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Aperiodic and periodic components of ongoing oscillatory brain dynamics 39 

link distinct functional aspects of working memory processing through 40 

adult lifespan  41 

ABSTRACT: 42 

Signal transmission in the brain propagates via distinct oscillatory frequency bands but the aperiodic 43 

component - 1/f activity - almost always co-exists which most of the previous studies have not 44 

sufficiently taken into consideration. We used a recently proposed parameterisation model that delimits 45 

the oscillatory and aperiodic components of neural dynamics on lifespan ageing data collected from 46 

human participants using Magnetoencephalography (MEG). Since, healthy ageing underlines an 47 

enormous change in local tissue properties, any systematic relationship of 1/f activity would highlight 48 

their impact on the self-organized critical functional states. Furthermore, we have used patterns of 49 

correlation between aperiodic background and metrics of behaviour, to understand the domain general 50 

effects of 1/f activity. We suggest that age-associated global change in 1/f baseline, alters the functional 51 

critical states of the brain affecting the global information processing impacting critically all aspects of 52 

cognition e.g., metacognitive awareness, speed of retrieval of memory, cognitive load and accuracy of 53 

recall through adult lifespan. This alteration in 1/f crucially impacts the oscillatory features peak 54 

frequency and band power ratio, which relates to more local processing and selective functional aspects 55 

of cognitive processing during the Visual Short Term Memory (VSTM) task. In summary, this study 56 

leveraging on big lifespan data for the first time tracks the cross-sectional lifespan associated periodic and 57 

aperiodic dynamical changes in the resting state to demonstrate how normative patterns of 1/f activity, 58 

peak frequency and band ratio measures provide distinct functional insights about the cognitive decline 59 

through adult lifespan.  60 

 61 

Significance statement: Ageing is accompanied by the decline in cognitive functions and age itself is a 62 

major risk factor for Alzheimer’s Disease and other neurological conditions. Our study provides 63 
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Magnetoencephalogram (MEG) 1/f aperiodic and periodic markers across the healthy adult lifespan and 64 

shows that different frequency bands and their spectral features (aperiodic and periodic component) 65 

mediate age-related changes across different brain regions, in multiple cognitive and metacognitive 66 

domains, which not only provides us with a better understanding of the ageing process but would also 67 

help in better prevention of cognitive impairments. A clear characterization of the association between 68 

baseline oscillatory component, 1/f activity, band ratio, healthy ageing and cognition, is established in this 69 

study. 70 

INTRODUCTION:  71 

Spontaneous brain dynamics indexed by variation of neuro-electromagnetic potential may reflect the local 72 

as well global change associated with healthy ageing processes that guide behavioural response through 73 

lifespan (Bishop et al., 2010; Foster et al., 2015; Sahoo et al., 2020). While the periodic component of 74 

spontaneous activity has been extensively studied as an objective measure for cognitive phenotyping 75 

(Klimesch, 1999; Knyazev, 2007; Schutter & Knyazev, 2012), the non-oscillatory/aperiodic background 76 

component also known as “1/f” activity received less attention compared to the former. This spontaneous 77 

1/f aperiodic brain dynamics almost always pervasively co-exists in EEG/MEG/LFP signals (Lyne et al., 78 

1992; Beggs et al., 2003; Linkenkaer-Hansen et al., 2001; Bédard et al., 2006; Voytek et al., 2015) and 79 

critically influence oscillatory signatures in the context of healthy ageing and constrain task performance 80 

(Voytek et al., 2015; Donoghue et al., 2020).  As we age, we are faced with the likelihood that our 81 

cognitive faculties will decline for example, ascertain memory (Nyberg et al, 2012), shift of sustained 82 

attention (Gazzaley et al., 2005), and processing speed (Salthouse et al., 2010). There were recent 83 

attempts to relate 1/f activity - where it is being considered as a marker of “neural noise”- with N900 84 

lexical prediction (Dave et al., 2018), working memory (Voytek et al., 2020) and grammar learning 85 

(Cross et al., 2020).  86 

 87 

The existence of ubiquitous “1/f” activity in neuronal systems organized across various spatial scales is 88 

one of the key features of signal variability and collectively referred to as “noise”. However, a recent 89 
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perspective suggests a serious reconceptualization is necessary to define what constitutes the ‘signal of 90 

interest’ or ‘noise’ in neuroscience (Uddin et al., 2020). The characteristics of 1/f component - slope and 91 

offset - of the ongoing oscillatory power has been found to be dynamic in nature. One possible 92 

mechanism for this dynamical change is an increased baseline activity (Voytek et al., 2015) or at a more 93 

fundamental level, a phenomenon called self-organized criticality (Bak et al., 1987). In Neuroscience, the 94 

presence of critical brain states can shape an organism’s ability to optimally switch between task states 95 

(Buzsáki, 2006). However, some studies have postulated that the origin of 1/f may lie in the tissue 96 

properties (Bedard et al., 2006). Therefore, we hypothesized that ageing is consonant with alteration of 97 

physiological properties in brain tissue, so any changes along ageing dimension in 1/f owes its origin to 98 

the tissue properties. Subsequently, we propose that prospective age-corrected correlations between 1/f 99 

and behavioural performance in tasks will reveal if the tissue properties can alter the self-organized 100 

criticality of functional brain states and subserve as a non-specific mediator of behaviour and cognitive 101 

functions. 102 

 103 

Other than the characteristics of 1/f component - slope and offset, physiological ageing has been further 104 

characterized by progressive change in oscillatory power, central frequency, and functional connectivity 105 

(Voytek et al., 2015; Tran et al., 2020; Sahoo et al., 2020; Murty et al., 2020). For example, a consistent 106 

line of research associated higher individual peak alpha frequency (PAF) across adulthood with better 107 

working memory and better reading comprehension (Angelakis et al., 2004; Clark et al., 2004; Klimesch, 108 

1997). There are also noticeable discrepancies among numerous existing ageing studies based on the 109 

estimation of difference of power between younger and elderly individuals in the frequency band of 110 

interest (Klass et al., 1995; Aurlien et al., 2004; Cummins et al., 2007; Stomrud et al., 2010; Ishii et al. 111 

2017; Scally et al., 2018, Sahoo et al., 2020). Hence, it is often notoriously difficult to reconcile those 112 

age-associated oscillatory findings during spontaneous activity and trusting power changes in the relevant 113 

frequency band were estimated accurately. One possible reason for this inconsistency might be the mixing 114 

of oscillatory power with the aperiodic background 1/f activity, which was not taken into sufficient 115 

consideration by most of the studies.  116 
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 117 

On the other hand, frequency band ratio is a common measure in investigating attention deficit 118 

hyperactivity disorder (ADHD) (Lubar, 199; Snyder 2006; Arns et al., 2014), executive functioning 119 

(Lubar, 1991; Angelidis et al., 2016; Gordon et al., 2018; van Son et al., 2019) and working memory 120 

capacity (Moran et al., 2010). We propose here that both shifts in individual peak frequency (PF) and 121 

band ratio (BR) index clearly different aspects of functional changes associated with ageing impacting 122 

short-term working memory speed and accuracy of retrieval on one hand and cognitive capacity on the 123 

other.  124 

Taking together, we suggest the three different measures, 1/f slope-offset reflecting aperiodic activity, PF 125 

and BR reflecting periodic activity provide distinct functional insights about the neural underpinning of 126 

the healthy ageing process. 127 

METHODS 128 

1. Participants: 129 

The Cambridge Centre for Ageing and Neuroscience (Cam-CAN) is a large-scale, multimodal, cross-130 

sectional adult lifespan (18-88) population-based study. The Cam-CAN consists of 2 stages. In stage 1, 131 

2681 participants had gone through general cognitive assessments at their home. Tests for hearing, vision, 132 

balance, and speeded response were also assessed. Additionally, measures taken in stage 1 served to 133 

screen participants for stage 2. Those with poor hearing, poor vision, with neurological diseases such as 134 

stroke, epilepsy, or a score less than 25 in MMSE (cognitive assessment examination) were excluded 135 

from the further participation. From stage 1 to stage 2, 700 participants were screened (50 men and 50 136 

women from each age band). All screened participants were recruited for testing at the Medical Research 137 

Council (UK) Cognition and Brain Sciences Unit (MRC-CBSU) in Cambridge, UK. In this stage, MRI 138 

scans, MEG recordings and cognitive task data were collected, all the participants performed a range of 139 

psychological tests and neuroimaging assessments, but only the MEG RS data and VSTM task data are 140 

included in this study. Out of 700 participants, Magnetoencephalogram (MEG) data from 650 subjects 141 
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were available. Age values of participants were divided into 4 age groups for categorical analysis (See 142 

