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ABSTRACT 

The increasing prominence of cell therapy in oncological treatment necessitates innovative, 

non-destructive methods for efficient cell manufacturing. Current evaluation techniques are often 

destructive or incompatible with cell therapies, a limitation addressed by Quantitative Phase 

Imaging methods such as Differential Phase Contrast (DPC). DPC enables high-resolution, label-

free imaging of live cells. In combination with machine learning algorithms, this technology 

permits real-time, non-invasive evaluation of therapeutic cells, including Mesenchymal Stem Cells 

(MSCs) and Chimeric Antigen Receptor T-cells (CAR-T). A study was conducted involving anti 

GD2 and mCherry CAR-T cells, employing DPC and Fourier Ptychography for imaging over three 

days. Images were reconstructed using Python, and cellular segmentation was conducted via 

CellProfiler. The machine learning techniques, KNN, Random Forest, and Autoencoder, were then 

used for classification. The autoencoder achieved classification accuracies of up to 93% on 

aggregate data, thereby validating this integrated approach for quality control in therapeutic cell 

manufacturing. 
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CHAPTER 1 

AN OVERVIEW OF BIOMANUFACTURING, CELL-BASED THERAPIES, CAR-T CELLS, 

QUANTITATIVE PHASE IMAGING, AND MACHINE LEARNING 

1.1 Importance of Biomanufacturing 

Regenerative bioscience is an exponentially growing field that aims to understand the 

complex mechanisms behind how the body repairs itself and to utilize this knowledge to treat 

incurable diseases and debilitating injuries [1, 2]. Living cells are used to manufacture medical 

products in a controlled and reproducible manner, otherwise known as biomanufacturing [3]. As 

scientists look to commercialize their research and bring biotherapeutics to market, scale-up and 

scale-out manufacturing techniques become critical. The utilization of closed-system bioreactors, 

high-throughput screening, and automation has elevated the scalability and precision of bioproduct 

production and increased modularity [4, 5]. For instance, disposable bioreactors and single-use 

systems have helped minimize cross-contamination risks and reduced the time required for system 

setup, accelerating production cycles [6]. Advancements in biomanufacturing technologies enable 

the mass production of targeted therapies and directly impact the availability and cost-

effectiveness of cancer treatments that utilize therapeutic cells, such as Chimeric Antigen Receptor 

T (CAR-T) cells. 

1.2 CAR-T Cells 

T cells, crucial to the immune response, are extracted from the patient's blood through 

leukapheresis, then genetically modified via a viral vector to express the Chimeric Antigen 

Receptor (CAR) on the cell's surface [7, 11]. The receptor is a synthetic chimeric protein 
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containing multiple engineered elements, such as an extracellular antigen binding domain, a hinge 

region, a transmembrane domain, and an intracellular signaling domain [7, 11, 12, 13]. This results 

in a T cell engineered to target a specific antigen, allowing for a highly personalized approach to 

cancer treatment, even in patients with refractory cancers.   

This cell, which recognizes a specific antigen on the surface of cancer cells, is then 

reinfused into the patient to elicit a cytokine response [13]. This CAR allows the modified T cells, 

or CAR-T cells, to target cancer cells as part of the patient's immune response by recognizing 

specific antigens expressed on the surface of cancer cells, facilitating their destruction. In research 

studies, these cells co-express mCherry, a fluorescent protein, to report successful transduction, 

acting as a reporter gene. Current CAR-T cell therapies offer a novel and potentially curative 

treatment for patients with refractory or relapsed malignancies [14].   

Specifically, the CAR-T cells used in this research are modified with the GD2 receptor. 

Mutated glioma cells, such as those in Glioblastoma, a malignant brain tumor, overexpress 

disialoganglioside 2, or GD2, on the cell's surface [9]. Knowing the specific antigen a cancer cell 

expresses, the CAR-T cells can be modified to target this specific antigen. Cells that express GD2 

are considered anti GD2 and can be a suitable candidate for CAR-T cell therapy [7, 9]. CAR-T 

cell therapy has proven especially useful in treating hematological malignancies like leukemia and 

lymphoma, specifically particular types of B cell lymphoma and treatment-resistant acute 

lymphoblastic leukemia [7, 8].    

