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Abstract

The effect of cognitive effort on mood is unclear. Expending cognitive effort
is generally avoided but expenditure of cognitive effort is the primary feature of
some popular recreational activities, such as sudoku or video games. However,
one common confound is that previous studies mostly looked into mood changes
before and after cognitive effort manipulation. Therefore, it is unknown what im-
mediate impact cognitive effort has on momentary mood. To investigate this, in
two studies, we used a letter sorting paradigm to test whether momentary mood
ratings change with different levels of experimentally manipulated task difficulty.
In study 1 (N = 105), we found that increased difficulty, and consequently cogni-
tive effort, leads to more errors and lower mood ratings. In study 2 (N = 210), we
replicated our results from study 1 and further demonstrated that cognitive effort
influences mood independently from immediate reward. In conclusion, controlling
for reward conditions, we found that cognitive effort reduces people’s moment to
moment mood.



1 Introduction

Whether we plan our wedding, think through a problem or engage in fun activities,
our brain has to perform complex computational operations. Such neural computations
incur a variety of costs. While devoting our neural machinery to one problem, we forego
opportunities that may have been reaped by focusing on alternatives. Furthermore,
neural computations incur hard energy costs. Whether to engage in neural computation
is hence a complex problem, one that requires potential gains to be traded off against
potential costs (Russell & Wefald, [1991). Indeed, humans appear to be sensitive to
cognitive effort costs, and often avoid cognitive effort both implicitly (e.g. Callaway et
al.|2022; Huys et al.[2012) and explicitly (e.g. Botvinick et al. 2009; Inzlicht et al. 2018;
Vogel et al. 2020; Westbrook et al. 2013). In fact, individuals can show preference for
pain over a task demanding a high level of cognitive effort (Vogel et al., 2020). This
strong level of avoidance suggests that expending cognitive effort, or the prospect of
doing so, is both implicitly and explicitly unpleasant and punishing in some form (Aw
et al., 2011}, Ellis et al., 2022; Gréezes et al.,|2021; Het & Wolf, [2007; Mintz, |[2010).

However, this simplistic view of cognitive effort as computationally costly and aversive
belies a more complex picture. First, the experienced feeling of expending cognitive
effort does not necessarily reflect true energetic costs. The amount of calories con-
sumed during a cognitive task is negligible (Kurzban, 2010), and measures of brain
blood glucose do not change with extensive cognitive effort (Madsen et al., 1995). The
experienced feeling of cognitive effort rather appears to reflect a subjective and biased
assessment of the value of resource investment (Bijleveld, |2018; Shenhav et al., 2017).

Secondly, studies on work productivity and sports training have also shown that people
seek out and appear to enjoy effortful activities, ranging from moutain climbing to a
variety of intellectual pursuits (Inzlicht et al., |2018; Kurniawan et al., |2013; Shenhav
et al., 2017; Wang et al., 2017). Here, the expenditure of cognitive effort, and the
prospect of doing so, are associated with a positive affective experience. Although, in
part, this may arise when the immediate costs of cognitively effortful behaviors are
offset by the promise of longer-term or alternative rewards. For instance, during the
effortful process of planning, current expenditure of cognitive effort is associated with
expected gain in future reward (Daw et al., 2011}; Ferstl et al., 2022 Ho et al., 2022).
In social situations, individuals might opt to engage in cognitively effortful pro-social
behavior to pursue better social outlook or others’ reciprocation (Batson, 1987; God-
man et al.,[2014; Vaish et al.,2016). Indeed, planning tendencies reduce when without
longer-term benefits (Callaway et al., 2022} Kool et al., 2016), and individuals reduce
their pro-social behavior with increasing cognitive effort demands (Lockwood et al.,
2017).

