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Summary

This project intends to identify neurons in C. Elegans worm which are responsible for its
noxious heat avoidance behaviour. There have been prior attempts at this problem. Common
methods to identify neurons that are a part of the heat avoidance circuit are lab-based and
involve inhibiting a function of the tested neurons and checking whether the behaviour of the
animal changes. As we don’t have access to a lab, in this project we instead used statistical
methods on a publicly available dataset in which half of the worms were exposed to a sudden
noxious heat stimuli in order to identify neurons in which there has been a statistically
significant difference in activity after the stimuli has been introduced.

We used the two-sample Kolmogorov-Smirnov test to compare distributions of averages of
neural activity for each individual neuron in a small window after the stimuli between datasets
of worms exposed to the noxious stimuli and datasets of control group worms. We eliminated
high-variance neurons by only considering neurons which show a statistically significant
difference in a small window after the stimulus is introduced and don’t show a statistically
significant difference in 99% of the time windows before the stimulus. The main achievement
is identifying 17 neurons which pass these criteria for statistical significance. 5 of these

neurons have previously been identified as being responsible for heat avoidance.
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Chapter 1
Introduction and Background Research

1.1 The choice of C. Elegans

Caenorhabditis Elegans is a small non-pathogenic roundworm that lives in the soil and feeds
on microbes (1). Despite being seemingly insignificant to humans, there have been
thousands of papers written on it (2). The first reason for the prevalence of C. Elegans in
research is that it provides a great model to study the nervous system. It’s one of the
simplest organisms with a nervous system, but despite its simplicity, it exhibits many of the
biological functions that are central problems of human biology: learning, aging, nerve
function, and avoidance and attraction behaviour (1)(3). This results in a good trade-off
between simplicity and complexity: understanding processes that take place in the brain of
C. Elegans is more feasible than with more complex animals, and it can shed some light on
how these processes are carried out in the latter. The seconds reason for the popularity of
C. Elegans is that it's a good lab animal due to its short life cycle, transparent body, constant

cell number and position between individuals, and the ability to grow on Petri dishes (4).

C. Elegans has a “brain” which consists of 302 neurons connected via ~7000 synapses (5).
Unlike humans whose neurons use sodium and potassium ions to encode their activity, C.
Elegans neurons mainly use calcium ions (6). The concentration of calcium ions tends to rise

and fall gradually, and most neurons in C. Elegans don’t produce “spikes” (7)(8).

Many of the C. Elegans neurons come in pairs, with one neuron from each pair located on
the left and right side of the body (denoted by “L” or “R” at the end of the neuron name). The
neurons in a pair belong to the same neuron type and have similarities in connectivity and

composition, but they can respond to stimuli in different ways. (9)(10)

1.1.1 Mysteries to solve in C. Elegans

There is a lot of information currently known about C. Elegans, such as all the neurons and
the synaptic connections between them (11), and the type and function of many of the
neurons (9). Using this knowledge and brain recordings as well as behavioural responses
from experiments, we can speculate on “circuits”, which are sets of neurons responsible for
certain behaviour and the mechanism in which they produce this behaviour. As an example,
an olfactory avoidance circuit has been identified in C. Elegans, which consists of sensory

neurons detecting olfactory stimuli, interneurons which process this data to determine
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whether the sensation is strong enough to trigger an escape response, and motor neurons
which send signals to muscles responsible for backwards movement (54).

However, there are still many unsolved mysteries in C. Elegans. Even though the synaptic
connections between neurons are known, the strength of these connections has not been
established (12) and there are many neurons which are not directly connected by a synapse
but they can stimulate each other through extrasynaptic signalling (13). Furthermore, a large
number of neurons change how they encode behaviour over time depending on the state
they’re in (14). Therefore, even though neural mechanisms and sets of neurons responsible
for some behaviours have been identified, it doesn’t provide an exhaustive explanation of

how the neural system of C. Elegans produces behaviours.

1.1.2 Temperature avoidance in C. Elegans

C. Elegans are an ectotherm, which means that they can’t regulate their own body
temperature and rely on the temperature of the environment. Because of this, they have a
preferred temperature. (15) Given a gradient of temperatures, they will move towards the
temperature they grew up in (16), and neural mechanisms responsible for this behaviour
have been found (17).

However, a response to a sudden significant rise in temperature is different from this
mechanism, because it triggers an avoidance response — the worm starts escaping. There’s
an interest in studying the thermal avoidance mechanism in C. Elegans in order to further
pain research in vertebrates, because the worms’ responses to noxious heat can be
pharmacologically manipulated by similar chemicals to those used in pain research, e.g.
capsaicin (53).

There has been research into the heat avoidance behaviour in C. Elegans, and neurons that
are likely to be a part of the heat avoidance circuit have been identified along with the
mechanism that gives rise to the avoidance response (18). This mechanism involves
sensory neurons “AFD”, “AWC”, and “FLP” responsible for detecting thermal stimuli (19), the
last of which releases a neurotransmitter to stimulate neurons “AVA”, “AVD”, and “AVE”
which promote backwards locomotion (20). Furthermore, the following neurons have been
identified to be linked to heat avoidance response: “ASJ”, “AWB”, “ASK”, and “ASH” (21).
Functional redundancy has been identified in the neurons associated with heat avoidance
(21).
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1.2 Methods of detecting significant neurons

The neurons in the heat avoidance circuit as described in the section above were identified
by inhibiting the function of these neurons e.g. by microsurgery or by producing genetically
mutated worms, and subsequently observing whether the worms’ response to noxious heat
stimuli was reduced (19)(20). Another method was used to help identify aggression-related
neural circuits in fruit flies, where stimulating a specific neuron led to the fly being in an

aggressive state for 10 minutes (18).

However, due to the lack of access to an experimental lab, we used other methods to
identify significant neurons. We used publicly available datasets of neural signals in C.
Elegans collected from 40 animals, about half of which were exposed to a noxious heat
stimulus (see Section 1.3 for more detail). We refer to these two groups of datasets (the
datasets of worms exposed to the stimulus and the datasets of control group worms) as
“heat” and “baseline”.

