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Attentional Inertia and Residue in Dual-Tasking Performance: Examining Within- 
and Between-Task Variability Using Multilevel Vector Autoregression Models 

Rinseo Park (rinseo@stanford.edu)1, Christoph Naefgen2, Robert Gaschler2, & Nilam Ram1,3  
1Department of Communication, Stanford University  
2Department of Psychology, FernUniversität in Hagen 

3Department of Psychology, Stanford University  
 

Abstract 
When individuals attempt to complete multiple tasks 
simultaneously, constraints on how attention is deployed 
influence performance. However, experimental findings from 
dual-tasking paradigms often rely on analysis of aggregated 
data that obscure study of how the carryover or spillover of 
attention over time – attentional inertia and residue – changes 
within person and over time. This study introduces an 
analytical framework for examining if and how attentional 
control settings from an initial task persist both within the same 
task (attentional inertia) and between two different tasks 
(attentional residue) across trial, session, and person levels. 
Leveraging reaction time data from 58 participants who 
completed 20 online sessions of dual-task performance blocks, 
we employed multilevel vector autoregression models to 
simultaneously model the lagged and cross-lagged effects. Our 
results demonstrate that both positive inertia and positive 
residue effects manifest and that they are positively correlated, 
especially for those originating from the same initial task. 

Keywords: attention; dual-tasking; attentional inertia; 
attentional residue; multilevel analysis; dyadic analysis 

Introduction 
In everyday life, individuals engage and frequently switch 
among multiple tasks. Studies suggest that when the mental 
resources involved overlap, the processes governing 
allocation and reconfiguration of resources across tasks 
interfere with each other (Monsell, 2003). The “interference” 
manifests in multiple ways. For example, when individuals 
attempt to complete two tasks simultaneously, performance 
of a given task might interfere with subsequent performances 
of both the same task – which is often referred to as 
attentional inertia – and the other task – attentional residue. 
Although both types of interference have been documented 
in task switching and sustained attention literatures, studying 
them in a dual-tasking scenario may require multivariate 
models that accommodate both within- and between-task 
relations and the multilevel structure of repeated measures 
nested within individuals. Departing from traditional 
between-subjects configuration of experimental designs and 
analysis of session-level aggregate data (Hamaker, 2012; 
Molenaar, 2004) we introduce the possibility of using 
multilevel vector autoregression (mlVAR) models to 
examine the within- and between-task variability in dual-
tasking performance across trials, sessions, and persons. 

Attentional Inertia and Residue 
In the task switching literature, attentional inertia and residue 
represent two ways that interference between tasks manifests 

across time. We use and extend these constructs to examine 
the temporal dynamics in a dual-tasking paradigm where 
participants perform two tasks simultaneously. Attentional 
inertia is a carryover effect within the same task (Longman et 
al., 2014; Richards & Anderson, 2004); for example, when a 
slower performance on one trial carries forward to the next 
trial so that it is also slower than expected. Attentional residue 
is a spillover effect between two different tasks (Leroy, 
2009); for example, when a slower performance on one task 
carries forward to the other task so that it is also slower than 
expected. Prior research has shown how these phenomena are 
driven by attentional control settings that influence the 
allocation of attention and thus performance in a task (Folk 
et al., 1992; Kaptein et al., 1995; Rossi & Paradiso, 1995). 
These settings become increasingly persistent when a 
participant invests more time or cognitive effort into an initial 
task (Leber & Egeth, 2006; Thompson et al., 2015). Their 
persistence can also influence performance of other tasks. 
Wendt et al. (2017) showed that even limited exposure to an 
initial task can result in the persistence of these settings to a 
second task. This type of interference manifests as “switch 
costs,” for example when performance declines (increased 
reaction time or error rates) when shifting between mental 
sets (Allport et al., 1994; Rogers & Monsell, 1995).  

