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Abstract   45 

There is a growing imperative to understand the neurophysiological impact of our rapidly 46 

changing and diverse technological, social, chemical, and physical environments. To untangle 47 

the multidimensional and interacting effects requires data at scale across diverse populations, 48 

taking measurement out of a controlled lab environment and into the field. 49 

Electroencephalography (EEG), which has correlates with various environmental factors as well 50 

as cognitive and mental health outcomes, has the advantage of both portability and cost-51 

effectiveness for this purpose. However, with numerous field researchers spread across diverse 52 

locations, data quality issues and researcher idle time due to insufficient participants can quickly 53 

become unmanageable and expensive problems. In programs we have established in India and 54 

Tanzania, we demonstrate that with appropriate training, structured teams, and daily automated 55 

analysis and feedback on data quality, non-specialists can reliably collect EEG data alongside 56 

various survey and assessments with consistently high throughput and quality. Over a 30-week 57 

period, research teams were able to maintain an average of 25.6 subjects per week, collecting 58 

data from a diverse sample of 7,933 participants ranging from Hadzabe hunter-gatherers to 59 

office workers. Furthermore, data quality, computed on the first 5,831 records using two 60 

common methods, PREP and FASTER, was comparable to benchmark datasets from controlled 61 

lab conditions. Altogether this resulted in a cost per subject of under $50, a fraction of the cost 62 

typical of such data collection, opening up the possibility for large-scale programs particularly in 63 

low- and middle-income countries.  64 

 65 

Significance Statement: 66 

With wide human diversity, a rapidly changing environment and growing rates of neurological 67 

and mental health disorders, there is an imperative for large-scale neuroimaging studies across 68 

diverse populations that can deliver high quality data and be affordably sustained. Here we 69 

demonstrate, across two large-scale field data acquisition programs operating in India and 70 

Tanzania, that with appropriate systems it is possible to generate high throughput EEG data of 71 

quality comparable to controlled lab settings. With effective costs of under $50 per subject, this 72 

opens new possibilities for low- and middle- income countries to implement large-scale 73 

programs, and to do so at scales that previously could not be considered. 74 

  75 

eNeuro Acce
pted M

an
uscr

ipt



  4  

Introduction 76 

Understanding and parsing the multivariate and diverse environmental impacts on brain 77 

physiology requires large-scale, high-throughput studies that acquire data across diverse cross-78 

sections of a population. One significant obstacle to this understanding is the ability to acquire 79 

high quality electroencephalography (EEG) data at scale under diverse field conditions in a cost-80 

efficient manner. Such data acquisition capacity is even more important today given the 81 

accelerated transformation of our technological, social, cultural and physical environment (Arora, 82 

2019, Anon, 2019; Roser et al., 2024). As an experience-dependent organ, the human brain is 83 

sensitive to change and variation in our stimulus environment. For example, EEG studies have 84 

demonstrated differences in resting-state and evoked potentials in response to inter-individual 85 

differences in demographic profiles (Tomescu et al., 2018; Sandre et al., 2024), lifestyle habits 86 

(Khoo et al., 2024), developmental stages (Anderson and Perone, 2018; Wilkinson et al., 2024), 87 

and stimulus (Parameshwaran et al., 2019, 2021; Parameshwaran and Thiagarajan, 2023) or 88 

physical environments (Hou et al., 2023). How these changes impact our brain physiology is still 89 

poorly understood and have profound consequences for society. 90 

 91 

While there are several larger-scale studies in progress, such as the Adolescent Brain Cognitive 92 

Development Adolescent (ABCD®) Study (Casey et al., 2018), Human Connectome Project (Van 93 

Essen et al., 2013), UK Biobank (Miller et al., 2016), Cuban Human Brain Mapping Project, 94 

CHBMP (Valdes-Sosa et al., 2021), Child Mind Institute’s’ Healthy Brain Network (Alexander et 95 

al., 2017) and ENIGMA Consortium (Thompson et al., 2020), they are typically resource 96 

intensive, or require fixed infrastructure, and consequently are able to acquire samples only on 97 

the scale of 10,000 or less, are geographically limited and therefore and do not reflect the 98 

breadth of human environment or culture. The ABCD project (Casey et al., 2018), for example, 99 

which utilizes fMRI as its primary neuroimaging device and captures data across 11,000 children 100 

each year in the United States has an annual budget of $41 million, which is prohibitive for most 101 

low- and middle-income countries. While affordable EEG devices are now available on the order 102 

of a few thousand dollars, a major aspect of cost is the need for trained or specialized 103 

technicians and research scientists, as well as ensuring sufficient throughput that minimizes idle 104 

time.  105 

 106 

Here we present robust systems and processes for the cost-efficient, large-scale acquisition of 107 

high-quality EEG data across diverse field conditions by non-specialist researchers, that were 108 

developed and tested through pilot programs implemented at Sapien Labs’ Centers for Human 109 
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Brain and Mind at Krea University in India and at the Nelson Mandela African Institute of Science 110 

and Technology (NM-AIST) in Tanzania. This approach addresses key challenges in field-based 111 

neuroscience research through three core components: (1) effective recruitment and training of 112 

non-specialist field researchers; (2) real-time data quality monitoring using daily dashboards and 113 

feedback loops to quickly identify and address issues; and (3) streamlined participant recruitment 114 

and logistical coordination in the field. We describe the data throughput and resulting EEG data 115 

quality achieved in these programs from the first 3,413 and 2,418 participants across India and 116 

