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ABSTRACT 

THE USE OF SUPPORT VECTOR MACHINES AND HIERARCHICAL LINEAR 

MODELING IN MORRIS WATER MAZE ANALYSIS 

Peter Andrew Kakalec, M.A. 

George Mason University, 2022 

Thesis Director: Dr. Jane Flinn 

 

This thesis describes a methodology that can be used in the analysis of Morris 

water maze data. The Morris water maze is a test which measures an animal’s spatial 

learning performance. In the Morris water maze, an animal is placed in a pool of opaque 

water, rendering it unable to visibly locate a platform used to escape. Thus the animal is 

made to learn the location of the platform relative to external spatial cues. This thesis 

sought to take videos of Morris water maze trials, analyze them to produce a series of 

coordinates, and then use these data to produce variables describing paths swum in the 

Morris water maze, such as trial duration, rotation, and measures describing the distance 

from the platform and perimeter. These values were then used to classify trials into a 

search strategy using support vector machines. An analysis was then performed and 

described to demonstrate how this output can be examined. Different mouse models for 

Alzheimer’s disease were used (Wildtype, Amyloid-only, Tau-only, Dual transgenic) for 
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analysis, allowing us to examine how different aspects of AD pathology affect search 

strategy. Output indicated that as more advanced aspects of Alzheimer’s disease 

pathology are modeled, animals show increasing rates of a non-spatial search strategy 

(thigmotaxis).
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INTRODUCTION 

Machine learning algorithms have emerged as powerful tools for data analysis. 

These techniques have enabled researchers to drastically cut down on the time needed to 

perform time-consuming tasks, such as behavior classification, allowing for the use of 

these types of analyses on a scale which was previously unfeasible. The goal of this thesis 

was to develop an analysis pipeline which will use these tools to analyze videos of animal 

behavior and classify them based on the behavior being displayed, allowing us to analyze 

data in terms of a categorical outcome variable representing the behavior being displayed. 

Following the development of this process, data will be used to demonstrate how this 

output can be analyzed and interpreted to help in understanding Morris water maze 

behavioral data. 

 The use of these techniques is advantageous in understanding behavior. Whereas 

previously we would be limited to examining the changes of outcomes variables with 

univariate statistical techniques, multivariate techniques allow us to better understand 

how changes may manifest as differences in the relationships between multiple outcome 

variables. This can be helpful in understanding the nature of the changes in behavior, and 

in detecting novel effects which may not have been observable otherwise (Gallagher et 

al., 2013). This is important in the analysis of behavioral data in rodent models, where we 



2 

 

seek to better understand complicated behaviors as modeled by a rodent which may not 

be captured well in a single variable. 

 The Morris water maze (MWM) is a test used to assess spatial learning and 

memory in rodent studies (Morris, 1981). The procedure for MWM involves placing an 

animal in an opaque pool of water surrounded by spatial cues which they can use to 

navigate the pool and learn the location of a submerged platform, see figure 1 for an 

image of the testing apparatus (Bromley-Brits et al., 2011). This is repeated for three 

trials per day over six days, with the goal of determining how the animal can learn to use 

the spatial cues to find the platform and remember its location (Bromley-Brits et al., 

2011). In this experimental paradigm spatial learning is measured as a reduction in either 

the time spent finding the platform or the length of the path traveled (Bromley-Brits et 

al., 2011). Spatial memory is also assessed on a series of probe trials in which the 

platform is rendered inaccessible to the animal, allowing for observation of the degree to 

which the animal continues to swim over where the platform had previously been or 

explore the area nearby (Bromley-Brits et al., 2011). 
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Figure 1. Morris water maze pool, platform, and spatial cues. 

 

 

 

Analysis of MWM data in this way has provided insight into the brain regions 

involved in, as well as what kind of factors can affect learning and memory. Time to 

platform was used as the primary measure used to demonstrate the involvement of the 

hippocampus in MWM performance (Logue, 1997), specifically in region CA3 (Florian 

& Roullet, 2004). MWM is commonly used in assessing the effects of treatments in 

mouse models for Alzheimer’s disease, such as the role of zinc in spatial learning and 

memory deficits in tg2576 mice (Linkous et al, 2009) as well as in assessing the efficacy 
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of intranasal zinc in remediating the effects of stress and traumatic brain injury (TBI) 

(Doherty, 2020). 

