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Deficits in attention underpin many of the cognitive and neuropsychiatric features of Lewy body dementia. These attention-related symp-

toms remain difficult to treat and there are many gaps in our understanding of their neurobiology. An improved understanding of atten-

tion-related impairments can be achieved via mathematical modelling approaches, which identify cognitive parameters to provide an

intermediate level between observed behavioural data and its underlying neural correlate. Here, we apply this approach to identify the

role of impaired sensory evidence accumulation in the attention deficits that characterize Lewy body dementia. In 31 people with Lewy

body dementia (including 13 Parkinson’s disease dementia and 18 dementia with Lewy bodies cases), 16 people with Alzheimer’s disease,

and 23 healthy controls, we administered an attention task whilst they underwent functional 3 T MRI. Using hierarchical Bayesian esti-

mation of a drift-diffusion model, we decomposed task performance into drift rate and decision boundary parameters. We tested the hy-

pothesis that the drift rate—a measure of the quality of sensory evidence accumulation—is specifically impaired in Lewy body dementia,

compared to Alzheimer’s disease. We further explored whether trial-by-trial variations in the drift rate related to activity within the de-

fault and dorsal attention networks, to determine whether altered activity in these networks was associated with slowed drift rates in

Lewy body dementia. Our results revealed slower drift rates in the Lewy body dementia compared to the Alzheimer’s disease group,

whereas the patient groups were equivalent for their decision boundaries. The patient groups were reduced relative to controls for both

parameters. This highlights sensory evidence accumulation deficits as a key feature that distinguishes attention impairments in Lewy

body dementia, consistent with impaired ability to efficiently process information from the environment to guide behaviour. We also

found that the drift rate was strongly related to activity in the dorsal attention network across all three groups, whereas the Lewy body

dementia group showed a divergent relationship relative to the Alzheimer’s disease and control groups for the default network, consistent

with altered default network modulation being associated with impaired evidence accumulation. Together, our findings reveal impaired

sensory evidence accumulation as a specific marker of attention problems in Lewy body dementia, which may relate to large-scale net-

work abnormalities. By identifying impairments in a specific sub-process of attention, these findings will inform future exploratory and

intervention studies that aim to understand and treat attention-related symptoms that are a key feature of Lewy body dementia.
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Introduction
Deficits in attention are a prominent feature of Lewy

body dementia—an umbrella term that includes de-

mentia with Lewy bodies and Parkinson’s disease de-

mentia. Core symptoms of these diseases, including a

dysexecutive profile, recurrent visual hallucinations

and cognitive fluctuations have all been related to

attentional impairments.1–4 These pose a difficult con-

stellation of symptoms to treat, and there are still

many gaps in our understanding of their underlying

neurobiology. A potential way forward is to move

away from lumping deficits together under the some-

what nebulous and poorly specified construct of atten-

tion dysfunction,5,6 and identify more specific

processes that are impaired.One strategy is to apply
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Abbreviated summary

Using a mathematical modelling approach, O’Callaghan et al. reveal that a specific aspect of attention—sensory evidence accumulation—is impaired

in Lewy body dementia and linked to large-scale brain networks. This finding offers new insight into attention impairment in Lewy body dementia

and its underlying neurobiology.
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mathematical modelling approaches that decompose

behavioural tasks into their constituent sub-processes.7

Such models aim to provide an intermediate level be-

tween observed behavioural data and its underlying

neural correlate.8 In neurodegenerative conditions,

parameters derived from these models have been in-

formative in classifying syndromes9,10 and in measur-

ing the effects of treatment interventions.11–13 A class

of models that can be used to explore sub-processes

related to attention are drift-diffusion models. In these

models, perceptual decision making is conceptualized

as the accumulation of noisy sensory evidence over

time, until it reaches a threshold where a choice is

made.14–16 The ability to efficiently select and accu-

mulate sensory information, in order to prioritize and

shape interactions with the environment, forms a key

component of what is broadly termed ‘attention’.5,17

Processes that contribute to efficient sensory evidence accu-

mulation are affected in Lewy body dementia. Visual dys-

function is common, ranging from deficits in early processes

such as contrast and colour discrimination, to impairments

in higher-order object perception.18,19 Likewise, the co-ordin-

ation of brain networks subserving externally versus internal-

ly driven orienting processes is impaired.20–22 In Lewy body

dementia, there has been a growing focus on the interplay

between the default network, which is typically supressed

during externally-oriented, demanding tasks, and the dorsal

attention system which is engaged during such tasks.23–25

Across the Lewy body disease spectrum, impaired perform-

ance on attention-related tasks has been linked to altered co-

ordination between the default network and dorsal attention

or primary visual networks.26–32 Overall, these studies have

pointed towards impaired engagement of externally orienting

systems, coupled with a reduced ability to modulate the de-

fault network. Related to this are findings in Lewy body de-

mentia that show a reduced variability of global brain

network efficiency33 and slowed microstate dynamics34—

consistent with abnormally rigid brain networks that lack

the necessary flexibility to respond to environmental

demands, such as sensory evidence accumulation.

Much of the existing work in sensory evidence accumu-

lation has involved single-unit recordings in non-human

primates, identifying ‘accumulator regions’—for example,

in the lateral intraparietal area, frontal eye fields and su-

perior colliculus—where activity increases in a ramp-like,

or drift, fashion as information is integrated towards a

choice.35–38 In contrast, fMRI studies have attempted to

provide a more holistic, systems-level view of evidence ac-

cumulation correlates across the brain.39,40 These have

broadly implicated a frontoparietal network involved in

externally oriented attention,8,41–43 suggesting that accu-

mulation processes that guide choices rely on the flexible

engagement of large scale networks.

