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Multiple Particle Tracking (MPT) has been demonstrated as an important tool for understanding 

changes to biological environments. MPT studies are capable of generating gigabytes of data 

across hundreds to thousands of trajectories, making MPT datasets an interesting candidate for 

machine learning applications.  To begin understanding the scope of biological questions that can 

be answered by coupling MPT datasets with machine learning techniques, an end-to-end data 

science pipeline is developed building off of recent work in the Nance Lab and applied to three 

unique datasets. To begin, Principal Components Analysis is applied in order to visualize the 

spread and distribution of the high dimensional MPT data. Next, a boosted decision tree model, 

XGBoost, is applied to determine the predictable capability of each dataset, and SHAP values are 

used to understand model predictions and find the statistical feature driving accurate predictions. 

Finally, XGBoost models are trained on trajectories from specific diffusion modes to determine 

any increase in accuracy. Overall, the pipeline presented demonstrates the capability to provide 

information across multiple biological questions. 
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1. Introduction 

The extracellular matrix (ECM) of the brain is a collection of tenascin, proteoglycan, and 

hyaluronan that exists in the extracellular space (ECS) of brain tissue1. Proper structure of the 

ECM is crucial for normal physiology and functioning of the brain, for example with tissue 

structural integrity and signaling pathways2. However, the structure of the ECM can be impacted 

by neurological diseases like Alzheimer’s and multiple sclerosis3, making it crucial to develop 

techniques able to detect structural changes in the ECM.  

While probing real-time changes of the ECM microstructure as a result of these diseases is an 

unsolved challenge, multiple particle tracking (MPT) has gained popularity as a method capable 

of probing the ECM in real time with nanoscale resolution4. Multiple particle tracking is a 

microscopy technique able to track the motion of thousands of individual nanoparticles in sample 

while having the resolution to capture the individual trajectories of each nanoparticle5, 6. One of 

the major benefits of MPT is its ability to probe changes to diffusion, rheology, and composition 

of a wide variety of biological environments at the nanoscale including the vitreous of the eye7, 

intestinal mucus8, viral vectors in the lung9, and tumor cell migration10. MPT has seen extensive 

use in studies aimed at understanding intracellular trafficking11 including transport of gene 

nanocarriers12, 13 and polymer nanoparticles14, 15. 

One of the most significant applications of MPT has been to probe the brain 

microenvironment. MPT was used to show that nanoparticles up to a diameter of 114nm could 

diffuse through brain tissue16, revealing crucial information about the maximum pore size and 

pore size distribution and doubling the size of nanoparticles that could be used to penetrate the 

brain. MPT has also been used to characterize the change in nanoparticle diffusion in the brain 
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extracellular space (ECS) as a result of oxygen-glucose deprivation 17, as well as changes to 

diffusion and pore size in the brain ECS due to neural development18.  

Because of the size of datasets generates through MPT studies, the utilization of machine 

learning tools presents a way to maximize the information extracted from MPT datasets. Two of 

the most commonly used types of machine learning are supervised learning and unsupervised 

learning. Supervised learning is used to make an accurate prediction by learning the relationship 

between one or many inputs to a single output, where the predicted output can be a quantitative 

value (referred to as regression) or a qualitative value (referred to as classification)19. 

Unsupervised learning is used find structure or relationships between inputs without having 

access to an output19. Unsupervised learning algorithms are commonly used for tasks such as 

clustering analysis and dimensionality reduction.  

Machine learning applications for nanoparticle tracking data have primarily focused on 

supervised classification tasks. Machine learning has been used to predict the motion type of 

nanoparticles20-22, primarily using neural networks and random forests. Neural networks have 

also been used to predict biological variables from MPT data, including agarose gel stiffness and 

in vitro cell uptake. Most recently XGBoost, a popular boosted decision tree model, was used to 

predict the biological age of rodents from MPT data18. 

2. Methods 

 

2.1. MPT Data Collection 

Nanoparticle diffusion data was previously obtained using multiple particle tracking (MPT) 

in rat brain slices from three independent experiments: (1) age-dependent diffusion data from 

brain slices collected from male pups at postnatal (P) day 14, P21, P28, P35 and P7018 defined as 

the age dataset; (2) brain-region dependent diffusion data from brain slices from P10 male pups 
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that included the basal ganglia, cortex, thalamus, striatum, and hippocampus, defined as the 

region dataset; and (3) diffusion data from P35 male pup brain slices exposed to enzymatic 

degradation of ECM structures, including chondroitinase (ChABC)-treated, hyaluronidase 

(HYase)-treated, and non-treated (NT) control slices, defined as the treatment dataset18. 