Biomanufacturing is pertinent in cancer treatment, where the need for individualized, high-

quality, and scalable solutions is pressing. Specifically, in the case of CAR-T cell therapies used 

in cancer treatments, which are popularly used for treating types of blood cancers such as diffuse 

large B-cell lymphoma (DLBCL), follicular lymphoma, mantle cell lymphoma, multiple myeloma, 
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and B-cell acute lymphoblastic leukemia in pediatric and adult patients [7,8, 9], there are strict 

GMP (Good Manufacturing Practices) that must be adhered to due to the complexities involved 

with cell isolation, gene editing, and cell culturing [10]. Many factors involved in cell isolation, 

transduction, and expansion must be controlled and monitored to ensure quality and safety control 

before they are reinfused into the patient [11, 12]. 

1.3 Evaluating Therapeutic Cells  

Demonstrating safety and efficacy of therapeutic cells is critical to achieve FDA approval. 

There are several problems that need to be addressed to ensure that these cells are safe and effective 

as scaling up in the manufacturing process becomes important and introduces more variables. 

Some of these problems include functional heterogeneity, or “differences in therapeutic function 

of cells from different donors, tissue sources, and manufactured under myriad conditions”, lack of 

critical quality attributes, and the effects of changes when manufacturing is scaled up, such as 

different culture media, culture vessels, cryoprotectants, and isolation techniques [40]. Cells can 

vary in quality within the same donor as well, further increasing the need for reliable markers of 

quality. The lack of defined CQA’s makes it difficult to predict how these therapies will perform 

and contributes to the difficulty of scale up manufacturing and gaining FDA approval [40].  

Some of the common criteria currently evaluated to ensure the efficacy and safety of these 

cells include phenotypic markers, viability markers, potency assays, purity and contamination 

assessment, genomic integrity, and functional assays [15, 16, 17, 18]. Phenotypic markers can be 

evaluated using flow cytometry, and protein expression on the cell surface can be examined to 

confirm that the CAR was successfully integrated [17, 19, 20, 21]. Flow Cytometry has the 

advantage of being a high throughput method and can assess other parameters such as size and 

examine multiple fluorescence markers [17, 19, 20, 21]. Viability markers as byproducts of 
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metabolic activity are evaluated, gauging the cells' overall health and functional potential [15, 16]. 

Potency assays can include in vitro cytotoxicity tests and in vivo models to test capabilities such 

as longevity and immunological memory potential [15, 16, 18]. Purity and contamination are 

assessed using PCR and mass spectrometry, testing for anything that could compromise these cells' 

safety [21]. Genome sequencing detects any unwanted mutation or chromosomal defects that 

would affect long-term safety [21].  Some of these methods, however, are invasive, destructive, 

costly, and time consuming.  

1.4 Other Imaging Techniques and Quantitative Phase Imaging 

As part of this process, various imaging techniques have been applied, namely fluorescence 

microscopy techniques such as high content imaging, two-photon and multiphoton microscopy, 

and quantitative phase imaging (QPI) methods like Differential Phase Contrast (DPC) and Fourier 

Ptychography Microscopy (FPM).  

Widefield Fluorescence microscopy can evaluate multiple cell markers, but can also photo 

bleach and damage the samples [22]. High content imaging is a valuable imaging technique that 

can take thousands of single cell images and quantify single cell morphological features utilizing 

high contrast fluorescent cell labeling techniques [39]. While fluorescence microscopy does 

provide high resolution images, it requires fixing and staining the cells, therefore only providing a 

snapshot of morphological data from the cell state at the point in which it was fixed [40].  