Here, we apply a drift-diffusion model to a paradigm

commonly used to measure attention: the Attention

Network Task (ANT).44 We test the hypothesis that the

drift rate, a measure of the quality of sensory evidence

accumulation, is specifically impaired in Lewy body de-

mentia, compared to Alzheimer’s disease. In this way, we

contrast two related neurodegenerative conditions that

both manifest attentional impairments, to determine

whether impaired sensory evidence accumulation may be

a specific feature of Lewy body dementia. As participants

performed the task whilst undergoing functional MRI, we

further explored whether trial-by-trial variations in the

drift rate related to activity within the default and dorsal

attention networks, to determine whether divergent activ-

ity in either, or both, of these networks might be associ-

ated with slowed drift rates in Lewy body dementia.

Materials and methods

Case selection

The study involved 31 people with Lewy body dementia

(13 Parkinson’s disease dementia and 18 dementia with

Lewy bodies cases), 16 people with Alzheimer’s disease,

and 23 healthy controls. The participants were a subset

drawn from our previous study.28,29 That study originally

involved 23 controls, 30 Alzheimer’s disease patients, and

46 Lewy body dementia patients (22 Parkinson’s disease

dementia and 24 dementia with Lewy bodies cases). Four

people were excluded due to technical difficulties with

the response device (1 Alzheimer’s disease; 3 Parkinson’s

disease dementia); 6 people were excluded due to scanner

failures (3 Alzheimer’s disease; 2 Parkinson’s disease de-

mentia; 1 dementia with Lewy bodies); 6 people were

excluded after failing MRI quality checks (3 Alzheimer’s

disease; 3 Parkinson’s disease dementia); 5 were excluded

for insufficiently accurate task performance (i.e. less than

70% correct trials; 1 Parkinson’s disease dementia; 4 de-

mentia with Lewy bodies). This resulted in a cohort of

23 controls, 23 Alzheimer’s disease patients, and 32

Lewy body dementia patients (13 Parkinson’s disease de-

mentia and 19 dementia with Lewy bodies cases), from

which the participants of the current study were selected

on the basis of completing a sufficient number of trials in

the experimental task (further details below).

The patient groups were prospectively recruited from a

population of community-dwelling individuals referred to

local neurology and old age psychiatry services, aged

60 years or older with mild to moderate dementia [Mini

Mental State Examination (MMSE) score >12]. Diagnoses

of probable dementia with Lewy bodies and Parkinson’s

disease dementia were made using the revised International

Consensus Guidelines for dementia with Lewy bodies45

and diagnostic criteria for Parkinson’s disease dementia3;

probable Alzheimer’s disease was diagnosed based on the

National Institute on Aging-Alzheimer’s Association crite-

ria.46 Healthy controls were friends or spouses of partici-

pants. The study was approved by the local ethics

committee and written informed consent was obtained

from all participants.

Drift-diffusion model Lewy body dementia BRAIN COMMUNICATIONS 2021: Page 3 of 15 | 3



All participants underwent general cognitive assessment

using the Cambridge Cognitive Examination

(CAMCOG47) and the MMSE. Presence and severity of

extrapyramidal signs was assessed using the motor compo-

nent of the Unified Parkinson’s disease rating scale

(UPDRS-III). Cognitive fluctuations were assessed using the

Clinician Assessment of Fluctuation (CAF48), which meas-

ures duration and frequency of fluctuations, and the Mayo

Fluctuation Scale49 which includes two dimensions of fluc-

tuations: cognitive-attention and arousal-alertness sub-

scales.50 Patients underwent these general assessments and

the fMRI experimental task on their regular medications,

with all Lewy body dementia patients in an ‘on’ motor

state, typically 1–3 h after their last dose. Where possible,

people were scanned in the late morning to maximize at-

tention. Exclusion criteria for all participants included

moderate to severe visual impairment, history of alcohol

or substance misuse, significant neurological or psychiatric

history, moderate to severe cerebral small vessel disease or

focal brain lesions on imaging, or the presence of other se-

vere or unstable medical illness. Additional criteria for

control participants were an absence of cognitive impair-

ment, based on either self-reported history and/or a score

of <80 on the CAMCOG. Demographics and clinical fea-

tures are reported in Table 1.

Attention Network Task

We administered a modified version of the ANT.44 The

original ANT requires participants to determine the

direction of a central arrow flanked by flat lines (neutral)

or by arrows pointing in the same (congruent) or differ-

ent (incongruent) directions. The incongruent condition

creates perceptual conflict, which is designed to place

greater demand on attentional processes relative to the

congruent and neutral conditions. The version used in

this study incorporated two levels of perceptual con-

flict.28,29 In each trial, participants were shown four

arrowheads and had to indicate the direction that the

majority were pointing. The four arrowheads were either

pointing in the same direction (congruent), or one arrow-

head would be pointing in the opposite condition, with

its position either at the end of the row (incongruent-

EASY) or in the middle of the row (incongruent-HARD,

see Fig. 1A). The three conditions provided increasing

levels of perceptual conflict and attentional demand. The

ANT also contains spatial and warning cues within the

three conditions to evaluate alerting and orienting, but

these were not analysed in the current study.

Each run of the task involved 36 trials. For the current

study, we selected participants who had completed either

5 or 6 runs of the task (a total of 180 or 216 trials) and

with missed responses on no more than 10% of trials.

This meant excluding 7 Alzheimer’s disease patients and

one dementia with Lewy bodies case from the cohort

described in Firbank et al.28,29 These measures ensured

that all participants demonstrated adequate task engage-

ment and completed a sufficient number of trials to sup-

port drift-diffusion modelling.