Lastly, there are strong suggestions of a bidirectional relationship between mood and
effort. On one hand, mood clearly affects willingness to exert cognitive and physi-
cal effort. In the extreme, psychopathologcial states such as mania feature increased
willingness to expend cognitive and physical effort.(American Psychiatric Association,
2013). Similarly, low mood and pathological states such as depression reduce the will-
ingness to exert cognitive and physical effort (Anderson et al., 2019; Ganesan, 2020).
Indeed, fatigue and difficulties in concentration are diagnostic symptoms of depression,
and both speak to a reduced propensity to expend effort (American Psychiatric Asso-



ciation, 2013). Outside of psychopathology, studies have shown that experimentally
induced mood impacts cognitive effort expenditure as well (Brinkmann & Gendolla,
2008}, Gendolla & Kriisken, |2002; Joana, 2009; Treadway et al., 2009). On the other
hand, while mood states are responsive to appetitive and aversive events (Diener et al.,
2009}; Grosscup & Lewinsohn, |1980; Philip, 1971}, Stone & Neale, 1984), it is unknown
how cognitive effort influences mood at the moment of expenditure. There is strong
evidence for the influence of appetitive events on mood, and current evidence suggests
that momentary mood reflects the statistics of recent rewards (Keren et al., 2021}; Li-
uzzi et al., |2021). Considering that cognitive effort is both aversive and closely linked
to reward, one could speculate that cognitive effort itself should have an impact on
mood.

Furthermore, there is a question as to what the direction of this effect might be. As
mentioned above, both a positive (mood-enhancing) direction, and a negative (mood-
lowering) direction are conceivable. To our knowledge, this has not been examined.
While previous studies examined how cognitive effort changes affective experience (Er-
ber & Tesser, 1992; Ferstl et al., [2022; R. J. Larsen et al., 1986; S. E. Larsen & Beren-
baum, 2014; Robinson & Morsella, 2014; Sonnentag & Grant, [2012), there are no
parametric manipulations of cognitive effort while assessing momentary mood in an
experimental setting.

Here, we therefore examined the impact of parametrically varied cognitive effort de-
mand on the momentary affective experience at a fine temporal scale. Specifically, we
were interested in how changes in cognitive effort exertion over time relate to temporal
fluctuations in affective states.

To examine the impact of cognitive effort, we combined this momentary mood assess-
ment with a letter sorting paradigm commonly used for the study of the neurobiology
of cognitive effort (Jansma et al., 2006). This task allowed a parametric manipula-
tion of cognitive effort by varying short-term memory load. The combination of these
two tasks allowed us to study how variations in cognitive effort impact on momentary
affective states.

2 Methods

2.1 Tasks

Two cognitively demanding tasks were used to investigate the effects of cognitive effort,
as indexed by difficulty, on momentary mood. In both tasks, we asked participants to
perform letter sorting tasks with varying difficulty and report their trial-by-trial mood
ratings. A large body of literature also demonstrated the influence of reward processes
on affective experience (Keren et al., 2021; O’Callaghan & Stringaris, 2019; Rutledge
et al., 2017; Rutledge et al., 2014). Reward process is is also closely linked to the
motivation to expend cognitive effort (Fromer et al., 2021; Massar et al., 2018; Yang et
al., 2014). Therefore, we also included an explicit manipulation on reward magnitude
as a control condition to account for possible reward effects.



2.1.1 Multi-Attempt Letter Task
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Figure 1: The Multi-attempt Letter Task. In each trial, participants viewed a string of
letters of length n for \/n seconds. Participants then had to mentally order these letters
alphabetically and were asked to respond about the position of one specific randomly
chosen letter. The difficulty of each trial was manipulated by the length of the string
presented on that trial, number of letters (n; ranging from 3 to 9) . Feedback was
provided after each response. If the response was incorrect, participants were returned
to the same problem for up to a maximum of 10 attempts. After 10 failed attempts,
the trial would end without bonus points being awarded. If the response was correct,
participants saw the bonus points earned. The magnitude of the bonus points ranged
from 30 to 90 in 10 increments. If no responses were provided, the trial is counted
as missed and participants would proceed as if it was incorrect. At the end of each
trial, participants were asked to self-report their momentary mood level using a visual-
analog scale ranging from 0 to 10 (O labeled unhappy and 10 labeled happy), as done
in previous work (Keren et al., 2021; Liuzzi et al.,|2021}; Rutledge et al., 2014, 2015).

