
ABSTRACT

ZHAO, JIASHU. Dose-Response and Generalized Additive Models for Open Label Trials:
Applications to a Noise Aversion Study in Dogs. (Under the direction of Emily Griffith).

Noise aversion is a common behavioral condition in dogs. Common triggers include

fire works, gunshots, and noises from motor vehicles. Thunderstorms are often classified

as noise aversion, but some controversy exists as dogs may respond to non-noise related

meteorological phenomena. This paper included data from an experiment designed and

completed at the North Carolina State University (NCSU) College of Veterinary Medicine in

2021 to identify the optimal dosing of a novel treatment in controlling dog anxiety caused

by storms. Based on the data collected in the experiment, this paper analyzes the rela-

tionship between a novel dose with treatment effect, and investigates the responses of

the experimental dogs over time. To answer these questions, I built a four parameter log-

logistic dose-response model, and fitted Generalized Additive Models (GAM) with cubic

splines on weekly surveys data and storm log data. Our findings indicate significant differ-

ences between dogs’ performance during the treatment and baseline (a novel decreases

dog anxiety). Furthermore, due to changes in the growth rate of drug efficacy, results also

revealed that 20 mg/kg was a practical and reasonable dose choice in the short term. As

the treatment time increased, the abnormal behaviors of dogs caused by noise aversion

significantly decreased. Dogs’ daily behavior scores decreased monotonically as the ex-

periment progressed, and dogs’ behavior scores during storms flattened after 30 days of

the experiment. The presence of lightning in the storm, and the intensity of the storm, had

a significant impact on the treatment effects.
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CHAPTER

1

INTRODUCTION

1.1 Background

Domestic dogs are the second most commonly kept companion animal in the United

States. Nearly half of all households have a dog and the population is about 83 million.

Household pets rely on their owners for all of their care. Understanding dog behavior can

help improve the relationship between dogs and their owners as well as improve both the

dog and owners’ quality of life.

Separation anxiety and noise aversion are common behavioral conditions in dogs (Bal-

lantyne 2018). The severity of symptoms may vary depending on variety of factors. In gen-

eral, nearly 35% of dogs are reported to have separation anxiety (Bradshaw et al. 2002) and

up to 45% of dogs are reported to have noise aversion (Blackwell et al. 2005).

Fire works are the most frequent trigger for noise aversions in dogs. Other common

triggers include thunder, gunfire, and noises from motor vehicles like cars backfiring (Sher-

man and Mills 2008). However, thunderstorms involve several meteorological stimuli in

addition to just noise, making management of fear of thunderstorms complicated.
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1.2 Motivation

In May 2021, investigators at NCSU completed a study to identify the optimal dosage of

a novel treatment in controlling thunderstorm anxiety in dogs. Building on the results

of a randomized, placebo-controlled clinical trial, they designed an open-label baseline-

controlled study, recruited qualified dogs, recorded the data and successfully completed

the study. During the course of the study, the owners of the dogs were asked to complete

weekly surveys about their dog’s anxiety over the past week (using a standardized scale).

Additionally, owners were asked to complete a storm log during each thunderstorm, also

using a standardized scale. Complete bloodwork (CBC and serum biochemistry) and uri-

nalysis was collected for each dog at the beginning and the end of the study.

The goal of next chapter is to review and summarize the experiment, as well as situate

it in related previous literature. The statistical analysis of this study can be approached

from many angles, and the review will clarify our approaches.

Specifically, the literature review will focus on the experimental design first, and then

discuss modeling approaches. This experiment will be compared to a double-blind ran-

domized design. The information obtainable about dosing from analyzing these data will

be discussed. The review will also summarize the advantages and disadvantages of each

method included.
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CHAPTER

2

LITERATURE REVIEW

2.1 Experimental Design in Clinical Trials

2.1.1 Double Blinding

Many researchers believe that randomized controlled trials are the most rigorous way to

evaluate causation between treatment methods with the treatment result (D’Agostino and

Kwan 1995), and double blinding is a basic element in randomized controlled trials. Dou-

ble blind trials are type of clinical trial in which neither the participants nor the researcher

have the information about the treatment given during the experiment. They are designed

to reduce biases that are subjectively created by patients and researchers.

However, double blinding is not without limitations. Financially, it involves an increased

administrative load, adding extra steps to the entire study. Medically, we should pay more

attention when administering oral medication and assess the effect by patients’ behavior,

especially if the clinical reaction is recorded immediately after the ingestion. For example,

vomiting is a clear and objective sign, but it may be caused by psychological origin like

the aversion of the offended food or the memory of reaction in the past, and not related to

the treatment or placebo (Niggemann and Beyer 2007). What’s more, if we give the partic-
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ipants treatment and placebo alternately within a short time interval in a crossover trial,

the treatment may have a delay effect to interface the reaction when given placebo. To de-

termine an appropriate time interval, we must relay on previous studies, which increases

the instability of the experiment.

Double-blind placebo-controlled randomized studies still represent the most reliable

methods for inferring causation, especially when we want to evaluate the effect of a spe-

cific treatment in a clinical trial.However, not all studies need to be double-blind. In tradi-

tional view, the placebo has to be built based on concealment, the purpose of which is to

make participants believe they are taking the drug and expecting results to occur. However,

recent studies present evidence that placebos may work even with open label. One study

suggested that open-label placebos may also reduce symptoms in allergic rhinitis (Schae-

fer et al. 2018), and improve symptoms of allergic rhinitis better than a control group. Al-

though it seems logical that the double-blind placebo-controlled study can reduce bias

the most, recent work suggests effect of open label placebo can even be positive. Ted J.

Kaptchuk believes that the placebo effect is more likely caused by the treatment action,

but not what the patients think (Kaptchuk 2018). Deception of the placebo is not the most

important, and the behavior of taking a placebo matters.

2.1.2 Open Label Clinical Trials

Open label extension studies are a type of study which do not conceal information about

treatment from the participants. All details during the study are open and transparent to

both the researchers and the participants. The length of an open label study is usually

longer than a randomized placebo-controlled study when it is designed to test the safety

and tolerability of a certain drug.

Open label extension studies usually follow a phase 3 clinical trial. For example, the

number of open label extension studies reviewed in 2004 by the multicentre research ethics

committee for Wales was about 1/6 of the number of phase III studies (Taylor and Wain-

wright 2005). Open label studies have an important place in clinical trial, and are growing

in popularity.

It is a common concern that the open label extension studies may have larger bias

than double-blind randomized controlled trials. Clinical trials are affected by many factors

that can contribute to bias, including selection bias, subject retention performance bias,

detection bias and attrition bias (Jüni et al. 2001).

Selection bias can be caused by any factor that affects study participation, and also
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comes from any error in the selection process (Tripepi et al. 2010). For example, if researchers

only recruit people in a certain region, they may have a higher tolerance to a specific drug.

Another example is that people with severe disease may refuse to participate in the study,

resulting in a lower estimated risk rate than the true value.

Detection bias occurs when treatment results are not measured in a comparable way

(Rudicel 1988). For example, doctor A determines the outcome of patients in group A by

his own habits, and doctor B decides the outcome of patients in group B by a different way.

The results cannot be compared due to different scales and even different meanings.

Attrition bias refers to the bias caused by withdrawal. We can’t simply treat the with-

drawal of people as non-informative, because sometimes those who leave a study are of-

ten likely to be different from those who continue. For instance, in an intervention study of

diet and depression, people who stayed on were generally less depressed than those who

dropped out (Nunan et al. 2018).

Research has found that if the open label study follows a double-blind randomized

study, the result may have selection biases arising from patients selecting to be in the study

(Hemming et al. 2008). In this case, participants are usually invited to enroll in the open

label study at the end of the double-blind phase. However, those who are sensitive to the

drug may have withdrawn during the double-blind phase, so inviting them to stay in the

open label trial is actually selecting participants from a population which has higher toler-

ance than the full population of all patients with the given condition.

Strict inclusion and exclusion criteria in the selection section of a study can help avoid

selection bias.

Although an open label study sounds like it may be more likely to be biased than a ran-

domized controlled trial, Schulz and Grimes (2002) argue that open trials should not be

considered inferior. A blinded trial is not always appropriate, and sometimes adds cost in

time and burden for investigators and patients. For example, due to higher complexity, pa-

tients are expected to take a large number of tablets because of the double-dummy design

with active substance and placebo (Beyer-Westendorf and Büller 2011). This may lead to

a higher withdrawal rate of patients, whose reasons are not related to the treatment effect

and the placebo effect. Open label trials are streamlined and do not necessarily sacrifice

the inferential value of trial results.
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2.2 Statistical Analysis

When we try to analyze and understand data, multiple statistical methods are available

for us to consider. In order to select an appropriate statistical method, we need to be clear

about the purpose of our study and the type of data we have. We aim to explain our results

authoritatively, precisely, and clear.

In this section, I will discuss the statistical methods widely used in the literature about

dog anxiety and from other medically relevant and similarly designed dose analysis stud-

ies.

2.2.1 Statistical Analysis for Comparison

One of the most common goals in clinically relevant literature is comparison, especially

when the author wants to test the efficacy of one specific treatment compared to another.

If the primary goal of a clinical trial is to demonstrate efficacy, statistical tests that com-

pare the treatment group to a control group are a vital part of the analysis. In a treatment-

placebo design, the participants are divided into 2 groups. One group receives the treat-

ment while the other receives placebo. Differences between the treatment and placebo

group must be obtained in order to claim efficacy. We may also want to evaluate what

dose levels exhibit a response that is different from the control. Side effects of the treat-

ment should also be considered in the evaluation. Pretreatment and posttreatment values

for tests run on urine and blood are often collected, in order to test for any physiological

changes caused by the treatment.

We can use different values to compare two data sets, including but not limited to the

mean, median, standard deviation. T-tests are used if we want to compare the means be-

tween two samples. A t-test is a statistical hypothesis test, and under the null hypothesis,

we assume the test statistic follows a student’s t-distribution. Depending on whether the

data is paired (the observations in two groups are corresponding one-to-one) or unpaired

(the observations in two groups are independent), we may pick a paired t-test or unpaired

t-test.

The most prominent advantage of the t-test is its validity for any distribution in large

samples. Barrett and Goldsmith (1976) found that even for highly skewed population, 40

or more samples are sufficient to achieve an average percentage coverage of 95 percent.

Large sample sizes result in more accurate inference and help identify outliers. However,

considering the safety and feasibility of the experiment, animal experiments generally do
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not involve a large number of individuals. This makes t-test a suitable method for analysis.

However, when we start running multiple t-tests on the same dataset, the type I error

rate increases. Type I error represents false positives, and happen when rejecting the null

hypothesis while the null is in fact true. To determine statistical significance, typically we

compare a p-value to a cut-off, or significance level. Usually the criteria is 0.05 or 0.01 (Kim

2015), which represents how extreme the sample is if the null hypothesis were true.

In a clinical study, when more than one statistical test is performed in comparing or

analyzing data, the conventional P < 0.05 is not sufficient as significant evidence and some

adjustment is required (Tukey 1977). As the number of comparisons (say k ) increases, the

type I error rate rises following the formula 1− (1−α)k if the tests are independent to each

other. Table 2.1 shows the actual type I error rate if no adjustment is applied when running

multiple tests.

Table 2.1: Type I Error Rates Without Adjustment with α= 0.05

Number of Tests 1 2 3 4 5 6 7
True Type I Error Rate 0.05 0.10 0.14 0.19 0.23 0.26 0.30

The Bonferroni correction method is one of the simplest methods of controlling type

I error rates. By dividing the nominal significance level α by the number of tests, each in-

dependent significance test now has the level α/n , guaranteeing that the global null hy-

pothesis has the same significance level α when the global null is true (VanderWeele and

Mathur 2019).

The Bonferroni correction performs poorly when sample sizes are small or the number

of tests being conducted are large, since it may led to an adjusted significance level α/n

that is overly strict. However, its ease of use may make up for its conservative nature.

2.2.2 Regression

In addition to comparing treatment groups, a primary goal of clinical trials may include

finding the correlation between a dose and an end point, determining the toxicity or safety

of a treatment or estimating the minimum effective dose (MED). The emphasis on MED is

driven by growing interest from the Food and Drug Administration (FDA) and the scientific
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community as a whole (Ruberg 1995). Dose level is usually a continuous various, so an

intuitive and clear regression curve based on given doses and time can help determine a

small range of the of MED and help assess the treatment period duration and maximum

doses.