Statistical analysis): Young Adults (YA), Middle Elderly (ME), Middle-Late (ML), Older Adults (OA). 143 

Earlier studies have done similar grouping (Chan et al., 2014; Sahoo et al., 2020). 70 participants were 144 

randomly chosen from each age group resulting in a total of N=280 subjects comprising all four important 145 

stages of adult lifespan (Table 1.)  146 

2. Data acquisition: 147 

2.1 MEG Resting-State data 148 

MEG Data used for this study were obtained from the Cam-CAN repository (available at http://www.mrc-149 

cbu.cam.ac.uk/datasets/camcan/) (Taylor et al., 2007; Shafto et al., 2014). For all the 700 participants, 150 

MEG data were collected by Elekta Neuromag, Helsinki at MRC-CBSU using 306 channels, consisting 151 

of 102 magnetometers and 204 orthogonal planar gradiometers. MEG data collection was done in a light 152 

magnetically shielded room (MSR). A high pass filter of 0.03 Hz cut off was used to sample the data at 153 

1000Hz. Head-Position Indicator (HPI) coils were used to continuously assess the head position within 154 

the MEG helmet. To monitor blinks and eye-movements, two pairs of bipolar electrodes were used to 155 

record horizontal and vertical electrooculogram signals. To monitor pulse- related artefacts, one pair of 156 

electrodes were used to record electrocardiogram signals. MEG data collected for resting state required 157 

the participants to sit still for a minimum of 8mins and 40 sec with their eyes closed. From this subset, 158 

280 participants were included in the present study (70 in each group). 159 

2.2 VSTM Stimuli and Task 160 

In Cam-CAN, the design was adapted from Zhang et al., 2008 (Figure 1). On each trial, participants were 161 

presented with 1,2,3, or 4 coloured discs (mimicking different memory load conditions) for 250ms. 162 

Following that, a blank screen was presented for 900ms to hold those colours in memory. One of the 163 

original locations was highlighted by a thick black border (acting as a probe for participants to remember 164 

the colour at that location), and at the same time, a response colour wheel was presented. Participants had 165 



 

7 
 

as much time as required to report by touching or clicking, as accurately as possible the remembered hue 166 

of the highlighted disc. No feedback was given. After every trial, 830 ms fixation period was there. 167 

Participants complete two blocks of 112 trials, with memory load (1,2,3 or 4) counterbalanced and 168 

randomly intermixed. For each set size (memory load), the following measures (Table 2.) were estimated 169 

by fitting the error distribution with a mixture model of von-mises and uniform distributions, proposed by 170 

Zhang & luck (2008) and modified by Bays and Husain (2008). For detailed analysis refer to Zhang et al., 171 

2008; Mitchell et al., (2018). In brief, as a model-free index of performance, the response error—the 172 

angular difference between the target color presented and the color reported—was calculated. This model-173 

free index cannot be used to distinguish errors due to imprecise memory of an item, from errors due to 174 

reporting the wrong item, or guessing when an item is not kept in memory at all. To estimate these, 175 

Maximum likelihood estimation was used to decompose the data from each subject into three parameters 176 

that represent a mixture of a uniform distribution of errors and a von Mises distribution of errors. The von 177 

Mises distribution is the circular analogue of the gaussian distribution and was used because the tested 178 

colour space was circular. The uniform distribution was represented by a single parameter, Pm, which is 179 

the probability that the probed item was present in memory at the time of the probe. ‘K’ is calculated by 180 

multiplying the memory load by Pm. The von Mises distribution was represented by two parameters, its 181 

mean (µ) and its standard deviation (s.d.). µ reflects any systematic shift of the distribution away from the 182 

original colour value.  The ‘precision’ of each item held in memory is reported as the reciprocal of the 183 

standard deviation of the fitted von-Mises distribution. Subjects indicated their uncertainty in their choice 184 

of colour by the length of time they touched the wheel: As they held their finger down, white confidence 185 

intervals spread out around the selected point indicating greater uncertainty about their selection. To 186 

assess metacognitive awareness, the angular width of the reported confidence intervals provided a trial-187 

by-trial measure of subjective uncertainty. To summarize overall uncertainty for each individual and 188 

condition, the mean was taken across trials. Participants with smaller values thus reported more 189 

confidence in their responses.  190 
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2.3 MEG Data Preprocessing  191 

MEG processed data was provided by Cam-CAN. Preprocessing pipeline included temporal signal space 192 

separation, applied on continuous MEG data to remove noise from the HPI coils, environmental sources 193 

and continuous head motion correction. For removing the main frequency noise (50 Hz notch filter) and 194 

to reconstruct any noisy channel, max filter was used. More details about data acquisition and pre-195 

processing have been presented elsewhere (Shafto et al., 2014; Taylor et al., 2017). Additionally, we 196 

performed independent component analysis (ICA) to get rid of the artifacts and removal of higher order 197 

harmonics present in different frequency bands in the signal following previous studies (Taylor et al., 198 

2017; Sahoo et al., 2020). 199 

2.4 Data Analysis  200 

We analyzed the MEG and behavioural data in MatLab and python using custom made scripts. We have 201 

used Python MNE for preprocessing, standard python libraries including Scipy, Pandas and NumPy for 202 

data management and processing, python-matplotlib and seaborn for data visualisation in this study. The 203 

analysis pipeline is presented in Figure 2. 204 

2.4.1 Power Spectral Density (PSD) using Welch’s periodogram method 205 

The Power spectrum Sxx(f) of a signal x(t) capture how the strength of the signal is distributed in the 206 

frequency domain. Using Fast Fourier Transform (FFT), (a variant of Fourier Analysis), the 207 

representation of raw signal (time or space) is transformed into a frequency representation of the signal. 208 

Processed MEG data provided in ‘.fif’ format was analysed using Fieldtrip toolbox (Oostenveld et al., 209 

2011). Data for each N=280 subjects were first downsampled from 1000 Hz to 250Hz. The frequency 210 

resolution was held at 0.05 Hz. Power spectral density (PSD) was estimated using Welch’s periodogram 211 

method (pwelch function) implemented in MATLAB 2019b. For each participant, 102 magnetometer 212 

sensor’s time series data resulted in a matrix of size 102 𝑋 𝑇, where 𝑇  correspond to the number of time 213 

points. Each sensor’s 𝑐′𝑠 time series 𝑥c(𝑡) was further divided into segments of 20s (epochs) without any 214 

overlap. Spectrum was estimated for each segment after multiplying the time series segment with a 215 
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Hanning window. We estimated a global spectrum, representative of each subject i.e., 𝑆I(𝑓)  by taking a 216 

grand average of spectrums across all 102 magnetometer channels.  217 

       𝑺𝑰(𝒇) = ∑ 𝒔𝑰(𝒄, 𝒇)

𝒄

 

 

 

      (1) 

 218 

For each participant, resulted power spectrum matrix was 𝜈 𝑋 𝑐. For group-wise analysis, each 219 

participant’s spectrum was averaged across sensors of interest. 220 

2.4.2 Extracting Periodic and Aperiodic Features using a Parameterization model  221 

To separate the periodic (oscillatory) component from the aperiodic component of the signal power 222 

spectra we used a recently proposed parameterization model, fitting-oscillations-and-one-over-f (FOOOF 223 

toolbox) (for a full description refer to Donoghue et al., 2020). In brief, the PSDs calculated using pwelch 224 

was given as an input to the FOOOF model, which considers PSDs as a linear sum of aperiodic 1/f like 225 

characteristics of neural power and it is entirely described by the aperiodic “exponent” and “offset”. 226 

Periodic components describe putative oscillations that describe power above aperiodic component (so-227 

called ‘peaks’, simulated as Gaussian function; are described by Peak Frequency in hertz (Hz); peak 228 

power over and above the 1/f signal in arbitrary units (au) and bandwidth (Hz). Larger bandwidth in given 229 

frequency band indicates the deviation of power from the baseline and the spread across a wider 230 

frequency range. This global spread in power across frequency band further quantifies the strength of a 231 

signal at a specific frequency and allows for information transfer across wider frequency range. The 232 

simulation, for a power spectrum P is described as follows, 233 

𝑷 = 𝑳 + ∑ 𝑮𝒏

𝑵

𝒏=𝟎

 

