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Abstract

The mental health and wellbeing, or ‘mind health’, which we define as the ability to
navigate challenges and function productively, of adolescents has declined substantially
over the last two decades, corresponding with fundamental changes in their daily
environments. These include the widespread adoption of smartphones and social media,
as well as reduced sleep and time spent in nature. Device-free, nature-rich summer
camps represent a substantial shift in environment and have been associated with
behavioral and mental health benefits. However, the neural changes accompanying such
environmental shifts remain poorly understood. Here, in a prospective pre–post study,
we examined EEG spectral and complexity measures in adolescents (N = 30) before and
after a three-week device-free, nature-rich residential summer camp. Following three
weeks of camp participation, participants exhibited steeper aperiodic slopes, increased
DFA scaling exponents, reduced entropy and Lempel–Ziv complexity, and decreased
alpha and beta power, a convergent pattern consistent with a shift toward more
structured or less random neural dynamics characterized by relatively greater inhibitory
influence. These neural changes co-varied with reduced restlessness and hyperactivity,
improved focus and sleep quality, and improved overall mind health in a subsample
(N = 23) with both EEG recordings and self-reported mind health data. Precision
analyses further indicated that participants exhibiting EEG changes beyond a defined
threshold were also likely to show improvements in specific mind health metrics, with
precision reaching up to 100%. Overall, participation in a device-free, nature-rich
residential camp was associated with measurable shifts in neural dynamics alongside
improvements in self-reported mind health, suggesting that sustained changes in the
adolescent environment may influence both neural and psychological functioning.

Trial registration: ClinicalTrials.gov NCT07761143.
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Introduction 1

Adolescent wellbeing has been in sharp decline over the past two decades, concomitant with radical shifts in 2

the environment [1,2]. For example, unlike previous generations, the contemporary adolescent environment is 3

defined by near-constant digital and social media exposure [3]. In the U.S, up to 95% of youth (ages 13-17) 4

report using at least one social media platform, and over one-third report near-constant use [4]. 5

Understanding what this environmental shift means for adolescent development requires asking not only 6

what digital environments do, but what they displace — and what happens when they are removed. 7

Higher levels of digital and social media use are associated with lower self-esteem [5], reduced 8

wellbeing [6], depression [7–9], anxiety [5, 10,11], loneliness [10], and disrupted sleep [12–15]. At the same 9

time, social media platforms can also provide opportunities for connection and support, with studies 10

reporting associations with greater perceived social support, improved quality of life, improved well-being, 11

and reduced stress [16–18], while educational literature also suggests many positive ways in which 12

smartphones and internet can contribute to learning [19]. Nevertheless, the aggregate portrait of saturated 13

digital environments is one in which attentional demands are high, restorative experiences are limited, and 14

nature exposure is reduced. 15

Conversely, both nature exposure and in-person social interaction represent dimensions of daily life that 16

digital environments tend to displace, and each has been independently linked to improvements in adolescent 17

wellbeing [20–24]. 18

Device-free residential summer camps introduce an environmental contrast by temporarily removing 19

digital media and replacing it with outdoor activities and face-to-face social interaction. Nature exposure 20

engages restorative processes as described by Attention Restoration and Stress Recovery theories [25,26], 21

while social belonging and peer connectedness are independently strong predictors of adolescent 22

wellbeing [22,23,27]. Furthermore, in-person social interaction, but not social media interaction, has been 23

shown to specifically predict adolescent wellbeing [24], suggesting that the structured removal of digital 24

mediation may create conditions particularly conducive to the kind of meaningful peer relationships that 25

screen-based environments tend to displace. Limited research has documented behavioral and 26

socio-emotional benefits associated with participation in such camps, including improvements in self-esteem, 27

confidence, independence, social cognition, and peer relationships [19,28–31]. Using a larger sample of 28

adolescents (N = 192) attending device-free residential camps, [32] found significant improvements in 29

self-reported mind health and social belonging following camp participation. 30

However, these studies have relied almost exclusively on self-report and behavioral measures. Whether 31

the environmental shift from a smartphone and social media-saturated daily life to a device-free, nature-rich 32

setting produces measurable changes in brain dynamics and how any such changes relate to mental health 33

outcomes remain entirely unexamined. Characterizing neurophysiological changes that arise concomitantly 34

with behavioral and socio-emotional change would provide insight into the neural mechanisms through which 35

device-free, nature rich environments influence adolescent development. 36

EEG provides a cost-effective way to characterize the neural correlates of both environmental and social 37

influences on wellbeing. With respect to nature exposure, EEG studies have reported increases in 38

alpha/theta [33,34] and decrease in beta [35,36] during nature exposure, while urban environments are 39

associated with higher beta and gamma activity, associated with alertness and stress [34,37]. Studies 40

employing fNIRS have also shown that passive exposure to natural environments reduces prefrontal cortex 41

activation, reflecting decreased cognitive load and enhanced psychological restoration [38,39]. In contrast to 42

nature exposure, the resting-state neural correlates of sustained in-person social engagement and belonging in 43

adolescents remain largely unexplored, representing a significant gap given the documented importance of 44

peer connectedness for adolescent wellbeing [22,23]. However, much of the existing neuroimaging research 45

has relied on brief laboratory exposures to pictorial, video, or virtual representations of nature rather than 46

sustained real-world experiences. In addition, most studies have been conducted in adult samples and have 47

rarely integrated neural measurements with comprehensive behavioral assessments of well-being. The neural 48

mechanisms through which prolonged, naturalistic environmental interventions that combine nature exposure 49

and social interaction influence behavior and socio-emotional status remain poorly understood. In this 50

context, device-free residential summer camps provide a rare opportunity to examine whether sustained 51

exposure to nature-rich, socially immersive environments produces coordinated changes in both self-reported 52
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well-being measures and neural dynamics. 53

EEG is particularly well-suited to address this question in naturalistic settings, given its low cost, 54

portability, and temporal resolution relative to fMRI or fNIRS [40,41]. Here we look at changes in two broad 55

aspects of EEG signals before and after camp. 56

First, conventional spectral power analyses have been widely studied and shown to change with stress, 57

with alpha power consistently decreasing and beta power increasing under psychosocial stress conditions [42], 58

as well as varying systematically across a range of psychiatric and mental health conditions [43]. Second, we 59

examine complementary measures of neural signal complexity, which characterize how much organized 60

structure is present in EEG signals. A purely random signal like white noise has no temporal structure, 61

whereas a highly organized signal has predictable patterns. Healthy brain dynamics occupy the territory 62

between these extremes, and measures such as Lempel-Ziv complexity, sample entropy, spectral entropy, the 63

