samples, thus
leaving a very little evidence in support of the null hypothesis, which leads to a rejection
of the null hypothesis. "*" denote significance, and "ns" indicate non-significant results.

While comparing bias in win stay policy across the two levels of uncer-
tainty, we found that the high bias that was observed in 70% correct feedback
blocks almost vanished in 80% correct feedback block, in line with our hy-
pothesis that the uncertainty had a significant modulatory effect on response
bias towards unpleasant vs. pleasant outcome condition and tends to amplify

it(Figure [4.4)).

In case of lose switch behaviour, we found a significant effect of uncer-
tainty on the normalized adaptive learning measure: compared to the no
valence control block, there was an overall decrease in average learning in

the more certain 80% correct feedback mixed block(Figure .
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Figure 4.3: Bootstrap distribution of the difference between the mean of adaptation/learn-
ing for different types of feedback blocks against control block(SYM). For each block, indi-
vidual data points were simultaneously sampled from the control block and corresponding
blocks(VAL/POS/NEG) with replacement. The mean value of bias was then computed for
them, and calculated the difference between the means for each type of block separately.
This procedure was repeated 1000 times to construct the bootstrap distribution. In this
distribution, in the case of all kinds of feedback blocks, the mean difference was less than
or equal to zero for < 0.05 fraction of the total bootstrap samples, thus leaving evidence
in support of the null hypothesis, Thus failing to reject the null hypothesis. "*" denote
significance, and "ns" indicate non-significant results.

4.4 RL-DDM results

Next, we modeled the decision-making process using the RL-DDM approach
to understand if, and how, compared to the control, no valence block, the
model parameters are modulated by pleasant vs. unpleasant outcome valence
across the experimental blocks. For this, we first used the forward model-
ing approach to derive at the best model by independently estimating the
model parameters separately for each of the conditions (negative and pos-
itive valenced conditions) and evaluating the improvement in model using
Deviance information Criteria (DIC), which is typically used for evaluating
performance of models, mostly in Bayesian statistics. The best model was
the one having parameters separately estimated for prior bias (z), learning
rate (a) and, scaling factor (m). Across experimental blocks, a credible dif-
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Figure 4.4: Bootstrap distribution of the difference between the mean of bias for mized
feedback block(VAL) against control block(SYM) for different uncertainty conditions for
win-stay behavior. Individual data points were simultaneously sampled from the control
block and mized block corresponding to the same uncertainty for each uncertainty block,
with replacement. The mean value of bias was then computed for them, and calculated
the difference between the means for each mized valence block and the corresponding con-
trol(SYM) block was separated. This procedure was repeated 1000 times to construct the
bootstrap distribution. In this distribution, in the case of a high uncertainty block having
70 percent correct feedback(blue), the mean difference was less than or equal to zero, only
for < 0.05 fraction of the total bootstrap samples, thus leaving a very little evidence in
support of the null hypothesis, which leads to a rejection of the null hypothesis. "*" denote
significance, and "ns" indicate non-significant results.
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Figure 4.5: Bootstrap distribution of the difference between the mean of learning/adap-
tation for mized feedback block(VAL) against control block(SYM) for different uncertainty
conditions for lose-switch behavior. Individual data points were simultaneously sampled
from the control block and mized block corresponding to the same uncertainty for each
uncertainty block, with replacement. The mean value of bias was then computed for them,
and the difference between the means for each mized valence block and corresponding con-
trol(SYM) block was calculated separately. This procedure was repeated 1000 times to
construct the bootstrap distribution. In this distribution, in the case of both types of un-
certainty blocks, the difference between the mean was less than or equal to zero for < 0.05
fraction of the total bootstrap samples, thus leaving evidence supporting the null hypothe-
s1s, hence failing to reject the null hypothesis. "*" denote significance, and "ns" indicate
non-significant results.
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Prior bias(z) comparison for good and bad conditions for different feedback types
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Figure 4.6: The difference in prior bias(z) being controlled across types of feedback
("VAL"= mized valenced images, "SYM"= symbols, "POS"/"NEG" = a valenced image
and a symbol). p(bad>good) was computed on the posterior distributions and corrected for
multiple comparisons using Bonferroni correction. "*" denote a credible difference between
the posterior distributions

ference was found between posterior distributions of only parameter prior
bias(z)(Figure in the mixed valence block. This was of special interest
as we were expecting the bias to be showing up in some parameter other
than the learning rate. This supports the use of the RL-DDM framework
for modeling our data since it could capture the bias present in the behavior
even though there was no observable difference in the learning rate.

Consistent with the idea of uncertainty amplifying the bias towards an
unpleasant vs. pleasant outcome condition, compared to what we found in
Expt. 1 with 70% correct feedback probability, we found no difference in
the prior bias parameter of the RL-DDM in the mixed vs. no valence block
in Expt. 2 with 80% correct feedback probability. Again, no changes were
observed for other RL-DDM parameters including learning rate(Figure .
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Learning rate(alpha) comparison for good and bad conditions for different feedback types
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Figure 4.7: The difference in learning rate(c) is controlled across types of feedback
("VAL"= mized valenced images, "SYM"= symbols, "POS"/"NEG" = a valenced image
and a symbol). p(bad>good) was computed on the posterior distributions and corrected for
multiple comparisons using Bonferroni correction. "*" denote a credible difference between
the posterior distributions
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Prior bias(z) comparison for good and bad conditions for different feedback types across uncertainty conditions
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Figure 4.8: Difference in prior bias(z) being compared across types of feedbacks,
and uncertainties("VAL(80%)"= mized valenced images in 80% correct feedback block,
"SYM(80%)"= symbolic feedback in 80% correct feedback block,"VAL(70%)"= mized va-
lenced images in T0% correct feedback block and, "SYM(70%)"= symbolic feedback in 70%
correct feedback block,). p(bad>good) was computed on the posterior distributions and
corrected for multiple comparisons using Bonferroni correction. "*" denote a credible dif-
ference between the posterior distributions.
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Learning rate(alpha) comparison for good and bhad conditions for different feedback types across uncertainty conditions
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Figure 4.9: Difference in learning rate(a) being compared across types of feedbacks,
and uncertainties("VAL(80%)"= mized valenced images in 80% correct feedback block,
"SYM(80%)"= symbolic feedback in 80% correct feedback block, "VAL(70%)"= mized va-
lenced images in 70% correct feedback block and, "SYM(70%)"= symbolic feedback in 70%
correct feedback block,). p(bad>good) was computed on the posterior distributions and
corrected for multiple comparisons using Bonferroni correction. "*" denote a credible dif-

ference between the posterior distributions.
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4.5 Trait based explanations of bias

Next, we were interested to investigate if the variability in the bias measure
bias shown by individuals in our sample for win stay and lose switch behavior
is explained by any of their questionnaire scores indexing relevant psycholog-
ical traits like anxiety, depression and sensitivity to negative stimuli like pain
and disgust. We incorporated participants’ individual questionnaire scores
as potential factors in a multi-level regression model explaining first their
win-stay behavior in the mixed valence block. As before, we used a forward
model selection approach using AIC as a criteria.