Statistical methods such as analysis of variance (ANOVA) have been used to identify
changes in pattern of neural activity. For example, ANOVA has been used to detect event-
related potentials (a change in pattern in human brain activity) from EEG recordings of a
human brain after an introduction of stimuli. The method was used in research to identify
EEG channels that had a statistically significant change in recorded activity in a post-
stimulus time window. (22) In the context of the datasets of the neural activity of C. Elegans
that we use, this method could be adapted to identify neurons which had a statistically
significant change in activity.

However, ANOVA is limited in that it only compares the differences in means between two
distributions, due to an assumption that variances are approximately equal (23). This means
that ANOVA would not detect a statistically significant difference between two distributions
with same mean but very different variance. Furthermore, ANOVA would not detect
differences between distributions of different shapes, due to its assumption of the data being
normally distributed (23).

1.2.1 The Kolmogorov-Smirnov test

A statistical test which considers the differences between general shapes of distributions,
including the differences in means and variances, is the Kolmogorov-Smirnov test. The KS
test calculates whether two sets of samples came from the same underlying distribution. (24)
In the context of our datasets, the KS test could be used to compare whether the heat and

baseline neural signal values in a time window after the stimulus are likely to have come
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from the same distribution (which would imply that there is no statistically significant
difference), or from different distributions (which would imply a statistically significant
difference between them).

In order to compare two distributions, as part of the KS test each distribution is turned into an
Empirical Cumulative Distribution Function (EDF). EDF is a function that for each value of x,

the value of y represents the fraction of the values in the distribution that have a value equal

or less than the value of x. After turning each distribution into an EDF, the KS test calculates
the value of the maximum distance between EDFs of two distributions. Because we compare
two distributions of gathered data (rather than comparing one distribution of gathered data to
a reference distribution), we use the two-sample version of the KS test. (24)(25)

The KS test returns two values: D-statistic and a corresponding p-value. The D-statistic
(where “D” stands for “distance”) represents the maximum distance between EDFs of two
distributions, and the p-value represents the probability that the result arose due to random
chance. To calculate the p-value, D-value and size of the distribution are used. Therefore,
only considering the p-value is enough to determine whether there is a statistically significant
difference between the two distributions. (26)(27) The accepted threshold for determining
that a result is statistically significant is p-value less than 0.05 (28).

The two-sided Kolmogorov-Smirnov test has been used in research by Randi, F., Sharma,
A.K., Dvali, S. et. al. to investigate which pairs of neurons in C. Elegans are functionally
connected. The KS test was used to compare the time series data of neural recordings from
a time window after a stimulus (in this case the stimulus was another neuron being
activated) to recordings where no stimulus was introduced. (13) This is similar to our

intention of comparing heat and baseline time series data of neural recordings.

The KS test has the assumption of individual data points not being correlated. However, that
is not true for any time series data, as value at time T will be in some way related to the
value at time T-1 (a phenomenon called “lag-1 autocorrelation”). (30)(31) In the
abovementioned research by Randi, F., Sharma, A.K., Dvali, S. et. al. (13), the authors
address this by taking an average over a post-stimulus time window for each recording,
which turns each set of individual recordings in a time window into one value. Then, the two
distributions which are compared by the KS test are the distribution of averages of neural
recordings where the worms were exposed to the stimulus, and the distribution of averages

of neural recordings where the worms were not exposed to the stimulus.



1.3 The datasets

We used publicly available datasets downloaded from wormwideweb.org. The datasets were
published in 2023 as part of C. Elegans brain-wide representations of behaviour research by
Atanas et al. The datasets contain recordings of neurons of 40 worms over 16 minutes, with
each dataset corresponding to one worm and 100 — 150 neurons. Most of the neurons were
labelled so that the name of the neuron is known, however that was not possible for some
neurons in each of the datasets. Furthermore, some of the labelled neurons contain “?” in
the name, indicating that the type of the neuron is known, but it's unknown whether it’s a left
or right neuron. About one half of the worms were exposed to a noxious heat stimulus at
minute 8, and the remaining worms were the baseline control group which was not exposed
to that stimulus. The stimulus was delivered by a laser which heated up a worm’s
environment from room temperature to over 50 °C, which returned to baseline temperature
after 3 seconds. The datasets contain z-scored time-series data of calcium levels in each
recorded neuron, which represent the level of activity in that neuron over the span of 16

minutes. (14)
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Chapter 2
Methods

2.1 Preparing the data

The time series datasets were all recorded over the span of 16 minutes, and they all had
around 1600 individual measurements. However, many datasets had a number of
measurements slightly lower or higher than 1600. This is not because they were recorded
over a shorter or longer timespan, but rather because the time between individual
measurements was slightly different for each dataset.

In order to calculate averages later on, we had to make all datasets have the same number
of datapoints. To do that, we created an empty list of 1600 points for each dataset (which,
after populating it, will form the new resized dataset), and then selected the value in the
original dataset that was measured the closest in time to each of the 1600 points in the new
resized dataset. The following is a further explanation of the method with an example. 1600
datapoints assumes that datapoints were measured 0.01 minutes apart. Therefore, for
example, if we're looking to populate the 120" datapoint in the new resized dataset which
corresponds to T =120 * 0.01 = 1.2 minutes = 72 seconds, and in the original dataset there
are individual measurements taken at Ta = 70 seconds and Tg = 75 seconds, then we will
select the neural signal value measured at Ta to populate the 120" datapoint in the new
resized dataset, because Ta is closer to T that Tg is.

Neurons without a label and neurons with “?” in the label are not considered. The latter is
because there can be a significant difference in the signals between left and right neurons of
the same type (10). Furthermore, only neurons with at least 5 measurements within each

group are considered in order to reduce the impact of outliers.

2.2 Calculating differences within group versus between groups

For each individual neuron, there are two groups of datasets: heat and baseline. If there is a
large difference in values between heat and baseline, especially around the time when the
heat stimulus was introduced, this can imply that this neuron is significant for heat avoidance
response. However, some neurons might always exhibit a lot of variability in their values,
both between two groups and within each group, and therefore a large difference between
heat and baseline for these neurons might not mean much. This is why we calculated the
difference within each group as well.



2.2.3 Calculating the average

To calculate the difference between groups, we first calculated the average within a group
for each neuron as follows: for each of the 1600 points, we calculated the average neural
signal value for that point, across all heat datasets and all baseline datasets separately.

