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Alzheimer’s Disease is an extremely prevalent neurodegenerative disorder which causes 
progressive cognitive decline. This disease is associated with the spread of pathogenic tau protein, 
which starts in the transentorhinal cortex and progresses to other limbic and cortical areas. Tau is 
an important structural protein that stabilizes neuronal microtubules. In Alzheimer’s Disease, 
pathogenic tau proteins detach from microtubules and form neurofibrillary tangles, inhibiting 
normal neuronal function. Pathogenic tau can spread between neurons via synaptic transmission, 
so leading therapeutics target its pathological isoforms and inhibit their uptake into adjacent cells. 
We report the development of a tau propagation computational model based on neuronal firing 
rates that simulates protein removal as the result of therapeutic intervention and describes its net 
effects on a neuronal network. Using this model, the tau prevalence and cell death over time were 
measured to assess a simulated therapeutic’s efficacy. For a quick and efficient alternative method 
that predicts drug efficacy without running the full simulation, we also trained a machine learning 
algorithm called a polynomial support vector machine, which classifies a drug’s efficacy given its 
parameter values. Our data suggest that the most effective therapeutic solutions must affect 95% 
of infected cells and reduce their tau spreading activity by 85% in order to maintain a 99% neuronal 
survival rate. Through statistical analysis, we also concluded that targeting a greater tau population 
is more important than reducing tau by a greater factor to impair tau spread for the most effective 
therapeutics. Such findings have the potential to guide the development and administration of 
therapeutics. The simulation itself can also allow future investigators to gain a better understanding 
of how different factors (i.e. cell type, connectivity) affect tau propagation in AD. 
 
Abbreviations: AD – Alzheimer’s Disease; NFTs – neurofibrillary tangles; SVM – support vector 
machine 
 
Keywords: Neurodegenerative disease; tauopathy; tau propagation; small-world network; 
therapeutic intervention; tau reduction  
 
 

Introduction 
 

Alzheimer’s Disease (AD) is a 
neurodegenerative disorder that impacts 
approximately 6.2 million Americans per year 
(Alzheimer’s Association, 2021). By 2050, this 
number is projected to grow to 13.8 million 
(Alzheimer’s Association, 2019). AD is the 
leading source of dementia among older 
individuals, and its pathology is associated with 
tau protein misfolding (Cortes-Canteli and 

Iadecola, 2019). In healthy neurons, soluble tau is 
involved in the structural polymerization and 
stabilization of microtubules; but protein 
hyperphosphorylation leads to conformational 
changes that trigger tau’s detachment from 
microtubules (Iqbal et al., 1986). The free-
floating tau then aggregates within neurons in 
inert structures called neurofibrillary tangles 
(NFTs) (Hyman, 1997). At this point, the tau 
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protein becomes a prion, or a transmissible 
pathogenic agent (Stopschinski and Diamond, 
2017; Colin et al., 2020).  

It is important to study tau pathology 
because it is not only relevant in AD, but also in 
many other diseases such as progressive 
supranuclear palsy and Pick's disease (Williams, 
2006). Furthermore, studying tau pathology can 
reveal properties of other prions, such as prions 
that are characteristic of Parkinson’s disease (α-
synuclein), Huntington’s disease (mutant 
huntingtin), or amyotrophic lateral sclerosis 
(superoxide dismutase 1) (Stopschinski and 
Diamond, 2017). 

During prodromal (early) AD, tau 
pathology begins in the transentorhinal cortex, 
located adjacent to the entorhinal and 
hippocampal regions within the medial temporal 
lobe (Taylor and Probst, 2008). In AD, adjacent 
brain regions are gradually impacted (Braak and 
Braak, 1991; Vogel et al., 2020). As the disease 
worsens, tau spreads to the proper entorhinal 
cortex, Ammon’s horn sector, and eventually the 
entire association neocortex (Braak and Braak, 
1995; Serrano-Pozo et al., 2011). The leading 
hypothesis describes this phenomenon as tau 
propagation and claims that interneuronal 
transfer of tau is responsible for progressive 
neurodegeneration (Takeda, 2019). First, tau is 
released from the presynaptic cell into the 
extracellular environment by passive or active 
release at the synaptic cleft (Yamada et al., 2014). 
Then, a seed tau traverses the synapse and is 
assimilated by the postsynaptic cell via 
endocytosis (Frost et al., 2009). Alternatively, 
neurons can release exosomes which transport tau 
(Wang et al., 2017). Pathological tau creates an 
inevitable cascading effect which precipitates cell 
death via the impairment of microtubular 
function (Iqbal et al., 2010). 

