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A method for analyzing physiological data
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Physiological studies often involve recording multiple observatieng,(repeated muscle contractions or cardiac cycles) from the same
subject. To compare groups of subjects, observations from one subject are then sometimes pooled with observations from other subject
in the same group, and analyses are performed on these pooled data. This approach presents a number of potential problems, includir
over- or under-representing certain subjects in the sample and non-independence of measurements. There are statistical methods available
deal with repeated measures, but many make assumptions about the distribution and completeness of data. Instead, we developed a meth
to deal with multiple observations from physiological data that ensures that each subject is represented only once in the.an#lysis (
avoids pseudoreplication), and makes no assumptions about the distribution of the data. We demonstrate this method using two differen
physiological datasets: (1) muscle recordings taken fdsosophila melanogastdarvae during fictive crawling, and (2) electrocardiogram
recordings taken from human volunteers before, during, and after exercise. Our results show the broad applicability and validity of this
method.
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1. Introduction but have a large number of observations, the pooled sample
could skew towards these subjects. The issue becomes more
The study of physiological processes, like motor control orserious if some of the variability between subjects in terms
heart rate variability, often requires taking multiple observa-of the number of observations depends on one of the factors
tions from the same subject. For example, studying fictivaunder study. For example, in studies of exercise, the num-
crawling in Drosophila melanogastelarvae involves intra-  ber of cardiac cycles in a subject will depend on their heart
cellular or extracellular recording of multiple muscle con- rate. If observations are pooled, the distribution could skew
traction cycles [1,2]. This spontaneous activity can last fromtowards those subjects with higher heart rates. Statistically,
seconds to minutes, representing tens of cycles recorded frothe group sample size should be the number of subjects, with
the same animal. However, the variability across subjects cagach subject represented only once. This brings us to a sec-
be substantial, depending on both the frequency of activitynd problem, namely that many statistical tests used to com-
and its overall duration. Similarly, heart rate variability in hu- pare groups assume that the data points are independent of
man subjects is studied by recording multiple cardiac cyclesne another. However, multiple observations from the same
using electrocardiography (ECG) and monitoring changes isubject are usually notindependent, and treating them as such
the time between cycles (RR intervals) [3]. The number ofconstitutes pseudoreplication [4].
RR intervals recorded from a single subject can be in the tens  Though the importance of pseudoreplication continues to
to thousands, varying widely depending on both heart rat¢e debated [5], it does appear to be prevalent in some dis-
and the total duration of the experimental protocol. ciplines g.g, 12-36% in neuroscientific studies [6]) and can
Such physiological studies share several challenges, inead to “erroneous positive results” in physiological studies
cluding that there are multiple observations recorded from §7]. Analysis strategies and statistical tests exist to handle
single subject and that not all subjects have the same numbegpeated measures, but are not ideal for the types of data
of observationsi(e., an unbalanced design). In some stud-discussed here. For example, one could take a single mea-
ies, data from subjects in a given group are pooled and thsure €.g the median RR interval) for each subject, and then
group sample size is taken as the total number of observavork with a distribution of medians for the group — a method
tions. This is problematic for two reasons. First, if thereknown as aggregation [8]. This addresses the pseudorepli-
are a different number of observations for each subject, thisation problem, but involves losing a lot of the richness in
means that subjects will be weighted differently in the pooledhe data, among other issues [8]. Statistical tests like re-
sample. If there are subjects that present different behaviofgeated measures ANOVA are not suitable, since these have
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assumptionsg.g, about sphericity and completeness of dataand were ensured that any identifying data would be kept
[9], which are often not met. confidential. ECGs were recorded using a Zephyr BioHar-
To address these issues, we have developed a method deess before, during, and after exercise on a stationary bicycle
signed to preserve the spread of the data from each subje¢Bro-Form 325 CSX). Subjects were asked to remain at rest
construct a representation of the group distribution using théor the first 7 minutes of the recording, then begin cycling,
distributions from its individuals, and still guarantee that eachgradually increasing intensity during minutes 7-9. At the 9-
subject is represented only once in the analysis. Importantlyninute mark, subjects were asked to further increase their
this method does not require the data to be approximatelgxercise to achieve a pre-specified intensity lewef) ( 60
normally distributed, or that the range for the data points isvatts, as indicated on the bicycle interface), and then main-
restricted to any domain. We illustrate this method by us+ain that intensity until minute 20. A recovery period fol-
ing it to analyze two physiological datasets. The first con-lowed until around the 30-minute mark, when the recording
sists of intramuscular recordings taken fr@osophilalar-  ended. The time elapsed between successive cardiac cycles
vae during fictive crawling. These data were obtained by onavas measured as the RR interval. We compared the RR inter-
of the present authors (ECM) and have been described pr&als of two groups: (1) volunteers classified as physically fit,
viously [2]. The second dataset consists of ECG recordingsr active ¢ = 11), and (2) volunteers classified as less phys-
from volunteer human subjects taken before, during, and afically fit, or sedentary:¢ = 10). Classification was based on
ter exercise. These recordings were obtained by two of thexercise tolerance: subjects who reached a heart rate of 150
present authors (HA and AT) and have not been reported prdseats per minute (BPM) at the 60-watt exercise intensity level
viously. We share all the data and code used to implemerwere classified as less fit (group 2) than subjects whose heart
these analyses. Our results show the simplicity and broathte did not reach 150 BPM until the 75-watt level (group 1).
applicability of this method, and we hope it will provide a vi- Based on our protocol, subjects did not proceed to the next
able alternative to pooling for researchers analyzing similawatt-level once reaching 150 BPM. Therefore, for this study,
physiological data. we compared recordings at the maximum watt-level achieved
by all subjectsi.e. 60 watts. To also minimize variability, we
compared subjects’ RR intervals during the period of exer-
2. Methods cise that was most stablege. minutes 17-20. (Changes in
RR intervals during the other protocol time periods will be
explored in a future paper). All ECG data were collected
by authors HA and AT. Authors ECM and MAHV were not
involved in the original study but were given access to the