Tanzania, respectively. EEG data quality challenges primarily include eye blink and movement 117 

artifacts and power line noise but can also include fluctuations in impedance and challenges with 118 

electrode placement due to varying hairstyles. We used two commonly available pipelines, 119 

Preprocessing Pipeline (PREP) (Bigdely-Shamlo et al., 2015) and Fully Automated Statistical 120 

Thresholding (FASTER) (Nolan et al., 2010), to measure the percentage of bad channels and 121 

bad epochs, and compared the results against EEG data from 3 highly cited benchmark datasets 122 

with equivalent experimental tasks obtained in a controlled lab environment with more expensive 123 

EEG devices (Singh et al., 2022; Wang et al., 2022; Miltiadous et al., 2023; Anjum et al., 2024; 124 

Xiang et al., 2024).  125 

 126 

Materials and Methods  127 

EEG equipment 128 

EEG was recorded with the wireless Emotiv FLEX 2 Gel headset using 16 out of 32 electrodes 129 

positioned according to the 10–20 International system and referenced to an ear clip sensor. The 130 

montage included 8 electrodes over each hemisphere with alternative configurations utilized on 131 

occasion when hair type or style imposed a restriction of data acquisition (e.g. braided buns) 132 

(Figure 1). The internal sampling rate was 2048 samples per second downsampled to 256 Hz. 16 133 

channels were selected as using 32 channels was found to more than double the setup time, 134 

making it a challenge to complete the full protocol and increasing the risk of participant dropout. 135 

Furthermore, we have found that 16 channels, and in some cases even 4 channels, are sufficient 136 

to predict various brain states and conditions (Subramaniyam and Thiagarajan, 2025; 137 

Parameshwaran et al., In press). 138 

 139 

Research personnel 140 

Field researchers were recruited among new college graduates as well as people with 141 

experience in field survey methods. All researchers were EEG naïve and were trained in the use 142 
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of the EEG device for two weeks prior to field data collection. A total of 12 field researchers were 143 

recruited in each country (India and Tanzania) and trained over two weeks. On day 1, trainees 144 

were given a demonstration and explanation of EEG and performed hands on trials with the help 145 

of a trainer who was experienced in EEG data acquisition. On days 2 and 3, trainees performed 146 

hands-on resting-state EEG trials in pairs without direct assistance of the trainer and participated 147 

in problem solving and debriefing sessions throughout the day. Each trainee collected EEG data 148 

from 4-6 people over the two days and received immediate feedback on data quality. Trainees 149 

then spent one week in the field, recording EEG from 10-15 participants under various 150 

circumstances (open air rural locations, office rooms etc.) and undertook debrief sessions at the 151 

end of the day to discuss challenges relating to field settings, equipment and data quality, and 152 

identify solutions. Throughout the training, trainees were evaluated for their proficiency by the 153 

trainer. Trainees who were unable to reach minimum data quality and throughput numbers by the 154 

end of the training period were not hired. After the training, 93% met the standard and were 155 

retained. Trainees were compensated during the training period in line with university salary 156 

scales. 157 

 158 

Team structure  159 

The 12 field researchers in each country were divided into teams of 2 or 3. In addition, one 160 

participant recruitment manager (PRM) worked with field researchers in each region/country. 161 

The PRMs were recruited based on strong local networks as well as communication and 162 

organization skills and were responsible for identifying study participants and locations to fit with 163 

the sampling frame, reaching out to participants and ensuring that they were able to report to 164 

the study location at a specified time, as well as ensuring local government permissions and all 165 

logistics.   166 

  167 

Participant recruitment  168 

Study participants were recruited in multiple locations in India and Tanzania according to a 169 

sampling frame designed to cover a broad range of income groups (low, medium and high) 170 

across the lifespan, divided equally across biological males and females and divided among 171 

different types of geographies and settlements. In India, this covered multiple regions in the 172 

southern state of Tamil Nadu as well as the National Capital Region (NCR; Delhi, Haryana, 173 

Rajasthan, and Uttar Pradesh). In Tanzania, target locations spanned Arusha and Manyara 174 

regions including rural, suburban and urban areas. Participants were age 18+ in Tanzania and 175 
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age 13+ in India. Recordings were carried out in various locations including offices, schools, and 176 

open air. Participants were excluded only if they were unable to answer the questionnaire or 177 

carry out the tasks (see below).  178 

 179 

All participants gave written informed consent and all procedures involving human subjects were 180 

approved by an ethical review board [India: IFMR Institutional Ethics Committee (IEC) IFMR-181 