Theoretical Mechanisms of Dual-Task Interference 
Interference in the dual-tasking setting is typically measured 
as the difference in secondary-task reaction times (STRTs) 
between an experimental condition when two stimuli appear 
simultaneously and a condition when only one stimulus is 
presented. The increase in STRTs in the dual-task condition 
is commonly referred to as the psychological refractory 
period (PRP) effect and theorized in two frameworks (Klapp 
et al., 2019; Strobach, 2020). On one hand, bottleneck theory 
suggests that cognitive processes have a structural bottleneck, 
characterized by the queuing of cognitive operations and 
serial processing (Lien et al., 2005; Pashler, 1984, 1994; 
Telford, 1931; Welford, 1952, 1959). On the other hand, 
shared capacity theory suggests that cognitive resources are a 
limited pool, characterized by the sharing of cognitive 
capacities and parallel processing (Navon & Gopher, 1979; 
Tombu & Jolicoeur, 2003, 2005). 

Regarding the persistence of attentional control settings, 
these theories provide separate explanations of how the 
different types of interference – attentional inertia and residue 
– manifest. Bottleneck theory predicts positive inertia and 
residue effects, as they both result from structural delay 
required to reconfigure a single channel (i.e., single channel 
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hypothesis). A central processing mechanism governs both 
carrying over and switching away from an attentional control 
setting (Allport et al., 1994; Koch et al., 2018; McCann & 
Johnston, 1992), suggesting positive correlations between 
lagged and cross-lagged relations originating from an initial 
task. In contrast, shared capacity theory suggests that 
attentional inertia and residue effects will be less pronounced 
or even negative, as multiple processes can operate in parallel, 
competing for a common resource pool. This theory thus 
predicts zero to negative correlations among these effects, as 
a capacity that is used to maintain a setting is no longer 
available to clear that residue. Previously, Naefgen et al. 
(2023) found positive correlations between single- and dual-
tasking performance at the session and person levels. 
Similarly, we hypothesize that positive inertia and residue 
effects manifest and are positively correlated at the trial level, 
providing further evidence for the bottleneck theory. 

Modeling Within- and Between-Task Variability in 
Attentional Dynamics 
Generally, the relations between variables observed in cross-
sectional data cannot be used to infer relations between these 
variables at the person level (Hamaker, 2012; Molenaar, 
2004). Thus far, classic findings on switch costs often relied 
on analysis of (cross-sectional) differences in group-level 
means (e.g., Allport et al., 1994; Folk et al., 1992; Rogers & 
Monsell, 1995). In response, there are increasing efforts to 
introduce multilevel modeling frameworks that support more 
accurate inference about within-person dynamics (Brose et 
al., 2012; Wagenmakers et al., 2018). While previous studies 
on attentional inertia and residue effects have attempted to 
address how participants’ attentional control settings change 
over time using within-subjects designs and continuous 
measurements such as eye-tracking data (e.g., Longman et al., 
2014; Richards & Anderson, 2004), it is not yet known 
whether and how the bidirectional attentional effects between 
two tasks change within person and over time. 

We specifically employ multilevel vector autoregression 
(mlVAR) models that can capture these within-person lagged 
and cross-lagged relations. mlVARs are increasingly being 
used to study temporal relations among multiple variables 
measured on many occasions (Bringmann et al., 2013; Ernst 
& Haslbeck, 2025). These models have been useful for 
studying study affect dynamics, including feedback loops 
among positive and negative emotions and daily stressors 
(Hamaker et al., 2018; Koval et al., 2012; Kuppens & 
Verduyn, 2017; Masten & Cicchetti, 2010). These models 
have also been used to study interpersonal relationships, such 
as those between parents and children or romantic partners 
(Bolger & Laurenceau, 2013; Chow et al., 2015; LoBraico et 
al., 2020). Although these models have not yet been used to 
study attentional dynamics, similarities in both the general 
form of the research questions and the longitudinal data 
structures suggest that they can be useful for study of how 
attentional inertia and residue manifest in dual-tasking 
paradigms. Our paper aims to fill this gap. 