 

(2) 

 234 

Where P is the linear sum of the aperiodic signal ‘L’ and N Gaussian peaks ‘Gn’. For each peak, Gaussian 235 

function ‘𝐺𝑛’ is fitted which is modelled as:  236 
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       𝑮𝒏 = 𝒂 ∗ 𝒆
(− 

(𝑭−𝑪)𝟐

𝟐𝒘𝟐 )
 

   

 

 

         (3) 

 237 

Where ‘a’ denotes the amplitude, ‘c’ denotes the central frequency, ‘w’ denotes the bandwidth of the 238 

Gaussian. ‘F’ is the frequency vector. Subsequently, all fitted Gaussians were subtracted from the original 239 

power spectrum to get a peak-removed power spectrum (PRPS). Finally, a 1/f signal is estimated from 240 

this PRPS using Eq. (4), representing the actual cortical noise. Exponential function in semilog-power 241 

space (logged power values and linear frequencies) is used to model the aperiodic signal (initial and final 242 

fit both), ‘L’, as: 243 

 244 

Where ‘b’ denotes the broadband offset, ‘χ’ is the slope, and ‘k’ is the knee parameter, which depends on 245 

the bend in the aperiodic signal. ‘F’ is the frequency vector. The Fooof model described in equation 2 fits 246 

the power of a given sensor signal by estimating a linear function ‘L’ for the aperiodic component of the 247 

signal and each oscillatory contribution ‘Gn’ is modelled as Gaussian peaks. Moreover, estimated power 248 

was fitted across the entire frequency range of 1 to 45 Hz by as no knee was expected in the MEG 249 

recordings across 1-50 Hz frequency range (Miller et al., 2009). The number of oscillatory components is 250 

determined from the data, with the option to set a maximum number of components as a parameter. The 251 

general model assumption here is that oscillatory and aperiodic processes are distinct and separable. 252 

Algorithm was implemented using custom python scripts on the python3 version.  253 

The model was fitted for individual subject and output parameters were averaged across subjects for each 254 

group (Figure. 3(A)). The settings for the algorithm were set as: (1) peak_width_limits = [0.5, 12]; (2) 255 

min_peak_height = 0; (3) max_n_peaks = 12; (4) peak_threshold = 2; (5) aperiodic_mode = “fixed”; and 256 

(6) verbos = ‘True’.   Oscillations were post-hoc grouped into theta (θ, 4-8 Hz), alpha (8-12 Hz), and Beta 257 

(β, 13-30 Hz). For estimating the topographical dynamical changes, the brain was segmented into 5 non-258 

overlapping regions: frontal (number of sensors = 26), parietal (number of sensors = 26), occipital 259 

(number of sensors =24), right and left temporal (number of sensors = 26).  260 

𝑳 = 𝒃 − 𝐥𝐨𝐠 (𝒌 + 𝑭𝝌) (4) 
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2.5.3 Band Ratio Measures 261 

Additionally, we estimated the band ratios which reflect the quantitative measure of oscillatory activity 262 

and are investigated in different cognitive processes; however, they also get impacted by the 1/f 263 

background noise (Donoghue et al., 2020). After removing the aperiodic signal using a parametrization 264 

method proposed by the Fooof toolbox, periodic values were estimated. Thus, after implementing 265 

appropriate parametrization of the aperiodic component of the signal power spectra band ratio values 266 

were re-estimated to indicate the true power changes and finally, were grouped into different frequency 267 

bands of interest. For each participant, we calculated the ratio of periodic components of different 268 

frequencies and averaged across participants for age bin-wise distribution. Band ratio of all the periodic 269 

components for each frequency band was then calculated by dividing the average of low band periodic 270 

features by the average of high band periodic features. We calculated frequency-specific band ratios of all 271 

periodic features. 272 

𝑩𝒂𝒏𝒅 𝑹𝒂𝒕𝒊𝒐 (𝑿) =
𝑨𝒗𝒈 (𝑿𝑳𝒐𝒘 𝑩𝒂𝒏𝒅)

𝑨𝒗𝒈 (𝑿𝑯𝒊𝒈𝒉 𝑩𝒂𝒏𝒅)
 

  

                                     (5) 

 273 

𝑤ℎ𝑒𝑟𝑒 𝑋 = 𝑃𝑊, 𝐶𝐹, 𝐵𝑊  

2.5.4 Statistical Analysis: 274 

We performed both categorical as well as continuous analysis to capture different aspects of age-275 

associated functional differences. For the continuous analysis, we divided the total number of participants 276 

into bins of 5 years starting from 18 years, a total of 14 bins and the centre value was taken to be the 277 

representative age for each bin. For the categorical analysis, we divided data into the following age 278 

stratifications (18-35 years, 36-50 years, 51-64 years, 66-88 years) to get insights about different 279 

important stages of adult lifespan and comparison with previous works (Chan et al., 2014; Sahoo et al., 280 

2020). To clearly delineate the effects of periodic and aperiodic features on VSTM features it was 281 

necessary to illustrate the effect in different load conditions. Only set size 2 and set size 4 is reported in 282 

the main manuscript where we have categorised the set sizes in two load conditions: set size 2 as a low 283 
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load condition and set size 4 as a high load condition. We have provided the findings for behavioural 284 

features of other set sizes as Extended Data. 285 

 286 

Correlation Analysis: 287 

Depending on the data distribution, Pearson or Spearman’s correlation was used to estimate the strength 288 

between two variables. Estimated functional changes (Peak frequency, aperiodic, and band-ratio 289 

measures) and VSTM task measures were correlated with age. Finally, VSTM task measures were 290 

correlated with the functional changes that occurs with ageing to elucidate the role of these functional 291 

measures in determining behavioural responses. 292 

 293 

Regression Analysis: 294 

Linear and Non-linear Regression were performed separately considering each Power, central frequency, 295 

Bandwidth, slope, offset and band-ratios of periodic features, as the estimated measures (R) of functional 296 

changes and Precision, Reaction Time (RT), Metacognitive awareness (d) and memory capacity (k), as 297 

the estimated measures (R) of the VSTM behavioural task, while keeping age as an explanatory variable. 298 

 299 

                       R = β0 + β1 * (age)  (6) 

Linear regression was performed using fitlm matlab function. To capture the potential non-linear effects 300 

of age, we also added 2
nd

 order polynomial terms to the model, such as: 301 

                                 302 

 R = β0 + β1 * (age) * β2 * (age2)                     (7) 

 303 

Linear regression was also performed considering each VSTM task measure as response variable (R) and 304 

the functional measure as the explanatory variable (E). (Detailed report is provided in supplementary) 305 

 R = β0 + β1 * (E)  (8) 
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All regression tables are provided in the supplementary document. For estimating the significance, first 306 

normality of the data distribution was assessed using the Kolmogorov Smirnov test. Based on the data 307 

distribution, parametric (t-test) or nonparametric (Wilcoxon rank-sum test) was performed. 308 

 309 

Code Accessibility 310 

The codes for all the analysis carried out in this paper is freely available to download from 311 

https://drive.google.com/drive/folders/1__74tFI1_VnHaV_-kJ46VAGMGiI04T2i?usp=sharing 312 

RESULTS: 313 

Using the FOOOF model, we fitted the PSD and from the parametrization model fit, all the simulated 314 

Gaussian peaks were removed to analyse the background signal. Thereafter, the aperiodic component of 315 

the signal was fitted in the log-log space line (Extended fig. 3-2) from which 1/f Slope and offset were 316 

extracted for each participant. Periodic features - Central Frequency (CF), Power (PW), Bandwidth (BW) 317 

- were estimated using peak parameters from the fitted model (refer to the materials and methods section). 318 

To check if the parameterisation using the simulated Fooof model is able to capture lifespan associated 319 

changes, we first simulated the model for young and old adults. The model well captured the well-320 

established lifespan associated with slowing down of Peak alpha frequency (PAF) (Figure 3). Original 321 

spectrum, aperiodic fit and full model are being depicted in Figure 3(B)(C) for YA and OA group 322 

respectively (Extended analysis are shown in Extended Data Figures 3-1, 3-2, 3-3, 3-4, 3-5 for model’s 323 

output parameters of ME and ML groups). To capture the dynamical changes in the dominant oscillations 324 

(highest power peak across all frequencies) across the adult lifespan, the central frequency, power, and 325 

bandwidth of the dominant oscillations were also extracted for young and old adults.  326 