2.2.4 Differences between groups

After calculating the average, we considered the differences between groups in three time
windows: across the whole 16 minutes, between 6 and 10 minutes (which includes the
stimulus time at 8 minutes), and from 8 minutes onwards. For each time window, we took the
absolute difference between heat and baseline average value for each of the pairs of
corresponding datapoints, then sum these differences across all pairs of datapoints
considered (1600 for the first window, 400 for the second, and 800 for the third). Lastly, we
normalised the result by dividing the sum by the number of pairs of datapoints considered,
which results in an average absolute difference per datapoint for each time window. This is

so that we can compare the differences across the different time windows.

2.2.5 Differences within groups

For each neuron, we considered datasets in each group separately. We considered all
possible unique pairs of datasets within each group, and calculated the absolute difference
between heat and baseline for each of the 1600 pairs of corresponding datapoints. These
were summed across all unique pairs within a group, then divided by the number of unique
pairs to give an average absolute difference within a group. This was normalised by dividing
it by the number of datapoints considered, that is 1600.

2.2 Visualisation

We used matplotlib Python module to display the averages of heat and baseline datasets for
each neuron, and to display all the individual measurements that were used to calculate the
averages. We ordered the neurons by the largest difference between groups in the time
window 6 — 10 minutes. This is to show neurons that are likely to be significant in their
response to the heat stimulus, because the time window 6 — 10 minutes includes the time

when the stimulus was introduced. We displayed the top 10 neurons.
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The purpose of the visualisation is to check for clear changes in the pattern of neural signals,
and to cross-validate and put into context the results from statistical methods. Visualisation

in itself does not constitute proof of a neuron’s significance.

It's important to note that not all changes in pattern would be visible in taking an average
within a group. As an example, the following figure demonstrates a change in pattern that

would be “cancelled out” in an average:

Time of heat stimulus

>

Dataset 1 A /
/ V

> <

V
e AN

\/\/V\

Fig.1: An example where a change in pattern is not reflected in the average. Dataset 1 and

Average of
datasets 1 and 2

dataset 2 contain recordings of neural signals which have the same absolute values, but one
value is negative when the other is positive which leads to them being “cancelled out” in the
average. Even though the pattern clearly changes after the heat stimulus (through the
strengths of neural signals increasing to about twice their size in both datasets), the change
in pattern is not reflected in the average.

Therefore, as helpful as averages are to visualise and contextualise the data as well as
notice potential changes in pattern, other methods are necessary to identify statistically

significant neurons.



2.3 Statistical methods

2.3.1 Finding a statistically significant difference after the stimulus

To find neurons that show a statistically significant change in signal after the stimulus is
introduced, we used a two-sided Kolmogorov-Smirnov test. To carry out the KS test, we

used the “ks_2samp” function from the scipy.stats library in Python.

The test compares distributions of heat versus baseline neural signals for each neuron,
where each distribution consists of averages of neural signals in a post-stimulus time
window for each individual dataset within the group. Four time windows within which the
average is calculated were considered: 1s, 5s, 10s, and 20s. Different start times for the time
window were considered between 0 and 20 seconds from the introduction of the stimulus,
with a time step between start times being the size of the window (hence for the window size
of 20s only one start time was considered at T=8min, for the window size of 10s two start

times were considered at T=8min and T=8min 10s, etc.).

The following figure illustrates the process while considering an example neuron “X”, for
which there are 3 baseline datasets and 3 heat datasets (in practice, only neurons with at
least 5 datasets in each group were considered). For simplicity, only window size of T = 5s is
considered.
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Neuron "X"
considering window size of 10s

8min
8min 20s
8min
8min 20s

T
T
T

Taking a single-value
average within each
time window

—_—> 0.45
First heat dataset 0
(recorded at one ) 0.5
of the worms exposed -U.
to heat stimuli) 1
The first 10s window Z/
The second 10s window
e 0
0.55 —
Second heat dataset () W N\A

Heat distribution

{ T

>

Heat distribution

for 1st KS test: for 2nd KS test:
0.45, 0.55 -0.5,0.75
02 | R 0.23
First baseline dataset () 1 “ " AAAM
Second baseline dataset () /WVJ\MM Z‘] o -0.01
Baseline distribution Baseline distribution
for 1st KS test: for 2nd KS test:
0.2,0.1 0.23, -0.01

Fig. 2: Visualisation of performing a KS test, where the window size for calculating an average

is 10 seconds and the timeframe of 20 seconds after the stimulus is considered.

For the neuron to be considered potentially significant, the KS test had to return a p-value of
less than 0.05 for at least one of the window sizes (and for at least one of the start times

within that window size).

If a neuron was potentially significant, the difference between the stimulus time and the start
time of the window in which p-value reaches below 0.05 for the first time was recorded
(called “delay”), as well as the time difference between the start times of the first and the last

window in which p-value < 0.05 (called “duration”, with @ maximum value of 2 minutes).
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2.3.2 Eliminating high-variability neurons

If a neuron was considered potentially statistically significant under the criteria in Section
2.3.1, then an additional check was carried out to eliminate neurons which have high
variability (and therefore, for these high-variability neurons, a KS test would likely return p <
0.05 for time windows before the stimulus as well).

The check was carried out as follows. For each of the statistically significant time window
sizes identified in Section 2.3.1, we performed a KS test on windows of that same size in the
timeframe between 0 and 8 minutes, with the time step between start times of each of the
windows being equal to the window size (therefore for window size of e.g. 20 seconds, the
KS test would be performed on windows 0-20s, 20-40s, 40-60s, ..., 7min 20s — 7min 40s,
7min 40s — 8min). If 99% or more of the KS test results on these windows returned p-value
higher than 0.05 (indicating a statistically insignificant result), then we considered that
neuron to be statistically significant. In other words: neurons considered to be statistically
significant were those neurons that did not have more than 1% statistically significant values
for time windows before the stimulus is introduced, but did have a statistically significant
value for some of the windows in the time frame between 0 and 20 seconds after the

stimulus is introduced.

2.4 Visualising p-value as a function of time

As part of Section 2.3, we calculated p-values for each window size over the whole 16
minutes (but only the p-values for windows in the timeframe Os — 8min 20s were considered
for identifying statistically significant neurons). For context and visual aid, we displayed a
graph of p-values for windows calculated over the whole 16 minutes, for each window size
that was considered statistically significant after passing all the criteria outlined in Section
2.3.
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Chapter 3
Results

3.1 Visualisation

In 7 out of the top 10 visualised neurons, a clear change of pattern is visible. Different
changes in pattern of neural activity can be observed for different neurons: a rapid increase
which gradually goes back down, a rapid increase which quickly goes back down, a
sustained decrease, a rapid increase followed by a sustained decrease back, and a rapid
decrease followed by a quick increase followed by a gradual decrease back.