The Present Study 
Our study has three specific aims. First, we propose a trial-
level analysis that can better capture the variability in dual-
tasking performance. For this aim, we leverage a hierarchical 
variance decomposition model to partition variance into three 
levels. Second, we examine how attentional inertia and 
residue manifest by simultaneously modeling them as the 
lagged and cross-lagged coefficients in a single framework. 
Third, we test if and how person-specific inertia and residue 
parameters are correlated. Following bottleneck theory, we 
hypothesize that these parameters are positive and positively 
correlated. For the second and third aims, we use a mlVAR 
approach that facilitates study of bidirectional influences 
across two tasks while accommodating the nested structure 
of multi-trial, multi-session data (repeated trials nested within 
multiple sessions nested within individuals). 

Method 

Participants and Procedures 
Data were obtained from 58 students at the University of 
Hagen (12 male, 43 female, 3 not-reporting; age M = 32 years, 
SD = 8 years, range = 20-53 years) who, during a two-week 
period, completed at least 20 online testing sessions using 
their own computers. Comprehensive details about the study 
can be found in Naefgen et al. (2023), where analysis of 
session-level RT averages confirmed that better single-
taskers were better dual-taskers (i.e., consistency in between-
person differences in task performance) and that better 
single-tasking sessions were also better dual-tasking sessions 
(i.e., consistency in session-to-session fluctuations in task 
performance; positive correlations between single- and dual-
tasking performance at the session and person levels). In this 
study, we leverage trial-level RT data from dual-task blocks 
to examine attentional inertia and residue. 

 
Single/Dual Task At each session, participants completed 
two single-tasking blocks and a dual-tasking block. In the 
first block, participants completed 32 trials of Task A. In each 
trial of this binary decision task, either a “1” or a “2” appeared 
at the center of the screen and participants were instructed to 
press the corresponding number key in response. Participants 
then completed 32 trials of Task B. In each trial of this 
selection task, an “X” appeared either above, below, left, or 
right of the center of the screen where a “+” was displayed, 
and participants were instructed to press the corresponding 
arrow key. After these first 32 + 32 = 64 single-task trials, 
participants completed 64 dual-task trials in which the two 
previous tasks were combined using the left (Task A) and 
right hands (Task B). The two tasks were performed 
simultaneously, with instruction that each response be given 
as soon as it was ready without waiting for the other response. 
In this dual-tasking block, grouping of responses was 
alleviated through variation of stimulus onset asynchrony 
(SOA), where the stimulus onset of Task B was delayed 
relative to Task A. For each trial, the SOA was randomly 
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selected from 0 ms, 200 ms, 400 ms, 800 ms. In all trials, 
when the participant made an error, “Error” was displayed on 
the screen for 300 ms before the next trial. Each task session 
lasted approximately five minutes. In total, the 58 
participants completed between 20 and 33 sessions (M = 22, 
SD = 2.53). Data from the dual-task blocks across each 
participant’s first 20 sessions were included in the analysis. 
 
Reaction Time (RT) RTs were recorded for each trial for 
both Task A and Task B (unit = ms). While all raw RTs were 
measured from the start of a trial, RTs for Task B in the dual-
task blocks were adjusted by subtracting the SOA (from raw 
RT values) to indicate times relative to stimulus onset. 
 
Stimulus Onset Asynchrony (SOA) The onset of the 
stimulus for Task B was randomized across trials by a 
specific amount of SOA = 0 ms, 200 ms, 400 ms, 800 ms. 
Although neither task was to be preferred to the other, 
participants responded to Task A before Task B in the 
majority of trials (~93% of trials). The SOA variable was 
divided by 1,000 so that one unit corresponds to one second. 

Data Preparation 
Data preparation proceeded in three stages. First, we recoded 
RTs for incorrect responses, errors, and outliers as missing 
data (while leaving the original trial number indices 
unchanged). Second, we standardized the raw RT data to z-
scores. Third, we separated the z-scores into trial-, session-, 
and person-level variables to obtain predictors at each level. 
 