In AD, targeted therapeutic intervention 
can remove extracellular tau and halt the process 
of cognitive decline (Nobuhara et al., 2017; 
Nicholls et al., 2017). Molecular biologists have 
conducted experiments to determine binding 
affinities for tau at different epitopes (Nobuhara 
et al., 2017). Additionally, because tau conforms 
to multiple isoforms, research is being done to 
determine which manifestations of the protein 
lend themselves to AD pathological defects 
(Luna-Munoz et al., 2007; Adams et al., 2010). 

Until the binding affinities for different sites on 
the protein and the toxicity of tau’s isoforms are 
better understood, pharmaceutical intervention 
will remain challenging (Iqbal et al., 2010). Still, 
experimental therapeutics including the murine 
versions of BIIB076 and UCB0107 have 
successfully combated tau propagation in vitro 
(Nobuhara et al., 2017; Courade et al., 2018). 
They use the isotype Immunoglobulin G4 which 
can lower extracellular excitotoxicity and limit 
cell internalization of tau (Courade et al., 2018). 
While some compounds have been shown to 
effectively slow the spread of tau, AD research 
would benefit from a model that specifically 
explains therapeutics’ impact on tau propagation. 

In the present study, we investigated 
which characteristics of a potential therapeutic 
are most crucial in their ability to limit tau spread 
and resulting cell death by developing and 
executing an in silico model of tau propagation in 
early AD, originating in the transentorhinal 
cortex. In the model, transentorhinal cortical 
connectivity is approximated by a Watts-Strogatz 
small-world network because such networks 
exhibit physiologically realistic traits such as 
high clustering and low mean path length (Watts, 
1999; Yang, 2013).  

Our first hypothesis was that different 
network properties of therapeutics can influence 
their efficacy to varying extents. More 
specifically, we hypothesized that in order for a 
therapeutic to be maximally effective, it must 
primarily affect a large proportion of neurons in a 
network, and the amount by which pathogenic tau 
is reduced within each neuron is less important 
but still varies proportionally with therapeutic 
efficacy. This is because the highly 
interconnected network nature of the brain means 
that tau propagation will quickly increase to an 
uncontrollable rate, so pervasive rather than 
potent therapeutics may be the most effective 
(Braak and Braak, 1991; Vogel et al., 2020). 

Additionally, we aimed to apply an SVM 
(support vector machine) algorithm to analyze the 
resulting data gathered via in silico simulations, 
with the goal of accelerating the process of 
evaluating therapeutic efficacy. An SVM is a 
supervised machine learning algorithm that can 
be used to solve classification problems (Noble, 
2006). The algorithm draws decision boundaries 
around training data points on a graph, grouping 
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them according to their class (Vishwanathan and 
Murty, 2002). It is useful in neuroscience because 
of its affinity for deducing patterns from training 
sets (Pisner and Schnyer, 2020). As such, our 
second hypothesis was that an SVM algorithm 
trained on simulation data could predict an anti-
tau therapeutic’s efficacy significantly faster than 
running the full in silico simulation in certain 
scenarios.  
 
 

Methods 
 
Network Generation 

Transentorhinal cortical connectivity 
was approximated using a Watts-Strogatz small-
world network modified such that connections 
were non-symmetrical and directed (Watts and 
Strogatz, 1998). 
 
Table 1: Network Parameters 
 

Symbol Description 

N Number of nodes 

k 
Number of connected neighbors in a 

ring topology 

P 
Probability of replacing a connection 

to a neighbor with a connection to 
another node 

Note. The symbol and description of each of the three 
parameters with which the network was created. 
 

For N = 1000 and k = 20, values of P 
were investigated to maximize the mean 
clustering coefficient and minimize the mean 
path length. This set of parameters specified a 
network with 1000 neurons, each connected to 20 
other neurons in the network. Python (version 
3.8, Spyder 4 IDE) module NetworkX was used 
to gather appropriate network statistics.  

Figure 1 is a graphical representation of 
the mean clustering coefficient and mean path 
length at various values of P. Through analysis of 
Figure 1, P = 0.05 appeared to be the optimal 
value for generating a network that fit the 
required specifications (high clustering and low 

 

 
Figure 1: These plots were produced by performing a 
parameter scan of 100 values of probability P between 0.0 
and 1.0. The Probability (P) is on the x-axis and the y-axis 
represents mean clustering length (top) as well as mean path 
length (bottom). 

 
path length). To better understand the network, a 
function to visualize it in a ring topology was 
created (Figure 2). The graphical representation 
confirmed that each node had an expected 
amount of random connections so as to resemble 
a biologically realistic small-world network, but 
not unlimited connections on the order of a scale-
free network (Warren et al., 2002). Also, another 
function was created to display the network as a 
gridlike adjacency matrix (Figure 3). The 
visualization showed that clustering occurred 
across a diagonal, which was desired during the 
creation of the network (Watts and Strogatz, 
1998). The figure was additionally important 
because it directly contributed to the model code. 
 

