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Multiscale entropy analysis 
of retinal signals reveals reduced 
complexity in a mouse model 
of Alzheimer’s disease
Joaquín Araya‑Arriagada1,2,3, Sebastián Garay4, Cristóbal Rojas5, Claudia Duran‑Aniotz6,7, 
Adrián G. Palacios3,8, Max Chacón4 & Leonel E. Medina4,9*

Alzheimer’s disease (AD) is one of the most significant health challenges of our time, affecting a 
growing number of the elderly population. In recent years, the retina has received increased attention 
as a candidate for AD biomarkers since it appears to manifest the pathological signatures of the 
disease. Therefore, its electrical activity may hint at AD-related physiological changes. However, it is 
unclear how AD affects retinal electrophysiology and what tools are more appropriate to detect these 
possible changes. In this study, we used entropy tools to estimate the complexity of the dynamics 
of healthy and diseased retinas at different ages. We recorded microelectroretinogram responses to 
visual stimuli of different nature from retinas of young and adult, wild-type and 5xFAD—an animal 
model of AD—mice. To estimate the complexity of signals, we used the multiscale entropy approach, 
which calculates the entropy at several time scales using a coarse graining procedure. We found 
that young retinas had more complex responses to different visual stimuli. Further, the responses of 
young, wild-type retinas to natural-like stimuli exhibited significantly higher complexity than young, 
5xFAD retinas. Our findings support a theory of complexity-loss with aging and disease and can have 
significant implications for early AD diagnosis.

Alzheimer’s disease (AD) is a chronic neurodegenerative disorder and the most common form of dementia, 
affecting between 10 and 30% of the population > 65 years old1. The symptoms of AD progress from mild memory 
loss to severe dementia, include language difficulties, psychiatric symptoms, behavioral and visual disturbances, 
and difficulties performing memory and motor daily living activities2. Although the causes of AD are unknown 
and its pathophysiological mechanisms only partially understood, two pathological key signatures of the disease 
have been identified: the accumulation of a nonsoluble form of amyloid-β peptides in extracellular spaces and in 
blood vessels, and the presence of neurofibrillary tangles in neurons due to the aggregation of protein tau3. Early 
diagnosis of AD can be a challenging task because degeneration of neurons in the cortex and/or the hippocampus 
begins years before the manifestation of the symptoms, and a definitive diagnosis can only be established post-
mortem4. Amyloid-β and/or protein tau accumulation can be detected utilizing positron emission tomography 
(PET) imaging or cerebrospinal fluid (CSF) analysis1, but these techniques are invasive and often costly. In 
recent years, the ocular globe has received increased attention as a candidate expressing AD biomarkers due to 
the mounting evidence of eye abnormalities observed in AD patients, including retinal thinning, optic nerve 
damage, degeneration of retinal ganglion cells, and changes to vascular parameters4–6. Further, the retina of AD 
patients appears to accumulate amyloid-β and protein tau, and this manifestation may be related to the visual 
difficulties that these patients exhibit5,7–10.
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Functional changes in the retina of AD patients can be detected using the electroretinogram (ERG)11–15, in 
which electrodes placed on the cornea or on the skin beneath the eye are used to record the bio-electrical activity 
of photoreceptors, bipolar cells, and other neurons of the retinal network16,17. Although normal ERG recordings 
in AD patients have been reported in the past18, recent evidence has demonstrated amplitude reductions and 
latency increments in ERG responses of patients at different stages of the disease4,19. As well, similar findings have 
been obtained in animal studies of neurodegeneration. For example, ERG measurements in the transgenic 5xFAD 
mouse, an animal model of AD, exhibited abnormalities that accentuated with age20, and ex vivo multi-electrode 
array (MEA) recordings from the 5xFAD’s retinal ganglion cells (RGCs) showed alterations in the firing activity 
that appeared to arise from a neurochemical imbalance in this animal model21. Taken together, these findings 
suggest that the early visual bio-electrical activity of the retina can hint at AD-related physiological changes, but 
further evidence needs to accrue, and additional signal analysis tools need to be explored.

In the last two decades, there has been growing interest in entropy and other information theory tools for 
biological signal analysis after the introduction of the multiscale entropy (MSE) method22. Under this framework, 
a measure of the entropy of a physiological output is calculated for multiple time scales, resulting in a MSE curve. 
Then, the MSE curve provides an estimation of the degree of complexity of the physiologic system. In this case, 
entropy refers to signal disorder, and complexity, to the nonlinear interactions between various structural units 
and their collective behavior, operating over a wide range of temporal and spatial scales23. Physiological complex-
ity has received increased attention due to the theory of complexity-loss with aging and disease23–26. This theory 
postulates that, as stated by Goldberger et al.24: 1) “the output of healthy systems (...) reveals a type of complex 
variability associated with long-range correlations”, and 2) “this type of multiscale, nonlinear complexity breaks 
down with aging and disease, reducing the adaptive capabilities of the individual”. Recent evidence supports this 
theory as, for instance, entropy measures of cerebral blood flow velocity decayed in altered states27, actigraphy 
data exhibited lower complexity in depressed subjects as compared to non-depressed controls28, and complex-
ity of EEG signals from subjects with AD correlated well with performance in working memory tasks29. MSE 
analysis can have significant implications in biomedical research as several studies have demonstrated its appli-
cation to detection of heartbeat irregularity22,30, postural control alterations31 and postoperative neurocognitive 
dysfunction32, and diagnosis of depression28, Parkinson’s disease33, schizophrenia34, and AD35.

In this study, we performed MEA analyses of µERG signals to compare the electrophysiological behavior of 
wild-type (WT) and 5xFAD retinas of young and adult subjects, in response to synthetic and natural-like visual 
stimuli. In agreement with the complexity-loss theory, we found that the retinas of younger animals exhibit 
higher entropy levels across a wide range of MSE, revealing a more complex pattern of physiological activity 
than that of adult retinas, and that for certain inputs, the young retina of a mouse model of AD expresses a less 
complex network activity than that of a healthy one. These findings can have great implications in the search for 
biomarkers for early AD diagnosis.