An overview of the Multi-attempt Letter Task is shown in Fig. |1l There were 168 trials,
each with a unique strings. The difficulty and reward magnitude were fully randomized
and temporally orthogonal to each other, such that the participants experienced the full
range of reward magnitude for each level of difficulty.

2.1.2 Single-Attempt Letter Task

The Single-Attempt Letter Task was identical to the Multi-Attempt Letter Task except
that, as the name suggests, participants were allowed only one attempt for each trial.
In addition, the task also only provided sparse performance feedback. Feedbacks were
only provided randomly on a total of 7 trials, with a between feedback interval ranging
from 15 and 45 trials in 5 increments. Feedback consisted of both percentage and
counts of correct trials (Fig. . To ensure identical overall duration between the Single-
Attempt and the Multi-Attempt Letter Tasks, the number of trials was increased to 210.
The Single-Attempt Letter Task was preregistered prior to data collection and analysis
(osf link).


https://osf.io/st4z5/?view_only=4dd96cafbb8048059f6e021834d0307d

You got 1/ 15 correct.

Your accuracy rate is 6.7%

Figure 2: An example of the feedback on participant performance in the Single-Attempt
Letter Task.

2.2 Participants and Procedure

Participants were recruited through online recruitment platforms Amazon Mechanical
Turk (MTruk) (“Amazon Mechanical Turk”,|[2023) and Prolific (“Prolific”,|[2023)) follow-
ing standard online recruitment protocols (Aguinis et al., 2021; Mortensen & Hughes,

2018).

Before their participation, recruited individuals were presented with informed consent
on a web page, where they must fully read and agree before continuing. Because
both MTruk and Prolific mask personally identifiable information, including email, and
that we only collected behavioral responses and no clinical assessments, our studies
were determined to be exempt from institutional review board review by the National
Institutes of Health (NIH) Office of Human Subjects Research Protections. The protocol
on the consent processes and collection of behavioral responses was approved by the
NIH Office of Human Subjects Research Protections.

At the beginning of the study, participants were first instructed on the task design and
that their bonus earning would be correlated with their task performance. Partici-
pants were reimbursed for their time via respective recruitment platforms, along with a
performance-based bonus payment (later assigned). For the Multi-Attempt Letter Task,
the sample consisted of 27 pilot participants, along with 118 unique participants for the
main sample. For the Single-Attempt Letter Task, we collected data from 320 unique
participants that had not participated in the Multi-Attempt Letter Task previously.

2.3 Data Analysis and Modelling

We excluded participants based on three criteria:

1. percentage of missing data: A trial was considered missing if no response was
provided within the time limit. In the case of the Multi-Attempt Letter Task, where
multiple attempts were allowed, a trial was considered missing if all 10 attempts
had no responses. A percentage was calculated based on the number of trials
missed and participants who were missed more than 20% of the total data were



excluded.

2. number of consecutive identical key-presses: The number of consecutive key-
presses was defined as the number of repetition of the same key. A high number of
repeated key-presses was indicative of a lack of engagement. Thus, we excluded
participants who had consecutive identical key presses on more than 10% of the
total trials.

3. probability of the average number of errors per trial / accuracy count : For
participants who were actively engaged, they should perform better than chance
in this task. To determine if a participant was performing better than chance,
we implemented a simulation-based method to generate synthetic behaviors as
if responses were made randomly. Based on the probability density function of
generated data, we calculated metrics that a participant needed to exceed to be
considered statistically unlikely that they were providing answers randomly (sig-
nificance level = 0.05). Because each task has different design elements, we
employed different metrics for each tasks. For the Multi-Attempt Letter Task, the
metric was the average number of errors per trial, and its threshold was 5.23.
For the Single-Attempt Letter Task, the metric was total accuracy count, and the
threshold was 49.

Using these criteria, we included 105 participants in the Multi-Attempt Letter Task
sample and 210 participants in the Single-Attempt Letter Task sample.