1. Topographical distribution of Aperiodic 1/f component of the signal with Age 327 

Increase in Aperiodic 1/f slope and decrease in 1/f intercept 328 

Aperiodic 1/f slope increases significantly when age was treated as a pseudo-continuous variable 329 

(𝛽1=+0.0034901, R
2
 = 0.584, p = 0.003) whereas 1/f offset does not show significant decrease across the 330 
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adult lifespan (𝛽1 = -0.0033423, R
2
 = 0.3, p =0.03) (Figure 4(A), (B)). Categorical analysis also 331 

confirmed significant difference in the 1/f slope between the OA vs YA (t (140) = 4.38, p <0.0001), ML 332 

vs YA (t (140) = 4.07, p = 0.02), ME vs YA (t (140) = 2.7749, p = 0.007), ME vs OA (t (140) = -2.4581, 333 

p = 0.02). Categorical difference in 1/f offset was also found between OA vs YA (t (140) = 2.0345, p = 334 

0.0457) and ML vs YA (t (140) = -2.3441, p = 0.02) (Figure 4(A), 4(B)). Aperiodic fit and full model are 335 

being depicted in Figure 3 for YA and OA group respectively, and within group analysis revealed more 336 

variability in aperiodic features in the older adults (Slope: SEM = 0.023; Offset: SEM = 0.0404) 337 

compared to young adults (Slope: SEM = 0.014; Offset: SEM = 0.0364) (Extended Data Figures 3-3, 3-338 

4). Figure 4C and Figure 4D shows variability in spatial topographies of aperiodic 1/f slope and offset 339 

for Young and Old.  340 

2. Topographical distribution of Peak frequency with age 341 

Age-associated slowing of Central Alpha frequency and Beta frequency  342 

For each participant, PF was quantified by estimating the peak power value within the 8-12 Hz and 13-30 343 

Hz for alpha and beta range, respectively. Each participant's PF was then averaged to get the group-wise 344 

estimation of Central Alpha Frequency (CAF). Visual inspection revealed bin 65 to be the outlier (for 345 

CAF). After removing the outlier, significant linear age-related decline was found (𝛽1 = -0.010234, R
2
= 346 

0.4, p = 0.02) however, central beta frequency (CBF) showed non-linear decrease with age (𝛽1 = -347 

0.024068, R
2
= 0.462, p = 0.007) (Figure 5(A)). Categorical analysis also revealed significant CAF 348 

differences between YA vs OA (t (140) = 4.7551 p =0.00001), YA vs ME (t (140) = 3.4198, p = 0.001) 349 

and YA vs ML (t (140) = 4.8826, p = 0.000001), and for CBF between YA vs OA (t (140) = 1.912, p = 350 

0.03). Almost all sensors were found to be contributing to the decrease in CAF in OA whereas the 351 

decrease in CBF was mainly contributed by the central sensors (Figure 5(B)). No significant difference 352 

was found in the frequencies of dominant oscillation; however, the power of the respective dominant 353 

frequencies was found to be significantly different between YA and OA (Extended analysis are shown in 354 

Extended Data Figure 5-1). 355 

 356 
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Age-associated Functional Power change in Alpha, Theta and Beta frequency  357 

We found a robust decline of Alpha power with age (𝛽1 = -0.0059263, R
2
= 0.75, p =0.00005) (Figure 358 

6(A)). Visual inspection suggests that sensor level Alpha power difference was mainly contributed by the 359 

occipital, parietal and left temporal sensors (Figure 6(B)). Significant difference was found between OA 360 

vs YA (t (140) = -3.038, p = 0.003), OA vs ME (t (140) = -2.2008, p = 0.03) and OA vs ML (t (140) = -361 

2.2252, p = 0.029). Older adults showed higher Theta power (M = 0.56 ± 0.04) than younger adults (M= 362 

0.32 ± 0.02) (t (140) = 2.4733, p = 0.023). Significant age effect was also observed with increase in theta 363 

power (𝛽1= 0.0050947, R
2
= 0.363, p = 0.022) (Figure 6(A)), which was mainly contributed by the 364 

temporal sensors. In addition, ageing was also associated with an increase in Beta Power (𝛽1= 0.002496, 365 

R
2
= 0.70, p = 0.0001) (Figure 6(A)). Spatial topographies showed Central and frontal sensors to be 366 

contributing to this age-related increase in global beta power (Figure 6(B)). Categorical analysis revealed 367 

significant differences in Beta power between the YA vs OA (t (140) = -4.3693, p = 0.00004), YA vs ME 368 

(t (140) = -3.0103, p < 0.003), and YA vs ML (t (140) = -4.4158, p = 0.00003). Extended analysis is 369 

shown in Extended Data Fig. 6-1 displaying the sensor-wise distribution of frequency specific power as a 370 

function of age. 371 

 372 

Increase in Beta bandwidth with age 373 

Bandwidth reflects the spread of power in the respective frequency range, which for the Beta band was 374 

found to be increased across the adult lifespan (𝛽1= 0.040345, R
2
= 0.58 p = 0.001) (Figure 7(A)). 375 

Significant group-wise difference was also seen between YA vs OA (t (140) = -3.1586, p = 0.0024), YA 376 

vs ME (t (140) = -1.9843, p = 0.049). Increase in beta bandwidth indicates that the beta power tends to be 377 

more distributed within the frequency band as we age. This increase was mainly observed over left 378 

temporal and central sensors (Figure 7(B)). Bandwidth for Alpha and Theta frequency band did not differ 379 

across age groups (Extended Data Figure 7-1). For sensor topography refer to Extended Data Figure 7-2.  380 
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3. Topographical distribution of Band-Ratios with age 381 

Band ratio measures have been argued to be a marker of various cognitive measures in healthy adults as 382 

well as in pathological conditions (Trammell et al., 2017; Kamiński et al., 2011; Schutter et al., 2005) 383 

which also gets affected by 1/f activity. We investigated how these global band ratios change with age 384 

after effectively removing the background 1/f activity. We looked at Theta/Alpha (𝜃/𝛼), Theta/Beta (𝜃/𝛽) 385 

and Alpha/Beta (𝛼/𝛽) band ratios, where the ratio of all periodic features (PW, CF, BW) were analyzed 386 

for each frequency band. For all band ratio measures, we calculated correlations between the spectral 387 

features of each oscillation-band and age. Here we showed the global change (averaged across all 388 

sensors) in the band ratio measures across the lifespan.  389 

 390 

The age-associated nonlinear change was mostly observed in frontal and parietal sensors (Figure 8(A)). 391 

For age categories, we found a significant difference between OA vs ME (t (134) = 2.38, p = 0.018), OA 392 

vs ML (t (134) = 3.19, p = 0.0018), YA vs ME (t (138) = 3.30, p = 0.0012) and YA vs ML (t (138) = 393 

4.09, p = 0.00007). For the Central frequency ratio, we found 𝛼/𝛽 ratio to vary non-linearly (quadratic) 394 

with age (𝛽1 = -0.0059138, R
2
=0.61 p = 0.005), whereby first decreases for middle age and subsequently 395 

an increase for older age participants suggesting an overall U-shaped response of 𝛼/𝛽 ratio through 396 

lifespan (Figure 8(B)). No significant difference was found between the categorical age groups for 𝜃/𝛼 397 

and 𝜃/𝛽 peak ratios (Extended Data Figures 8-1, 8-2 and Table 8-1). 398 

 399 

Power Ratio of 𝜃/𝛼 was found to be positively correlated with age (𝛽1 = 0.0057613, R
2
= 0.40, p = 0.02) 400 

whereas 𝛼/𝛽 power ratio was negatively correlated with age (𝛽1 = -0.018116, R
2
= 0.85, p = 0.000001) 401 

(Figure 8(B)). Significant Categorical difference was found for 𝜃/𝛼 power ratio between YA vs OA (t 402 

(136) = 4.9615, p = 0.000002), YA vs ME (t (138) = 2.75, p = 0.0067), YA vs ML (t (138) = 4.92, p = 403 

0.000002), ME vs OA (t (134) = 2.24, p = 0.02). No significant correlation was found for 𝜃/𝛽 power 404 

ratios with age (R
2
= 0.2, p = 0.1). For 𝛼/𝛽 power ratio, significant categorical difference was found 405 

between YA vs OA (t (76) = -4.6, p = 0.00001), ME vs OA (t (59) = -3.33, p = 0.0015), and ML vs OA (t 406 
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(62) = -2.46, p = 0.01). No significant difference was found between the categorical age groups for 𝜃/𝛽 407 

power ratio. 408 

 409 

Bandwidth ratio of 𝜃/𝛽 and 𝜃/𝛼 was found to be negatively correlated with age (Extended analysis is 410 

shown in Extended Data Figures 8-3, 8-4). Categorical analysis revealed differences between the YA vs 411 