Results
Time‑ and frequency‑domain characteristics of microelectroretinogram recordings.  We 
recorded the microelectroretinogram ( µERG) from pieces of retina of WT and 5xFAD mice in response to 
visual inputs during two stimulation protocols, namely, the chirp stimulus (CS) protocol and the natural image 
(NI) protocol (Fig.  1). The retinal responses showed great consistency across trials and subjects. For the CS 
protocol, clear onset and offset responses were observed for the steps of light applied in the initial ∼ 6 s (Fig. 2a). 
Further, the µERG showed an oscillatory response that followed the increase in the frequency of the sinusoidal 
light stimulus, albeit with decreasing signal amplitude, in agreement with previous reports that showed reduced 
µERG amplitude for stimulus frequency beyond ∼ 10 Hz11. The responses recorded for the NI protocol exhibited 
higher variability across subjects (Fig. 3a), and a clear onset response in the transition from dark to light that 
resembled that for the CS protocol. For both CS and NI protocols, the power spectral density (PSD) was similar 
across the four groups (Figs. 2b and 3b), albeit the 5xFAD-young group had somewhat higher power in the 
10–15 Hz band. In addition, the PSD showed a peak at a very low frequency ( ∼ 2 Hz). The coherence between 
the CS input signal and the µERG response was nonzero for frequencies ≤ 15 Hz, with a peak at ∼ 8 Hz, and was 
somewhat higher for young retinas in the 8–15 Hz range (Fig. 2c). In addition, µERG signals did not show any 
salient feature among the groups for amplitude-based variability metrics like the mean and the standard devia-
tion (Fig. 3c). In summary, the time- and frequency-domain characteristics of the µERG responses did not show 
any notable difference due to condition (WT vs 5xFAD) or age (young vs adult).

Multiscale entropy analysis.  For the MSE analyses, we first calculated the fuzzy entropy (FuzzyEn)36 of 
the µERG signals at different time scales, thereby obtaining a MSE curve. Next, we estimated a complexity index 
for each retina as the area under the MSE curve37. The entropy of the µERG signals increased rapidly for small 
scales of up to 10 (Figs. 4a and 5a). Above this scale, the entropy for the CS protocol stabilized around ∼ 0.6 for 
young retinas and ∼ 0.5 for adult retinas (Fig. 4a). This resulted in higher complexity—as quantified as cumula-
tive entropy for scales from 20 to 44—for young retinas of WT and 5xFAD subjects (Fig. 4b), and the median 
(lower–upper quartile) complexity index for WT-young, 5xFAD-young, WT-adult and 5xFAD-adult was 14.7 
(11.75–15.60), 15.04 (12.76–16.59), 12.82 (11.04–14.29) and 11.33 (10.67–12.40), respectively (Table 1). For the 
NI protocol, the entropy increased monotonically as the scale increased for all retinas (Fig. 5a). Further, the MSE 
curves reached values that were, on average, consistently higher for WT retinas as compared to 5xFAD ones, 
and as well, they were consistently higher for young retinas as compared to adult ones. Consequently, the com-
plexity of retinal responses was higher for WT-young retinas (Fig. 5b), and the median (lower–upper quartile) 
complexity index for WT-young, 5xFAD-young, WT-adult and 5xFAD-adult was 22.72 (21.79–25.00), 21.26 
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Figure 1.   Multielectrode array (MEA) recordings of retinal responses to visual stimuli. A MEA was mounted 
on a piece of retina to record µERG signals of the electrophysiological activity of several cell types of the retinal 
network, including those in the outer nuclear layer (ONL), outer plexiform layer (OPL), inner nuclear layer 
(INL) and inner plexiform layer (IPL). The firing activity of retinal ganglion cells (GCL) was low-pass filtered of 
the µERG. Two types of visual stimuli were applied using a LED projector: (1) A so-called chirp stimulus (CS 
protocol), and (2) A sequence of natural images (NI protocol). Examples of peristimulis time histogram (PSTH) 
from the µERG recordings, in response to 21 repetitions of the CS and the NI protocols (on the right side), 
together with a fotodiode signal recorded simultaneously to keep track of the stimulus intensity. For reference, it 
is also shown a µERG recording during a period of no visual stimulation.

Figure 2.   Time- and frequency-domain characteristics of µERG responses during the chirp stimulus (CS) 
protocol. (a) µERG responses during the CS protocol for all retinas separated by condition and age. For 
reference, the stimulus intensity is shown on the bottom. (b) Average power spectral density (PSD) of the µERG 
responses. (c) Coherence between the light stimulus and the µERG response for the CS protocol. Shaded areas 
indicate 95% confidence intervals.
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(19.92–22.06), 21.22 (19.21–24.53) and 19.92 (17.10–22.73), respectively (Table 1). The p-values obtained for the 
statistical tests are shown in Table 2.

Discussion
We performed MSE analyses of µERG signals recorded in retinas of healthy and 5xFAD -an animal model of 
AD- mice of different ages in response to two types of light stimuli. The µERG signals exhibited non-decreasing 
entropy values for a wide range of time scales, which is a signature of the dynamics of complex systems22,37. These 
results illustrate the complex nature of the electrophysiological activity of the retina exposed to high-information 
visual fields as those encountered in a natural environment. Further, the responses of young, healthy retinas to 
natural-like stimuli were more complex than those of 5xFAD retinas regardless of age. For deterministic sinu-
soidal stimuli, the responses of young retinas were more complex regardless of condition. These findings agree 
with the theory of complexity-loss with aging and disease24, though in our measurements age appeared as a more 
determinant factor in the reduction of complexity.

Our results suggest that complexity differences due to age are more inherent and less responsive to the nature 
of the stimulus than those observed under disease. The loss of complexity was first postulated as an age-related 
phenomenon such that impairment of functional components and/or altered coupling between these compo-
nents would lead to a progressive decline in adaptability to physiologic stress38. Since then, mounting evidence in 

Figure 3.   Time- and frequency-domain characteristics of µERG responses during the natural image (NI) 
protocol. (a) µERG responses during the NI protocol for all retinas separated by condition and age. (b) Average 
power spectral density (PSD) of the µERG responses. (c) Average signal and standard deviation of µERG 
responses. Shaded areas indicate 95% confidence intervals.