Dose-response models are regression models where the independent variable is usu-

ally dose or concentration, and the dependent variable is the response to the treatment.

Since the response value is usually a random sample, a dose-response model should

specify how the mean of the response is described by a parametric function of dose, as well

as specifying assumptions about the distribution of the response.

In a dose response analysis, perhaps the most popular fitted curve is sigmoidal, or S-

shaped (Ruberg 1995). The effect of a drug can’t grow indefinitely, and in the first few days

of taking the drug, there maybe basically no effect. A sigmoidal represents this kind of trend

well, as it increases over a particular time interval, and approaches to a saturation value at

last.

There are a variety of equations to describe the sigmoidal, and logistic regression and

Gompertz models are the most popular among them (Berny 1994). In practice, it is also

important for the regression methods to establish two values, a dose that produces a 50%

response (the ED50) and a maximal response for the dose-response curve(a T m ) (Meddings

et al. 1989).

For example, in a salvage radiotherapy following radical prostatectomy study, King

(2016), used the standard tumor control probability (TCP) equation, given by:

T C P =
e (d−E D50)/k

1+ e (d−E D50)/k
(2.1)

where d is total dose, and k is a fitting parameter related to the slope at the ED50 dose

point.

A more broadly applicable four-parameter log-logistic model is given as follows:

f (x : b , c , d , e ) = c +
d − c

1+exp
�

b
�
l o g (x )− l o g (e )

�	 (2.2)

where the models are parameterized using a unified structure with a coefficient b de-

noting the steepness of the dose-response curve, c , d the minimum and maximum of the

response, and, e the dose producing a 50% response as ED50. ED50 is the dose resulting in a

50% reduction in the average response relative to the lower and upper limits. Such relative

effective doses are mostly suitable for continuous responses.
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If researchers have to fit the dose-response model on a very small data set (< 15 ∼
20), then a logarithm-transformation can be made on the normally distributed parameter

ED50, to make the assumption of normality more reasonable.

When researchers try to compare two or more dose-response curves, they want to find

a reasonable way to statistically evaluate the curves, and generate a significant report just

like comparing two data set. Ideally, they also want to identify the difference between ED50

and T m , which is important in medical applications. Although it sounds easy to achieve,

it has been unclear on how to solve this common problem. Researchers have to evaluate

the differences between curves by performing multiple comparisons of the response at

different doses, which may lead to losing some of the information contained within the

curve (DeLean et al. 1978).

An alternative to the sigmoidal is the restricted cubic spline (RCS) function (Desquil-

bet and Mariotti 2010). A spline function is a special piecewise function, whose pieces are

polynomials defined as splines with low degrees. The boundary between two regions is

called "knot", and the number of knots must be specified by the user. A general formula of

an unadjusted spline regression is given as follows:

f (y ) =α+
N∑

i=0

δi ·Si (y ) (2.3)

where y is the value of a continuous response V , α the intercept, Si the i th spline, δi

the estimate related to the Si spine, and N equals one less than the total number of splines

included into the regression. The number of knots and the type of spline functions de-

termine the total number of splines. The type of spline functions include binary, linear,

quadratic, cubic, restricted quadratic, a restricted cubic spline (RCS) functions.

Quadratic and cubic spline functions are a sum of polynomials with degrees of 2 and 3.

The 3r d order polynomial is also a S-shaped curve, so fitting a cubic spline function is sim-

ilar to fitting multiple sigmoidal on multiple intervals, and connecting them smoothly at

each knot. Restricted quadratic and cubic spline functions are quadratic and cubic spline

functions with an additional linear fit at the left and right ends of the curve. This restric-

tion makes the whole curve look smooth and realistic, avoids the strange fluctuations in

the head and tail that can occur without the restriction.

RCS has been used in the literature to estimate fitted curves representing the relation-

ship between response variables with continuous exposures.

Greenland et al. (2020) evaluated the relationship between medication adherence and

myocardial infarction (MI) survivors. They fitted adjusted Cox regression models with RCSs
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to investigate the effect of adherence to each separate drug group on outcomes. The RCS

Cox models determined the shape of the relationship between continuous proportion of

days covered (PDC) for each medication adherence and outcomes without any a priori as-

sumption of linearity. By fitted the RCS model, they confirmed that adherence to evidence-

based pharmacotherapies after recent MI was not ideal, identified an approximately linear

relationship with outcomes, and no significant association for beta-blockers.

Generalized Additive Mixed Models (GAM) are a kind of linear model where the re-

sponse variable depend linearly on some specified parametric functions and unspecified

nonparametric smooth functions. GAM has long been widely used in medical research, es-

pecially in clinical trial area like the proportional hazards function for survival data(Hastie

and Tibshirani 1995). The GAM has the form:

y =β0+β1X1+ f (X2)+ · · ·+ f (Xp )+ ϵ (2.4)

Polynomial or penalized regression splines are common parametric functions for f .

Although GAMs have a high propensity for overfitting, GAMs have the ability to model

complicated non-linear relationships with high accurancy and a low estimate error.

2.2.3 Classificaton

K-means is a numerical, unsupervised, non-deterministic, iterative method in classifica-

tion(Na et al. 2010). In general, the k-means algorithm consist of two phases. K needs to

be pre-specified for the number of clusters. The first phase is to select k centers randomly.

The second phase is to assign each data object to the nearest center, and calculate the dis-

tance between each data point and its center. This process continues iteratively until the

sum of distances converge to a minimum. The minimum function is defined as follows:

min(
k∑

k=1

W (Ck )) (2.5)

Where Ck is the k t h cluster and W (Ck ) is the variation within the cluster.

The elbow method is a visual method, and is one of the oldest methods for determining

the number of clusters in a data set(Kodinariya and Makwana 2013). The basic idea for k-

means is to define clusters such that the total within-cluster variation(WSS) is minimized,

a way to determine the number of clusters is to calculate the WSS for different values of

k . A high number of clusters often results in low flexibility, so for a not too large data set,
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varying k from 1 to 15 clusters should be enough. Then plot the curve of WSS according

to k , and the location of a bend (knee) in the plot is generally considered as an indicator

of the appropriate number of clusters. The rationale is that after this, even if you increase

the number of clusters, the new cluster is very near the original one, with less flexibility.

2.3 The Novel Treatment Trial

We can revisit the open label dosing trial in detail now that we have surveyed the literature.

In this study, 35 dogs that suffered from acute fear or anxiety due to storms in the pre-

vious year were recruited from the area surrounding North Carolina State University. All

the dogs met a strict exclusion criteria in order to reduce the selection bias.

The entire design can be divided into 5 periods: baseline, period A, period B, period C

and period D. All the periods except period D lasted 14 days each, which means the first

date for each period is on day 0, 14, 28, 42, 56 after the start of the experiment. Period D

lasted 28 days, ending on day 84.

The investigated drug is the only treatment in this study. The dose started at a low level

of 10 mg/kg, and gradually increased the dose based on the owners assessment of the treat-

ment effect, to maximum dosage of approximately 30 mg/kg bodyweight (bw).

Storm logs were handed out to the owners during the experiment, and they were asked

to fill in the storm logs during each thunderstorm. The storm anxiety score consists of

the behaviours based on Lincoln Sound-Sensitivity Scale (LSSS), and the owners rated the

severity of these behaviours on a scale from 1 (small amount) to 5 (extensive amount).

Behaviours that didnt occur were be scored as zero. The sum of these scores constituted

the Canine Anxiety Scale Score (CASS) with a range from 0-80.

In addition to the storm logs for thunderstorms, the owners were asked to fill in weekly

surveys for the past weeks’ overall LSSS and occurrence of any adverse events. The behav-

iors were rated in terms of frequency and extent. The score was calculated by multiplying

frequency scores by extent scores for each behavior, and then adding the scores from each

behavior to a total score called Lincoln Canine Scale Score (LCSS) with a range from 0-240.
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CHAPTER

3

STUDY RESULTS

All the results were analyzed using R-studio 4.11 (R Core Team 2021).

3.1 Subjects

Thirty-five dogs enrolled in the experiment at the beginning. Two of them never started the

medication test; two of them withdrew after the treatment period A, seven of them with-

drew after the treatment period B, and nine of them withdrew after the treatment period

C. We have fifteen dogs that completed the entire study till the end of treatment period D.

The demographics for the dogs are shown in Table 3.1. In Table 3.1, the dogs are grouped

by their end point treatment period, and the ‘Number of dogs’ shows how many dogs with-

drew after completing that treatment period. The ‘Duration’ shows the total duration of

their experiment.
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Table 3.1: Demographics for the Treatment Period Group for Duration, Weight, Age

Period Duration (days;mean(SD)) Age (years;mean(SD)) Weight (mean(SD)) Number of withdrawn Number of dogs
Baseline NA 7(1.41) 25.3(26.45) 2 35

A 31(5.66) 6(1.41) 17.35(13.65) 2 33
B 64.43(20.08) 5.43(2.23) 16.39(6.47) 7 31
C 73.67(23.48) 8(2.87) 22.03(10.78) 9 24
D 98.4(13.11) 6.87(2.83) 21.4(9.71) 15 15

Number of withdrawn: the number of withdrawn dogs after the corresponding treatment period; Number
of dogs: the number of dogs enrolled at the beginning of the corresponding period

Table 3.2: Descriptive Statistics for Dose Level, LCSS, CASS in each Period

Treatment period Weekly dose (mg/kg;mean(SD)) Weekly LCSS (mean(SD)) Storm log dose (mg/kg;mean(SD)) Storm log CASS (mean(SD))
Baseline NA 63.67(28.27) NA 23.22(10.09)

A 11.90(3.36) 43.25(28.40) 12.62(3.05) 16.68(11.11)
B 19.76(5.37) 34.84(28.08) 19.69(5.15) 14.75(10.54)
C 25.16(6.40) 23.56(22.05) 25.63(7.19) 11.00(8.53)
D 25.83(7.09) 27.74(30.36) 22.94(8.46) 10.42(10.09)

3.2 Treatment

Although the efficacy of the drug was established in a previous study (Perdew et al. 2021),

statistical validation is still required in our experiments. Our main response variables are

the LCSS from weekly surveys and the CASS from storm logs, which were used to assess

the level of anxiety in dogs. High LCSS and CASS scores suggest that dogs are more ag-

gressive and anxious. The null hypothesis in our study is that, compared to the baseline

performance, treatment with the drug will result in lower LCSS and CASS during storms

and for weeks during storm season.

Table 3.2 shows the mean and standard deviation for LCSS from Weekly Surveys and

CASS from Storm Logs.

Table 3.3 shows the result of paired t-tests comparing LCSS from weekly surveys to

baseline, with the null hypothesis that the average LCSS from baseline is equal to the aver-

age LCSS from treatment period A, B, C and D. Table 3.4 shows the results of paired t-tests

comparing CASS from the storm logs to baseline, with the null hypothesis that the average

CASS from baseline is equal to the average CASS from treatment period A, B, C and D.

From Table 3.3 and Table 3.4 we can see that significant differences were found in all

the four treatment period (p < 0.005), and we may reject the null hypothesis. That is, for

LCSS and CASS, all the four treatment periods show significant improvement compared
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to baseline.

Table 3.3: Paired T-test with Baseline (Weekly Surveys LCSS)

Treatment Period T statistic P value 95%CI for LCSS Number of Dogs
A 5.64 <0.0001 (13.73,29.29) 32
B 6.04 <0.0001 (18.48,37.5) 28
C 6.98 <0.0001 (28.74,53.63) 18
D 6.30 0.0001 (28.77,60.25) 11

Table 3.4: Paired T-test with Baseline (Storm Logs CASS)

Treatment Period T statistic P value 95%CI for CASS Number of dogs
A 4.92 <0.0001 (4.8,11.67) 28
B 5.97 <0.0001 (5.8,11.92) 26
C 6.02 <0.0001 (7.84,16.25) 19
D 4.35 0.0024 (5.92,19.29) 9

3.3 End Points Dose-response Model

The intended dosing regimen was a dose of 10-30 mg/kg bodyweight (bw) per twice daily

(i.e. in total 20-60 mg/kg bw per day). The study provided a dosing table to guide owners

in how to give their dogs medication. However, there are only two sizes of tablets (100 mg

and 400 mg), and the only way to manually adjust the dose is to halve the tablet. While the

expected dose levels given in the guideline are 10, 20 and 30 mg/kg, the true dose amounts

given to the dogs were continuous and ranged from 6.49 mg/kg to 34.68 mg/kg.