2.2. Feature generation via diff_classifier 

In order to generate features for machine learning, an open-source package called 

diff_classifier23 was used. Diff_classifier is a package developed in the Nance lab to generate 

statistical features for each trajectory. Diff_classifier also calculates locally averaged statistical 

features for each trajectory. In total, 33 statistical features were generated for each trajectory.  

2.3. Principal Components analysis 

Principal components analysis (PCA) was applied to each dataset to reduce the number of 

features from 33 to two to visualize the spread of data and overlap of classes. PCA is an 

unsupervised learning technique where linear combinations (principal components) of features 

are calculated, and ranked based on the amount of variance captured19, 24. The dataset is then 

transformed from a high-dimensional feature space into a low-dimensional features space, and 

the principal components capturing the most variance can be plotted in order to visualize high 

dimensional data. Trajectories with missing or infinite values were removed and the remaining 

data was scaled prior to application of the PCA algorithm by subtracting the mean value of each 

feature and dividing by the standard deviation, using scikit-learn’s StandardScaler class25. 

2.4. XGBoost pipeline 

The XGBoost software package, which uses a boosted decision tree algorithm, generated 

classification predictions on each of the three datasets. A boosted decision tree model is built by 

sequentially adding weak prediction models fit to a subset of the full data set, continuing until a 
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specific number of weak models is reached or the loss function of the model converges. Final 

predictions of the model are made through a weighted average of the predictions of each of the 

weak learners24. Data cleaning was done by removing trajectories that had missing or infinite 

values for any of the features. To prevent overfitting, each dataset was rebalanced through under 

sampling to ensure each class had the same number of data points. Training, testing, and 

validation datasets were randomly chosen at a split percentage of 80%/10%/10%. Feature data 

consisted of the statistical features generated with diff_classifier, while the target variable was 

either age, region, or treatment type. A cross-validation hyperparameter search was used to 

determine the optimal hyperparameters of an XGBoost model for each of the three different 

datasets. In order to ensure correct predictions by an XGBoost model were not due to chance, a 

Y-scrambling method was incorporated where the target variables are randomly reassigned for 

each feature row, following the procedure published by Li et al26.  

2.5. SHAP values 

SHAP (SHapley Additive exPlanations) values were used to determine the importance of 

each feature to the model’s predictive ability. SHAP values are based off the game theory idea of 

Shapley values27, and can be used to understand the predictions made by a machine learning 

model. Specifically, the SHAP software package computing the importance of each feature in the 

dataset by calculating how much each feature contributes to each prediction instance and 

averaging the values for each feature28.  

2.6. Diffusion Mode splitting 

Each dataset was split into three subsets based on the diffusion mode of each trajectory. The 

diffusion mode was determined by the alpha feature value (α) from the anomalous diffusion 

equation. Superdiffusive motion was classified as an α > 1.1, Brownian motion at an α between 
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0.9 and 1.1 inclusively, and subdiffusive was an α < 0.920, 29. For each dataset, an XGBoost 

model using generic hyperparameters was trained 50 times on each data subset and the accuracy 

was recorded to determine the predictive capability of each diffusion mode compared to training 

an XGBoost model on each full dataset 50 times. To determine the diffusion mode with the 

highest predictive power, the distribution of the accuracies of these 50 models was plotted using 

an empirical cumulative distribution function (ECDF), where the x-axis is the accuracy of a 

given model and the y-axis shows the cumulative percentage of data points that are less than that 

data point. SHAP values were then calculated for the best performing diffusion mode.  

 

3. Thesis Project: Assessment of data science and machine learning pipeline across 

multiple MPT datasets 

 

3.1. Aims 

The aim of this project was to develop a pipeline for applying machine learning tools to MPT 

datasets and determine its efficacy on three different MPT datasets. Each dataset has a unique 

target biological variable to predict, which is referred to as a class. The datasets used include the 

dataset originally used by McKenna et al where the classes are age groups 18, a dataset where the 

classes are five different brain regions, and a dataset from enzyme induced extracellular matrix 

(ECM) breakdown experiments from McKenna et al18. We first use Principal Component 

Analysis (PCA) for exploratory data analysis (EDA). PCA can be used to visualize datasets with 

many features, like MPT datasets, in two dimensions, to see the spread of datapoints from 

different classes. Datasets with significant overlap between datapoints when plotted in these first 

two dimensions may be harder to generate accurate predictions for when compared to datasets 

where classes are separated, so this EDA approach helps quickly determine how successful a 
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machine learning model might be when making predictions. If EDA shows any separation 

between the data from distinct classes, as opposed to significant overlap in data points between 

many or all classes, we apply XGBoost (eXtreme Gradient Boosting)30, a boosted decision tree 

model, to train on the data and generate the predictions. Once an accurate model is trained, the 

Shapley Additive exPlanations 27, 31 package finds the features that most significantly drive 

model accuracy, which can provide insight into the biological changes causing differences 

between the classes. To ensure that predictions and SHAP values reflect the model learning real 

underlying patterns in the data, we apply a Y-scrambling approach to determine how the model 

would perform if the data was random. Lastly, domain-specific knowledge of the data can be 

leveraged to further improve model accuracy and gain increased insight into the data. We 

demonstrate how knowledge of the diffusion mode of a trajectory can be utilized to improve the 

accuracy of XGBoost model predictions on these datasets. We separate the data into subsets 

based on diffusion mode and report the effect on results of the XGBoost and SHAP techniques. 