DFA scaling exponent, and the aperiodic 1/f slope each quantify different aspects of this structure, with 64

more random signals producing higher entropy and complexity values, flatter 1/f slopes, and lower DFA 65

exponents. Alterations across these measures have been reported in several disorders. For example, elevated 66

LZC has been reported in schizophrenia and depression [44], altered DFA scaling exponents have been found 67

in major depressive disorder [45], and differences in the aperiodic 1/f slope have been identified in children 68

and adolescents with ADHD [46], together suggesting that these measures capture fundamental properties of 69

brain organization that spectral power analysis alone do not reveal. 70

In this study, we examined EEG recordings along with self-reported changes in mind health in adolescents 71

attending Maine Teen Camp, a device-free residential summer camp in Maine that emphasizes nature 72

engagement and in-person social interaction. We use the term mind health to reflect the broad, functional 73

spectrum of capacities and symptoms captured by the mental health quotient (MHQ), distinguishing it from 74

the common tendency to equate mental health with emotional distress and wellbeing with happiness. 75

Assessments of mind health together with EEG recordings were carried out on both the first and last day of 76

the three week camp. By integrating mind health and neural measures in a real-world adolescent sample, this 77

study aims to determine whether the improvements in mind health associated with device-free camp 78

participation are accompanied by shifts in neural dynamics. As a pilot study, we aim to establish the 79

feasibility of detecting measurable EEG changes associated with an environmental shift, and to characterize 80

the nature of those changes and their relationship to self-reported mind health. 81

Materials and methods 82

Study registration 83

The present EEG study was conducted as part of a broader prospective pre–post study examining changes in 84

adolescent mind health and wellbeing during attendance at Maine Teen Camp (MTC), the behavioral 85

findings of which have been reported previously [32]. The study was retrospectively registered at 86

ClinicalTrials.gov (NCT07761143; https://clinicaltrials.gov/study/NCT07761143). Participant recruitment 87

and follow-up were conducted between July 1, 2024 and August 17, 2025. The study was initially conducted 88

as a prospective pre–post study of a naturalistic summer camp environment and was not considered a clinical 89

trial at the time of participant enrollment. The authors confirm that all ongoing and related trials for this 90

intervention are registered. 91

The trial registration encompasses both mental health outcomes and pre–post EEG measurements. The 92

present study reports analyses of the EEG component and its relationship to changes in mind health. 93

Camp environment 94

Maine Teen Camp (MTC) is an American Camp Association-accredited residential summer camp in Porter, 95

Maine, USA, for adolescents aged 12–17 years [32]. During camp, personal phones and other 96

internet-connected devices are prohibited and are surrendered to the camp office. Campers spend substantial 97

time outdoors and participate in recreational activities and in-person social interaction with peers. The camp 98

operated according to its usual program during the study, and the research team did not otherwise control 99

the camp environment [32]. 100
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Data acquisition 101

Participants were recruited from adolescents aged 12–17 years attending MTC, a device-free residential 102

summer camp, during the periods from mid-July to mid-August in 2024 and 2025. As part of the broader 103

study, 480 campers were invited to participate, of whom 333 began the assessment and 192 completed both 104

pre- and post-camp assessments [32]. Campers were invited to participate in the EEG study that included 105

electroencephalography (EEG) recordings at the start and end of the three-week camp period along with a 106

comprehensive mental health assessment. 107

The final sample consisted of 30 adolescents where 23 attended MTC in 2024 and 7 attended the camp in 108

2025. Sample size was constrained by the number of EEG recordings that the team was able to collect within 109

a single day. No a priori power-based sample size calculation was performed for the EEG component of the 110

study. The EEG data were pooled across cohorts for analysis. The EEG data were pooled across cohorts for 111

analysis. Parents received an information sheet describing the study prior to arrival at camp. Both parental 112

consent and adolescent assent were required for participation. Ethical approval was granted by the Health 113

Media Lab Institutional Review Board (HML IRB; OHRP Institutional Review Board number 00001211; 114

Federal Wide Assurance number 00001102; IORG number 0000850). All procedures were carried out 115

according to the Declaration of Helsinki. Participant flow through the broader study and the EEG 116

component is summarized in Fig 1. 117

EEG recordings were acquired on the day of arrival at camp and again after three weeks on the day 118

before departure from camp using an Emotiv FLEX2 Gel EEG system. Sixteen electrodes were selected from 119

a standard 32-channel montage and positioned according to the international 10–20 electrode placement 120

system. Mental health was evaluated using a 47-item Mental Health Quotient (MHQ) assessment, adapted 121

from the adult version to ensure age-appropriate language and reading level; this youth-adapted MHQ is 122

currently used in the Youth Global Mind Study (see Supporting Information for the full questionnaire). The 123

MHQ queries 27 mental capabilities and 20 problems on a 9-point life impact scale. The capacities scale is 124

bi-directional where 1=causes me difficulties and 9= is an asset to my life while 5 is neutral, while the 125

problems scale is unidirectional with 1=Not a problem to my life and 9=has a severe impact on my ability to 126

function. These 47 items span all symptoms queried across 126 different psychiatric, neuroscientific and 127

psychology assessments used in research and clinical practice and include numerous aspects such as sleep 128

quality, sadness and hopelessness, anxiety, restlessness and hyperactivity, stability and calmness, emotional 129

control, anger and numerous other factors potentially associated with environmental factors such as exposure 130

to nature and removal of devices. 131

EEG recordings and preprocessing 132

EEG was collected while the participant was sitting quietly with their eyes closed using the EMOTIV FLEX 133

Gel system. Data was obtained from 14 channels as shown in Fig 2 (AF3, F7, F3, C3, FC5, P7, O1, O2, P8, 134

FC6, C4, F4, F8, AF4). The signal was sampled at 256 Hz and band-pass filtered between 0.5 and 40 Hz. 135

All the preprocessing of the EEG data was done using the MNE python package [47]. Bad segments from 136

EEG data were detected and removed using the MNE-auto reject algorithm [48]. 137

Feature extraction 138

The following features were extracted from the data, after segmenting the data into 5 second windows. 139

Spectral power 140

The power spectral density (PSD) was estimated using the Welch method, with a 1-second Hamming window 141

and 50% overlap between successive windows. Relative band power was calculated for delta (1.0–4.0 Hz), 142

theta (4.0–8.0 Hz), alpha (8.0–13.0 Hz) and beta (13.0–30.0 Hz) frequency ranges. 143
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Fig 1. Participant flow through the study. Flow of participants from enrollment in the broader
prospective pre–post study through behavioral assessment, EEG data collection, and analysis.