In linear model for bias, we found a significant main effect of state and
trait anxiety inventory scores (5=-0.04, p= 0.031) in the best model(Table
such that that higher the STAI score (corresponding to higher levels of
anxiety) lower is the observed bias in win stay strategy for unpleasant vs.
pleasant outcome condition.

In terms of average adaptive response in win-stay behaviour using the
best model, there were no significant main effects(Table .

For lose switch behaviour only the pain catastrophizing scale (PCS) signif-
icantly accounted for the bias in strategy (=0.11, p=0.04) such that higher
the PCS score greater is the observed bias in the lose-switch performance in
the unpleasant vs. pleasant outcome condition(Table ).

PCS also showed a positive and marginally significant effect on adaptation
in lose switch behaviour (5=0.12, p=0.054). Overall, this analysis suggests
that trait scores like PCS and STAI could explain some of the variability in
the negative bias observed in our sample(Table .

Finally, we tested if the trait-behaviour relationship we observed in the
70% correct feedback sessions is modulated by uncertainty. We found a
significant main effect of STAI scores on bias (4=-0.03, p=0.02) and average
adaptive response learning (6= 0.03, p=0.035)(Table and Table [1.12))in
the win-stay performance, regardless of the level of uncertainty. However,
the relationship between STAI and these measures were almost equal and
opposite such that while higher STAI scores were associated with lower choice
bias in win stay strategy for unpleasant vs. pleasant outcome condition
(could be related to generalization of unpleasant outcome effect to pleasant
outcome trials leading to lesser difference between the two trial conditions),
they were associated with higher average adaptive learning which together
is consistent with high anxiety being correlated with high vigilance -related
adaptive changes in behavior in the literature.

In case of lose-switch behavior, we found a significant negative interaction
between uncertainty and STAT scores (5= -0.16, p=0.027) suggesting that the
positive relation between STAI and lose switch bias decreased with increase
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in uncertainty(Table [£.13)). We also found a significant positive main effect
of PCS (beta=0.11, p=0.017) and DSR (5=0.23, p=0.002) scores on average
adaptive response for lose-switch performance in unpleasant vs. pleasant
outcome condition, regardless of the level of uncertainty. In addition, a
significant negative interaction was observed of DSR scores with uncertainty

(8=-0.21, p=0.022)(Table |4.14]).
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Best GLM model for Lose-Switch behaviour(70% correct feedback blocks)

Predictors Estimate(8) | SE p
(Intercept) -0.35584 0.15244 0.02
condition [G] || 0.12441 0.19309 0.519
bin 0.01468 0.13430 0.913
type|NEG] -0.06870 0.21806 0.753
type[POS] 0.17856 0.20563 0.385
type|VAL] 0.35520 0.19761 0.072
condition |[G] || 0.14368 0.29568 0.627
X type|NEG]

condition |[G] || -0.41240 0.27700 0.137
x type[POS]

condition |G| || -0.30752 0.26473 0.245
x type[VAL]

bin X condi- || -0.12608 0.18098 0.486
tion |G|

bin x || 0.25215 0.22823 0.269
type|NEG]

bin x || 0.22372 0.18915 0.237
type[POS]

bin x || 0.06323 0.19093 0.741
type[VAL]|

bin x con- || 0.16685 0.31589 0.5974
dition|G] X

type| NEG]

bin X con- || -0.28284 0.26359 0.2833
dition|G]  x

type[POS]

bin X con- || 0.08498 0.26031 0.7441
dition|G] X

type|VAL]

Random Ef-

fects

o? 3.29

To0subj;dz 0.07

ICC 0.02

Nsubjidz 30

Observations || 1748

Marginal R? || 0.015 / 0.035

/Conditional

RQ

Table 4.4: Table showing results from th liest model selected for lose-switch behaviour,
across different type of 70% correct feedback blocks. Significant effects are shown in BOLD



Best for effect of uncertainty on Win-Stay behaviour
Predictors Estimate(8) | SE p
(Intercept) 2.07803 0.21333 <0.001
condition [G] || -0.64341 0.12814 <0.001
type [VAL] -0.36390 0.14072 0.010
prob incorr || -0.26775 0.29277 0.360
[30p]
type [VAL| x | 0.43627 0.21057 0.038
prob  incorr
[30p]
condition |G| || -0.01622 0.19120 0.932
X prob incorr
[30p]

Random Ef-

fects

o? 3.29
To0subj;dx 0.65

ICC 0.16

Nsubjid:c 57
Observations | 2667
Marginal R? || 0.030 / 0.190
/Conditional

RQ

Table 4.5: Table showing results from the best model selected for win-stay behaviour,
across different type of T0% and 80% correct feedback blocks, including "VAL" and "SYM"
feedback blocks. Significant effects are shown in BOLD
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Best GLM model for effect of uncertainty on Lose-Switch behaviour
Predictors Estimate(3) | SE p
(Intercept) -0.07549 0.11652 0.517
condition [G] || -0.07378 0.09462 0.436
type [VAL] 0.19959 0.09992 0.046
prob incorr || -0.18895 0.11684 0.106
[30p]

Random Ef-

fects

o? 3.29

T00subj;dx 0.04

ICC 0.01

Nsubjid:p 57

Observations || 1837

Marginal R? || 0.006 / 0.019

/Conditional

R2

Table 4.6: Table showing results from the best model selected for lose-switch behaviour,
across different type of 70% and 80% correct feedback blocks, including "VAL" and "SYM"
feedback blocks. Significant effects are shown in BOLD

Best linear model for Bias in win-stay behaviour in 70%
Predictors Estimate(8) | CI p
(Intercept) 0.03 -0.01 - 0.07 0.088
STAI -0.04 -0.09 - -0.00 | 0.031
Observations || 31
R?* /Adjusted || 0.150 / 0.121
RQ

Table 4.7: Effects from linear model for Bias in win-stay behaviour in 70 percentage

correct mixed feedback block. Significant effects are shown in BOLD
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Best linear model for Adaptation in win-stay behaviour in 70%
Predictors Estimate(8) | CI p

(Intercept) 0.14 0.10 - 0.18 <0.001

BDI 0.03 -0.01 - 0.07 0.158
Observations || 31

R? /Adjusted || 0.068 / 0.035

R2

Table 4.8: Effects from linear model for adaptation in win-stay behaviour in 70 percentage

correct mized feedback block. Significant effects are shown in BOLD

Best linear model for Bias in lose-switch behaviour in 70%
Predictors Estimate(5) | CI p
(Intercept) 0.15 0.05 - 0.26 0.006
STAI -0.11 -0.23 - 0.01 0.082
PCS 0.11 0.01 - 0.22 0.040
PBQ -0.08 -0.17 - 0.02 0.112
Observations || 23
R? /Adjusted || 0.376 / 0.278
R2