While most of these studies analyze time to platform in MWM as the primary 

outcome of interest, the path navigated can be described in several different ways. MWM 

output typically includes variables such as proximity to platform, time in quadrant, time 

spent circling the outside of the arena (thigmotaxis), among others, and while analysis of 

any one of these variables can be informative, it is also possible that the changes are 

multivariate, and separate analyses will be unable to detect changes of this nature. This 

study seeks to use machine learning techniques to classify existing MWM data according 

to the strategy used to navigate the maze in order to better understand the behavioral 

changes resulting from the treatments in the studies. 

Machine learning algorithms have been applied as an analytical tool in many 

fields of neuroscience. Broadly speaking these algorithms can be divided into two types, 

supervised, and unsupervised. Unsupervised machine learning algorithms, though not a 

part of the current study, can be used to detect relationships in our dataset without the 

specification of an outcome variable. Algorithms such as these have been used to detect 

clustering within a dataset. Supervised machine learning algorithms allow us to detect 

relationships in our data as they related to an outcome variable. This has proven useful in 

several fields of neuroscience. In fMRI research, supervised machine learning algorithm, 

support vector machines (SVMs) have been used to predict the category of a stimulus 

being viewed by participants in studies of visual cortex (Norman et al., 2006), as well as 

the direction of episodic memory recall (Wimmer et al., 2020). In rodent research it has 
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been used to classify the sleep stage of animals in time-series data (Crisler et al., 2008) 

and behavior during forced swim test (Fröhlich et al, 2008). 

Support vector machines allow for the classification of data using multiple 

variables. The use of this technique relies on the user to initially train the algorithm on a 

set of training data. This training data will consist of data which has been manually 

scored in the Flinn lab based on search strategy. The support vector machine will then 

analyze the dataset, according to the relationships defined by the training dataset, and 

find the barrier across a multi-dimensional space containing all the variables in the 

dataset and learn the optimal hyperplane which separates the two groups defined by the 

categorical variable while minimizing a cost function. While support vector machines 

operate to classify data into one of two groups, there exist methods to classify data into 

one of multiple groups, using either one-versus-one or one-versus-all approaches (James 

et al., 2013). This study used a hierarchical classification scheme, in which a support 

vector machine broadly categorizes the data and then further classifies data points into 

more specific categories, as demonstrated in Illouz et al., 2016.  

In rodent studies, machine learning is a powerful tool for better understanding 

behavioral changes on a scale that was previously unfeasible due to the time needed to 

manually classify large numbers of trials, as well as the issues related to scorer bias. 

Several labs have used manual search strategy classification as a strategy to better 

understand the multivariate changes observed in behavioral changes in rodents in the 

analysis of data from tests such as MWM (Gehring et al., 2015, Illouz et al., 2016) and 

Barnes maze (O’Leary et al., 2011). The use of an algorithm such as SVM allows for the 
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large-scale analysis of pooled data from existing studies to detect changes which may 

have gone previously undetected, or to better understand the nature of the differences in 

our data. 

This study uses a SVMs to re-examine data from several previous studies relating 

to the effects of dietary factors and traumatic brain injury (TBI) in mouse models for 

Alzheimer’s disease. Pooling the data from these studies allows for the detection of 

changes with a greater statistical power than before. Of interest to us were the differences 

in search strategy resulting from the use of different mouse models for Alzheimer’s 

disease. Alzheimer’s disease is characterized by two pathologies, amyloid plaques and 

tau tangles. Amyloid plaques are the initial biomarker for Alzheimer’s disease, they 

appear first in the medial temporal cortex and then spread to the rest of the brain. While 

this is the initial biomarker, amyloid plaque formation begins prior to Alzheimer’s 

disease symptom appearance, thus this aspect of pathology does not predict disease state 

(Braak et al., 1996). Following this, we observe the formation of tau tangles in a similar 

spatiotemporal pattern. The distribution and density of tau tangles correlates with disease 

state (Braak & Braak, 1995). The genes responsible for amyloid plaque and tau tangle 

formation do not exist in rodents, thus we selected animals from the following group, 

wildtype, expressing neither gene, animals expressing amyloid precursor protein (APP) 

only, tau only, or a dual transgenic model, allowing us to better understand the individual 

contributions of each component, while still allowing us to detect an interaction effect in 

dual transgenic animals.  
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METHODS 

This study used raw data from several previous studies to form a larger dataset to 

better understand the variables manipulated in their respective studies. The data was 

processed to align variables relating to animal strain, sex, genotype, dietary 

supplementation, TBI implementation, and other variables. These data were then filtered 

to exclude non-genotype treatment variables (i.e. TBI, stress, diet, aging), leaving only 

wildtype control animals, APP animals, Tau animals, and dual transgenic animals (see 

table 1 for a breakdown of sample by study). 