Two-photon microscopy is costly, and while it can track CAR-T cells within tissues and 

cell behaviors in real time for in vivo studies and provide single cell resolution, few fluorophores 

are suitable for multiphoton excitation [22]. There are some research efforts to utilize it as a non-

destructive, in process imaging technique with two photon autofluorescence lifetime imaging to 

evaluate and classify T- cell activation [41, 42, 43]. This method images endogenous metabolic 
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co-enzymes NADPH and FAD, with NADPH representing the combined fluorescence signal [41, 

43]. The imaging is done while the fluorophore is in the excited state before returning to ground 

state, allowing for information on the protein binding of NADPH and FAD. Activated T- cells 

have increased metabolic activity, and this imaging method provides quantitative features that 

allow for classification of activated T-cells in a non-destructive manner [41, 43]. This technique 

was also performed with time domain single photon excited autofluorescence lifetime imaging and 

was able to achieve a higher acquisition speed than multi-photon fluorescence lifetime imaging 

[44].    

Conversely, quantitative phase imaging (QPI) techniques allow non-invasive analysis of in 

vitro biological samples [23, 40]. These methods, such as DPC and FPM, are label-free and non-

destructive [23, 40]. FPM combines several low-resolution images with different illumination 

angles to reconstruct a high-resolution, complex image that includes both amplitude and phase [23, 

24]. While it can achieve high spatial resolution and wide field of view, it is computationally 

costly, needing complex algorithms and more computational power to reconstruct the images [23].   

DPC imaging is done via an asymmetric illumination scheme that converts phase gradients 

into intensity variations in the image [25, 26]. It quantifies the phase shift of light that passes 

through the sample [25, 26]. A quantitative phase profile of the sample can be reconstructed. This 

method is rapid compared to FPM and can provide real-time images of live samples [27]. FPM 

and DPC can be performed with an LED array, which can also provide brightfield and darkfield 

images, all on a single microscope [27].   

DPC does not require staining and preserves the cells in their native state and can help 

evaluate CAR-T cells' overall health and viability while being non-destructive. It allows for 

detailed observation of cell characteristics and opens the potential for longitudinal studies and in 
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process monitoring, making it ideal for imaging CAR-T cells and possibly greater feedback control 

during their manufacturing [40]. DPC and FPM imaging techniques can be employed on a 

microscope with an LED array, making it a cost-effective method that allows for brightfield, 

darkfield, FPM, and DPC imaging on one microscope [27].  

These methods can also be modified to be high throughput and integrated with machine 

learning algorithms to evaluate and interpret data from the images [19]. Both of these methods 

however, since they are non-invasive and label-free, lack specific labeling of features in cells that 

fluorescence imaging techniques provide.  Instead, phase imaging provides information on 

absorption and morphology.  

With many imaging techniques having the capability of evaluating cells metabolic activity 

and assessing morphology to determine functionality, morphology is a promising CQA, especially 

when coupled with non-invasive imaging methods [40]. Non-invasive imaging methods also 

provide a more flexible, cost and time effective method of in line evaluation compared to 

previously discussed assays.  

Research on the cell manufacturing processes and optimization of these CAR-T cells is 

crucial for advancing personalized medicine. It can enhance their efficacy, scalability, and safety 

and improve quality control. Using non-invasive imaging systems to monitor the CAR-T cells and 

evaluate quantitative data to determine successful transfection of the CAR gene, viability, and 

potency without damaging the limited supply of CAR-T cells would significantly improve the 

manufacturing process of CAR-T cells. Current methods of assessing CAR-T cells are destructive, 

typically involving staining the cells. A high throughput, high accuracy method of assessing these 

cells is essential for improvement. 
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1.5 Machine Learning 

Many methods of evaluating CAR-T cells rely on time and training in intensive labeling 

and staining techniques with specific biomarkers that affect cellular viability and cell signaling 

[19, 36]. Current label free assays evaluate a single feature and are low throughput [19]. A need 

for a high throughput, non-invasive, label free way of assessing and differentiating these cells 

based on multiple features is needed. Many machine learning models are successful using 

morphology to classify cells [35, 37, 38, 40, 41, 42] which quantitative phase imaging can provide 