In 2 out of the top 10 visualised neurons (“RIMR” and “RIML”), there is no clear change in
pattern. In 1 of the neurons (“AQR”) there is a clear change in pattern after the stimulus, but

there is also a clear change in pattern shortly before the stimulus.
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Fig.3: An example of a visualisation where a clear change in pattern after 8 minute mark
(green vertical line in the top chart) is visible, for neuron “ADAL”. X-axis represents time (in
minutes), and y-axis represents the strength of neural signal (in standard deviations). Top:

The comparison of averages between heat and baseline datasets. The change of pattern is

a rapid increase in activity which gradually goes back down. The average is calculated
across 16 baseline recordings (blue) and 12 heat recordings (red). Two rows of blue figures:

All individual baseline recordings used to calculate the average. Two bottom rows of red

figures: All individual heat recordings used to calculate the average.
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Fig.4: An example of a visualisation where no clear change in pattern at minute 8 (green
vertical line on the top chart) is visible, for neuron “RIMR”. X-axis represents time (in
minutes), and y-axis represents the strength of neural signal (in standard deviations). Top: A
comparison of averages between the heat group (red) and baseline group (blue). Middle: All
individual baseline measurements used to calculate the baseline average. Bottom: All
individual heat measurements used to calculate the heat average.

2R AINL
- 2.01 —_ 15 d
— 17 recordings recordings
L0 — 14 recordings —— 13 recordings
L5
0.51
1.01
0.0 1 0.5 1
0.0 1
-0.5
_0'5 -
-1.0 A
0 2 4 6 8 10 12 14 16 0 2 4 6 8 10 12 14 16
RIML AVDR
— 6 recordings — 13 recordings
—— 6 recordings 31 —— 12 recordings
15
1.0 2
‘ |
0.51 ‘
} "]
0.0 1 ' , ‘
' ﬂ 0
-0.5
-1.0 1 | -1 4

o 2 4 6 8 10 1 ¥ 6 o 2 4 6 8 1 12 14 16



-15-

AINR AQR
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Fig.5: Visualisations of the remaining top 7 neurons. X-axis represent the time in minutes, y-
axis represents the strength of the neural signal in the number of standard deviations, blue
values represent the average of baseline datasets for a particular neuron, red values
represent the average of heat datasets for a particular neuron, and the green vertical line

represents the time of the noxious stimulus.

For visualisations of averages of top 10 neurons along with the individual measurements
used to calculate the averages as well as the normalised values of the differences within and

between groups, see Appendix C.

3.2 Calculating differences within group versus between groups

64 out of 109 of all considered neurons show the highest difference between group
averages to be in the timeframe 6 — 10 minutes.
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In general, the average differences within group are consistently larger (around two times as
much) than the differences between group averages. The normalised differences within
group have values close to 0.4 — 0.5, and the normalised differenced between group

averages have values close to 1 for most neurons.

For the top 10 neurons with the highest difference between groups in the timeframe 6 — 10
minutes that don’t show a clear change in pattern in visualisation which indicates high-
variability neurons (“RIMR” and “RIML”), there is no significant increase in the normalised
difference within groups, in comparison to the neurons with a clear change in pattern.

3.3 Statistical methods and p-value as a function of time

17 neurons were identified that passed all the criteria for statistical significance as outlined in
Section 2.3. For most neurons there was only one time window that fulfilled the criteria.

Out of 13 neurons for which at least some functions are known, 5 have known associations
with either backwards locomotion (“AVDL” and “AVER”) (32)(33) or sensing noxious
temperatures (“ASHL”, “FLPR”, “AWBL”) (34)(21)(36). Of the remaining 8 neurons, one
(“ADLL”) has a known association with responding to general aversive stimuli (37)(38), and
two (“ASGR” and “IL2R”) have known associations with responding to harsh environmental
conditions (39)(40). Of the remaining 5 neurons, four (“NSML”, “MCL”, “AUAL”, and “RIVL")
have associations with feeding behaviours (41)(42)(43)(44), and two (“RMGL” and “AUAL”)
have associations with social behaviours (45)(46)(42).

9 of the 17 neurons have sensory functions, 8 have interneuron functions, and 4 have motor
functions. All sensory neurons with a connection to noxious stimuli show a delay of 0
seconds. Other sensory neurons show a delay of 0 — 20 seconds. Sensory neuron “IL2R”
that regulates behaviours associated with surviving under harsh conditions (40) shows a
delay of 20 seconds. Most interneurons, including interneurons associated with backwards
movement, show a delay of 0 seconds. One of the interneurons (“RMGL”, associated with
social behaviours (45)(46)) shows a delay of 10 seconds. Motor neurons show a delay of 0 —
10 seconds. None of the motor neurons identified have associations with noxious stimuli or

backward locomotion.

Durations vary between 5 and 120 seconds. Neurons that are certain to have a sensory
function have durations 20 — 45 seconds, and neurons with a possible sensory function have

durations 80 — 86 seconds. Interneurons have durations 25 — 120 seconds, with
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interneurons responsible for backwards locomotion having durations between 40 and 105
seconds. Motor neurons have durations over 86 and up to 120 seconds.

The table below lists the names of the 17 neurons, the time windows for which statistical
significance as outlined in Section 2.3 was found, delay, duration, pattern change type (as

seen on the visualisation of averages), and the type and functions of the neuron.