 

 

 

Table 1. Data sources 

Experimentor WT APP Tau Dual TG 

Dimopoulos, Thalia 29 19 0 0 

Doherty, Erin 17 0 0 0 

Gervase, Tatiana 9 0 0 11 

Hernandez, Carlos 4 0 12 0 

Neely, Caroline 25 0 0 0 

Pedemonte, Karin (Thesis) 75 0 0 0 

Pedemonte, Karin (Dissertation) 20 0 9 0 

Railey, Angela 12 27 0 0 

Smith, Meghann 14 0 0 0 

Drug 12 0 0 0 

Total: 211 46 21 11 
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The raw data used were videos of individual trials re-analyzed using DeepLabCut 

(DLC). DLC is video analysis software which has been of great use in tracking animals in 

neuroscience experiments (Mathis et al., 2018). DLC uses deep neural networks to allow 

users to track objects of interest for analysis in behavioral experiments. It is built upon 

DeeperCut, a feature detection algorithm based on ResNet-50, an existing convolutional 

neural network which has been trained on a dataset of more than a million images and 

can classify objects into one of a thousand categories. DLC uses this pretrained network 

to allow for rapid detection of both objects and animals in video. Use of this architecture 

allows for rapid training and recognition in videos which matches the accuracy of hand 

scoring (Mathis et al., 2018). 

DLC has seen wide use in studies of a variety of animal behaviors. It has been 

primarily used to track the movements of entire animals and specific body parts in a 

number of species (Mathis et al., 2018). Several other projects expand the functionality of 

DLC by allowing for the real-time detection of movement and allow for video from DLC 

to be used in the automation of reinforcement of actions without the use of active 

monitoring or invasive detection techniques (Forys et al., 2020), as well as combining 

detection from multiple angles to reconstruct three-dimensional movement (Karashchuck 

et al., 2020). For the purpose of this study, DLC will be used to track the animal’s 

position within the MWM pool. 

By training DLC to detect boundaries of the platform and arena in the MWM, as 

well as the animal’s position, we were able to acquire data on the animal’s position 

relative to key features of maze. This allows for quantification not only of metrics 
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relating to the path traveled, such as measures of escape latency, path length, speed, and 

measures of rotation, but also metrics describing the path relative to arena features such 

as proximity to platform, time in platform quadrant, and proximity to the outside of the 

arena. Measures such of these have been used in studies which seek to classify the search 

strategy used in MWM navigation, as was done in this study (Illouz et al., 2016). 

Search strategy has been used in studies examining MWM as a method of 

understanding changes in MWM behavior in transgenic Alzheimer's disease mouse 

models. The primary advantage of this type of analysis over univariate analysis of escape 

latency, path length, or time in quadrant is that search strategy captures an aspect of 

behavior which exists across multiple variables. Studies generally classify strategies into 

several categories based on the path traveled by the mouse. These paths can be 

differentiated across variables describing rotation, length, proximity to platform, 

proximity to outside of arena, and the proximity of points to other points. By selecting a 

subset of trials to manually score according to their search strategy, we can use these data 

to train a support vector machine to automate the search strategy of a large number of 

trials, overcoming challenges related to the amount of work involved in such a task, and 

preventing the introduction of experimenter bias. 

In the case of the MWM we could take a particular strategy, and manually score 

trials based on whether they represent this strategy or not. A support vector machine 

would analyze the multivariate data describing the paths used in these trials and find the 

plane across these different dimensions which best separates the two classes of data. 

Once this relationship has been defined, we can apply this to the entirety of our dataset to 
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define the search strategy used in each of our trials. We can then start to examine the 

differences in strategy used by our different groups. This gives us the opportunity to 

examine the behavioral changes resulting from our treatments which characterizes 

changes across the multiple variables describing the path traveled by the animal. 