Aperiodic slope 144

The aperiodic slope of the EEG power spectrum was obtained using the Fitting Oscillations and One-Over-F 145

(specparam) algorithm [49]. The specparam algorithm models the aperiodic slope and then fits the 146

oscillatory peaks with Gaussians. Gaussians are then iteratively subtracted until all the peaks are removed. 147

Using an exponential function in the semi-log power space, aperiodic slope of the power spectrum is refit 148

with the peaks removed, giving the estimates for the slope and the offset. Model fitting was performed on 149

power spectra in the 2.0–30.0 Hz range, with the maximum number of oscillatory peaks set to five and peak 150

width limits constrained between 0.5 and 12 Hz. The model was subtracted from the full power spectrum to 151

obtain the aperiodic slope, which reflects power law (1/f behavior) and has been shown to be related to the 152

changes in excitatory-to-inhibitory balance (E/I balance) [50]. 153
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Fig 2. Location of 14 channels used on the EMOTIV FLEX Gel system. The channels were
divided into Frontal (red), Central (cyan), Parietal (green) and Occipital (magenta) regions.

Lempel-Ziv complexity 154

Lempel-Ziv complexity (LZC) is a metric to estimate the complexity of a discrete-time signal [51]. LZC 155

analysis is based on coarse-graining of signals [52]. When applied to an EEG signal this involves 156

transforming the signal to a finite symbol string P , for e.g. a binary sequence of zeros and ones based on a 157

threshold defined as the signal median [53]. The string P is then scanned from left to right and every time a 158

new subsequence of characters are encountered, a complexity counter is incremented by one. Predictable 159

signals tend to have few distinct patterns resulting in lower number for LZC, while random signals exhibit 160

higher values for LZC due to greater number of such distinct symbolic patterns. 161

LZC was computed for each EEG channel using the AntroPy toolbox [54], which implements 162

median-based binarization prior to complexity estimation. Because raw LZC values are strongly influenced 163

by sequence length, we employed a normalized variant of LZC [53], defined as 164

n

logb n
,

where n denotes the sequence length and b is the number of symbols in the discretized sequence P . 165

Detrended fluctuation analysis 166

Detrended fluctuation analysis captures long range temporal correlations in a time series and has been widely 167

applied to human EEG data [55]. Briefly, detrended fluctuation analysis estimates the exponent/slope α 168

describing the relation between fluctuations of the amplitude envelope obtained by Hilbert Transform and 169

the temporal window size. The DFA scaling exponent α is the generalization of the Hurst exponent. Similar 170

to Hurst exponent values, less than 0.5 indicate a white-noise process, while values larger than 0.5 suggest a 171

correlated signal. However, DFA can return slopes larger than one in the case of unbounded, non-stationary 172

signals like EEG [56] and are interpreted in terms of relative changes across conditions. We used the Antropy 173

toolbox to compute the DFA scaling exponent [54]. 174

Sample entropy 175

Sample entropy (SampEn) is a widely used measure of complexity of physiological time-series signals [57, 58]. 176

Conceptually, SampEn quantifies the negative logarithm of the conditional probability that two sequences 177

that are similar for m consecutive samples remain similar when one additional sample is included. Thus, 178
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lower SampEn values reflect greater predictability, whereas higher values indicate increased randomness or 179

unpredictability of the signal. 180

Formally, a signal of length N is embedded into vectors of length m, yielding N −m+ 1 template vectors. 181

Pairwise similarity between template vectors is assessed using the Euclidean distance, and two vectors are 182

considered similar when their distance is smaller than a tolerance threshold r. The SampEn value is then 183

computed from the ratio of the number of similar vector pairs of length m+ 1 to those of length m. 184

Sample entropy was computed using the NeuroKit2 toolbox [59] with an embedding dimension of m = 2, 185

time delay τ = 1, and tolerance r = 0.2 times the standard deviation of the signal, corresponding to 186

commonly used default parameters. 187

Spectral entropy 188

Spectral entropy (SpecEn) is a measure of the distribution of spectral power across frequencies and reflects 189

the irregularity of the power spectrum [60]. It is computed as the Shannon entropy of the power spectral 190

density. Higher SpecEn values indicate a more uniform distribution of spectral power across frequencies, 191

whereas lower values reflect the concentration of power within specific frequency bands. 192

Mental health assessment 193

Self-report data were acquired from campers: (1) in the week prior to or on the first day of camp; and (2) on 194

the last day of camp. The self-report questionnaire asked campers about their demographics, sleep, 195

ultra-processed food consumption, belonging, friendship, technology-habits, attitudes on being tech free (end 196

of camp only) and the 47 MHQ items that span emotional, cognitive, and social functioning [61–63]. The 47 197

MHQ items, adapted from the adult MHQ [61–63] to ensure age-appropriate language and reading level have 198

been similarly validated and are currently employed in the Youth Global Mind Study as well as in schools. In 199

this study we considered only the MHQ items, along with the overall MHQ scores and the dimensional scores. 200

The pre- and post-camp questionnaires can be found in the supporting information (S1 File and S2 File). 201

Pre-post analysis 202

The individual participant was the unit of analysis, with pre- and post-camp measurements treated as paired 203

observations within each participant. 204

For each subject, EEG features described above were computed separately for pre-camp (first day of 205

camp) and post-camp (last day of camp) recordings and averaged across a fixed, subject-specific subset of 206

epochs to ensure comparability across conditions. Furthermore, we averaged the EEG features across 207

channels within frontal (AF3, F7, F3, F4, F8, AF4), central (C3, FC5, C4, FC6), parietal (P7, P8), and 208

occipital (O1, O2) electrode groups. 209

For each subject, electrode group, and feature, EEG change scores were computed as 210

∆EEG = post− pre. (1)