[23, 34, 35, 36]. Using machine learning in conjunction with high throughput, quantitative phase 

imaging methods could provide a label-free, non-invasive modular imaging solution that allows 

for the evaluation of multiple critical quality attributes, ensuring the safety and efficacy of 

therapeutic cells [40, 42]. When analyzing data and making decisions and predictions, machine 

learning, a subfield of artificial intelligence, is a popular choice for examining complex, high-

dimensional data [28, 32]. There are many different learning algorithms, such as supervised and 

unsupervised. Supervised learning methods, such as decision trees, and K-Nearest Neighbor 

(KNN) use labeled data to train the model, and adjustments are made based on differences between 

the predictions and actual values [28, 31].  

A popular decision tree method is random forest [29]. For classification tasks, the output 

of the random forest is the class selected by most trees. The training data is fed to train various 

decision trees, and features from the data will be selected randomly during the splitting of nodes 

[29]. Every decision tree consists of decision nodes, leaf nodes, and a root node, with the leaf node 

of each tree being the final output or decision. The output, or final decision, is based on the output 

of multiple decision trees [29].  A 2021 study used random forest for cell classification, aiming to 

differentiate healthy from apoptotic cells from a human colorectal cancer cell line using data from 
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flow cytometry [35]. After staining and analysis, using a random forest model, this study was able 

to attain a good predictive performance. It predicted live cells with 93.2% precision and a 91.1% 

recall, and 91.4% and 89.1% for late apoptotic cells, respectively [35]. Another 2021 study using 

two-photon autofluorescence lifetime imaging achieved 97-99% accuracy in classifying T cells 

according to activation state [41].  

KNN operates under the assumption that similar data points tend to have similar values. It 

stores an entire training data set to reference rather than undergoing a training process and 

classifies new, unlabeled data based on proximity to the defined classes in the training data set 

[31]. A 2023 study used a KNN algorithm to detect and classify poikilocytosis affected red blood 

cells of various shapes [37]. Specifically, this study utilized a hyper parameter optimizable KNN 

algorithm. When tested on two different data sets, they were able to achieve accuracy, precision, 

and recall scores above 97% [37]. Another study in 2021 used KNN to classify specific subtypes 

of myeloid leukemia. This method was less successful due to the similar morphology of some 

subtypes, resulting in an accuracy of 80.55%, and recall and precision scores of 44.15% and 

42.59% respectively [38].  

Unsupervised learning is popular for determining the structure or distribution of data 

without providing labeled training data, such as k- means clustering [30]. k- means clustering 

searches for a predetermined number of clusters in an unlabeled data set, aiming to organize the 

data space so that data points in the same class or cluster are as similar as possible [29]. The same 

2021 study that used random forest also employed k- means clustering. When performed on 

standardized data for predicting live cells, they achieved a precision of 50.3%, 62.8% for recall, 

and 58.5% for accuracy [35]. Overall, this study compared multiple machine learning models to 

develop a more robust, multilayer perceptron model for predicting cell states [35].  
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Neural networks are a subset of machine learning consisting of layers or nodes connected 

through a series of weighted connections [28, 32, 33]. Autoencoder, a type of artificial neural 

network, is a fundamental building block of many machine and deep learning models for 

unsupervised learning tasks involving dimensionality reduction and feature learning without 

labeled training data but can also be supervised or semi-supervised depending on the specific 

model [32]. Overall, an autoencoder learns a compressed representation of the input data and then 

reconstructs the original data from the compressed representation [28, 32, 33]. The autoencoder 

consists of two main components: the encoder and the decoder [28, 32, 33].  

The encoder is the neural network that transforms the input data into a lower dimensional 

representation, or the latent space, by learning features containing the most crucial input data 

information to reconstruct it [28, 32, 33]. The latent space can contain valuable insights about the 

structure or features of the data. The decoder is a second neural network that takes this compressed 

representation and reconstructs the original data [28, 32, 33]. It learns to map the lower 

dimensional representation to the high dimensional data space. It is trained by minimizing the 

differences between the input and the reconstructed output data, typically using a loss function 

such as mean squared error or binary cross entropy [28, 32, 33].   