The fly lines, rearing conditions, dissection method, and elecanonymized ECG data for analysis in February of 2024. The
trophysiological recording technique have all been describedcademic Ethics and Scientific Responsibility Committee of
in detail previously [2]. Briefly, larvae were dissected to ex-UNAM's School of Sciences (CEARC) reviewed the project
pose the body wall muscles, and flexible sharp glass eledhethodology in August 2025, and concluded that the study
trodes were inserted into muscle 1 (M1) [10] to record in-complied with bioethical guidelines.

tracellularly from neighboring abdominal segments. In this

way, spontaneous bouts of peristaltic muscle activity (fictive2.2. Data analysis

crawling) can be recorded as waves of contraction that ad- ) ) )

vance from the posterior to anterior body segments. Thid€tX representa continuous random variable of interest (
activity is registered as regular bursts of action potentialsRR interval).

While several measures can be obtained from these data, we

focus on the cycle duration, which is the time elapsed fromEMpirical distributions

the start of one burst to the start of the next. We compare

the cycle durations of two groups: (1) wildtype (WT) lar-
4 groups: (1) wildtype (WT) lar- &' oo ality, that; < 1o for all i € {1.....n —1}. As-

vae (@ = 21), and (2) larvae expressing théo! mutation _ k . . o
e ) 2) b g . suming the random variabl& is continuous, the empirical

(n = 10; Bloomington Drosophila Stock Center No. 4587; distribution f ) £ for th |
RRID BDSC4587). Again, effects of this mutation on burst- istribution function (EDF, [11,12]) for the sample can be

2.1. Physiological data

2.1.1. Drosophila muscle recordings

((j:onsider asamplé = (zy, ..., z,,) and assume, without loss

ing activity have been reported previously in Ref. [2]. defined as
0, T <,

2.1.2. Human ECG recordings J(x) = i/n x €z, wiv1), @ €{1,...,n} Q)
1 Ty, < .

Subjects were student volunteers between 18 and 24 years of

age recruited within the School of Sciences at the National If the sample is unbiased and contains enough data points,
Autonomous University of Mexico (UNAM) between May the functionJ(z) can serve as an approximation for the dis-
and September of 2019. Volunteers were informed of theribution function of the variable represented by the points in
study procedures, signed a letter of consent to participatey [12].
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2.2.1. Group samples can be selected according to physiological or experimental
criteria. Histograms are only used herein for illustrative pur-