OA (t (80) = 2.21, p = 0.029) for 𝜃/𝛽 bandwidth ratio. No significant difference was found between the 412 

categorical age group for 𝛼/𝛽 bandwidth ratio. 413 

 414 

After characterising the normative pattern of true oscillatory changes across age, we tested our hypothesis 415 

by carrying out regression analysis whereby keeping 1/f noise, periodic features as an explanatory 416 

variable and behavioural measures as response variable (see methods). All correlations were performed 417 

after regressing out the age.  418 

 419 

We first analysed the behavioural responses of the same participants in the visual short term memory task 420 

to replicate the well-established cognitive decline with age. Grouping of participants in the age groups 421 

and bins were done similarly.  422 

4. Behavioural Results: Age-Related Cognitive decline reflected in Performance 423 

Precision:  As expected Precision becomes worse with memory load and age. Overall Precision was high 424 

for the set size 1 (61.1% SEM 2%) as compared to set size 2 (48.7% SEM 1.9%), 3 (39.6% SEM 1%) and 425 

4 (39% SEM 0.7%). Continuous analysis revealed significant decrease in precision with age in both low 426 

and high load conditions (Low load, r = -0.85, p <0.01, High load, r = -0.61, p < 0.05) (Figure 9 (A), 427 

Extended analysis is shown in Extended Data Figure 9-1). Categorical analysis between the groups 428 

revealed significant differences in the mean of YA vs OA (YA = 0.48 ± 0.008, OA = 0.30 ± 0.005, p < 429 

0.0001), YA vs ME (YA = 0.48 ± 0.008, ME = 0.45 ± 0.007, p < 0.001), YA vs ML (YA = 0.48 ± 0.008, 430 

ML = 0.43 ± 0.007, p < 0.0001), and ME vs OA (ME = 0.45 ± 0.007, OA = 0.30 ± 0.005, p < 0.0001) 431 
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groups. Within group analysis also revealed significant increase in Precision with increase in memory 432 

load (Extended Data Figure 9-2, Table 9-1)  433 

 434 

Reaction Time: Overall Reaction time was higher for the set size 4 (910.2 ± 21.6 ms) as compared to set 435 

size 1 (878.7 ± 19.9 ms), 2 (870.4 ± 19.9 ms) and 3 (882.6 ± 21.4 ms) but increases significantly with age 436 

(Low load (r) = +0.57, p <0.05, High load (r) = +0.56, p <0.05) (Figure 9(B)). Group analysis also 437 

revealed significant difference between YA vs OA ( YA = 668 ± 35.4, OA = 1009 ± 38.9, p < 0.00001), 438 

YA vs ME ( YA = 668 ± 35.4, ME = 828.8 ± 41.5, p = 0.002), YA vs ML ( YA = 668 ± 35.4, ML = 886 439 

± 33.4, p < 0.0001), ME vs ML (ME = 828.8 ± 41.5, ML = 886 ± 33.4, p = 0.03), ME vs OA ( ME = 440 

828.8 ± 41.5, OA = 1009 ± 38.9, p < 0.001), ML vs OA ( ML = 886 ± 33.4, OA = 1009 ± 38.9, p = 0.05). 441 

 442 

VSTM capacity (k):  VSTM capacity was found to decrease with age (Low load (r) = -0.81 p<0.001, 443 

High load (r) = -0.87, p <0.001) (Figure 9(C)). Categorical analysis between the group revealed 444 

significant difference between YA vs OA (YA = 1.84 ± 0.01, OA = 1.66 ± 0.02, p < 0.0001), YA vs ML 445 

(YA = 1.84 ± 0.01, ML = 1.79 ± 0.01, p = 0.004), ME vs OA (ME = 1.83 ± 0.01, OA = 1.66 ± 0.02, p < 446 

0.0001), and ML vs OA (ML = 1.79 ± 0.01, OA = 1.66 ± 0.02, p < 0.001). (Results for all the set sizes are 447 

reported in Extended data Figure 9-4) 448 

 449 

Mean Uncertainty (Metacognitive measure): Subjective Uncertainty was higher in set 4 (29.7 ± 1) as 450 

compared to set size 1 (11.8 ± 0.39), 2 (15.6 ± 0.5) and 3 (20.7 ± 0.67). After performing regression and 451 

correlation analysis, we found that subjective uncertainty significantly decreases with age in low load 452 

condition (Low load (r) = -0.56, p <0.05) (Figure 9(D)). Suggesting that older adults tend to be more 453 

confident about their erroneous answers when the load is less. Categorical analysis revealed significant 454 

differences in the mean of YA vs OA (YA = 18.5 ± 0.97, OA = 14 ± 1, p < 0.001), YA vs ME (YA = 18.5 455 

± 0.97, ME = 16.07 ± 0.95, p = 0.02), YA vs ML (YA = 18.5 ± 0.97, ML = 14.85 ± 1.05, p < 0.001), and 456 

ME vs OA (ME = 16.07 ± 0.95, OA = 14 ± 1, p = 0.003). Within group analysis also revealed significant 457 

increase in subjective uncertainty with increase in memory load (Extended Data Figure 9-3)  458 
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 459 

5. Aperiodic 1/f slope: Predictive of all measures of VSTM   460 

We then assessed whether the VSTM performance was impacted by 1/f slope. As hypothesised, RS 461 

Aperiodic 1/f noise was found to be predictive of  decreased precision (Low Load: r = -0.74, p = 0.002, 462 

High Load: r = -0.48, p = 0.08), memory capacity (Low Load: r = -0.68, p = 0.0007, High Load: r =+0.82, 463 

p = 0.0003), Mean Uncertainty (Low load: r = -0.58, p =0.03, High Load: r = -0.6, p = 0.02) and increased 464 

Reaction Time (Low load: r = +0.56, p = 0.00005, High load: r = +0.57, p = 0.00005) in Visual Short 465 

term memory task (Figure 10). However, we did not find any correlation between 1/f offset and 466 

behavioural measures (Extended Data Tables 10-1, 10-2).  As aperiodic 1/f noise mediated a global effect 467 

on the VSTM performance, we further wanted to investigate how different oscillatory components 468 

mediate changes in the specific behaviour measures in VSTM performance through lifespan. 469 

6. Precision increases with increase in Alpha power and 𝜶 𝜷⁄  power ratio 470 

Precision was found to be positively correlated with the alpha power for both low (𝛽1 = 0.28077, R
2 

= 471 

0.425, p = 0.0115) and high (𝛽1 = 0.17617, R
2
 = 0.38, p = 0.0186) load condition (Figure 11(A)). 𝛼 𝛽⁄  472 

Power ratio was also found to be a significant predictor of precision in low (𝛽1 = 0.11906, R
2
 = 0.69, p = 473 

0.0002) and high load (𝛽1 = 0.063459, R
2
 = 0.4, p = 0.008) conditions across lifespan (Figure 11(B)). All 474 

the regression analysis results are shown for specific oscillatory features with VSTM measures in 475 

Extended Data Table 11-1. 476 

 477 

7. Speed of Processing predicted by Alpha speed   478 
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Speed of Alpha is often related to the speed of processing which is generally measured as reaction time. 479 

As we observed that speed of alpha decreases and RT increases with age, we wanted to investigate if this 480 

decrease in alpha speed affected the speed of processing in older adults. Alpha Speed significantly 481 

predicted the speed of processing for both low (𝛽1= -340.82, R
2
 = 0.43, p = 0.0108) and high (𝛽1= -482 

352.41, R
2 

= 0.39, p = 0.0158) load conditions (Figure 11(C)).  483 

8. VSTM Capacity predicted by Theta power and 𝜽 𝜶⁄  band power ratio 484 

We found a significant negative correlation of VSTM capacity with theta power (Low Load: r = -0.729, p 485 

= 0.004, High Load: r = -0.679, p = 0.01) and 𝜃 𝛼⁄  power ratio (Low Load: r = -0.64, p = 0.01, High 486 

Load: r = -0.75, p = 0.001), suggesting that these two play an important role in storing items in working 487 

memory. Regression analysis also revealed a significant role of Theta power and 𝜃 𝛼⁄  power ratio in 488 

predicting VSTM capacity in low (Theta Power: 𝛽1= -0.63163, R
2
 = 0.53, p = 0.0046, 𝜃 𝛼⁄ : 𝛽1= -1.5827, 489 