IHEC/SL/0001/2023; National Ethics Committee Registry for Biomedical and Health Research 182 

(NECRBHR), Department of Health Research (DHR); EC/NEW/INST/2023/3887; Tanzania: 183 

Kibong’oto Infectious Diseases hospital - Nelson Mandela African Institution of Science and 184 

Technology – Centre for Educational Development in health, Arusha (KIDH-NM-AIST-CEDHA) – 185 

KNCHREC; KNCHREC00006/09/2023]. A script developed to explain the study, the purpose of 186 

the study and all other consent requirements accompanied the consent form. For those who 187 

could not read, the contents were read to them and any questions answered. For those who 188 

could not write, a thumbprint was obtained in lieu of a signature. 189 

 190 

Questionnaires and survey administration 191 

An assessment of mind health and wellbeing, the MHQ (Newson and Thiagarajan, 2020; 192 

Newson et al., 2022) along with extensive demographic, life context and lifestyle questions were 193 

administered along with the EEG protocol. This included lifestyle aspects such as sleep, exercise 194 

and diet, family relationships, technology use, substance use, traumatic experiences, and 195 

medical conditions. Those with familiarity and ease with reading and digital devices were given a 196 

tablet from which they could complete the questions on their own. For those who were low-197 

literate or had difficulty with manipulating an electronic device, the questions were administered 198 

by the researchers. Depending on the mode of collection, the questionnaires took anywhere from 199 

30 mins to one hour to complete.  A session form taking approximately 3 minutes to complete 200 

was also administered prior to the start of EEG recording (see EEG protocol below).  201 

 202 

Field EEG protocol and data quality monitoring 203 

Resting-state EEG was collected when participants were sitting quietly with their eyes closed 204 

(EC) for 3 minutes and eyes open (EO) for 3 minutes. During the EO task, participants were 205 

instructed to look at their surroundings, rather than the laptop or the researcher. In addition, all 206 

participants completed a Raven’s progressive matrix task (TASK) (Raven, 2000). A session 207 

information questionnaire was administered prior to the start of recording and queried the 208 
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mental and physical status of the participant including physical symptoms (e.g. headache, cold, 209 

stomach ache), any medications they had taken in the past 24 hours, any substances such as 210 

caffeine or drugs consumed in the past 12 hours, time of last meal, duration of previous night’s 211 

sleep and time since they woke up as well as their mood and alertness at the time of recording.  212 

 213 

Data quality was monitored in real-time by researchers with end of day reports returned to each 214 

field researcher. In addition, the channel quality metrics available in Emotiv’s recording software, 215 

scripts were run on test data obtained after electrode positioning to compute data quality and 216 

indicate any adjustments needed. Experimental protocols were initiated only after the test signal 217 

passed this quality test. In addition, post recording, all data were automatically analyzed for 218 

signal quality using the FASTER Z-score criteria. A dashboard showing both throughput and 219 

signal quality could be viewed by the field researchers and supervising staff for immediate 220 

course correction in case of arising data quality issues (Table 1). For each research team a 221 

break-up by EEG device number was also provided as a next level of detail to determine if any 222 

data quality issues arose due to the device itself. 223 

 224 

Benchmark EEG datasets  225 

To facilitate the comparison of the quality of our EEG recordings with EEG datasets acquired in 226 

a more controlled setting, we compared the results of EEG quality metrics for each condition 227 

(EO, EC or TASK) against benchmark datasets obtained from OpenNeuro or NEMAR which we 228 

refer to as BM1, BM2 and BM3 (Singh et al., 2022; Wang et al., 2022; Miltiadous et al., 2023; 229 

Anjum et al., 2024; Xiang et al., 2024). These represent highly cited datasets that are openly 230 

available and described in Table 2.   231 

  232 

EEG data quality analysis   233 

The quality of EEG recordings from India (EC: N=3,402; EO: N=3,413; TASK: N = 3,241)  and 234 

Tanzania (EC: N=2,418; EO: N=2,410; TASK: N = 2,381) were evaluated using two commonly 235 

accepted approaches: (1) FASTER (Nolan et al., 2010) and (2) PREP (Bigdely-Shamlo et al., 236 

2015). Each EEG recording was evaluated for the percentage of bad epochs and bad channels 237 

based on the criteria proposed by the FASTER and PREP methods. For detecting bad epochs, 238 

the EEG data were divided into epochs of 2 seconds. The EEG recordings were high-pass 239 

filtered at 0.5 Hz before the detection of bad channels and epochs. As data acquisition is 240 

ongoing, the reported N values for each analysis reflect the total number of records acquired 241 

up to the day the analysis was initiated.  242 
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  243 

Detection of bad channels by FASTER  244 

Detection of bad channels was based on three parameters (Nolan et al., 2010) which included:  245 