Figure 4.   Multiscale entropy (MSE) analysis of µERG in response to a deterministic stimulus. (a) MSE curves 
of µERG responses for the chirp stimulus (CS) protocol. Thinner lines: MSE curves of all retinas; thicker 
lines: average MSE for groups WT-young, WT-adult, 5xFAD-young and 5xFAD-adult. (b) Complexity index, 
calculated as area under the MSE curve. Dashed lines: first, second (i.e., median) and third quartiles. *: p < 0.05 
and **: p < 0.01 for Mann–Whitney U test.
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various physiological outputs showed complexity reductions with age and disease24,26,31,37,39. Our measurements 
of retinal µERG bring additional evidence of age-related loss of complexity, a feature that, in this case, emerged 
for diverse visual inputs. We also observed reductions of complexity in 5xFAD retinas, however, detecting it via 
MSE analysis required a more complex stimulus that triggered a more complex response in all retinas (21.65 and 
13.23 median complexity for NI and CS protocol, respectively). Thus, for entropy tools to be used in early AD 
diagnosis, it is first necessary to find visual stimuli that elicit complex responses, as it may be the case for white 
noise inputs40. In addition, to use MSE tools for diagnosis and discriminate individual cases in clinical applica-
tions, machine learning tools may be used to classify MSE-based complexity indexes in a per patient basis using 
a rich set of visual inputs. However, such an approach would require sufficient data for algorithm training, and 
further research is needed to determine the most appropriate parameters and classification methods for this task. 
Taken together, our findings demonstrate that certain changes in retinal function can be elicited using specific 
visual inputs, and therefore, different groups based on age and/or condition may be discriminated against by 
selecting appropriate stimuli. Future work should determine what stimulus’ features are more determinant for 
group separation according to age, condition and possibly other factors.

In addition, our results suggest that MSE tools are more powerful during a specific time window (young ages 
for the animals in this study), which may pose a challenge for translational research. Still, whether and how such 
age-related differences manifest in signals recorded from AD patients and healthy people is yet to be determined. 
Here, we did not aim at finding a precise time window in which AD produces lower complexity but at present-
ing a candidate retinal measure that may be used as an AD early biomarker. Future work should determine 
whether MSE tools yield similar results in humans. For this, the different nature of the signals should be taken 
into account since, in contrast with the in-vivo-recorded and clinically used ERG, the µERG used in this study 

Figure 5.   Multiscale entropy (MSE) analysis of µERG in response to a natural image sequence. (a) MSE 
curves of µERG responses for the natural image (NI) protocol. Thinner lines: MSE curves of all retinas; thicker 
lines: average MSE for groups WT-young, WT-adult, 5xFAD-young and 5xFAD-adult. (b) Complexity index, 
calculated as area under the MSE curve. Dashed lines: first, second (i.e., median) and third quartiles. *: p < 0.05 
and **: p < 0.01 for Mann–Whitney U test.

Table 1.   Complexity index for the four groups in response to two stimuli. ✝Median (lower–upper quartile).

Stimulus WT-young 5xFAD-young WT-adult 5xFAD-adult

Chirp (CS protocol) 14.70 (11.75–15.60) 15.04 (12.76–16.59) 12.82 (11.04–14.29) 11.33 (10.67–12.40)

Natural image (NI protocol) 22.72 (21.79–25.00) 21.26 (19.92–22.06) 21.22 (19.21–24.53) 19.92 (17.10–22.73)

Table 2.   Statistical comparison of the complexity index of the four groups. ✝Mann–Whitney U test.

CS protocol NI protocol

Group 1 Group 2 p-value p-value

WT-young 5xFAD-young 0.209 0.0207

WT-young WT-adult 0.0244 0.123

WT-young 5xFAD-adult 0.0119 0.00748

WT-adult 5xFAD-young 0.00904 0.488

WT-adult 5xFAD-adult 0.322 0.132

5xFAD-young 5xFAD-adult 0.00156 0.203
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is an ex vivo measure. Finally, we note that an approach to assess the age effects on the complexity of clinical 
ERG is to measure the MSE in a broad time window during the patient’s life course, using complex visual stimuli.

In this study, we used the 5xFAD transgenic mouse that, in contrast to other AD mouse models, presents 
AD-like symptoms early in its lifetime, and so it has been compared with early-onset ( ∼ 60 years-old) AD in 
humans41. 5xFAD animals start to aggregate amyloid-β plaques in brain regions such as the subiculum and the 
hippocampus at as early as 1.5 months old42, and this feature would be similar to early stages in AD patients. 
The early manifestation of symptoms in the 5xFAD mouse allows studying the disease at stages for which other 
aging effects may be minimal. Further, 6–7 months old mice, the oldest group in this study, are in fact considered 
“adult” rather than “aged” or “old” (12–14 months)43. Since the 5xFAD mouse manifests AD-like symptoms at 
relatively young ages, it is expected that little to none aging effects are observed in, for example, retinal function. 
In future studies, the use of another AD mouse model could give more insights into age effects, e.g. APP/PSEN 
starts to aggregate amyloid-β protein at 5–6 months in their brains, allowing the broadest range of time window. 
Finally, to separate aging and disease effects in AD patients, retinal function and bioelectric signal complexity 
should be assessed at various ages in a long-term clinical study.

Gender is a confounding factor in AD, and its prevalence is greater in the female population44. In AD animal 
models, recent studies have demonstrated sex differences in 5xFAD mice manifested in gene expression at 4 
months old45 and behavior and molecular pathology at 5 months old46, but it is unclear whether these differ-
ences can manifest at 2–3 months old, the young group in our study. In this study, we had much less males in 
the 5xFAD-young group, and much more males in the WT-young group (Table 3), and so it is possible that the 
differences in complexity for the young animals were affected by gender disparities (for the NI protocol, the 
median complexity index for males was 22.73, 25.36, 23.49 and 19.94 for WT-young, 5xFAD-young, WT-adult 
and 5xFAD-adult, respectively, whereas the median complexity index for females was 23.36, 20.64, 20.19 and 
18.89 for WT-young, 5xFAD-young, WT-adult and 5xFAD-adult, respectively). Future studies should more 
exhaustively analyze gender differences using a greater number of subjects of each sex, quantifying differences 
in the µERG of males and females and their impact on MSE and complexity metrics.

The MSE curves calculated for the retinal responses showed entropy values close to zero for very small 
scales, implying that µERG signals had no significant variability at these scales. Variations at small time scales 
correspond to high frequency components, and since the signals were low-pass filtered at 30 Hz, low entropy 
values for time scales < ⌈200/30⌉ = 7 were expected. Further, retinal µERG seems to function at temporal scales 
<∼ 10 Hz11, supporting the notion of low variability at lower scales. In addition, for FuzzyEn calculation we used 
sequences of length 2 ( m = 2 ), in agreement with previous work47, due to the limited length of the signals. We 
also used a distance threshold of 0.2 times the standard deviation of signals ( r = 0.2 ), a common value used in 
previous reports47. However, we note that FuzzyEn changes smoothly with r36, and in fact, our MSE curves did 
not substantially change with r between 0.1 and 0.5.