R
2 

= 0.569, p = 0.002) and High load conditions (Theta Power: 𝛽1= -1.8862, R
2
 = 0.46, p = 0.011, 𝜃 𝛼⁄ : 490 

𝛽1= -0.35435, R
2
 = 0.42, p = 0.01) (Figure 11(D & E) and Extended Data Tables 11-2, 11-3, 11-4). 491 

DISCUSSION 492 

Using three different measures (aperiodic 1/f slope and offset, Peak Frequency (PF) and Band Ratio (BR) 493 

of power in various frequencies), we have systematically investigated the spontaneous temporal dynamics 494 

and dynamical changes during resting state associated with healthy adult lifespan. Subsequently, we have 495 

demonstrated how these measures potentially link distinct behavioural responses during short-term 496 

working memory processing. Many previous studies in ageing literature have demonstrated that task-497 

relevant oscillatory changes accurately demarcate task performance in various cognitive domains (Clark 498 

et al., 2004; Rondina et al., 2019; Proskovec et al., 2016; Cummins et al., 2007; Tóth et al., 2014). As the 499 

resting-state serves as a baseline/control for the diverse task-related changes, it is crucial to characterise 500 

how specifically ageing alters the normative brain network dynamics to impact cognition.  501 

 502 
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The domain general effect of age-associated aperiodic 1/f activity 503 

To track systematically healthy ageing associated changes in neuronal oscillations through lifespan, a 504 

substantial number of previous studies have used narrowband power analysis that presumes that spectral 505 

power implies oscillatory power, without precisely separating the 1/f activity which in itself is dynamic 506 

and it impacts the oscillatory power which can lead to misinterpretation of the results. Extended analysis 507 

in Extended Data Figure 3-5 shows the relation between 1/f slope and dominant periodic features, 508 

indicating the interdependence of these two components and the necessity to detangle these. We 509 

approached this problem by applying a parameterization model (Voytek et al., 2020) which detangles the 510 

periodic and aperiodic 1/f component.  511 

 512 

Recent studies have considered 1/f slope as an index of “noise” in the brain (Ouyang et al., 2020; Voytek 513 

et al., 2020). Ageing is associated with an increase in cortical neural noise, where studies have previously 514 

used RT as a proxy for the neural noise (Cremer et al., 1987; Salthous et al., 1985; Welford, 1981). We 515 

observed 1/f slope of the MEG spectral power increases with age (flattening of PSD), which is suggestive 516 

of increased desynchronised neuronal activity (Hong et al., 2012; Podvalny et al., 2015). Voytek and 517 

colleagues had suggested that this flattening of PSD slopes which they indexed for “noise” might be a 518 

hallmark of age-related cognitive decline (Voytek et al., 2015). Also, aperiodic 1/f “noise” is found to be 519 

very dynamic in nature and it has been shown to be predictive of performance in working memory tasks 520 

(Voytek et al., 2015), N400 lexical prediction (Dave et al., 2017) and in grammar learning (Cross et al., 521 

2020). Our results depict the association between global change in the 1/f slope with capacity, speed, 522 

precision, and metacognition in short-term working memory processing. As 1/f activity is associated with 523 

several distinct domains of cognition, we further suggest that age-related increase in aperiodic 1/f slope 524 

does not necessarily mediate any domain-specific processing rather it affects domain general processing 525 

(Figure 12).  526 

 527 

Additionally, the increase in 1/f slope follows a monotonic non-linear relationship with age suggesting 528 

that the rate of change in desynchronised neural activity is not necessarily constant across adult lifespan. 529 
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We observe some deviation from the normal trend for both 1/f slope and offset in age-group 60-80, which 530 

might be due to the observed increased variance in the older group. Besides, aperiodic 1/f features were 531 

found to not only vary across subjects (more for elderly) but also across different sensors indicating 532 

substantial variability and idiosyncrasy. Though 1/f slope shows spatial heterogeneity in the young group, 533 

such as being less negative in the anterior sensors compared to the posterior sensors, older participants 534 

display a more homogenous distribution of less negative 1/f slope values. The broadband offset shows no 535 

significant deviation with age, but significant between-group differences were observed.  536 

 537 

Aperiodic 1/f activity, self-organized criticality, and nonlinear relationship with adult lifespan  538 

At a more fundamental level, 1/f scale reflects the self-similar temporal properties of the self-organised 539 

critical states. Although the aim of this study is not to resolve this debate, however, we argue that 1/f 540 

activity could arise from potentially number of factors e.g., altered tissue properties or self-organized 541 

criticality and transient stability with ageing and change in underlying excitation-inhibition (E/I) balance 542 

(Bedard C. et al., 2006; Voytek et al., 2015; Gao et al., 2017; Naik et al., 2017; Naskar et al., 2021).  543 

Criticality hypothesis, which proposes that the brain operates in a critical state, and alteration in criticality 544 

could be symptomatic or causative for certain pathologies (Hesse et al., 2014) seems to be operative here 545 

in terms reorganization of brain dynamics based on 1/f slope and offset and their relationship with 546 

cognitive performance. Literature suggests that neural networks at criticality exhibit properties for 547 

optimal performance such as information transmission & storage, metastable state, dynamic range and 548 

computational power (Beggs et al., 2008; Shew et al, 2013). However, 1/f scale cannot alone be explained 549 

by criticality; rather emergence may lie in the local tissue properties (Bedard et al., 2006). Healthy ageing 550 

is consonant with alteration of physiological properties in brain tissue (Aalami et al., 2003; Peters, 2006), 551 

therefore, it seems plausible to say that change in 1/f scale and increase in 1/f slope exhibiting non-linear 552 

relationship with ageing has its origin in the local tissue properties.  553 

Subsequently, the association of 1/f slope with cognitive and metacognitive aspects of visual short-term 554 

memory demonstrate the domain general effects of local tissue properties affecting self-organized 555 

criticality of functional brain states which in turn affects behaviour. 556 
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 557 

Peak frequency, Band-ratio relates to distinct aspects of memory processing 558 

In oscillatory dynamics, we observe a significant decline in PAF with age as shown by previous studies 559 

(Voytek et al., 2015; Sahoo et al., 2020). This decrease in PAF was not found to be localised to specific 560 

sensors, rather a global significant decrease was observed (see Fig. 5(B)). The speed of alpha is often 561 

associated with the speed of information processing therefore, higher alpha speed is needed for optimal 562 

performance in cognitive tasks (Surwillo et al., 1961) and determine the temporal resolution of visual 563 

perceptual integration (Samaha et al., 2015). Fig. 11(C) shows that the reaction time of the participants or 564 

speed of memory retrieval is well predicted by global alpha speed. Hence, higher the speed of alpha, fast 565 

is the retrieval, and consequently lesser reaction time for younger adults. As ageing is characterized by 566 

attentional difficulties in particular, a reduced capability to inhibit irrelevant information (McNab et al., 567 

2015), therefore, alpha band power may have an important role in determining how accurately older 568 

individual’s recall the memorized items. However, a study by Vaden et al., 2012 demonstrated that older 569 

people do not use alpha power suppression to inhibit distractor’s information. In this work, we found that 570 

alpha power decreases with age, particularly over occipito-parietal sensors (Fig. 6) which significantly 571 

predicts the precision (Fig. 11(A)), along with 𝛼 𝛽⁄  power which decreases with age (Griffiths et al., 572 

2019) (Fig. 8(B)). It plays a crucial role in suppressing irrelevant information, therefore, not being able to 573 

ignore distractions might be one of the reasons for low VSTM capacity found in older adults.  574 

 575 

The relevance of Theta CF in determining VSTM capacity in a task is well known in the literature. A 576 

study by Moran et al., 2010 shows that both slow and fast theta frequencies correlated to the high memory 577 

capacity, distributed across different networks. In the context of ageing, we observe that theta CF slightly 578 

increases for older subjects as compared to younger adults which may itself affect the storing capacity. 579 

There are studies which have observed an increase in RS theta power in older adults (Klimesch et al., 580 

1999 for review; Klass et al., 1995) others have reported theta power decrease in resting as well as in the 581 

task with age (Babiloni et al., 2006; Cummins et al., 2007; Leirer et al., 2011; Vlahou et al., 2014). 582 
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However, we found an increase in theta power with age, which significantly predicted the VSTM capacity 583 