Table 4.9: Effects from linear model for Bias in lose-switch behaviour in 70 percentage

correct mized feedback block. Significant effects are shown in BOLD

Best linear model for adaptation in lose-switch behaviour in 70%
Predictors Estimate(8) | CI p

(Intercept) 0.37 0.25 - 0.49 <0.001

PCS 0.12 -0.00 - 0.24 0.054
Observations || 23

R?* /Adjusted || 0.166 / 0.126

R2

Table 4.10: Effects from linear model for adaptation in lose-switch behaviour in 70
percentage correct mized feedback block. Significant effects are shown in BOLD
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Best linear model for Bias in win-stay behaviour with uncertainty
Predictors Estimate(3) | CI p

(Intercept) 0.03 -0.00 - 0.06 0.054

STAI -0.03 -0.06 —-0.01 | 0.020
Observations || 55

R? /Adjusted || 0.098 / 0.081

R2

Table 4.11: Effects from linear model for Bias in win-stay behaviour with uncertainty.
Significant effects are shown in BOLD

Best linear model for Adaptation in win-stay behaviour with uncertainty
Predictors Estimate(5) | CI p

(Intercept) 0.12 0.10 - 0.15 <0.001

STAI 0.03 0.00 — 0.06 0.035

Observations || 55

R?* /Adjusted || 0.081 / 0.064

R2

Table 4.12: Effects from linear model for Adaptation in win-stay behaviour with uncer-

tainty. Significant effects are shown in BOLD

Best linear model for Bias in lose-switch behaviour with uncertainty
Predictors Estimate(3) | CI p

(Intercept) 0.10 0.03 - 0.17 0.006

PSS 0.05 -0.02 - 0.13 0.173

STAI 0.04 -0.07 - 0.15 0.465

prob incorr || -0.16 -0.31 —-0.02 0.027

[30p] x STAI

Observations || 40

R? /Adjusted || 0.190 / 0.123

RQ

Table 4.13: Effects from linear model for Bias in lose-switch behaviour with uncertainty.
Significant effects are shown in BOLD
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Best linear model for adaptation in lose-switch behaviour with uncertainty

Predictors Estimate(5) | CI p
(Intercept) 0.40 0.31 - 0.48 <0.001
PCS 0.11 0.02 — 0.20 0.017
DSR 0.23 0.09 — 0.36 0.002
prob  incorr || -0.21 -0.39 - -0.03 | 0.022
[30p] x DSR

Observations || 40

R? /Adjusted || 0.348 / 0.293

RQ

Table 4.14: Effects from linear model for adaptation in lose-switch behaviour with un-
certainty. Significant effects are shown in BOLD
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Chapter 5

Discussion

Negativity bias has been operationalized in the literature as the phenomenon
where a unit of negative valence induces a stronger response when compared
to a unit of an equally strong positive valence stimulus (Norris et al[2010).
Behaviorally this bias has been documented as more rapid responses to aver-
sive vs. appetitive stimuli, higher incidental learning of spatial location with
unpleasant vs. pleasant stimuli and so on, while physiologically, this has been
reported as higher ERP, fMRI and skin conductance responses to unpleasant
vs. pleasant stimuli across visual and auditory modalities (Smith et al.[2003)).
In this study, we tested if keeping the value related motivational salience of
feedback the same, valence modulated the choices and response strategy of
participants in a probabilistic cue association learning task. In addition,
given the role of uncertainty in emotion, particularly its aversiveness, we ex-
amined if there was an interaction between level of uncertainty and valence
in eliciting a response bias in learning. To this end, we modified a standard
probabilistic reinforcement learning task so as to dissociate valence from cor-
rect vs. incorrect feedback for learning about two cues and examined whether
participants’ performance showed a valence specific trend. We quantified the
valence-based bias by deriving a new normalized measure of response strat-
egy for unpleasant vs. pleasant outcome conditions as well as modeling the
decision-making process using the RL-DDM (Pedersen et al.,2017)) framework.
Further, we looked at whether and how the bias in response strategy changed
with the level of uncertainty and trait level questionnaire scores of partici-
pants on relevant dimensions like anxiety, depression, sensitivity to negative
stimuli like pain, disgust etc.
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5.1 Response Times Analysis

We first looked at response times for choices made in the various blocks that
differed in the nature of feedback they provided, namely: mixed, positive,
negative vs. no valence. and found that compared to the no valence or sym-
bolic block, reaction times in the positive valence block (having positively
valenced image or a symbol as a feedback) were shorter while those in the
negative valence block (having a negatively valenced image or a symbol as
feedback) were longer. In Simpson et al(Simpson et al.;2000) a similar obser-
vation can be seen in terms of the negatively valenced stimuli. In this study
adult participants were asked to respond whether the number of humans they
are seeing in a valenced picture (either neutral or negatively valenced) was 0-
1 or more than that. Two by third of the total images were neutral and were
taken from TAPS(Lang et al.j1997a). And using an ANOVA on correct re-
sponses, they observed a significant main effect of valence: participants were
responding slower to negative stimuli. And at the core of this difference we
can only expect that the negative valence would be receiving more attention,
even at an earlier stage of the decision making process, which is getting re-
flected in the later stages also. In Estes et al(Estes and Verges|2008)) using a
lexical decision making task, authors found that participants responded with
slower response time for negative valence but, with a faster valence discrimi-
nation, in terms of accuracy. And such reliable occurrence of negative delay
led researchers to speculate a possibility of negative stimuli eliciting a general
suppression of motor activity(Fox et al.;2001)). In context of the stroop ef-
fect, it was suggested that the behaviour could be a defense mechanism that
responds to threat by freezing all activities(Algom et al.;2004), and this was
called the motor suppression hypothesis. Motor suppression hypothesis was
later questioned because not all threatening stimuli would lead to a freezing
response, sometimes it would mount a quick and immediate response(Ferrari
and Ferrari,1990;Searcy and Cainel2003)).

When taking these suggestions into consideration, it is possible that the
kind of response the negative stimuli gives rise to also depends on the task.
Like, in studies that were challenging the motor suppression hypothesis, the
stimulus valence would be more relevant, as they are more related to survival,
when responding to an immediate threat(Ferrari and Ferrari,1990;Searcy and
Caine,2003). In tasks where the valence is irrelevant, like the lexical decision
making task, color naming or word naming task, where the participants have
to disengage attention from the valence information to perform optimally,
negative valence may result in longer response time. In that context, pre-
vious work is consistent with our findings regarding slower response times
in negative vs. positive valence blocks since the valence information is not
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difference_in_mean
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positive_affect negative_affect
type

Figure 5.1: Change in mean positive affect was computed by subtracting the mean pos-
itive affect score following the negative block from that following the positive block. This
was implemented on 1000 random samples with replacement to construct the bootstrap dis-
tribution. Change in mean negative affect was computed by subtracting the mean negative
affect score following the positive block from that following the negative block. This too was
implemented on 1000 random samples with replacement to construct the bootstrap distri-
bution

relevant for performing optimally. And it is possible to have an opposite
effect on tasks in which the negative information is required to be processed
explicitly.