In our experiments, small pieces of the retina were placed on microelectrodes to capture, after low-pass 
filtering, the overall contribution of photoreceptors, bipolar cells, and amacrine cells. Previous work showed 
that ERG responses in 5xFAD retinas were altered at certain ages20. More specifically, 5xFAD retinas older than 
6 months-old exhibited reductions, as compared to healthy ones, in traditional ERG features, namely P3, P2 
and OP, associated with photoreceptors, bipolar cells and amacrine cells, respectively. However, no changes were 
detected at 6 months-old (the youngest age analyzed in this study), although a retinal ganglion cell-mediated 
response was reduced at this age. This indicates that amplitude-based tools are able to detect physiological 
changes in the retina only during advanced stages of the disease. Conversely, in our measurements we observed 
significant reductions in the complexity of 5xFAD retinas as compared to healthy ones for the younger group 
(i.e., 2–3 months-old), whereas for the adult group (i.e. 6–7 months-old) the differences were not significant. 
This suggests that MSE analyses may be able to detected physiological changes early in the development of the 
disease that go otherwise undetected by traditional amplitude-based tools.

Our findings support the theory of complexity-loss with aging and disease and demonstrate that MSE analyses 
may be a valuable tool to detect physiological changes in senescence or during illness. Our results also present 
additional evidence of the electrophysiological changes in the retina of a transgenic animal model of AD and 
can have great implications for early AD diagnosis. Future work should determine whether similar effects are 
observed in AD patients, and what type of visual stimuli should be used to elicit retinal behaviors with enough 
complexity to detect differences.

Table 3.   Gender and age characteristics of the four groups.

Group Number of animals
Median (Min-Max) 
Euthanasia age in days Number of retinas (n) Retinas from males Retinas from females

WT-young 9 69 (61–83) 13 9 4

5xFAD-young 9 76 (57–82) 12 2 10

WT-adult 8 210.5 (187–228) 11 5 6

5xFAD-adult 9 207.5 (181–224) 11 5 6
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Methods
The data analyzed in this work were described with more details in a previous publication of our group21, and 
thus we provide here only a brief description of how the recordings were obtained. The entropy/complexity 
analyses of µERG signals presented here have not been the subject of previous analyses or publications, and thus 
we provide a more detailed description of the entropy tools used in this work.

Animal care and use.  All experimental procedures followed protocols approved by the bioethics commit-
tee of Universidad de Santiago de Chile (report #457), following the international guidelines on animal handling 
and manipulation and the Chilean National Agency for Research and Development (ANID) bioethics and bios-
ecurity standards. All experiments and methods were conducted in accordance with the ARRIVE guidelines. 
5xFAD mice (Jackson laboratory, Bar Harbor, Maine, USA) and WT mice (B6SJLF1/J) were used in this study21. 
These animals were maintained in Universidad de Valparaíso, with a time routine of 12:12 hrs light/dark cycle, 
with controlled temperature, and water and food ad libitum. The animals were grouped into young subjects (2–3 
months-old), age at which the animals start exhibiting amyloid-β brain aggregation, and adult subjects (6–7 
months-old), which present thorough accumulation of plaques in the brain and behavior alterations42.

µERG recordings from mice retina.  The protocol for µERG recordings was performed using a Multi-
Electrode Array (MEA) (USB256, Multichannel Systems GmbH, Reutlingen, Germany) with 252 electrode 
channels and a sampling rate of 20 kHz, which recorded the responses of a small piece of the retina ( n =13, 12, 
11 and 11 for WT-young, 5xFAD-young, WT-adult and 5xFAD-adult, respectively, taken from 9, 9, 8 and 9 ani-
mals, respectively, with no more than two pieces of retina from the same animal). In brief, all the recordings were 
stored in a computer for offline analysis. Before the experiments, the animals were dark-adapted for 30 min, 
and then profoundly anesthetized with Isofluorane (Baxter, Deerfield, Illinois, USA) and euthanized. Eyes were 
removed and enucleated under dim red light, and eyecups were maintained in Ames medium (Sigma-Aldrich, 
San Luis, Missouri, USA) at 32 C and pH 7.4 and oxygenated with a mixture of 95% O2 & 5% CO2. Small pieces 
of the retina were positioned on an o-ring (MWCO-25000, Spectrumlabs, Rancho Dominguez, California, USA) 
with polylysine treatment (Product P4707, Sigma-Aldrich, San Luis, Missouri, USA).The retina was stimulated 
with different visual stimuli created on MATLAB software (Natick, Massachusetts, USA), projected on it using 
a LED projector (PB60G-JE, LG, Soul, South Korea), mounted in an inverted microscope (Eclipse T200, Nikon, 
Minato, Tokyo, Japan). The average radiance of each stimulus was 70 nW/mm2 (Newport Corporation, Irvine, 
California, USA) with a spectral content ranging between 460 and 520 nm (Ocean Optics Inc, Dunedin, Florida, 
USA). All stimuli thoroughly covered the piece of the retina.

We applied two visual stimulation protocols consisting of 21 repetitions each of: 1) a chirp stimulus (CS) 
protocol, and 2) a natural image (NI) protocol. The CS protocol consisted of an ON-light flash (3s) and an OFF-
dark period (3s) followed by a sinusoidal light stimulus of increasing frequency (1 to 10 Hz) and fixed maximum 
intensity, and followed by a sinusoidal light stimulus of 1 Hz with increasing intensity. Each repetition of the CS 
protocol lasted ∼ 35 s ( ∼ 12 min total). The NI protocol consisted of a sequence of images recorded in natural 
habitat and presented at a refresh rate of 60 fps21. Each repetition of the NI protocol lasted ∼ 11 s ( ∼ 5 min total). 
In the experiments, we used a fotodiode (PDA100A-EC, Thorlabs, Newton, New Jersey, United States) to control 
the retinal illumination stimulation (Fig. 1).

Channels were selected using the Neuroexplorer software (Plexon, Inc, Dallas, TX, USA) and according to 
a quality criterion (QI)21, and selected channels were averaged to obtain a single µERG signal for each piece of 
retina stimulated with the CS and NI protocols. The median number of selected channels (± 25–75% interquartile 
range) for the WT-young, 5xFAD-young, WT-adult and 5xFAD-adult groups was: 197.5 (± 64), 206 (± 116), 
186 (± 78) and 203.5 (± 99), respectively. The averaged µERG signal was LP-filtered at 30 Hz, then subsampled 
at 200 Hz, and for each stimulation protocol, the recorded µERG signal was averaged over 21 repetitions. Only 
animals for which QI ≤ 0.45 were selected in this study, regardless of sex (Table 3).