Prior studies have examined the use of label-free cell classification using flow cytometry 

and deep learning, with some models having over 85% mean accuracy [19] and one weakly 

supervised model having 100% classification accuracy [20]; however, many models using flow 

cytometry utilize manually labeled, single-cell images. Another study used autofluorescence 

intensity images and convolutional neural networks to classify T- cell activity [45]. Their specific 

method of fine tuning a pre-trained convolutional neural network resulted in a 98.83% accuracy, 

99.14% precision, and 95.85% recall [45]. With DPC imaging, sample images of thousands of 



 

10 

labeled cells can train a semi-supervised deep learning model to classify CAR T cells based on 

morphological and quantitative phase and intensity data.   

1.6 Purpose of Study 

While there are many valuable methods of evaluating CAR-T cells for therapeutic use, 

there is still an ongoing need for an easy-to-use, noninvasive, nondestructive, and high-throughput 

method of assessing them. I will use two quantitative phase imaging methods, Differential Phase 

Contrast Imaging and Fourier Ptychography Microscopy, to evaluate human T cells for successful 

transfection of the GD2 CAR. Once these cells have been imaged, I will segment them using 

CellProfiler, extracting 155 features on morphology, proximity to nearest neighbors, and intensity. 

These features will be imported into a semi-supervised autoencoder to determine critical features 

for classifying these cells as either GD2 positive or GD2 negative. This method opens the potential 

for low-cost, high-resolution imaging of large quantities of CAR-T cells without the need for 

removal from a bioreactor or incubator, decreasing the amount of product loss in the cell 

manufacturing process. 

1.7 Outline of Thesis 

Chapter 1 will provide an overview of the importance of biomanufacturing in cell 

manufacturing for cell-based therapies, important markers for evaluating therapeutic cells, and 

existing methods of evaluating these cells, including flow cytometry, mass spec, MRI, and 

Fluorescence imaging methods. Then, there will be a brief overview of Quantitative Differential 

phase contrast microscopy, Fourier Ptychography microscopy, and machine learning methods.   

Chapter 2 presents the details of FPM and DPC imaging and a description of the 

fundamental mathematics behind these existing reconstruction methods. An overview of the theory 

behind Autoencoders and network structure will also be given.   
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Chapter 3 will cover the methods for cell culturing done by a partnering lab, imaging 

methods, the use of CellProfiler, a semi-supervised autoencoder, and a description of the 

microscope setup.   

Chapter 4 presents the experiment results, reviewing cell segmentation and evaluating the 

classification results using an autoencoder.   

Chapter 5 summarizes the results, presents conclusions, and provides recommendations for 

the continuation of the work. 
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CHAPTER 2 

DIFFERENTIAL PHASE CONTRAST AND FOURIER PTYCHOGRAPHY 

2.1 The Widefield OTF 

In widefield microscopy, which relies on variations in the absorption of light by the sample, 

imaging biological samples can be challenging due to the low absorption, limited contrast, and the 

presence of out-of-focus light [25, 27]. Thin samples often result in phase shifts rather than 

absorbing and scattering light. MSCs or CAR-T cells, which can be considered thin samples, have 

minimal light absorption and scattering, making them difficult to image with widefield microscopy 

[25, 27]. The response of the microscope to a sample can be mathematically described by the 

optical transfer function (OTF). 

The (OTF), is a complex valued function which serves as a mathematical representation of 

the response of an imaging function as a function of spatial frequency.  It is the Fourier transform 

of the point spread function (PSF), and it describes how modulation and phase change as a function 

of spatial frequency. It is generally broken down into two components, the modulation transfer 

function (MTF) and the phase transfer function (PTF), representing how the amplitude and phase 

of the spatial frequencies are altered.  