Change in various elements of mind health as well as aggregate scores were derived from the questionnaire 211

items administered before and after the camp. Mind health change scores were computed analogously as 212

∆MindHealthMetric = post− pre. (2)

A mind health metric was considered to have changed for a subject if ∆MindHealthMetric ≠ 0, allowing for 213

changes in either direction. 214

Correspondence between EEG and mind health metrics 215

These EEG–mind health correspondence analyses were exploratory. To assess whether EEG changes beyond 216

a meaningful magnitude were associated with positive changes in mind health metrics, we performed a 217

threshold-based overlap analysis. For each EEG feature and region, EEG change scores were standardized 218
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(z-scored) across subjects to enable comparability across features. An EEG feature was considered to have 219

changed if 220

|∆EEGz| ≥ τ, (3)

with τ = 0.5 standard deviations. 221

For each combination of mind health metric, EEG feature, and brain region, subjects were classified into 222

a 2× 2 contingency table based on whether the EEG change exceeded the threshold and whether the change 223

in mind health metric was non-zero. From this table, three complementary overlap metrics were computed: 224

precision, recall, and the Jaccard index. Precision quantified the probability of change in mind health metric 225

given EEG change, recall quantified the probability of EEG change given a change in mind health metric, 226

and the Jaccard index quantified the proportion of subjects showing both EEG and mind health change 227

relative to all subjects showing either change. Analyses were performed separately for frontal, central, 228

parietal, and occipital regions. 229

Statistical analysis 230

Differences in EEG features before and after the camp were assessed using the Wilcoxon signed-rank test. 231

Effect sizes were quantified using Cliff’s delta (Cliff’s δ), defined as 232

δ = P (X > Y )− P (X < Y ),

where X and Y denote observations from the two paired conditions. Statistical tests were two-sided, with 233

p < 0.05 considered statistically significant. Given the exploratory nature of the EEG analyses, no correction 234

for multiple comparisons was applied; individual feature–region comparisons should therefore be interpreted 235

as exploratory. No imputation of missing data was performed. Analyses involving mind health measures were 236

restricted to participants with the corresponding pre- and post-camp data available. All statistical analyses 237

were performed using Python version 3.13 238

Results 239

The final EEG sample consisted of 30 adolescents (23 from the 2024 cohort and 7 from the 2025 cohort). 240

Participant demographic and baseline characteristics are summarized in Table 1. 241

Table 1. Baseline characteristics of the EEG study sample.

Characteristic EEG sample (N = 30)
Age, years, mean ± SDa 14.6± 1.1
Biological sexb

Male, n (%) 14 (53.8%)
Female, n (%) 12 (46.2%)

a Exact numerical age was available for 25 participants; one additional participant was recorded as “Younger than 13,” and age
was unavailable for four participants. Percentages for biological sex are calculated among participants with available data
(n = 26).
b Biological sex was available for 26 of the 30 participants.

We compared the changes in features computed from EEG signals recorded before and after the camp. 242

These included DFA scaling exponent, aperiodic slope and offset, LZC, SampEn, SpecEn and spectral power 243

in δ, θ, α and β bands. Fig 3 illustrates the dominant direction of change in these EEG features between the 244

beginning and end of the camp, averaged over electrode groups — frontal (AF3, F7, F3, F4, F8, AF4), 245

central (C3, FC5, C4, FC6), parietal (P7, P8) and occipital (O1, O2). Overall multiple metrics changed 246

significantly, particularly in the occipital and central regions. 247
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Fig 3. Dominant direction of change in EEG features after camp. Bubble plots summarize
within-subject pre–post changes across scalp regions (rows; Frontal, Parietal, Central and Occipital) and
EEG features (columns; DFA exponent, aperiodic slope, LZC, spectral entropy, sample entropy, and band
power in δ, θ, α, and β). Bubble area is proportional to the percentage of participants showing an increase
(light red) or decrease (light blue) following camp. Gray bubbles indicate an even split (50% increase, 50%
decrease). Red outlines denote feature–region pairs with a statistically significant pre–post difference
(Wilcoxon signed-rank test, p < 0.05).
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Fig 4. Subject-wise pre–post changes in EEG features for significant region–feature pairs
(Wilcoxon signed-rank test, p < 0.05). Panels show paired measurements before and after camp for
each participant (black points), connected by lines (red, increase; blue, decrease). Half-violin kernel density
estimates summarize the marginal distributions at each time point (Before, left; After, right). (A–D)
Occipital—DFA exponent, aperiodic slope, LZC, and β power; (E–I) Central—DFA exponent, aperiodic
slope, LZC, spectral entropy, and β power; (J–L) Parietal—DFA exponent, δ power, and α power; (M and N)
Frontal—DFA exponent and α power.

Changes in EEG complexity 248

Overall, following camp participation there was a shift towards more structure or less randomness in the 249

EEG signal, which was most prominent and significant in the channels across occipital and central regions. 250

The DFA scaling exponent increased robustly across all channel groups, with 63–70% of subjects showing 251

an increase depending on the region (Wilcoxon signed-rank test, p < 0.01 for all regions). Other metrics, 252

where the direction of increased structure or decreased randomness corresponds to a lower value, opposite 253

that of the DFA exponent, were decreased post camp. The aperiodic slope decreased 60–70% with 254

statistically significant effects restricted to occipital and central channels (p < 0.05). LZC and spectral 255

entropy showed consistent post-camp decreases, with 57–67% and 53–63% of subjects showing reductions 256

respectively, and statistically significant effects in central and occipital channels for LZC (p < 0.05) and 257

central channels for spectral entropy (p < 0.05). Sample entropy also decreased in central and occipital 258

regions in 53–63% of subjects, but these changes did not reach significance; in frontal and parietal regions, 259

53–57% of subjects showed a post-camp increase, also non-significant. Fig 4 shows subject-wise distributions 260

for measures reaching statistical significance (p < 0.05; see also Fig 3), averaged across electrode groups. 261

A complete summary of the complexity measures, including corresponding p-values and Cliff’s δ effect 262

sizes, is provided in the supporting information (S3 File). 263
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Changes in EEG spectral power 264