Assume that two groups of samplés= {C1,...,Cy} and poses and not for any statistical testing. As such, the chosen

Fy, ..., Fy and Gy, ..., G respectively represent the EDFs
from the samples of the two groups. The point-wise aver, ; 4 - gatistical testing and sensitivity analysis
ages of the EDFs for the two groups can then be calculated
by letting u Group distributions can be overlaid to visually demonstrate
a1 ‘ shifts in the observed values as a result of certain group
Fx) =M Z;Fl(m)’ ) characteristics or treatments. However, statistical testing is
= needed to determine whether these shifts are significant rela-
N tive to a predetermined margin of error. We elected to use the
G(z)=N"1 Z G, (x). (3) Mann-Whitney U test (also known as the rank sum test) due
j=1 to its lack of assumptions about the distribution of the data

These point-wise average functiofisandG can be thought and its ability to test for “distributional differences”, includ-

of as representative EDFs for the groupsand D, re-  ing changes in shape and spread [14]. (Note that the non-
spectively. For the cycle durations (CDs) obtained fromParametric Kruskal Wallis test — an “extension of the two-
Drosophila muscle recordings, the sample EDFs from thegroup Mann-Whitney U test” — could be used, if the compar-
two groups of subjects will be denoted &5 (WT) and  iSon involves three or more groups [15]). The alpha value for
Gep (Slo), respectively. Similarly, for the RR intervals ob- the test was set at 0.05. We test the null hypothesis that the
tained from human subjects, the two groups will be respecX -values from the two groups come from the same distribu-

and

tively labeledFr (active) and= rr (sedentary). tion.
For the two groups in our case, the whole range for the The values entered into the rank sum test were calculated
variableX can be defined as from the group EDFs using the sampling method described
above,i.e. by evaluating the EDFs for each of the groups at
Rx = (UMX,C;) U (UX,Dj). (4)  n uniformly chosen values between 0 and 1. To determine

the effect of selecting a specific we performed a sensitiv-

ity analysis. First, two groups were selected for compari-
son OrosophilaWT vs Slo, or human active vs. sedentary).

hen, we evaluated the EDFs for each group using #rat

corresponded to theoretical sample sizes of between 5 and 40
values with the aid of a random number generator. Finally,
a rank sum test was performed to compare the two recon-
structed samples, and the resulting p-value recorded. This

Kolmogorov’s theorem [13] can be used to obtain values repProcess was repeated ten times for each theoretical sample
resentative of a random variahl. If F is the distribution ~ Size, so that p-values could be compared to determine the
function of X, andp < [0, 1], theng = F~1(p) isavalue that ~consistency of the results.

representX so thatP(X < ¢). Therefore, any ordered sam-

pleay, ..., o, uniformly drawn from the intervgD, 1) canbe  2.2.5. Analysis software

used to sample values forX. Explicitly, the sample would . )
bez, = F~(a1), ..., zn = F~'(ay). Forinstance, the set Bursttimes were extracted manually fr@mosophilamuscle

{0,0.25,0.5,0.75, 1} yields the group minimum, maximum, ecordings using Spike2 software and exported to csv files, as
and the quartiles foX as described by. This procedure explained in Ref._[2]. RR intervals were gxtracted from hu-
can then be applied using a large enough number of point®an ECG recordings using the _Zephyr BioHarness software
uniformly sampled from the intervé, 1] to obtain represen- (v.1.0.24.0) and_equrted to txt files. Cod.e to analyze csv or
tative samples of the two groups from the two average Eprixt data was written in Python 3.13.3 using functions from

The interval [a,b] with ¢ = min{z € Rx} and b

max {z € Rx} serves as an extended range for valueX of
as extracted from the two groups. From there, it is possibl
to evaluate the average EDF for each group u$ing| as a
common interval.