We calculated Pearson correlation to investigate the association between difficulty (n)
and number of errors (e, number of repeats before a correct response). We calculated
the correlation estimate, test statistics and probability using the cor.test function in the
R (version 4.1.3) stat package (R Core Team, 2020). To examine to what extent trial-
by-trial mood ratings m could be predicted by preceding trial events we built linear
mixed-effects regression models using the Ime4 (Bates et al., 2015) package from R (R
Core Team, [2020)). We built four linear mixed effects models as follows. The full model
explained the mood m, ; reported by subject i on trial ¢ as:

me; = (o + Posi) + (0 + Bri)nei + (e + Bei)eri + (oo + Bri)rei + (ar + Bri)t + e (1)

where n,; is the ’th subject’s difficulty level on trial ¢, e;,; indicates whether the trial
was an error (1 = error, O = no error), r,,; indicates reward bonus obtained on that
trial. Fixed effects are denoted by « and random effects varying for each subject by /.
Three component models were examined, containing either difficulty, error or reward
terms in addition to the intercept (g, 5y) and time passage effects (o, 3,), such as the
mood drift over time effect (Jangraw et al., 2023). In each model, mood ratings were
the dependent variable, and task conditions were independent variables.

To examine the effects of task events in the Single-Attempt Letter Task, we constructed
another similar model:

my; = (o + Boi) + (an + Bri)nui + (o + Bai) i + (op + Bri) fri + (ar + Bri)t + € (2)

where the term f,; indicates whether a feedback was displayed (f = 1) or not (f = 0),
A:; indicates the number of trials passed since last feedback was displayed. We included
the f;; and \;; terms to capture the effect of feedback as well as its temporal influence
on momentary mood.



All models included trial number as a predictor to capture time-related mood changes.
Tests for linearity are shown in the supplemental results.

The fixed effect size d was estimated as:

P (3)

2
Orand + Otes

where Ay is the difference between the means, 0%, , is the random effects and o2 the
residual variance.

3 Results

3.1 Multi-Attempt Letter task

We first performed a manipulation check and examined whether longer strings were
indeed more difficult and led to more errors. Figure (3B shows that a higher number of
letters n indeed led to a higher number of errors e (correlation estimate = 0.225, 95%
confidence interval (C.I.) = [0.211, 0.239], t17617 = 30.69, p < 0.001), suggesting that
longer strings were more difficult for participants to order alphabetically.

Next, we examined which aspects of the trials influenced momentary mood ratings. The
component models showed that number of letters (n), errors (e), and reward (r) were
individually associated with the mood ratings (Table [1} figure [3)A). Importantly, while
reward had a positive effect, both difficulty and errors had a negative effect. The effect
of time was always negative, such that with increased in trial number, self-reported
trial-by-trial mood rating decreased, which is consistent with previous studies showing
a mood drift effect in task (Jangraw et al., |2023).

However, number of letters (n), error (e) and reward term (r) were partially correlated,
in part by design. To control for this, we examined the full model containing all effects

(Eqn. [1).

This model showed that while the error and the reward terms remained significant
positive and negative predictors of momentary mood, respectively, the number of letters
term was no longer significant (Table [I)).
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Figure 3: Multi-Attempt Letter Task Results. A): The estimated fixed effects of number
of letters (n), number of errors (¢), reward magnitude (r), and trial (¢) on trial-by-trial
mood rating. Each data point represents the estimated random effects varying for each
subject. Error bar illustrates the standard error of the mean. B): Number of error (e)
for difference levels of number of letters (n). Longer strings were more difficult. The
number of errors increased with the length of the letter strings. Dots show the mean
number of errors for each participant for a particular number of letters.

Model R} orginat Riondgitiona Effect Estimate t-value p-value Effect size
Difficulty 0.023 0.827 n -0.300 -5.823 <0.001 0.082
t -0.894 -4.815 <0.001 0.244
Error 0.040 0.859 e -0.784  -8.705 <0.001 0.207
t -0.970 -5.313 <0.001 0.256
Reward  0.027 0.840 r 0.491 6.193 <0.001 0.135
t -0.917 -4.965 <0.001 0.253
Full 0.043 0.873 n 0.028 0.662  0.509 0.007
e -0.758 -8.538 <0.001 0.203
r 0.417 5.679 <0.001 0.111
t -0.974  -5.337 <0.001 0.260

Table 1: Linear mixed effect models predicting trial-by-trial mood ratings. n denotes
the difficulty or number of letters; e indicates the number of errors; r represents the
reward magnitude; ¢ is the trial number. The degree of freedom for all the independent
variables in the models is 104.



