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Abstract

Effective learning in old age, particularly in those at risk for dementia, is essential for

prolonging independent living. Individual variability in learning, however, is remark-

able; that is, months of cognitive training to improve learning may be beneficial for

some individuals but not others. So far, little is known about which neurophysiologi-

cal mechanisms account for the observed variability in learning induced by cognitive

training in older adults. By combining Lövdén et al.'s (2010, A theoretical framework

for the study of adult cognitive plasticity. Psychological Bulletin, 136, 659–676) frame-

work proposing the role of adaptation capacity in neuroplasticity and a neurovisceral

integration model of the relationship between autonomic nervous system (ANS) and

brain with a novel shapelet analytical approach that allows for accurate and interpret-

able analysis of time series data, we discovered an acute, ECG-derived ANS segment

in response to cognitive training tasks at baseline that predicted learning outcomes

from a 6-week cognitive training intervention. The relationship between the ANS

segment and learning was robust in both cross-participant and cross-task analyses

among a group of older adults with amnestic mild cognitive impairment. Furthermore,

the revealed ANS shapelet significantly predicted training-induced neuroplasticity in

the dorsal anterior cingulate cortex and select frontal regions during task fMRI.

Across outcome measures, individuals were less likely to prospectively benefit from

the cognitive training if their ECG data were more similar to this particular ANS seg-

ment at baseline. Our findings are among the first empirical evidence to confirm that

adaptation capacity, indexed by ANS flexibility, predicts individual differences in

learning and associated neuroplasticity beyond individual characteristics (e.g., age,

education, neurodegeneration, total training).
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1 | INTRODUCTION

It is vital to identify physiological factors contributing to “healthspan”

in the aging process (Seals, Justice, & LaRocca, 2016). Effective learn-

ing in older age, especially in those at risk for dementia, is essential for

prolonging independent living. Cumulative literature suggests that the

capacity to learn endures despite old age or neurodegeneration

(Lampit, Hallock, & Valenzuela, 2014; Lövdén, Backman, Lindenberger,

Schaefer, and Schmiedek, 2010; Shao et al., 2015). Individual variabil-

ity in learning, however, is remarkable; months of cognitive training

aimed at improving learning may be beneficial for some individuals

while inadequate for others (Lampit et al., 2014; Shao et al., 2015).

Yet, we know very little about how to explain these differences in

learning capacity, such as why some individuals, despite their effort,

fail to benefit from cognitive training. In attempt to answer this ques-

tion, we adopted and synthesized two frameworks, one proposing

that adaptation capacity—the ability to respond flexibly to environ-

mental demands—is a key contributor to neuroplasticity underlying

broad and sustained effects of cognitive training (Lövdén et al., 2010)

and the other—neurovisceral integration theory—emphasizing the

relationship between the brain and autonomic nervous system (ANS)

flexibility, an important indicator for adaptation capacity (Thayer &

Lane, 2000). We hypothesized that individual differences in adapta-

tion capacity, which can be monitored via ANS flexibility, will explain

the variability in learning in old age.

According to the neurovisceral integration theory, ANS flexibility

reflects the integrity of central and peripheral systems that support

adaptation to environmental demands, thereby serving as a key indi-

cator of and contributor to adaptation capacity (Thayer & Lane, 2000).

There is an age-associated decline in ANS function, particularly in the

parasympathetic branch; however, the difference in ANS function

between cognitive phenotypes (e.g., typical older adults and amnestic

mild cognitive impairment [aMCI]) is small (Lin et al., 2017). Compared

to ANS at rest, dynamic ANS changes in response to environmental

demands are more closely linked to brain function but less affected by

cardiovascular or neurodegeneration factors (Forte, Favieri, &

Casagrande, 2019; Gianaros, Van Der Veen, & Jennings, 2004; Park,

Vasey, Van Bavel, & Thayer, 2013). For example, it has been shown

that increased task difficulty results in decreased ANS activity during

a working memory task (Gianaros et al., 2004). When engaging in cog-

nitive challenges, the initial decrease or suppression phase of the ANS

response occurs when the frontal circuit must allocate neural

resources in response to cognitive demand, thereby suffering from

diminished capacity to exert control over the ANS. The subsequent

increase or rebound phase represents the return of neural resources

in regulating the ANS when individuals have learned and cognitive

demands are no longer challenging enough to require additional neu-

ral resources. This entire process—suppression and then rebound of

the ANS—in response to a cognitive challenge reflects adaptation

capacity. In terms of plasticity, it has been suggested that positive

plastic changes in brain and behavior are driven by a mismatch

between supply and demand, wherein cognitive demand exceeds

available neural resources (Lövdén et al., 2010). This mismatch arising

due to a cognitive challenge appears to overlap with suppression of

the ANS response; as cognitive demand is no longer challenging, the

decline in the mismatch overlaps with rebound of the ANS response

(see Figure 1a). Synthesizing the neurovisceral integration (Thayer &

Lane, 2000) and mismatch (Lövdén et al., 2010) frameworks, we sus-

pect that ANS responses during cognitive demand may explain indi-

vidual differences in learning.

We recently completed a phase II double-blinded randomized

controlled trial, comparing neurocognitive effects of a 6-week vision-

based speed of processing training (VSOP) and a mental leisure activi-

ties (MLA) active control in older adults with aMCI (Lin et al., 2020).
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F IGURE 1 (a) A simple toy example to visualize and help understand the neurovisceral integration (Thayer & Lane, 2000) and mismatch
(Lövdén et al., 2010) frameworks. (b) Schematic description of the experimental design. ANS, autonomic nervous system

CHEN ET AL. 3609



VSOP trains processing speed and attention (PS/A), a cognitive

domain essential to arguably all cognitive operations (Salthouse, 1996;

Woutersen et al., 2017). Comparison of VSOP and MLA from baseline

to immediate post-intervention showed a significant training effect on

visual attention that was not practiced in the VSOP training (Table 1).