. . Pattern change Type and functions
Time Delay | Duration .
Name ] type (some irrelevant
window(s) | (sec) (sec) . .
functions not listed)

Rapid decrease Motor neuron for head
URADL 10 10 90 followed by gradual muscles; may have
increase back sensory functions (47)

Sensory neuron;
regulates nictation (40)
IL2R 20 20 20 Unclear (dispersal behaviour and
survival strategy under
harsh conditions (42))

Sensory neuron;
responds to noxious
stimuli and leads to

avoidance responses,
senses light and leads to
ASHL 00 0 00 Unclear reversals if a flash of light
is focused on the head of
a forwards-moving worm

(34), known
connections to heat
avoidance behaviour

(21)

Sensory neuron; senses
Rapid increase noxious temperatures
FLPR 20 0 20 followed by gradual | and leads to a reflex-
decrease back like escape response
(36)
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Rapid increase

Motor and sensory

NSML 10, 20 0,0 | 120, 120 | followed by gradual | neuron; functions related
decrease back to sensing food (41)
Interneuron; integrates
Rapid increase signals from various
RMGL 5 10 70 followed by gradual SEensory neurons;
decrease back functions related to social
behaviour (45)(46)
Rapid increase _
Motor and possibly
followed by gradual
sensory neuron; controls
decrease back,
the frequency of
followed by ,
MCL 1 10 86 . pharyngeal pumping
sustained _ _
(feeding behaviour
decrease, followed o _
indicating food intake)
by gradual
. (42)
increase back
Rapid decrease
followed by rapid _
Interneuron; function
AINR 5 0 25 increase followed
unknown (49)
by gradual
decrease back
Sensory neuron; leads to
odour avoidance (50);
senses light and leads to
o a reversal when light is
Rapid increase
focused on the head of a
AWBL 20 0 40 followed by gradual _
forwards-moving worm
decrease back
(52); known
connections to heat
avoidance behaviour
(21)
Rapid increase Interneuron; drives
0,0, | 105, 40,
AVDL 5,10, 20 0 60 followed by gradual | backwards movement

decrease back

(32)
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Rapid decrease

Interneuron; drives

AVER 5 0 75 followed by rapid backwards movement
increase back (33)
Sensory neuron; controls
(inhibits) entry into dauer
stage (39), which is a
ASGR 5 10 5 Unclear larval stage which
C.Elegans enter when
conditions are too harsh
for growth and
reproduction (51)
Rapid increase
followed by
gradual/slow .
ADAL 10, 20 0,0 | 120,120 decrease back, intereuron; function
unknown (48)
followed by
sustained
decrease
Sensory neuron;
“transmit information
about aversive stimuli
in the environment to a
ADLL 5 0 45 Unclear circuit that is responsible
for aggregation, rapid
locomotion, and food
bordering behavior”
(37)(38)
Rapid decrease
followed by gradual | Interneuron and motor
increase, followed neuron; initiates local
RIVL 1,10 1,0 96, 120 by sustained search behaviour for

increase, followed
by unclear

decrease back

food which consists of
reversals and turns (44)
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Rapid increase

Interneuron; regulates

increase

AUAL 20 followed by gradual social and feeding
decrease back behaviour (43)
Rapid decrease Interneuron and possibly
(K] 10 followed by rapid | sensory neuron; function

unknown (35)

Source of neuron types: Individual neuron pages from (9)
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AVDL p-value over time (window of 5 seconds)

3.0 1

2.5 1

2.0 1

1.5 1

1.0 4

0.5

0.0

-1.0 1

—— 20 baseline recordings
—— 17 heat recordings

1.0

1

0.6 4

0.4 4

0.2 1

0.0 1

Il

o4

AVDL p-value over time (window of 10 seconds)

0 200 400 600

800 1000 1200 1400 1600

AVDL p-value over time (window of 20 seconds)

1.0 4

0.8

0.2

0.0 1

0.6
0.4 1

0.8 1

0.6 1

0.2 1

0.0 1

T
600

0 200 400 600

800 1000 1200 1400 1600

Fig.6: Top-left: Visualisation of averages of heat (red) vs baseline (blue) datasets for neuron

“‘AVDL”, where a clear change in pattern in the graph of averages is visible. Green vertical

line shows when the heat stimuli was introduced at T=8 minutes. X-axis represents time (in

minutes), and y-axis represents the strength of neural signal (in the number of standard

deviations). Top-right and bottom: Visualisations of p-value over time for neuron “AVDL”, for

three window sizes which passed the statistical significance criteria. X-axis represents time

(in time steps, where 100 time steps = 1 minute), and y-axis represents the p-value. The red

horizontal line shows where p-value = 0.05. The p-value drops below 0.05 for all 3 windows
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right after the introduction of the heat stimuli at T = 8 minutes (denoted by “800” on the x-

axis).
ASHL averages comparison ASHL p-value over time (window of 20 seconds)
—— 13 baseline recordings | 1.0
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Fig.7: Top-left: Visualisation of averages of heat (red) vs baseline (blue) datasets for neuron
“ASHL”, where there is no clear change in the pattern of averages after the stimulus is
introduced (green vertical line). Top-right: Visualisations of p-value over time for neuron
“ASHL”, for one window size which passed the statistical significance criteria. The p-value
drops below 0.05 only at T=8 minutes, and gets close to this value once before the stimulus
is introduced. Bottom 3 rows: individual measurements in the dataset for this neuron used to

calculate the averages.

To see all visualisations of p-values and averages over time as well as the delay and
duration of each identified time window, see Appendix D.
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Chapter 4
Discussion

4.1 Visualisation, averages, and difference within group vs between

groups

Taking an average across all individual measurements in heat versus baseline datasets
appears to “smooth out” the differences between individual measurements and show a
general trend they all follow. As an example in Fig.3, both heat and baseline datasets appear
to follow the same pattern of gradually declining before minute 8, which is not clearly visible
from graphs of individual measurements. At minute 8, there is a clear immediate rise in
signal in the average of heat datasets. Some of the individual heat datasets appear to have
a slight spike around minute 8, but this is not as clearly visible as it is with the average.

This “smoothing out” property might explain the discrepancy between the normalised
difference within group and normalised difference between group averages, where the
former tends to be about twice as high as the latter. Due to the discrepancy, we're not able
to simply compare the two normalised differences to e.g. identify neurons for which the
difference within group is low and difference between groups is high (which would identify
low-variability neurons that are likely to have a statistically significant difference between
heat and baseline datasets). Future research might look further into methods of comparing
the differences within group versus between groups.

