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Methods 
 
3.1  Package Software Structure 
Developed as an object-oriented Python pip installable package, the TAP class implements a recursive 
categorical parsing technique to read the standard AnnData X layer cell by gene expression along with 
user-defined obs layer categories. The class can be instantiated with a variety of parameters all 
documented on the corresponding Github (url) to tune functionality of the html output containing the 
interactiveUI. The initial default steps include: data validation, conversion to raw expression counts, 
filtering of cells with low expression, then normalizing and log transforming the dataset,achieved using 
scanpy preprocessing functionality. Once completed, the dataset can utilize automated cell type calling 
using the included Cell Typist package or use manual cell type definitions provided in the AnnData 
object. All default Cell Typist models are included and can be accessed by using the runCell Typist 
parameter when the TAP class is instantiated.  
 
Once categorical cell identifiers (cell type, replicates, etc…) are defined, all possible subsets of viral 
expression counts and categorical observations are then processed through the pipeline described in 
Figure 1B and stored for O(1) access by the user interface. TAP considers the single-cell AnnData input 
as the following: 

​𝑋 ∈ ℝ𝑛×𝑝

 
Where n is the number of cells and p is the number of genes. It is expected that each cell i provided as 
input contains metadata, represented as m for categorical observations (e.g. cell type, replicates, etc) and 
C for containing all possible combinations of categories (Vector, Category, Vector + Category, Vector + 
Replicate + Category, etc) belonging to C(j) as defined below.​
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The TAP software then recursively iterates each unique categorical combination and performs threshold 
filtering to confirm non-empty subsets of data described as: 
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Where c = (c(1),…,c(k)) is a unique categorical combination of a the Cartesian product of all selected 
metadata variables C = (c(1)×…× c(k)) and Xc is the subset of cells matching that particular combination. 
Each Xc subset is then passed through the highly configurable TAP analysis pipeline (Figure 1B) 
consisting of data anomaly validations, preprocessing, outlier removal, and infectivity clustering leading 
to important features for each Xc  classification. 
 
3.2  Infectivity Calling of Each Categorical Subset 
TAP treats each categorical subset (Xc) of cells as an individual dataset and classification problem to be 
processed by its algorithmic ensemble pipeline. The first step is to frame each subset (Xc) into a 
classification problem by clustering infectivity, yielding binary labels: infected vs. uninfected. All 
infectivity calls consider only viral expression counts and total expression counts. TAP supports three 
infectivity calling strategies: (1) Simplistic infectivity thresholding accepts a scalar parameter that will 
denote all cells greater than that value will be considered infected. (2) The buffered infectivity 
thresholding option accepts two scalar values. A greater than value and a less than value. Depending on 
the vector and its properties, this option may provide the ability to capture more extreme transcriptional 
states of the two classes by setting the parameters with a buffered zone between greater than and less than 
values. (3) Lastly, the Scikit Learn Gaussian Mixture Model (GMM) implementation is included as a third 
option for clustering infectivity.24 This option deploys the GaussianMixture class with the default 
parameters and n_components = 2 to classify the infected and uninfected labels. Additionally, the TAP 
implementation of the GMM aims to increase the transcriptional distinctiveness of each label by only 
including cells with a 95% or greater probability of existing in each class. 
 
3.3  Ensemble Implementation and Feature Importance 
A Random Forest (RF) classifier implemented by Scikit Learn is used by default and invoked in the 
FeatureSelection class, which is instantiated in the TAP class and trained on each subset of categorical 
cells (Xc) after clustering labels are determined. Each subset (Xc) is evaluated for class imbalance. The 
Imbalanced Learn package is utilized to provide TAP parameters for data balancing.  
 
Once classification labels are assigned, TAP trains a Random Forest (RF) model on each categorical 
subset (Xc). The Random Forest (RF) classifier RandomForestClassifier, implemented by Scikit Learn is 
used by default and invoked in the FeatureSelection class, which is instantiated in the TAP class. Optional 
parameters also exist for feature and gene filtering prior to training, removing specified viral serotypes, 
marker genes, and other unwanted features. To address class imbalance, TAP supports several resampling 
techniques via the imbalanced-learn package, including SMOTE, ADASYN, Borderline-SMOTE, 
SVM-SMOTE, KMeans-SMOTE, and random oversampling.26,43–46 Subsets with insufficient class 
diversity (e.g. only one class present) are skipped automatically. 
 

https://www.zotero.org/google-docs/?vT817Z
https://www.zotero.org/google-docs/?u4oJKZ


The default parameters for training the RandomForestClassifier on each subset (Xc) include 
n_estimators=20, max_depth=2, and min_samples_split=2, though all hyperparameters can be customized 
by the user. TAP also supports automated hyperparameter tuning via randomized grid search 
(RandomizedSearchCV), exploring combinations of tree depth, number of estimators, maximum features, 
and minimum samples per split. The rfHyperParameterTune parameter may be used to access the 
RandomizedSearchCV functionality, however, this will increase the runtime of the TAP build. Model 
performance is evaluated and stored using accuracy and AUC. Additionally, TAP can optionally compute 
permutation-based feature importances using Scikit Learn's permutation_importance, repeated two times, 
user-defined, or can be skipped entirely. This produces a ranked list of genes most predictive of infectivity 
for each categorical subset (Xc). All feature related metrics are stored in JSON format and for downstream 
composition of the user interface. 
 