2.2.2. Sampling

in Egs. 2)-(3). NumPy [16] and SciPy [17]. Figures were produced with
) matplotlib [18] and seaborn [19]. Additional Python mod-
2.2.3. Histograms ules used include csv, math, os, pyabf, pylab, stats, and sys.

To visually explore how the data are distributed and any po2 3. Resource availability

tential shifts between groups, we construct histograms using

samples drawn from each group EDF. For any given numResources generated by this study are available via GitHub
ber of binsn, it is then possible to create a uniform patrtition [github.com/emckiernan/physio-analysisd archived with a

a = py,...,pn, = b of the interval of|a, b], with each subin- DOI via Zenodadoi.org/10.5281/zenodo.157408550 fa-

terval having lengthip — a)n~—!. The size of the subintervals cilitate reuse, resources are shared under open licenses (see
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Drosophila muscle data Human ECG data
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FIGURE 1. Physiological data. a) Intracellular muscle recording from a \WOrosophilalarva. Activity was recorded during posterior to
anterior contractile waves in muscle 1. Data from ECM [2]. b) ECG recording from a human volunteer. Original data from authors HA and
AT. ¢) Zoom-in of data in A showing how cycle duration is calculated. d) Zoom-in of data in B showing how RR interval is calculated.

LICENSE.md in our repository). To promote reproducibil- samples to see their relative contributions. We do this by plot-
ity, Python code is embedded in Jupyter notebooks [20] thating their kernel density estimate (KDE), which is essentially
explain the code, how to use it, and how to generate figuresa smoothed version of the histogram [21] for each subject
that makes comparison visually easier (Fig. 2a, 2b). For both
| d Di . datasets, the subject KDEs show variability in their ampli-
3. Results and Discussion tude, shape, and spread. In other words, individual subjects
may contribute very different sets of values to a pooled dis-
tribution. For example, the data from the ViDfosophilalar-
Visual exploration shows that the two datasets share sever¥f€ show that two subjects have larger and more left-shifted
characteristics important for their analysis (Fig. 1). First,KDEs than the rest of the subjects in the sample (see arrows
both are continuous time series representing rhythmic phydd Fig. 2a). These are the two subjects with the largest num-
iological processes where the measure of interest repeats R@rs of observations (49 and 62 bursts). If we pool the data,
regular intervals (Fig. 1a, 1b). Second, the measure of inthese two subjects will be over-represented and could pull the
terest calculated from each time series (CD or RR intervalgroup distribution to the left. We see something similar in the
captures the length of a single cycle (Fig. 1c, 1d). Third, beRR data from the active group (Fig. 2b). There is one subject
cause we are measuring cycle length and the cycle repeat¥hose values fall far to the right of the other subjects (see
the total number of observations from a single subject in bottTow), and could pull the distribution in that direction.
datasets will depend on two factors: (1) the frequency of ac- How much could these subjects affect a pooled distri-
tivity (i.e. how many cycles occur per unit time), and (2) thebution? To determine this, we took the same groups (WT
total time of recording. Even when we can control the secDrosophilaor active human volunteers), pooled subjects’ ob-
ond factor by setting a fixed recording time, we will still have servations within those groups, and plotted the respective
different numbers of observations across subjects due to varistograms (referred to as the ‘full’ samples). We then re-
ability in the first factor. Finally, because of these factors,moved the subjects of interest (those marked with arrows in
subjects may have widely varying numbers of observationsig. 2a, 2b), and compared the histograms with these subjects
with subjects generating higher-frequency activity necessatremoved (‘restricted’ samples). The results are similar for the