Table 1 Mean (standard deviation) for demographics and clinical characteristics

Demographics & clinical

characteristics

Controls AD LBD Group

p-value

Post hoc

p-value

N 23 16 31 – –

Sex (M:F) 16:7 13:3 25:6 NS –

Age 76.3 (5.4) 76.4 (8.2) 75.9 (5.3) NS –

Education 11.4 (1.8) 10.6 (1.4) 10.5 (1.5) NS –

MMSE 29.1 (0.8) 22.7 (3.0) 24.0 (3.5) *** AD vs. Con***

LBD vs. Con***

LBD vs. ADNS

CAMCOG 96.8 (3.5) 71.6 (12.2) 77.8 (12.0) *** AD vs. Con***

LBD vs. Con***

LBD vs. ADNS

UPDRS-III 1.3 (1.7) 2.0 (1.6) 19.3 (7.9) AD vs. ConNS

LBD vs. Con***

LBD vs. AD***

CAF total – 0.3 (0.8) 4.4 (3.9) ***

Mayo total – 9.0 (4.6) 13.3 (6.2) *

Mayo cognitive – 2.1 (1.9) 2.7 (2.0) NS

Mayo arousal – 0.9 (1.0) 2.3 (1.4) ***

Cholinesterase inhibitors – 16 (100%) 27 (87%) – –

LEDD (mg/day) – – 683.9 (450.1) – –

Significance tests refer to between group one-way ANOVAs and post hoc Sidak-corrected pairwise t-tests.

AD, Alzheimer’s disease; CAF total, Clinician Assessment of Fluctuation total score; CAMCOG, Cambridge Cognitive Examination; LBD, Lewy body disease; LEDD, levodopa

equivalent daily dose; Mayo arousal, Mayo Fluctuations arousal subscale; Mayo cognitive, Mayo Fluctuation cognitive subscale; Mayo total, Mayo Fluctuations Scale; MMSE, Mini-

Mental State Examination; NS, non-significant; UPDRS-III, Unified Parkinson’s disease rating scale motor component.

***p < 0.001;

**p < 0.01;

*p < 0.05.
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In the task, participants were instructed to respond as

quickly and accurately as possible. On each trial, a cue

was presented for 200 ms, then the target stimulus (i.e. the

four arrowheads) was displayed until a response was made

or for a maximum of 3000 ms. Response reaction times

were recorded up until the appearance of the next cue

(which was a minimum of 4300 ms after previous target

appearance). Participants indicated their choice by pushing

a left or right button. There was a variable delay between

the disappearance of the cue and onset of the arrowheads

(delays were exponentially distributed at times 700, 770,

850, 960, 1080, 1240, 1430, 1660, 1940, 2300, 2700,

3200 ms, each occurring three times per run in random

order). There was also a variable delay between the onset

of the arrowheads and the onset of the next cue (at times:

4300, 4500, 4750, 5000, 5350, 5700, 6100, 6400, 6800,

7200, 7700, 8300 ms, each occurring randomly three times

per run). The stimuli were back-projected on to a screen

at the foot of the scanner and viewed via a mirror posi-

tioned at the participants’ eye level. Participants’ best near

visual acuity was assessed using Landolt broken rings and

fMRI compatible goggles with lenses that ranged from

24.0 to 4.0 diopters (0.5 increment) were used to correct

refractive errors. The task was programmed in Matlab

using the cogent toolbox (http://www.vislab.ucl.ac.uk/co

gent_2000.php Accessed 19 May 2021).

Statistical analysis

Analyses were performed in R version 3.3.1 (http://www.

r-project.org/ Accessed 19 May 2021). Demographic and

clinical variables were analysed using one-way ANOVA

and independent samples t-tests. For the ANT, percentage

correct and reaction times were analysed in separate

mixed effect model repeated measures ANOVAs. The dis-

tribution of residuals was checked with Q–Q plots and

the Shapiro–Wilk test. Preliminary examination showed

that residuals deviated from a normal distribution show-

ing skew and excess leptokurtosis, therefore reaction

times (positive skew) were transformed with a log10

transformation and percentage correct (negative skewed)

were transformed with a square transformation before

performing the final analysis.51 Following significant

main effects, pairwise comparisons were made with Sidak

corrections. Significant interactions were followed by tests

of simple effects.

Hierarchical drift-diffusion model of

the ANT

Drift-diffusion models (DDMs) can be fitted to rapid,

two-choice decision making tasks.15,52,53 Four main

parameters are derived from the DDM: drift rate (v), de-

cision boundary (a), decision bias (z) and non-decision

time (T). In a DDM, the decision process is modelled as

the accumulation of noisy information over time,

reflected by the drift rate, which continues until a deci-

sion boundary (i.e. the criterion for how much evidence

is required) is reached.54 Decision bias reflects an a priori

choice bias toward one of the responses, and non-deci-

sion time comprises those aspects that are not considered

part of the decision making process, including encoding

the visual stimulus and executing a motor response.53 A

schematic of the drift-diffusion process is illustrated in

Fig. 1B.

To fit the ANT response and reaction time data, we

implemented a hierarchical DDM (hDDM) using the

hDDM toolbox (http://ski.clps.brown.edu/hddm_docs/55

Accessed 19 May 2021) in python 2.7. The hDDM gen-

erates posterior distributions of parameters at the individ-

ual subject level and the group level, using a Bayesian

estimation process. In the hierarchical approach, individ-

ual subject level parameters are constrained by the group

level distribution, optimizing the trade-off between with-

in- and between-subject random effects.

Given the three different levels of perceptual difficulty

in the task, we predicted that decision parameters (v and

a) would vary as a function of condition. Given the com-

parable stimulus encoding and motor requirements across

the three conditions, we assumed that non-decision time

(T) would not vary across conditions. Left and right

responses were counterbalanced, so we assumed an un-

biased starting point (z).

Figure 1 Attention Network Task and drift-diffusion

model schematic. (A) Examples of the three conditions in the

Attention Network Task; (B) Schematic example of drift-diffusion

model. Two decision boundaries (left and right) are separated by

the boundary threshold (a). Evidence is nosily accumulated toward

a left or right response, with the average evidence accumulation

denoted by the drift rate (v). In this way, the drift rate refers to the

average amount of sensory evidence gathered per unit of time.83

The evidence accumulation begins after a period of non-decision

time (T). Density plots show the distribution of observable reaction

times (RT) that are used to calculate the parameters. (Adapted

from O’Callaghan et al.10, with permission.)
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vs;k¼vs þ b1Conditionk

as;k¼as þ b2Conditionk
(1)

Equation 1: Where vs,k and as,k are the drift rate and

decision boundary of participant s on trial k. Conditionk

is the condition (i.e. congruent, incongruent-EASY, incon-

gruent-HARD) on trial k, and b1 and b2 the estimated

regression coefficients.