3.2. Results 

PCA analysis of the age dataset showed significant overlap of datapoints in the P21, P28, 

and P35 age groups (Figure 3-1A). PCA visualization of only P14, P35, and P70 data showed 

less overlap between the classes (Figure 3-1B), indicating more feasibility of supervised 

learning for the three classes as opposed to all five classes. Similar trends were observed with the 

region dataset, where separation occurred between data points from the striatum and cortex, but 

there was significant overlap between trajectories from the hippocampus, thalamus, and basal 

ganglia (Figure 3-1C). PCA on trajectory data from the striatum, cortex, and hippocampus 

showed separation between all three classes (Figure 3-1D). PCA on the treatment dataset 

showed significant overlap of NT, HYase, and ChABC groups (Figure 3-1E). The overlap was 
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somewhat reduced by applying PCA to only the NT and ChABC groups (Figure 3-1F), however 

the amount of remaining overlap indicates the dataset will have less predictive power compared 

to the age and region datasets. 

 

Figure 3-1. PCA results for age, region, and treatment datasets. (A) PCA analysis of P14, 

P35, and P70 classes from the age dataset showed overlap between P35 and P70 data points and 
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separation of P14 datapoints. (B) PCA analysis of all five classes from the age dataset showed 

minimal distinction between classes. (C) PCA analysis of striatum, cortex, and hippocampus 

classes from the region data set showed separation between classes. (D) PCA analysis of all five 

classes from the region dataset showed separation of data points from the region and striatum 

classes, and overlap of datapoints from the hippocampus, ganglia, and thalamus. (E) PCA 

analysis of the ChABC treated and non-treated classes from the treatment dataset showed 

overlap between the classes. (F) PCA analysis of all three classes from the treatment dataset 

showed overlap between all three classes. For all datasets, 13 principal components were needed 

to reach 85% of the explained variance.  

 

To establish the likelihood of correct predictions occurring by chance, XGBoost models 

were trained on Y-scrambled data for each dataset and had accuracy scores close to that of 

random guessing (Tables 3-1,3-2,3-3). Analysis of precision, recall, and F1 score metrics of the 

Y-scrambled models further show the lack of any predictive capacity for these models. 

Predictions on the age dataset and region dataset with the normal XGBoost model are higher 

than predictions with the Y-scrambled XGBoost model (+0.52 and +0.56 respectively), and 

predictions using normal XGBoost of the treatment dataset were higher by 0.19 compared to the 

Y-scrambled XGBoost model. These results align with the PCA results, where overlap between 

classes was much higher for the treatment data compared to the age or region data. Predictions 

using other classes that were removed after PCA analysis, either as replacements or in addition to 

the classes used in Tables 1, 2, and 3, generally led to decreases in predictive capacity except for 

the thalamus, which performed similarly to the hippocampus. A confusion matrix of a model 

trained on all five regions showed that trajectories from the thalamus were almost equally likely 

to be predicted as hippocampus as they were thalamus, which is one possible reason that 

interchanging hippocampus for thalamus lead to similar model accuracy (Figure 3-2). 

Hippocampus was chosen over thalamus for the final model because it was predicted correctly at 

a higher rate when a model was trained on all five regions.  
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Table 3-1. XGBoost metrics for each class in the age dataset, and for the overall model, reported 

as median and interquartile range from 50 models trained on random, down sampled subsets of 

data 

Evaluation      P14      P35      P70    Total 

Normal model     

Accuracy 0.88 ± 0.02 0.80 ± 0.03 0.90 ± 0.04 0.86 ± 0.02 

Precision 0.91 ± 0.03 0.79 ± 0.03 0.89 ± 0.02 0.86 ± 0.01 

Recall 0.88 ± 0.02 0.80 ± 0.03 0.90 ± 0.04 0.86 ± 0.01 

F1 Score 0.89 ± 0.02 0.80 ± 0.03 0.89 ± 0.02 0.86 ± 0.02 

Y-Scrambled model     

Accuracy 0.34 ± 0.02  0.34 ± 0.04 0.33 ± 0.02 0.34 ± 0.01 

Precision 0.33 ± 0.02 0.34 ± 0.02 0.34 ± 0.02 0.34 ± 0.01 

Recall 0.34 ± 0.02 0.34 ± 0.02 0.33 ± 0.02 0.34 ± 0.01 

F1 Score 0.34 ± 0.02 0.34 ± 0.02 0.34 ± 0.02 0.34 ± 0.01 

 