The VSOP group also had significantly greater PS/A task-related acti-

vation in dorsal anterior cingulate cortex and inferior and superior

frontal gyri (Figure S1A) after intervention compared to the MLA

group. Furthermore, the increased activations observed in the VSOP

group were associated with greater improvement in the visual atten-

tion measure (Figure S1B).

In the present study, we examined whether any segments of the

ANS response to cognitive challenges can prospectively predict

VSOP-induced learning and associated neuroplasticity. We monitored

learning and task-based fMRI activity during PS/A related cognitive

challenges before and after VSOP, and ANS flexibility at the begin-

ning and end of the VSOP intervention period. ANS flexibility was

indexed using high frequency heart rate variability (HF-HRV)

extracted from electrocardiography (ECG) data. HF-HRV has been

shown to reflect how the parasympathetic branch of the ANS sensi-

tively and timely, to millisecond, responds to the changing environ-

ment (Zahn et al., 2016). We used a machine learning approach

called shapelet analysis (Ye & Eamonn, 2009; Ye & Keogh, 2010) to

identify ANS responses predictive of learning. A shapelet is a time-

series subsequence used as a reference predictor for an outcome of

interest. In our case, a candidate shapelet was chosen from its simi-

larity values to optimize the prediction of learning. Similarity values

are distance measures (in our case, Pearson correlation) between a

candidate shapelet and its best matching subsequences from time-

series.

Applying this analytical approach, we identified a 2-min ANS

shapelet, indexed by an initial increase in HF-HRV, in response to

PS/A tasks at baseline that aligns with the rebound phase of ANS

flexibility. The ANS shapelet predicted individual variability in

learning, as well as the change in PS/A task-related fMRI activity

after cognitive training. Specifically, participants with HF-HRV seg-

ments that were more similar to the identified ANS shapelet had

poorer training outcomes of learning and neuroplasticity. The pre-

dictive capacity of the ANS shapelet was robust and generalizable

across participants and learning from multiple PS/A tasks. More-

over, the predictive ability of the shapelet was not influenced by

age, years of education, neurodegeneration, or total cognitive

training time. In sum, we found strong evidence supporting the

premise that ANS flexibility contributes independently to inter-

individual differences in learning and neuroplasticity during cogni-

tive training.

TABLE 1 Participant information

VSOP MLA

T or χ2 test, df, (P)(n = 46) (n = 28)

Age, mean (SD) 75.13 (7.56) 73.68 (6.92) 0.83, 72 (.41)

Years of education, mean (SD) 15.98 (2.29) 16.68 (2.87) −1.16, 72 (.25)

Male, n (%) 27 (58.7) 13 (46.4) 1.05, 1 (.30)

Non-Hispanic White, n (%) 43 (93.5) 13 (46.4) 3.62, 1 (.06)

Married, n (%) 34 (73.9) 22 (78.6) 0.05, 1 (0.82)

MOCA, mean (SD) 24.24 (2.65) 20 (71.4) −0.19, 72 (.85)

GDS, mean (SD) 2.30 (2.23) 1.75 (2.40) 1.00, 72 (0.32)

Single-domain aMCI, n (%) 18 (39.1) 15 (53.6) 1.47, 1 (0.23)

First-degree family history of AD, n (%) 24 (52.2) 15 (53.6) 0.01, 1 (.91)

ADSCT, mean (SD) 2.74 (0.17) 2.81 (0.14) −1.89, 72 (.06)

Taking AD medication, n (%) 7 (15.2) 3 (10.7) 0.30, 1 (0.59)

BMI, mean (SD) 26.20 (4.42) 26.86 (4.50) −.634, 72 (0.53)

Chronic condition index, mean (SD) 4.46 (2.16) 4.64 (2.34) −.349, 72, (.73)

Hypertension, n (%) 21 (45.7) 18 (64.3) 2.15, 1 (.14)

Diabetes, n (%) 7 (15.2) 1 (3.6) 2.45, 1 (.12)

Total amount of training time in hour, mean (SD) 18.01 (7.1) 25.30 (7.78) −4.13, 71 (<.000)

Executive function at baseline, mean (SD) −0.11 (0.54) −0.06 (0.52) −0.38, 72 (.70)

Episodic memory at baseline, mean (SD) 39.2 (13.69) 38.96 (12.22) 0.07, 72 (.94)

Visual attention at baseline, mean (SD) 5.87 (0.53) 5.89 (0.50) −0.19, 70 (.85)

Visual attention after intervention, mean (SD) 5.52 (0.49) 5.76 (0.48) −2.08, 72, (.04)

Note: Visual attention was measured by log-transformed Useful Field of View (lower is better). Bold values indicate p < .05.

Abbreviations: AD, Alzheimer's disease; ADSCT, Alzheimer's disease signature cortical thickness (for neurodegeneration); aMCI, amnestic mild cognitive

impairment; BMI, body mass index; GDS, Geriatric Depression Scale—15 items; MOCA, Montreal Cognitive Assessment (for global cognition).

3610 CHEN ET AL.



2 | METHODS

2.1 | Design

The protocol for the parent double-blinded randomized controlled trial was

reported previously (Lin et al., 2020). In the current study, we focused on

participants from the VSOP group to examine the relationships between

ANS patterns, learning, and neuroplasticity. ANS function and learning

were assessed using ECG and performance data collected at two check-in

sessions, one during the first week and the other during the last week of

the 6-week intervention period. We did not collect ECG and PS/A-related

performance data from the MLA group at the two check-in sessions to

minimize exposure to the VSOP tasks. PS/A-induced neuroplasticity was

assessed using data from PS/A task-based fMRI at baseline and post-

intervention in both groups. By contrasting VSOP with MLA group, we

identified brain areas that showed significant intervention-induced neuro-

plasticity. Protocol of the current study is presented in Figure 1b.