For the neurons which appear to be high-variability neurons (due to having a high difference
between groups in the timeframe 6 — 10 minutes but not showing a clear change in pattern
around minute 8 on the graph of averages), one might expect the normalised difference
within groups to be higher than low-variability neurons. However, for the neurons included in
the visualisation that fit this criteria (“RIMR” and “RIML”, see Fig.4), this doesn’t appear to be
the case. The averages of baseline and heat are visually clearly different from each other
even before the stimulus (indicating a potentially high-variability neuron), however the
difference within groups is similar or lower than the difference of neurons with visually very
similar averages of baseline and heat before the stimulus e.g. “ADAL” neuron in Fig.3. This
might be due to the “ADAL” neuron having more outliers and a wider range of values in the
individual measurements (with some individual measurements reaching values as high as 15
with a likely outlier, and generally reaching values between -2 and 4 not considering outliers)
while still following the same general trend which shows up in the average, whereas “RIMR”

and “RIML” neurons appear to have less outliers and a smaller range between -1 and 3
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while possibly not following a general pattern, and rather just randomly oscillating within this
range. Therefore, it's possible that the average “smooths out” these outliers and large
ranges, but they play a role in inflating the average within-group difference. It’s also possible
that at least some of the neurons which have a high difference between groups in the
timeframe 6 — 10 minutes but don’t show a clear change in pattern around minute 8 on the
graph of averages are not high-variability neurons as we previously assumed, but rather they
are neurons that don’t follow a general trend over time. Furthermore, it's possible that the
significant visual differences between the group averages in “RIML” and “RIMR” neurons are
due to them having a smaller number of individual measurements than the “ADAL” neuron

which leads to less uniform averages, rather than a high variability of the neuron itself.

As mentioned in Section 3.2, 64 out of 109 considered neurons show the highest difference
between the averages of heat and baseline datasets to be in the timeframe 6 — 10 minutes,
which includes the time during and shortly after the stimulus. This can be interpreted as the
noxious heat stimulus having a wide effect on the nervous system of the worm, likely due to
the stimulus being indicative of danger.

4.2 Finding statistically significant neurons and p-value as a

function of time

Despite the strict statistical significance criteria, a relatively large number of 17 significant
neurons is identified. This might further indicate that noxious heat stimuli elicit a wide

response from the nervous system of the worm.

6 out of 17 neurons have known functions to either heat avoidance behaviour, other
avoidance behaviour, or backwards movement. 5 of these neurons (“FLP”, “AVER”, “AVDL”,
“‘ASHL”, “AWBL”) match the neurons previously identified as part of a heat avoidance circuit
as explained in Section 1.1.2. This means that our methods are successful in identifying at
least some of the neurons directly involved in the heat avoidance circuit. The remaining
neuron “ADLL” has been linked to other avoidance behaviour (38). It's possible the results of
our work indicate that another function of “ADLL” is detecting aversive heat stimuli from the
environment, especially because “ADLL” is a sensory neuron with direct connections to the
outside environment (29), and being on the “front lines” could mean that its statistical
significance is more likely due to a direct response to the stimulus rather than the neuron
being indirectly affected by upstream activity of other neurons.
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Of the remaining 9 neurons, some have a function that might be related to heat avoidance.
“IL2R” neuron regulates nictation which is a survival strategy under harsh conditions
(40)(42), and “ASGR” controls entry into a larval stage which C. Elegans enter when
conditions are too harsh for reproduction or growth (39)(51). As noxious heat stimuli can be
indicative of harsh conditions, it's possible that the response of those neurons is directly
linked to it. Similarly, the response of some of the remaining neurons responsible for social
behaviour might be due to the stress of the noxious stimulus inhibiting social functions. This
is speculative, and future work might involve lab-based approaches to further investigate the
identified neurons. This work has identified 17 neurons that might be directly linked to heat
avoidance behaviour and that can serve as a “shortlist” for future lab-based experiments.
Future lab-based research could involve inhibiting the function of individual or a combination
of those neurons to investigate how the heat response or other behaviour changes.

As mentioned in Section 3.2, 64 out of 109 considered neurons show the highest difference
between group averages to be in the timeframe 6 — 10 minutes. However, a much smaller
number of 17 neurons pass the statistical significance criteria. This is likely due to many
neurons being highly variable in general and showing p-values < 0.05 for many time
windows other than the time windows immediately following the stimulus. It's also possible
that the statistical significance criteria that we use is too strict and some of the neurons
which are in fact involved in the heat avoidance response were eliminated — it's possible that
some of those neurons are high-variability neurons, or that they have multiple functions
beyond heat avoidance which led them to be significantly active at other times, which then
led to p-values < 0.05 for time windows before the stimulus. This might explain why not all of
the known neurons responsible for heat avoidance behaviour have been identified. Future
research might consider methods of identifying high-variability neurons, detecting statistically
significant activity in high-variability neurons, and differentiating between high-variability

neurons and neurons with multiple functions.

Most of the 17 neurons only show statistical significance in only one of the potential time
windows. Some of the neurons show it in two windows, with “AVDL” being the only neuron
with three windows. As “AVDL” has a very clear visual change in pattern and it’'s one of the
neurons previously identified to be part of the heat avoidance circuit, it’s possible that the
higher number of windows corresponds to a more clear change in pattern. Furthermore, as
most of the neurons only show significance in one window, it’s possible that some significant
neurons were missed in this method due to not testing a window size that would show a
significance for them. Alternatively, if a neuron would show significance in only one of many
potential time windows, it's possible that the neuron is not significant and it just happened to

return a significant result for this one window due to chance. Future work could involve
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investigating more potential time windows as well as investigating whether certain sizes of

time windows are more indicative of significance than others.

Most of the 17 neurons show a clear visual change in pattern, for example the neuron
“AVDL” as visible in Figure 6. Some neurons don’t appear to have a clear change in pattern
while analysing the graph of averages, such as neuron “ASHL” (Fig. 7). However, this
neuron passes the strict significance criteria, and from the graph of p-value over time it's
visible that the p-value clearly drops below 0.05 only at the time of the stimulus. The p-value
only gets close to 0.05 at one time before the stimulus. It’s possible that the KS test returns a
significant result due to a change in pattern not visible on the graph of averages, such as
was illustrated in Figure 1. Future work could involve investigating the individual
measurements of the 17 identified neurons in order to better determine the type of the
pattern change.