(Fig. 6(A), 11(E)) along with 𝜃 𝛼⁄  power ratio (TAR) which also significantly increases with age (Fig.8). 584 

Few studies including the study by Trammell et al., 2017 found decreased performance in RM correlated 585 

with increased TAR in old adults. We found substantial variability in the presence of theta power in 586 

participants. For instance, in young groups, the theta was not observed over frontal and left temporal 587 

sensors, whereas in older participants the theta power was observed only over temporal sensors. 588 

Additionally, we also observed an increase in Beta power with age which is well reported in the literature, 589 

generally associated with the movement-related activity (Ishii et al.,2017; Sahoo et al., 2020) but we also 590 

observed a significant decrease in beta peak frequency with age which was more localised to the central-591 

parietal sensors (generally found in depression and other psychological disorders’ patients in open-eye 592 

condition; Roohi-Azizi et al., 2017). In the bandwidth measure, only Beta bandwidth was found to 593 

increase significantly with age which indicates higher variability in beta frequency (Fig. 7). This increase 594 

was mostly observed in the central and temporal sensors. Differences in the regional attenuation of 595 

absolute and relative beta power within specific high frequency bands may reflect the disparate 596 

neuropathologic processes of mild cognitive impairment associated with age, as well as the extent of 597 

brain dysfunction. We can further speculate the amount of spread of power in a particular frequency range 598 

that increases with age may suggest a state of fractured synchronization in elderly compared to younger 599 

adults. Mechanistically, this can be a result of decreased myelination in long-range fibres across ageing 600 

(which introduces time-delays in the resultant dynamical system governing such processes. Time delays 601 

are known to introduce phase lags in a group of coupled (and synchronized) oscillators resulting in 602 

lowering of synchronization indices such as increased band width. 603 

In conclusion, our results suggest that the age-associated change in aperiodic 1/f activity affects the global 604 

information processing and links with speed of information processing, cognitive capacity, precision, and 605 

metacognitive awareness (all behavioural measures). In contrast, periodic features; PF and BR of different 606 

frequency bands relate to more local processing and selective behavioural measures in VSTM task 607 

crucially impacting distinct aspects of memory processing with age. On that account, we suggest that the 608 
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change observed in local tissue properties with ageing is reflected as the global increase in aperiodic 1/f 609 

slope. This increase in 1/f slope seems to impact distributed processes of cognition as it alters the self-610 

organised critical functional brain states, whereas oscillatory features mediate localised processing, that is 611 

relevant for the specific task (Figure 12).  612 

 613 

An important limitation of our study is that we have only tested aperiodic 1/f slope-offset, and periodic 614 

features PF and BR based on VSTM task, therefore, further investigation is warranted relating the RS 1/f 615 

slope-offset, PF, BR with the performance in different cognitive tasks (e.g., lexical processing, episodic 616 

memory encoding and retrieval, emotion regulation, fluid and crystallized intelligence). Additionally, we 617 

have also not looked at these three measures trial-wise instead related resting state brain dynamics 618 

(periodic and aperiodic) with behavioural responses from the same participants. Another major limitation 619 

was posed by the Cam-CAN dataset, because of the presence of harmonics of lower frequencies in higher 620 

frequencies, we were not able to systematically tease apart the effect of 1/f activity on gamma-frequency 621 

band. From a recent study employing visual steady state response task it has been shown gamma band 622 

power systematically weakens with age which may have a crucial impact on attentional processing 623 

(Murty et al., 2020). Lastly, we still do not know which sources are responsible for 1/f baseline shift and 624 

is currently investigated in a separate future work, where source reconstruction and applying 625 

computational modelling on the source level data give us mechanistic understanding about the generative 626 

processes. 627 

 628 

Despite these limitations, we think there is no loss of generality by focusing on visual short-term working 629 

memory processing task alone as age-associated change in aperiodic 1/f activity is pervasively present in 630 

all goal directed tasks and same for oscillatory changes quantified by PF and BR. Therefore, all these 631 

three normative measures proposed in this study together can track vast majority of alterations associated 632 

with healthy and atypical neurodevelopment and healthy and pathological ageing conditions under a 633 

variety of task settings which is important for developing non-invasive biomarker in future clinical 634 

applications.  635 
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Table Legends  636 

TABLE 1: Each representative age is divided into four groups Young Adults (YA), Middle Elderly 637 

(ME), Middle Late (ML), Old Adults (OA)  638 

TABLE 2: Estimated behavioural measures of VSTM task 639 

TABLE 3: Effect of Age on Periodic and Aperiodic Features 640 

Figure Legends 641 

Figure 1. Experimental design of the colour recall task 642 

Example trial, with memory load of 4 items. (Data were taken from Cam-CAN repository; Adapted from 643 

Mitchell et al., (2018)). 644 

 645 

Figure 2. Data processing and analyses pipeline  646 

Figure 3. Parameterization using FOOOF Model  647 

(A)  Power Spectrum of all age-groups after removing the 1/f activity component (B) & (C) FOOOF 648 

Model fit for Young and Old Adults.  Power spectrum without model fitting and for the other two age 649 

categories along with their statistics is shown in Extended Data Figure 3-1. Other extended analysis for 650 

different age groups is shown in Extended Data Figures 3-2, 3-3, 3-4, 3-5. 651 

 652 

Figure 4. Aperiodic 1/f Slope and Offset  653 

(A) Left: 1/f slope as a function of age. Right: 1/f slope for four age groups. (B) Left: 1/f Offset as a 654 

function of age. Right: 1/f Offset for four age groups. ‘r’ represents the correlation value. The dashed line 655 

represents a linear regression fit. Error bar denotes SEM. (C)(D) Aperiodic 1/f slope and 1/f offset spatial 656 

topography for Young (YA) and Old (OA). Clusters of sensors with significant positive and negative 657 

differences in 1/f slope and 1/f offset between the OA and YA group are represented with black and white 658 

dots, respectively.   659 

 660 
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Figure 5. Alpha and Beta peak frequency as a function of Age 661 

(A) Top: PAF as a function of age. Bottom: Beta peak frequency with age. ‘r’ represents the correlation 662 

coefficient. The dashed line represents a linear regression fit. Error bar denotes SEM. (B) Top: Spatial 663 

Topography for PAF and Beta peak frequency for Young (YA) and Old (OA). Clusters of sensors with 664 

negative differences which contribute to the decrease are represented as white dots. Dominant frequency 665 

and power for YA and OA are shown in Extended Data Figure 5-1. 666 

 667 

Figure 6. Parameterised Global Power as a Function of Age  668 

(A) Increase in Theta and Beta power whereas a decrease in Alpha power with Age. Error bar represents 669 

SEM. (B) Spatial Power topography of Theta, Alpha and Beta for young (YA) and old adults (OA). 670 

Clusters of sensors with significant positive and negative differences between the OA and YA group are 671 

represented with black and white dots, respectively. Frequency specific power as a function of age across 672 

different sensors is shown as Extended Data in Figure 6-1. 673 

 674 

Figure 7. Global frequency-specific Bandwidth with Age 675 

(A) Bar graph for each age group, representing bandwidth for each frequency band. (B) Spatial 676 

topography of Beta BW for young (YA) and old adults (OA). Clusters of sensors with significant positive 677 

and negative differences between the OA and YA group are represented with black and white dots, 678 

respectively. All the extended analysis are shown as Extended Data in Figures 7-1, 7-2. 679 

 680 

Figure 8. Spatial topography of band-ratio measures as a function of age 681 

(A) Spatial topography of Alpha/Beta peak frequency ratio (𝛼 𝛽⁄  CF) (top), Alpha/Beta power ratio 682 

(𝛼 𝛽⁄  PW) (centre) and Theta/Alpha power ratio (𝜃 𝛼)⁄  (bottom) for young (YA) and old adults (OA). (B) 683 

Regression fit model for each of the ratio measures keeping age as an explanatory variable. Error bar 684 

represents SEM. R
2 

represents goodness of fit and ‘r’ represents the correlation coefficient. All the 685 
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extended analysis are shown as Extended Data Figures 8-1, 8-2, 8-3, 8-4, 8-5. A detailed Regression 686 

table is provided in the Extended Data (Table 8-1).  687 

 688 

Figure 9. Effect of Memory load and Age on VSTM. 689 

VSTM measures (A) Precision (B) Reaction time (C) VSTM capacity (k) (D) Mean Uncertainty as a 690 

function of age. Low load and high load indicate set size 2 and 4 respectively. The dashed line represents 691 

the linear regression fit. Error bar represents the SEM for each age bin. Asterisks indicate significance. 692 