We tested three models: the first allowed drift rate (v)

to vary by condition, holding decision boundary (a) con-

stant; the second allowed a to vary across conditions,

holding v constant; in the third model, v and a were free

to vary across conditions. For each model Markov Chain

Monte Carlo simulations generated 95 000 samples from

the joint posterior parameter distribution, with the first

35 000 samples discarded as burn-in, using a thinning

factor of 5 with outliers specified at 5%. Convergence

was assessed by visual inspection of Markov chains, and

with the R-hat Gelman–Rubin statistic where successful

convergence is indicated by values <1.1.54 The best fit-

ting model was determined via the deviance information

criterion (DIC) of each model, which evaluates a model’s

goodness-of-fit while accounting for complexity (i.e. num-

ber of free parameters), with lower DIC values indicating

better model fit.56 We ran posterior predictive checks to

confirm that the model could reliably reproduce key pat-

terns in the observed data.55 This involved simulating

data based on 500 parameter values from the model’s

posterior to compare the simulated with the observed

data.

Results from the hDDM were analysed using Bayesian

hypothesis testing to determine the extent of overlap be-

tween the samples drawn from two posterior density dis-

tributions. Posterior probabilities can be considered

significantly different if <5% of the distributions over-

lap.55,57,58 The percentage of overlap in the posterior

probabilities is denoted by P to distinguish it from the

classical frequentist p values.

Regression analysis of trial-by-trial
network activity on drift rate

The hierarchical drift-diffusion model of the ANT

(described in the previous section) identified the drift rate

(v) as the parameter of interest to differentiate between

the Lewy body dementia and Alzheimer’s disease groups.

To explore the relationship between fMRI activation and

drift rate, we constructed a regression model to determine

the relationship between trial-by-trial activation in the

dorsal attention and default networks, and the drift rate.

This regression model allows estimation of the relation-

ship between trial-by-trial variations in a covariate (e.g.

BOLD activation) and the DDM parameters.11,55,59 To

achieve this, trial-by-trial beta series were extracted from

the networks and z-scored (detailed in the following sec-

tion). As the Lewy body dementia, Alzheimer’s disease

and control groups showed similar relationships across

the three condition types in the hDDM model described

in the previous section, we tested whether trial-by-trial

variations in network activity predicted changes in the

drift rate irrespective of condition type. As per the previ-

ous hDDM model (see Equation (1)), we allowed the

drift rate and decision boundary to vary across condi-

tions, whilst holding non-decision time constant.

Following Herz et al.11, for the regression model, we esti-

mated posteriors of the regression coefficients for trial-

wise regressors at the group level only, in order to ac-

count for potential collinearity among model parame-

ters.60 Separate regression models were run using the

beta series values from the default and dorsal attention

networks.

vs;k¼vs þ b1Conditionk þ b2BetaSeriesDefaults;k

vs;k¼vs þ b3Conditionk þ b4BetaSeriesDorsalAttens;k
(2)

Equation 2: Where b2BetaSeriesDefaults,k and

b4BetaSeriesDorsalAttens,k refer to the extracted beta ser-

ies from the default and dorsal attention networks, for

participant s on trial k, and vs,k is the drift rate.

We evaluated the strength of the relationship between

trial-by-trial fluctuations in network activity and drift

rate, by determining the extent to which the posterior

probability density differed from zero (denoted by P, the

percentage of the posterior probability distribution differ-

ent than zero).

Image acquisition

Participants were scanned on a 3 T MRI scanner

(Achieva scanner; Philips Medical System), with body coil

transmission and eight channel head coil receiver. A

whole brain structural scan was acquired (3D MPRAGE,

sagittal acquisition, slice thickness 1.0 mm, in plane reso-

lution 1.0 � 1.0 mm; TR ¼ 8.3 ms; TE ¼ 4.6 ms; flip

angle ¼ 8�; SENSE factor ¼ 2). fMRI data were collected

using a gradient-echo echo planar imaging (EPI) sequence

(TR ¼ 1.92 s; TE ¼ 40 ms; field of view ¼ 192 � 192

mm2 64 � 64 matrix size, flip angle 90�, 27 slices, slice

thickness 3 mm, slice gap 1 mm) with 156 volumes

(5 min).

fMRI preprocessing and analysis

Imaging analyses were conducted using SPM8 (http://

www.fil.ion.ucl.ac.uk/spm/ Accessed 19 May 2021). As

described previously in Firbank et al.,28,29 T1 images

were segmented and spatially normalized in SPM using

the default parameter settings. The DARTEL toolbox61

was implemented to refine the spatial normalization and

create a custom template. fMRI data were motion cor-

rected by aligning all functional images to each partici-

pant’s first image, and subsequently their mean image.

Runs were excluded if >3 mm or >3� head motion was

detected. Each participant’s functional images were co-

registered with their T1 image, with the spatial
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normalization parameters from the T1 scan used to write

out the EPI data in standard space with a 3 � 3 � 3

mm3 voxel size. Normalized images were then smoothed

using an 8 � 8 � 8 mm3 full width half maximum

Gaussian kernel. A 128 second high-pass filter was

applied, and SPM’s AR(1) model was used to remove ser-

ial correlations.

Interpolation or ‘scrubbing’ of bad image volumes was

not performed. To investigate data quality, we calculated

the mean and maximum absolute angular and transla-

tional motion between frames.62 We also calculated

standardized DVARS (i.e. the per-image standard devi-

ation of the temporal derivative63) using Tom Nichols’

script (https://warwick.ac.uk/fac/sci/statistics/staff/academ

ic-research/nichols/scripts/fsl Accessed 21 May 2021),

obtaining the mean overall volumes in each run. Between

the three groups there were no significant differences in

mean or maximum xyz motion (mm), mean or maximum

xyz angular motion (degree), or mean DVARS (see

Supplementary material for details).