A limitation of this work is that we can’t distinguish whether the identified neurons are directly
involved in the heat avoidance circuit, or whether they are simply downstream neurons
affected by the signals sent from other neurons upstream. We have shown that the neurons
show a statistically significant change in their activity immediately after the noxious heat
stimulus while not showing such a significant change in the time before, however this doesn’t
constitute a proof of the neurons being directly involved in creating the heat avoidance
behaviour. As noxious heat stimulus leads to a wide response in the worms’ nervous
system, many neurons will be inadvertently affected through their connections to other
neurons that are more directly involved in the behaviour. Future work could attempt to
distinguish between direct versus downstream neurons, for example by investigating the
delay between the stimulus and the change in neural activity.

The delay for all neurons with known connections to heat avoidance behaviour is 0, and
delays for other neurons range from 0 to 20 seconds. No delay might indicate that the
neuron is directly responding to the stimulus, and longer delays might indicate that it's a
downstream response or even that it's a response not related to the stimulus. Future work
can involve investigating what an expected delay for neurons is, dependent on what is
known about the chemical and anatomical properties that affect the speed of neural signal
propagation.

The duration ranges from a single time window to 120 seconds. Sensory neurons tend to
have a shorter duration, which could be due to them only transmitting the immediate sensory
information to other neurons connected to them. Motor neurons tend to have a longer

duration, which might indicate that the muscles and movement of the animal is affected for a
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significant length of time after the stimulus, for example by the worm moving backwards or
simply being in a state of “stress”.

As this work is not lab-based but rather only based on investigating a dataset with statistical
methods, it can be applied to neural recordings of animals other than C. Elegans such as
fruit flies, mice, chimpanzees, and humans. The method could be applied to recordings in
any format which represents the strength of neural signals over time, therefore it could be
used with e.g. EEG recordings. Future work could involve testing whether the method
returns satisfying results for more complex animals, and applying the method to identify
statistically significant neurons linked to behaviours that they exhibit.
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Appendix A

Self-appraisal

A.1 Critical self-evaluation, personal reflection and lessons learned

This was the most challenging university project | have completed. | chose a difficult topic
that | knew would push me to learn new practical skills that | haven’t used before. | initially
assumed that the project would involve investigating various pattern-detecting algorithms,
but it turned out to be very focused on statistical methods instead. This was a challenge,
because | haven’t had any experience with statistics before this project, and | had to
individually learn the relevant topics from scratch. However, | believe that | have been
successful in this, and | have been able to understand the Kolmogorov-Smirnov test to the
extend of being able to apply it as part of a method that | haven’t seen used in this specific
way anywhere else. What helped the most was seeing a relatively similar method in a
published paper which gave me the confidence that this method can be applied successfully
to this type of data, and that it doesn’t break some of the underlying assumptions of the KS
test. If | had not seen the method in the 2023 research of Randi, F., Sharma, A.K., Dvali, S.
and Leifer, A.M., | would have likely used a simpler or more limited method such as ANOVA.
In this project | have learned the importance of being familiar with the literature and reading
around a subject, because a method mentioned in passing in one paper could potentially be
a foundational method used in my work, as it happened with the KS test.

Admittedly, | have not been able to fully answer the posed question of “which neurons are
responsible for heat avoidance behaviour in C. Elegans”. | set out hoping that | could identify
the heat avoidance circuit, but through the course of the work I've come to realise that even
if | manage to identify statistically significant neurons, with the use of my current method it’s
not possible to tell whether those neurons are actually part of the circuit, or whether they’re
indirectly affected by the response of upstream neurons. More work would be needed in
order to get closer to the answer to my question, for example considering connections
between neurons and delays between responses of connected neurons. Unfortunately, due
to time limitations and due to my limited knowledge, | was not able to include these as part of
this project.

One of the first steps that | took as part of this project was to explore the datasets and
visualise them, so that | can gain a contextual understanding of what I'm working with and try
to look for any patterns that would give me an initial idea of what to focus on. Thanks to this,
| was able to see that some of the averages of heat datasets have a clear change of pattern

around the 8 minute mark. However, my supervisor pointed out examples where certain
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changes of pattern would not be visible in the averages, for example as in Figure 1.
Furthermore, I've realised that a visual change of pattern of the average doesn’t constitute a
proof of the neuron’s significance — it might be visible to a human eye and it might be an
indicator of something of interest, but another method that returns a quantifiable results is
necessary in order to “prove” anything. This pushed me to explore more advanced methods
such as ANOVA and the KS test, which return a p-value which is a generally accepted form
of proof of statistical significance. From this, | have learned that even though something
might visually seem obvious to a human eye, a quantifiable and rigorous method is
necessary in order for the result to be accepted in the scientific community. | have also
learned that investigating the data and visualising it in different ways can help to put the
quantifiable results into context, though by itself it doesn’t constitute a proof of statistical
significance.

What surprised me about this project is that the background reading as well as planning and
considering different aspects of my planned work took up significantly more time than coding
the actual implementation in Python. Two parts of the background research took up the most
time: identifying the appropriate method and ensuring that the method produces a result that
makes sense in the context of the method’s limitations and the dataset I'm using. I've
considered many various potential approaches for identifying significant neurons, most of
which would not fit quite right with the data or were not previously used in research for a
similar purpose. As I'm only an undergraduate student without a background in research or
statistics, | wanted to choose a method that has been used before for a similar purpose,
because that would give me the confidence that it's a reasonable approach. Therefore, most
of my time has been spent exploring various papers in search of an appropriate method.
Once | identified a potential method, | had to learn about it from scratch and understand its
scope and limitations, for example the underlying assumptions of the KS test which made it
necessary to supply the data as an average over a time window, rather than as individual
datapoints. I'm glad that | took the time to understand the method before jumping to
implementing it, because it made the coding process relatively quick and easy.

Another reason for background research taking up the largest portion of time is due to the
plethora of information and literature available about C. Elegans and statistical method. |
tried to learn as much as possible to gain more context and understanding of my research
problem, however | had to find the right point at which to stop in order to ensure that my
project is completed on time. One of the reasons why | chose this challenging project is so
that | can learn new topics and tools, and I'm very glad for having the opportunity to do so.
This project pushed me to develop very valuable skills of statistical analysis, working with
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large datasets, and reviewing literature, which | am certain will prove useful in my future

career.

A.2 Legal, social, ethical and professional issues

A.2.1 Legal issues

This issue is not relevant to my project. | did not need permission to use any of the tools or
data, as they are all publicly available. An example where legal issues could arise would be
if recordings of human brains were used, which might introduce legal issues of privacy
protections. However, to the best of my knowledge, there is no legislation restricting

research on neural recordings of brains of worms.