To elucidate this point further, consider the following equations that describe imaging in real and 

Fourier space. In real space, the image 𝐼(𝑟) is formed by the convolution of the object 𝑜(𝑟) with 

the point spread function ℎ(𝑟): 

𝐼(𝑟)  =  𝑜(𝑟)⨂ℎ(𝑟) 

 



 

13 

When transformed to Fourier space, this convolution operation translates to a multiplication by 

the OTF 𝐻(𝑘): 

ℱ{𝐼(𝑟)} =  ℱ{𝑜(𝑟)} × 𝐻(𝑘) 

Here, ℱ{} represents the Fourier Transform. Due to the real-valued nature of the OTF 𝐻(𝑘) in 

widefield microscopy, only amplitude contrast is preserved, leading to the loss of crucial phase 

information in the image. 

To further demonstrate this, a thin sample is assumed. 𝐼(𝑟) is the intensity at the camera 

due to a point source, or coherent illumination and ℎ(𝑟), which is assumed to be real, is the system 

PSF; 𝑟 is the spatial coordinates at the camera plane; 𝜇 represents the sample absorption, 𝜙 the 

phase, and 𝑜(𝑟) = exp[−𝜇(𝑟)  +  𝑖𝜙(𝑟)] is the complex transfer function for a thin sample. The 

intensity at the camera with coherent illumination can be written as: 

 

𝐼(𝑟)  =  |(ℎ(𝑟))⨂ exp(−𝜇(𝑟) + 𝑖𝜙(𝑟))|
2
 

𝐼(𝑟)  =  (ℎ(𝑟)⨂ exp(−𝜇(𝑟) + 𝑖𝜙(𝑟)))(ℎ∗(𝑟)⨂ exp(−𝜇(𝑟) − 𝑖𝜙(𝑟))) 

𝐼(𝑟)  ≅  (ℎ(𝑟)⨂ exp(1 − 𝜇(𝑟) + 𝑖𝜙(𝑟)))(ℎ∗(𝑟)⨂ exp(1 − 𝜇(𝑟) − 𝑖𝜙(𝑟))) 

𝐼(𝑟)  ≅  (ℎ(𝑟)⨂1)(ℎ∗(𝑟)⨂1) + (ℎ(𝑟)⨂(−𝜇(𝑟)) + ℎ∗(𝑟)(−𝜇(𝑟))) + 𝑖(ℎ(𝑟)⨂𝜙(𝑟))

− 𝑖(ℎ∗(𝑟)⨂𝜙(𝑟)) 

 

As 𝐼(𝑟) is calculated, the linear phase term of the OTF is 0, and the phase term, 𝑖𝜙(𝑟) . 

𝑃(𝑢) represents pupil function, and 𝑃(0) is the zero-frequency component of the pupil function 

in Fourier space and sets the intensity level of the image background. When ℎ(𝑟) is convolved 
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with a constant function, it will result in a field that is equal to 𝑃(0)2as shown by the equation 

below.  

{ℎ(𝑟)⨂1 = 𝑃(0)2} 

 

The OTF in a widefield microscope captures the low-frequency components and serves as a low-

pass filter. The above equation can be written as: 

 

𝐼(𝑟) = |𝑃(0)2| − 2ℜ{𝑃∗(0)(ℎ(𝑟)⨂𝜇(𝑟))} + 2ℑ{𝑃∗(0)(ℎ(𝑟)⨂𝜙(𝑟))} 

 

In Fourier space: 

 

ℱ{ℎ(𝑟) ⊗ 𝜙(𝑟) − ℎ∗(𝑟)𝜙(𝑟)} = (𝐻̃(𝑢) − 𝐻̃∗(−𝑢))𝜙̃(𝑢) 

 