3.2 Single-Attempt Letter Task

In the first version of the task, the effect of cognitive effort appeared to be accounted
for by the more frequent experience of accuracy negative feedback. However, this may
have been a statistical artifact due to issues of collinearity, such that participants both
made increased number of errors and experience higher degrees of cognitive effort
in more difficult trials . To test this, we designed a new version of the letter task
with sparser feedback that allowed a better distinction between the negative impact of
cognitive effort and negative accuracy feedback on mood.

Participants’ accuracy rate in the sparse feedback version was again lower in trials with
more letters n (Figure [4B). This was confirmed by a mixed effects logistic regression
model, showing that the effects of number of letters on trial-by-trial accuracy is signif-
icant (estimate = -0.484, std. error = 0.028, z = -17.145, p < 0.001, effect size =
0.484), controlling for trial number.

To investigate if participants’ accuracy is impacted by the joint effect of time-in-task and
difficulty, we included an interaction between trial number and number of letters. The
mixed effects logistic regression model also revealed a significant negative interaction
(estimate = -0.061, std. error = 0.013, z = -4.831, p<0.001, effect size = 0.061), such
that trial-by-trial accuracy is even lower in later and more difficult trials. These effects
persist even after adjusting for chance probability of each difficulty level (Figure 4[C).

With the removal of trial-by-trial feedback in this task, we found that difficulty (n)
was a significant negative predictor of momentary mood, (Table[2] Figure [4A). We also
examined the effect of the sparse feedbacks (f) on momentary mood. Mood ratings
were lower after feedback regardless of its valence. It is important to note that 64.63%
of the feedback showed below average accuracy rate. However, participants’ mood
slowly recovered from the negative impact of feedback afterwards, as indicated by the
significant positive effect of the term number of trial since last feedback ().

Model R? R?

marginal conditional

Full 0.005 0.875

Effect Estimate ¢-value p-value Effect size

n -0.168 -7.826 <0.001 0.166
f -0.174  -2.449 0.015 0.172
A
t

0.028 2,510 0.013 0.027
-0.146  -3.645 <0.001 0.144

Table 2: Linear mixed effect models predicting trial-by-trial mood ratings. n denotes
the difficulty or number of letters; f indicates whether performance feedback was dis-
played; A represents the number of trials elapsed since last feedback was displayed; ¢ is
the trial number, which we use to infer the mood drift over time effect and time in task
effect. The degree of freedom for all the independent variables in the models is 209.
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Figure 4: A): The estimated fixed effects of number of letters (n) on trial-by-trial mood
rating (z-scored). Each data point represents the estimated random effects varying
for each subject. Error bar illustrates the standard error of the mean. B): Responses
to longer strings were less accurate. Accuracy decreases with the length of the letter
strings. Dots indicate the mean accuracy rate given participant and number of letters.
C): Participants accuracy are all above chance across all difficulty conditions. On the
y axis is the adjusted response accuracy factor which was calculated as the accuracy
rate divided by chance. Chance is different for each number of letter. As the number of
letter increases, the chance probability will decrease, it can be calculated as 1/n.



4 Discussion

We examined the relationship between cognitive effort and momentary mood. In two
tasks, a parametric increase in the exertion of cognitive effort reduced momentary
mood. In the first study, increased cognitive effort led to an increase in errors, and sub-
sequent repeat of the same trial. Therefore, in this task, effort was partially confounded
by other factors such as duration, negative feedback and possibly fatigue. These con-
founds were removed in the second study allowing a direct estimate of the impact of
cognitive effort on momentary mood. This confirmed that effort exertion has an overall
negative effect on momentary affective states on short time scales.