Spectrum and coherence.  We calculated the power spectral density (PSD) of signals for frequency-
domain characterization by means of Welch’s method48. This method estimates PSD as an average of the peri-
odogram of multiple overlapping segments, thereby reducing noise in PSD estimation at the cost of frequency 
resolution. We used a Hann window of size 256 and an overlap of 128. In addition, for the CS protocol, we 
calculated the coherence, Cxy , between the chirp stimulus and the µERG response by means of the cross-spectral 
density, Pxy , and the PSD of each signal:

Here, Pxy can be viewed as the PSD of the cross-correlation signal, and it is estimated using Welch’s method. For 
both PSD and coherence calculation we used the Scipy Python library v1.6.2.

Multiscale entropy.  In this study, we used the concept of entropy as a measure of signal uncertainty or 
disorder. The sample entropy49, SampEn, is a regularity statistics so that higher SampEn values are assigned to 
less predictable, more irregular time series. Given a time series X of length N, SampEn counts, for each subset 
sequence i of length m, the number of sequences of the same length that are at a distance smaller than r from the 
sequence i. Let this number be Um

i (r) , then:

(1)Cxy =
|Pxy|

2

Px · Py
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Here, Um
i (r) excludes the comparison of sequence i with itself. SampEn overcomes some difficulties of other 

entropy measures, namely, the need of many samples, and sensitivity to noise. SampEn resembles the so-called 
approximate entropy, ApEn, but it is a less biased statistic since, differently to ApEn, it eliminates the self-matching 
in the counting process. However, SampEn shows high sensitivity to parameter selection since, when comparing 
a pair of subsets, a Heaviside function is applied as a similarity metric after taking the distance – the contribution 
of such a pair is 1 if the distance between the subsets is less than r, and 0 otherwise. In contrast, the fuzzy entropy 
(FuzzyEn)36 uses a fuzzy degree of similarity, Dm

ij  , which instead of being binary, depends on the distance between 
the pairs, dmij  , through a continuous, concave function, typically quadratic exponential:

The MSE method was proposed to account for the multiple time scales present in physiological processes22,37. 
Under this framework, a metric of entropy, e.g., the FuzzyEn, is calculated for the original time series, i.e., time 
scale 1, and for coarse-grained time series constructed by averaging as many samples as the current scale, in 
non-overlapping windows. For example, for time scale 2, the corresponding coarse-grained series is of length 
N/2, and each sample corresponds to the average of two consecutive samples of the original time series. This 
coarse-graining procedure is illustrated in Fig. 6 for two types of noise and for an electrophysiological signal. The 
coarse-grained time series appears less irregular for larger scales due to averaging for uniform noise. However, 
pink noise (a complex signal example) and the example µERG signal exhibit a degree of irregularity that appears 
to persist across all scales.

Note that when coarse-graining a time series for a given scale τ , the resulting reduced series depends on the 
choice of the starting position for the initial window, so that there are τ possible coarse-grained resulting series. 
In the composite MSE (CMSE), the entropies of all these coarse-grained time series corresponding to scale τ 
are calculated and then averaged to obtain a single entropy value for τ . This procedure ensures more reliable 
results for larger scales50. Further, in the refined CMSE (RCMSE), the logarithm for entropy calculation is taken 
after computing the number of similar sequences, which reduces the probability of obtaining undefined entropy 
and increases the accuracy of entropy estimation51. In this study, we calculated the RCMSE of µERG responses 
with the FuzzyEn using the Neurokit2 toolbox for Python52. For the NI protocol, the shortest one, each µERG 
response comprised 2, 200 samples. Since the FuzzyEn demonstrated strong consistency in entropy estimation 
with a time series of 50 samples or greater36, we calculated the RCMSE up to scale 2200/50 = 44 . For FuzzyEn 
calculation, we used m = 2 and r = 0.2.

Complexity.  More complex signals have consistently higher entropy values across different time scales22,37,53, 
and accordingly, the area under the MSE curve has been used to quantify complexity27,31,37. We calculated a com-
plexity index, Ci , as the cumulative sum of the RCMSE for scales 20− 44 , noting that (1) at the time scale of 20 

(2)SampEn(N ,m, r) = ln

∑N−m
i=1 Um

i (r)
∑N−m

i=1 Um+1
i (r)

(3)Dm
ij = exp(−(dmij /r))

2.

Figure 6.   Illustration of the multiscale entropy (MSE) procedure. (a) Effect of the coarse-graining procedure 
on uniform noise (left), pink noise (middle) and an example µERG signal (right). Original signals (scale 1, top) 
were low-pass filtered at 30 Hz (sampling frequency 200 Hz), and the coarse-grained signals were calculated 
for four different scales: 10, 20, 30 and 40. The irregularity of the uniform noise signal decays for scale > 10 , 
whereas for the other two signals, the main irregular features persist across all scales, reflecting a more complex 
underlying structure. (b) MSE curves calculated for the signals in (a). The entropy for the scales shown in (a) 
are shaded. Note that for scales > 10 , the entropy of uniform noise decays monotonically, whereas for pink noise 
and the µERG signal, it increases.
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and sampling frequency of 200 Hz, frequency components should concentrate to ≤ 10 Hz, (2) µERG responses 
strongly attenuate for sinusoidal light stimuli > 10 Hz11, and (3) coherence for the CS protocol decayed for fre-
quencies of ∼ 10 Hz and above.

Statistical analysis.  Given the size of the datasets, no assumptions of data normality were made, and there-
fore we report median and interquartile range throughout, and we performed nonparametric statistical tests. For 
the complexity index calculated for the four groups, WT-young ( n = 13 ), WT-adult ( n = 11 ), 5xFAD-young 
( n = 12 ) and 5xFAD-adult ( n = 11 ), we performed group-to-group comparisons by means of the Mann–Whit-
ney U rank test provided with the Scipy Python library v1.6.2. Significance level was set at α = 0.05.

Data availability
The data analyzed during the current study are available in the Zenodo repository, DOI:10.5281/zenodo.5798072.

Received: 27 January 2022; Accepted: 6 May 2022

References
	 1.	 Masters, C. L. et al. Alzheimer’s disease. Nat. Rev. Dis. Prim. 1, 15056. https://​doi.​org/​10.​1038/​nrdp.​2015.​56 (2015).
	 2.	 Burns, A. & Iliffe, S. Alzheimer’s disease. BMJ (Clin. Res. ed.) 338, b158. https://​doi.​org/​10.​1136/​bmj.​b158 (2009).
	 3.	 Selkoe, D. J. Alzheimer’s disease: Genes, proteins, and therapy. Physiol. Rev. 81, 741–766. https://​doi.​org/​10.​1152/​physr​ev.​2001.​

81.2.​741 (2001).
	 4.	 Chiquita, S. et al. The retina as a window or mirror of the brain changes detected in Alzheimer’s disease: Critical aspects to unravel. 