In the case of widefield microscopy, the OTF has a real valued PSF, ℎ(𝑟), which exhibits 

inversion symmetry in frequency space. As a result, the PTF, or the imaginary part of the OTF is 

effectively 0. This results in the annihilation of the phase information when multiplied with the 

imaginary part of the Fourier transformed sample field. Only the real valued MTF remains, 

preserving the amplitude contrast in the final image. With the widefield OTF having a negligible 

phase component for low spatial frequencies, this makes it difficult to detect phase changes 

induced by thin samples [25, 27]. As a result, much of the information useful for differentiating 

structures in thin samples is lost, and the resulting image has poor contrast. To capture the phase 

information, an asymmetric OTF is essential to break the inversion symmetry and have a non-zero 

PTF.  
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2.2 The Weak Object Transfer Function and DPC imaging 

When partially coherent, asymmetric illumination is used, such as with DPC, the phase 

term is non-zero, resulting in a complex OTF.  Phase information is encoded into measurable 

intensity variations as light passes through the sample. This increases contrast for thin samples and 

allows for the visualization of small variations in the refractive index of different regions within 

the sample. This is ideal for producing high resolution, contrast enhanced images of biological 

samples that are typically difficult to image using traditional bright-field microscopy, or require 

labelling such as fluorescence microscopy [25]. Typically, quantitative phase imaging methods 

use spatially coherent light. However, partially coherent methods such as DPC allow for 2x better 

lateral resolution and better optical sectioning and can be performed with a minimum of two 

images [25].  

DPC has several advantages over traditional bright-field and fluorescence microscopy, 

including its ability to produce high-resolution images of transparent or low-contrast samples, its 

non-invasive nature, and its ability to provide quantitative phase information about the refractive 

index of different regions within the sample without the need for staining or labeling [25, 27]. 

These features make it a valuable tool for a wide range of applications in biology and materials 

science. In the context of this research, asymmetric illumination with an LED array is used. 

In Dr. Waller’s paper, “Quantitative differential phase contrast imaging in an LED array 

microscope” The concept of asymmetric, partially coherent illumination is explored, allowing for 

phase information to be preserved. Here, the same assumptions are made, where 𝑟𝑐 is the spatial 

coordinates at the camera plane, 𝜇 represents the sample absorption, 𝜙 the phase, 𝑞(𝑟) the coherent 

illumination and 𝑜(𝑟) = 𝑒𝑥𝑝[−𝜇(𝑟) + 𝑖𝜙(𝑟)] is the complex transfer function for a thin sample 
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[25]. 𝑃(𝑢′′) is the pupil function, and 𝑢′′ is the equation of the coordinates at the pupil plane [25]. 

The intensity at a camera due to a coherent illumination from angle u’ can be written as: 

 

𝐼(𝑟𝑐) = |∬ [∬ 𝑞(𝑟)𝑜(𝑟) exp(−𝑖2𝜋𝑟 ⋅ 𝑢′′)𝑑2𝑟)] 𝑃(𝑢′′)exp (−2𝑖𝜋𝑢′′ ⋅ 𝑟)𝑑2𝑢′′|
2

 

 

When the sample is instead illuminated by an incoherent source, with an intensity distribution of 

𝑆(𝑢′) where 𝑢′ are the scaled coordinates on the source plane, the intensity at the camera becomes 

the sum of images due to each point source, and can be written as: 

𝐼(𝑟𝑐) = |∬[∬ 𝑞(𝑟)𝑜(𝑟) exp(−𝑖2𝜋𝑟 ⋅ 𝑢′′)𝑑2𝑟)]𝑃(𝑢′′)exp (−2𝑖𝜋𝑢′′ ⋅ 𝑟)𝑑2𝑢′′|2𝑑2𝑢′  

For the LED’s, the illumination from each LED is approximated by a plane wave at the sample 

and is written as: 

𝑞(𝑟) = √𝑆(𝑢′)exp (𝑖2𝜋𝑢′ ⋅ 𝑟) 

 

Differential filtering in the pupil plane for each point source produces phase contrast. The 

asymmetric illumination in the Fourier space creates intensity in real space [25].  