3.1. Similarities between the datasets

ily having larger numbers. two datasets (Fig. 2c, 2d). For the WDrosphilalarvae, re-
moving the two subjects caused the three left-most bars in the
3.2. Problems with pooling histogram to either disappear or greatly diminish. In fact, this

removed an entire peak which made the distribution (at least
Also in both datasets, we end up with repeated observatiorst this bin width) look bimodal. For the active volunteers, re-
from a single subject that are not independent of one anmoving the one subject eliminated or reduced a large chunk
other. Many studies of such physiological processes ignoré8 bars at this bin width) of the right side of the histogram.
this issue, and pool observations for all subjects belonginghese are well-known effects of what might be considered
to a given group€.g. all CDs for WT subjects, or all RRs outliers, but we include them as visual confirmation of how
for active subjects). To understand why this could be probindividual (or few) subjects can shift a pooled distribution,
lematic, we look at the distributions for each subject in ourespecially when samples are small.
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Drosophila muscle data Human ECG data
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FIGURE 2. Effects of pooling data a) KDEs for each subject in the WDrosophilasample. Arrows mark two subjects with left-shifted
peaks. b) KDEs for each subject in the active volunteer group. Arrow marks the right-shifted subject. c) Histodbamssplfiladata in a,

comparing the full pooled sample (blue) to the restricted sample with two subjects removed (orange). d) Histograms of the active volunteer
data in b, comparing the full pooled sample (blue) to the restricted sample with one subject removed (orange). Darker brownish areas in c
and d show overlap between the blue and orange bars. Dashed lines in ¢ and d delineate areas of difference between the full and restricte

histograms.
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FIGURE 3. Single-subject and group EDFsa) Single-subject (thin dashed lines) and averaged group (thick solid lines) EDFs for WT (blue)

and Slo (orange) larvae. b) Single-subject (thin dashed lines) and averaged group (thick solid lines) EDFs for active (blue) and sedentary

(orange) human volunteers.

3.3. Technique based on EDFs empirical distribution function (EDF) of the CD or the RR
values for a single subject, and then calculating the point-
owise average over all subjects in a given group to calculate

the assumption of independence and at worst leads to skewdd 9roup EDF (Fig. 3). In this way, we do not lose the rich-
gess of the data — each subject is represented by their EDF,

distributions, we need a better way to deal with such data. AS™~> : \ :
described in the Methods, we did this by first calculating thewhich captures the full range of values in their observations,

Having established that pooling observations at best violat
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rather than a single value like a mean or median. At the same To test for statistical significance, we used the Mann-
time, taking a point-wise average of the EDFs means that atvhitney or rank sum test with a reference value for sig-
each point, each subject is represented only once. The subjatficance of 0.05 (standard for physiological studies). As
EDFs are all independent of one another, and therefore, thdescribed in the Methods, subsections ‘Samples’ and ‘Sta-
resulting averaged group EDF is made up of independent ‘oltistical testing and sensitivity analysis’, our technique relies
servations’ (subject EDFs), thereby avoiding pseudoreplicaen extracting values from the group EDFs for testing. We
tion. In other words, each subject now contributes equally taherefore ran a sensitivity analysis to see how the number of
the group, regardless of their initial number of observationsextracted values affects the results. To do this, we first set
Importantly, while outliers could still skew a group distribu- the theoretical sample size (the number of extracted values)
tion, using this averaged approach means no one subject ietween 5 and 40 values, and then used a random number
more able than any other to pull the distribution solely basedjenerator to extract that number of values at different points
on their number of observations. In both datasets, we caalong the averaged group EDFs. We run the statistical test on
see that there is a clear separation between the group EDEsese extracted samples, and repeat the process 10 times for
(Fig. 3) that we should be able to test for statistical signifi-each sample size. Graphing the results shows how many of
cance.