The default and dorsal attention networks were identi-

fied using the Yeo et al.64 seven-network parcellation

scheme. To investigate trial-by-trial activation within the

networks we extracted beta series. In this approach, each

individual trial is entered as a separate regressor in the

general linear model design matrix, yielding a b estimate

of % BOLD signal change for each individual trial.65,66

To obtain beta series, separate general linear models were

performed with the dependent variables being the time

course of each network (default and dorsal attention) for

each subject, which was calculated as the mean time

course for all the voxels in the respective networks. For

each run of 36 trials, every target stimulus was modelled

as a separate regressor, with six parameters from the mo-

tion correction for each functional run included in the de-

sign matrix as covariates of no interest. This resulted in

individual level beta estimates for each target event, sep-

arately for the default and dorsal attention networks. The

beta values were z-scored before entering them into the

hDDM regression model described above.

Data availability

Code and data to reproduce the manuscript figures, be-

havioural analysis and modelling for the ANT is freely

available through the Open Science Framework (https://

osf.io/gm8th/ Accessed 21 May 2021).

Results

Demographics and clinical
characteristics

Demographics and clinical characteristics are detailed in

Table 1. The groups were matched for sex (v2 ¼ 1.12,

p¼ 0.572), age [F(2, 67) ¼ 0.02, p¼ 0.978] and

education level [F(2, 67) ¼ 2.1, p¼ 0.13]. As expected,

there were significant group differences in global cogni-

tion, on both the MMSE [F(2, 67) ¼ 31.34, p< 0.001]

and the CAMCOG [F(2, 67) ¼ 35.13, p< 0.001], with

the Lewy body dementia and Alzheimer’s disease groups

performing similar to each other (MMSE: padjusted ¼
0.160; CAMCOG: padjusted ¼ 0.142), but significantly

lower than controls (MMSE: padjusted ¼ < 0.001;

CAMCOG: padjusted values < 0.001). Also as expected,

the severity of motor symptoms differed across the

groups [UPDRS-III: F(2, 67) ¼ 89.17, p< 0.001], with

the Lewy body dementia group showing significantly

worse motor severity than both controls and Alzheimer’s

disease (padjusted values < 0.001), who did not differ

from each other (padjusted ¼ 0.973). The Lewy body de-

mentia group had significantly more fluctuations com-

pared to the Alzheimer’s disease group [CAF: t(33.27) ¼
�5.47, p< 0.001; Mayo total: t(39.48) ¼ �2.69,

p¼ 0.01]. Within the Mayo assessment, the dementia

groups did not differ on the cognitive-attention subscale

[Mayo cognitive: t(31.53) ¼ �0.99, p¼ 0.329], but the

Lewy body group scored higher on the arousal-alertness

subscale [Mayo arousal: t(40.58) ¼ �4.12, p< 0.001].

Demographics and clinical characteristics for the

Parkinson’s disease dementia and dementia with Lewy

bodies cases are reported separately in Supplementary

material. To summarize, the groups only differed signifi-

cantly with respect to Parkinson’s disease dementia

patients showing more severe motor features on the

UPDRS-III and having a higher levodopa equivalent daily

dose (See Supplementary Table 1 for details).

ANT behavioural results

Percentage correct

Trials where no response was made were excluded from

the analysis. The amount of no response trials excluded

did not differ significantly across the groups [F(2, 35) ¼
1.97, p¼ 0.154, see Supplementary Fig. 1].

Fig. 2 (left panel) shows the percentage of correct

responses across the groups. Percentage correct scores

were subjected to a square transformation to reduce skew

and leptokurtosis. Results of the mixed model ANOVA

showed a main effect of group [F(2, 67) ¼ 13.76,

p< 0.001]; post hoc comparisons indicated that the Lewy

body dementia group had significantly fewer correct

responses compared to controls (padjusted < 0.001) and

Alzheimer’s disease (padjusted < 0.05), and the Alzheimer’s

disease group had significantly fewer correct responses

than controls (padjusted < 0.05).

There was also a main effect of condition [F(2, 134) ¼
24.49, p< 0.001], with significantly more correct

responses achieved in the congruent condition, relative to

incongruent-EASY (padjusted < 0.05) and incongruent-

HARD (padjusted < 0.001), correct responses did not dif-

fer between the incongruent conditions (padjusted ¼
0.695).
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Finally, there was a significant interaction [F(4, 134) ¼
6.30, p< 0.001], which reflected that the patient groups

performed worse with respect to controls in the more dif-

ficult conditions. Tests of simple effects revealed a signifi-

cant group difference at each condition: congruent

[simple effect, F(2,67) ¼ 4.77, p< 0.05], incongruent-

EASY [simple effect, F(2,67) ¼ 10.66, p< 0.001] and in-

congruent-HARD [simple effect, F(2,67) ¼ 14.11,

p< 0.001]. Pairwise comparisons showed that for the

congruent condition, the Lewy body dementia group had

significantly fewer correct responses than controls (pad-

justed < 0.05; Lewy body dementia versus Alzheimer’s dis-

ease: padjusted ¼ 0.221; Alzheimer’s disease versus controls

padjusted ¼ 0.773); for the incongruent-EASY condition

the Lewy body dementia group had significantly fewer

correct responses than controls (padjusted < 0.001; Lewy

body dementia versus Alzheimer’s disease: padjusted ¼
0.198; Alzheimer’s disease versus controls padjusted ¼
0.099); and for the incongruent-HARD condition the

Lewy body dementia group had significantly fewer cor-

rect responses than controls (padjusted < 0.001; Lewy

body dementia versus Alzheimer’s disease: Padjusted ¼
0.210) as did the Alzheimer’s disease group (Alzheimer’s

disease versus controls padjusted < 0.05).