1. A mean correlation coefficient between channels pairs with Z-score > 3 implying non-246 

EEG signal contamination.  247 

2. A signal variance Z-score > 3.  248 

3. Hurst-exponent with Z-score > 3.  249 

In addition to these three criteria, we also assessed contamination with powerline noise. To this 250 

end, channels with a mean power Z-score > 3 between 48-62 Hz were flagged as bad channels.  251 

  252 

Detection of bad channels by PREP  253 

Criteria used in the PREP method to identify bad or unusable channels was based on:  254 

1. EEG channels with flat signals (threshold < (< 1e-15 𝜇𝑉) and NaN values, or channels 255 

with a flat-signal (< 1e-15 𝜇𝑉) for more than 1% of windows.   256 

2. Amplitudes that exceeded a robust Z-score > 5 [as compared to standard Z-score by 257 

FASTER method (Nolan et al., 2010)]. 258 

3. A correlation threshold of < 0.4 between more than 1% of all 2-second windows in the 259 

signal.  260 

4. The ratio of high (>50 Hz) and low frequency components exceeding a robust Z-score of 261 

5 where a 50 Hz lowpass finite impulse response (FIR) filter was used to separate the 262 

low and high frequency components.   263 

  264 

Detection of bad epochs by FASTER    265 

Criteria used by the FASTER method was based on:  266 

1. An amplitude range transformed Z-score > 3, where amplitude range was calculated as 267 

the difference between the maximum and minimum value in each epoch.  268 

2. Variance within an epoch having a Z-score > 3 (used in order to detect artifacts due to 269 

participant movement).  270 

3. Z-score of the deviation parameter for an epoch > 3, where deviation parameter 271 

measured the deviation of an epoch’s average value (across time) from the average 272 

values across all channels. For N epochs, this resulted in N x M deviation values, where 273 

M was the number of EEG channels. The deviation parameter values were then 274 

averaged across M channels resulting in N deviation parameters.  275 

  276 
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Detection of bad epochs by PREP  277 

We modified the PREP method (Bigdely-Shamlo et al., 2015) to also detect bad epochs. For 278 

each EEG channel and epoch, robust standard deviation was computed using the interquartile 279 

range and multiplying it by 0.7413. For each channel and epoch, the median values were also 280 

computed, following which a robust Z-score was obtained for each epoch in each channel. A 281 

maximum robust Z-score > 5 for each epoch across all the channels was marked as a bad 282 

epoch.  283 

 284 

Code accessibility 285 

The FASTER method was implemented in-house in Python, following the approach described by 286 

Nolan and colleagues (Nolan et al., 2010). In the case of PREP, the Python code provided by the 287 

PREP developers was adapted for our preprocessing pipeline. The code was implemented on a 288 

MacBook air 15 M4 using a macOS Sequoia operating system. The code/software described in 289 

the paper is freely available online at (https://github.com/narayanps/SapienLabsDataQuality). 290 

The code is available as Extended Data. 291 

  292 

Comparison of conditions 293 

Within our data we made comparisons between multiple recording conditions including 294 

recordings conducted indoor versus outdoor and during summer versus winter months. In India, 295 

summer months considered were May and June and winter months December to February while 296 

in Tanzania summer (or warmer) months were November to February and winter months were 297 

June to October. In addition, while hair type was not specifically recorded, differences between 298 

males and females were also compared where females would, on average, have longer hair. 299 

  300 

Statistical analysis 301 

In addition to mean and standard deviation values, we computed statistical significance of 302 

differences as follows: For comparisons of the percentage of bad channels and bad epochs 303 

between our data and benchmark data, given the large size of our data compared to benchmark 304 

datasets, we used a bootstrap approach comparing the benchmark data to randomly selected 305 

samples of the same size from our datasets. Reported statistical significance is the average p-306 

value across 50 such iterations. For comparisons of the percentage of bad channels across 307 

conditions within our data we report p-values using a standard t-test. 308 

 309 
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Calculation of peak alpha frequency 310 

Peak alpha frequency was computed for the resting EC condition by identifying the peak value 311 

within the alpha range (7-12 Hz) in the power spectral density, computed using the Pwelch 312 

function with a 2 second window and 50% overlap. 313 

 314 

Results 315 

Figure 2 shows the weekly throughput per EEG device for the first 30 weeks of data collection 316 

for the India and Tanzania teams. Weekly throughput was calculated as the number of 317 

participants recorded per EEG device per week since the first week post-training, where each 318 

device was managed by a team of 2-3 field researchers (average 2.25). Only participants for 319 

whom the full EEG and survey protocol was completed were included (total of one hour per 320 

participant). On average, 25.6 participants were recorded per device per week.  321 

 322 

Percentage of bad channels  323 

Figure 3 shows the mean percentage of bad channels  based on PREP and FASTER for all 324 

data from Tanzania, India and each of the three benchmark datasets [BM1-BM3 (Singh et al., 325 

2022; Wang et al., 2022; Miltiadous et al., 2023; Anjum et al., 2024; Xiang et al., 2024); 326 

Cumulative Distribution Functions, CDFs, shown in Figure 3-1]. Specifically, in the Eyes Closed 327 