But, in our task, where the negative and positive stimuli were presented
with certain probability, we were also suspecting the possibility of an induced
affect, because of which we also collected PANAS(Watson et al.|1988) ratings
after positive and negative blocks, but couldn’t find any difference between
positive and negative affect as given in figure 5.1} The non-significant differ-
ence in the induced affect suggests that the observed difference in RT may
not be because of a difference in affect induced by the stimuli, but rather
a consequence of the expected outcome in each block that differed in its
valence. That is, in the case of a negative block, participants expected a
negative valence feedback which led to slower response times, and the con-
verse would be true for positive valence blocks. And in a mixed block, where
the outcome could either be positively or negatively valenced, this apparent
difference in RT vanished, as both the valence presented together likely can-
celed out each other’s effect. However, consistent with previous research, RT
did not capture the effect of condition, i.e., whether the trial outcome was
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pleasant or unpleasant.

5.2 Win-stay and Lose-switch behaviour

In the case of win-stay behaviour, we found a significant main effect of con-
dition, i.e., whether the Japanese alphabet was associated with an unpleas-
ant or pleasant outcome , irrespective of the type of block, suggesting that
the behaviour could be generalizable across blocks Similar observation was
noted by Mellers et al(Mellers et al./]1999)), where they investigated the effect
of emotion on decision making and varying contexts. One experiment they
conducted involved choosing between two options, where one was more risky
with higher pay-off, while the other one was less risky, but with a reduced
pay-off. Then they manipulated the valence context, in which the potential
gains associated decisions were either negative, positive or neutral. For ex-
ample, in a positively valenced context, in high risk, participant would be
either getting a reward or nothing with 50% probability, where the reward
amount would be high, and less amount, with a higher probability for less
risky option. In the negative context, these potential gains were replaced
with losses. Authors found that in a negatively valenced context, partici-
pants are more likely to stay with the initial choice after a win compared
to positive or neutral contexts consistent with our results. Such observa-
tions have also been reported in the context of loss aversion. For example,
Johnson et al(Johnson and Tverskyl|1983) investigated the effect of valence
on an individual’s risk taking behaviour. The valence context of the decision
outcome was manipulated by framing it as gain or loss. The authors found
that the participants were less likely to take risks in the negative valence
condition in comparison to the positive valence condition confirming that
negative valence may induce a more conservative strategy. Sokol et al(Sokol-
Hessner et al.,2013) extended this line of work by implementing a gambling
task after presenting participants with valenced images. It was found that
participants, who were presented with negative valenced images were more
likely to show loss aversive behaviour. In short, the possible explanations
for the effect that we are observing could be that the negative emotion or
valence increased an individual’s sensitivity to potential losses(Lerner and
Keltner,2001;Baumeister et al.;2001)).

We used conditional probability to derive at two independent measures
that quantify 1) bias in opting for a previously chosen option (or the alterna-
tive option) after a correct (or incorrect) trial of the same type (unpleasant
vs. pleasant outcome valence) and 2) average adaptive response across each
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session. In the bootstrap comparison for difference between means in the ex-
perimental vs. no valence, control block, we observed a significant difference
for mixed valence block (p<0.05 suggesting that the participants were more
likely to stay after a win in unpleasant vs. pleasant outcome condition. This
is consistent with the idea discussed above pertaining to negative valencemak-
ing participants rely on more conservative strategies to reduce losses(Mellers
et al;1999;Johnson and Tversky,1983;5okol-Hessner et al./2013;Lerner and
Keltner,2001;Baumeister et al[2001). An absence of such a bias between
unpleasant vs. pleasant conditions in either the positive only or negative
only blocks suggests that the win-stay strategy is probably influenced by the
relative value associated with both the outcomes. Even though an effect of
valenced outcome was observed on RT and win-stay choice behavior in the
separate valence blocks suggestive of the modulatory role of outcome valence
on behavior, a bias in win-stay policy for negative vs. positive outcome va-
lence using the new normalized measure could be seen only in the mixed vs.
no valence block. We attribute this to the use of conditional probabilities in
deriving the new bias measure which (unlike GLM) does not rely on any un-
derlying assumptions (e.g. independence between events in sequential trials)
and therefore is likely more sensitive to strategic biases in choices occurring
over trials.

5.3 RL-DDM Capturing the Bias

We used RL-DDM for behavioural modeling since it is possible that the dif-
ference in behavior due to valence be captured by a parameter other than
the learning rate which has not been able to consistently differentiate be-
tween outcome valence in the past(Palminteri et al.,2012)). Recently, Kim
et al(Kim and Anderson,2022) investigated how stimuli of same modality
(liquid outcome — sweet juice or salty water) would influence attention and
thereby, cue association learning. The authors found that the stimuli coding
for primary reward or punishment biased attention leading to lower error rate
and a shorter RT. In other words, the study failed to observe any selective
attentional bias towards either valence, though stimuli that were previously
associated with affective outcomes were found to draw more attention based
on response ratios and RTs. However, given the learning rate codes for how
much weight is given to the recent feedback, in a learning task with fixed
probability, we do not expect it to capture much of the differences, as it is
likely that after an initial exploratory phase within a session, the learning
rate would decay in such studies and the difference over a session may not be
able to capture finer differences. We overcame this limitation by using RL-
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DDM(Pedersen et al.2017)) which enabled us to investigate other potential
parameters that could explain the behavior better. It was found that across
different types of feedback blocks, only in mixed valence feedback type, the
posterior distribution for prior bias for unpleasant outcome condition was
credibly higher than that of pleasant outcome condition suggesting that only
when presented together in a session, the unpleasant outcome induced a
prior bias such that the evidence integration process for decision making it-
self started from a point already closer to the response option associated
with the unpleasant outcome(see Figure . From the DDM perspective,
this suggests that while in the positive cue condition, the decision process
is likely to hit both the incorrect decision boundaries with more probability.
In the negative cue condition, the shift that the prior bias has towards the
boundary for predicting that the outcome is going to be unpleasant, would
make it easy to cross that boundary. As is evident from the modeling re-
sults, it is neither the quality of evidence nor the feedback error that makes
the updating of values for the unpleasant outcome condition stronger, but
merely the shifting of the the initial starting point that seems to captured
bias towards the unpleasant vs. pleasant outcome condition . Though such
a shift was found in the negative valence block as well, the value of z was not
found to be credibly different between the conditions. No other block showed
this shift, which suggests that it could be attributed to the presence of neg-
ative outcome stimuli. The shift in prior bias in negative valenced condition
compared to positive valenced condition, could be a potential mechanism
underlying such biases, such that the individuals would be shifting the prior
bias, when the negative feedbacks are more, for not falsely detecting a neg-
ative feedback as positive, which would be a better strategy for survival.
Additionally, we found the observed shift in prior bias to be reduced at a
lower level of uncertainty:.