Continuous dose data are suitable for dose-response analysis. The shape of a dose-

response curve is usually sigmoidal, with upper and lower limits or asymptotes.

This analysis focuses on the end point performance for each dog. Since more than half

of the dogs withdraw before the experiment ended, their given doses and LCSS/CASS at
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the point they withdraw were recorded as their end point performance. In order to control

for individual differences between dogs, the response variables are the difference between

baseline LCSS/CASS from the end point LCSS/CASS. The assumption is the LCSS/CASS

difference has a sigmoid relationship with drug dosing.

Figure 3.1 shows a four parameters log-logistic model fitted on the end point for each

dog from weekly survey data. In reality dosing began at 10 mg/kg, while in the regression

model we assume the dose starts at 0 mg/kg and and goes up continuously.

The independent variable is the dose concentration (mg/kg), and the response variable

is the difference of baseline LCSS with end point LCSS for each dog. A higher response

value indicates a greater reduction in the level of the dog’s anxiety reaction toward storms

compared to its performance during the baseline period. The overall trend of the curve

is monotonically increasing. From 0 mg/kg to 20 mg/kg, the curve shows a steep upward

trend, while after 30 mg/kg, the increasing trend slows down.

Three responses were negative, which means their end point performance had barely

changed or gotten worse than the baseline. These three dogs withdrew from the study sep-

arately after finishing treatment period A,B,D, and their LCSS increased 14, 8 and 11.5, re-

spectively.

For all other dogs, the end point performance was better than baseline. The dog with

the least reduction in LCSS decreased the score by an average of 2.33, and the dog with the

largest reduction decreased its score by 83 compared to its baseline.

Table 3.5: Summary of Log-logistic Model Fitted on Weekly Surveys

Parameter Estimate Std Error t value p value
b -1.27 5.46 -0.23 0.82
c -4.12 21.50 -0.19 0.85
d 10.14 1.58 6.41 <0.01
e 0.02 0.03 0.72 0.48

Table 3.5 shows the estimated values of the four parameters fitted by log-logistic model

on weekly survey data. The dose that causes 50% response is referred to as the E D50, and

the ‘Slope’ describes the slope of the curve around the ED50. The greater the absolute value

of the ‘Slope’, the steeper the slope of the curve. The upper limit corresponds to the mean
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Figure 3.1: Dose-response (LCSS) Four Parameters Log-logistic Model on Weekly Surveys
with 95% Confidence Interval

Table 3.6: Predicted LCSS Difference by Log-logistic Model Fitted on Weekly Surveys

Dose Predicted LCSS Difference 95% CI
10 26.62 (4.97,48.27)
15 32.32 (18.54,46.11)
20 34.07 (23.59,44.55)
25 34.73 (24.2,45.26)
30 35.03 (23.55,46.51)
35 35.18 (22.82,47.53)
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response of the control and the lower limit is the mean response at very low doses. The

estimated slope, lower limit, upper limit and ED50 is -3.05, 0.39, 35.43 and 7.

The estimated upper limit is 35.43, which suggests that the expected effect by the drug

can reduce the LCSS by 35.43 if given at high doses above 30 mg/kg.

Table 3.6 shows predicted differences between endpoint LCSS and baseline LCSS, fit-

ted by log-logistic model on weekly surveys data. In this log-logistic model, at 10 mg/kg

dose, the predicted effect of the drug is to reduce the weekly LCSS score by 26.62; at 20

mg/kg, the predicted difference is 34.07, which is close to the predicted difference 35.03 at

30 mg/kg. The reduction in LCSS at 10mg/kg is already notable, but there is considerable

improvement at 20 mg/kg.

Figure 3.2 shows four parameters log-logistic model fitted on storm logs (CASS). The

independent variable is the dose concentration mg/kg, and the response variable is the

difference of baseline CASS and end point CASS for each dog. A higher response value

indicates a greater reduction in the level of the dog’s anxiety reaction toward storm com-

paring to its performance during baseline period. The overall trend of the curve is nearly

parallel with the x-axis, and it seems the reduction of CASS is not highly related to the dose

level.

Four responses were negative, which means their end point performance had barely

changed or gotten worse than the baseline. These four dogs withdrew from the study sep-

arately after they finished treatment period A,B,C,D, and their CASS increased 0.92, 1.33,

2.08 and 6.13 respectively.

For all other dogs, the end point performance was better than baseline. The dog with

the least reduction in CASS decreased the score by an average of 0.5, and the dog with the

largest reduction decreased its score by 22.5 compared to its baseline.

Table 3.7: Summary of Log-logistic Model Fitted on Storm Logs

Parameter Estimate Std Error t value p value
b -1.27 5.46 -0.23 0.82
c -4.12 21.50 -0.19 0.85
d 10.14 1.58 6.41 <0.01
e 0.02 0.03 0.72 0.48
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Figure 3.2: Dose-response (CASS) Four Parameters Log-logistic Model on Storm Logs
with 95% Confidence Interval

Table 3.8: Predicted CASS Difference by Log-logistic Model Fitted on Storm Logs

Dose Predicted CASS Difference 95% CI
5 10.13 (6.81,13.45)

10 10.14 (6.88,13.39)
20 10.14 (6.9,13.39)
25 10.14 (6.9,13.39)
30 10.14 (6.9,13.39)
35 10.14 (6.9,13.39)
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Table 3.2 shows the estimated values of the four parameters fitted by log-logistic model

on storm logs data. The dose that causes 50% response is referred to as the ED50, and the

"Slope" describes the slope of the curve around the ED50. The greater the absolute value of

the "Slope", the steeper the slope of the curve. The upper limit corresponds to the mean

response of the control and the lower limit is the mean response at very low doses. The

estimated slope, lower limit, upper limit and ED50 is -1.27, -4.12, 10.14 and 0.02.

The estimated upper limit is 10.14, which suggests that the expected effect by the drug

can reduce the LCSS by 10.14 at most. In fact, from the predicted difference between end-

point CASS with baseline CASS, fitted by log-logistic model on weekly surveys data shown

in Table 3.8, the effect at all doses are close to each other at 10.14.

From Table 3.8, we can conclude that the drug reduced the CASS by 10.14 at nearly all

doses. The reason why we couldn’t observe a trend in doses may be due to the variation

in storms. The owners were asked to evaluate the storm by three levels (mild, moderate,

and severe), and they also recorded whether the storm had thunder. However, in the dose-

response model, the effect of the storms was not included.

3.4 GAM

Thirty-five dogs were included in the experiment. However, the difference between their

performance cannot be ignored or simply treated as individual difference, because the

number of observations was not large enough and we can’t guarantee the selection was

completely random. In the dose-response model and time-response model, mixing all the

dogs together may result in insensitivity and lack of information because their baseline

values were quite different. Thus, I decided to perform K-means classification method on

the dogs based on their baseline performance.

3.4.1 GAM on Weekly Surveys

In order to determine how many clusters are needed for classification, the elbow method

was performed first.

Figure 3.3 is the elbow plot for the weekly LCSS recorded in the weekly surveys. The

average of each dog’s LCSS score during the baseline period were calculated. Note that the

inflection point of the curve occurs when k = 4, which means four clusters is an appropri-

ate choice for this data.
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Figure 3.3: Elbow Point for Weekly Surveys

Figure 3.4: Four Clusters K-means on Weekly Surveys
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Table 3.9: Descriptive Statistics for Clusters for Weekly Surveys

Group Number of dogs Observations Dose average Dose SD LCSS average LCSS SD
1 4 35 14.78 7.69 13.75 7.44
2 12 120 19.09 8.97 32.93 22.05
3 12 136 20.30 7.33 46.30 29.05
4 7 85 20.74 6.82 65.39 36.89

Number of dogs: Number of dogs at the beginning of the study in corresponding group; Observations:
Number of repeated observations for all dogs in corresponding group

Figure 3.4 shows the histogram for the average of baseline LCSS form weekly surveys

data. After the four clusters’ k-means classification, the average baseline LCSS were di-

vided into four groups, and the edges of the four clusters are indicated by dashed lines in

different colors in Figure 3.4. The first cluster includes scores between 5 to 25 and contains

4 dogs; the second cluster includes scores between 39 to 58 and contains 12 dogs; the third

cluster includes scores between 60 to 80.5 and contains 12 dogs; and the fourth cluster in-

cludes scores between 88.5 to 128.5 and contains 7 dogs. Table 3.9 shows the descriptive

statistics for clusters for weekly survey data.

In order to observe and conclude how the score changes over time, we then like to fit

the Generalized Additive Mixed Model (GAM) with cubic splines separately on each cluster.

The model is fitted over the timeline in weeks after the start of the experiment. The appro-

priate number of knots for cubic spline should be number of total periods minus one. We

have five time periods in total (baseline and treatment periods A,B,C, and D), but treat-

ment period C and D shared the same dose level, so the number of knots for cubic spline

should be 3 or 4. Generalized Cross-validation (GCV) is used to select the best number of

knots.

S c o r ei j =β0+ f (w e e ki j )+γi + ϵi j
(3.1)

where f (x ) =
∑3

j=1 b j (x )β j , and γi is the random dog effect.

Figure 3.5 shows the GAM fitted on the four clusters we classified by k-means on the

weekly surveys data. It is clear that in the all four groups, the LCSS decreases over time.

From the shape, these curves appear fairly linear, so simple linear models were fitted for

comparison.
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Figure 3.5: GAM on Four Clusters Weekly Surveys (LCSS)

Table 3.10: GAM and Linear Regression fitted on Weekly Surveys Data

Group Baseline Lm Rsq GAM Rsq lm slope lm intercept week F week p ID F ID p
1 (5,25) 0.14 0.04 -0.67 17.32 0.06 0.23 <0.01 0.38
2 (39,58) 0.47 0.51 -3.13 50.82 7.01 <0.01 3.01 <0.01
3 (60,80.5) 0.49 0.50 -4.12 69.21 1.52 <0.01 3.69 <0.01
4 (88.5,128.5) 0.49 0.52 -4.61 97.82 1.60 <0.01 2.70 0.01

Baseline: Baseline LCSS range; LM Rsq: R squared for linear model; GAM Rsq: R squared for GAM; lm slope:
estimated slope for linear model; lm intercept: estimated intercept for linear model; week F: F value for

time "week" in GAM; week p: p value for time "week" in GAM; ID F: F value for patient ID in GAM; ID p: p
value for patient ID in GAM
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Table 3.10 shows the GAM model and linear model fitted on the weekly survey data

(LCSS) in detail with their coefficients. The ‘Baseline’ variable shows the range of the av-

erage of LCSS recorded in baseline period after we did the classification. From the coeffi-

cients of determination R 2 shown in Table 3.10, GAMs perform similarly to linear models

on the weekly survey data.

The absolute value of the slopes in the linear model increase with the baseline LCSS

average. In the first group with the lowest baseline LCSS, the estimated linear slope is -

0.67. The drug had a reducing effect on LCSS with the progress of the experiment, and it’s

a stronger effect for those had high baseline LCSS. In the second group with higher baseline

LCSS, the estimated linear slope is -3.13; in the third group with higher baseline LCSS, the

estimated linear slope is -4.12; and in the fourth group with the highest baseline LCSS, the

estimated linear slope is -4.61.

3.4.2 GAM on Storm Logs

We repeated the previous analysis on the storm log data.

Figure 3.6 is the elbow plot for the CASS recorded in the storm logs. The average of

each dogs’ CASS during baseline period were calculated. The inflection point of the curve

occurs when k = 4, which means four clusters is an appropriate choice in this data.

Figure 3.6: Elbow Point for Storm logs
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Figure 3.7: Four Clusters K-means on Storm Logs

Table 3.11: Descriptive Statistics for Clusters for Storm Logs

Group Number of dogs Observations Dose average Dose SD CASS average CASS SD
1 7 64 20.58 6.21 10.19 5.58
2 11 141 17.73 8.35 15.48 10.27
3 10 107 18.61 6.73 19.40 11.23
4 3 34 18.34 7.09 27.94 12.54

Number of dogs: Number of dogs at the beginning of the study in corresponding group; Observations:
Number of repeated observations for all dogs in corresponding group
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Figure 3.4 shows the histogram for the average of baseline LCSS form weekly surveys

data. After the four clusters’ k-means classification, the average baseline LCSS were di-

vided into four groups, and the edges of the four clusters are indicated by dashed lines

in different colors in figure 3.4. The first cluster includes scores between 5 to 25 and con-

tains 4 dogs; the second cluster includes scores between 39 to 58 and contains 12 dogs;

the third cluster includes scores between 60 to 80.5 and contains 12 dogs; and the fourth

cluster includes scores between 88.5 to 128.5 and contains 7 dogs. Table 3.11 shows the

descriptive statistics for clusters for storm logs data.