Cleaning First, raw dual-task RT data consisted of 73,158 
observations across 20 sessions from 58 participants (Task A: 
M = 705, SD = 601, range = 7 to 105,388 ms; Task B: M = 
771, SD = 661, range = -754 to 83,888 ms). Prior to analysis, 
we removed (1) RTs for incorrect responses (n = 3,901), (2) 
RTs that were less than zero, i.e., individual responses that 
were made before the start of a stimulus (n = 38), and (3) 
outliers that were more than 2,500 ms (n = 511). As a result, 
the final sample consisted of 68,708 observations (93.9% of 
the raw dataset). Although, outliers were defined as raw RTs 
> 2,500 ms (highest cutoff used in Ratcliff, 1993), follow-up 
analyses with different cutoff values and transformations are 
in supplementary files (available upon request). 
 
Standardization Second, the raw RT data were standardized 
to z-scores to ensure that variances are equal across the two 
tasks (Chow et al., 2015). To check whether the standardized 
data conformed to a stationarity assumption, we conducted 
Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests using trial-
level data. These tests indicated that 81% of the RT data for 
Task A and 89% of the RT data for Task B across all sessions 
per individual was stationary at the α = .05 significance level 
(Bringmann et al., 2014; Kwiatkowski et al., 1992). We thus 
proceeded with the stationarity assumption. 
 
Centering Third, to address the three-level nested data 
structure of dual-tasking blocks, we decomposed the trial-

level RT into three variables representing deviations from the 
sample-, person-, and session-level means (see Bolger & 
Laurenceau, 2013). The standardized RT for Task A or B at 
trial t for session s of person i, RT!"#, is decomposed such that 

RT!"# = PersonRT! + SessionRT!" + TrialRT!"#   (0) 
where person-specific means are denoted by PersonRT! ; 
session-level deviations (from person-specific means) are 
denoted by SessionRT!" ; and trial-level deviations (from 
session-specific means) are denoted by TrialRT!"# . For 
example, a positive value of TrialRT!"# indicates that the RT 
for trial t was longer than the average Task A RT across all 
64 trials in session s of person i. Figure 1 illustrates how this 
trial-level variability manifests in relation to session- 
(red/blue dotted lines), person- (red/blue solid lines), and 
sample-level means (black solid lines at zero). 

 
Figure 1: Observed trial-level variability in RT for one 
participant (P #01) across three sessions (S #01-#03). 

Data Analysis 
To examine how bidirectional attentional processes manifest 
at three levels, we employed two modeling approaches: 
hierarchical variance decomposition and mlVAR models. 

Hierarchical Variance Decomposition 
To confirm that trial-level analysis can capture the variability 
resulting from processes of attentional inertia and residue, we 
fitted unconditional multilevel models to partition variance in 
the three-level design following set-up in Gatzke‐Kopp & 
Ram (2018). Formally, the standardized RT variables are 
represented by the combination of trial-level, session-level, 
and person-level variance, such that 

RT!"# = β$!" + γ$$! + 𝑟$!" + 𝑒!"# (1) 
where 𝑒!"# is assumed to be distributed as N(0, σ%&) at the trial 
level; 𝑟$!"  is assumed to be distributed as N(0, σ'$& ) at the 
session level; and 𝑢$$! is assumed to be distributed as N(0, 
σ($$& ) at the person level. This approach informs what 
proportion of the total variance in the observed Task A or 
Task B RTs may be accounted for by trial-to-trial processes, 
(including attentional inertia, attentional residue, and noise), 
as well as the proportions of the total variance that may be 
accounted for by session-to-session fluctuations and person-
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to-person differences. The extent of total variance attributed 
to each level is calculated as )!""#

)!""# *)$"# *)%#
 (person), 

)$"#

)!""# *)$"# *)%#
 (session), )%#

)!""# *)$"# *)%#
 (trial), where σ($$& +

σ'$& + σ%& equals to the total observed variance in the RT data.  

Multilevel Vector Autoregression 
To examine how trial-to-trial attentional inertia and residue 
effects manifest and correlate at the person level, we fitted 
multilevel VARs that account for both the multivariate 
(Tasks A and B) and nested (multiple trials within sessions 
within persons) structure of the data (LoBraico et al., 2020).  

 

 
Figure 2: mlVAR model diagram (a) and random effects (b). 
 