The search strategy used can be analyzed in different ways as well. Differences in 

search strategy alone depend on a theoretical framework to give changes in strategy a 

meaning in terms of what cognitive changes they may reflect. Some studies have 

examined search strategy by whether they were spatially focused, reflecting whether the 

animals had learned the location of the platform relative to the spatial cues. (Janus, 2004). 

Others have assigned each strategy a cognitive score to reflect how cognitively 

challenging the strategy would be to employ (Illouz et al, 2016). Often this definition will 

depend on the nature of the research question being asked.  

A final consideration is the analytical method used in this paper. MWM data is 

typically analyzed using a repeated measures ANOVA, in which each day’s performance 

is compared to performance on other days, and then these changes are compared across 

groups. By treating time as an unordered categorical variable we often get results which 

reach significance on some days and not others, which ends up making interpretation of 

results more challenging. By using a hierarchical linear model, we can produce models 

which examine growth curves using time as a continuous variable, which makes for 

easier interpretation. Hierarchical linear models also offer us the opportunity to use 

maximum likelihood estimations for missing data, which increases our statistical power 

and reduces the bias introduced through missing data solutions such as listwise deletion. 
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A further benefit of the use of a hierarchical linear model is the quantification of variance 

in both the initial baseline performance on MWM, as well as variance in the learning 

curve, quantifying individual differences in MWM growth curves. 

DeepLabCut 

Frames were selected from each study and labeled to train DLC to detect the 

North, East, West, and Southernmost points of both the MWM pool and the platform. 

Points between the mouse’s ears and at the base of the mouse’s tail were labeled to allow 

for tracking of the animal’s position during trials. Trials with the platform removed were 

excluded from this analysis as DLC is unable to provide us with a platform location in 

these trials. This allowed us to track the position of the animal in the arena relative to the 

platform for each frame of video, allowing us to calculate values describing several 

features of the path traveled, information about the animal’s proximity to the platform, 

and time spent in different parts of the arena. 

Video Analysis 

DLC performs its own evaluation and provides values indicating how well it is 

performing. Following training, DLC was operating with an average error of 4.13 pixels, 

which equates to 1.2cm following conversion from pixels to distance. Values describing 

the path swam were calculated from the coordinates generated by DLC matching those 

used to classify search strategy in the study by Illouz et. al (2016). These values included 

trial duration, distance traveled, mean speed, path efficiency, sum of absolute angles, sum 

of relative angles, mean distance from perimeter, variance of distance from perimeter, 
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number of circular movements, location density, mean distance from platform, and 

variance of distance from platform. 

Support Vector Machine 

Trials were manually scored by 3 experimenters blind to any animal conditions. 

Trials from sunken platform days were removed as DLC was unable to predict the 

location of the platform on these days. The remaining trials from sunken platform days 

were then used to train the support vector machine. One-versus-one classification was 

used for multigroup classification. Following training, support vector machine 

performance was assessed using a subset of trials removed from the training dataset 

(results in Figure 2).  
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Figure 2. SVM Performance as measured by correlating manually scored trial 

labels with SVM output (*.l = labeled, *.n = predicted). 

 

 

 

Trials were classified into the following strategies: direct, corrected, focused 

search, circling, accidental circling, chaining, random, thigmotaxis, and passivity, based 

on the categories used by Illouz et al. (2016). Examples are shown in Figure 3. 
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Figure 3. Search strategies (Illouz et al., 2016) 

 

 

 

Search Strategy 

Each strategy was examined using a generalized hierarchical linear model, 

treating the outcome as a binomial variable, and predictors of day and genotype 

examining changes in strategy use over time, and how these changes over time are 

affected by genotypic factors. 