Importantly, the learning rate parameter in our task did not change which
is consistent with other studies. For example, Nassar et al(Nassar et al.|2012),
hypothesized that changes in expected uncertainty would modulate learning
rate, and the study implemented a probabilistic learning task. But, contrary
to the hypothesis, they concluded that the learning rate may not change
with the expected uncertainty. In a recent study, Duff et al(Duff et al.[2013),
authors implemented a serial probabilistic learning task, and hypothesized
that hippocampus plays an important role in modulating learning rate with
changes in expected uncertainty. However, contrary to their hypothesis, they
were unable to find modulation in learning rates with changes in expected
uncertainty. This confirms with our expectation that some other parameter
other than the learning rate would capture the valence based modulation on
response strategy with changes in uncertainty. In our data, this turned out
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Figure 5.2: A pictorial comparison between decision processes when there is a shift in
prior bias(z) parameter as we have seen in the study. (a) A symbolic representation of
diffusion decision process in positive valence condition of the mized block. Where the upper
boundary represents predicting or choosing positive outcome valence and lower boundary
represents predicting or choosing negative outcome valence. (b) A symbolic representa-
tion of diffusion decision process in negative valence condition of the mixed block. Where
the upper boundary represents predicting or choosing negative outcome valence and lower
boundary represents predicting or choosing positive outcome valence. We can see that
compared to positive valence condition(a), the negative valence condition(b) is now mak-
ing lesser number of incorrect responses because of a shift in prior bias(z). This is because
the shift in prior bias makes it easy to reach upper boundary compared to that of the lower
one.

to be the prior bias parameter.

A signal detection theory perspective of such behaviours could be found
in Macmillan et al(Macmillan and Creelman|2004, chapters: 2,4,8,9), where
it was suggested that both the sensitivity and response bias would influence
the signal detection, where sensitivity helps to distinguish signal and noise
and bias would make the response in a particular way. In DDMRatcliff and|
McKoon|2008) framework, drift rate is a parameter coding for strength of
evidence(Ratcliff and McKoon,2008;Wagenmakers et al.2008), which isn’t
changing with the condition, as there is no credible difference between the
posterior distributions, which could suggest that it is not at the level of de-
tection or evidence that the observed bias is a result of. Rozin et al(Rozin|
and Royzman2001) suggested that negative events would have a larger im-
pact on evaluation, behaviour, judgement, etc, when compared to positive
events and posited three possible mechanisms for the bias.

e Evolutionary factors prioritizing detection of threat and danger
e Cognitive processes as drawing greater attention for negative stimuli

o Affective processes giving stronger response to a negative stimuli
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It was suggested that the survival of ancestor depends on the ability to re-
spond to threat in the environment, which makes it advantageous to prioritize
processing of negative information to respond quickly to it. But, most of such
evolutionary explanations are coming from post-hoc analysis, which makes
it less powerful as an observation. And like we discussed, the threatening
nature of the negative stimuli depends on how relevant that is for optimal
performance, in a task where valence information is irrelevant, it is difficult
to make the assumption that it can be explained using the same evolutionary
argument. However, the bias is still observed, which leads us to the question
about heterogeneity in the bias observed and possible relation to individual
traits.

5.4 Traits and Bias

We did not find any significant relationship between the coefficient of pleasant
vs. unpleasant outcome condition for prior bias in the RL-DDM (Pedersen
et al.,2017) model and any of the trait variables after running a forward model
selection. However, the normalized variables for bias and average adaptive
response for win-stay and lose-switch behaviour showed some notable trends.
Importantly, the bias defined for win-stay behaviour showed a negative rela-
tion with the state and trait anxiety inventory(Spielberger et al./1971)) scores
such that individuals who scored high on anxiety in this scale were associated
with a reduced bias for win-stay strategy for unpleasant vs. pleasant outcome
condition. Bar-Haim et al(Bar-Haim et al.J2007) investigating the magnitude
of threat related attentional bias in relation to anxiety via a meta analysis
of 112 studies found more attentional bias towards threatening stimuli for
anxious individuals belonging to both clinical and non-clinical populations,
irrespective of the kind of threatening stimuli used. Cisler et al(Cisler and
Koster,2010)), further suggest three possible mechanisms for the existence of
such biases, which are the following.

e Attention being selective: individuals with anxiety disorder may pay
special attention to threatening stimuli, which would result in an in-
creased magnitude of negative bias

e Difficulty in disengaging attention from negative stimuli for people hav-
ing anxiety disorder.

e Biased interpretation of something ambiguous being negative
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Further Duncan et al(Duncan et al.,2017)) using a neuroimaging study, inves-
tigated the possible neural correlates for such bias in relation to anxiety. And
found that amygdala, which are expected to be processing emotional stim-
uli are hyper active in individuals with anxiety disorder, when compared to
healthy controls. On the other hand, the anterior cingulate cortex, involved
in attentional control and emotion regulation was less active in individuals
with anxiety disorder when compared to healthy controls. Insula, known to
be associated with processing introspective information has also been shown
to have an increased activity compared to healthy controls. Overall these
studies suggest that individuals with anxiety disorder may have difficulty in
attention regulation and emotion control. Older studies such as Mathews
et al(Mathews and MacLeodl|1986)) and Mogg et al(Mogg et al.)2004)) points
towards the same direction, where the anxiety measures are having a positive
relation to the negative bias being observed.

However it is important to notice that the negative valence in most of
these previous studies are of threats, which is task relevant, in terms of the
performance in the task. Whereas, in a study like ours, the negative valence
is not related to task performance and is more passive. It is possible that the
bias-anxiety relation is modulated by task context. In addition, it is possible
that lower bias in response strategy observed in individuals with high anxiety
scores is due to generalization of unpleasant outcome valence to pleasant
outcome trials in these individuals leading to lesser difference between the
two trial conditions. This is consistent with a significant positive association
between high STAI scores and high average adaptive response measure since
individuals with high anxiety have been previously associated with indulging
in high vigilance related adaptive changes in behavior (Brown et al.;2007)).