As illustrated in the upper panel (a) of Figure 2, attentional 
inertia and residue effects are modeled as parameters defining 
autoregressive (inertia, solid arrows) or cross-lagged (residue, 
dashed arrows) effects across successive trials. Formally, 

TrialA!"# = β+,!"TrialA!"(#.+) + β&,!"TrialB!"(#.+) +
β0,!"SOA!"# + β1,!"TrialA!"(#.+)SOA!"# +
β2,!"TrialB!"(#.+)SOA!"# + 𝑒,!"#         (2.1) 

TrialB!"# = β+3!"TrialA!"(#.+) + β&3!"TrialB!"(#.+) +
β03!"SOA!"# + β13!"TrialA!"(#.+)SOA!"# +
β23!"TrialB!"(#.+)SOA!"# + 𝑒3!"#         (2.2) 

where TrialA!"(#.+)  and TrialB!"(#.+)  denote the extent of 
deviation with one time lag at trial (t-1) for session s of person 
i for Task A and B, respectively. Inertia effects are 
represented by β+,!" for Task A (A → A) and β&3!" for Task 
B (B → B), whereas residue effects from Task A to B are 
represented by β+3!" (A → B) and those from Task B to A are 
represented by β&,!" (B → A). Next, β0,!" denotes the extent 
of additional delay in Task A completion associated with 
SOA and β03!"  in Task B. Additionally, trial-level 
moderations were included to examine how these effects are 
moderated by the asynchrony in Task B’s stimulus onset. 
β1,!" denotes the extent of inertia (A → A) effects moderated 

by SOA, β13!" denotes the extent of residue (B → A) effects 
moderated by SOA, β2,!" denotes the extent of residue (A → 
B) effects moderated by SOA, and β23!" denotes the extent 
of inertia (B → B) effects moderated by SOA. 𝑒,!"# and 𝑒3!"# 
are error terms at trial t for session s of person i for Task A 
and Task B, respectively, which are assumed to be distributed 
as N(0, σ&) with the correlation parameter 𝜌. This correlation 
structure was found to provide the best fit compared to 
alternatives (i.e., independent, autoregressive). 

The session-specific parameters are then simultaneously 
modeled as a function of person-specific parameters, β+,!" =
γ+$,! + γ++,!SessionA!" + γ+&,!SessionB!"  (3.1), β&,!" =
γ&$,! + γ&+,!SessionA!" + γ&&,!SessionB!"  (3.2), β0,!" =
γ0$,! + γ0+,!SessionA!" + γ0&,!SessionB!"  (3.3), β1,!" =
γ1$,!  (3.4), β2,!" = γ2$,!  (3.5), β+3!" = γ+$3! +
γ++3!SessionA!" + γ+&3!SessionB!"  (3.6), β&3!" = γ&$3! +
γ&+3!SessionA!" + γ&&3!SessionB!"  (3.7), β03!" = γ0$3! +
γ0+3!SessionA!" + γ0&3!SessionB!"  (3.8), β13!" = γ1$3! 
(3.9), β23!" = γ2$3!  (3.10) where, in Eq. 3.1, γ+$,!  is the 
prototypical value of person i’s inertia effect for Task A. 
Positive γ++,!  indicates that session-specific inertia effects 
β+,!"  increase with larger positive session-level deviations. 
Session-level moderations were included for both Task A 
(see Eqs. 3.1 to 3.3) and Task B (see Eqs. 3.6 to 3.8).  