Overall, EEG spectral power showed a shift toward lower frequencies following the camp, consistent with 265

steeper aperiodic slopes and increase in signal predictability or structure. Among the spectral power 266

measures computed in four key frequency bands, power in the δ and θ bands increased post-camp, whereas α 267

power decreased across all electrode groups. In contrast, β power exhibited post-camp decreases restricted to 268

the occipital and central channels, while in the frontal and parietal channels, equal numbers of subjects 269

exhibited increases and decreases in β power. We observed a statistically significant post-camp increase in 270

δ-band power in parietal channels (Wilcoxon signed-rank test, p < 0.05), with 70% of subjects showing 271

higher values after the camp whereas α power decreased significantly in the frontal and parietal channels 272

(67% and 70% of subjects, respectively), and β power decreased significantly in the occipital and central 273

regions (67% and 63% of subjects, respectively). Fig 4 shows the subject-wise distributions of EEG spectral 274

measures that exhibited statistically significant pre–post differences (Wilcoxon signed-rank test, p < 0.05), 275

averaged across electrode groups. A complete summary of the spectral results, including corresponding 276

p-values and Cliff’s δ effect sizes, is provided in the supporting information (S3 File). 277

Changes in mind health metrics 278

Camp participation was associated with broad improvements in self-reported mind health assessed through 279

various capacities, problems, and dimensional scores that aggregated across subsets of capacities and 280

problems (see S3 File). Given that pre and post EEG recordings and mind health metrics were available for 281

23 of the 130 camp participants, statistical power was limited, and conventional significance thresholds were 282

not appropriate as the primary selection criterion. We therefore adopted a two-stage criterion for reporting: 283

measures were included if at least 40% of participants showed change in the expected direction and the 284

Wilcoxon signed-rank test yielded p < 0.4. This approach captures meaningful trends that would be 285

obscured by strict p-value thresholds in a small sample. The majority of selected measures using this criteria 286

also reached conventional significance (p < 0.05) in the larger sample of 192 participants, validating that the 287

observed improvements reflect reliable camp effects. 288

Four capacity measures met this criterion: emotional resilience, focus and concentration, planning and 289

organization, and sleep quality. Of these, emotional resilience showed the largest and most consistent 290

improvement, reaching conventional statistical significance (p < 0.05), with 43% of participants showing 291

improvement. Focus and concentration and sleep quality each showed improvement in 52% of participants (p 292

= 0.14 and p = 0.36, respectively), while planning and organization improved in 43% of participants (p = 293

0.22). 294

Among problem measures, restlessness and hyperactivity showed the most pronounced change, with 52% 295

of participants showing reduction after camp and a statistically significant Wilcoxon test (p < 0.05). Three 296

additional problem measures — confusion and slowed thinking (43%, p = 0.27), fear and anxiety (48%, p = 297

0.31), and detachment from reality (43%, p = 0.39) — showed trends in the expected direction consistent 298

with reduced scores following the intervention. It is to be noted that planning and organization and 299

confusion and slowed thinking did not reach significance in the larger sample of 130 participants but were 300

retained as both met the selection criteria in the EEG subsample and contribute to a more complete 301

characterization of the mind health metrics accompanying the EEG shifts reported below. 302

Composite dimension scores showed the most consistent pattern of improvement. Mind Body Connection 303

and Adaptability and resilience each improved in 70% of participants (p = 0.05 and p = 0.19 respectively), 304

while the overall MHQ score improved in 65% of participants (p = 0.26). Cognition and Mood and outlook 305

each improved in 61% of participants (p = 0.31 and p = 0.32). Although these dimension-level changes did 306

not reach conventional significance, the high proportion of participants showing improvement — consistently 307

above 60% — suggests a broad and directionally coherent shift in mind health following camp participation. 308

Taken together, these findings indicate that participation in the device-free camp was associated with 309

improvements spanning multiple domains of mind health, with the most statistically reliable effects observed 310

for emotional resilience and restlessness. 311
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Covariance of changes in EEG features and mind health metrics 312

To examine whether the changes in EEG and mind health metrics observed after camp were related, we 313

assessed the co-variation between pre-post changes in each EEG feature and each mind health metric. For 314

each subject and each EEG feature–mind health metric pair, we determined whether the two measures 315

changed in a concordant direction, i.e., whether the EEG shifted toward a more structured or low-frequency 316

dominant state at the same time as the mind health metric improved. 317

Figs 5 and 6 display the percentage of subjects showing this concordant pattern for each combination of 318

EEG feature, mind health metric, and scalp region. 319

Since four directional combinations are possible — (1) EEG shifts towards more structured state and 320

mind health metrics improve, (2) EEG shifts towards more structured state and mind health metrics worsen, 321

(3) EEG shifts towards more random state and mind health metrics improve, and (4) EEG shifts towards 322

more structured state and mind health metrics worsen — random expectation for any single quadrant is 25%. 323

Red cells indicate that the EEG shifted toward a more structured or low-frequency dominant state, 324

meaning the DFA exponent, δ power, or θ power increased, or the aperiodic slope, LZC, spectral entropy, 325

sample entropy, α power, or β power decreased, concurrent with increase in a capacity or dimension measure. 326

Blue cells indicate the same EEG shift concurrent with decrease in a problem measure. Gray cells indicate no 327

consistent concordant pattern. Deeper color saturation indicates a higher percentage of subjects showing the 328

concordant pattern. The concordant percentages reported throughout consistently exceed chance, and the 329

remaining subjects are distributed across three non-concordant patterns rather than uniformly opposing the 330

dominant direction. 331

Among capacity measures, emotional resilience showed the strongest and most spatially widespread 332

concordance with EEG change (Fig 5). In the occipital region, 91% of subjects showed a concurrent increase 333

in θ power alongside improvement in emotional resilience. In central channels, the DFA exponent increase 334

co-occurred with emotional resilience improvement in 82% of subjects, while decrease in the aperiodic slope 335

and reduction in LZC co-varied with the same mind health metric in 73% and 64% of subjects respectively. 336