Table 3-2. XGBoost metrics for each class in the region dataset, and for the overall model, reported as 

median and interquartile range from 50 models trained on random, down sampled subsets of data  

Evaluation     Cortex Hippocampus   Striatum     Total 

Normal model     

Accuracy 0.88 ± 0.08 0.96 ± 0.01 0.86 ± 0.02 0.90 ± 0.03 

Precision 0.85 ± 0.04 0.98 ± 0.01 0.86 ± 0.04 0.90 ± 0.03 

Recall 0.88 ± 0.08 0.96 ± 0.01 0.86 ± 0.02 0.90 ± 0.03 

F1 Score 0.86 ± 0.06 0.97 ± 0.01 0.86 ± 0.02 0.90 ± 0.03 

Y-Scrambled model     

Accuracy 0.34 ± 0.02  0.33 ± 0.02 0.33 ± 0.02 0.34 ± 0.01 

Precision 0.33 ± 0.02 0.34 ± 0.02 0.33 ± 0.02 0.34 ± 0.01 

Recall 0.33 ± 0.02 0.34 ± 0.02 0.34 ± 0.02 0.34 ± 0.01 

F1 Score 0.34 ± 0.02 0.33 ± 0.02 0.34 ± 0.02 0.34 ± 0.01 
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Table 3-3. XGBoost metrics for each class in the treatment dataset, and for the overall model, reported as 

median and interquartile range from 50 models trained on random, down sampled subsets of data  

Evaluation ChABC Treated Non-Treated Total 

Normal Model    

Accuracy 0.66 ± 0.02 0.72 ± 0.03 0.69 ± 0.02 

Precision 0.70 ± 0.03 0.68 ± 0.02 0.69 ± 0.02 

Recall 0.67 ± 0.02 0.72 ± 0.03 0.69 ± 0.02 

F1 Score 0.69 ± 0.02 0.70 ± 0.02 0.69 ± 0.02 

Y-scrambled Model    

Accuracy 0.48 ± 0.01 0.52 ± 0.03 0.50 ± 0.01 

Precision 0.50 ± 0.01 0.50 ± 0.01 0.50 ± 0.01 

Recall 0.48 ± 0.01 0.52 ± 0.03 0.50 ± 0.01 

F1 Score 0.49 ± 0.01 0.51 ± 0.02 0.50 ± 0.01 
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Figure 3-2. Confusion matrix of XGBoost predictions on all five classes from region 

dataset. Trajectories from the striatum and cortex are predicted with the highest accuracies when 

all datasets are used. The XGBoost model trained on all five regions predicts trajectories from 

the thalamus as trajectories from the hippocampus at very similar numbers and predicts a large 

number of hippocampus trajectories as from the thalamus. Trajectories from the ganglia are most 

likely to be misclassified as from the hippocampus or the thalamus.  

 

A significant benefit of using a boosted decision tree model on MPT data is that in 

addition to seeing whether a model can predict complex biological variables, feature importance 

methods can be used to determine which features the model used to generate predictions and 

learn patterns in the data. By finding the most important features in an MPT dataset, it is possible 

to gain insight into how the trajectories differ between independent classes, and therefore begin 

to understand the biological and chemical differences that led to the model being able to generate 

predictions much higher than random guessing.  

 SHAP feature importance from an XGBoost model trained on the age dataset showed that 

the mean diffusion coefficient at 0.33s (mean_Deff1) was the most important feature, with a 

magnitude of 2.4 (Figure 3-3A). That magnitude was more than double that of the second most 

important feature, the mean fitted anomalous diffusion coefficient (mean_Dfit), which had a 

magnitude of 1.1. Four other features had a magnitude above 0.5: mean_boundedness, 

mean_trappedness, mean_straightness, and mean_fractaldim. The top 12 features were all locally 

average mean features, demonstrating the value that local averaging of the trajectory data adds to 

predictive capacity. These magnitude values were all much higher than the SHAP values 

determined for the Y-scrambled XGBoost model (Figure 3-3B). The top feature, kurtosis, had a 

magnitude of 0.086, only greater than the 15th ranked feature by 0.026. The low magnitude 

SHAP values and similarity in magnitude across the top 15 features indicates that the high 
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magnitudes found in the normal XGBoost model are representative of key components of the 

data that differentiate trajectories from different age groups.  