2.2 | Participants

Eighty-four older adults with amnestic MCI (single- or multiple-domain)

aged 60–90 years were recruited from University-affiliated memory,

internal, and geriatric clinics. All clinics used 2011 diagnostic criteria for

aMCI (Albert et al., 2011): (a) memory deficit (1–1.5 SD below age- and

education-corrected population norms); (b) may have deficits in other

cognitive domains (e.g., executive function); (c) preserved Basic Activi-

ties of Daily Life, defined as requiring occasional assistance on less than

two items on the Minimum Data Set-Home Care interview; and

(d) absence of dementia using NINCDS-ADRDA criteria. Other inclu-

sion criteria included (a) if applicable, no change in dose of Alzheimer's

medication (i.e., memantine or cholinesterase inhibitors) in the

3 months prior to recruitment; (b) capacity to give consent based on cli-

nician assessment; and (c) other: age ≥ 60 years, English-speaking, ade-

quate visual acuity for testing, and community-dwelling. Exclusion

criteria included (a) current enrollment in another cognitive improve-

ment study; (b) uncontrollable major depression, or change of antipsy-

chotic, anti-seizure med, antidepressants or anxiolytics in the past

3 months; (c) MRI contraindications (e.g., pacemaker); (d) major vascular

disease: stroke, myocardial infarction, or congestive heart failure. The

study was approved by the University of Rochester Research Subject

Review Board. Written consent was obtained from each participant.

Since cognitive assessments vary across clinics, we reassessed memory

(Brief Visuospatial Memory Test (Benedict, 1997), executive function

(EXAMINER, Kramer et al., 2014), and global cognition (Montreal Cog-

nitive Assessment; Rossetti, Lacritz, Cullum, & Weiner, 2011) at base-

line. Background information is presented in Table 1.

2.3 | Intervention

Participants were randomized to VSOP or MLA at a 2:1 ratio. PS/A-

oriented cognitive training was administered using a commercial

package from Posit Science called BrainHQ, which included five com-

puter games that target PS/A. All tasks share visual components, and

the tasks become increasingly more difficult and require faster reac-

tion times as training progresses. Participants respond by identifying

either the type or location of an object displayed on the screen. The

training dynamically adjusts the difficulty of each task in real time

based on the participant's performance, ensuring that participants

always operate near their optimal capacity. If participants achieve an

80% accuracy rate across all five tasks, the training program will

advance to the next difficulty level. MLA intervention included online

crossword, Sudoku, and solitaire. Participants were allowed to select

any combination of these games during each training session. The pur-

pose of MLA was to control for computer and online experiences and

duration of training time, as well as to simulate everyday mental activ-

ities. For both groups, we provided identical online platforms, an ori-

entation, and two in-person check-in sessions. Participants completed

all subsequent training sessions at home. During the self-

administration period, technical support was available by phone and

email. The training period for both groups lasted 6 weeks, and partici-

pants were instructed to complete four 1-hr sessions per week.

2.4 | Check-in sessions

For VSOP group, task paradigms with fixed stimuli that targeted PS/A

but differed from the PS/A-oriented training were used in the check-

in sessions to evaluate reaction time-based learning scores. Each par-

ticipant began with a 5-min resting period, then completed the

5 PS/A tasks (multiple object tracking [MOT]; rapid serial visual pre-

sentation (RSVP); Search, Sweep, and useful field of view [UFOV]).

Each task lasted for 10 min, using a 1-s fixation point and a 2-s inter-

stimulus interval, with a response window of either 6 s (MOT, Search,

and Sweep) or 10 s (RSVP and UFOV). Task order was randomized

across participants and across the two sessions. Figure 2a shows

examples of stimuli used in the tasks. Individual task paradigms are

described in Supporting Information.

2.5 | Measures

Learning was assessed for each task separately for VSOP group using

data from the two check-in sessions. Learning was calculated as the

difference between the averaged reaction time of trials with correct

responses in the two sessions, controlled for the first check-in session,

then converted to z-scores within each task. Higher scores indicated

greater reduction in reaction time and more effective learning. We

excluded 7 participants who dropped out of the study during the

intervention period (refer to CONSORT form, Figure S2).

ECG data were acquired with Mindware 2-Slot BioNex model and

BioLab software and monitored continuously using a standard lead-II

electrode configuration during the rest period and while participants

completed the five PS/A tasks during the two check-in sessions. HF-

HRV, an index for parasympathetic ANS activity, was preprocessed
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with Mindware HRV analysis software (v3.1), using methods

described previously (Berntson et al., 1997). An R-R interval is the

time elapsed between two successive beats on the electrocardiogram.

Briefly, consecutive R-R intervals filtered at 0.12–0.40 Hz to generate

HF-HRV and natural log transformed. We extracted 15-s segments

and removed ectopic beats and artifacts by consistent visual inspec-

tion between two raters. Null values from motion and arrhythmic arti-

facts in the remaining data were excluded by dividing the number of

null-absent segments by the total number of segments to obtain the

percentage of usable data for each participant. An 80% threshold was

applied to determine valid rest and task data. Average HF-HRV was

calculated for surviving resting HF-HRV data (44 observations for

44 participants). For task data, participants were included as long as

they had valid data for at least one task. After removing artifacts,

41 participants had valid data for all 5 tasks. For the remaining partici-

pants, 3 had 4 tasks, 1 had 3 tasks, 1 had 2 tasks. None had valid data

for only one task. Three participants without valid data for any tasks

were excluded. Surviving task data (222 observations for 46 partici-

pants in total) was analyzed with the shapelet analysis approach

described in the methods section. Of note, ECG data from the second

check-in session was not included here because of the potential top-

down effect of cognitive training on the ANS response, which may

complicate the interpretation of post-training ANS signals.