3.4  Visualization Development 
 
3.4.1  Overview of Interface Construction 
TAP constructs a user interface in three parts. (1) The AnnData object undergoes extensive preprocessing, 
infectivity clustering, and ensemble feature selection, while caching the data results and base64 encoding 
supporting images into JSON format (Methods 3.1-3.3). (2) The preprocessed cell by gene matrix is 
converted to a CSV format. (3) Both JSON and CSV results are converted to one line representations, 
then pushed into a singular HTML output file which serves as a template for the visualization. The TAP 
visualization interface is built as a fully self-contained HTML output using Bootstrap and custom vanilla 
JavaScript. It supports interactive exploration of infectivity classifications and gene or virus level features 
across categorical cell subsets  (Xc).  
 
3.4.2  Interactive User Interface Development 
As the main component of the UI, a dynamic and responsive heatmap is generated directly client side by 
parsing all JSON and CSV components using the D3 javascript library.47 The main heatmap is crafted by 
calculating the amount of columns necessary for each cell to fit in the heatmap container, then the amount 
of table columns and rows necessary to build the heatmap are generated, which is responsive to various 
browser sizes; however, is not intended to be mobile optimized. Each top category bar (horizontally 
displayed) and gene/vector (left column, vertically displayed) are assigned unique IDs. Javascript on-click 
listeners detect user click interactions with those identifiers and facilitate loading selection specific 
content from the JSON cache in each of the four panels below the main heatmap. 
 
3.4.3  Selection Details and Metrics 
When responding to an on-click event, the first actionable task is to rebuild the “Selection Details” lower 
left block of the web application. Javascript will set a selection state which denotes the user interactive 
choice (C(j)), then use it as a cache key to O(1) lookup details of corresponding metadata in the embedded 
JSON. The JSON provided details are used to update all values in the “Selection Details” UI element. 
Additionally, an image of the cluster results for the specific cell subset (Xc) is shown. All clustering 
images described in Methods 3.2 are base64 encoded and embedded into the JSON, so they can be 
rendered in HTML. This section augments the other UI components by providing contextual validation of 
each subset (Xc) and UI components including: RF model parameters, accuracy,AUC; along with 
clustering results, and selection details which can be used as a first step toward evaluating results.  

https://www.zotero.org/google-docs/?lQIFfU


 
3.4.4  Ensemble Feature Importance, Differential Expression, and Highly Important Indicators 
The two UI components, “Ensemble Features” and “Differential Expression” display gene lists 
constructed from each subset of cells (Xc). Each component uses javascript to draw a HTML table and 
populate it with results from Methods 3.1-3.3, based on the current user selection. All listed gene results 
are hyperlinked directly to the Gene Cards verbose description.48 Ensemble feature results are displayed in 
descending order importance (highest on top) and include a barplot as a visual indicator, along with 
yellow, orange, and red pepper icons to indicate potential relevance to tropism (Figure 1D). These three 
icons are determined by the following logic: (1) A yellow icon denotes a particular gene that exists in 
both the Ensemble Features and the Differential Expression lists for the current selection. (2) An orange 
icon indicates a specific gene is present across all replicates in both lists; and (3) a red icon flags genes 
whose descriptions are fuzzy matches for keywords relating to receptors, plasma membrane, 
transmembrane, adhesion, or an extracellular molecule. The keyword matching is accomplished upstream 
of the UI during Methods 3.1-3.3 using gene descriptions retrieved from the BioThings API.49 The 
approach simply parses the descriptions for the relevant keywords. Each icon level is then indicated in the 
JSON for a particular gene contained with the subset selection (Xc).  
 