These person-specific parameters are in turn modeled as a 
function of sample-level parameters, γ+$,! = π+$$, +
π+$+,PersonA! + π+$&,PersonB! + 𝑢+$,! (4.1), γ++,! =
π++$,  (4.2), γ+&,! = π+&$,  (4.3), γ&$,! = π&$$, +
π&$+,PersonA! + π&$&,PersonB! + 𝑢&$,!  (4.4), γ&+,! =
π&+$,	 (4.5), γ&&,! = π&&$,  (4.6), γ0$,! = π0$$, +
π0$+,PerssonA! + π0$&,PersonB!  (4.7), γ0+,! = π0+$, 
(4.8), γ0&,! = π0&$,  (4.9), γ1$,! = π1$$,  (4.10), γ2$,! =
π2$$,  (4.11), γ+$3! = π+$$3 + π+$+3PersonA! +
π+$&3PersonB! + 𝑢+$3!  (4.12), γ++3! = π++$3 (4.13), 
γ+&3! = π+&$3 (4.14), γ&$3! = π&$$3 + π&$+3PersonA! +
π&$&3PersonB! + 𝑢&$3!(4.15), γ&+3! = π&+$3(4.16), γ&&3! =
π&&$3 (4.17), γ0$3! = π0$$3 + π0$+3PersonA! +
π0$&3PersonB! (4.18), 	γ0+3! = π0+$3 (4.19), γ0&3! = π0&$3 
(4.20), γ1$3! = π1$$3 (4.21), γ2$3! = π2$$3  (4.22), and 
finally (4.23), 
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where, in Eq. 4.1, π+$$, is the prototypical value of inertia 
effect for Task A. Positive π+$+,  indicates that person-
specific inertia effects γ+$,!  increase with larger positive 
deviations from the sample-level mean. Person-level 
moderations were included for both Task A (see Eqs. 4.1, 4.4, 
4.7) and Task B (see Eqs. 4.12, 4.15, 4.18). 

For attentional inertia (see Eqs. 4.1 and 4.15) and 
attentional residue (see Eqs. 4.4 and 4.12) effects, random 
effects were included to allow for individual differences. The 
four random effects (𝑢+$,!, 𝑢&$,!, 𝑢+$3!, 𝑢&$3!) are assumed 
to follow a multivariate normal distribution with an 
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unstructured covariance structure (see Eq. 4.23). Of 
particular interest is the value of the 𝜎+,+3  and 𝜎&,&3 
parameters, which indicate the correlation between 
attentional inertia of Task A and attentional residue from 
Task A to Task B and the correlation between attentional 
inertia of Task B and attentional residue from Task B to Task 
A. These parameters indicate the relations between carrying 
over and reconfiguring mental resources for an initial task 
and hypothesized to be positive by the bottleneck theory. 

In practice, Equations 2.1 to 4.23 were combined and 
estimated simultaneously in a single multilevel model using 
dummy variables that indicate whether the observation was 
A or B (Bolger & Laurenceau, 2013). All models were 
estimated using the “nlme” library in R (Pinheiro & Bates, 
2000). Further details are available from https://bit.ly/u4pce. 

Results 

Quantifying Trial-Level Variability 
From the hierarchical variance decomposition, we found that 
variance in the dual-task RT performance was mostly 
attributed to trial-to-trial fluctuations and person‐level 
differences. For Task A, trial-level variance accounted for 
44% of the total variance in RT, person-level variance 
accounted for 46%, and session-level variance accounted for 
10%. For Task B, trial-, person- and session-level variance 
accounted for 57%, 30%, and 12% of the total variance. 

Attentional Inertia and Residue Effects 
We fit and compared the fit of three nested multilevel VARs 
structured to examine if and how moderations at the trial, 
session, and person level might help explain the within- and 
between-task variability of RT. We focus our interpretation 
on the full model which provided the best fit (𝜒&(12)  = 
3985.855, p < .001) and included all three-level moderations. 

Our results suggest that both positive attentional inertia and 
positive attentional residue manifest in dual-tasking 
performance blocks. Positive inertia effects for both Task A 
(𝜋+$$, = 0.089, p < .001) and Task B (𝜋&$$3 = 0.086, p < 
.001) indicate that when an average person performing a 
prototypical session (i.e., both person- and session-level 
moderations are zero) is slower than expected on a given trial, 
they also tend to be slower on the next trial of the same task. 
Similarly, positive residue effects in both directions, from 
Task A to B (𝜋+$$3 = 0.038, p < .001) and from Task B to A 
(𝜋&$$,  = 0.064, p < .001), indicate that when a person’s 
performance for one task on the given trial is slower than 
expected (i.e., RT is longer than the person’s session 
average), they also tend to be slower on the next trial of the 
other task. In sum, these four positive coefficients suggest 
and support that attentional settings from an initial task 
persist, both within and between tasks. 