MRI data were collected at University of Rochester Center for

Advanced Brain Imaging and Neurophysiology (UR CABIN), using a

dedicated research 3T Siemens TrioTim scanner (Erlangen, Germany),

equipped with a 32-channel head coil. Structural MRI: Each fMRI ses-

sion began with a localizer scan, followed by an MPRAGE scan

(TR/TE = 2,530 ms/3.44 ms, TI = 1,100 ms, FA = 7, 256 × 256 matrix,

1 mm3 isotropic resolution, 1 mm slice thickness, 192 slices) to

acquire high-resolution structural-weighted anatomical images. Task-

related fMRI: Task-related BOLD data were collected using a gradient

EPI sequence (TR/TE = 2,500 ms/30 ms, FA = 90, 64 × 64 matrix,

4 mm3 in-plane resolution, 4 mm slice thickness, 37 axial slices).

A 5-min block-design visual search task (Figure 2a) was used to assess

changes in brain activation. The stimuli were presented in 5 blocks,

each of which consisted of 6 trials, for a total duration of 42 s; blocks

were alternated with fixation periods of 20 s. Within each trial, a cen-

tral fixation cross was presented for 500 ms, followed by a 5,500 ms

presentation of the search pattern. An interval of 1,000 ms was

inserted between trials. Participants were instructed to search for the

target symbol, “申” (present for 50% of trials), displayed among six dis-

tractors in different orientations (e.g., “由”, “甲”). Participants

responded by pressing one of two response buttons to indicate

whether the target was present or absent. For the VSOP group, par-

ticipants with two complete scan sessions (before and after interven-

tion) and valid ECG data from the first check-in session were included

in the image analysis (n = 35).

Background information collected at baseline included demo-

graphic information and health history. Cortical thickness signature

for Alzheimer's disease-associated neurodegeneration was calculated

using structural MRI data in several posterior brain regions, including

bilateral inferior and middle temporal lobes, entorhinal cortex, and

fusiform gyrus, which have been shown to be particularly vulnerable

to Alzheimer's disease pathology (Jack Jr. et al., 2015). Details can be

found in Table 1.

Visual attention was measured using Useful Field of View (UFOV),

a three-task computer test that assesses processing speed, sustained

attention, and divided attention based on reaction time. A composite

score with natural log transformation was used, with higher scores

indicating slower reaction time and poorer performance. Of note,

UFOV used here is different from the aforementioned UFOV used in

the ECG collection which is a simplified version. The tasks in UFOV

were conceptually identical to VSOP training but in different formats.

(a)

(b)

F IGURE 2 (a) Sample stimuli for check-in sessions and fMRI. (b) The accuracy and mean reaction time for the two check-in sessions and
corresponding standard errors of the mean are shown. The mean reaction time was calculated for correct responses only. Black asterisks indicate
statistical significance with one-tailed paired t-tests between the two sessions (*p < .05; **p < .01; ***p < .001). MOT, multiple object tracking;
RSVP, rapid serial visual presentation; UFOV, useful field of view
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We found VSOP group showed faster reaction times than MLA group

after intervention (t = −2.08, p = .04, Table 1).

2.6 | Data analysis

Shapelet analysis: We used a machine learning approach called

shapelet analysis (Ye & Eamonn, 2009; Ye & Keogh, 2010) to identify

ANS responses that are predictive of learning. Traditional linear ana-

lyses that use summary scores (e.g., means) discard information about

the shape of a time series, while shapelet analysis preserves the local

shape of the time series. Furthermore, compared to nonlinear

methods, such as approximate entropy, that are heavily dependent on

the recording length, the shapelet-based method is capable of captur-

ing temporally ordered features at both local (small window size) and

global (large window size) scales, allowing for more flexible and robust

detection of subtle, dynamic changes in data. Together these charac-

teristics support the use of shapelet analysis to analyze the time

course of ECG.

There are six steps involved in determining whether any baseline

HF-HRV shapelets can predict learning after intervention (Figure 2):

1. Candidate extraction: We first separated data into training and

testing sets. For the training set, we extracted all possible subse-

quences using a sliding window with a varied window size (W = 3,

4, 5, …, L) and fixed step size (s = 1). Total number of candidates was

calculated as N×
PL

W =3 L−W +1ð Þ , N: number of training sample, L:

length of a time series, which was 40 segments (15 s/segment for

total 10min); W: sliding window size.

2. Subsequence transformation: Using the candidates, HF-HRV

data was transformed into a similarity matrix and used as features. For

each candidate shapelet C and a given time series T, we obtained the

similarity in the following way:

maxPearsonSimilarity C,Tð Þ= max
i=1,2,…,L−W +1

cov C,Ti:i+W−1ð Þ
σCσTi:i+W−1

where W is the length of the candidate C, Ti : i + W − 1 are the observa-

tions of T at i, i + 1, i + 2, …, i + W − 1 time point, σC are the standard

deviation of C, σTi:i+W−1
are the standard deviation of Ti : i+W−1,

and cov(C, Ti : i+W−1) is the covariance of C and Ti : i+W−1.

In other words, the similarity to a candidate was the similarity

between a candidate and its best matching subsequence of a time series.

3. Shapelet selection: For the training set, candidates were ranked

based on the absolute value of the correlation between the features

(similarities to the candidates) and the learning scores. The highest

ranked candidate was selected for further use, and the remaining can-

didates were removed.

4. Model learning: For training set, we used linear regression to

model the relationship between similarities to the selected shapelet

and learning scores:

min
a,b

Y− aX + bð Þk k,

where X contains the selected features (similarities to the selected

shapelet), Y contains the learning scores, and a, b are the regression

coefficients.