 

 
Figure 2: The ring topology of the network, showing all 
nodes and the edges connecting them. 
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Figure 3: The network’s visualized adjacency matrix, each 
pixel is white if the connection between the two cells 
indicated by the axes exists and black if it does not exist. 
Ultimately, the adjacency matrix was used to specify the 
neuronal connections in the tau propagation model. 

 
Tau Propagation Model 
 
Table 2: Propagation Model Parameters 
 

Symbol Description Value 

inhFrac 
Fraction of inhibitory 

neurons 
15% 

initialFrac 
Initial fraction of cells 

infected 
0.2a,† 

initialConc 
Initial tau 

concentration in 
infected cells 

0.1a,† 

reducFacto
r 

Tau therapeutic 
reduction factor 

Various 
valuesa 

prop 
Proportion of infected 

cells impacted by 
therapeutic 

Various 
valuesa 

lethalThres
hold 

Lethal tau 
concentration 

0.75a 

timeSteps Simulated time steps 20 

time Total simulated time 500 ms 

dt Time step duration 25 ms 

Note. Details pertaining to all of the propagation model’s 
parameters. aValues range from [0,1]. †Approximately 
models early-stage AD 

Using the NEURON module in Python, 
each node within the network was modeled as an 
individual “ball and stick” neuron (one dendritic 
compartment and a soma) in order to simulate the 
morphology of neurons in early AD. The 
neuron’s electrical behavior was represented by 
NEURON’s conductance-based implementation. 

The electrophysiological parameters of 
the cell included Hodgkin-Huxley dynamics with 
sodium, potassium, and leak currents as well as 
passive currents on the dendrite. The resulting 
spiking behavior is demonstrated in Figures 4 and 
5. The cells were connected according to the 
adjacency matrix generated from the small-world 
algorithm with a mix of inhibitory and excitatory 
connections inhFrac in proportions (15% 
inhibitory, 85% excitatory) that are roughly 
similar to real cortical tissue (Swanson and 
Maffei, 2019). 

An initial stimulation was then given to 
the network. This stimulation was applied to cell 
500 and consisted of five simulated spikes 
interspaced by one millisecond.  
 

 

 
Figure 4: An example of the spiking behavior of a cell in the 
network. 
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Figure 5: A raster plot describing the spike times of the cells 
in a 100-neuron network 

 
Our primary novel contribution to AD 

research was implementing tau propagation. In 
the model, pathogenic tau is “seeded” by 
specifying a certain fraction of cells initialFrac 
which will begin the simulation with a certain 
concentration of pathogenic tau initialConc. Tau 
then spreads to adjacent neurons at each time 
step. Equation 1 was used to calculate a cell's 
increase in tau for a given time step. To begin 
calculating any given cell's gain in tau, the 
number of times each incident cell has fired upon 
it during the time step is determined. This vector 
of incident firing counts is divided by its sum to 
return a vector describing the percent firing 
activity for each incident neuron. Then, the 
change in tau is calculated as the sum of the 
element-wise vector multiplication of the percent 
firing activity vector and the vector containing 
the tau concentrations of each incident neuron:  

 
 

 
Equation 1 

 
where Tau refers to the tau concentration for celli 
and incidentF refers to the aforementioned firing 
counts vector. Finally, the final tau concentration 
of the cell is set to the sigmoid of its initial tau 
concentration plus the change in tau: 
 

 

 
Equation 2 

 

For each timestep, the procedure selects 
a certain proportion prop of infected neurons and 
decreases their tau concentrations by percentage 
reducFactor after the propagation. If any cell’s 
tau concentration reaches a concentration above 
the lethal threshold lethalThreshold, that cell will 
be electrically disabled by changing all of its 
conductances to zero. This simulated apoptosis 
ensures that the cell can no longer fire and can not 
participate in the spread of tau. At each timestep, 
the amount of tau in each neuron is stored in a 
matrix. Also, the number of cells remaining alive 
at each timestep is tracked. The resulting time 
taken for one run of the simulation is about 30 
minutes. 
 
 

Results 
 

When the completed model is run, the tau 
concentration of each cell in the network and the 
number of surviving cells are monitored as 
mentioned prior. These data are then plotted 
against time. An example of the graphs produced 
can be seen in Figures 6 and 7. 