(EC) condition the percentage of bad channels (Figure 3A) was slightly higher in the field 328 

samples compared to benchmarks using the PREP method. Differences that were statistically 329 

significant included Tanzania vs BM2 (Tanzania: 1.87±0.41% and BM2: 0.6±0.13%; p<0.05) 330 

and India vs BM1 (India: 3.93±1.01% and BM1: 1.61±0.36%; p<0.02) and BM2 (India: 331 

3.93±1.01% and BM2: 0.06±0.36%; p<0.01) for PREP method, with benchmark data having a 332 

lower percentage of mean bad channels compared to field data. On the other hand, the 333 

percentage of bad channels was higher but comparable between both field samples and 334 

benchmarks using FASTER (Tanzania: 5.19±0.0.09%; India: 6.02±0.08%; BM1: 6.04±0.37%; 335 

BM2: 6.28±0.3%; BM3: 6.77±0.35%).  336 

  337 

For the Eyes Open (EO) condition (Figure 3B), the percentage of bad channels was higher 338 

overall compared to EC for almost all datasets but lower in the field data compared to 339 

benchmarks as follows: Tanzania data was similar to BM2 (Tanzania: 1.68±0.40%; BM2: 340 

2.32±0.95%) but significantly lower than BM1 (5.96±1.38%; p<0.01) and lower than BM3 341 

(3.30±0.94%), while the India data (5.33±0.46%) was comparable to BM1. Using the FASTER 342 

method, the Tanzania data had a significantly lower (p<0.01) percentage of bad channels 343 
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(5.10±0.52%) compared to all the benchmark datasets (between 6% and 8%), while the 344 

percentage of bad channels between the India data and the benchmarks were comparable.  345 

 346 

In the case of the TASK condition (Figure 3C), BM1 and BM2 had a significantly lower 347 

percentage of bad channels (p<0.05) using the PREP method (0.44±0.13% and 0.43±0.24%, 348 

respectively) compared to Tanzania (2.78±1.01%) and India datasets (5.17±0.63%) while BM3 349 

was similar (4.16±1.1%). Using the FASTER method, we obtained comparable values across all 350 

datasets with the percentage of bad channels ranging between 5.5% and 6.5%.   351 

 352 

Percentage of bad epochs  353 

Figure 4 shows the average percentage of bad epochs based on PREP and FASTER for all 354 

data from Tanzania, India and each of the three benchmark datasets (BM1-BM3; CDFs shown 355 

in Figure 4-1). Here the field data had a lower percentage of bad epochs across almost all 356 

conditions using PREP, and a comparable percentage of bad epochs, compared to the 357 

benchmarks using FASTER.   358 

  359 

For the EC condition (Figure 4A), the percentage of bad epochs for Tanzania and India data 360 

were significantly lower than BM2 and BM3 (p<0.05) using PREP, similar using FASTER, but 361 

higher compared to BM1 using both PREP and FASTER, with the percentage of bad epochs 362 

ranging between 2% and 3% [PREP: Tanzania (10.31±1.05%), India (8.41±0.1.05%), BM2 363 

(14.07±0.71%), BM3 (14.05±0.62%), BM1 (4.91±0.37%); FASTER: India (3.10±0.22%), 364 

Tanzania (3.39±0.25%), BM1 (2.20±0.11%)].  365 

 366 

For EO and TASK conditions (Figure 4B and 4C, respectively), the India and Tanzania 367 

datasets had a considerably lower percentage of bad epochs compared to benchmarks with 368 

the PREP method and generally comparable results with FASTER.  In case of EO, differences 369 

that were statistically significant (p<0.05) included, for PREP method, Tanzania (10.22±0.68%) 370 

and India (9.92±0.77%) vs BM1 (19.76±1.19%), BM2 (14.96±0.81%) and BM3 (15.96±0.60%), 371 

where both Tanzania and India recordings had a significantly lower percentage of bad epochs 372 

compared to the benchmark data. For TASK, in the case of PREP, India (10.10±1.34%) and 373 

Tanzania (11.49±1.30%) had a significantly lower percentage of bad epochs compared to BM2 374 

(14.57±0.82%) and BM3 (15.56±0.60%), while for FASTER method only Tanzania 375 

(3.76±0.39%) had a significant higher percentage of bad epochs compared to BM1 376 

(2.93±0.14%). 377 
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  378 

Difference between conditions 379 

We next compared the percentage of bad channels during the EC condition between 380 

measurements conducted in females, who on average tend to have longer hair, versus males 381 

(Table 3). There was no significant difference between males and females in any location.  382 

 383 

We similarly compared the percentage of bad channels in recordings conducted at indoor and 384 

outdoor locations during summer versus winter months (Table 4). We note that temperature 385 

differences across the year are not substantial in either Tanzania (average of 80-85 degrees 386 

Fahrenheit in summer months and 70-75 degrees during winter months in the Arusha region) or 387 