5. Label prediction: We applied the trained model to predict the

learning score of the testing set. The predictor was the similarity to

the selected shapelet calculated as described in Step 3.

6. Evaluation: We evaluated the results by examining the correla-

tion between the predicted and actual outcomes of testing data. To

evaluate the significance of our result, we performed permutation test

shuffling the labels among the samples. The permutation p-value was

reported as (number of permutation R > true R)/number of

permutations.

We first performed leave-one-participant-out cross-validation

(see Figure 3a). The model was trained on n ‑ 1 participants and

tested on the participant who was excluded from the iteration. This

process was repeated for all 46 participants. We evaluated the results

from the testing data across all iterations. We then performed cross-

task validation to examine whether there was a task-independent HF-

HRV shapelet (see Figure 5a). We trained the model on 4 of the

5 tasks and tested on the excluded task. This process was repeated

five times, wherein each training iteration reserved one task for test-

ing. Results from each task (iteration) were evaluated separately.

Additionally, we repeated leave-one-participant-out cross-

validation with the candidate shapelet identified from the first round

of cross-validation using fixed segment lengths to examine how the

length of the shapelet might influence the prediction results. In other

words, we performed shapelet analysis separately for each possible

segment length (i.e., 3, 4, …, 40 segments). The candidate shapelet

selected in each iteration was the one whose predictive value was

highest for the learning scores associated with the given segment

length.

Image data preprocessing and analysis: fMRI data were analyzed

with FEAT FSL Version 6.0.0 (www.fmrib.ox.ac.uk/fsl) (Smith et al.,

2004; Woolrich et al., 2009) and in-house Matlab scripts.

Preprocessing of the functional data was performed in the following

order: slice time correction (sinc interpolation), motion correction to

the middle volume, smoothing with a nonlinear algorithm using a

5 mm kernel, and high-pass temporal filtering with sigma = 100 s. For

each participant, functional data were registered to high-resolution

brain-extracted anatomical images in native space. Functional and

anatomical volumes were transformed into standardized MNI space.

For task fMRI, a general linear model was used to fit beta esti-

mates to the task condition and convolved with a standard Double-

Gamma hemodynamic response function. The six motion parameters

were added to the model as regressors of no interest to address vari-

ance attributable to head movement. Individual participant data were

analyzed to test for the contrast of “task > fixation.” These contrast

maps were then used for a subsequent group-by-time analysis. To

examine the intervention-induced neuroplasticity effect, we com-

pared VSOP with MLA group. We calculated the interaction between

Group (i.e., VSOP vs. MLA) and Visit Time (Post-intervention

vs. Baseline) using FLAME (FMRIB's Local Analysis of Mixed Effects).
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The resulting whole brain Z (Gaussianised T/F) statistic image was

thresholded with Z > 1.7 and a corrected cluster significance thresh-

old of p < .05 based on Gaussian random field theory.

Next, we tested the relationship between the ANS responses

and the intervention-induced neuroplasticity for VSOP group. We

extracted percent signal change within 9 mm radius spheres

around the peak activation derived from the whole brain interac-

tion analysis and calculated the change of activation from baseline

to post-intervention for each individual. ANS responses were

assessed by the averaged similarity to Shapelet A across the five

tasks in the first check-in session for each participant. Pearson cor-

relations were performed between ANS responses and change in

activation.

Other data analysis was conducted using SPSS 24.0. We com-

pared behavioral performance between the two check-in sessions

using paired t-tests. We did post hoc analyses based on the shapelet

identified in the cross-participant analysis, using linear mixed models

with participant as a random effect.

First, we examined the relationship between shapelet similarity

and learning based on the onset time of the selected shapelet, con-

trolling for the main effects of onset time and similarity of the

shapelet and type of task (yLearning = β0 + β1 Task + β2 Similarity to

Shapelet + β3 Onset Time + β4 Similarity to Shapelet × Onset

Time + ε). The onset of the selected shapelet was defined as the

beginning of the best match location to the selected shapelet in a

time series data. Any significant interaction effect between “Similar-

ity to Shapelet” and “Onset Time” suggests that the predictive value

of the shapelet is modulated by the time at which the shapelet

appears.

Next, we examined the effect of covariates (age, education, neu-

rodegeneration, total training time, or resting HF-HRV) on the similar-

ity to the selected ANS shapelet (ySimilarity to Shapelet = β0 + β1 Task + β2

Covariate + ε), controlling for type of task. Resting HF-HRV was

assessed by averaged HF-HRV during the rest period. We also tested

the prediction of task HF-HRV on learning while controlling for covar-

iate and type of task (yLearning = β0 + β1 Task + β2 Covariate + β3 Similar-

ity to Shapelet + ε).

Additionally, we tested the prediction of the similarity to the

selected ANS shapelet on intervention-induced neuroplasticity while

controlling for covariates. We computed partial Pearson correlations

between averaged similarity to the selected shapelet across the five

tasks and the change of activation from baseline to post-intervention,

controlling for age, education, neurodegeneration, and total

training time.

F IGURE 3 An illustration of the shapelet analysis with synthetic data. First, from all time series in training data, subsequences of a specific
length (3–40 segments, 15 s/segment) were extracted to be candidates using a sliding window approach. Second, we generated features from
time series using the similarity between a candidate and its best matching subsequence of a time series. Third, we selected the shapelet most
associated with the learning score. Fourth, we used linear regression to model the relationship between similarities of the selected shapelet and
learning scores. Fifth, we applied the trained model to predict the learning score of the testing set. Lastly, we evaluated the results by examining
the correlation between the predicted and actual outcomes of testing data. To evaluate the significance of the test results, we did a permutation
test by shuffling the labels among the samples. The permutation p value was reported as (number of permutation R > true R)/number of
permutations. This procedure was used in both cross-participant and cross-task analyses. HF-HRV, high frequency heart rate variability. HF-HRV
data were collected from the first check-in session. Learning scores were calculated as the difference between the averaged reaction time of
correct-response trials for each PS/A task in the two check-in sessions, controlled for the averaged reaction time from the first check-in session,
and converted to z-scores within each task
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3 | RESULTS

3.1 | Behavioral results related to learning after
intervention

After the 6-week training there was a significant improvement in

accuracy for Sweep (t[45] = −3.09, p = .002) and a reduction in reac-

tion times for MOT (t[45] = −3.31, p < .001), Search (t[45] = 1.75,

p = .04), and UFOV tasks (t[45] = 3.305, p = .001; see Figure 1c).