Our model facilitates examination of how this dual-task 
interference is moderated by session- and person-level 
differences in performance. Specifically, in sessions when 
Task A performance was slower than usual, both inertia for 
Task A and residue from Task A to B increased (𝜋++$,  = 

0.243, p < .001; 𝜋++$3  = 0.039, p < .001); in complement, 
inertia for Task B and residue from Task B to A decreased 
(𝜋&+$,  = -0.174, p < .001; 𝜋&+$3  = -0.062, p < .001). We 
found mixed findings for session-level performance for Task 
B (SessionB), but all coefficients were closer to zero than 
those related to session-level performance for Task A 
(SessionA). However, interestingly, there was no evidence 
that attentional inertia or residue were moderated by person-
level differences in performance speed (p’s > .05). 

Our model also shows that SOA moderates dual-tasking 
performance in different ways. For example, Task B 
performance was faster (𝜋0$$3 = -0.343, p < .001) and Task 
A performance was slightly slower (𝜋0$$, = 0.028, p < .001) 
on trials where Task A was presented first and Task B 
appeared only after an SOA. Specifically, attentional inertia 
effects increased for Task A (𝜋1$$,  = 0.056, p < .001), 
indicating that attentional control settings were more 
persistent when the stimulus onset of Task B was delayed. In 
contrast, these inertia effects decreased for Task B (𝜋2$$3 = -
0.118, p < .001). Residue effects from Task A increased with 
SOA (𝜋1$$3  = 0.035, p < .001) but those from Task B 
decreased with SOA (𝜋1$$, = -0.053, p < .001). 

Correlation of Inertial and Residue Effects 
Overall positive random effects suggest that there is a high 
overlap between inertia and residue effects at the person 
level. While attentional inertia and residue effects from the 
same task (e.g., inertia A → A and residue A → B) showed 
positive correlations (𝜎+,+3  = 0.347 from Task A; 𝜎&,&3  = 
0.247 from Task B), those effects from different tasks (e.g., 
inertia A → A and residue B → B) were negatively correlated 
(𝜎+,&, = -0.311; 𝜎+3&3 = -0.421). 

Discussion 
We employed two modeling approaches to examine how 
attentional inertia and residue effects manifest at the person 
level. In the first approach, we fitted hierarchical variance 
decomposition models to partition variance into three levels, 
examining how much trial-level variability accounts for the 
total variance. In the second approach, we fitted mlVARs 
wherein inertia and residue effects are represented as the 
lagged and cross-lagged relations of RT. By employing 
multilevel VARs, we assessed how these person-specific 
parameters are correlated in testing bottleneck theory. 
Overall, our results confirm existing findings and expand the 
literature into multilevel and dyadic analysis. We now discuss 
how our analysis addresses the three specific aims. 

First, our hierarchical variance decomposition analysis 
demonstrates that trial-level variance accounts for a 
significant portion of the total variance and thus should be 
considered in the analysis. Of the total variance in RT, trial-
level variance accounted for 44% (Task A) and 57% (Task 
B), while person-level variance accounted for 46% (Task A) 
and 30% (Task B). This suggests that traditional modeling 
approaches – where the RT data are averaged at the session 
or person level prior to analysis to remove trial-level “noise” 
– might fail to capture systematic patterns in the within-task, 
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trial-to-trial variability. Furthermore, session-level variance 
accounted for the smallest portion of all three levels (10% for 
Task A; 12% for Task B); this also suggests that averaging at 
the session level (e.g., Brose et al., 2012; Naefgen et al., 
2023) might not be sufficient for within-person level 
analysis. Taken together, our variance decomposition 
analysis provides a rationale of why we fitted multilevel 
VARs at the trial level to examine how attentional inertia and 
residue manifest in in dual-tasking performance. 