In the case of lose switch behaviour, we found a significant main ef-
fect of pain catastrophizing scale (PCS-McNeil and Rainwater,1998Osman
et al.;1997;Sullivan et al.;2001)), a measure that aims to quantify an individ-
ual’s tendency to catastrophize in response to pain) on the bias. By catastro-
phization, what we mean is the tendency to magnify the significance of pain
symptoms, ruminate on pain related thoughts, and to feel overwhelmed and
helpless. In Quartana et al(Quartana et al.;2009)) it was found that individ-
uals scored high in PCS paid more attention to pain related information,
which are supported by subsequent studies(Campbell et al.[2010;Blustein
et al.,2010). However, it should be noted that these studies explicitly used
pain related stimuli, and not generic negatively valenced ones. This implies
the possibility that the relation of catastrophizing and response strategy bias
may not be stimuli modality specific.
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5.5 Role of Uncertainty and Individual traits
in valence based bias in response strategy

In terms of the response times, there was no significant difference observed
between the 70% vs. 80% correct feedback sessions. Higher uncertainty was
associated with greater bias in win-stay behavior for unpleasant vs. pleasant
outcome trials. Similarly, Lose-switch behaviour was found to have a posi-
tively affected in the mixed vs. no valence feedback blocks. This is in support
of the argument put forward by Andersen et al(Anderson et al.|2019), which
posit that uncertainty itself could be aversive.

Bias defined using the new coordinate system for win-stay behavior was
absent in the 80% vs. 70% correct feedback sessions suggesting the causal
contribution of expected uncertainty in eliciting a response strategy bias
for unpleasant vs. pleasant outcome condition. The same holds true for
the difference in prior bias parameter in the RL-DDM (Pedersen et al.,2017)
model for the two tested levels of uncertainty. A recent meta analysis, Leu
et al(Leung et al.,2022)) suggest that in the case of anxiety and depression,
there exists a positive relationship between uncertainty and cognitive biases
including negative bias. The amplification of negative bias in depression and
anxiety was particularly in relation to attention, interpretation and memory
bias. And higher levels of anxiety and depression could further modulate
the bias, regardless of the associated level of uncertainty. This made the
authors to propose that the interaction between uncertainty and negative
affect, could lead to a heightened sensitivity to negative affect. Interestingly,
in the combined data across two levels of uncertainty, while there was no
significant effect of STAI in the best model there was a significant nega-
tive interaction between uncertainty and STAI suggesting that with higher
uncertainty (70% correct feedback blocks) the relationship between STAI
and bias would become more negative. On the other hand, DSR(Olatunji
et al.,2007jvan Overveld et al;2011)) scores, quantifying the sensitivity to
disgust was more positively correlated with the average adaptive response
measure of lose switch behaviour in the 80% vs. 70% correct feedback ses-
sions suggesting which could be because the negative stimulus being used are
also disgusting in nature.

5.6 Conclusions

We report a bias in win-stay strategy in unpleasant vs pleasant outcome trials
in the mixed valence vs. no valence feedback blocks of our experiment using
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not only the newly derived normalized measure of bias but also in the prior
bias parameter of the RL-DDM model. This is similar to a signal detection
theory scenario where the detection threshold is shifted so as to not miss a
potentially negative outcome, even when the valence information may not
be relevant for optimal performance. The fact that such a bias was observed
only in the mixed valence and not positive or negative valence alone blocks
signifies the role of relative evaluation of outcome valence in this bias even
though distinct effects were found in the reaction time analysis of individual
valence blocks (and which was potentially canceled out in the mixed valence
block). We ruled out the role of induced emotions in the observed reac-
tion time differences by showing an absence of significant differences in the
PANAS questionnaire scores implemented after negative and positive feed-
back blocks. Detection of response strategy bias only in the mixed valence
block suggests a possible difference in strategy that an individual would ap-
ply in relation to an unpleasant vs. pleasant correct outcome as seen in the
new dimension for bias (which unlike GLM does not make any assumptions
about the independence of events across sequential trials) defined on win-stay
behaviour.

Moreover, the bias defined both in terms of a new dimension to explain
win-stay behaviour as well as observed as a shift in prior bias parameter of
the RL-DDM model was found to be amplified with uncertainty, in line with
our hypothesis as well as previous work allowing our results to be relevant
to clinical populations having anxiety and depression disorders. Our results
also makes an important suggestion regarding the use of ambiguious stimuli
to test negativity bias since ambiguity is intrinsically associated with uncer-
tainty which itself is typically perceived as aversive. Also, the fact that bias
could be partially explained by trait measures and the trait-bias relationship
itself is getting modulated by the uncertainty, makes it important to define
the bias in the context of the population under consideration.

5.7 Limitations

The inferences that we have drawn in our study are likely restricted to
our narrow subject pool of undergraduates in a university instead of be-
ing broadly generalizable to the population at large. The images that we
used weren’t matched for lower level visual features like luminosity, spa-
tial frequency, colour or complexity, largely due to the difficulty in doing so
across multiple variables and images matched for arousal were assumed to
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be more relevant in demonstrating the role of valence in how affective feed-
back impacts performance strategy. Consistent with earlier work (Warriner,
et al.;2013jGable and Harmon-Jones,2008), valence and motivation ratings in
our data set were highly correlated, which could beg the question if the bias
we report is due to the valence or motivational properties of the images used.
However, it is also a separate theoretical question about whether motivation
could be considered as an axis separate from valence and arousal. While
older studies such as Lang et al(Lang et al.|1997b), suggest that we consider
affect, activation and action to understand emotions, a more recent account
by Lisa Barrett(Barrett,2006]) argues that motivation is closely related but
distinct from the core affect proposed by Russel et al(Russell,2003). Core af-
fect is a more basic, non-conceptual experience of valence and arousal, which
is applicable across emotions. But, motivation is referring to the process
that is driving behaviour, which can either be pursuit of rewards or avoid-
ance of punishment. Barret argues that the emotion could be arising from
the interaction between core affect and motivation and hence be too tightly
intervened to be studied in isolation.