All the extended analysis are shown as Extended Data Figures 9-1, 9-2, 9-3, 9-4 and Table 9-1. 693 

 694 

Figure 10. Aperiodic 1/f slope mediating VSTM performance.  695 

Linear regression model for VSTM measure (A) Precision (B) Reaction time (C) VSTM capacity (k) (D) 696 

Mean uncertainty as a response variable and aperiodic 1/f slope as an explanatory variable, after 697 

regressing out the age effect. The dashed line represents linear regression fir. Error bar represents SEM. 698 

Low load and high load indicates set size 2 and 4 respectively. ‘r’ is Pearson's coefficient. All the 699 

extended analysis are shown as Extended Data Tables 10-1, 10-2. 700 

 701 

Figure 11. VSTM measures predicted by different oscillatory features and 1/f offset.  702 

(A) & (B) Precision predicted by global Alpha power and 𝛼 𝛽⁄  Power Ratio. (C) Speed of Processing 703 

(RT) well predicted by global alpha speed (PAF).  (D) & (E) VSTM capacity predicted by global theta 704 

power and 𝜃 𝛼⁄  Power Ratio. Age is regressed out. Low load and high load indicate set size 2 and 4 705 

respectively. The dashed line represents the regression line. Error bar represents SEM. ‘r’ corresponds to 706 

Pearson's coefficient. All the extended analysis are shown as Extended Data Tables 11-1, 11-2, 11-3, 11-707 

4. 708 

 709 

Figure 12. (Left) Aperiodic 1/f slope index behavior in distinct cognitive domain: Aperiodic 1/f slope 710 

increases globally which is reflected in performance in different cognitive tasks which includes VSTM 711 
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Figure 2-1 

task precision, cognitive capacity, reaction time and metacognition and in other cognitive tasks (N900 712 

lexical prediction, working memory, grammar learning) reported previously. ‘r’ represents the Pearson’s 713 

correlation coefficient. (Right) Periodic features index task specific behavioral measures: Periodic 714 

features (CF,BW,PW,BR) are more task specific in nature. After regressing out the age, Alpha band 715 

power, Alpha/Beta band ratio index for precision; Theta/Alpha band ratio, Theta power index for 716 

cognitive capacity; Alpha central frequency index for reaction time. ‘r’ represents the Pearson’s 717 

correlation coefficient. 718 

 719 

Extended Data Legends  720 

Table 8-1 Regression table for global frequency band-ratios with Age. F-value, Beta coefficient, 721 

Goodness of fit and significance of the model is reported.  722 

 723 

Table 9-1: Regression table for VSTM measures with Age. F-value, Beta coefficient, Goodness of fit and 724 

significance of the model is reported. 725 

 726 

Table 10-1: Regression table for VSTM measures with aperiodic slope. F-value, Beta coefficient, 727 

Goodness of fit and significance of the model is reported. 728 

 729 

Table 10-2: Regression table for VSTM measures with Aperiodic 1/f offset. F-value, Beta coefficient, 730 

Goodness of fit and significance of the model is reported. 731 

 732 

Table 11-1: Regression table for specific oscillatory features with VSTM measures. F-value, Beta 733 

coefficient, Goodness of fit and significance of the model is reported. 734 

 735 

Table 11-2: Regression table for 𝛼/𝛽 CF with VSTM measures. F-value, Beta coefficient, Goodness of 736 

fit and significance of the model is reported. 737 

 738 

Table 11-3: Regression table for 𝛼/𝛽 Power ratio with VSTM measures. F-value, Beta coefficient, 739 

Goodness of fit and significance of the model is reported. 740 

 741 

Table 11-4: Regression table for 𝜃/𝛼 Power ratio with VSTM measures. F-value, Beta coefficient, 742 

Goodness of fit and significance of the model is reported. 743 

 744 

Figure 3-1. (A) Power spectrum without model fitting (B) & (C) FOOOF- Power spectrum model for ME 745 

and ML age groups, along with its statistics. 746 

 747 

Figure 3-2. Power Spectrum in log-log space 748 

 749 
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Figure3 -2. Figure 3-3. (A) Aperiodic component of different age groups (B) Boxplot of aperiodic     features 750 

across different age groups derived from the component. 751 

 752 

Figure 3-4. Variability of aperiodic component across individual subjects in each age group.   753 

 754 

Figure 3-5. Association between 1/f aperiodic slope with periodic components of the dominant 755 

oscillations. 756 

 757 

Figure 5-1. Dominant frequency (A) and respective power (B) for YA and OA 758 

 759 

Figure 6-1. Frequency specific power as a function of age across different sensors. For Frontal sensors, 760 

theta power is not shown as only few age groups showed peaks in theta range. Error bar represents SEM. 761 

 762 

Figure 7-1. Frequency specific bandwidth for different age groups. 763 

 764 

Figure 7-2. Spatial topography of Theta Bandwidth(A) and Alpha Bandwidth (B) for YA and OA. 765 

 766 

Figure 8-1. (A) Theta/Alpha peak frequency ratio and (B) Theta/Beta peak Frequency ratio for YA 767 

and OA. 768 

Figure 8-2. Theta/Beta power ratio for YA and OA.  769 

Figure 8-3. (A) Theta/Beta Band Width (B) Theta/Alpha Band Width as a function of age.  770 

 771 

Figure 8-4. Topoplots of (A) Theta/Beta Band Width (B) Theta/Alpha Band Width for YA and OA.  772 

 773 

Figure 8-5. Association between 1/f slope with Alpha/Beta power ratio. 774 

 775 

Figure 9-1. VSTM measures as a function of age. Participants with same age were grouped together (dots), 776 

size of the dot represents the SEM of the group. Shaded area is the 95% confidence interval. 777 

 778 

Figure 9-2. Precision across age groups and set size. 779 

 780 

Figure 9-3. Uncertainty across age groups and set size. 781 

 782 

Figure 9-4. VSTM capacity across age groups for different set sizes. 783 

 784 
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TABLE 1: Each representative age is divided into four groups Young Adults (YA), Middle Elderly 1020 

(ME), Middle Late (ML), Old Adults (OA).  1021 
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S.No. Group Age  N 

1. Young Adults (YA) 18-35 70 

2. Middle Elderly (ME) 36-50 70 

3. Middle-Late (ML) 51-65 70 

4. Old Adults (OA) 66-88 70 

 1022 

 1023 

 1024 

 1025 

TABLE 2: Estimated behavioural measures of VSTM task 1026 

S.No Variable  Description 

1. Precision  Accuracy of reportable items (degrees
-1

) 

2. RT  Median Reaction time (ms) 

3. K(VSTM 

Capacity) 

Number of reportable items (k-score) 

4. Mean Uncertainty Size of confidence interval within which answer is thought 

to lie (degrees) 

 1027 

TABLE 3: Effect of Age on Periodic and Aperiodic Features 1028 
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Effect Response Variable F-value  Coefficient �1 R
2 

p-value 

 

 

 

 

 

 

 

 

 

 

 

AGE 

Aperiodic Features 

1/f Slope 26 +0.0034901 0.584 0.003262 

1/f Offset 5.35 -0.0033423 0.308 0.0894 

Periodic Features 

Power  

Theta  6.82 +0.0050947 0.363 0.0227 

Alpha  36.3 -0.0059263 0.751 0.0000599 

Beta  28.7 +0.002496 0.705 0.000172 

Central Frequency  

Theta 0.577 +0.0029928 0.0459 0.462 

Alpha  7.32 -0.010234 0.41 0.0205 

Beta 10.3 -0.024068 0.462 0.00751 

Bandwidth  

Theta  2.15 -0.0062634 0.15 0.168 

Alpha  5.05 +0.001472 0.3 0.056 
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Table 1: 

 

S.No. Group Age  N 

1. Young Adults (YA) 18-35 70 

2. Middle Elderly (ME) 36-50 70 

3. Middle-Late (ML) 51-65 70 

4. Old Adults (OA) 66-88 70 
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Table 2:  

 

 

S.No Variable  Description 

1. Precision  Accuracy of reportable items (degrees-1) 

2. RT  Median Reaction time (ms) 

3. K(VSTM Capacity) Number of reportable items (k-score) 

4. Mean Uncertainty Size of confidence interval within which answer is thought to lie 

(degrees) 
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