Second, mlVAR results indicated that all four attentional 
inertia and residue effects are positive. These results align 
with previous findings that attentional control settings are 
persistent both within and between tasks. Our analysis of 
session- and person-level moderations also explains how this 
type of interference might change with session-to-session 
fluctuations and person-to-person differences. Notably, 
attentional inertia and residue effects increase when session-
level performance is slower than expected, particularly for 
the initial task (Task A). This finding is also consistent with 
the existing literature that attentional control settings become 
more persistent when a participant invests more time or 
cognitive effort into an initial task. In contrast, we found that 
this persistence might be weaker for the secondary task (Task 
B). Finally, the null coefficients of moderations at the person 
level suggest that extent of attentional inertia and residue – 
that manifest at the trial level – does not differ systematically 
across generally high- and low-performing individuals. 

 
Figure 3: mlVAR predictions at the person level (shown as 
thin lines) and at the sample level (shown as thick lines). 
 
Aligning with the PRP effect, our results indicated that 

longer SOAs are generally associated with faster Task B 
performance but slightly slower Task A performance. 
Additionally, Figure 3 illustrates how increasing SOA (from 
left to right) moderates attentional inertia and residue effects 
for a prototypical session and an average person. Overall, the 
decreasing trends across trials suggest that a slower 
performance on an initial trial gradually returns to the 
baseline. SOA facilitates this recovery, particularly for the 
secondary Task B. The blue line graphs for Task B in the first 
and third rows are steeper than the red line graphs for Task A 
in the first and second rows, and this pattern is consistent with 

our finding that inertia effects for Task B decreased whereas 
those for Task A increased, with longer SOAs. By contrast, 
the red line graph for Task A in the third row is flat even as 
the RT for Task B decreases more sharply at longer SOAs. 
This observation is consistent with the finding that residue 
effects from Task B decreased with SOA whereas those from 
Task A increased with SOA.  

Third, these attentional inertia and residue effects are 
positively correlated, especially for those originating from 
the same initial task. This supports the bottleneck theory, 
suggesting that both effects are manifestations of the same 
structural reconfiguration speed and that a single channel 
governs the two possible directional influences of the initial 
task. However, the negative correlations between two 
direction influences flowing into the same second task 
suggest a within-task competition from attentional control 
settings, aligning with the shared capacity theory. Taken 
together, our findings are largely consistent with the 
bottleneck theory, but they also highlight the complex 
dynamics of these bidirectional influences. 

Limitations and Future Outlook 
Our mlVAR approach demonstrates the viability of 
simultaneously examining attentional inertia and residue 
effects. We discuss three limitations and future directions that 
can be useful to further elaborate on how these types of 
interference manifest. First, because our model is based on 
the stationarity and normality assumptions after removing 
outliers, future research should employ more flexible 
modeling that is robust to these assumptions and outliers 
(Craigmile et al., 2010; Ratcliff, 1972). Second, while our 
results showed positive inertia and residue parameters, we did 
not formally test whether these parameters differ (Gade et al., 
2021). For example, are attentional inertia effects greater than 
attentional residue effects? Are attentional control settings 
during dual-task blocks more persistent than those during 
single-task blocks? How does task difficulty asymmetry 
between Task A and Task B manifest? Future studies may 
employ a Bayesian modeling framework to address these 
questions (Wagenmakers et al., 2018). Third, we lack a 
mechanistic explanation of why attentional inertia or residue 
manifests (e.g., latent variable modeling, dynamical systems 
approach, Ernst & Haslbeck, 2025; Gates & Liu, 2016). 

Conclusion 
While research shows that attentional control settings may 
carryover or spillover over time, many findings often rely on 
cross-sectional data and analysis of group-level mean 
differences. Using hierarchical decomposition and mlVAR 
modeling approaches, we introduced a framework that can 
capture bidirectional influences across two tasks while also 
accommodating the nested structure of multi-trial, multi-
session data. Our results suggest that these settings are indeed 
persistent both within (positive inertia) and between (positive 
residue) tasks. Overall positive correlations among these 
parameters, particularly those correlations originating from 
the same initial task, support bottleneck theory. 
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