Focus and concentration showed consistent concordance with DFA exponent, aperiodic slope, and LZC 337

changes in 50–61% of subjects, predominantly in central and occipital channels. Sleep quality and planning 338

and organisation showed more moderate concordance, generally in the 35–58% range across regions and 339

features. 340

Among problem measures, restlessness showed the most consistent concordant pattern (Fig 5). In central 341

channels, 60–67% of subjects simultaneously showed EEG shifts toward more structured dynamics and 342

reduced activation — including increases in DFA exponent, steepening of the aperiodic slope, and reductions 343

in LZC, spectral entropy, and sample entropy — and reductions in restlessness. Occipital channels showed a 344

similar pattern, with aperiodic slope steepening and reductions in LZC and β power co-varying with 345

restlessness reduction in 60–67% of subjects. Confusion and slowed thinking showed notable concordance 346

particularly in parietal channels, where 59% of subjects showed co-occurring increases in δ power and 347

reported mind health improvement. Fear and anxiety and detachment from reality showed weaker and less 348

spatially consistent concordance, with most cells in the 35–47% range. 349

The composite dimension measures showed a broadly consistent red pattern, indicating that EEG shifts 350

toward more predictable dynamics co-occur with improvements in Mind-Body Connection, Adaptability and 351

resilience, overall MHQ, Cognition, and Mood and outlook in a substantial proportion of subjects (Fig 6). 352

Mind-Body Connection showed the strongest concordance overall, with 60–65% of subjects in central and 353

occipital regions showing co-occurring EEG structural shifts, including increases in DFA exponent and 354

reductions in LZC and β power, alongside improvement in this composite score. Adaptability and resilience 355

and overall MHQ showed similar patterns, with concordance of 55–59% in occipital channels across multiple 356

EEG features. Cognition and Mood and outlook showed slightly weaker but directionally consistent 357

concordance. Notably, gray cells, indicating the absence of a consistent concordant pattern, were rare across 358

the dimensions panel, suggesting that the relationship between EEG structural change and mind health 359

improvement was broadly consistent regardless of which specific EEG feature was examined. 360

Overall, central and occipital regions consistently showed the strongest and most frequent concordant 361

patterns, while frontal concordance was generally lower. This regional trend is consistent with the group-level 362

EEG results reported above (see Fig 3), and suggests that the neural correlates of self-reported mind health 363
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Fig 5. Co-variation between pre-post changes in EEG features and capacity and problem
measures across four scalp regions. Each cell displays the percentage of subjects showing a concordant
pattern between EEG and reported change in mind health. Red cells indicate that the EEG shifted toward a
more structured or low-frequency dominant state, meaning the DFA exponent, δ power, or θ power increased,
or the aperiodic slope steepened, or LZC, spectral entropy, sample entropy, α power, or β power decreased,
concurrent with improvement in a capacity measure (higher score). Blue cells indicate the same EEG shift
concurrent with reduction in a problem measure (lower score reflecting improvement). Gray cells indicate no
consistent concordant pattern. Color saturation scales with the percentage of subjects showing the
concordant pattern. EEG features shown on the x-axis are DFA exponent (DFA Exp.), aperiodic slope (Ap.
Slope), Lempel–Ziv complexity (LZC), spectral entropy (Spec. Ent.), sample entropy (Samp. Ent.), δ, θ, α,
and β band power. Since four directional combinations are possible, the chance-level expectation for any
single quadrant is 25%.

metrics following camp participation are most reliably observed in posterior and central scalp regions. The 364

interpretation of regional specificity is however constrained by the limited spatial resolution of scalp EEG, 365

and source-level analyses would be needed to identify the specific cortical generators underlying these 366

patterns. 367

Metrics of EEG-mind health concordance 368

As this is a pilot study with a small N, we quantified the correspondence between EEG features and mind 369

health metrics in each group of scalp electrodes, using precision, recall, and Jaccard indices (see Figs 7 and 8 370

September 8, 2026 13/25

 . CC-BY 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted September 13, 2026. ; https://doi.org/10.64898/2026.09.09.26362570doi: medRxiv preprint 

https://doi.org/10.64898/2026.09.09.26362570
http://creativecommons.org/licenses/by/4.0/


Fig 6. Co-variation between pre-post changes in EEG features and composite MHQ dimension
scores across four scalp regions. Each cell displays the percentage of subjects showing a concordant
pattern between EEG and reported change in mind health. Red cells indicate that the EEG shifted toward a
more structured or low-frequency dominant state concurrent with improvement in a composite dimension
score. Gray cells indicate no consistent concordant pattern. Color saturation scales with the percentage of
subjects showing the concordant pattern. Dimension measures shown on the y-axis are Mind-Body
Connection (MBC), Adaptability and resilience, overall Mental Health Quotient (MHQ), Cognition, and
Mood and outlook. EEG features on the x-axis are as in Fig 5. Since four directional combinations are
possible, the chance-level expectation for any single quadrant is 25%.

for precision and S3 File for recall and Jaccard). 371

Overall, overlap patterns were spatially structured, with parietal and occipital regions generally exhibiting 372

higher EEG–mind health concordance than frontal and central regions. 373

Precision values were consistently high across EEG–mind health metric pairs, ranging between 0.9–1.0 for 374

EEG–dimension pairs (meaning that 90–100% of those who had a significant change in the EEG reported a 375

significant change in the mind health metric) and 0.7–0.9 for EEG–capacity and EEG–problem pairs. The 376

exception was emotional resilience, where precision was comparatively lower (0.4–0.6), suggesting that not all 377

subjects who showed EEG changes also reported improvements in emotional resilience. In parietal and 378

occipital regions, precision frequently exceeded 0.8 and in several cases approached 1.0, indicating that 379

subjects exhibiting EEG changes beyond the threshold were highly likely to show corresponding 380

improvements in perceived mind health. Precision values were comparatively lower in frontal and central 381

regions, though still consistently above chance, suggesting that EEG changes in these regions were less 382

specific to concurrent changes in perceived mind health. 383

Recall values revealed a complementary pattern. While frontal and central regions showed moderate 384

recall, parietal and occipital regions consistently demonstrated higher recall (0.7–0.82), indicating that 385

perceived improvements in mind health were more often accompanied by detectable EEG changes in 386

posterior regions. Notably, emotional resilience showed a pattern of low precision but relatively high recall, 387

suggesting that while EEG changes were not reliably specific to emotional resilience improvements, the 388

majority of subjects who did report emotional resilience improvements showed concurrent EEG changes. 389

This suggests that improvements in emotional resilience were consistently accompanied by EEG changes, but 390
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Fig 7. Precision of EEG-mind health change across brain regions for mind health metrics
across capacities and problems. Precision values reflect the proportion of participants showing EEG
changes beyond a defined threshold who also exhibited corresponding change in the reported mind health
metrics. Each panel corresponds to a scalp region (frontal, central, parietal, occipital), with EEG features on
the x-axis and mind health metrics on the y-axis, and precision values indicated by color.