Tamil Nadu in South India (90-100 in summer and 80-84 in winter) while Delhi has a greater 388 

range (averages of 90-100 in summer months and 60-70 degrees in winter). No recordings were 389 

conducted outdoors in the winter months in the Delhi region. The overall percentage of bad 390 

channels was significantly higher for indoor recordings during the summer months in Tanzania 391 

using both PREP and FASTER, during the winter months in the Delhi Region using PREP, and 392 

during the summer months using FASTER. This indicated no consistent pattern, suggesting that 393 

the differences may not pertain to the weather per se. 394 

 395 

Comparison of peak alpha frequency 396 

Finally, we looked at a key feature of the EEG – the frequency of the alpha oscillation. This was 397 

identified as the frequency associated with the peak in the power spectrum in the alpha band in 398 

the EC resting condition. This feature of the EEG has been previously shown to increase with 399 

age, up to age 15, and then decrease with age after the age of 25 or 30 (Chiang et al., 2011; 400 

Joffe et al., 2021). Consistent with this trend, we show that the peak alpha frequency declined 401 

with age from a mean of 9.5±0.02 Hz to 8.6±0.23 Hz from the age group 15-24 to 65-74 in India 402 

and from 9.6±0.05 Hz to 9.0±0.07 Hz in Tanzania (Figure 5). In India, where data was available 403 

for age 13-15, the peak alpha frequency was lower than age 15-24, at 9.4±0.07 Hz.  404 

 405 

Discussion  406 

Here we have shown that, with robust systems and processes, it is possible to affordably collect 407 

high-throughput, high quality EEG data across diverse field locations with training of an EEG 408 

naïve field research team. This opens up a new frontier for research of the impacts of rapid 409 

environmental change on diverse populations in diverse environments that is so crucially 410 

needed (Henrich et al., 2010; Dotson and Duarte, 2020). It also overcomes the practical and 411 
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cost constraints associated with other types of neuroimaging infrastructure in low- and middle-412 

income countries (Geethanath and Vaughan Jr., 2019; Arnold et al., 2023).  413 

 414 

Data quality parameters 415 

The percentage of bad channels in the field data was slightly higher than the benchmark data 416 

using PREP but comparable using FASTER.  The percentage of bad channels was also higher in 417 

FASTER overall compared to PREP. This is because FASTER uses a standard amplitude Z-418 

score of 3 as the threshold for detection, compared to a robust-Z-score threshold of 5 for PREP.  419 

This means that, while the field data had a comparable number of channels that met the >3 420 

threshold, it had a larger number of channels that met the >5 threshold of the robust Z-score. We 421 

also note that the field EEG uses just 16 channels while the benchmark datasets use 64 422 

channels. Thus, a single bad channel is equivalent to 6.25% in the field data but only 1.6% in the 423 

benchmark data.  424 

 425 

In contrast, the percentage of bad epochs using PREP was comparable between the field data 426 

and two of the benchmark datasets but lower than one of them (BM1). The PREP method is 427 

traditionally used for bad channel detection and has been adapted to detect bad epochs, where if 428 

a robust Z-score of 5 for an epoch was exceeded in even one channel it is marked as a bad 429 

epoch. In FASTER, the percentage of bad epochs was lower compared to PREP and 430 

comparable across the field and benchmark data. This is because it uses the average across all 431 

channels as the threshold for metrics such as amplitude range and variance. While channels 432 

may be eliminated due to artifacts, channels with bad epochs can still provide useful information. 433 

In fact, recent studies suggest that artifact removal can actually worsen results as it likely 434 

removes substantial regions of useful signal along with the artifacts (Delorme, 2023).  435 

 436 

Data quality considerations 437 

It is of substantial reassurance that there were generally no significant data quality differences 438 

between EEG recordings obtained in indoor versus outdoor environments and that overall, there 439 

was no consistent pattern of differences in data quality between seasons. However, on some 440 

days with very high temperatures (over 100 degrees Fahrenheit) during the summer months in 441 

India, the gel tends to melt and excess sweat may also impair the signal. Thus, recordings were 442 

typically moved indoors on these days. Increased temperatures due to climate change may thus 443 

impose on substantial cost on such data acquisition.  444 

 445 
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In addition to field conditions and researcher practices, another key quality consideration in 446 

large-scale, long-term data collection is the deterioration of various components of the EEG 447 

equipment. This includes stretching of the holes on the caps leading to movement of electrodes, 448 

as well as residue buildup on the electrodes. In addition to regular inspection of devices and 449 

peripheral equipment, we also track data quality by device and peripherals which are numbered 450 

and labeled. This helps identify when declining data quality is due to device deterioration rather 451 

than researcher error, allowing faulty parts to be replaced promptly. Generally, cap replacement 452 

is necessary after every 50-100 recording sessions, while electrode replacement is necessary 453 

after every 500-1000 recording sessions. 454 

 455 

Finally, we also note several other data quality factors, beyond the EEG signal, that have to be 456 