5.8 Future Direction

We would like to investigate the mechanism driving the affect-uncertainty
interaction further by studying the neural signals associated with cognitive
control such as frontomedial theta(Cavanagh and Cohen/2022) in our task.
Interestingly Wu et al(Wu et al.;2020)) suggest mechanisms through which the
cognitive control would get implemented under uncertainty, which also posit
the possibility of cognitive control network(CCN) playing a more general
role than previously expected. We also plan to quantify uncertainty inde-
pendently by pupillometry(Brunyé and Gardony,2017)) for which the task will
be designed to control for luminosity associated with the valenced images.
Further, even though responses to the intolerance of uncertainty question-
naire(Morriss et al.;2022a) have been found to correlate with anxiety (Car-
leton et al.,2007)), we would like to explicitly test if it is able to explain our
results better in future iterations of the experiment. Lastly, given that while
pain-killers like acetaminophen have been shown to attenuate responses to
valenced stimuli(DeWall et al.[2010;Durso et al.[2015) and uncertainty seems
to amplify it, it would be interesting to use pharmacological interventions in
our task to shed light on the mechanistic explanation of uncertainty’s role in
negativity bias.
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Chapter 6

Additional data and Codes

6.1 Codes

Please visit: https://drive.google.com/drive/folders/1GHMU7-H80SbgxsTIFPbOtKuS4BGnR1lya?
usp=sharing

6.2 Forward Model Selection For RL-DDM mod-

els
Forward Selection Model For RL-DDM in "VAL" block
S.No Parameters DIC Aprc
estimated  sep-
arately for
conditions
1 Baseline 3117.394 26.324
2 2] 3139.814 48.744
3 [a] 3097.650 6.58
4 [m] 3091.070 0
5 a] 3153.781 62.711
6 [m, o 3094.190 3.12
7 2, 3105.231 14.161
8 [m, z] 3096.817 5.747
9 (v, m, ] 3098.870 7.8

Table 6.1: Forward model selection table for RL-DDM in 70% correct feedback blocks
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Forward Selection Model For RL-DDM in "VAL" and "SYM" block
S.No depends on | depends on | DIC Apic
condition type
0 Baseline Baseline 6445.525 442.345
1 2] Baseline | 6446.508 | 443.418
2 ] 2] 6257.006 253.826
3 [m] Baseline 6359.103 255.923
4 Baseline [m] 6249.539 246.395
5 [m] [m] 6152.601 | 149.421
6 [a] Baseline 6369.231 366.051
7 Baseline [a] 6243.977 240.797
8 o] ] 6157.103 | 153.923
9 Baseline 2] 6240.940 237.76
10 [2] la] 6151.906 | 148.726
11 Baseline [a, 2] 6134.962 131.782
12 ] [a, 2] 6133.003 129.823
13 [m] [a] 6064.686 | 61.506
14 Baseline [a, m] 6115.413 112.233
15 [m] [a, m] 6017.908 14.728
16 [a] [a] 6066.323 63.143
17 Baseline [a, a] 6111.020 107.84
18 [a] [a, o 6027.356 24.176
19 Baseline [a] 6148.259 145.079
20 [a] Baseline 6460.116 456.936
21 la] [a] 6175.853 | 172.673
92 [m, 2] la, m] 6016.073 | 12.893
23 [m] la, m, z] 6007.198 4.018
24 [m, 2] la, m, z] 6008.323 5.143
25 [m, o la, m] 6020.355 | 17.175
26 [m] la,m.a] | 6013.322 | 10.142
27 [m, o la, m, o 6024.885 21.705
28 [m, z, a] la, m, z] 6011.946 8.766
29 [m, 2] [a,m, z,a] | 6003.180 0
30 [m, z, a [a,m,z,a] | 6011.548 8.368

Table 6.2: Forward model selection table for RL-DDM in 70% and 80% correct feedback
blocks

We were trying to see what all parameters should be fitted separately
for positive and negative conditions. When done the forward modeling on
mixed feedback blocks("VAL"), it was observed that model fitting scaling fac-
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tor separately for each condition(Table , it was having the lowest DIC.
However, when including z and «, the DIC difference(Aprc) was less than
10, meaning that there is a substantial evidence in support of the more com-
plex model. Also, a model fitting o and m separately for each condition has
Apro<b, suggesting even stronger evidence for the more complex model.
However, when fitted a model for combined data from mixed and sym-
bolic(Table blocks, we found that the best model varies m and z with
condition. In principle, fitting the model on the combined data, or sepa-
rately fitting them won’t make any difference as they belong to same set of
participants. But, when « is included now for the model on combined data
set, the DIC difference is again less than 10. Thus we decided to take the
more complex model, which has a, m, and z fitted independently for each
condition and all variables fitted independently for block types.

6.3 Posterior Predictive Checks For RL-DDM

In Bayesian statistics, the posterior predictive probability is given by:

p(doly) = / Py, 0ly)do (6.1)

Let’s consider the conditional probability inside the integral

_ppnény)  p,nOny) p@ny)

P(Up, Oly) = = : = p(4,|0,v)-p(0ly) (6.2
(Yp, Oly) ) o01) ) (Ypl0, y)-p(Oly) (6.2)
Using this, we can rewrite 6.1 as

i) = [ 16.9) - (0l)a (6.3)

The second probability term in the integral is posterior probability, given
by
p(ylo
p(0ly) = ———p(O 6.4
(Oly) o) () (6.4)

Which is the posterior probability distribution or the distribution, estimated
using Markov Chain Monte Carlo method, and all chains converged(Gelman
Rubin statistics >1.01).

Let’s define the probability of a posterior predictive value being less than or
equal to a particular value

Fluly) = plos > doly) = 3 [ ol 1)t (6.5)

Yp<Yi
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Then if we are setting the a = 0.05 the upper and lower limits of the high
density interval will give

(8%
F(ycly) = 5 (6.6)
0
Flyoly) =1-5 (6.7)
And we get
yu
> pGly) =1-a (6.8)
Yp=YL

For each type and condition, we divided the data into 10 bins and com-
puted the y;, and yy seperately for each. For any given bin, if the observed
value lies within the range [y, yy](denoted by error bars), we can say that
the predictive distribution of the model is well capturing the data, which is
desirable.

Positive(VAL, 70%) Negative(VAL, 70%)

o
©

mean response
o
[=)]

mean response

simulated
—— observed

0 2 a 6 8 10 0 2 4 6 8 10
trial trial

©
IS

Figure 6.1: Posterior predictive values compared against observed data, for mized feed-
back block with 70% correct feedback. Error bar in yellow gives the highest density intervals
for the predictions made at each bin. We can observe that there is a discrepancy in the
early bins. However, otherwise the predictions and the data are closely matching. Mean
response is plotted against trial bin.
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Positive(SYM, 70%) Negative(SYM, 70%)

0.8 1 W
() ()
w (%]
< [
206 3
wn (%]
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© 0.4 o |
€ E simulated
0.2 | —+— observed
0 2 4 6 8 10 0 2 4 6 8 10
trial trial

Figure 6.2: Posterior predictive values compared against observed data, for symbolic
feedback block with 70% correct feedback. Error bar in yellow gives the highest density
intervals for the predictions made at each bin. We can observe that there is a discrepancy
in the early bins. Howewver, otherwise the predictions and the data are closely matching.
Negative and positive feedback condition is just denoting different shapes used, and has not
valence. Mean response is plotted against trial bin.