September 8, 2026 15/25

 . CC-BY 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted September 13, 2026. ; https://doi.org/10.64898/2026.09.09.26362570doi: medRxiv preprint 

https://doi.org/10.64898/2026.09.09.26362570
http://creativecommons.org/licenses/by/4.0/


Fig 8. Precision of EEG-mind health change across brain regions for mind health metrics
across dimensions. Precision values reflect the proportion of participants showing EEG changes beyond a
defined threshold who also reported corresponding change in mind health metric. Each panel corresponds to
a scalp region (frontal, central, parietal, occipital), with EEG features on the x-axis and mind health metrics
on the y-axis, and precision values indicated by color.
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the EEG changes themselves were not specific to emotional resilience, pointing to a concurrent but 391

non-specific effect that the EEG measures examined here do not fully capture. 392

The Jaccard index integrated both precision and recall, providing a conservative measure of EEG–mind 393

health overlap. Jaccard values were highest in frontal, parietal and occipital regions (0.6–0.8), especially for 394

measures of signal predictability, including the DFA scaling exponent, aperiodic slope, and spectral entropy, 395

as well as for α- and θ-band power. Across multiple mind health metrics, these posterior/frontal EEG 396

features exhibited Jaccard values exceeding 0.6, indicating substantial overlap between subjects showing 397

EEG changes and improvements in mind health. 398

Together, these results demonstrate that EEG changes exceeding a modest, standardized threshold 399

reliably co-occur with a perceived change in mind health, with the strongest correspondence observed in 400

posterior brain regions. 401

Discussion 402

This study provides the first characterization of how changes in neural dynamics associated with 403

participation in a device-free residential summer camp in adolescents correspond with perceived changes in 404

select mental capacities and problems as well as aggregate mind health and dimensional composites. We 405

found that multiple EEG measures changed significantly following the intervention, and that these changes 406

co-varied with improvements in mind health metrics. Taken together, the findings demonstrate a shift 407

toward greater signal predictability with high precision, particularly in the occipital and parietal regions, 408

across complexity measures, and a shift toward lower-frequency spectral activity. Both patterns are 409

consistent with a less excitable or more structured baseline neural state following three weeks of reduced 410

digital stimulation and sustained nature exposure. Notably, reductions in restlessness and hyperactivity and 411

improvements in focus co-varied most consistently with these neural changes — outcomes that are 412

themselves well-documented consequences of nature exposure [20], suggesting the observed neural shifts may 413

reflect the same restorative processes proposed by Attention Restoration Theory and Stress Recovery Theory. 414

Spectral changes are consistent with calmer brain state 415

EEG studies have shown that exposure to nature reduces β activity, which is associated with lower stress and 416

cognitive load [35,64,65]. In line with these findings, we observed a significant reduction in β power following 417

the camp intervention. At the subject level, this reduction co-varied most consistently with improvements in 418

restlessness, emotional resilience, and sleep quality, as well as with the composite dimension measures of 419

Mind-Body Connection, Adaptability and resilience, and overall MHQ, predominantly in central and 420

occipital channels. The reduction in β power across all scalp regions was also consistently associated with 421

reductions in restlessness, suggesting that the reduction in β power may reflect the neural basis of the 422

observed improvements in attentional regulation and restlessness following the intervention. Precision 423

analyses further confirmed the specificity of this relationship. Subjects who showed β power reduction 424

beyond a defined threshold also showed corresponding improvements in restlessness and mind health metrics 425

across dimensions (see Figs 7 and 8). 426

The α power during eyes-closed rest was also reduced after camp. While α oscillations are typically 427

prominent during relaxed wakefulness, their magnitude is known to vary substantially with environmental 428

context and lifestyle factors. Prior work has demonstrated that chronic exposure to modern technological 429

environments elevates resting α power, suggesting it may reflect a baseline state of heightened neural 430

stimulation rather than pure relaxation [66]. Under this interpretation, the reduction in α power observed 431

here may reflect a recalibration of resting neural baseline following sustained removal from digital 432

stimulation, rather than a paradoxical increase in arousal. Consistent with this, α reduction co-varied with 433

improvements in emotional resilience, focus and concentration, and the composite dimension measures in 434

most scalp regions, though this association was less consistent in occipital regions compared to β power. 435

Reductions in α power in parietal channels were also associated with improvements in focus and 436

concentration in 56% of subjects, suggesting a link between reduced high-frequency neural idling and 437

improved attentional capacity following the intervention. 438
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The reduction in α and β power was correspondingly accompanied by an increase in δ and θ activity. In 439

eyes-closed resting EEG, increased slow-frequency activity is commonly associated with reduced vigilance 440

and lower levels of cortical activation. The increase in θ power showed particularly strong concordance with 441

improvements in emotional resilience, most prominently in occipital channels. It is worth noting that 442

concordance percentages reflect the proportion of subjects with non-zero change on both the EEG and 443

reported mind health metric rather than the full sample; consequently, high concordance values can emerge 444

even when the group-level EEG change is modest. In this case, the high concordance between θ power and 445

emotional resilience reflects strong directional agreement among subjects who showed any change on both 446

measures, rather than implying a large-scale θ increase across all participants. Increases in δ power were 447

associated with improvements in Adaptability and resilience, Cognition, and Mind-Body Connection in 40% 448

or more subjects, reflecting the broader shift toward slow-frequency dominance following the intervention. 449

Together, these spectral changes including reductions in α and β power alongside increases in δ and θ 450

power were reflected in steeper aperiodic slopes, increased DFA scaling exponents, and reduced Lempel–Ziv 451

complexity. Collectively, these findings suggest that the camp intervention was associated with a shift toward 452

slower, more predictable neural dynamics and reduced cortical activation, which may reflect a calmer baseline 453

brain state following a period of reduced digital stimulation and increased exposure to natural environments. 454

EEG complexity measure changes reflect reduced excitation 455

Following camp participation, DFA scaling exponents increased robustly across all scalp regions, while LZC, 456

spectral entropy, sample entropy, and the aperiodic slope decreased, particularly in central and occipital 457

regions. Although these measures change in opposite numerical directions, they reflect the same underlying 458

shift: the neural signal became more structured and less random. The DFA exponent indexes long-range 459

temporal correlations where higher values indicate that neural activity is more organised across time, while 460

lower entropy, LZC, and sample entropy values indicate a more predictable signal. A steeper aperiodic slope 461

similarly reflects a greater relative dominance of lower frequencies, indicative of signal predictability. 462