Figure 3.7 shows the histogram for the average baseline CASS form storm logs data. Af-

ter the four clusters’ k-means classification, the average baseline CASS were divided into

4 groups, and the edges of the four clusters are indicated by dashed lines in different col-

ors in figure 3.7. The first cluster includes scores between 9.67 to 17 and contains 7 dogs;

the second cluster includes scores between 18.25 to 23.67 and contains 11 dogs; the third

cluster includes scores between 24.6 to 29.75 and contains 10 dogs; and the fourth cluster

includes scores between 41 to 44.5 and contains 3 dogs.

In the storm logs, we have two variables to assess the strength of the storm. The first

variable thunder indicator recorded if there was thunder or lightning during the storm,

which is a binary variable with two levels (Yes/No). The second variable recorded the storm

intensity as evaluated by the owners, with three levels (mild, moderate, severe).

There is a strong linear association between the thunder indicator and storm intensity

(storms with thunder are usually more severe). Instead of adding these two variables to-

gether into the model, I decided to add them separately and compare their model effects

in order to avoid multicollinearity.

S c o r ei j k =β0+ f (d a yi j ) +γi +λ(t h und e rk/i n t e n s i t yk )+ ϵi j (3.2)

where f (x ) =
∑3

j=1 b j (x )β j , and γi is the random dog effect.

Figure 3.8 shows the GAM with thunder indicator fitted on the four clusters we classi-

fied by k-means on the storm logs data. Green points represent the CASS recorded by the

storms with thunder, and red points represent the CASS recorded by the storms without

thunder. The black lines are the estimated GAM, and the grey areas are 95% confidence

intervals.

Figure 3.9 shows the GAM with variable storm intensity fitted on the four clusters we

classified by k-means on the storm logs data. Three levels of the storm intensity (mild,

moderate, severe) are specified in different colors. Note that the "severe" level storms only
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Figure 3.8: GAM with Thunder as Fixed Effect on Four Clusters from Storm Logs

Figure 3.9: GAM with Storm Intensity as Fixed Effect on Four Clusters from Storm Logs
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Table 3.12: Two GAMs fitted on Storm Logs Data

Group Range Rsq th p_thunder coe_thunder Rsq inten coe_mod p_mod coe_severe p_severe
1 (9.67,17) 0.40 0.026 5.28 0.35 1.41 0.281 NA NA
2 (18.25,23.67) 0.46 <0.001 8.41 0.39 4.68 0.002 4.94 0.11
3 (24.6,29.75) 0.42 0.046 4.71 0.44 4.56 0.018 NA NA
4 (41,44.5) 0.42 0.170 11.24 0.37 2.19 0.590 NA NA

Range: Baseline CASS range; Rsq th: R squared for GAM with thunder indicator(Yes/No); p_thunder: p
value for thunder indicator; coe_thunder: estimated coefficient for thunder indicator; Rsq inten: R squared

for GAM with storm intensity; coe_mod: estimated coefficient for "moderate" storm; p_mod: p value for
"moderate" storm; coe_severe: estimated coefficient for "severe" storm; p_severe: p value for "severe"

storm

occur in group 2, and in group 1,3 and 4 we only have "mild" and "moderate" levels.

Table 3.12 shows the 2 GAM models fitted on the Storm Logs in detail with some of

their coefficients. The ‘Baseline‘ variable shows the range of the average of CASS recorded

in baseline period after we did the classification.

In general, there is a clear downward trend in CASS in the 8 groups of 2 models as the

experiment progresses. From the R-squared showed in Table 3.12, there is no huge differ-

ence between the two GAMs. GAM with storm intensity can fit the data slightly better than

GAM with thunder indicator, because the storm intensity is more interpretive and more

specific.

In the first three groups of GAMs with thunder indicator, the p-values of the coeffi-

cient of thunder indicator are all smaller than 0.05. Only the fourth group has a p-value

0.17> 0.05, because there were only 2 observations of storms without thunder in the fourth

group. Thus, we have enough evidence to reject the null hypothesis and conclude that

there is a significant difference between storms with and without thunder. The estimated

coefficients of the thunder indicator in the four groups are all positive and greater than 4.7,

which means that thunder in a storm can increase the CASS by at least 4.7 as expected.

For GAM with storm intensity, 3 groups out of 4 have lower R-squared than the GAM

with thunder indicator.

27



CHAPTER

4

DISCUSSION

4.1 Summary of Results

Clinical trials are detailed and elaborate research studies. At least three phases must be

completed before introducing a medicine or treatment to the public, including dosage,

effectiveness, and toxicology test. In this article, I reviewed the amount of literature on

clinical trials, discussing aspects of study design, sampling, analysis, and so on.

The study I analyzed aimed to identify the optimal dosing of the study drug for control-

ling dog anxiety. The treatment started at a low dosage level and increased to a relatively

high-level step by step based on the owner’s reflections. The experimental results were pri-

marily from weekly surveys and storm logs. The owners completed weekly surveys every

week, and storm logs were filled out during each storm. The relationship between drug

dose and treatment effect was our first task.

For the relationship between drug dose and treatment effect, I assumed they followed

a S-shaped dose-response model. Usually, we cannot observe any treatment effect at mini-

mal dose levels, so theoretically, the curve is flat at low doses. It then rises steeply to reach a

maximal response. The log-logistic models with four parameter (maximum response, min-
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imum response, ED50, and slope) were fitted and interpreted on weekly surveys and storm

logs in the article.

The dose-response model performed well on data from weekly surveys, and we can

conclude that the treatment did exert a positive effect in reducing the anxiety of the tested

dog in the long term and can reduce daily anxiety behavior effectively. The therapeutic

effect improved as the dose increased until the upper limit was reached, which decreased

LCSS by 35.43. The longer a dog stayed in the study, the more anxious behavior decreased

in daily life. At the 10 mg/kg dose level, the estimated effect is to reduce the LCSS by 26.62.

There is still more improvement from 10 mg/kg to 20 mg/kg, which reduced the LCSS by

34.07 (with nearly 38% growth rate). At 30 mg/kg, the estimated effect is to reduce LCSS by

35.03, with only a 3% improvement percentage from 20 mg/kg.

However, the results are not as strong from storm log data. The four-parameter log-

logistic dose-response model fitted on dose versus CASS from storm logs is essentially a

straight line parallel to the x-axis. From the model, once the dogs were treated with any

dose level of drug from 0.05 mg/kg to 35 mg/kg, the estimated reduction of CASS was all-

around 10.14, which is contrary to reality. There is not enough evidence to show that the

dose-escalation positively affected anxiety suppression from the fitted model.

The problems of the dose-response model may be attributed to the following reasons.

One problem is that we do not have many observations at low doses from 0 to 5 mg/kg.

As a result, the model lacks robustness on storm logs data and may be unduly affected

by outliers at the tail. Another problem is that since the model used average CASS of the

dogs before they withdrew as their endpoints, the information about the severity of the

storms was eliminated. In the storm logs, the owners indicated whether thunder occurred

in the storm, and they rated the storm’s severity on a scale from mild, moderate, and severe.

These two variables may strongly correlate with the dogs’ performance, but they were not

included in the dose-response model.

Dose-response models presented dose-related relationships at the expense of informa-

tion loss. It was limited by the model design, but we can include that missing information

in the GAM.

My initial motivation was to find a way to fit the observations in time order. Thirty-five

dogs were included in the study, and their baseline performance had massive standard

deviations (26.55 for weekly LCSS and 8.28 for Storm Logs CASS). In order to reduce the in-

terference of individual differences, the k-means classification method was used to divide

the dogs into four clusters.

Another reason to choose the GAM is that adding the smooth term and knots joins two
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or more polynomial curves into a piecewise polynomial curve. The Greun study consisted

of five different periods, and the GAM could fit a polynomial function to each period and

connect them smoothly. Therefore, I assumed that the fitted curve would show a strong

piecewise trend.

On weekly survey data, LCSS had a strong linear relationship with time on all four clus-

ters. Simple linear models were fitted for comparison. As the baseline average increases,

the slope of the fitted linear model also increases. For group with the smallest baseline

LCSS average from 5 to 25, the estimated slope of the linear model is -0.67, and for the

group with the largest baseline LCSS from 88.5 to 128.5, the estimated slope is -4.61. The

drug was more effective in dogs with higher initial LCSS and stronger anxiety symptoms.

On storm logs data (CASS), two variables for storm severity were added to the model.

The first one is called the thunder indicator, which recorded whether the storm had thun-

der or not; the second one recorded the intensity of storms evaluated by owners with three

levels (mild, moderate, and severe). Due to the linear correlation between these two vari-

ables, they were separately added to the model and compared. Overall, the two models per-

form similarly, and the GAM with storm intensity had a slightly smaller coefficient of deter-

mination (R squared) than the GAM with the thunder indicator. If we order the four groups

by the baseline CASS average from small to large, then as the experiment progressed, CASS

continued to decrease until the end in two of the four groups (group one and group three).

CASS declined initially in groups two and four but flattened out after about 30 days. Since

the baseline period and treatment period A lasted 14 days, we can speculate that the de-

crease in CASS gradually leveled off after treatment period B, which was also the period

that increased the drug dose from 10 mg/kg to 20mg/kg.

4.2 Overarching Conclusions

The study drug was shown to be effective in decreasing signs of storm anxiety in dogs. The

LCSS and CASS recorded in treatment period A-D statistically significantly differed from

the baseline by fitting the paired t-test (p < 0.003).

In the endpoint dose-response model, the expected LCSS reduction was 35.43 at most,

and the expected CASS reduction was 10.14 at most. At 20 mg/kg, the expected LCSS reduc-

tion (34.07) and the expected CASS reduction (10.14) were close to the upper limit. There-

fore, 20 mg/kg may be an ideal dose level in the short term.

In the long term, continued use of the study drug in dogs shows continuous improve-
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ment. LCSS from weekly surveys continued to decline as the experiment progressed, with

no apparent slowing trend. Dogs with worse initial conditions (high baseline LCSS) had

steep fitted curves. There is also a clear downward trend in CASS in storm logs, but the

curve flattens after around 30 days.

Thunder is a significant factor in affecting dog anxiety. Dogs’ performance in the storms

with thunder was significantly different from those without thunder (p < 0.05), and the

thunder could theoretically increase the CASS by 4.71 to 8.41 as expected.

Storm intensity is another significant variable. Dogs’ CASS in "Moderate" storms eval-

uated by the owners were significant difference from "Mild" storms (p < 0.02).

4.3 Future Work

In our study, we tried multiple ways to reduce the impact of individual differences in dogs

on the analysis. In the dose-response model, we took the average and used the difference

between the end point and baseline as the response to reduce the individual difference, at

the cost of loss of information. In the future, we expect we can find a better way to involve

more information, like fitting the dose-response curve for each dog and then combining

the results.

The experiment is a repeated measure study. Repeated measure analysis of variance

(rANOVA) can be used to this design. The independent variable can be the treatment pe-

riod, and the dependent variable can be the scores (LCSS and CASS). The rANOVA has the

advantage to separate the individual variance from the treatment and error terms, which

means it is also worth fitting in the future. An alternative choice is the linear mixed effect

models, which contain the random effects and the fixed effects.

The dose-response model performed poorly in the storm log data, so there is still room

for improvement. In traditional S-shaped dose-response model, the treatment dose is grad-

ually increased from 0. Since we don’t have observations from low doses (the minimum

dose in our data is 6.49 mg/kg), manually set the lower limit variable in the model to a

constant greater than zero may help increase the accuracy of the model.

Besides, only calculating the end point average of each dog in the dose-response model

made the analysis focused too much on the overall performance. In the future, fitting the

S-shaped model on each dog and building a non-linear mixed model may help combine

the independent variables together and get more objective results.

Before we fitted the GAMs with cubic spline, we used k-means classification to divide
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the dogs into four clusters based on their baseline performance. If the number of partici-

pants increases in the future, advanced classification methods should be applied. K-means

with more than one variable and regression trees are worth trying in future studies.

It will also be interesting to include more variables in the GAM. If we can build a com-

plete enough model with all the important variables responsible for the response score,

our model will be sufficiently explanatory without pre-classification. However, it requires

the researchers to record related variables as much as possible, and variable selection

should be applied while fitting the model.