Cognitive Score 

Each search strategy was given an ordinal cognitive score as done in the study by 

Illouz et al. (2016), representing the cognitive resources required to successfully execute 

the search strategy.  This provided us a variable which allows us to understand how the 

use of different search strategies changed across test days. Search strategies were 

assigned cognitive scores as follows: passivity and thigmotaxis = 1, random = 2, 

chaining, circling, and accidental circling = 3, focused search = 4,  corrected = 5, direct = 
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6. Analysis of this variable between groups informed us as to how the overall use of 

strategies differs between groups. Cognitive score was analyzed using hierarchical linear 

modeling. This allowed us to analyze our data using a method which accounts for the 

nested structure of our data, and additionally quantified the variance around both the 

baseline performance and in the growth curve in our data.  
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RESULTS 

Support Vector Machines were used to classify trials into one of the 9 categories 

seen in Figure 3. Support Vector Machine Performance was measured by comparing 

SVM classification with manual classification. 7 trials per strategy were manually 

labeled, and then categorized using SVMs. 

 

PCA was used to visualize how strategy classification changes across the 

dimensions used to classify strategies (Figure 4). We observe that most of our between-

strategy variance is along dimensions of path efficacy, net distance, point density, trial 

duration, and mean distance from the platform. Within-strategy variance was largely 

driven by the speed of the animal. 
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Figure 4. PCA biplot showing how search strategy varied across multiple 

variables. 

 

 

 

Changes in individual strategy were analyzed using hierarchical linear modeling. 

These can be viewed as they exist as part of a whole in Figure 5 and are then examined 
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individually. These data were modeled using the strategy as an outcome variance with 

predictors of day and genotype factors of APP or P301L, allowing us to examine 

differences between wildtype (APP=0, P301L+CamK2=0), APP (APP=1, 

P301L+CamK2=0), Tau (APP = 0, P301L+CamK2 = 1) and Dual TG (APP=1, 

P301L+CamK2=1) performance at baseline, as well as how these genotypic factors 

affected the change in strategy use over time while accounting for variance in how these 

changes occur in each animal.  
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Figure 5. Stacked area graph showing use rate of each strategy as a percentage of total 

number of trials by genotype. 
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Figure 6. Direct use over time and by genotype. 

 

 

 

We observed a significant effect of day, indicating that the use of this strategy increased 

over time (z = 3.56, p < 0.001). Effects of genotype on initial use rate and rate of change 

failed to reach significance. 
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Figure 7. Corrected use over time and by genotype. 

 

 

 

APP lowered the baseline rate of corrected strategies relative to WT (z = -2.98, p 

< 0.005). P301L had a trend for a lowered baseline rate (z=-1.66, p < 0.1). Day was a 

significant predictor, indicating the likelihood of using this strategy increased over time 

(z = 3.071, p < 0.005).  
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Figure 8. Focused search use over time and by genotype. 

 

 

 

 Baseline rate of focused search use increased in APP animals relative to other 

genotypes (z = 4.83, p < 0.001). Day was a significant predictor, indicating use of this 

strategy increased over time (z = 2.11, p < 0.05). APP significantly decreased this rate of 

change (z = -2.36, p < 0.05). 
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Figure 9. Accidental circling use over time and by genotype. 

 

 

 

 Baseline rate of use of accidental circling was significantly lower in both APP (z 

= -2.59, p < 0.05) and Tau animals (z = -2.65, p < 0.05). There was a trend for an effect 

of time, indicating that use of this strategy decreased over time (z = -1.92, p < 0.1). There 

was a trend for an effect of APP, indicating that the rate of change would slowly increase 

in APP animals (z = 1.736, p < 0.1). A 3-way interaction between APP, P301L, and day, 

indicating that dual tg animals’ rate of accidental circling decreased more rapidly than 

other genotypes (z = -2.014, p < 0.05).  
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Figure 10. Chaining use over time and by genotype. 

 

 

 

 Neither APP nor Tau affected the base rate of circling as a strategy. Day was a 

significant predictor, indicating animals used this strategy more over time (z = 5.34, p < 

0.001). Genotypic factors did not affect the rate of change in use of this strategy. 
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Figure 11. Circling use over time and by genotype. 

  

 

 

A significant effect of APP was observed, indicating APP animals showed decreased 

initial use of this strategy relative to WT (z = -2.29, p < 0.05), and P301L animals 

showed a significant effect of reduced initial use as well (z = -3.05, p < 0.005). An 

interaction was observed, which resulted in dual tg animals having an initial use rate 

closer to that of wt animals (z = 2.27, p < 0.05). Day was a significant predictor, 

indicating use of this strategy decreased over time (z = -9.48, p < 0.001). APP 

significantly affected this rate of change, indicating that APP’s use of this strategy 

decreased more slowly than WT (z = 4.52, p < 0.001). A significant effect was also 

observed in P301L animals, resulting in an increase in the use of this strategy over time 
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(z = 4.93, p < 0.001), and an interaction between APP, P301L, and day was observed, 

which resulted in a use rate similar to APP animals. (z =-3.06, p < 0.005). 