 Similar to the results from the age dataset, the top feature for the region dataset was 

mean_Deff1with a magnitude of 2.3 (Figure 3-3C). Mean_fractaldim was the only other feature 

above 1.0 with a magnitude of 1.3 and mean_Deff2 (mean diffusion coefficient at 3.3s), 

mean_Dfit, and mean_kurtosis were all above 0.5, indicating the key features driving 

differentiation between trajectory motion in the different regions. SHAP values of an XGBoost 

model trained on Y-scrambled data showed features with magnitudes all below 0.04 (Figure 3-

3D), demonstrating the lack of predictive power from the Y-scrambled features.  

 SHAP feature importance for an XGBoost model trained on the treatment data showed 

much lower magnitudes compared to the age and region datasets (Figure 3-3E), which was 

unsurprising due to the comparatively lower prediction accuracies on the treatment dataset. 

Mean_Deff1 was again the top feature but had a magnitude of only 0.55. Mean_Dfit, with a 

magnitude of 0.12, was the only other feature with a magnitude above 0.1. SHAP values from an 

XGBoost model trained on Y-scrambled data from the treatment dataset all fell below 0.015 

(Figure 3-3F), again showing no predictive power from the Y-scrambled data. The low 

magnitudes of the SHAP values from the normal XGBoost model on the treatment dataset 

indicate that mean_Deff1 was the only feature the model could consistently use to different 

between trajectories from the two classes. Despite the low magnitude, the even lower SHAP 

values of the Y-scrambled model indicate there are true differences in the diffusion coefficients 

of trajectories from non-treated and ChABC treated slices that the XGBoost model can identify.  
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Figure 3-3. SHAP values of normal and Y-scrambled models for each dataset. The top six 

SHAP features for (A) the normal model of on the age dataset had values greater than 0.5 with 

the mean diffusion coefficient at 0.33s being the top feature, (B) while the top feature for the Y-

scrambled model had a value of only 0.09. Five features for (C) the normal model of the region 

dataset were greater than 0.5 with the mean diffusion coefficient at 0.33s at the top, (D) while the 

highest value feature for the Y-scrambled dataset was 0.04. For the treatment dataset, (E) only 

the mean diffusion coefficient at 0.33s was above 0.5, and (F) the highest Y-scrambled feature 

was 0.014. 

 

While XGBoost models outperformed random guessing for each dataset, increasing 

model accuracy by providing data with the most predictive capability could reveal more insights 

about biological and chemical differences between classes that may by obscured by noise. 

Equations fit to the nanoparticle trajectories determine the type of motion they experience, 

making it possible to separate the data into subsets based on particle motions classified as 

superdiffusive, subdiffusive, or classical regular Brownian motion. To ensure that any 

differences were not caused by the presence of more super-diffusive datapoints compared to the 

other modes or by having a wider distribution of data points, the percentage of each diffusion 

mode occurring in each dataset was visualized, shown in Figure 3-4. The diffusion mode with 

the highest percentage of data points in the age dataset (Figure 3-4A) was sub-diffusive motion, 

consisting of 49% of P14 data points, 68% of P35 data points, and 68% of P70 data points. 

Superdiffusive data points accounted for 42% of P14 data points, 24% of P35 datapoints, and 

25% of P70 datapoints. The lowest percent was Brownian motion, accounting for 9% of P14 

datapoints, 8% of P35 datapoints, and 7% of P70 datapoints. For the region dataset (Figure 3-

4B), subdiffusive was the most frequent diffusion mode, making up 61% of cortex datapoints, 

53% of hippocampus datapoints, and 72% of striatum datapoints. Superdiffusive datapoints were 

33% of cortex datapoints, 38% of hippocampus datapoints, and 23% of striatum datapoints. 

Brownian datapoints were the least frequent, being 6% of cortex datapoints, 9% of hippocampus 
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datapoints, and 6% of striatum datapoints. For the treatment dataset (Figure 3-4C) subdiffusive 

datapoints were again the most common and accounted for 61% of ChABC data points and 68% 

of NT datapoints. Superdiffusive datapoints made up 31% of ChABC datapoints and 25% of NT 

datapoints, while Brownian datapoints were 9% of ChABC datapoints and 8% of NT datapoints. 

XGBoost models were then fit to subsets of data consisting to each of the different 

diffusion modes, and a dataset with all diffusion modes, for each of the three datasets. For each 

data subset, 50 models were trained, and the final model accuracy was recorded. For the age 

dataset, the cumulative distribution of accuracies for models trained only on super-diffusive 

datapoints had a 50% point of 0.87, compared to 0.85 for models trained on Brownian data 

points or all diffusion modes, and 0.83 for models trained on subdiffusive data points (Figure 3-

4D). The cumulative distribution of accuracies for the region dataset showed the 50% point for 

subdiffusive data points at 0.89, followed by all diffusion modes at 0.87, subdiffusive datapoints 

at 0.86, and Brownian datapoints at 0.84 (Figure 3-4E). For the treatment dataset, the 50% point 

of the cumulative distributions were nearly identical for models trained on superdiffusive 

datapoints or Brownian motion data points at 0.70, with models trained on all diffusion modes 

having a 50% point of 0.69 and the distribution for subdiffusive data points being 0.67 (Figure 