These neural changes co-varied with improvements across multiple mind health factors. Among capacity 463

measures, improvements in emotional resilience, focus and concentration, sleep quality, and planning and 464

organisation were accompanied by shifts toward more predictable EEG dynamics, predominantly in central 465

and occipital channels. Among problem measures, reductions in restlessness and hyperactivity showed the 466

most consistent co-variation with shifts in EEG complexity measures in direction of more predictable signals, 467

followed by reductions in confusion and slowed thinking, fear and anxiety, and detachment from reality. 468

Mind-Body Connection, Adaptability and resilience, overall MHQ, Cognition, and Mood and outlook also 469

showed broadly consistent co-variation with EEG complexity changes across all scalp regions. 470

Within the excitation–inhibition (E/I) balance framework, steeper aperiodic slopes and increased DFA 471

scaling exponents have been associated with relatively greater inhibitory influence or reduced cortical 472

excitation [67–69]. This interpretation is further supported by the pattern observed for LZC. Prior research 473

suggests that lower LZC is associated with a predominance of inhibitory over excitatory neural 474

activity [70,71], and a recent study found that caffeine — which promotes cortical activation by blocking 475

adenosine receptors — increased LZC during sleep [56], consistent with the opposite pattern observed here. 476

Collectively, these findings suggest that the camp intervention shifted baseline brain dynamics toward a less 477

excitable, more structured state, which may underlie the observed improvements across the range of mind 478

health metrics reported here. 479

Neural and mind health metrics are linked 480

While the absence of a control group means we cannot establish causality, several features of the data 481

strengthen a causal interpretation. The precision analyses demonstrated that EEG changes were not merely 482

widespread but were specifically co-localised with changes in mind health metrics. Participants who showed 483

EEG shifts were substantially more likely to also show corresponding improvements across specific capacities 484

and problems, and composite dimension measures, particularly in posterior and central regions. This 485

individual-level linkage is consistent with population-level findings from a larger sample of the same camp, 486

which similarly reported significant pre-post improvements in self-reported mind health following device-free 487
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camp participation [32]. It is also to be noted that the changes in primary capacities and problems are 488

related — less restlessness and greater focus have been related to improved sleep quality. 489

However, the relationship was not symmetric. EEG changes were more reliably accompanied by 490

improvements in mind health metrics than the reverse. Some participants may have reported mind health 491

improvements without corresponding EEG shifts, which could reflect genuine individual variability in 492

response to the intervention, or a tendency to rate items more positively due to a general halo effect 493

associated with an enjoyable camp experience. 494

Disentangling these possibilities would require a control condition and more objective measures of mind 495

health. 496

Limitations 497

As a pilot study, the present findings establish the feasibility of detecting measurable, environmentally-linked 498

EEG changes in a real-world adolescent sample, laying the groundwork for larger controlled studies to 499

confirm and extend these results. A few limitations of our study are worth considering. First, the absence of 500

a control group limits causal inference. Without a group of adolescents continuing their typical digital, 501

indoor dominant lifestyle over the same period, it is not possible to rule out the influence of other factors on 502

the observed changes such as a decreased stress level due to being out of school. However, we do note that 503

the camp session was held in July when students had already been out of the school environment for a month 504

or more. Second, the camp intervention is inherently multifaceted — it simultaneously removed digital 505

devices, increased nature exposure, restructured social interaction, altered sleep schedules, and introduced 506

physical activity. This makes it difficult to attribute any single component of the camp experience to the 507

observed changes in neural and mind health metrics. Third, scalp EEG has limited spatial resolution, 508

constraining interpretation of the regional patterns we observed here. Thus our results cannot be confidently 509

attributed to any specific underlying neural generators, and source-level analyses or higher-density EEG 510

would be needed to address this. Fourth, the sample was relatively small and drawn from a single residential 511

camp. Families who choose device-free nature-rich camps may also differ systematically from the broader 512

adolescent population in terms of attitudes or access toward technology, socioeconomic status, or baseline 513

mind health, further limiting the generalizability of our findings. Nonetheless, our results point to 514

concomitant shifts in neurophysiology and reported mind health associated with the camp environment. 515

Conclusions 516

This study provides the first evidence that participation in a device-free, nature-rich residential summer 517

camp is associated with coordinated changes in both neural dynamics and reported mind health in 518

adolescents. More generally, it is evidence of the profound impact of even short term shifting of the 519

environment on brain physiology and corresponding perception of mind health. Following three weeks at 520

camp, participants exhibited a consistent pattern of neural change during a resting state — including steeper 521

aperiodic slopes, decreased offsets, increased DFA scaling exponents, reduced Lempel-Ziv complexity and 522

entropy, and decreased alpha and beta power — alongside improvements in restlessness, hyperactivity, focus, 523

sleep, and broader measures of mind health. Taken together, these findings are consistent with a shift toward 524

a calmer, more structured baseline neural state, characterized by relatively greater inhibitory influence and 525

reduced cortical excitation. Critically, these neural changes were not independent of reported changes in 526

mind health. Instead, they co-varied with the improvements in mind health metrics, particularly in posterior 527

and central scalp regions. These findings extend prior behavioral work on device-free camp settings by 528

demonstrating that the benefits of such environments are reflected not only in self-reported changes in mind 529

health but in measurable shifts in underlying brain dynamics. More broadly, they suggest that sustained 530

immersion in nature-rich, device-free environments may support adolescent neural and psychological health 531

in ways that brief laboratory exposures or individual digital detox efforts cannot replicate. Future work 532

incorporating control conditions, longitudinal follow-up, and higher spatial resolution methods will be needed 533

to establish causality and identify the specific mechanisms driving these changes. 534
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Supporting information 535

S1 Protocol. Study protocol. Protocol for the study evaluating the impact of a device-free residential 536

summer camp on adolescent mental health and wellbeing. 537

S2 File. Pre-camp survey questionnaire (MHQ). Full 47-item Mind Health Quotient questionnaire 538

administered to campers prior to or on the first day of camp. 539

S3 File. Post-camp survey questionnaire (MHQ). Full 47-item Mind Health Quotient questionnaire 540
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