Positive(POS, 70%) Negative(POS, 70%)

1.01 | simulated
0 0 —}— observed
c 0.81 c
o o
Q o
w (%3]
g p
S 0.6 5
() ()
€ €

0.4+

0 2 4 6 8 10 0 2 4 6 8 10
trial trial

Figure 6.3: Posterior predictive values compared against observed data, for positive feed-
back block with 70% correct feedback. Error bar in yellow gives the highest density intervals
for the predictions made at each bin. We can observe that there is a discrepancy in the
early bins. However, otherwise the predictions and the data are closely matching. In the
block there was either a positive feedback(image) or a shape, depending on the association
it has with the Japanese alphabet. Mean response is plotted against trial bin.
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Positive(NEG, 70%) Negative(NEG, 70%)

1.0

v 0.81 U
(] w
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o /\_/\/\/ o
2 0.6 o
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o 0.4 © 1
£ 0.2 € | simulated

' —— observed

0 2 4 6 8 10 0 2 4 6 8 10
trial trial

Figure 6.4: Posterior predictive values compared against observed data, for negative
feedback block with T0% correct feedback. Error bar in yellow gives the highest density
intervals for the predictions made at each bin. We can observe that there is a discrepancy
in the early bins. Howewver, otherwise the predictions and the data are closely matching.
In the block there was either a negative feedback(image) or a shape, depending on the
association it has with the Japanese alphabet. Mean response is plotted against trial bin.

Positive(VAL, 80%) Negative(VAL, 80%)

simulated
—— observed

mean response
o o
o 0o

mean response

°
~

0 2 4 6 8 10 0 2 4 6 8 10
trial trial

Figure 6.5: Posterior predictive values compared against observed data, for mived feed-
back block with 80% correct feedback. Error bar in yellow gives the highest density intervals
for the predictions made at each bin. We can observe that there is a discrepancy in the
early bins, and towards later bins in positive condition, which seems like a switching. How-
ever, otherwise the predictions and the data are closely matching. Mean response is plotted
against trial bin.
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Positive(SYM, 80%) Negative(SYM, 80%)

1.0 1
@ (0]
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0 2 a4 6 8 10 0 2 4 6 8 10
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Figure 6.6: Posterior predictive values compared against observed data, for symbolic
feedback block with 80% correct feedback. Error bar in yellow gives the highest density
intervals for the predictions made at each bin. We can observe that there is a discrepancy
in the early bins. However, otherwise the predictions and the data are closely matching.
Negative and positive feedback condition is just denoting different shapes used, and has not
valence. Mean response is plotted against trial bin.

- [N

7 Vo, \

/ IR
~--fenakel _q ¢,

N

arousal

=33z=esIIc

1 2 3 4 5 6 7
valence

Figure 6.7: wvalence-arousal plane. X axis is valence and Y axis is arousal. Ellipse axes,
which are standard error in valence(along = axis) and standard error in arousal(along y
azis) and the center of the ellipse denotes mean value of valence and arousal for that
particular picture. The thicker ellipses represents the images picked for the experiment.
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Figure 6.8
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GLMs for RT- 70 percentage correct feedback forward model selection

S.No Equation AIC Aarc

1 Tt ~ | 8284.711 209.1
1+ (1|subj;dx)

2 rt ~ 1+win,_1+ | 8289.753 214.14
(1|subj;dx)

3 rt ~ 1+ stay, + | 8290.12 214.51
(1|subj;dx)

4 Tt ~ | 8293.729 218.12
1 + condition +
(1|subj;dx)

) rt ~ 14 bin + | 8140.66 65.05
(1|subj;dx)

6 rt ~ 1+ type + | 8199.62 124.01
(1|subj;dx)

7 rt ~ | 8146.28 70.67
1+bin+wing_1+
(1|subj;dx)

8 rt ~ | 8146.68 71.07
1+ bin + stay: +
(1|subj;dx)

9 rt ~ 1+ bin + | 8149.70 74.09
condition +
(1|subj;dx)

10 rt ~ | 8075.609 0
1+ bin + type +
(1|subj;dx)

11 rt ~ 1+ bin + | 8080.04 4.43
type + wing_1 +
(1|subj;dx)

12 rt ~ 1+ bin + | 8080.38 4.77
type + stay; +
(1|subj;dx)

13 rt ~ | 8084.65 5.04
1+ bin + type +
condition +
(1|subj;dx)

14 rt ~ 1+ bin + | 8094.82 19.21

type + block
type +
(1|subj;dx)

Table 6.3: Forward model selection table f%/rgresponse time in 70% correct feedback blocks




GLMs for RT- 70% and 80% correct feedback forward model selection

S.No Equation AIC Aarc

1 Tt ~ | 5622.218 52.065
1 + (1|subyj;dz)

2 rt ~ wingq, + | 5624.855 54.702
(1|subj;dx)

3 rt ~ condition+ | 5630.811 60.658
(1|subj;dx)

4 rt  ~ bin + | 5570.153 0
(1|subj;dx)

D rt ~ type + | 5627.508 57.355
(1|subj;dx)

6 rt ~ | 5626.107 55.954

prob — incorr +
(1|subj;dx)
7 rt ~ | 5573.343 3.19
bin + wing_1 +
(1|subj;dx)

8 rt ~ | 9578.749 8.596
bin—+condition+
(1|subj;dx)

9 rt ~ bin+type+ | 5573.776 3.623
(1|subj;dx)

10 rt  ~ bin + | 5574.264 4.111

prob — incorr +
(1|subj;dx)

Table 6.4: Forward model selection table for response time in 70% and 80% correct
feedback blocks
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Figure 6.9: Valence and Arousal Ratings of the Stimuli used for the task

91



	Introduction
	Biases in decision-making
	Negativity Bias
	Effect of outcome valence on learning
	Limitations so far and motivation for the current study

	Models And Theory
	Reinforcement Learning- Drift Diffusion Model
	Hierarchical Structure of the Model

	Win-Stay and Lose-Switch Behaviour- A new coordinate system

	Materials and methods
	Participants
	Standardizing The Stimuli
	Reinforcement Learning Task
	Experiment 2
	Behavioural Pilot
	Data Analysis
	Exclusion Criteria For RL experiments
	Determining the number of bins for analysis of the RL task data
	Simulation Based Sample Size Calculation
	Response Time Analysis
	Win-Stay and Lose-Switch behaviour analysis using GLMs
	Quantifying Bias in the New Coordinate System
	RL-DDM analysis
	Checking Explainability of behaviour using trait
	Effect of uncertainty


	Results 
	Response Time Analysis
	Response strategy Analysis: Win-Stay and Lose-Switch Behaviour
	Normalized measure for quantifying bias in response strategy
	RL-DDM results
	Trait based explanations of bias

	Discussion
	Response Times Analysis
	Win-stay and Lose-switch behaviour
	RL-DDM Capturing the Bias
	Traits and Bias
	 Role of Uncertainty and Individual traits in valence based bias in response strategy
	Conclusions
	Limitations
	Future Direction

	References
	Additional data and Codes
	Codes
	Forward Model Selection For RL-DDM models
	Posterior Predictive Checks For RL-DDM