3-4F).  
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Figure 3-4. Percentage and model accuracy of diffusion modes across data sets. (A) 

Subdiffusive data points were the highest percentage for the age dataset (gold), followed by 

superdiffusive (purple) and then Brownian (gray). (B) For the region dataset, subdiffusive data 

points consisted of the highest percentage of data points, with superdiffusive being second and 

Brownian data points being third. (C) For the treatment dataset subdiffusive datapoints were 

again the highest percentage, followed by superdiffusive and lastly Brownian data points. (D) 

XGBoost models trained on only superdiffusive data from the age dataset performed best, with 

models trained only on subdiffusive datapoints performing worst. (E) XGBoost models trained 

on superdiffusive data from the region dataset only outperformed models trained on all diffusion 

modes, only subdiffusive datapoints, and only Brownian datapoints. (F) Models trained only on 

superdiffusive or Brownian datapoints from the treatment dataset performed similarly, followed 

by models trained on all modes, with models trained on only subdiffusive data performing worst.  

 

3.3. Discussion and conclusion 

The consistency of the machine learning pipeline described in this paper across multiple 

datasets demonstrates the feasibility of applying a machine learning approach to MPT studies. 

Our PCA visualizations coupled with the results from the XGBoost models show that models 

will struggle with data from classes that overlap in these plots and will have the highest accuracy 

when these plots show distinct separation between classes. By first applying an unsupervised 

dimensionality reduction algorithm to MPT data, it is possible to quickly determine whether time 

and resources should be spent training a supervised machine learning on the dataset, or whether 

more data cleaning or data collection may be needed. The application of the Y-scrambling 

method shows that the technique can properly ensure that the accuracy of the supervised learning 

models is indeed caused by the model uncovering patterns in the data.  

For the age dataset, the overlap in data between the P21, P28, and P35 classes indicates that 

any microenvironmental changes between ages are not strongly discernable with the current 

method of data acquisition and processing, and therefore all three classes should not be included 

in the same XGBoost model. The random-guess accuracy and low SHAP values of the XGBoost 

model trained on Y-scrambled age data further indicate that there are clear differences in 
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diffusion between the P14, P35, and P70 microenvironments that the model can detect. The 

overlap in the PCA plots of the hippocampus, basal ganglia, and thalamus in the region dataset 

indicates these three classes should not be added to the same XGBoost model. The difficulty in 

distinguishing between these regions may be due to similarities in the extracellular 

microenvironment of the hippocampus, basal ganglia, and thalamus, or it could be a result of 

variable sampling between regions. In this study, 10 videos were recorded and quantified from 

both the striatum and cortex, but only 6 were collected from each of the hippocampus, basal 

ganglia, and thalamus. As a result, highlighted by the output of the Y-scrambled model, the data 

collected from those three regions may have provided enough of a difference in feature values 

for a model to separate one of the classes from the striatum and cortex, but not enough to 

differentiate between the three regions with 6 videos themselves. Future experimental work 

could increase video collection in the regions that contain the least number of particles tracking 

for a more even sample size across brain regions, or account for subregions within the specified 

brain regions. Depending on the available samples, some brain regions are smaller and provide 

less accessible tissue area per slice or are not present in all slices. Lastly, there is heterogeneity 

within a given brain region that can vary slice to slice. If notable variability in feature values 

exist between slices or videos within a given class, it could prevent the identification of 

differences between classes and in turn reduce predictive capability. 

For the treatment dataset, the enzymes used in this study degrade the same components of the 

ECM, therefore it was unsurprising that the datapoints from ChABC and HYase overlap when 

visualized using PCA. The overlap in the PCA visualization of the non-treated and treated 

classes is more surprising, as HYase and ChABC are known to degrade ECM components, and 

in particular perineural nets (PNNs)18, 32, 33. One possible reason for the overlap in these groups is 
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that the changes to nanoparticle diffusion caused by ECM degradation are not severe enough to 

cause the statistical features to be different for many of the nanoparticle trajectories. We see this 

highlighted when looking at Y-scrambled model results and the SHAP values, as the best 

XGBoost model accuracy was only 19% above random guessing, and only one feature 

(mean_Deff1) had a high impact on the model. 