Learning scores were calculated as the difference between the aver-

aged reaction time of correct-response trials for each PS/A task in the

two check-in sessions, controlled for the averaged reaction time from

the first check-in session, and converted to z-scores within each task.

Individual task paradigms are described in Supporting Information.

3.2 | Identify baseline ANS shapelets that are
predictive of learning after intervention

Cross-participant prediction and validation: We first examined whether

HF-HRV—a gold standard index for vagal control of ANS flexibility—in

response to PS/A-oriented tasks at baseline (i.e., the first check-in ses-

sion) could predict learning after the 6-week training across

participants. We utilized a shapelet analysis (Figure 2) with leave-one-

participant-out cross-validation, as shown in Figure 4a. In each leave-

one-participant-out iteration, we retained one participant for testing

and used the remaining participants for training. This was repeated for

all 46 participants, thus resulting in 46 iterations. We searched for an

HF-HRV shapelet for which the similarity could best predict learning

during training and evaluated the result on testing data across all iter-

ations. We found baseline HF-HRV significantly predicted learning on

the testing set (R = 0.30, permutation p = .002; Figure 4b). Two

shapelets (Shapelet A and Shapelet B, Figure 4c), both featuring a

length of 8 segments (15 s/segment for a total of minutes) and an ini-

tial rise in HF-HRV, were identified from the training set (Figure 4c).

The former shapelet was identified in 45/46 iterations and the latter

shapelet in 1/46 iterations. The two shapelets were highly correlated

(R = 0.90, p = .003). Furthermore, the similarity between Shapelet A/B

was negatively correlated with the learning score (R = −0.34, p < .001

for Shapelet A; R = −0.28, p < .001 for Shapelet B), suggesting that a

participants were more likely to benefit from the 6-week training if

their best matching subsequence over the 10-min task was more dis-

similar to Shapelet A/B at baseline.

To determine whether the shapelet length might influence the

prediction, we repeated our analysis with different shapelet segment

lengths. Statistically significant prediction results from the testing set

(a) (b) (c)

(d) (e) (f)

F IGURE 4 (a) Schematic description of the cross-participant validation. (b) Scatterplot of the predicted learning score using HF-HRV at
baseline. The x-axis is the predicted learning score and the y-axis is the observed learning score. (c) Selected shapelets from the training. The HF-
HRV value is plotted on the y-axis, and time, represented by segments, is plotted on the x-axis. One segment represents 15 s. Shapelet A (in red)
was identified in 45 out of 46 iterations and Shapelet B (in purple) was identified once. The two shapelets were highly similar. (d) Prediction of
learning with fixed segment lengths of the shapelets. The y-axis is the linear correlation between the predicted learning score and the observed
learning score. The solid black line is the prediction of from testing set, and the dotted black line represents the prediction from the training set.
Significant predictions from testing data were achieved with fixed lengths of 7, 8, 9, and 10 segments. (e) The shapelets selected with the highest
frequency for lengths with successful predictions. (f) Scatterplot of the similarity to Shapelet A and the learning score for participants with
different onset times. We grouped participants into terciles based on the onset time of Shapelet A: Early (1–33.3%, <2.5 min; green), middle

(33.3–66.6%, 2.5–5 min; blue) and late (66.6–100%, >5 min; orange)
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were achieved with a length of 7–10 segments (1.75 to 2.5 min;

R = 0.25, permutation p = .026 for length of 7; R = .30, permutation

p = .002 for length of 8; R = .18, permutation p = .05 for length of 9;

R = .24, permutation p = .031 for length of 10). The model achieved

highest performance in both training and test sets using an 8-segment

length (2 min) (Figure 4d). We also discovered that the shapelets with

lengths of 7 to 10 segments all featured an initial rise in HF-HRV

(Figure 4e). Therefore, our method was robust to the selection of

shapelet length.

Cross-task prediction and validation: We were also interested in

evaluating whether there were any generic, or task-independent, base-

line HF-HRV shapelets. Here, we conducted a shapelet analysis

(Figure 2) with leave-one-task-out cross-validation (see Figure 5a for

the cartoon illustration of our data split). In each leave-one-task-out

iteration, we retained one task for testing and used the remaining

tasks for training. This was repeated for all five tasks, thus resulting in

five iterations. The results are displayed in Figure 5b–f. Baseline HF-

HRV in response to task significantly predicted learning in 4 out of

the 5 PS/A-oriented tasks (MOT: R = 0.42, permutation p = .002;

RSVP: R = 0.27, permutation p = .034; Search: R = 0.38, permutation

p = .006; Sweep: R = 0.44, permutation p = .002; UFOV: R = 0.11, per-

mutation p = .231). Similar to the cross-participant analysis, Shapelets

A and B were revealed again in the cross-task analysis. The former

shapelet was identified in 4 out of 5 tasks and the latter shapelet in

1 task.

In the following analyses, we focused only on Shapelet A (i.e., the

shapelet with the best prediction results out of all significant shapelets

on both the training and test sets in the cross-participant analysis).