 

 

 

 

Figure 12. Random over time and by genotype. 

 

 

 

 Significant effects of APP (z = 3.533, p < 0.001) and an interaction between APP 

and P301L (z = -2.24, p < 0.05) indicated both APP and dual tg animals showed a 

decreased baseline use of random strategies.  Day was a significant predictor, showing 

animals decreased their use of this strategy over time (z = -2.25, p < 0.05). APP affected 
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this rate of change, resulting in a steeper decrease of use relative to WT (z = -2.161, p < 

0.05). 

 

 

 

 

Figure 13. Thigmotaxis use over time and by genotype. 

 

 

 

 APP animals showed an increased use of this strategy relative to WT (z = 2.40, p 

< 0.05), along with P301L, who showed a larger increase in initial rate (z = 5.86, p< 

0.001). Day was a significant predictor indicating use of this strategy decreased over time 

(z = -5.48, p < 0.001). There was a significant effect for a less steep decrease in APP 

animals (z = 3.01, p < 0.05) and a trend for a less steep decrease in P301L animals 

(z=1.96, p < 0.1). Lack of an interaction between APP and Tau in this model indicates 
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that the dual transgenic animals are showing rates of thigmotaxis equal to the sum of 

these effects. 

 

 

 

 

Figure 14. Passive use over time and by genotype. 

  

 

 

Rate of passive strategy use was not affected by any of our predictors. 



29 

 

 

Figure 15. Cognitive score over time and by genotype. 

 

 

 

Analysis of cognitive score revealed that APP and P301L animals showed a 

reduction of the baseline cognitive score relative to WT (APP: t(296.28) = -4.01, p < 

0.001; P301L: t(338.13 = -5.57 p < 0.001). These values increased over time (t(273.84)= 

7.82, p < 0.001). There was a trend for an interaction for APP, P301L, and day, indicating 

that the direction of change was reversed in animals expressing both APP and P301L 

(t(385.45) = -1.94, p < 0.1). 
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DISCUSSION 

The Morris water maze is taken to be a test of spatial learning and memory 

(Morris, 1981). Univariate outcome variables such as time to platform are usually taken 

as an indication of the animal’s ability to learn the location of the platform and use this 

spatial memory to locate the platform (Logue, 1997). However, this kind of analysis only 

examines a single aspect of the behavior displayed by the animal in the Morris water 

maze. While these types of analyses provide a measure of performance, it is possible that 

these behavioral changes are multivariate in nature, and that a univariate analysis may 

miss important aspects of the behavior being displayed. The current study attempted to 

address this by use of machine learning to classify trials into one of nine search strategies 

using twelve variables describing the path swam by the animal.  

 The use of machine learning to accomplish this task allows us to examine this 

behavior at a larger scale than was previously possible. Manual scoring of trials in this 

way is time consuming and prone to individual biases. By scoring a smaller number of 

trials for use as training data we can use an algorithm to learn the relationships present in 

the data as they relate to an outcome variable and use this information to predict the 

outcomes of unscored trials. This can produce a larger dataset than was previously 

possible. 

 This study used these techniques to analyze Morris water maze behavior in 

different mouse models for Alzheimer’s disease. The dataset used was assembled by 
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selecting non-treatment (i.e sham-TBI, unstressed, control diet, standard water) animals 

of different genotypes and combining them into a larger dataset. This allowed us a greater 

statistical power than we would normally have in detecting differences between 

genotypes. The genotypes used for in our dataset included wildtype animals, Amyloid 

Precursor Protein (APP) animals, animals expressing both CamK2 and P301L (Tau), and 

animals expressing both APP and Tau genes (dual tg). 