The importance of locally averaged features across all three datasets indicates local averaging 

is a significant contributor to model performance and can be beneficial to include in future MPT 

machine learning work. It may also highlight that it is not individual trajectories that provide 

robust information to a dataset, but the distribution and diversity of nanoparticle motion within a 

given subspace. Research into the structure of the brain ECS has shown there to be void spaces 

connected via tortuous channels34-36 and reservoirs of space next to cells37. As noted in McKenna 

et al, it is likely that neighboring nanoparticles diffusing in these voids will be experiencing 

nearly identical environments and have similar diffusive behavior, while trajectories moving in 

an ECS channel of varying width will have different diffusive behavior. The ECS is also known 

to vary across age, brain region, and disease34, 35, so the fact that locally averaged features were 

the top feature across all three datasets supports the idea these features are detecting changes in 

the motion of neighboring nanoparticles resulting from structural differences in the ECM 

between the different ages, regions, or treatment conditions.  

The variance of the features with the highest feature importance across different datasets 

demonstrates that SHAP analysis is a robust technique for MPT data analysis. Our results 

demonstrate that if we can understand how specific features relate to the interactions that 

nanoparticles undergo with the microenvironment, we can better understand the unique changes 

occurring in different biological conditions. While mean_Deff1 and mean_Dfit were in the top 5 



 27 

features for each dataset, the other most important features that differ between datasets can 

provide additional insight into structural and environmental changes. For example, the other top 

5 features for the age dataset are mean boundedness, mean trappedness, and mean straightness. 

These features primarily relate to how far a nanoparticle travels for each time step and whether it 

is moving within a confined space21. For the region dataset top features are mean_fractaldim, 

mean_kurtosis, and mean_Deff2, which relate to the space taken up by the trajectory (fractaldim) 

and asymmetry of point distribution of the trajectory (kurtosis)22.  

Despite having the greatest number of trajectories by percentage in each dataset, models 

trained on sub-diffusive trajectories consistently underperformed those trained on only super-

diffusive trajectories or all trajectories. This may hint that simply having larger datasets and 

more trajectories would not be an effective approach to improving model accuracy on MPT 

datasets. In general, the results seem to show that faster moving particles lead to models with 

higher accuracy. One reason that super-diffusive particles lead to models with higher accuracies 

could be that increased movement better captures the biological differences within the ECS 

between classes. Based on our data, it is unclear if having a higher number of super-diffusive 

trajectories within a class improves accuracy relative to other classes. 

 For the age data, despite having the lowest percentage of super-diffusive trajectories, the 

P70 class is predicted at the highest rate, followed by P14 with the highest percentage of super-

diffusive trajectories. Studies looking at changes in diffusion during the neurodevelopmental 

process in rats has shown that the ECS volume fraction decreases with age38. Interestingly, the 

authors saw a large decrease in volume fraction between postnatal days 10-21, but not between 

postnatal day 21 and adults aged 90-120 days. Since some of the most important features for the 

age dataset are mean_boundedness, mean_trappedness, and mean_straightness, which relate to 
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the confinement of the nanoparticle trajectory, super-diffusive trajectories may be better at 

detecting the differences in ECS volume fraction between postnatal day 14, which would have a 

relatively large volume fraction, and day 70, which would have a smaller volume fraction. 

For the region data, the hippocampus has both the highest percentage of super-diffusive 

trajectories as well as the highest model accuracy. Research looking at ECM matrix composition 

in the rat brain showed regionally dependent expression of aggrecan, brevican, and tenascin-R39, 

where the hippocampus had the highest signal intensity of all the analyzed regions. It is possible 

that the data from super-diffusive trajectories provide the predictive model with a high amount of 

information due to a greater ability to navigate the dense ECM in this region. Super-diffusive 

trajectories may also be better at capturing the structural differences caused by the regional 

differences in protein expressions, and specifically how these changes are affecting the fractal 

dimension and kurtosis of the trajectories across different regions.  

The non-treated class for the treatment data has a lower percentage of super-diffusive 

trajectories compared to the ChABC-treated class but has a higher accuracy. One potential 

reason could be that having more super-diffusive trajectories improves accuracy up until a 

certain threshold, when accuracy becomes saturated and adding more data points no longer 

provides information to the model. When brain slices are treated with ChABC, the effective 

diffusion coefficient has been shown to increase. While the super-diffusive nanoparticles may be 

better at reflecting this change in diffusion relative to trajectories of other diffusion modes, as 

mentioned earlier the degree of degradation may not sufficient enough for a machine learning 

model to pick up the microstructural changes. The loss of PNNs due to ChABC treatment may 

have also caused neuronal cell death, an inflammatory response, and activation of cells such as 
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microglia40, which could alter the ECS and ECM, mitigating the effects of the loss of ECM 

structure. 

In this project, I develop a methodology to apply data science and machine learning tools to 

MPT data to probe underlying biological changes using three distinct experimental datasets. 