We expect that, in the future, with the aid of dose-response analysis and regression

methods, the researchers will find a better overall solution in treating the noise aversion

dogs, and an optimal drug dose guide may eventually be published.
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APPENDIX

A

CODE FOR DATA CLEANING

R code for washing the raw data.

1 k n i t r : : opts _chunk$ s e t ( echo = F , eval = T , message = F , warning = F )

2 l i b r a r y ( t i d y v e r s e )

3 l i b r a r y ( k n i t r )

4 l i b r a r y ( ggplot2 )

5 l i b r a r y ( r e a d x l )

6 rm( l i s t = l s ( ) )

7 opts _ k n i t $ s e t ( root . d i r = "D: /NCSU/5 th semester / t h e s i s " )

8

9 ## Loading the data

10

11 data _ a l l <− l i s t ( )

12 name_ a l l <− e x c e l _ sheets ( "ACM spreadsheet−Summary DataUSE FOR ANALYSIS . x l s x " )

13 f o r ( i in 1 : length (name_ a l l ) ) {

14 data _ a l l [ [ i ] ]<−read _ x l s x ( "ACM spreadsheet−Summary DataUSE FOR ANALYSIS . x l s x " ,

sheet = i )

15 }

16 names ( data _ a l l ) <− name_ a l l

17

18 ################################## Washing
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19 # Washing Demographics Doses

20

21 data _ a l l [ [ 3 ] ] <− data _ a l l [ [3 ] ] [ − c ( 3 6 , 3 7 ) , ]

22

23 # Washing Storm Log

24 id <− which ( "Storm Log" == name_ a l l )

25

26 data _ a l l [ [ id ] ] [ data _ a l l [ [ id ]]== "NA" ] <− NA

27 data _ a l l [ [ id ] ] [ data _ a l l [ [ id ]]== " . " ] <− NA

28

29 tempname <− c ( "SL_Dose_mg" , "SL_Dose_mg/kg " , "SL_Dose_ category " , "SL_ duration " ,

"SL_CASS_ Total " )

30

31 f o r ( i in which ( names ( data _ a l l [ [ id ] ] ) %in% tempname) ) {

32 data _ a l l [ [ id ] ] [ , i ] <− as . numeric ( u n l i s t ( data _ a l l [ [ id ] ] [ , i ] ) )

33 }

34

35 x <− c ( " Basel ine " , "A" , "B" , "C" , "D" )

36 data _ a l l [ [ id ] ] <− data _ a l l [ [ id ] ] %>%

37 mutate ( SL_ Treatment _ period = f a c t o r ( SL_ Treatment _ period , l e v e l s = x ) ) %>%

38 arrange ( SL_ Treatment _ period )

39

40 # Washing End o f Study Questionnaire

41 id <− which ( "End of Study Questionnaire " == name_ a l l )

42

43 data _ a l l [ [ id ] ] [ data _ a l l [ [ id ]]== "NA" ] <− NA

44 data _ a l l [ [ id ] ] [ data _ a l l [ [ id ]]== " . " ] <− NA

45

46 # Washing Adverse A l l r e p o r t e d

47 id <− which ( " Adverse A l l reported " == name_ a l l )

48

49 data _ a l l [ [ id ] ] [ data _ a l l [ [ id ]]== "NA" ] <− NA

50 data _ a l l [ [ id ] ] [ data _ a l l [ [ id ]]== " . " ] <− NA

51

52 # Washing Lab work

53 id <− which ( "Lab work " == name_ a l l )

54

55 data _ a l l [ [ id ] ] [ data _ a l l [ [ id ]]== "NA" ] <− NA

56 data _ a l l [ [ id ] ] [ data _ a l l [ [ id ]]== "n/a" ] <− NA

57 data _ a l l [ [ id ] ] [ data _ a l l [ [ id ]]== " . " ] <− NA

58

59 # Washing Ques
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60 id <− which ( " Weekly Questionnaire " == name_ a l l )

61 f o r ( i in c ( 5 : 8 , 1 2 : 1 5 ) ) {

62 data _ a l l [ [ id ] ] [ , i ] <− as . numeric ( u n l i s t ( data _ a l l [ [ id ] ] [ , i ] ) )

63 }

64

65

66 save ( data _ a l l , f i l e = "D: /NCSU/5 th semester / t h e s i s /D a t a a l l . rda " )
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APPENDIX

B

CODE FOR DATA ANALYSIS

R code for analysis.

1

2 k n i t r : : opts _chunk$ s e t ( echo = F , eval = T , message = F , warning = F )

3 l i b r a r y ( t i d y v e r s e )

4 l i b r a r y ( k n i t r )

5 l i b r a r y ( ggplot2 )

6 l i b r a r y ( drc )

7 l i b r a r y ( mgcv )

8 l i b r a r y ( patchwork )

9 l i b r a r y ( openxlsx )

10 rm( l i s t = l s ( ) )

11

12 ## Read data

13 load ( " D a t a a l l . rda " )

14 Storm <− data _ a l l [ [ "Storm Log" ] ]

15 Ques <− data _ a l l [ [ " Weekly Questionnaire " ] ]

16 Demo <− data _ a l l [ [ "Demographics Doses " ] ]

17

18 x <− round ( c ( 1 : 7 ) , 1 )

19 y <− 1−(1−0.05)^x
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20 t a b l e 1 <− data . frame ( t ( rbind ( x , y ) ) )

21 colnames ( t a b l e 1 ) <− c ( "Number" , " Error Rate " )

22

23 t a b l e 1 %>%

24 kable ( caption = "Type 1 e r r o r " , d i g i t s = 2)

25

26 ## Add a v a r i a b l e to i n d i c a t e the end period

27 Demo$ period <− rep (NA, dim (Demo) [ 1 ] )

28 f o r ( i in 1 : dim (Demo) [ 1 ] ) {

29 i f ( i s . na (Demo$Duration _TxA ) [ i ] ) {

30 Demo$ period [ i ] <− " Basel ine "

31 } e l s e {

32 i f ( i s . na (Demo$Duration _TxB ) [ i ] ) {

33 Demo$ period [ i ] <− "A"

34 } e l s e {

35 i f ( i s . na (Demo$ ‘ Duration of Tx C ‘ ) [ i ] ) {

36 Demo$ period [ i ] <− "B"

37 } e l s e {

38 i f ( i s . na (Demo$ ‘ Duration of Tx D‘ ) [ i ] ) {

39 Demo$ period [ i ] <− "C"

40 } e l s e {

41 Demo$ period [ i ] <− "D"

42 }

43 }

44 }

45 }

46 }

47

48 ave_demo <− Demo %>%

49 dplyr : : s e l e c t ( ‘ study duration ( t o t a l ) ‘ , Pet _demo_age , period , Pet _demo_wt ) %>%

50 group_by ( period ) %>%

51 summarise_ at ( vars ( ‘ study duration ( t o t a l ) ‘ , Pet _demo_age , Pet _demo_wt ) , funs ( ave

= mean ( . , na .rm = TRUE) ) )

52

53 ave_demo2 <− Demo %>%

54 dplyr : : s e l e c t ( Pet _demo_ sex , period ) %>%

55 group_by ( period ) %>%

56 dplyr : : summarise ( n=n ( ) )

57

58 ave_demo <− l e f t _ j o i n ( ave_demo , ave_demo2 , by=" period " )

59

60 ave_demo [ , 2 : 4 ] <− round ( ave_demo [ , 2 : 4 ] , 2 )
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61

62 sd_demo <− Demo %>%

63 dplyr : : s e l e c t ( ‘ study duration ( t o t a l ) ‘ , Pet _demo_age , period , Pet _demo_wt ) %>%

64 group_by ( period ) %>%

65 summarise_ at ( vars ( ‘ study duration ( t o t a l ) ‘ , Pet _demo_age , Pet _demo_wt ) , funs ( sd

= sd ( . , na .rm = TRUE) ) )

66

67 sd_demo [ , 2 : 4 ] <− round ( sd_demo [ , 2 : 4 ] , 2 )

68

69 x <− c ( " Basel ine " , "A" , "B" , "C" , "D" )

70 ave_demo <− ave_demo %>%

71 mutate ( period = f a c t o r ( period , l e v e l s = x ) ) %>%

72 arrange ( period )

73

74 sd_demo <− sd_demo %>%

75 mutate ( period = f a c t o r ( period , l e v e l s = x ) ) %>%

76 arrange ( period )

77

78 output _demo <− data . frame ( peirod=c ( " Basel ine " , "A" , "B" , "C" , "D" ) , duration=rep (NA

, 5 ) , age=rep (NA, 5 ) , wt=rep (NA, 5 ) ,n=rep (NA, 5 ) )

79

80 f o r ( i in 1 : 5 ) {

81 f o r ( j in 2 : 4 ) {

82 i f ( i==1 & j==2) {} e l s e {

83 output _demo [ i , j ] <− paste0 ( ave_demo [ i , j ] , " ( " , sd_demo [ i , j ] , " ) " )

84 }

85 }

86 }

87

88 output _demo$n <− ave_demo$n

89

90 colnames ( output _demo) <− c ( " Peirod " , " Duration ( days ; mean(SD) ) " , "Age ( years ;

mean(SD) ) " , " Weight (mean(SD) ) " , "Number of dogs " )

91

92 output _demo%>%

93 kable ( caption=" \\ l a b e l { tab : tab3 }Demographics f o r the treatment period group

f o r duration , weight , age " )

94

95 ave_ weekly <− Ques %>%

96 dplyr : : s e l e c t ( ‘ P a t i e n t ID ‘ , ‘ Weekly_ Treatment period ‘ , Weekly_LCSS ) %>%

97 group_by ( ‘ P a t i e n t ID ‘ , ‘ Weekly_ Treatment period ‘ ) %>%

98 summarise_ at ( vars ( " Weekly_LCSS" ) , funs ( ave = mean ( . , na .rm = TRUE) ) )
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99

100 x <− c ( " Basel ine " , "A" , "B" , "C" , "D" )

101 ave_ weekly <− ave_ weekly %>%

102 mutate ( ‘ Weekly_ Treatment period ‘ = f a c t o r ( ‘ Weekly_ Treatment period ‘ , l e v e l s =

x ) ) %>%

103 arrange ( ‘ Weekly_ Treatment period ‘ )

104

105 ave_ weekly <− ave_ weekly %>%

106 spread ( ‘ Weekly_ Treatment period ‘ , ave )

107

108 f o r ( i in 1 : 6 ) {

109 ave_ weekly [ i s . nan ( u n l i s t ( ave_ weekly [ , i ] ) ) , i ] <− NA

110 }

111

112 paired _ dat <− ave_ weekly

113

114 t e s t 1 <− t . t e s t ( paired _ dat$ Baseline , paired _ dat$A , a l t e r n a t i v e = "two . sided " ,

var . equal = FALSE , paired = T )

115 t e s t 2 <− t . t e s t ( paired _ dat$ Baseline , paired _ dat$B , a l t e r n a t i v e = "two . sided " ,

var . equal = FALSE , paired = T )

116 t e s t 3 <− t . t e s t ( paired _ dat$ Baseline , paired _ dat$C , a l t e r n a t i v e = "two . sided " ,

var . equal = FALSE , paired = T )

117 t e s t 4 <− t . t e s t ( paired _ dat$ Baseline , paired _ dat$D, a l t e r n a t i v e = "two . sided " ,

var . equal = FALSE , paired = T )

118

119 dat <− data . frame ( tperiod=c ( "A" , "B" , "C" , "D" ) , t v a l u e=rep (NA, 4 ) , pvalue=rep (NA, 4 ) ,

CI=rep (NA, 4 ) )

120

121 dat$ t v a l u e <− c ( t e s t 1 $ s t a t i s t i c , t e s t 2 $ s t a t i s t i c , t e s t 3 $ s t a t i s t i c , t e s t 4 $

s t a t i s t i c )

122 #dat$ave <− c ( t e s t 1 $ estimate , t e s t 2 $ estimate , t e s t 3 $ estimate , t e s t 4 $ e s t i m a t e )

123 dat$pvalue <− c ( t e s t 1 $p . value , t e s t 2 $p . value , t e s t 3 $p . value , t e s t 4 $p . value )

124 #dat$ d i f f <− c (mean( paired _ dat$ Basel ine , na . rm = T )−mean( paired _ dat$A , na . rm = T