 The selection of these genotypic factors is important as they represent different 

aspects of Alzheimer’s disease pathology. Amyloid plaques are the initial biomarker for 

Alzheimer’s disease, but mice do not naturally produce amyloid, so the insertion of the 

human APP gene is necessary for the formation of amyloid plaques in rodents (see 

Kokojohn & Roher, 2009 for more info on APP and transgenic mouse models). While the 

formation and spread of amyloid plaques throughout the brain is one of the first changes 

to occur in the brain, it does not correlate with symptom severity in humans, with 

amyloid plaques being detected in pre-clinical AD (Vlassenko et al., 2012). Once 

amyloid plaques have begun to appear throughout the brain, the formation of tau tangles 

follows. P301L is the gene associated with the formation of tau tangles and requires 

CamK2 for activation. The density and spread of tau tangles throughout the brain 

correlates much more strongly with disease progression in humans (Ingelsson et al., 

2004). However, tau does not appear in isolation in Alzheimer’s disease in humans 

(though it does appear in isolation in frontotemporal dementia, and in some cases 

traumatic brain injury), it is also present alongside amyloid plaques. Thus dual tg 

animals, expressing APP, P301L, and CamK2, are the genotype which most closely 
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replicates the pathology observed in humans, while the singular APP and P301L+CamK2 

genotypes allow us to better understand how these aspects of Alzheimer’s disease 

pathology affect behavior together as well as in isolation. 

 These genotype factors were used as predictors in a longitudinal analysis of our 

search strategy data. Use of hierarchical modeling has several advantages in analysis of 

this type of data. Usual analysis of Morris water maze data uses repeated measures 

ANOVA, which can make it difficult to interpret results, as some effects may be 

significant on some days and not others. With hierarchical linear modeling we can model 

our outcome variable as occurring at a certain rate at baseline, which then changes over 

time. We can then see how these baseline rate and rates of change are affected by other 

factors such as genotype. Hierarchical linear models can also account for individual 

differences in the baseline and rates of change, giving us more accurate parameter 

estimates and confidence intervals. 

 Results were analyzed using two approaches. We first considered each search 

strategy as a separate outcome. This is helpful in understanding how the baseline 

likelihood to use a particular strategy, as well as how this likelihood changes over time, 

are affected by genotypic factors. However, this analysis has a major issue. It treats each 

outcome variable as independent, which they are not. If the likelihood to use one strategy 

increases, another must decrease, and our treatment prevents this kind of interpretation. 

To better understand how movement between strategies was affected, each strategy was 

assigned a cognitive score, consistent with Illouz et al., 2016. While this does not 

examine changes in the likelihood of strategies in a unified way, it does provide us a 
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measure that we can use to understand how strategy use changed over time and differed 

between groups. 

 The analysis of more guided strategies, such as direct, corrected, chaining, and 

accidental circling, indicated that the use of these strategies is either unaffected or 

reduced in initial likelihood and rate of change in APP, Tau, and dual tg animals relative 

to WT animals. In our longer strategies, focused search, circling, random, passive, and 

thigmotaxis, we see two particularly striking changes. One of these is found in the use of 

circling as a strategy. We observe that wildtype animals begin with an initial high rate of 

circling which drops off over time. Our transgenic animals, however, begin with 

comparatively low rates of circling which don’t vary much over time. The greatest 

difference is present in the rate of thigmotaxis. Baseline thigmotaxis is low in WT 

animals and reduces to a near-zero rate by days 3 and 5. However, as we examine our 

transgenic models we see increases in the initial rate of thigmotaxis, and that the decrease 

in use of this strategy is slowed. The effect size follows the expected severity of 

symptoms, with APP animals having the smallest deviation, then Tau, and then the dual 

transgenic animals are using thigmotaxis as a strategy in nearly 60% of their trials. 

 This poses a problem for interpretation of Morris water maze data. Thigmotaxis is 

a behavior where animals tend to keep to the edges of an environment. It is generally 

taken as an indicator of anxiety, but in Morris water maze in particular it can present an 

issue in data interpretation. The goal of the Morris water maze is for the animal to learn 

to locate a platform to escape the maze. As Vorhees & Williams discuss in their 2006 

paper, thigmotaxis may appear as an initial strategy as it makes sense for the animals to 
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search the outer wall for a way to escape the maze. However, if the animal is engaged 

with the task, they should learn that there is not an exit located on the outer wall and 

begin to look elsewhere. As AD symptom severity increases, we find that animals are 

increasingly unable to separate from the wall and look elsewhere for the platform. While 

this certainly presents a behavioral change, it is important to keep in mind the goal of the 