Mol. Neurobiol. 56, 5416–5435. https://​doi.​org/​10.​1007/​s12035-​018-​1461-6 (2019).
	 5.	 Hart, N. J., Koronyo, Y., Black, K. L. & Koronyo-Hamaoui, M. Ocular indicators of Alzheimer’s: Exploring disease in the retina. 

Acta Neuropathol. 132, 767–787. https://​doi.​org/​10.​1007/​s00401-​016-​1613-6 (2016).
	 6.	 Chang, L. Y. et al. Alzheimer’s disease in the human eye. Clinical tests that identify ocular and visual information processing deficit 

as biomarkers. Alzheimer’s Dement. 10, 251–261. https://​doi.​org/​10.​1016/j.​jalz.​2013.​06.​004 (2014).
	 7.	 den Haan, J. et al. Amyloid-beta and phosphorylated tau in post-mortem Alzheimer’s disease retinas. Acta Neuropathol. Commun. 

6, 147. https://​doi.​org/​10.​1186/​s40478-​018-​0650-x (2018).
	 8.	 Rizzo, M., Anderson, S. W., Dawson, J. & Nawrot, M. Vision and cognition in Alzheimer’s disease. Neuropsychologia 38, 1157–1169. 

https://​doi.​org/​10.​1016/​S0028-​3932(00)​00023-3 (2000).
	 9.	 Uhlmann, R. F., Larson, E. B., Koepsell, T. D., Rees, T. S. & Duckert, L. G. Visual impairment and cognitive dysfunction in Alz-

heimer’s disease. J. Gen. Int. Med. 6, 126–132. https://​doi.​org/​10.​1007/​BF025​98307 (1991).
	10.	 Polo, V. et al. Visual dysfunction and its correlation with retinal changes in patients with Alzheimer’s disease. Eye 31, 1034–1041. 

https://​doi.​org/​10.​1038/​eye.​2017.​23 (2017).
	11.	 Krishna, V. R., Alexander, K. R. & Peachey, N. S. Temporal properties of the mouse cone electroretinogram. J. Neurophysiol. 87, 

42–48. https://​doi.​org/​10.​1152/​jn.​00489.​2001 (2002).
	12.	 Fujii, M., Sunagawa, G. A., Kondo, M., Takahashi, M. & Mandai, M. Evaluation of micro electroretinograms recorded with multiple 

electrode array to assess focal retinal function. Sci. Rep. 6, 30719. https://​doi.​org/​10.​1038/​srep3​0719 (2016).
	13.	 Katz, B., Rimmer, S., Iragui, V. & Katzman, R. Abnormal pattern electroretinogram in Alzheimer’s disease: Evidence for retinal 

ganglion cell degeneration?. Ann. Neurol. 26, 221–225. https://​doi.​org/​10.​1002/​ana.​41026​0207 (1989).
	14.	 Krasodomska, K., Lubiński, W., Potemkowski, A. & Honczarenko, K. Pattern electroretinogram (PERG) and pattern visual evoked 

potential (PVEP) in the early stages of Alzheimer’s disease. Doc. Ophthalmol. 121, 111–121. https://​doi.​org/​10.​1007/​s10633-​010-​
9238-x (2010).

	15.	 Parisi, V. et al. Morphological and functional retinal impairment in Alzheimer’s disease patients. Clin. Neurophysiol. 112, 1860–
1867. https://​doi.​org/​10.​1016/​S1388-​2457(01)​00620-4 (2001).

	16.	 Brown, K. T. The electroretinogram: Its components and their origins. Vis. Res. 8, 633-IN6. https://​doi.​org/​10.​1016/​0042-​6989(68)​
90041-2 (1968).

	17.	 Berninger, T. A. & Arden, G. B. The pattern electroretinogram. Eye 2, S257–S283. https://​doi.​org/​10.​1038/​eye.​1988.​149 (1988).
	18.	 Prager, T. C., Schweitzer, F. C., Peacock, L. W. & Garcia, C. A. The effect of optical defocus on the pattern electroretinogram in 

normal subjects and patients with Alzheimer’s disease. Am. J. Ophthalmol. 116, 363–369. https://​doi.​org/​10.​1016/​S0002-​9394(14)​
71355-8 (1993).

	19.	 Ngoo, Q. Z., Wan Hitam, W. H. & Ab Razak, A. Evaluation of retinal nerve fiber layer thickness, electroretinogram and visual 
evoked potential in patients with Alzheimer’s disease. J. Ophthalmol. 2019, 1–7. https://​doi.​org/​10.​1155/​2019/​62481​85 (2019).

	20.	 Lim, J. K. H. et al. Retinal functional and structural changes in the 5xFAD mouse model of Alzheimer’s disease. Front. Neurosci. 
14, 1–13. https://​doi.​org/​10.​3389/​fnins.​2020.​00862 (2020).

	21.	 Araya-Arriagada, J. et al. Retinal ganglion cells functional changes in a mouse model of Alzheimer’s disease are linked with neu-
rotransmitter alterations. J. Alzheimer’s Dis. 82, S5–S18. https://​doi.​org/​10.​3233/​JAD-​201195 (2021).

	22.	 Costa, M., Goldberger, A. L. & Peng, C.-K. Multiscale entropy analysis of complex physiologic time series. Phys. Rev. Lett.https://​
doi.​org/​10.​1103/​PhysR​evLett.​89.​068102 (2002).

	23.	 Manor, B. & Lipsitz, L. A. Physiologic complexity and aging: Implications for physical function and rehabilitation. Prog. Neuro-
Psychopharmacol. Biol. Psychiatry 45, 287–293. https://​doi.​org/​10.​1016/j.​pnpbp.​2012.​08.​020 (2013).

	24.	 Goldberger, A. L., Peng, C.-K. & Lipsitz, L. A. What is physiologic complexity and how does it change with aging and disease?. 
Neurobiol. Aging 23, 23–26. https://​doi.​org/​10.​1016/​S0197-​4580(01)​00266-4 (2002).

	25.	 Lipsitz, L. A. Aging as a Process of Complexity Loss. In T.S., D. & J.Y., K. (eds.) Complex Systems Science in Biomedicine, 641–654, 
https://​doi.​org/​10.​1007/​978-0-​387-​33532-2_​28 (Springer, 2003).

	26.	 Pethick, J., Winter, S. L. & Burnley, M. Physiological complexity: Influence of ageing, disease and neuromuscular fatigue on muscle 
force and torque fluctuations. Exp. Physiol. 106, 2046–2059. https://​doi.​org/​10.​1113/​EP089​711 (2021).