) , mean( paired _ dat$ Basel ine , na . rm = T )−mean( paired _ dat$B , na . rm = T ) , mean(

paired _ dat$ Basel ine , na . rm = T )−mean( paired _ dat$C , na . rm = T ) , mean( paired _

dat$ Basel ine , na . rm = T )−mean( paired _ dat$D, na . rm = T ) )

125 pCI <− function ( x ) {

126 paste0 ( " ( " , round ( x$conf . i n t [ 1 ] , 2 ) , " , " , round ( x$conf . i n t [ 2 ] , 2 ) , " ) " )

127 }

128 dat$CI <− c ( pCI ( t e s t 1 ) , pCI ( t e s t 2 ) , pCI ( t e s t 3 ) , pCI ( t e s t 4 ) )

129

130 #dat$ave <− round ( dat$ave , 2)
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131 #dat$ d i f f <− round ( dat$ d i f f , 2)

132 dat$ t v a l u e <− round ( dat$ tvalue , 2)

133 options ( scipen=999)

134 dat$pvalue <− round ( dat$pvalue , 4)

135 dat %>%

136 kable ( col . names = c ( " Treatment Peirod " , "T s t a t " , "P value " , "95% CI " ) , caption="

\\ l a b e l { tab : tab1 } Paired t−t e s t with Basel ine ( Weekly Survey LCSS ) " )

137

138 ave_Storm <− Storm %>%

139 dplyr : : s e l e c t ( ‘ P a t i e n t ID ‘ , SL_ Treatment _ period , SL_CASS_ Total ) %>%

140 group_by ( ‘ P a t i e n t ID ‘ , SL_ Treatment _ period ) %>%

141 summarise_ at ( vars ( "SL_CASS_ Total " ) , funs ( ave = mean ( . , na .rm = TRUE) ) )

142

143 x <− c ( " Basel ine " , "A" , "B" , "C" , "D" )

144 ave_Storm <− ave_Storm %>%

145 mutate ( SL_ Treatment _ period = f a c t o r ( SL_ Treatment _ period , l e v e l s = x ) ) %>%

146 arrange ( SL_ Treatment _ period )

147

148 ave_Storm <− ave_Storm %>%

149 spread ( SL_ Treatment _ period , ave )

150

151 f o r ( i in 1 : 6 ) {

152 ave_Storm [ i s . nan ( u n l i s t ( ave_Storm [ , i ] ) ) , i ] <− NA

153 }

154

155 paired _ dat <− ave_Storm

156

157 t e s t 1 <− t . t e s t ( paired _ dat$ Baseline , paired _ dat$A , a l t e r n a t i v e = "two . sided " ,

var . equal = FALSE , paired = T )

158 t e s t 2 <− t . t e s t ( paired _ dat$ Baseline , paired _ dat$B , a l t e r n a t i v e = "two . sided " ,

var . equal = FALSE , paired = T )

159 t e s t 3 <− t . t e s t ( paired _ dat$ Baseline , paired _ dat$C , a l t e r n a t i v e = "two . sided " ,

var . equal = FALSE , paired = T )

160 t e s t 4 <− t . t e s t ( paired _ dat$ Baseline , paired _ dat$D, a l t e r n a t i v e = "two . sided " ,

var . equal = FALSE , paired = T )

161

162 dat <− data . frame ( tperiod=c ( "A" , "B" , "C" , "D" ) , t v a l u e=rep (NA, 4 ) , pvalue=rep (NA, 4 ) ,

CI=rep (NA, 4 ) )

163

164 dat$ t v a l u e <− c ( t e s t 1 $ s t a t i s t i c , t e s t 2 $ s t a t i s t i c , t e s t 3 $ s t a t i s t i c , t e s t 4 $

s t a t i s t i c )

165
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166 dat$pvalue <− c ( t e s t 1 $p . value , t e s t 2 $p . value , t e s t 3 $p . value , t e s t 4 $p . value )

167

168 pCI <− function ( x ) {

169 paste0 ( " ( " , round ( x$conf . i n t [ 1 ] , 2 ) , " , " , round ( x$conf . i n t [ 2 ] , 2 ) , " ) " )

170 }

171 dat$CI <− c ( pCI ( t e s t 1 ) , pCI ( t e s t 2 ) , pCI ( t e s t 3 ) , pCI ( t e s t 4 ) )

172

173

174 dat$ t v a l u e <− round ( dat$ tvalue , 2)

175 options ( scipen=999)

176 dat$pvalue <− round ( dat$pvalue , 4)

177 dat %>%

178 kable ( col . names = c ( " Treatment Peirod " , "T s t a t " , "P value " , "95% CI " ) , caption

= " \\ l a b e l { tab : tab2 } Paired t−t e s t with Basel ine ( Weekly Survey Score ) " )

179

180 ## Add a v a r i a b l e to i n d i c a t e the endpoint

181 ave_ weekly$end <− rep (NA, dim ( ave_ weekly ) [ 1 ] )

182 ave_ weekly$ r e s <− rep (NA, dim ( ave_ weekly ) [ 1 ] )

183 f o r ( i in 1 : dim ( ave_ weekly ) [ 1 ] ) {

184 i f ( ! i s . na ( ave_ weekly$D) [ i ] ) {

185 ave_ weekly$end [ i ] <− "D"

186 ave_ weekly$ r e s [ i ] <− ave_ weekly$D[ i ]

187 } e l s e {

188 i f ( ! i s . na ( ave_ weekly$C) [ i ] ) {

189 ave_ weekly$end [ i ] <− "C"

190 ave_ weekly$ r e s [ i ] <− ave_ weekly$C [ i ]

191 } e l s e {

192 i f ( ! i s . na ( ave_ weekly$B) [ i ] ) {

193 ave_ weekly$end [ i ] <− "B"

194 ave_ weekly$ r e s [ i ] <− ave_ weekly$B [ i ]

195 } e l s e {

196 i f ( ! i s . na ( ave_ weekly$A) [ i ] ) {

197 ave_ weekly$end [ i ] <− "A"

198 ave_ weekly$ r e s [ i ] <− ave_ weekly$A [ i ]

199 } e l s e {

200 ave_ weekly$end [ i ] <− " Basel ine "

201 ave_ weekly$ r e s [ i ] <− ave_ weekly$ Basel ine [ i ]

202 }

203 }

204 }

205 }

206 }
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207

208 ## Track the dose f o r each dog at t h e i r end point

209 ave_ weekly$dose <− rep (NA, dim ( ave_ weekly ) [ 1 ] )

210 f o r ( i in 1 : dim ( ave_ weekly ) [ 1 ] ) {

211 i f ( ave_ weekly$end [ i ]==" Basel ine " ) {

212 ave_ weekly$dose [ i ] <− 0 # should be 0 but 0 . 5 i s convient f o r l o g

transformation

213 } e l s e {

214 ave_ weekly$dose [ i ] <− mean( Ques$ ‘ Weekly_Dose_mg/kg ‘ [Ques$ ‘ P a t i e n t ID‘==ave_

weekly$ ‘ P a t i e n t ID ‘ [ i ] & Ques$ ‘ Weekly_ Treatment period ‘==ave_ weekly$end [

i ] ] )

215 }

216 }

217

218 ave_ weekly$ d i f f <− ave_ weekly$ Baseline−ave_ weekly$ r e s

219 model<− drm( d i f f ~dose , data=ave_ weekly , f c t=LL . 4 ( names = c ( " Slope " , "Lower Limit

" , " UpperLimit " , "ED50" ) ) )

220

221 # new dose l e v e l s as support f o r the l i n e

222 newdata <− expand . grid ( conc=exp ( seq ( log ( 0 . 5 ) , log ( 3 5 ) , length=100) ) )

223 # p r e d i c t i o n s and confidence i n t e r v a l s

224 pm <− predict ( model , newdata=newdata , i n t e r v a l=" confidence " )

225 # new data with p r e d i c t i o n s

226 newdata$p <− pm[ , 1 ]

227 newdata$pmin <− pm[ , 2 ]

228 newdata$pmax <− pm[ , 3 ]

229

230 weekly surveys " , f i g . a l i g n=" center " }

231 # p l o t t i n g the curve

232 ggplot ( ave _ weekly , aes ( x = dose , y = d i f f ) ) +

233 geom_ point ( ) +

234 geom_ ribbon ( data=newdata , aes ( x=conc , y=p , ymin=pmin , ymax=pmax) , alpha=0.2) +

235 geom_ l i n e ( data=newdata , aes ( x=conc , y=p ) ) +

236 #coord _ t r a n s ( x=" log " ) +

237 xlab ( "Dose mg/kg " ) + ylab ( "LCSS d i f f e r e n c e " ) + theme_bw( )

238 ggsave ( " 1 . png" , width = 10 , height = 6 , dpi = 800)

239

240 dat <− data . frame (summary( model ) $ c o e f f i c i e n t s )

241 rownames ( dat ) <− c ( " Slope " , "Lower Limit " , "Upper Limit " , "ED50" )

242 dat %>%

243 kable ( d i g i t s = 2 , caption = " \\ l a b e l { tab : l o g e s t 1 }Summary of Log−l o g i s t i c Model

F i t t e d on Weekly Surveys " )
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244

245 newdata <− data . frame ( conc=c ( 1 0 , 1 5 , 2 0 , 2 5 , 3 0 , 3 5 ) )

246 p <− p r e d i c t ( model , newdata = newdata , i n t e r v a l = " confidence " )

247 dat <− data . frame ( Dose=c ( 1 0 , 1 5 , 2 0 , 2 5 , 3 0 , 3 5 ) , pre=p [ , 1 ] , CI=paste0 ( " ( " , round ( p

[ , 2 ] , 2 ) , " , " , round ( p [ , 3 ] , 2 ) , " ) " ) )

248 dat %>%

249 kable ( d i g i t s = 2 , col . names = c ( "Dose" , " Predicted LCSS D i f f e r e n c e " , "95% CI " ) ,

caption = " \\ l a b e l { tab : logpre1 } Predicted LCSS D i f f e r e n c e by Log−l o g i s t i c

Model F i t t e d on Weekly Surveys " )

250

251 ## Add a v a r i a b l e to i n d i c a t e the endpoint

252 ave _Storm$end <− rep (NA, dim ( ave _Storm ) [ 1 ] )

253 ave _Storm$ r e s <− rep (NA, dim ( ave _Storm ) [ 1 ] )

254 f o r ( i in 1 : dim ( ave _Storm ) [ 1 ] ) {

255 i f ( ! i s . na ( ave _Storm$D) [ i ] ) {

256 ave _Storm$end [ i ] <− "D"

257 ave _Storm$ r e s [ i ] <− ave _Storm$D[ i ]

258 } e l s e {

259 i f ( ! i s . na ( ave _Storm$C) [ i ] ) {

260 ave _Storm$end [ i ] <− "C"

261 ave _Storm$ r e s [ i ] <− ave _Storm$C [ i ]

262 } e l s e {

263 i f ( ! i s . na ( ave _Storm$B) [ i ] ) {

264 ave _Storm$end [ i ] <− "B"

265 ave _Storm$ r e s [ i ] <− ave _Storm$B [ i ]

266 } e l s e {

267 i f ( ! i s . na ( ave _Storm$A) [ i ] ) {

268 ave _Storm$end [ i ] <− "A"

269 ave _Storm$ r e s [ i ] <− ave _Storm$A [ i ]

270 } e l s e {

271 ave _Storm$end [ i ] <− " Basel ine "

272 ave _Storm$ r e s [ i ] <− ave _Storm$ Basel ine [ i ]

273 }

274 }

275 }

276 }

277 }

278

279 ## Track the dose f o r each dog at t h e i r end point

280 ave _Storm$dose <− rep (NA, dim ( ave _Storm ) [ 1 ] )

281 f o r ( i in 1 : dim ( ave _Storm ) [ 1 ] ) {

282 i f ( ave _Storm$end [ i ]==" Basel ine " ) {
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283 ave _Storm$dose [ i ] <− 0.01 # should be 0 but convergence f a i l e d

284 } e l s e {

285 ave _Storm$dose [ i ] <− mean( Storm$ ‘ SL_Dose_mg/kg ‘ [ Storm$ ‘ P a t i e n t ID‘==ave _

Storm$ ‘ P a t i e n t ID ‘ [ i ] & Storm$SL_ Treatment _ period==ave _Storm$end [ i ] ] )

286 }

287 }

288

289 ave _Storm$ d i f f <− ave _Storm$ Baseline−ave _Storm$ r e s

290 model<− drm( d i f f ~dose , data=ave _Storm , f c t=LL . 4 ( names = c ( " Slope " , "Lower Limit "