A negative effect of cognitive effort on mood is consistent with both the view of cogni-
tive effort as computational cost, and of momentary mood ratings as running estimates
of reward rates (Bennett et al., 2021; Rutledge et al., 2014)). In terms of the former, we
have noted previous failures to show an obvious energetic correlate of cognitive effort
expenditure (Kurzban, |[2010; Madsen et al.,|[1995). As such, the negative affective con-
sequence of cognitive effort could be due to opportunity costs. Opportunity costs arise
when the execution of one activity means that the rewards for other activities cannot
be earned. Indeed, when comparing the two studies, the impact of cognitive effort on
mood in the first study was particularly marked when subjects were forced to repeat
the same task after errors. While this result is obviously confounded by the negative
feedback itself, the fact that errors in this task cost participants additional time for each
attempt support the idea that opportunity costs contribute to the negative affective re-
sponse to cognitive effort. In the absence of a clear energetic cost for cognitive effort,
the opportunity cost itself is then likely to derive from the limitations on cognitive ca-
pacity (Inzlicht et al.,|2018}; Sandra & Otto, 2018). The existence of a opportunity cost
on cognitively effortful actions is necessary for the effective allocation of cognitive re-
sources. Otherwise, prioritization of cognitive resources for one task would not mean
that alternative tasks cannot be processed.

As for the latter, the question is why should momentary mood or affective judgements
reflect the opportunity costs of cognitive effort, i.e., why should exerting cognitive effort
change how we feel? Numerous studies over the past decade have shown that momen-
tary mood ratings quantitatively reflect recent and history of rewards and losses (Eldar
et al., 2018; Emanuel & Eldar, 2023} Keren et al., 2021}; Liuzzi et al., 2021; Rutledge
et al., [2017; Rutledge et al., |2014, 2015). Specifically, momentary mood is predicted
by not only reward history but also an average of recent positive and negative predic-
tion errors, i.e. whether current experience exceeded expectations or failed to meet
them (Keren et al., [2021; Liuzzi et al., 2021; Rutledge et al., [2014). Monitoring this
rate of reward has been argued to be useful for inferring underlying environmental
changes (de Boer et al., 2017; Kumar et al., 2018; Packheiser et al., 2021) and to
facilitate future behavior (Farrell et al., 2022; Glascher et al., |2010; Rouhani & Niv,
2021} Schultz et al., [1997). This is because the average reward rate is a measure of
the ongoing opportunity cost: an environment with high opportunity cost is one with
high reward rate, i.e., one in which acting slowly causes many rewards to be missed
(Niv et al., [2007). Thus, this motivates high vigor and fast action. A similar argument
can be made for cognitive effort (Brinkmann & Gendolla, |2008; Treadway et al., 2012;
Treadway et al.,|[2009). In this case, low effort—or slow computations—would lead to
a major reduction in reward, hence, motivating high cognitive effort expenditure.



In our study, we assumed a linear relationship between cognitive effort and task dif-
ficulty, and we did not directly measure the sensation of cognitive effort. There is
a possibility that mapping between cognitive effort and difficulty is not linear. First,
while difficulty creates demand for cognitive effort, it is possible that various factors,
such as individual ability, disengagement, and fatigue, could all lead to low cognitive
effort exertion in the face of high difficulty. However, we demonstrated that reaction
time, which is often used as a approximation of cognitive effort exertion (Ganesan,
2020}; Robinson & Morsella, [2014; Robles & Johnson, 2017), is indeed modulated by
task difficulty (see supplemental material: Reaction Time Analysis).

The study has some limitations. It relies on a single subjective mood rating to measure
momentary mood, and we cannot exclude that other aspects of momentary mood could
be affected differently. However, mood ratings to appear to index a general state of
well-being (Eldar et al., 2016; Keren et al., 2021} Liuzzi et al., 2021; Rutledge et al.,
2014)), suggesting that the findings may generalize to a certain extent. Additionally,
initial mood ratings in both studies showed an above average score (see supplemental
material: Baseline Mood Rating Analysis). Although, we showed that initial mood has
no impact on the effects of cognitive effort on mood.