	27.	 Zeiler, F. A. et al. Association between physiologic signal complexity and outcomes in moderate and severe traumatic brain injury: 
A CENTER-TBI exploratory analysis of multiscale entropy. J. Neurotrauma 38, neu.2020.7249. https://​doi.​org/​10.​1089/​neu.​2020.​
7249 (2020).

	28.	 George, S. V., Kunkels, Y. K., Booij, S. & Wichers, M. Uncovering complexity details in actigraphy patterns to differentiate the 
depressed from the non-depressed. Sci. Rep. 11, 13447. https://​doi.​org/​10.​1038/​s41598-​021-​92890-w (2021).

	29.	 Perpetuini, D. et al. Working memory decline in Alzheimer’s disease is detected by complexity analysis of multimodal EEG-fNIRS. 
Entropy 22, 1380. https://​doi.​org/​10.​3390/​e2212​1380 (2020).

	30.	 Costa, M., Goldberger, A. L. & Peng, C.-K. Costa, goldberger, and peng reply. Phys. Rev. Lett.https://​doi.​org/​10.​1103/​PhysR​evLett.​
91.​119802 (2003).

https://doi.org/10.1038/nrdp.2015.56
https://doi.org/10.1136/bmj.b158
https://doi.org/10.1152/physrev.2001.81.2.741
https://doi.org/10.1152/physrev.2001.81.2.741
https://doi.org/10.1007/s12035-018-1461-6
https://doi.org/10.1007/s00401-016-1613-6
https://doi.org/10.1016/j.jalz.2013.06.004
https://doi.org/10.1186/s40478-018-0650-x
https://doi.org/10.1016/S0028-3932(00)00023-3
https://doi.org/10.1007/BF02598307
https://doi.org/10.1038/eye.2017.23
https://doi.org/10.1152/jn.00489.2001
https://doi.org/10.1038/srep30719
https://doi.org/10.1002/ana.410260207
https://doi.org/10.1007/s10633-010-9238-x
https://doi.org/10.1007/s10633-010-9238-x
https://doi.org/10.1016/S1388-2457(01)00620-4
https://doi.org/10.1016/0042-6989(68)90041-2
https://doi.org/10.1016/0042-6989(68)90041-2
https://doi.org/10.1038/eye.1988.149
https://doi.org/10.1016/S0002-9394(14)71355-8
https://doi.org/10.1016/S0002-9394(14)71355-8
https://doi.org/10.1155/2019/6248185
https://doi.org/10.3389/fnins.2020.00862
https://doi.org/10.3233/JAD-201195
https://doi.org/10.1103/PhysRevLett.89.068102
https://doi.org/10.1103/PhysRevLett.89.068102
https://doi.org/10.1016/j.pnpbp.2012.08.020
https://doi.org/10.1016/S0197-4580(01)00266-4
https://doi.org/10.1007/978-0-387-33532-2_28
https://doi.org/10.1113/EP089711
https://doi.org/10.1089/neu.2020.7249
https://doi.org/10.1089/neu.2020.7249
https://doi.org/10.1038/s41598-021-92890-w
https://doi.org/10.3390/e22121380
https://doi.org/10.1103/PhysRevLett.91.119802
https://doi.org/10.1103/PhysRevLett.91.119802


10

Vol:.(1234567890)

Scientific Reports |         (2022) 12:8900  | https://doi.org/10.1038/s41598-022-12208-2

www.nature.com/scientificreports/

	31.	 Busa, M. A. & van Emmerik, R. E. Multiscale entropy: A tool for understanding the complexity of postural control. J. Sport Health 
Sci. 5, 44–51. https://​doi.​org/​10.​1016/j.​jshs.​2016.​01.​018 (2016).

	32.	 Acker, L. et al. Electroencephalogram-based complexity measures as predictors of post-operative neurocognitive dysfunction. 
Front. Syst. Neurosci. 15, 1–11. https://​doi.​org/​10.​3389/​fnsys.​2021.​718769 (2021).

	33.	 Jara, J. L., Morales-Rojas, C., Fernández-Muñoz, J., Haunton, V. J. & Chacón, M. Using complexity-entropy planes to detect Par-
kinson’s disease from short segments of haemodynamic signals. Physiol. Meas.https://​doi.​org/​10.​1088/​1361-​6579/​ac13ce (2021).

	34.	 Takahashi, T. et al. Antipsychotics reverse abnormal EEG complexity in drug-naive schizophrenia: A multiscale entropy analysis. 
NeuroImage 51, 173–182. https://​doi.​org/​10.​1016/j.​neuro​image.​2010.​02.​009 (2010).

	35.	 Escudero, J., Acar, E., Fernández, A. & Bro, R. Multiscale entropy analysis of resting-state magnetoencephalogram with tensor 
factorisations in Alzheimer’s disease. Brain Res. Bull. 119, 136–144. https://​doi.​org/​10.​1016/j.​brain​resbu​ll.​2015.​05.​001 (2015).

	36.	 Chen, W., Zhuang, J., Yu, W. & Wang, Z. Measuring complexity using FuzzyEn, ApEn, and SampEn. Med. Eng. Phys. 31, 61–68. 
https://​doi.​org/​10.​1016/j.​meden​gphy.​2008.​04.​005 (2009).

	37.	 Costa, M., Goldberger, A. L. & Peng, C.-K. Multiscale entropy analysis of biological signals. Phys. Rev. Ehttps://​doi.​org/​10.​1103/​
PhysR​evE.​71.​021906 (2005).

	38.	 Lipsitz, L. A. & Goldberger, A. L. Loss of ‘complexity’ and aging. JAMA 267, 1806. https://​doi.​org/​10.​1001/​jama.​1992.​03480​13012​
2036 (1992).

	39.	 Courtney, S. & Hinault, T. When the time is right: Temporal dynamics of brain activity in healthy aging and dementia. Prog. 
Neurobiol.https://​doi.​org/​10.​1016/j.​pneur​obio.​2021.​102076 (2021).

	40.	 Szendro, P., Vincze, G. & Szasz, A. Bio-response to white noise excitation. Electro- Magnetobiol. 20, 215–229. https://​doi.​org/​10.​
1081/​JBC-​10010​4145 (2001).

	41.	 Kaylegian, K., Stebritz, A. J., Weible, A. P. & Wehr, M. 5XFAD mice show early onset gap detection deficits. Front. Aging 
Neurosci.https://​doi.​org/​10.​3389/​fnagi.​2019.​00066 (2019).