A.2.2 Social and ethical issues

These issues are not relevant to my project. If the project involved recordings of human brain
activity, there could be ethical issues associated with consent or social issues linked to
ensuring that underrepresented groups are considered. However, the project only considers
recordings of brains of worms and is not directly linked to research on humans, and
therefore those issues are not present.

A.2.4 Professional issues

There were no professional issues with my project. | worked on the project individually, and
there was no one else working on a similar project at the same time. The datasets used

were publicly available and I didn’t need to ask for permission to use them.
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Appendix B
External Materials

The external materials used were as follows:

- The datasets of worms’ neural activity, downloaded from www.wormwideweb.org

- The KS test function (“ks_2samp”) from Python SciPy library (as described here:

https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.ks 2samp.html)

- Matplotlib Python module, used to generate the graphs of neural activity and p-value
as a function of time
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Appendix C
Graphs of averages of top 10 neurons

This appendix contains the visualisations of averages of top 10 neurons (ordered by the
largest difference between the heat and baseline datasets during the timeframe of 6 — 10
minutes), the individual measurements used to calculate the averages, and the normalised

values of the differences between and within groups.

ADAL:

Absolute difference between avg heat and avg baseline (all time ranges normalised by
dividing by the number of measurements in that time range):

- Total: 0.36938092860999083

- 6 mins - 10 mins: 0.6357640314354449

- After 8 mins: 0.47511146314001523

Average absolute difference within group (normalised):
- Baseline: 0.9461370268691266
- Heat: 0.8279549472239018
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RIMR:
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Absolute difference between avg heat and avg baseline (all time ranges normalised by
dividing by the number of measurements in that time range):

- Total: 0.4662489870487432

- 6 mins - 10 mins: 0.6085925388689667

- After 8 mins: 0.34731064231262165

Average absolute difference within group (normalised):
- Baseline: 0.9419081186355691
- Heat: 1.0185651747375957
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I12R:

Absolute difference between avg heat and avg baseline (all time ranges normalised by
dividing by the number of measurements in that time range):

- Total: 0.47300047067722645

- 6 mins - 10 mins: 0.5455618213902548

- After 8 mins: 0.48870446635933673

Average absolute difference within group (normalised):
- Baseline: 1.092962287824133
- Heat: 0.9849223275062389
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AINL:

Absolute difference between avg heat and avg baseline (all time ranges normalised by

dividing by the number of measurements in that time range):

- Total: 0.3371962954134448
- 6 mins - 10 mins: 0.5374170381418755
- After 8 mins: 0.32900244329495704
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RIML:

Absolute difference between avg heat and avg baseline (all time ranges normalised by
dividing by the number of measurements in that time range):

- Total: 0.48517122380549393

- 6 mins - 10 mins: 0.5353050680454731

- After 8 mins: 0.39935072019842993

Average absolute difference within group (normalised):
- Baseline: 0.9874212264403215
- Heat: 1.0800852913749996
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AVDR:

Absolute difference between avg heat and avg baseline (all time ranges normalised by

dividing by the number of measurements in that time range):
- Total: 0.3824511985859299

- 6 mins - 10 mins: 0.5137185866540885

- After 8 mins: 0.5030986286610394

Average absolute difference within group (normalised):
- Baseline: 0.8628066926883347
- Heat: 0.9717031374406561

AVDR
—— 13 recordings
31 —— 12 recordings
2 .
1 .
0 .
_1 -

(R
N R o kN W

[
W N e oo o= N oW s

-2

o = N w &




-43 -

6 6 N 4
3
4 a4 6 2
41 1
2 2
21 0
0 0 oA -1
-2
=2 - — =21 v T T 1 T — -3t -
0 5 10 15 0 5 10 15 0 5 10 15 0 5
4 8
4
3 4 6
? 2
44
2
1
0o 21 0
0
-1 04
-2
-2 -2 1 2
0 5 10 15 0 5 10 15 0 5 10 15 0 5
AINR:
.

Absolute difference between avg heat and avg baseline (all time ranges normalised by
dividing by the number of measurements in that time range):

- Total: 0.40580264146217304

- 6 mins - 10 mins: 0.5074397141708197

- After 8 mins: 0.42144622843959256

Average absolute difference within group (normalised):
- Baseline: 1.0640107643195122
- Heat: 1.070521634137507
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Absolute difference between avg heat and avg baseline (all time ranges normalised by
dividing by the number of measurements in that time range):

- Total: 0.4142601895657753

- 6 mins - 10 mins: 0.5073533926874011

- After 8 mins: 0.42918338430853586

Average absolute difference within group (normalised):
- Baseline: 1.0523657059218028
- Heat: 1.0941798909457625
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Absolute difference between avg heat and avg baseline (all time ranges normalised by
dividing by the number of measurements in that time range):

- Total: 0.3726270644412103

- 6 mins - 10 mins: 0.491389803575899

- After 8 mins: 0.35484468964236315
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Average absolute difference within group (normalised):
- Baseline: 1.0278415844446596
- Heat: 1.06277874078395
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Appendix D
Graphs of p-value over time of 17 statistically significant neurons

This appendix contains the graphs of p-value over time for the 17 neurons identified as
statistically significant, delay and duration values for each time window, the graphs of the
averages of baseline and heat groups for these neurons, and graphs of individual

measurements used to calculate the averages.
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Delay: 10 seconds after stimuli
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IL2R averages comparison
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ASHL p-value over time (window of 20 seconds)
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NSML averages comparison
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NSML p-value over time (window of 20 seconds)
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AVDL p-value over time (window of 5 seconds)

1.0 A

0.6 1

e
.‘

0.0 1 . L I I -

T T

0 200 400 600 800 1000 1200 1400 1600

Delay: 0 seconds after stimuli
Duration: 105 seconds

AVDL p-value over time (window of 10 seconds)

M(J |

M I
AT | \
i

0.0 1

T T

0 200 400 600 800 1000 1200 1400 1600

Delay: 0 seconds after stimuli
Duration: 40 seconds



-56 -

AVDL p-value over time (window of 20 seconds)
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AWBL p-value over time (window of 20 seconds)
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ADLL p-value over time (window of 5 seconds)
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URADL averages comparison
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FLPR averages comparison
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