3.4.5  Configurations and Parameters 
Visual configurations options, including heatmap color themes and aesthetic visual UI styling were 
developed in pure javascript and are accessible via the gear icon in the interface. When selecting an 
option, Javascript updates html element IDs to apply the selected styles dynamically. The heatmap 
supports multiple themes that were developed to closely resemble popular Matplotlib color themes: 
Cividis, Viridis, Plasma, Inferno, Magma and a custom TAP theme that maps values from black to red. 50 
Although these settings exist and are directly accessible in the UI, additional configuration options, 
including deeper parameter control over aesthetics and functionality and can be accessed in our 
documentation found at: https://github.com/ArpiarSaundersLab/tap 
 
3.5  Replicate Mode 
TAP includes the boolean parameter “replicate_mode” which can be used to process the dataset that 
considers replicates as individual entities. Replicate mode starts by examining categorical observations 
added by the user and searches for text indicating a category is part of a series of values (e.g.  replicate_1, 
replicate_2, … , replicate_n). Replicate mode also searches genes/vectors for potential replicates in the 
same manner (e.g.  aav1_bc1, aav1_bc2, … , aav1_bcn). Once each replicate is determined, they are 
processed in the main pipeline described in Figure 1 and Methods 3.1, however, each subset (Xc) now 
includes an additional term specifically for each replicate. Once important features are determined 
individually for each replicate, they are then examined for the intersection of features existing in each 
replicate. Common features are denoted as described in Methods 3.4.4. Replicates are then represented in 
the UI as categories in the top bar (Figure 1D,2E) and parsed directly from the embedded JSON object. 
 
3.6  Performance and Usability 
Building the HTML output of TAP requires the entire pipeline (Figure 1B) to be run recursively through 
all categorical combinatorial subsets of cells. TAP requires ~10Gb of memory for every 10,000 cells in 
the input dataset. TAP is mutli-threaded and will use 2 CPUs by default. This value can be modified by 
utilizing the “cpus” parameter. Once the HTML output is built, the file can be opened in any modern 

https://www.zotero.org/google-docs/?6Z3a1S
https://www.zotero.org/google-docs/?rBKcIG
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browser. During the building process, all results are cached in the final output which makes the UI 
experience fluid on most modern computers. 
 
3.7  Multiplexed AAV Barcoding, Primary Cortical Cell Culture, and AAV transduction. 
AAV vectors were based on a plasmid backbone encoding EGFP fused to a nuclear localization signal 
(NLS) under the control of the CAG promoter. A unique 300 bp synthetic barcode was inserted into the 3’ 
UTR of each construct to allow transcript-based discrimination of capsid variants. Barcode sequences 
were designed to minimize secondary structure and avoid homopolymer runs. Each barcoded plasmid was 
cloned individually and sequence-verified via Sanger or whole-plasmid sequencing. Recombinant AAVs 
were produced using 11 distinct capsid variants (Figure 2A, S1A), each packaging an identical genome 
differing only in barcode identity. Production and titration were performed by the UNC NeuroTools Viral 
Vector Core Facility. Viral preparations were pooled in equimolar proportions to a final concentration of 1 
× 10¹² vg/mL. 
 
Cortical tissue was isolated from E16.5 C57BL/6J mouse embryos and dissociated to obtain a mixed 
population of brain cell types, including neurons, astrocytes, oligodendrocyte precursor cells (OPCs), and 
microglia. Cells were cultured in Neurobasal medium supplemented with B27 and maintained at 37°C 
with 5% CO₂. At DIV7, cultures were transduced with the pooled AAV cocktail. At DIV14, cells were 
enzymatically dissociated using papain and filtered to obtain single-cell suspensions. Single-cell RNA-seq 
libraries were generated using the 10x Genomics Chromium Single-cell 3’ v3.1 platform following the 
manufacturer's protocol. 
 
Single-cell preprocessing was completed using the default Cell Ranger pipeline.51 Ambient RNA signal 
and duplicate cell captures were removed using Cell Bender with the default parameters, adjusted only for 
expected cells of each library.52 Barcodes were demultiplexed based on their unique 3’ UTR barcode to 
determine which serotype transduced each individual cell. Using a custom script, barcodes were then 
added to the cell by gene matrix to be accessed downstream alongside the full gene panel. A standard 
Scanpy preprocessing pipeline was then followed for each dataset, along with PCA, integration using the 
Harmony21, followed by UMAP and manual cell type identification based on the Allen Brain Map Mouse 
Whole Cortex Markers. 
 
3.8  Cell Typist Model Training 
We provide automatic cell type prediction included with TAP using the Cell Typist package. Included 
with TAP are all default models provided by the package maintainers as well as two additional models we 
provide for convenience. The first model was trained using an adult mouse brain single-cell atlas23 and the 
second is from a Rhesus macaque single-cell amygdala dataset53. For both models, normalization and 
scaling were performed as recommended by Cell Typist. A grid parameter search was then deployed to 
determine optimal model training parameters of the following: alpha, epochs, use_SGD, mini_batch, 
with_mean, and feature_selection. Trained models were then assessed using confidence scores provided 
by Cell Typist. Models with the mean highest confidence scores were selected.  
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