, " UpperLimit " , "ED50" ) ) )

291

292 storm l o g s " , f i g . a l i g n=" center " }

293 # new dose l e v e l s as support f o r the l i n e

294 newdata <− expand . grid ( conc=exp ( seq ( log ( 0 . 5 ) , log ( 3 5 ) , length=100) ) )

295 # p r e d i c t i o n s and confidence i n t e r v a l s

296 pm <− predict ( model , newdata=newdata , i n t e r v a l=" confidence " )

297 # new data with p r e d i c t i o n s

298 newdata$p <− pm[ , 1 ]

299 newdata$pmin <− pm[ , 2 ]

300 newdata$pmax <− pm[ , 3 ]

301

302 # p l o t t i n g the curve

303 ggplot ( ave_Storm , aes ( x = dose , y = d i f f ) ) +

304 geom_ point ( ) +

305 geom_ ribbon ( data=newdata , aes ( x=conc , y=p , ymin=pmin , ymax=pmax) , alpha=0.2) +

306 geom_ l i n e ( data=newdata , aes ( x=conc , y=p ) ) +

307 # coord _ t r a n s ( x=" l o g " ) +

308 xlab ( "Dose mg/kg " ) + ylab ( "CASS d i f f e r e n c e " ) + theme_bw( )

309 ggsave ( " 2 . png" , width = 10 , height = 6 , dpi = 800)

310

311 dat <− data . frame (summary( model ) $ c o e f f i c i e n t s )

312 rownames ( dat ) <− c ( " Slope " , "Lower Limit " , "Upper Limit " , "ED50" )

313 dat %>%

314 kable ( d i g i t s = 2 , caption = " \\ l a b e l { tab : l o g e s t 2 }Summary of Log−l o g i s t i c Model

F i t t e d on Storm Logs " )

315

316 newdata <− data . frame ( conc=c ( 5 , 1 0 , 2 0 , 2 5 , 3 0 , 3 5 ) )

317 p <− p redict ( model , newdata = newdata , i n t e r v a l = " confidence " )

318 dat <− data . frame ( Dose=c ( 5 , 1 0 , 2 0 , 2 5 , 3 0 , 3 5 ) , pre=p [ , 1 ] , CI=paste0 ( " ( " , round ( p

[ , 2 ] , 2 ) , " , " , round ( p [ , 3 ] , 2 ) , " ) " ) )

319 dat %>%

320 kable ( d i g i t s = 2 , col . names = c ( "Dose" , " Predicted LCSS D i f f e r e n c e " , "95% CI " ) ,
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caption = " \\ l a b e l { tab : logpre2 } Predicted LCSS D i f f e r e n c e by Log−l o g i s t i c

Model F i t t e d on Weekly Surveys " )

321

322 ## function f o r elbow point

323 wssplot <− function ( data , nc=15 , seed=1234) {

324 wss <− ( nrow ( data ) −1)*sum( apply ( data , 2 , var ) )

325 f o r ( i in 2 : nc ) {

326 s e t . seed ( seed )

327 wss [ i ] <− sum( kmeans ( data , centers = i ) $ withinss )

328 }

329 # p l o t ( 1 : nc , wss , type="b " , xlab="Number o f C l u s t e r s " , ylab="Within groups sum

o f squares " )

330 wss

331 }

332

333 Ques_ base <− Ques [Ques$ ‘ Weekly_ Treatment period ‘==" Basel ine " , ]

334

335 wssnum <− wssplot ( ave_ weekly [ , colnames ( ave_ weekly )==" Basel ine " ] )

336 ggplot ( ) + geom_ l i n e ( aes ( x=1: length (wssnum) , y=wssnum) ) + geom_ point ( aes ( x=1:

length (wssnum) , y=wssnum) ) + theme_bw( ) + la b s ( x="Number of c l u s t e r s " , y="WSS

" )+geom_ v l i n e ( aes ( x i n t e r c e p t=4) , l i n e t y p e=" dashed " , colour=" #990000 " )

337 ggsave ( " 3 . png" , width = 10 , height = 6 , dpi = 800)

338

339 s e t . seed (1234)

340

341 kmean <− kmeans ( ave_ weekly [ , colnames ( ave_ weekly )==" Basel ine " ] , 4 )

342 Ques_group <− cbind ( ave_ weekly , kmean$ c l u s t e r )

343 colnames ( Ques_group ) [ length ( Ques_group ) ] <− "Group"

344 regroup <− rep (NA, 4 )

345 f o r ( i in 1 : 4 ) {

346 regroup [ i ] <− min( Ques_group$ Basel ine [Ques_group$Group== i ] )

347 }

348

349 Ques_group$Group [Ques_group$Group==1] <− 0

350 Ques_group$Group [Ques_group$Group==2] <− 1

351 Ques_group$Group [Ques_group$Group==3] <− 2

352 Ques_group$Group [Ques_group$Group==4] <− 3

353 Ques_group$Group [Ques_group$Group==0] <− 4

354

355 Ques <− l e f t _ j o i n ( Ques , Ques_group [ , c ( " P a t i e n t ID" , "Group" ) ] , by=" P a t i e n t ID" )

356

357 ggplot ( ) + geom_ histogram ( data = ave_ weekly , aes ( x=Basel ine ) , bins = 30) + geom_

49



v l i n e ( aes ( x i n t e r c e p t=min( Ques_group$ Basel ine [Ques_group$Group==2]) ) , l i n e t y p e

=" dashed " , colour=" #990000 " ) + geom_ v l i n e ( aes ( x i n t e r c e p t=max( Ques_group$

Basel ine [Ques_group$Group==2]) ) , l i n e t y p e=" dashed " , colour=" #990000 " ) + geom_

v l i n e ( aes ( x i n t e r c e p t=min( Ques_group$ Basel ine [Ques_group$Group==1]) ) , l i n e t y p e

=" dashed " , colour=" blue " ) + geom_ v l i n e ( aes ( x i n t e r c e p t=max( Ques_group$

Basel ine [Ques_group$Group==1]) ) , l i n e t y p e=" dashed " , colour=" blue " ) + geom_

v l i n e ( aes ( x i n t e r c e p t=min( Ques_group$ Basel ine [Ques_group$Group==3]) ) , l i n e t y p e

=" dashed " , colour=" green " ) + geom_ v l i n e ( aes ( x i n t e r c e p t=max( Ques_group$

Basel ine [Ques_group$Group==3]) ) , l i n e t y p e=" dashed " , colour=" green " ) + theme_

bw( ) + geom_ v l i n e ( aes ( x i n t e r c e p t=min( Ques_group$ Basel ine [Ques_group$Group

==4]) ) , l i n e t y p e=" dashed " , colour=" purple " ) + geom_ v l i n e ( aes ( x i n t e r c e p t=max(

Ques_group$ Basel ine [Ques_group$Group==4]) ) , l i n e t y p e=" dashed " , colour=" purple

" )

358 ggsave ( " 4 . png" , width = 10 , height = 6 , dpi = 800)

359

360 names ( Ques ) [ 2 ] <− " P a t i e n t _ID"

361 names ( Ques ) [ 6 ] <− " Weekly_Dose_mg_kg "

362 Ques$ P a t i e n t _ID <− as . f a c t o r ( Ques$ P a t i e n t _ID )

363 model <− Weekly_LCSS ~ s ( Weekly_Week_number , bs = ’ cs ’ , k = −1) + s ( P a t i e n t _ID ,

bs = ’ re ’ )

364

365 p <− l i s t ( )

366

367 dat <− data . frame ( group=c ( 1 : 4 ) , range=c (NA, 4 ) , lmRsq=rep (NA, 4 ) , Rsq=rep (NA, 4 ) ,

lmslope=rep (NA, 4 ) , lmintercept=rep (NA, 4 ) , i n t e r c e p t=rep (NA, 4 ) , week_ edf=rep (NA

, 4 ) , week_F=rep (NA, 4 ) , week_p=rep (NA, 4 ) , ID_ edf=rep (NA, 4 ) , ID_F=rep (NA, 4 ) , ID_p=

rep (NA, 4 ) )

368

369 f o r ( i in 1 : 4 ) {

370 dat$range [ i ] <− paste0 ( " ( " ,min( Ques_group$ Basel ine [Ques_group$Group== i ] ) , " , " ,

max( Ques_group$ Basel ine [Ques_group$Group== i ] ) , " ) " )

371 temp <− Ques [Ques$ P a t i e n t _ID %in% Ques_group$ ‘ P a t i e n t ID ‘ [Ques_group$Group== i

] , ]

372 # f i t <− bam( model , data = temp , family = " gaussian " , d i s c r e t e = TRUE, nthreads

= 2)

373 f i t <− bam( model , data = temp , family = " gaussian " , d i s c r e t e = TRUE, nthreads

= 2)

374 summ <− summary( f i t )

375 dat$Rsq [ i ] <− summ$ r . sq

376 dat$ i n t e r c e p t [ i ] <− f i t $ c o e f f i c i e n t s [ 1 ]

377 dat$week_ edf [ i ] <− summ$ edf [ 1 ]

378 dat$ID_ edf [ i ] <− summ$ edf [ 2 ]
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379 dat$week_F [ i ] <−summ$s . t a b l e [1 , 3 ]

380 dat$ID_F [ i ] <− summ$s . t a b l e [2 , 3 ]

381 dat$week_p [ i ] <− summ$s . t a b l e [1 , 4 ]

382 dat$ID_p [ i ] <− summ$s . t a b l e [2 , 4 ]

383 lm <− gam( Weekly_LCSS ~ Weekly_Week_number + s ( P a t i e n t _ID , bs= ’ re ’ ) , data =

temp )

384 summ_lm <− summary( lm )

385 dat$lmRsq [ i ] <− summ_lm$ r . sq

386 dat$ lmintercept [ i ] <− lm$ c o e f f i c i e n t s [ 1 ]

387 #dat$ devia [ i ] <− summ$dev . expl

388 #dat$ s c a l e _ e s t [ i ] <− summ$ s c a l e

389 dat$ lmslope [ i ] <− lm$ c o e f f i c i e n t s [ 2 ]

390 #p_ obj <− p l o t ( f i t , r e s i d u a l s = TRUE)

391 p_ obj <− plot ( f i t , r e s i d u a l s = TRUE, pch=1 , cex=1 , seWithMean = TRUE, s h i f t =

coef ( f i t ) [ 1 ] )

392 p_ obj <− p_ obj [ [ 1 ] ] # j u s t one smooth so s e l e c t the f i r s t component

393 sm_ df <− as . data . frame ( p_ obj [ c ( " x " , " se " , " f i t " ) ] )

394 sm_ df$ f i t <− sm_ df$ f i t+coef ( f i t ) [ 1 ]

395 data _ df <− as . data . frame ( p_ obj [ c ( "raw" , "p . r e s i d " ) ] )

396 data _ df$p . r e s i d <− data _ df$p . r e s i d+coef ( f i t ) [ 1 ]

397 p [ [ i ] ] <− ggplot (sm_ df , aes ( x = x , y = f i t ) ) +

398 #geom_ point ( data = data _ df , mapping = aes ( x = raw , y = p . r e s i d ) ) +

399 geom_ point ( data=temp , aes ( x=Weekly_Week_number , y=Weekly_LCSS ) , s i z e = 1 ,

alpha = 0 . 5 ) +

400 geom_ ribbon ( aes ( ymin = f i t − se , ymax = f i t + se , y = NULL) , alpha = 0 . 3 ) +

401 geom_ l i n e ( ) +

402 l a b s ( x = "Weeks" , y = " " ) + theme_bw( )

403 }

404

405 ## p l o t

406 wrap_ p l o t s ( p [ [ 1 ] ] , p [ [ 2 ] ] , p [ [ 3 ] ] , p [ [ 4 ] ] , ncol = 2)

407 ggsave ( " 5 . png" , width = 10 , height = 6 , dpi = 800)

408

409 dat %>%

410 kable ( d i g i t s = 2 , caption = " \\ l a b e l { tab : gam1}GAM and Linear Regression f i t t e d

on Weekly Surveys Data " , col . names = c ( "Group" , " Basel ine " , " Linear Rsq" , "

GAM Rsq" , "lm_ slope " , "lm_ i n t e r " , "GAM_ i n t e r " , "week_ df " , "week_F" , "week_p" , "ID

_ df " , "ID_F" , "ID_p" ) )