 
 

 
Figure 6: The average cellular tau concentration of all the 
cells in the network over time. 
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Figure 7: The number of surviving cells in the network over 
simulation time. 

 
During batches of simulation runs, 

different values for the parameters defining the 
therapeutic (proportion of cells affected, tau 
reduction factor) were iteratively tested. The 
effects of varying these two parameters on the 
final cell survival rate at the end of the simulation 
is illustrated in Figure 8. For analysis purposes, 
each therapeutic was put into a novel class 
corresponding to its resulting survival rate. 

Table 3: Therapeutic Classes and Survival Rates 
 

Therapeutic Class 
Resulting Neuronal 

Survival Rate 

Class A 99-100% 

Class B 95-99% 

Class C 90-95% 

Class D less than 90% 
 

Note. Each of the therapeutic classes and their 
corresponding survival rate ranges. 
 

Additionally, a polynomial SVM 
algorithm was used to draw the decision 
boundaries pictured in Figure 8. The SVM was 
developed using Python’s Scikit-learn package. 
This SVM algorithm can be used to predict a 
drug’s activity class based on its reduction factor 
and proportion of cells affected. The SVM 
developed can make a prediction in about 500 
milliseconds as opposed to the simulation, which 

 
 
 

 

 
Figure 8: Each therapeutic simulated is plotted based on its reduction factor and affected proportion. The therapeutics are also 
color coded based upon their class as described by Table 3. The decision boundaries and background colors were drawn by the 
SVM classifier. 

 
 

may take up to an hour to complete. The accuracy 
of the SVM algorithm is 95.83%. Therefore, it 
provides a suitable alternative to predict a drug’s 
activity class in situations where a degree of 

accuracy can be sacrificed in the interest of time. 
However, because this SVM classifier was 
trained with results from running the simulation 
with only one set of parameters (while varying 
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the reduction factor and affected proportion), its 
results are only reliable for conditions that 
correspond to the other parameters listed in Table 
2. To predict the class of a drug in a different set 
of parameters, the full simulation must be run 
again. 

In the model, the most effective 
therapeutic interventions had a 99-100% survival 
rate (Class A therapeutics). Based on Figure 8, we 
hypothesized that the mean treatment population, 
referred to as the “affected tau population” (μP) 
was significantly larger than the mean tau 
reduction factor (μR) for this group. In order to 
test our hypothesis (H0: μP - μR = 0, HA: μP - μR > 
0) using a two-sample t-test, all of the following 
conditions had to be met:   
 

1. All data from simulations was gathered 
independently. 

2. There was no pattern to the values 
(random).  

3. The distributions were approximately t-
shaped (Figure 9). 

 
 

 
Figure 9: These box-and-whisker plots confirm that the 
distributions of affected tau populations and tau reduction 
factors were approximately t-distributions. 

 
Next, a two-sample t-test was run with 

Python. The results were t = 3.009 and p = 0.007. 
Because the p-value was less than α = 0.01, it 
could be reasonably concluded that targeting a 
greater tau population is more important than 
removing large amounts of tau for Class A 
therapeutics. 

Also from Figure 9, it can be observed 
that, in order for a therapeutic to be Class A, it 
must have a reduction factor of at least 0.85 and 
an affected population of at least 0.95, suggesting 

that real therapeutics must have a similar effect in 
order to effectively halt neurodegeneration.  

Varying the properties of the 
administered drug in the simulation allowed for 
drawing conclusions about what net effect a 
proposed drug must have in order to halt 
neurodegeneration. Safety of treatment and off-
target effects may need to be analyzed using other 
computational models. As with any therapeutic, 
standard preclinical and clinical trials will need to 
take place. 
 
 

Discussion 
 

The product of this investigation is a 
biologically constrained model of a neuronal 
network through which tau propagates. The 
model was developed with conductance-based 
neurons, and (although the architecture discussed 
used a small-world connection) the model can 
accommodate virtually any connection pattern. 
This will allow future work to be done with the 
simulation that either investigates the effect of 
different cell types by changing 
electrophysiological parameters or the effect of 
different connection patterns on the spread of tau. 
This may help researchers better understand the 
properties of tau propagation. 