Morris water maze in measuring spatial learning and memory ability. If examining 

Morris water maze data purely in terms of escape latency, one may well see an increase 

in time to platform and assume that there is an impaired ability of the animal to learn the 

location of the platform and navigate to it. However, this misses an important aspect of 

the behavior. The animals displaying thigmotaxis are not engaged in locating the 

platform, learning its location, and navigating to it, and thus our outcome measure is 

possibly not accurately reflecting spatial learning ability, as spatial learning is not 

occurring. Thus it is possible that the true relationship between spatial learning ability 

and genotypic factors may be distorted by increasingly high rates of thigmotaxis. 

 Other studies have examined changes in behavior in other assays of spatial 

memory using mouse models of AD. One study examined dual tg performance in open 

field (Lippi, Smith, & Flinn, 2018). In this study, they observed that dual tg animals 

showed increased thigmotaxis in open field, also generally considered a measure of 

anxiety. These two lines of evidence support the interpretation of an increase of 

thigmotaxis as an increase of anxiety. Thus anxiety my be interfering with the normal 

spatial learning process in transgenic animals.  
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 Treating search strategy as a measure of cognitive ability allows for a new 

interpretation of Morris water maze data. Examining initial cognitive scores, the baseline 

performance on day 1, we see that our wildtype controls perform best, followed by APP, 

and that Tau and dual transgenic animals have similarly low scores relative to the other 

two groups. Interestingly, when we examine the effects of genotype on rate of change, we 

find that only the presence of tau seems to impact their ability to learn to use more 

cognitively demanding strategies over time. Interpreting these in the context of 

Alzheimer’s disease pathology would indicate that, while APP functions to lower 

cognitive ability, it does not affect their learning trajectory. This effect is also observed in 

Tau animals, albeit to a greater degree. While neither of these factors affect the change of 

strategy over time, a significant interaction effect indicates that the combination of both 

factors is actually affecting the ability of these animals to learn to use more advanced 

strategies, and the reverse of the slope indicates that they are learning to use less 

cognitively demanding strategies, largely driven by an increase in thigmotaxis. 

 Future studies could attempt to better model the transitions between strategies. 

These could occur at two levels: between trials, and within trials. The current study 

selected one strategy as representative of how the animal navigated the Morris water 

maze. However, its possible that animals switch between strategies within a single trial. 

They may, for example, start out with thigmotaxis, checking the walls for an exit, and 

then adopt a random strategy to try to explore the central area of the pool. Understanding 

how different genotypes may switch between different strategies could better inform us 

as to the types of behavioral changes present between genotypes. If one retains the 
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assumption that a single strategy can represent a trial, one could similarly model how 

animals are likely to switch strategies across and within days. For example, random could 

be a day 1 strategy, and then they could learn to transition to a circling behavior, and then 

direct. This trajectory could be affected by genotype factors, where it’s possible that 

some genotypes are more likely to follow a trajectory where random may represent a 

terminal strategy, rather than one that is transitioned away from.  

 Additionally, this study used sunken-platform days as training data. This 

prevented analysis of the whole growth curve as days 2, 4, and 6 are not present in our 

final dataset. By finding another way to select training data, the full growth curve could 

be analyzed, allowing for a more informed analysis of how strategy use changes over 

time. Use of a Morris water maze protocol which doesn’t use sunken platform days 

would be helpful as well, as the issue of DeepLabCut being unable to detect the sunken 

platform would be avoided. 

 The use of univariate behavioral outcomes has been instrumental in advancing our 

understanding of behavior in rodent models. However, more advanced treatment of our 

data can allow for additional insights which can expand our understanding of the 

phenomenon being studied. In this study we observe that changes in time to platform in 

Morris water maze may not reflect spatial learning ability as previously thought. Instead, 

these changes may reflect an inability of the mice to engage with the task. Additionally, 

examining changes in strategy selection over time as a change in cognitive ability has 

provided potential new insights into how these transgenes may be affecting learning. 

While APP may lower initial cognitive ability, the ability to learn to use more demanding 
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strategies appears to remain intact. The inclusion of a tau transgene, however, has a 

further reduction of the initial cognitive ability, and additionally affects the ability of the 

animal to learn to use more  
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