411

412 wssnum <− wssplot ( ave_Storm [ , colnames ( ave_Storm )==" Basel ine " ] )

413 ggplot ( ) + geom_ l i n e ( aes ( x=1: length (wssnum) , y=wssnum) ) + geom_ point ( aes ( x=1:

length (wssnum) , y=wssnum) ) + theme_bw( ) + la b s ( x="Number of c l u s t e r s " , y="WSS
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" )+geom_ v l i n e ( aes ( x i n t e r c e p t=4) , l i n e t y p e=" dashed " , colour=" #990000 " )

414 ggsave ( " 6 . png" , width = 10 , height = 6 , dpi = 800)

415

416 s e t . seed (1234)

417

418 kmean <− kmeans ( ave_Storm [ , colnames ( ave_Storm )==" Basel ine " ] , 4 )

419 Storm_group <− cbind ( ave_Storm , kmean$ c l u s t e r )

420 colnames ( Storm_group ) [ length ( Storm_group ) ] <− "Group"

421

422 regroup <− rep (NA, 4 )

423 f o r ( i in 1 : 4 ) {

424 regroup [ i ] <− min( Storm_group$ Basel ine [ Storm_group$Group== i ] )

425 }

426

427 Storm_group$Group [ Storm_group$Group==3] <− 0

428 Storm_group$Group [ Storm_group$Group==4] <− −1

429 Storm_group$Group [ Storm_group$Group==1] <− 3

430 Storm_group$Group [ Storm_group$Group==2] <− 4

431 Storm_group$Group [ Storm_group$Group==0] <− 1

432 Storm_group$Group [ Storm_group$Group==−1] <− 2

433

434 ggplot ( ) + geom_ histogram ( data = ave_Storm , aes ( x=Basel ine ) , bins = 30) + geom_

v l i n e ( aes ( x i n t e r c e p t=min( Storm_group$ Basel ine [ Storm_group$Group==2]) ) ,

l i n e t y p e=" dashed " , colour=" #990000 " ) + geom_ v l i n e ( aes ( x i n t e r c e p t=max( Storm_

group$ Basel ine [ Storm_group$Group==2]) ) , l i n e t y p e=" dashed " , colour=" #990000 " )

+ geom_ v l i n e ( aes ( x i n t e r c e p t=min( Storm_group$ Basel ine [ Storm_group$Group==1]) )

, l i n e t y p e=" dashed " , colour=" blue " ) + geom_ v l i n e ( aes ( x i n t e r c e p t=max( Storm_

group$ Basel ine [ Storm_group$Group==1]) ) , l i n e t y p e=" dashed " , colour=" blue " ) +

geom_ v l i n e ( aes ( x i n t e r c e p t=min( Storm_group$ Basel ine [ Storm_group$Group==3]) ) ,

l i n e t y p e=" dashed " , colour=" green " ) + geom_ v l i n e ( aes ( x i n t e r c e p t=max( Storm_

group$ Basel ine [ Storm_group$Group==3]) ) , l i n e t y p e=" dashed " , colour=" green " ) +

theme_bw( ) + geom_ v l i n e ( aes ( x i n t e r c e p t=min( Storm_group$ Basel ine [ Storm_group$

Group==4]) ) , l i n e t y p e=" dashed " , colour=" purple " ) + geom_ v l i n e ( aes ( x i n t e r c e p t=

max( Storm_group$ Basel ine [ Storm_group$Group==4]) ) , l i n e t y p e=" dashed " , colour="

purple " )

435 ggsave ( " 7 . png" , width = 10 , height = 6 , dpi = 800)

436

437 Storm <− read . x l s x ( "ACM spreadsheet−Summary DataUSE FOR ANALYSIS−5−20−2022. x l s x "

, sheet = 5)

438 Storm$SL_CASS_ Total <− as . numeric ( Storm$SL_CASS_ Total )

439

440 Storm$SL_ s t a r t _ date <− convertToDate ( Storm$SL_ s t a r t _ date )
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441 #Storm$SL_ date <− convertToDate ( Storm$SL_ date )

442 f o r ( i in 1 : dim ( Storm ) [ 1 ] ) {

443 i f ( s t r _ length ( Storm$SL_ date [ i ] ) >5) {

444 #Storm$SL_ date [ i ] <− as . Date ( Storm$SL_ date [ i ] , format = "%m/%d/%Y " )

445 i f ( substring ( Storm$SL_ date [ i ] , 9 , 1 0 ) >21) {

446 Storm$SL_ date [ i ] <− gsub ( " 2[2 −3] " , " 21 " , Storm$SL_ date [ i ] )

447 Storm$SL_ date [ i ] <− gsub ( " 31 " , " 21 " , Storm$SL_ date [ i ] )

448 }

449 Storm$date _number [ i ] <− as . numeric ( as . Date ( Storm$SL_ date [ i ] , format = "%m/%

d/%Y" )−Storm$SL_ s t a r t _ date [ i ] )

450 } e l s e {

451 Storm$date _number [ i ] <− as . numeric ( convertToDate ( Storm$SL_ date [ i ] )−Storm$SL_

s t a r t _ date [ i ] )

452 }

453 }

454

455 #Storm$SL_ date <− convertToDate ( Storm$SL_ date )

456 Storm$ P a t i e n t . ID <− as . f a c t o r ( Storm$ P a t i e n t . ID )

457 #Storm$ date _number <− as . numeric ( Storm$SL_ date−Storm$SL_ s t a r t _ date )

458 Storm <− Storm [ abs ( Storm$date _number ) <101 ,]

459

460 Storm$SL_Thunder_ Lightening <− as . f a c t o r ( Storm$SL_Thunder_ Lightening )

461 model <− SL_CASS_ Total ~ s ( date _number , bs = ’ cs ’ , k = −1) + s ( P a t i e n t . ID , bs =

’ re ’ ) + SL_Thunder_ Lightening

462

463 p <− l i s t ( )

464

465 dat <− data . frame ( group=c ( 1 : 4 ) , range=c (NA, 4 ) , Rsq_ th=c (NA, 4 ) , pthunder=c (NA, 4 ) )

466

467 f o r ( i in 1 : 4 ) {

468 dat$range [ i ] <− paste0 ( " ( " , round (min( Storm_group$ Basel ine [ Storm_group$Group== i

] ) , 2 ) , " , " , round (max( Storm_group$ Basel ine [ Storm_group$Group== i ] ) , 2 ) , " ) " )

469

470 temp <− Storm [ Storm$ P a t i e n t . ID %in% Storm_group$ ‘ P a t i e n t ID ‘ [ Storm_group$Group

== i ] , ]

471 # f i t <− bam( model , data = temp , family = " gaussian " , d i s c r e t e = TRUE, nthreads

= 2)

472 f i t <− bam( model , data = temp , family = " gaussian " , d i s c r e t e = TRUE, nthreads

= 2)

473 summ <− summary( f i t )

474

475 dat$Rsq_ th [ i ] <− round (summ$ r . sq , 2 )
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476 dat$thun_coe [ i ] <− round (summ$p . c o e f f [ 2 ] , 2 )

477 dat$pthunder [ i ] <− round (summ$p . pv [ 2 ] , 3 )

478 p_ obj <− plot ( f i t , r e s i d u a l s = TRUE, pch=1 , cex=1 , seWithMean = TRUE, s h i f t =

coef ( f i t ) [ 1 ] )

479 p_ obj <− p_ obj [ [ 1 ] ] # j u s t one smooth so s e l e c t the f i r s t component

480 sm_ df <− as . data . frame ( p_ obj [ c ( " x " , " se " , " f i t " ) ] )

481 sm_ df$ f i t <− sm_ df$ f i t+coef ( f i t ) [ 1 ]

482 data _ df <− as . data . frame ( p_ obj [ c ( "raw" , "p . r e s i d " ) ] )

483 data _ df$p . r e s i d <− data _ df$p . r e s i d+coef ( f i t ) [ 1 ]

484 p [ [ i ] ] <− ggplot (sm_ df , aes ( x = x , y = f i t ) ) +

485 #geom_ point ( data = data _ df , mapping = aes ( x = raw , y = p . r e s i d ) ) +

486 geom_ point ( data=temp , aes ( x=date _number , y=SL_CASS_ Total , c o l o r=SL_Thunder_

Lightening ) , s i z e = 1 , alpha = 0 . 5 ) +

487 geom_ ribbon ( aes ( ymin = f i t − se , ymax = f i t + se , y = NULL) , alpha = 0 . 3 ) +

488 geom_ l i n e ( ) +

489 l a b s ( x = "Days" , y = "CASS" ) + theme_bw( ) + theme ( legend . p o s i t i o n = "none" )

490 }

491

492 Storm Logs " , f i g . a l i g n=" center " }

493 ## p l o t

494 wrap_ p l o t s ( p [ [ 1 ] ] , p [ [ 2 ] ] , p [ [ 3 ] ] , p [ [ 4 ] ] , ncol = 2)

495 ggsave ( " 8 . png" , width = 10 , height = 6 , dpi = 800)

496

497 Storm$SL_ i n t e n s i t y <− as . f a c t o r ( Storm$SL_ i n t e n s i t y )

498 model <− SL_CASS_ Total ~ s ( date _number , bs = ’ cs ’ , k = −1) + s ( P a t i e n t . ID , bs =

’ re ’ ) + SL_ i n t e n s i t y

499

500 p <− l i s t ( )

501

502

503 f o r ( i in 1 : 4 ) {

504 temp <− Storm [ Storm$ P a t i e n t . ID %in% Storm_group$ ‘ P a t i e n t ID ‘ [ Storm_group$Group

== i ] , ]

505 # f i t <− bam( model , data = temp , family = " gaussian " , d i s c r e t e = TRUE, nthreads

= 2)

506 f i t <− bam( model , data = temp , family = " gaussian " , d i s c r e t e = TRUE, nthreads

= 2)

507 summ <− summary( f i t )

508

509 dat$Rsq_ i n t [ i ] <− round (summ$ r . sq , 2 )

510 dat$ i n t _coe [ i ] <− round (summ$p . c o e f f [ 2 ] , 2 )

511 dat$ pint [ i ] <− round (summ$p . pv [ 2 ] , 3 )
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512 dat$se _coe [ i ] <− round (summ$p . c o e f f [ 3 ] , 2 )

513 dat$ pint _ se [ i ] <− round (summ$p . pv [ 3 ] , 2 )

514

515 p_ obj <− p l o t ( f i t , r e s i d u a l s = TRUE, pch=1 , cex=1 , seWithMean = TRUE, s h i f t =

coef ( f i t ) [ 1 ] )

516 p_ obj <− p_ obj [ [ 1 ] ] # j u s t one smooth so s e l e c t the f i r s t component

517 sm_ df <− as . data . frame ( p_ obj [ c ( " x " , " se " , " f i t " ) ] )

518 sm_ df $ f i t <− sm_ df $ f i t+coef ( f i t ) [ 1 ]

519 data _ df <− as . data . frame ( p_ obj [ c ( "raw" , "p . r e s i d " ) ] )

520 data _ df $p . r e s i d <− data _ df $p . r e s i d+coef ( f i t ) [ 1 ]

521 p [ [ i ] ] <− ggplot (sm_ df , aes ( x = x , y = f i t ) ) +

522 #geom_ point ( data = data _ df , mapping = aes ( x = raw , y = p . r e s i d ) ) +

523 geom_ point ( data=temp , aes ( x=date _number , y=SL_CASS_ Total , c o l o r=SL_ i n t e n s i t y ) ,

s i z e = 1 , alpha = 0 . 5 ) +

524 geom_ ribbon ( aes ( ymin = f i t − se , ymax = f i t + se , y = NULL) , alpha = 0 . 3 ) +

525 geom_ l i n e ( ) +

526 l a b s ( x = "Days" , y = "CASS" ) + theme_bw( ) + s c a l e _ c o l o r _ brewer ( p a l e t t e = " Set2

" )

527 }

528

529 c l u s t e r s from Storm Logs " , f i g . a l i g n=" center " }

530 ## p l o t

531 wrap_ p l o t s ( p [ [ 1 ] ] , p [ [ 2 ] ] , p [ [ 3 ] ] , p [ [ 4 ] ] , ncol = 2)

532 ggsave ( " 9 . png" , width = 10 , height = 6 , dpi = 800)

533

534 dat %>%

535 kable ( caption = " \\ l a b e l { tab : gam2}2 GAMs f i t t e d on Storm Logs Data " )
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