For each participant and each task, the degree of similarity between

each HF-HRV task segment and Shapelet A was calculated using a

sliding window approach with a 2-min window size. The task segment

that shared the highest degree of similarity with Shapelet A was con-

sidered representative of a given task for a given participant. Then the

averaged similarity with Shapelet A across 5 tasks for each participant

was used in the subsequent analysis.

3.3 | Relationships between similarity of the
selected ANS shapelet and neuroplasticity after
cognitive training

For the PS/A fMRI task, we first calculated intervention-induced neu-

roplasticity based on the interaction between Group (VSOP vs. MLA)

and Visit Time (Post-intervention vs. Baseline). We revealed three

ROIs—dorsal anterior cingulate cortex (dACC), superior frontal gyrus

(SFG), and inferior frontal gyrus (IFG)—where we found that, relative

to MLA, VSOP group had significantly greater increases in activation

from baseline to post-intervention (Figure 6a). Next, we tested the

relationship between the similarity to the selected ANS shapelet and

the intervention-induced neuroplasticity for the VSOP group. The

intervention-induced neuroplasticity was assessed by the increase of

activation from baseline to post-intervention in the three ROIs. The

similarity to the selected ANS shapelet significantly predicted

intervention-induced neuroplasticity in dACC (R = −0.34, p = .022)

and SFG (R = −0.31, p = .035) (see Figure 6b), but not in IFG

(R = 0.22, p = .10).

(a) (b) (c)

(d) (e) (f)

F IGURE 5 (a) Schematic description of the cross-task validation. (b–f) Scatterplot of the learning score prediction using HF-HRV at baseline
for each task, separately. The x-axis is the predicted learning score and the y-axis is the observed learning score. The shapelets selected with the
highest frequency are plotted in the upper left corner
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3.4 | Additional considerations for the relationship
between the selected ANS shapelet and learning/
neuroplasticity

The correlational strength between similarity to the selected ANS

shapelet and learning was based on the onset time of the shapelet:

The average onset of Shapelet A across participants and tasks was

3.9 ± 2.2 min. We calculated the interaction effect of onset time of a

HF-HRV segment and its degree of similarity to Shapelet A on learn-

ing across all tasks, controlling for the main effects of onset time,

shapelet similarity, and task type. The interaction effect was signifi-

cant (B = 0.15, SE = 0.08, t = 2.01, p = .046). Figure 4f shows this rela-

tionship, which suggests that the predictive value of the shapelet for

learning was stronger when the onset of the shapelet occurred later

in the task.

Age, education, neurodegeneration, total cognitive training time,

and resting HF-HRV did not influence the relationship between the

similarity to the selected ANS shapelet and learning: We examined

the effects of age, years of education, neurodegeneration (Jack

Jr. et al., 2015), total training time, and resting HF-HRV on task HF-

HRV. Resting HF-HRV was assessed by averaging HF-HRV during a

5-min rest period. No significant effect on the similarity to the

selected ANS shapelet was found from age (B = 0.0005, SE = .0009,

t = 0.52, p = .61), education (B = 0.0035, SE = 0.003, t = 1.22, p = .23),

neurodegeneration (B = 0.017, SE = 0.041, t = 0.40, p = .69), total

training time (B = −0.000003, SE = 0.00002, t = −0.24, p = .81), or

resting HF-HRV (B = 0.0034, SE = 0.003, t = 1.03, p = .30), controlling

for the type of task.

Furthermore, when controlling for resting HF-HRV and type of

task, prediction of the similarity to the selected ANS shapelet for

learning remained significant (B = ‑2.32, SE = 0.53, t = −4.40,

p < .001). When controlling for resting HF-HRV and type of task, in

addition to age, education, neurodegeneration, and total training time,

task HF-HRV still predicted learning (B = −2.60, SE = 0.59,

t = −4.36, p < .001).

Additionally, we tested whether resting HF-HRV could predict

learning. No significant predictions were found for any tasks (MOT:

R = −0.13, p = .42; RSVP: R = −.07, p = .64; Search: R = −0.10, p = .54;

Sweep: R = −.08, p = .59; UFOV: R = −.08, p = .60).

Age, education, neurodegeneration, and total cognitive training

time did not influence the relationship between the similarity to the

selected ANS shapelet and neuroplasticity: When controlling for age,

education, neurodegeneration, and total training time, the similarity to

the selected ANS shapelet still predicted neuroplasticity in dACC

(partial correlation R = −0.39, p = .015) and SFG (partial correlation

R = −0.45, p = .006), but not in IFG (partial correlation

R = 0.16, p = .203).

4 | DISCUSSION

Applying both cross-participant and cross-task analyses, we identified

a robust ANS-based shapelet (2 min in length, characterized by an ini-

tial rise of HF-HRV), whose similarity predicted learning across indi-

viduals and multiple PS/A tasks after a 6-week cognitive training

paradigm in a group of older adults with aMCI. Furthermore, the simi-

larity to the revealed ANS shapelet significantly predicted cognitive

training-induced neuroplasticity, indexed by increased activation in

dorsal (i.e., dACC and SFG) but not ventral (i.e., IFG) PFC from base-

line to post-intervention. Across outcome measures of learning and

associated neuroplasticity, individuals with an ANS segment more

similar to the identified shapelet had poorer outcomes. The average

onset time of the ANS shapelet was at 3.9 min during a 10-min PS/A

task, with stronger predictive value for learning when the shapelet

(a) (b)