Reaction time

Fig. 2 (right panel) shows the distribution of reaction

times across the groups. Reaction times were not normal-

ly distributed, with positive skew and slight leptokurtosis,

but satisfied normality tests following a log10

transformation.

Results of the mixed model ANOVA showed a main

effect of group [F(2, 67) ¼ 28.50, p< 0.001]; post hoc

comparisons indicated that the Lewy body dementia

group was significantly slower than controls (padjusted <

0.001) and Alzheimer’s disease (padjusted < 0.001), and

the Alzheimer’s disease group was significantly slower

than controls (padjusted < 0.001). There was also a main

effect of condition [F(2, 134) ¼ 384.81, p< 0.001], post

hoc comparisons showed that responses in both incongru-

ent conditions were significantly slower than in the

congruent condition (padjusted values < 0.001); also,

responses were slower in the HARD versus EASY incon-

gruent conditions (padjusted < 0.05). The group x condi-

tion interaction was not significant [F(4, 134) ¼ 2.28,

p¼ 0.06].

Hierarchical drift-diffusion model fit

All three models showed good convergence, based on

visually inspected chains and all R-hat values < 1.1.

Based on the DIC values, the best fitting model was

model three where both v and a varied by condition

(DIC model 1: 17089.50; DIC model 2: 17877.63; DIC

model 3: 7236.97). Posterior predictive checks revealed

agreement between the simulated and observed data (see

Supplementary Fig. 2 for observed data plotted against

predicted model data).

Figure 2 Attention Network Task behavioural results. Left panel: Percentage of correct responses across the three groups [F(2, 67)

¼ 13.76, p< 0.001]; Right panel: Distributions of reaction times across the three groups [F(2, 67) ¼ 28.50, p< 0.001]. N¼ 23 Controls, 16

Alzheimer’s disease, 31 Lewy body disease.
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Analysis of hierarchical drift-

diffusion model parameters

Fig. 3 shows group comparisons of posterior probability

density plots for the drift rate v (top panel) and decision

boundaries a (bottom panel) across each condition.

The disease groups differed consistently in their drift

rates, with the Lewy body dementia group showing sig-

nificantly slower drift rates than Alzheimer’s disease in

each condition (congruent: P¼ 0.02%; incongruent-EASY:

P¼ 1.35%; incongruent-HARD: P¼ 2.80%). Both the

Lewy body dementia and Alzheimer’s disease groups had

significantly slower drift rates relative to controls (con-

gruent: P¼ 0.00%; incongruent-EASY: P¼ 0.00%; incon-

gruent-HARD: P¼ 0.00%).

In contrast, the Lewy body dementia and Alzheimer’s

disease groups showed considerable overlap in their

decision boundaries across all of the conditions (congru-

ent: P¼ 23.49%; incongruent-EASY: P¼ 25.77%; incon-

gruent-HARD: P¼ 38.22%). Both groups had

significantly reduced decision boundaries compared to

controls (values for Lewy body dementia versus controls

were congruent: P¼ 0.00%; incongruent-EASY:

P¼ 0.00%; incongruent-HARD: P¼ 0.00%; values for

Alzheimer’s disease versus controls were congruent:

P¼ 0.06%; incongruent-EASY: P¼ 0.00%; incongruent-

HARD: P¼ 0.00%).

For the non-decision time (T), shown in Fig. 4, all

groups differed significantly with the Lewy body demen-

tia group showing the longest non-decision time, followed

by the Alzheimer’s disease group, then controls (Lewy

body dementia versus Alzheimer’s disease: P¼ 0.50%;

Lewy body dementia versus controls: P¼ 0.00%;

Alzheimer’s disease versus controls: P¼ 0.08%).

Figure 3 Drift rates and decision boundaries. Group comparisons of the posterior probability density plots for drift rates v (top panel)

and decision boundaries a (bottom panel), in each task condition. Peaks of distributions reflect the most likely value of the parameter. N¼ 23

Controls, 16 Alzheimer’s disease, 31 Lewy body disease. For the drift rate, percentage of overlap in the posterior probabilities (P) in Lewy

body disease versus Alzheimer’s disease: congruent: P¼ 0.02%; incongruent-EASY: P¼ 1.35%; incongruent-HARD: P¼ 2.80%; Lewy body

disease and Alzheimer’s disease versus Controls: congruent: P¼ 0.00%; incongruent-EASY: P¼ 0.00%; incongruent-HARD: P¼ 0.00%. For the

decision boundaries, Lewy body disease versus Alzheimer’s disease: congruent: P¼ 23.49%; incongruent-EASY: P¼ 25.77%; incongruent-

HARD: P¼ 38.22%; Lewy body disease versus Controls: congruent: P¼ 0.00%; incongruent-EASY: P¼ 0.00%; incongruent-HARD: P¼ 0.00%;

Alzheimer’s disease versus Controls: congruent: P¼ 0.06%; incongruent-EASY: P¼ 0.00%; incongruent-HARD: P¼ 0.00%.
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Correlations with clinical measures

of cognitive fluctuation

Spearman’s correlations were conducted between fluctu-

ation scores (i.e. CAF total, Mayo total, Mayo cognitive-

attention and arousal-alertness subscales) in the Lewy

body dementia group and mean drift rates across the

three task conditions. We did not observe significant cor-

relations in any of these measures (p-values > 0.95).

Relationship between drift rate and

trial-by-trial fluctuations in network

activity

The hDDM identified the drift rate (v) as the decision

parameter that distinguished Lewy body dementia

patients from both the Alzheimer’s disease and control

group. We, therefore, entered beta series derived from the

default and dorsal attention networks into an hDDM re-

gression model, in order to determine how trial-by-trial

fluctuations in BOLD activity related to changes in the

drift rate.