Through therapeutic simulations, details 
regarding the characteristics of an effective 
intervention were uncovered. For example, the 
effect that varying a drug’s affected population 
and reduction factor had on the network’s final 
survival rate was investigated. From this, it was 
determined that an effective therapeutic should 
focus on affecting the largest fraction of infected 
cells, rather than reducing the tau concentrations 
of selected cells by a greater amount. This 
confirmed our first hypothesis that anti-tau 
therapeutics’ network properties 
disproportionately impact therapeutic efficacy. 
This knowledge can be used to further direct and 
accelerate the process of AD drug discovery. 
Then, our second hypothesis, stating that an SVM 
algorithm could expedite the process of gauging 
therapeutic efficacy, was confirmed due to the 
aforementioned drastic time difference between 
running the full simulation model and the SVM.  
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It should be noted that the highly 
interconnected network structure of the brain is 
likely the reason that pathological tau becomes 
more widespread with time, rendering it harder to 
control (Braak and Braak, 1991; Vogel et al., 
2020). Therefore, such effective therapeutics 
should exclusively target the transentorhinal 
cortex in prodromal AD (Taylor and Probst, 
2008). Additionally, the future use of this model 
may be able to come to new conclusions about 
different synaptically transmissible prions, such 
as those involved in other neurodegenerative 
disorders.   

Despite our considerations, there are a 
few limitations in the design that should be 
addressed. First, the proposed model only depicts 
one isoform of tau and assumes that synaptic 
transmission is the only significant manner in 
which tau can spread. As a result, effects of the 
polymerization of tau, its passive leakage from 
degenerated cells, as well as residual tau from 
dead cells (ghost tangles) are not considered by 
the model (Colin et al., 2020). Other factors were 
omitted, including the side effects from tau 
overexpression and presence of glial cells (Colin 
et al., 2020; Vogel et al., 2020). Additionally, the 
assumption was made that the simple “ball and 
stick” neurons would act as sufficiently accurate 
neurons for the purpose of the simulation. 
Simplifying the neuron’s morphological and 
electrophysical properties was a necessary 
sacrifice, as simulating a network of 1000 
physiologically accurate neurons would take 
substantially more computation time. However, 
because only the firing rates of the cells were 
measured, these simplifications should have had 
little effect on the final results. Additionally, the 
simulation could have benefited from running in 
parallel rather than serial, as this should improve 
its performance.  

Another limitation involved the 
exclusive focus on tau pathology, independent of 
the protein amyloid-β, which congregates in the 
extracellular space and forms amyloid plaques, 
which can also contribute to AD pathology 
(Ramirez-Bermudez, 2012). Tau protein has been 
shown to interact with aberrant amyloid-β in a 
positive feedback loop (Leroy et al., 2012). 
Future research should consider this interaction 
by modifying the model.  

Several other directions are possible for 
future research. In our model, a random small-
world network was created. In the future, the 
biological relevance could be enhanced by using 
experimental data to further constrain the 
connectivity of the model. Experimentalists can 
use novel technology such as an automatic tape-
collecting ultramicrotome to retrieve brain 
sections cut along a continuous submerged 
conveyor belt (Kasthuri et al., 2015). Then, thinly 
sliced brain sections can be visualized using 
electron microscopy and converted into voxels in 
a database (Kasthuri et al., 2015). These voxels 
could eventually replace the small-world network 
architecture by providing a more accurate map of 
cortical connections, in turn yielding better 
results. Moreover, detailed cortical data will 
make another analysis possible: graph theory 
research can pinpoint hub cells which are 
characterized by either high convergence 
(number of inputs) or divergence (number of 
outputs) (Watts and Strogatz, 1998; Van et al., 
2013). Therapeutic intervention in the model can 
then be localized to target hub cells, which will 
have a larger impact on net tau propagation in a 
neuronal network. This may be instrumental in 
developing novel targeted therapeutics for AD. 

Because our model solely takes 
parameters for protein removal, its use is not 
limited to pharmaceutical therapeutics. There 
have been biomedical engineering efforts to 
physically remove amyloid plaques by 
introducing nanoparticles that cross the blood-
brain barrier and apply localized magnetic fields 
(Ahmad et al., 2017). In this design, modified 
antibodies against amyloid-β act as “sensors” and 
reduce off-target effects (Ahmad et al., 2017). 
The same mechanism can likely be applied to 
extracellular tau, but the antibodies will detect 
harmful tau protein isoforms instead of amyloid-
β. Moreover, tau pathology may be treatable with 
noninvasive gamma waves (Iaccarino et al, 
2016). Since 40 Hz gamma oscillations facilitate 
working memory, they can simultaneously be 
used to treat AD symptoms of dementia and stop 
tau propagation (Rochart et al., 2020). All of 
these techniques can be analyzed for efficacy 
within our model. 

In summary, our model has the potential 
to aid in the future development of tau-based AD 
therapeutics by explaining what characteristics of 
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proposed therapeutics are most predictive of high 
efficacy. The model is also highly adaptable, 
making it useful to study other prion-related 
disorders or types of therapeutics with minimal 
modification. 
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