	42.	 Oakley, H. et al. Intraneuronal beta-amyloid aggregates, neurodegeneration, and neuron loss in transgenic mice with five familial 
Alzheimer’s disease mutations: Potential factors in amyloid plaque formation. J. Neurosci. 26, 10129–10140. https://​doi.​org/​10.​
1523/​JNEUR​OSCI.​1202-​06.​2006 (2006).

	43.	 Dutta, S. & Sengupta, P. Men and mice: Relating their ages. Life Sci. 152, 244–248. https://​doi.​org/​10.​1016/j.​lfs.​2015.​10.​025 (2016).
	44.	 Medeiros, Ad. M. & Silva, R. H. Sex differences in Alzheimer’s disease: Where do we stand. J. Alzheimer’s Dis. 67, 35–60. https://​

doi.​org/​10.​3233/​JAD-​180213 (2019).
	45.	 Bundy, J. L., Vied, C., Badger, C. & Nowakowski, R. S. Sex-biased hippocampal pathology in the 5XFAD mouse model of Alzhei-

mer’s disease: A multi-omic analysis. J. Comp. Neurol. 527, 462–475. https://​doi.​org/​10.​1002/​cne.​24551 (2019).
	46.	 Sil, A. et al. Sex differences in behavior and molecular pathology in the 5XFAD model. J. Alzheimer’s Dis. 85, 755–778. https://​doi.​

org/​10.​3233/​JAD-​210523 (2022).
	47.	 Gow, B., Peng, C.-K., Wayne, P. & Ahn, A. Multiscale entropy analysis of center-of-pressure dynamics in human postural control: 

Methodological considerations. Entropy 17, 7926–7947. https://​doi.​org/​10.​3390/​e1712​7849 (2015).
	48.	 Welch, P. The use of fast Fourier transform for the estimation of power spectra: A method based on time averaging over short, 

modified periodograms. IEEE Trans. Audio Electroacoust. 15, 70–73. https://​doi.​org/​10.​1109/​TAU.​1967.​11619​01 (1967).
	49.	 Richman, J. S. & Moorman, J. R. Physiological time-series analysis using approximate entropy and sample entropy. Am. J. Physiol.-

Heart Circ. Physiol. 278, H2039–H2049. https://​doi.​org/​10.​1152/​ajphe​art.​2000.​278.6.​H2039 (2000).
	50.	 Wu, S.-D., Wu, C.-W., Lin, S.-G., Wang, C.-C. & Lee, K.-Y. Time series analysis using composite multiscale entropy. Entropy 15, 

1069–1084. https://​doi.​org/​10.​3390/​e1503​1069 (2013).
	51.	 Wu, S.-D., Wu, C.-W., Lin, S.-G., Lee, K.-Y. & Peng, C.-K. Analysis of complex time series using refined composite multiscale 

entropy. Phys. Lett. A 378, 1369–1374. https://​doi.​org/​10.​1016/j.​physl​eta.​2014.​03.​034 (2014).
	52.	 Makowski, D. et al. NeuroKit2: A Python toolbox for neurophysiological signal processing. Behav. Res. Methods 53, 1689–1696. 

https://​doi.​org/​10.​3758/​s13428-​020-​01516-y (2021).
	53.	 Zhang, Y.-C. Complexity and 1/f noise. A phase space approach. J. Phys. I 1, 971–977. https://​doi.​org/​10.​1051/​jp1:​19911​80 (1991).

Acknowledgements
This work was partially supported by Grants ANID/FONDECYT 11190822 (L.E.M.), 1210622 (C.D.-A.) 
and 1200880 (A.G.P.), ANID/Millennium Science Initiative Program NCN19_161 (L.E.M.), ICM-P09-022-F 
(A.G.P.), ANID/Basal National Center for Artificial Intelligence CENIA FB210017 (C.R), and Grants 2018-
AARG-591107, ANID/FONDEF ID20I10152, ANID/Anillo ACT210096 (C.D.-A.).

Author contributions
J.A.-A, A.G.P., M.C. and L.E.M. designed the study; J.A.-A performed the experiments; C.D.-A. provided all 
animals; L.E.M, C.R., S.G., and M.C. analyzed the data; L.E.M., J.A.-A and C.R. wrote the first draft of the manu-
script. All authors revised and approved the manuscript.

Competing interests 
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to L.E.M.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

https://doi.org/10.1016/j.jshs.2016.01.018
https://doi.org/10.3389/fnsys.2021.718769
https://doi.org/10.1088/1361-6579/ac13ce
https://doi.org/10.1016/j.neuroimage.2010.02.009
https://doi.org/10.1016/j.brainresbull.2015.05.001
https://doi.org/10.1016/j.medengphy.2008.04.005
https://doi.org/10.1103/PhysRevE.71.021906
https://doi.org/10.1103/PhysRevE.71.021906
https://doi.org/10.1001/jama.1992.03480130122036
https://doi.org/10.1001/jama.1992.03480130122036
https://doi.org/10.1016/j.pneurobio.2021.102076
https://doi.org/10.1081/JBC-100104145
https://doi.org/10.1081/JBC-100104145
https://doi.org/10.3389/fnagi.2019.00066
https://doi.org/10.1523/JNEUROSCI.1202-06.2006
https://doi.org/10.1523/JNEUROSCI.1202-06.2006
https://doi.org/10.1016/j.lfs.2015.10.025
https://doi.org/10.3233/JAD-180213
https://doi.org/10.3233/JAD-180213
https://doi.org/10.1002/cne.24551
https://doi.org/10.3233/JAD-210523
https://doi.org/10.3233/JAD-210523
https://doi.org/10.3390/e17127849
https://doi.org/10.1109/TAU.1967.1161901
https://doi.org/10.1152/ajpheart.2000.278.6.H2039
https://doi.org/10.3390/e15031069
https://doi.org/10.1016/j.physleta.2014.03.034
https://doi.org/10.3758/s13428-020-01516-y
https://doi.org/10.1051/jp1:1991180
www.nature.com/reprints


11

Vol.:(0123456789)

Scientific Reports |         (2022) 12:8900  | https://doi.org/10.1038/s41598-022-12208-2

www.nature.com/scientificreports/

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

© The Author(s) 2022

http://creativecommons.org/licenses/by/4.0/

	Multiscale entropy analysis of retinal signals reveals reduced complexity in a mouse model of Alzheimer’s disease
	Results
	Time- and frequency-domain characteristics of microelectroretinogram recordings. 
	Multiscale entropy analysis. 

	Discussion
	Methods
	Animal care and use. 
	ERG recordings from mice retina. 
	Spectrum and coherence. 
	Multiscale entropy. 
	Complexity. 
	Statistical analysis. 

	References
	Acknowledgements