As shown in Fig. 5, for all groups activity in the dorsal

attention network was strongly (positively) associated

with drift rates, consistent with greater activity in the

dorsal attention network being associated with a higher

drift rate. This is reflected by the percentage of the pos-

terior probability for all parameters being considerably

greater than zero, P refers to the percentage of the distri-

bution that is greater (or less than) zero (controls:

P¼ 99.92%; Alzheimer’s disease: P¼ 94.02%; Lewy body

dementia: P¼ 99.81%).

For the default network, as shown in Fig. 5, the major-

ity of the posterior probability densities for controls was

to the right of zero, consistent with greater default net-

work activity being positively associated with the drift

rate (P¼ 70.96%); Alzheimer’s disease also showed a

rightward shift, but to a lesser extent (P¼ 59.78%). In

contrast, for Lewy body dementia the majority of the

posterior probability density was left of zero

(P¼ 80.62%), consistent with greater activity in the de-

fault network being associated with a slower drift rate.

Although none of these reached the commonly used met-

ric of ‘significance’ designated when >95% of the poster-

ior density exceeds zero.57

Discussion
We show that the drift rate, a measure of the quality of

sensory evidence accumulation, is impaired in Lewy body

dementia relative to Alzheimer’s disease. By decomposing

decisions in an attentional task into the sub-processes of

evidence accumulation (drift rate) and evidence criteria

(decision boundary), our results revealed slower drift

rates in the Lewy body dementia group, whereas the pa-

tient groups were equivalent for their decision bounda-

ries. This highlights that deficits in sensory evidence

accumulation may be a key process that distinguishes at-

tention impairments in Lewy body dementia. We further

show that the drift rate was strongly related to activity in

the dorsal attention network across all three groups,

whereas the Lewy body dementia group showed a diver-

gent relationship for the default network, consistent with

altered default network modulation being associated with

impaired evidence accumulation.

The drift rate measures how efficiently information is

accumulated and reflects the quality of evidence that

enters the decision-making process. In this way, it speaks

to the quality of evidence extracted from a stimulus and

the level of noise in the evidence accumulation process,

capturing whether decisions are fast and accurate, or

slow and error prone.54 Both of the disease groups

showed a reduced drift rate relative to controls, with the

Lewy body dementia group further reduced compared to

the Alzheimer’s disease group. These neurodegenerative

conditions both manifest impaired attention as part of a

dysexecutive cognitive profile,18 however, the striking at-

tention-related symptoms of visual hallucinations and

cognitive fluctuations are more common in Lewy body

dementia.67–69 Prominent impairments in sensory evidence

accumulation may be a key feature underpinning the

symptoms that distinguish Lewy body dementia from

related neurodegenerative diseases.

In contrast to the drift rate, both the Lewy body de-

mentia and Alzheimer’s disease groups showed similarly

reduced decision boundaries relative to controls. This

Figure 4 Non-decision time. Group comparison of the

posterior probability density plots for non-decision time

(T), combined across task conditions. Peaks of distributions

reflect the most likely value of the parameter. N¼ 23 Controls, 16

Alzheimer’s disease, 31 Lewy body disease. Percentage of overlap in

the posterior probabilities (P) in Lewy body disease versus

Alzheimer’s disease: P¼ 0.50%; Lewy body disease versus Controls:

P¼ 0.00%; Alzheimer’s disease versus controls: P¼ 0.08%.
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parameter is considered a measure of response caution,

indicating the amount of evidence that needs to be accu-

mulated before a decision is reached. Wider boundaries

promote slow but accurate decisions, whereas narrow

boundaries are associated with fast but error prone deci-

sions.70 The narrower boundaries in our patient groups

are in keeping with the increased errors they made on

the task, relative to controls. Previous work in

Parkinson’s disease patients (without dementia) showed

they were able to flexibly adjust decision boundaries in

response to task demands,58,59 with evidence that they

set wider decision boundaries compared to age-matched

controls.10 This is consistent with an amplification of

what is seen in healthy ageing: older adults tend to have

wider decision boundaries, enabling a conservative

decision criteria, which acts as a compensatory strategy

to guard against errors in speed-accuracy trade-off

tasks.71–73 That we show reduced decision boundaries in

both dementia patient groups suggests that this ability to

compensate via adjusting decision boundaries may decline

with advancing cognitive impairment.

With respect to the non-decision time, the Lewy body

dementia group had much longer non-decision times com-

pared to the Alzheimer’s group, who were increased rela-

tive to controls. This is unsurprising given that non-

decision time comprises those components unrelated to the

decision itself, including stimulus processing and motor

execution—both of which may be particularly impaired in

Lewy body dementia, consistent with their characteristic

visual processing deficits and extrapyramidal features.

Figure 5 Relationship between drift rate and activity in the default and dorsal attention networks. Top panel shows the default

(purple) and dorsal attention (pink) network maps taken from the Yeo et al. parcellation.64 Bottom panel shows the posterior probability

density plots of the drift rates estimated from the hDDM regression model (y-axis) and how they varied as a function of activity in the default

and dorsal attention networks (x-axis). Strength of the relationship reflected by the amount of distribution being to the left or right of zero.

Peaks of distributions reflect the most likely value of the parameter. N¼ 23 Controls, 16 Alzheimer’s disease, 31 Lewy body disease. P refers

to the percentage of the distribution that is greater (or less than) zero. Dorsal attention network, controls: P¼ 99.92%; Alzheimer’s disease:

P¼ 94.02%; Lewy body dementia: P¼ 99.81%; Default network: controls: P¼ 70.96 %; Alzheimer’s disease: P¼ 59.78%; Lewy body dementia:

P¼ 80.62%.
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Taken together, our analysis decomposes the raw be-

havioural results from the ANT—which indicated slowed

reaction times and increased errors in Lewy body demen-

tia—to reveal that their impaired perceptual decision-

making was underpinned by alterations in sensory

evidence accumulation. As opposed to a broadly defined

attentional impairment or cognitive slowing, this result

points towards a specific deficit in efficiently processing

information from the environment to guide behaviour.