Our study also has strengths. One of the main strength is the large sample size based on
detailed power analyses; c.f. supplemental material). Such large samples have become
more common with online cognitive testing (Gillan & Daw, 2016). Importantly, the
demographics of online recruitment platforms are similar to the general population
(Huff & Tingley, [2015; McCredie & Morey, 2019; Redmiles et al., 2019), with the
main discrepancies in terms of lower affect and social engagement (McCredie & Morey,
2019; Shapiro et al., 2013). The design involving two studies allowed us to replicate
our main findings, and we note that the second study (the Single-Attempt Letter Task)
was pre-registered. Importantly, the second study also showed that the effects remain
when controlling for (or removing) explicit rewards and losses.

In conclusion, across two studies, cognitive effort induced by task difficulty resulted in
reduced self-report moment-to-moment mood ratings. Viewed from a formal setting
of reinforcement learning, the impact of cognitive effort on mood is in keeping with
the putatively normative roles of both effort and mood, providing insight into potential
mechanism for cognitive resource allocation.
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7 Supplemental Material

7.1 Baseline Mood

To ensure that our samples did not contain a disproportionately high number of de-
pressed individuals, we first calculated the summary statistics of the baseline momen-
tary mood rating collected prior to the task, and conducted two tailed t tests on whether
the true mean of the ratings is different than average (ratings = 5). Additionally, we
also conducted a not paired two sample t test on the rating difference between the two
sample. We found that our participants had reported significantly higher than average
momentary mood ratings and that there is no significant difference in starting mood
between the two samples. The summary and t-test statistics are in the table below:

Sample N Min. 1stQu. Median Mean 3rd Qu. Max. t D.F. P

LT 105 0.140 5.040 7.070 6.904 8.890 9.990 8.574 104 < 0.001
LTSF 210 0.150 6.100 7.980 7.472 9.020 10.000 11.966 209 < 0.001
Difference 0.175 206 0.861

Table 3: Summary statistics and one tailed t test results for the Multi-Attempt Letter
Task and the Single-Attempt Letter Task samples. The summary statistics include the
minimum (min.), 1st quartile (1st Qu.), median, mean, 3rd quartile (3rd Qu.) and
maxium (max.).

Therefore, we conclude that our sample do not contain disproportionately high num-
ber of depressed individuals and that our samples are equivalent in terms of baseline
mood. Although, it does suggest that, in both of our sampels, participants on average
have elevated mood to begin with.



7.2 Reaction Time Analysis

To affirm that difficulty manipulation does lead to higher cognitive effort expenditure,
we analyzed the effect of difficulty on another metric that is linked to cognitive effort:
reaction time. Because in the Multi-Attempt Letter Task, the participants were allowed
to repeat a given trial, so their reaction times were not suitable for this analysis. We
then only applied this analysis to the reaction time data from the Single-Attempt Letter
Task.

We first log-transformed all the reaction time data and constructed a mixed effect linear
regression model as following:

log(RT ;) = (o + Boi) + (an + Bri)nes + (ar + Bri)t + € “4)

where RT;; is the reaction time for a given participant (¢) for a given trial (¢). The
rest of the notations are similar to our mixed linear effect model for momentary mood
ratings, as illustrated in the Methods section.

We found that indeed increased number of letters (n) leads to higher reaction time (est.
= 0.061, std. error = 0.006, df = 209, t = 10.157, p < 0.001).

We conclude that indeed higher difficulty leads to higher reaction time, which indicates
increased exertion of cognitive effort.

@

N
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S
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Number of Letters

Figure 5: Reaction Time data from the Single-Attempt Letter Task.



7.3 Time-in-task related effects

To further investigate how participants’ performance and mood changed over the course
of task, we provided additional figures (Figure [6)) to illustrate that the main effects we
have reported is stable and do not change over the course of the task.
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Figure 6: The effects of number of letters on accuracy and mood over the course of the
task. Stage (early, mid late) indicates a factorized form of the time elapsed since the
beginning of the task (evenly split into 3 sections: early/mid/late). A) Accuracy over
the course of the task showed no significant change; B) Difficulty’s impact on mood is
stable over the course of the task; and C) Mood showed downward drifting over time.
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