While MPT has long been a technique used to understand complex biological environments, our 

methodology increases the insights extracted from a given MPT dataset. Specifically, we 

demonstrate how unsupervised learning can be leveraged to understand the predictive capacity of 

a dataset, and how supervised learning and feature importance techniques can be applied to begin 

understanding microenvironmental and structural changes in the brain ECS. By applying the 

methodology to three unique datasets, we show that PCA can feasibly be applied to any other 

MPT datasets to determine whether there is data separation in the dataset, and XGBoost and 

SHAP analysis will be most effective on datasets where PCA is able to separate data.    

4. Continuing and Future work 

 

4.1. Application of pipeline to other MPT datasets 

While the methodology presented in this paper is successful for predicting 

neurodevelopmental age, brain region, and ECM treatment, more work is needed to determine 

the extent at which machine learning and MPT can be applied to predict other complex 

biological variables and probe microenvironmental differences. Within the context of the brain, 

the methodology could be applied to predict the spectrum of disease progression or severity as 

opposed to binary classifications of either healthy or not healthy. Planned future work within the 

lab aims to apply this pipeline to two models of neurodegeneration, namely rotenone treated 

brain slices and oxygen-glucose deprivation treated brain slices.  
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4.2. Development of MPT trajectory database 

As the number of MPT datasets generated in the Nance lab continues to grow, machine 

learning will continue to be able to be used to answer interesting biological questions. However 

due to the size of each dataset, it is crucial to have a standardized data management system in 

place. Future work will include the development of a database storing all current tracked 

nanoparticles, with the ability to add future MPT datasets into the database. Developing a 

database will streamline the process of collecting subsets of data for machine learning problems, 

for example collecting all super-diffusive trajectories from a single dataset. It would also make it 

possible to combine data from multiple datasets that have a variable held constant, for example 

utilizing all trajectories tracked in the cortex from multiple datasets.  

4.3. Deep learning applications 

Past research has shown that a deep learning approach can be used for nanoparticle trajectory 

classification tasks by applying a convolutional neural network (CNN) to the raw trajectory 

data20, 22. For each of these datasets, future work can investigate whether or not a deep learning 

approach on raw trajectory data, as opposed to the statistical features used in this study, can 

improve the accuracy of predictions on classes which these current methods struggle. Synthetic 

data can also be generated using a Generative Adversarial Network deep learning approach, 

which has been shown to improve CNN accuracy in medical classification tasks41. 

5. Summary of published/preparing to be published work 

 

Nano-based probes for the brain extracellular environment 

Jeremy R. Filteau, Brandan P. Butler, Nels Schimek, Elizabeth Nance 

An extensive and growing number of studies demonstrates the critical role of the brain 

extracellular space (ECS) in normal development, aging, and in response to injury or disease. 
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Therefore, developing technologies to probe this dynamic and heterogeneous environment is of 

increasing interest. Nanomaterials are a promising platform for probing the brain ECS, given 

their highly tunable properties and compatibility with quantitative imaging. In this chapter, we 

discuss design considerations for engineering nanomaterial probes for application in the brain 

parenchyma. We begin with background on the brain ECS microenvironment, followed by 

discussion on how changes in diffusion, rheology, and composition reflect development, disease, 

or injury-mediated remodeling. We highlight the spectrum of models used to probe the brain 

environment, from synthetic engineered systems (i.e. hydrogels) to ex vivo slices/organoids, and 

in vivo animal models of injury and disease. Equally important to the choice of model system is 

the design of the nanomaterial probe. We discuss common physicochemical parameters for nano-

based probes, including size, shape, surface charge, surface chemistry. We next analyze the 

various techniques used to quantify the behavior of nanoparticles in the brain, which include 

techniques such as integrative optical imaging, real-time iontophoresis, and particle tracking 

microscopy. Lastly, we examine active research in improving nanomaterial design for 

quantifying stimuli responsiveness, advancing super-resolution imaging techniques, and 

employing machine learning and artificial intelligence to understand and predict underlying 

biological changes to the brain microenvironment.  

 

Machine learning applications to multiple particle tracking data to evaluate the brain 

extracellular space 

Nels Schimek, David Beck, Michael McKenna, Elizabeth Nance 
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 Multiple particle tracking (MPT) is a microscopy technique capable of simultaneously 

tracking hundreds to thousands of nanoparticles in a biological sample and has been used 

extensively in recent years to characterize the brain extracellular space. Machine learning 

techniques have been applied to MPT datasets in order to predict the diffusion mode of 

nanoparticle trajectories as well as more complex biological variables. In this study, we develop 

a machine learning pipeline and evaluate its effectiveness across three different MPT datasets: 

varying age, varying region, and a non-treated versus treated condition. We utilize unsupervised 

learning, supervised classification, and feature importance calculations to determine which 

datasets can be predicted with the highest accuracy, and to glean biological insights from each 

dataset. Finally, we determine the effect that the diffusion mode of a trajectory has on training a 

supervised machine learning model.  
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