Consistent with the notion that sensory evidence accu-

mulation deficits might contribute to some of the distin-

guishing features of Lewy body disease, impaired sensory

evidence accumulation during perceptual decision making

was found in Parkinson’s disease patients (without de-

mentia) who experience visual hallucinations, relative to

those who don’t hallucinate.10 This is in keeping with a

theoretical framework for visual hallucinations where

poor quality, or imprecise, sensory information renders

the perceptual process vulnerable to excessive influence

from prior beliefs.20,74–76 Speculatively, the cognitive fluc-

tuations characteristic of Lewy body dementia, which can

occur over days or hours, but also over seconds to

minutes,77 may produce transient reductions in sensory

evidence accumulation ability. These periods are consist-

ent with a brain state that is less responsive to the envir-

onment, potentially reflecting a temporal mismatch

between sensory processing demands and the speed and

efficiency of intrinsic information processing.29,34 Such

periods of reduced engagement with the environment

may be synonymous with reduced sensory evidence accu-

mulation, and future work could explore this parameter

as a possible marker of cognitive fluctuations. We have

shown clear differences for the drift rates in a fluctuating

dementia group (Lewy body dementia) versus a non-fluc-

tuating group (Alzheimer’s disease). However, the extent

of drift rate slowing did not correlate with clinical meas-

ures of fluctuation severity. This suggests that fluctuations

on the trial-by-trial timescale that are captured by the

drift rate may not be well represented by clinical scales—

possibly reflecting a broader issue with clinical scales for

assessing fluctuations. These scales are a brief clinical as-

sessment reliant on informant reports, and are therefore

vulnerable to the inherent biases and inaccuracies that

occur when subjective judgements are made about a

symptom that is to large extent unobservable.22,78,79 In

this sense, despite providing a useful clinical heuristic,

these scales lack the granularity needed to identify mean-

ingful variance in patients that might relate to more

nuanced objective markers.79 A crucial avenue for future

work is to determine how various clinical and objective

markers might relate to each other, and to reconcile this

across the varying timescales of fluctuations. In this re-

spect, the hDDM offers a unique possibility to capture

objective moment-by-moment fluctuations, in contrast to

other neuropsychological tools that summarize perform-

ance across trials.

Our imaging analysis showed that the drift rate was

strongly related to trial-by-trial fluctuations in BOLD ac-

tivity in the dorsal attention network for all three groups.

That is, increased BOLD activation within the dorsal at-

tention network was associated with a faster drift rate—

and this relationship was preserved in both the

Alzheimer’s disease and Lewy body dementia groups.

Anatomically, the dorsal attention network overlaps with

frontal eye fields and the intraparietal sulcus, which is a

human homologue of the monkey lateral intraparietal re-

gion,80 and therefore the network overlaps with regions

previously identified as showing ramping neuronal activ-

ity during evidence accumulation.36–38

The positive relationship between drift rate and BOLD

activity in the dorsal attention network is in keeping with

single-unit studies where firing rates increase as informa-

tion is integrated towards a decision. However, given the

comparative slowness of the BOLD signal, and the

pooled neuronal populations it represents, how evidence

accumulation measured by single-unit recordings should

be expressed in fMRI signals remains a matter of de-

bate.8,39,81 Indeed, while some studies have related higher

BOLD responses to increasing evidence accumulation as

we found,41,82 others have shown an inverse relationship

between BOLD and the drift rate.42,43 The inverse rela-

tionship can be interpreted as BOLD reflecting the pooled

activity of neurons, such that the highest aggregate activ-

ity will be observed when sensory evidence is weak/noisy

and the build-up of firing, although shallower, will be

prolonged with slower drift rates, resulting in increased

overall BOLD on those trials.8,81 Whilst our finding does

not disambiguate this debate, it establishes a positive rela-

tionship between dorsal attention network activity and

drift rate during perceptual decision making, in both

healthy elderly and neurodegenerative disease cohorts.

With respect to the default network, the groups showed

divergent responses. The control and Alzheimer’s disease

groups showed a weak, positive relationship between the

drift rate and BOLD activity within the default network.

In contrast, the Lewy body dementia group showed a

stronger, negative relationship, consistent with greater de-

fault network activity being associated with a slower drift

rate. Whilst these results did not reach the commonly

used ‘significance’ criterion, the difference in directionality

suggests a tentative mechanistic interpretation: that

increased default network activity during perceptual deci-

sion making is associated with impaired evidence accu-

mulation in Lewy body dementia. This finding is

consistent with other work showing altered default net-

work modulation during attention-related tasks across the

Lewy body disease spectrum,26–29 and suggests that

impaired sensory evidence accumulation may be a specific

behavioural correlate of default network dysfunction in

Lewy body dementia.

There are inherent challenges collecting fMRI task data

in dementia populations. These populations are at

increased risk of scanner acquisition confounds, in
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particular due to motion artifacts or difficulty with task

execution. These limitations led to a reduced sample size

in the current study, as a number of patients were

excluded due to these confounds. Futures studies are

needed to replicate these findings in a larger sample.

In Lewy body disease, symptoms associated with atten-

tional impairments, including dysexecutive problems, fluc-

tuations and visual hallucinations, are increasingly

conceptualized as disturbances in large-scale brain net-

works, driven by local pathological changes and dysfunc-

tional modulation from ascending neurotransmitter

systems.20–22,79 Improved understanding of large-scale

network dysfunction in these symptoms may continue to

shape future treatment options, given the potential to

modulate networks via drugs or brain stimulation.21 Our

findings suggest that impaired sensory evidence accumula-

tion is a specific marker of attention problems in Lewy

body dementia, which may relate to large-scale network

engagement. Going forward, specific behavioural parame-

ters, such as the drift rate, may be important to exploit

in explanatory and treatment studies of attention-related

impairments in Lewy body dementia.

Supplementary material
Supplementary material is available at Brain

Communications online.
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