considered, such as correct capturing of channel names and other meta-data that is important for 457 

interpretation of the signal. While this is not shown here, these elements are also critically 458 

important aspects of the daily monitoring and feedback required to generate high quality data at 459 

scale. 460 

 461 

From lab to scale 462 

Going from small- to large-scale without compromising data quality and doing so at reasonable 463 

cost is a challenge in many domains. While small lab studies are typically supervised by a PI 464 

along with students and Post docs focused on the quality of their own study, large scale studies 465 

require a different paradigm. With a large number of people involved, the considerations for scale 466 

include standardization of methodologies, effective training methods and team structures as well 467 

as dashboards with daily analysis and feedback for rapid trouble shooting. The quality of data is 468 

thus more a reflection of the effectiveness of these processes over other factors such as 469 

researcher skill and device quality. In the absence of such processes, it is possible that issues 470 

may not be detected until much later, with data for many subjects having to be discarded. This 471 

will result in large costs due to wastage. With the throughput rates and data quality accomplished 472 

here, costs can be as low as $50/subject for a one-hour protocol that includes survey and EEG. 473 

Based on this experience, standard operating and training manuals are being developed to 474 

enable a standardized training for new recruits within existing teams, and expansions into new 475 

geographies. 476 

  477 

The Sapien Center datasets and potential applications 478 
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The large-scale data acquired here represents the pilot phase of an ongoing study that explores 479 

how changing human environments and the diversity of human experience differentially impacts 480 

brain physiology and functioning. In the first six months of this pilot, teams of 12 field 481 

researchers in two countries have already generated the largest database of general population 482 

EEG recordings in their countries or continents (N= 5,500 and N=6,200 for Tanzania and India, 483 

respectively). The datasets include not just the EEG recordings described here but also 484 

extensive assessment of mental wellbeing or mind health along with a vast array of lifestyle, life 485 

experience and environmental factors. Given the scale, this data will allow for various analysis 486 

of the relationship between environmental factors and brain physiology and how they differ 487 

across populations.  488 

 489 

In this study we show the change in peak alpha frequency by age as an example of both data 490 

quality and the potential of the dataset. The results are consistent with the literature where peak 491 

alpha frequency has been shown to increase across childhood and decrease over adulthood  492 

(Chiang et al., 2011; Joffe et al., 2021). However, we note that the pattern and rate of decrease 493 

differs between Tanzania and India and is shifted relative to trends in western datasets, already 494 

pointing to possible population differences that may be mediated by environmental factors.   495 

 496 

Data availability  497 

We anticipate that this data and associated training materials will become dynamically available 498 

to the research community by the end of 2025 through our data platform Brainbase. This will 499 

include raw data as well as numerous standard and novel metrics computed from the EEG, 500 

along with survey elements. In the meantime, data is available on request. Sample EEG data 501 

from a subset of participants is freely available online 502 

(https://github.com/narayanps/SapienLabsDataQuality) and are available as Extended Data 2. 503 

 504 
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Figure Legends 605 

 606 

Figure 1: Electrode configuration used in the project. Black = standard configuration; grey = 607 

alternate non-standard channels allowed in case of hair obstruction of a channel.   608 

 609 

Figure 2: Weekly throughput for the India (IN) and Tanzania (TZ) pilot phase calculated as 610 

participants recorded per EEG device or research team.  611 

 612 

Figure 3: Average percentage of bad channels for Tanzania, India, and benchmark (BM1, BM2 613 

and BM3) EEG recordings for (A) Eyes closed (EC), (B) Eyes open (EO) and (C) TASK 614 

conditions using PREP (black) and FASTER (grey) method. Error bars: standard error of the 615 

mean. Cumulative distribution functions shown in Figure 3-1. 616 

 617 

Figure 4: Average percentage of bad epochs for Tanzania, India, and benchmarks (BM1, BM2 618 

and BM3). EEG recordings for (A), Eyes closed (EC), (B) Eyes open (EO) and (C) TASK 619 

conditions using PREP (black) and FASTER (grey) method. The error bars represent the 620 

standard error of the mean. Cumulative distribution functions shown in Figure 4-1. 621 

 622 

Figure 5:  Peak Alpha Frequency (mean±SEM) by age for (A) India (N=3402) and (B) Tanzania 623 

(N=2418). 624 

 625 

 626 

 627 

 628 

 629 
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 631 

Tables 632 

 633 

Table 1: Daily report provided to field research team and supervisors in India. TN: Tamil Nadu 634 

Team; NRC: National Capital Region; YTD: Year to Date.  635 

Report 

Date:   

 

ALL 

TEAMS  

# 

Recordings  

# 

Nonstandard  

Channels  

# Missing 

Channels   

(out of 16)  