1.04 a=0.05
. mean
0.81
. Drosophila muscle data
v 0.6 :
=}
© N .
2 ° ¢ o .
Q0.4
021 . * + . e .
: i r ; ) ‘ 9 ‘ . °
00—i-'l']A:';".'"33-0-3'-‘000-0-00-0000
a) 5 10 15 20 25 30 35 40
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0.61 ° a=0.05
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0.41 Human ECG data
S
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011 D .. g
- ° v -2
0.0-‘.'i."‘-oo-.o.o-o-oo-oooo-o-oo-oooo
b) 5 10 15 20 25 30 35 40

Theoretical sample size

FIGURE 4. Sensitivity analysis.Statistical testing run 10 times for each theoretical sample size of 5 to 40 values extracted at random points
along the group EDFs fdbrosophilaa) and human b) data. Note that not all points corresponding to each run are visible for all sample sizes
due to overlap. Dashed line marks a cutoff for significance at 0.05. Solid line indicates the mean p-value over 10 runs at a given sample size.
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these test-runs hit below the established alpha value of 0.08istributions, (ii) groups of unequal sizes, and (iii) repeated
for a given sample size (Fig. 4). For tirosophiladata, = measurements from the same subject. While the individual
there is a large fluctuation in p-values at the lowest theoreticahathematical techniques we use are not new, the novelty of
sample sizes of 5-10 (Fig. 4a). Between 10 and 20, there isur approach is in using the existing techniques in combina-
still some fluctuation, though steadily decreasing as the samiion to address all three issues.
ple size increases. Finally, most if not all test runs are below No one of these techniques is sufficient to address the
0.05 as the sample size goes above 20. Similarly, for the husarious problems on its own. Using non-parametric statis-
man ECG data, there is some variability in p-values when théical tests, such as Mann-Whitney or Kruskal-Wallis, only
sample size is between 5 and 10, although this variability imddresses issue (i), that the distributions are non-Gaussian.
smaller than that observed for tBeosophiladata. For sam- However, both tests still assume independence of observa-
ple sizes greater than 10, most, if not all, runs yield p-valuesions [14,15], and cannot be applied until issue (iii) is dealt
well below 0.05 (Fig. 4b). All our real samples include at with. There are technigues designed to deal with repeated
least 10 and as many as 21 subjects in each group. Thereforeeasures. However, as briefly reviewed in the Introduction,
extracting 10-20 values from the group EDFs for statisticalthese either involve losing the original richness of the data
testing appears to be both reasonable and conservative.  (aggregation [8]), or involve assumptions about the distri-
The results from the sensitivity analysis (Fig. 4) maybution and completeness of data (e.g. repeated measures
seem trivial, given it is well known that p-values decreaseANOVA [9]) that are violated by issues (i) and/or (ii). The
with sample size, but they are important in this specific consame is true for issue (ii), where groups are of unequal size,
text for two reasons. First, if the sensitivity analysis showedor the experimental design is unbalanced. Many of the exist-
that it was necessary to extract a much larger number ofig options are parametric in nature, and may involve a loss
values from the EDFs to reach significance than the numef data if observations have to be removed to achieve balance
ber of subjects in the original samples, then the validity ofacross groups [22]. The non-parametric options (like Mann-
the method could be in question. The quick decay in the pWhitney) again require independent observations.
values as a function of the theoretical sample sizes (Fig. 4) Our technique has advantages over pooling data, includ-
demonstrates that this was not the case. However, the reirg maintaining independence of measurements used for test-
sonable range of values to extract will depend on the dataset)g and avoiding pseudoreplication. It also represents ad-
and should be evaluated on a case-by-case basis, which lead#tages over technigues like aggregation in that the original
to the second point. This result represents a methodologicaichness of the data is preserved and considered. We show
recommendation for anyone using our technique: researchetiat this technique can be applied to different datasets, rang-
should run a similar sensitivity analysis on their own data toing from insect muscle to human heart recordings, demon-
determine the reasonable number of extracted values to usérating its generalizability. All our analysis code is publicly
for statistical testing. available so that it can be reused by other researchers and
modified to fit their needs.

4. Conclusions Funding

Proper data analysis, including ensuring we meet the assumhe analysis portion of this study was supported in part
tions of any statistical tests used, is crucial for the validity ofby grant UNAM-DGAPA-PAPIME PE1114919 awarded to
study results and conclusions. We introduce an approach thtdAHV. No other specific funding was received. The fun-
allows researchers to analyze physiological datasets whictiers had no role in study design, data collection and analysis,
present three common yet non-trivial issues: i) non-Gaussiadecision to publish, or preparation of the manuscript.
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