F IGURE 6 (a) Intervention-induced neuroplasticity measured with task-based fMRI. Intervention-induced neuroplasticity was calculated by
the interaction between Group (VSOP vs. MLA) and Visit Time (Post-intervention vs. Baseline). Compared to MLA group, a significantly greater
increase from baseline to post-intervention was found for VSOP group in dACC (cluster size: 388 voxels, peak z-value = 2.91, MNI coordinate:
2 24 24), SFG (cluster size: 999 voxels, peak z-value = 3.07, MNI coordinate: −8 24 54) and left IFG (cluster size: 1119 voxels, peak z-
value = 3.57, MNI coordinate: −52 28 8). (b) ANS responses predict intervention-induced neuroplasticity in dACC and SFG. The y-axis in the
scatter plots is the change in activation from baseline to post-intervention in dACC and SFG for the VSOP group. The x-axis is the averaged
similarity to Shapelet A across five tasks for each individual at baseline. Mean similarity to Shapelet A negatively correlated with increased
activation in dACC and SFG. dACC, dorsal anterior cingulate cortex; IFG, inferior frontal gyrus; SFG, superior frontal gyrus
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occurred later during the task. Individual characteristics

(e.g., education, neurodegeneration, age, total cognitive training time)

did not influence the predictive ability of the ANS shapelet.

Although better overall ANS function has been correlated to

higher cognitive function previously (Byrd, Reuther, McNamara,

DeLucca, & Berg, 2014; Duschek, Muckenthaler, Werner, & del

Paso, 2009), our finding is among the first to empirically support the

theory of adaptation capacity to environmental demands and neuro-

plasticity. We discovered a meaningful segment of the ANS response

related to cognitive challenges observed prior to cognitive training

that predicted learning and associated neuroplasticity more than one

month later. Previous studies have suggested that enhanced vagal

tone, reflected by greater activation of the parasympathetic branch of

the ANS, leads to improvement in cognitive processes by releasing

neurohormones, particularly noradrenalin, that are related to learning

and memory (Groves & Brown, 2005). Furthermore, the locus

coeruleus, a nucleus in the brainstem, is the primary region containing

noradrenalin and directly receives signals from and projects to the

ACC (Joshi, Li, Kalwani, & Gold, 2016). Additionally, activation in dorsal

PFC (e.g., dACC and SFG found here) is robustly linked to HF-HRV

reactivity in response to acute cognitive stimuli across adulthood,

whereas activation in ventral PFC (e.g., IFG found here) is more respon-

sive to HF-HRV reactivity in response to emotional stimuli (Thayer,

Ahs, Fredrikson, Sollers 3rd, & Wager, 2012). Activation of these dorsal

PFC sub regions, therefore, may facilitate learning during PS/A tasks.

Together, this evidence may explain the observed causal relationship

between the HF-HRV shapelet, change in PFC, and learning.

The timing of the rise in HF-HRV, identified as a marker of learn-

ing, is consistent with the notion that neural resources will shift

dynamically with changes in cognitive demand. We found that the

average onset of the HF-HRV shapelet across tasks occurred approxi-

mately at the fourth minute, with the relationship between the

HF-HRV shapelet and learning strengthening increasingly with a later

onset. As noted previously, we found in prior work that HF-HRV dur-

ing cognitive demand initially declined and then rebounded (Lin,

Heffner, Ren, & Tadin, 2017). The rebound occurs when a cognitive

task is no longer challenging enough to require substantial neural

resources. If the rebound occurs prematurely—an indication of insuffi-

cient task difficulty or a decline in the brain-behavior mismatch—then

positive plasticity can be limited, regardless of the amount of cognitive

training provided. The HF-HRV shapelet may therefore indicate how

rapidly individuals adapt to cognitive challenges and estimate the

magnitude of adaptive brain changes individuals would experience

that would benefit their learning.

There are a number of implications for adopting the discovered

HF-HRV shapelet in the development of an individualized cognitive

training program. Performance in existing cognitive training paradigms

is often skewed by unmodifiable factors, such as education and

premorbid IQ, and inflation from a large proportion of correct answers

that are actually “guessing trials,” both of which can interfere with

neuroplasticity. The discovered ANS pattern may be a potential bio-

marker for this cognitive training “mismatch”, given its predictive

value for learning and neuroplasticity.

Limitations should be acknowledged. First, in cross-task analysis,

prediction of the ANS shapelet was generalized to PS/A tasks, exclud-

ing UFOV. The objective of UFOV is to identify a center target while

simultaneously locating a peripheral target, which can be particularly

difficult, as evidenced by the lowest averaged accuracy (<80%) among

all PS/A tasks. We suspect that a task duration of 10 min might be

too short to detect any rebound, given the challenging difficulty level

of the task. To further validate the predictive value of the revealed

ANS shapelet for UFOV, a longer task may be required. Second,

although we utilized multiple cognitive tasks, they all targeted

PS/A. According to a recent meta-analysis, attentional control in

learning is most likely related directly to ANS regulatory capacity

(Zahn et al., 2016), which served as justification for testing the current

phenomenon in the PS/A tasks. However, the current phenomenon

needs to be further validated in other types of learning. Given the evi-

dence for age-associated dedifferentiation of neural networks in sup-

port of different types of learning, as well as the reallocation of neural

resources associated with learning to frontal regions (Dennis &

Cabeza, 2011), we expect the current model to be applicable to other

learning types. Additionally, although the discovered ANS shapelet is

not susceptible to cortical atrophy-associated neurodegeneration, its

potential susceptibility to other types of neuropathology related to

aging or neurodegeneration (e.g., dopamine deficiency, amyloid or tau

deposition) remains unclear and should be further examined. Finally,

given the interaction between the sympathetic and parasympathetic

branches of the ANS in response to environmental demands, the role

of the sympathetic branch in learning needs to be examined to deter-

mine whether the predictive value of the identified ANS shapelet can

be further strengthened.

By synthesizing two theories on mismatch's role in neuroplasticity

and neurovisceral integration of ANS and brain, our findings are

among the first empirical evidence to confirm that adaptation capac-

ity, indexed by ANS flexibility, predicts individual differences in learn-

ing and associated neuroplasticity beyond individual characteristics.
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