% Bad 

Channels  

% Bad 

Epochs  

Task  
On 

date  
YTD  

On 

date  
YTD  

On 

date  
YTD  

On 

date  
YTD  

On 

Date  
YTD  

Overall  30  230  0  1  1  2  4.5%  4.2%  10%  10%  

Eyes 

Closed  
30  230  0  1  1  2  3.3%  2.6%  8.9%  8.7%  

Eyes 

Open  

29  230  0  1  1  2  3.4%  4.3%  10.8%  10.4%  

Ravens’s 

Task  
29  226  0  1  1  2  6.9%  5.8%  11.5%  11.2%  

EYES  

CLOSED  

# 

Recordings  

# 

Nonstandard  

Channels  

# Missing 

Channels   

(out of 16)  

% Bad 

Channels  

% Bad 

Epochs  

Research 

Team  

On 

date  
YTD  

On 

day  
YTD  

On 

date  
YTD  

On 

date  
YTD  

On 

Date  
YTD  

NCR1  10  77  0  1  2  1  0.0%  2.6%  8.9%  9.9%  

NCR2  8  63  0  0  1  2  12.5%  4.8%  8.1%  8.9%  

NCR3  12  90  0  0  0  2  0.0%  1.1%  9.0%  8.1%  

TN1  3  310  0  1  2  3  3.3%  4.5%  2.9%  2.9%  

TN2  5  493  1  2  0  1  3.4%  6.4%  2.6%  2.4%  

TN3  5  595  0  0  0  0  6.9%  3.2%  5.7%  3.5%  

 636 

637 
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Table 2: Details on conditions and tasks used compared to benchmark datasets BM1, BM2 and 638 

BM3 used in this study to compare EEG data quality.  639 

Condition  

  

Study Protocol BM1  BM2  BM3  

Eyes Open  Three minutes of 

16-channel EEG 

with eyes open 

and looking 

ahead  

Three minutes of 

64-channel EEG 

from 49 

participants 

(Anjum et al., 

2024)  

Five minutes of 

64-channel EEG 

data from 60 

participants 

(Wang et al., 

2022)  

Five minutes of 

61-channel EEG 

data from 71 

participants 

(Xiang et al., 

2024)  

Eyes Closed  Three minutes of 

16-channel EEG 

with eyes closed 

19-channel EEG 

recordings from 

29 participants 

(Miltiadous et al., 

2023)  

Five minutes of 

64-channel EEG 

data from 60 

participants 

(Wang et al., 

2022)  

Five minutes of 

61-channel EEG 

data from 71 

participants 

(Xiang et al., 

2024)  

Task  2-5 minutes of 

16-channel EEG 

when performing 

a Raven’s 

progressive 

matrix task 

64-channel EEG 

data from 60 

subjects 

performing 

mathematics 

task  

(subtraction) 

(Wang et al., 

2022)  

64-channel EEG 

data from 60 

subjects 

performing 

mathematics 

task (Memory 

task involving 

recollecting 

events of the 

day) (Wang et 

al., 2022)    

69-channel EEG 

from 23 subjects 

performing 

working memory 

task involving 

memorizing and 

ignoring a set of 

presented letters 

(modified  

Sternberg task) 

(Singh et al., 

2022) 

 640 

 641 

 642 

  643 
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Table 3: Percentage of bad channels using PREP and FASTER during EC condition between 644 

recordings from males and females.  645 

Method Country Male Female p-value 

PREP Tanzania 1.86 ± 0.11 1.78 ± 0.1 0.61 

PREP India 5.6 ± 0.67 6.71 ± 0.63 0.23 

FASTER Tanzania 5.41 ± 0.13 5.09 ± 0.12 0.06 

FASTER India 7.21 ± 0.37 7.14 ± 0.33 0.85 

 646 

 647 

Table 4: Percentage of bad channels using PREP and FASTER during the EC condition 648 

between recordings conducted at indoor versus outdoor locations during summer and winter 649 

months. NS = not significant; TN = Tamil Nadu. 650 

Method Location Country Summer Winter p-value 

PREP Indoor Tanzania 2.03 ± 0.21 1.22 ± 0.13 <0.001 

PREP Indoor India-TN region 2.95 ± 0.20 2.10 ± 0.47 NS 

PREP Indoor India-Delhi Region 6.74 ± 0.65 12.03 ± 1.19 <0.001 

PREP Outdoor Tanzania 1.74 ± 0.16 1.96 ± 0.12 NS 

PREP Outdoor India-TN region 2.53 ± 0.85 3.57 ± 2.06 NS 

PREP Outdoor India-Delhi Region 4.76 ± 2.38 NA NA 

FASTER Indoor Tanzania 5.54 ± 0.22 4.84 ± 0.18 <0.05 

FASTER Indoor India-TN region 5.91 ± 0.21 5.73 ± 0.48 NS 

FASTER Indoor India-Delhi Region 8.29 ± 0.37 5.99 ± 0.42 <0.001 

FASTER Outdoor Tanzania 5.01 ± 0.18 5.46 ± 0.14 NS 

FASTER Outdoor India-TN region 5.07 ± 0.95 8.93 ± 1.79 NS 

FASTER Outdoor India-Delhi Region 4.76 ± 2.38 NA NA 

 651 
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