After grouping the source and pupil terms into a single transfer function, a 4D or partially coherent 

transfer function is produced [25]. This is initially nonlinear, but a weak object approximation, 

𝑜(𝑟) ≈ 1 − 𝜇(𝑟) + 𝑖𝜙(𝑟) linearizes the problem, resulting in: 

 

𝑜(𝑟)𝑜∗(𝑟′) ≈ 1 − [𝜇(𝑟) + 𝜇(𝑟′)] + 𝑖[𝜙(𝑟) − 𝜙(𝑟′)] 

 

The intensity then has three terms, a background, absorption, and phase term. A Fourier 

transform of both sides is taken, and the intensity spectrum can be written as the sum of all three 



 

17 

terms [25]. The contrast due to absorption and phase are decoupled and linear due to the weak 

object approximation, and can be written as 𝐻𝑎𝑏𝑠(𝑢), the optical transfer function for absorption, 

 

𝐻𝑎𝑏𝑠(𝑢) = − [∬ 𝑆(𝑢′)𝑃∗(𝑢′)𝑃(𝑢′ + 𝑢)𝑑2𝑢′ + ∬ 𝑆(𝑢′)𝑃∗(𝑢′)𝑃(𝑢′ − 𝑢)𝑑2𝑢′] 

 

And 𝐻𝑝ℎ(𝑢) being the frequency response for the phase, and evaluated independently of each 

other.  

 

𝐻𝑝ℎ(𝑢) = 𝑖 [∬ 𝑆(𝑢′)𝑃∗(𝑢′)𝑃(𝑢′ + 𝑢)𝑑2𝑢′ − ∬ 𝑆(𝑢′)𝑃∗(𝑢′)𝑃(𝑢′ − 𝑢)𝑑2𝑢′] 

 

For the reconstruction of a DPC image and deriving the specific transfer function, at least 

two images must be taken to obtain a phase contrast image, 𝐼𝐷𝑃𝐶. 𝐼𝑇 and 𝐼𝐵 and are the top and 

bottom measurements, respectively [25]. Uniformly distributed incoherent point sources in a half 

circle shape are used to illuminate the sample, where the radius of the circle determines the 

illumination numerical aperture [25]. Asymmetric illumination results in non-zero transfer 

functions for both absorption and phase. It also results in a shift in the origin of the spatial 

frequency spectrum of the object in Fourier space, resulting in a non-zero 𝐻𝑝ℎ [25]. The shifted 

conjugate pupil is no longer symmetric with the original pupil function, enabling capture of the 

phase information, and leading to a non-zero 𝐻𝑝ℎ [25]. In figure one, the asymmetric OTF as it 

pertains to DPC imaging can be compared to the widefield OTF.  
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Figure 1 Comparison of Phase Contrast and Widefield OTFs. Here we can see for the DPC imaging 

system, the WOTF is asymmetric, while the widefield OTF will produce a symmetric OTF that 

exhibits symmetry, and results in a loss of the phase information when imaging a thin sample or 

weak object. 

 

To isolate the phase response of the sample asymmetric illumination from one direction 

can be paired with asymmetric illumination from the other direction. In this way, the background 

term is canceled, and the phase contrast is better than for single sided asymmetric illumination; 

furthermore, the quantitative phase can be recovered [25].  The calculation to derive a specific 

transfer function and to find the phase contrast image 𝐼𝐷𝑃𝐶 is shown by: 

𝐼𝐷𝑃𝐶(𝑟𝑐) =
𝐼𝑇(𝑟𝑐) − 𝐼𝐵(𝑟𝑐)

𝐼𝑇(𝑟𝑐) + 𝐼𝐵(𝑟𝑐)
 

Where 𝐼𝑇 and 𝐼𝐵 represent the top and bottom measurements taken with the incoherent, asymmetric 

illumination [25]. 
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For the reconstruction of the images, quantitative phase is recovered by deconvolving the DPC 

image with the calculated transfer function such that: 

 

𝜙𝑡𝑖𝑘(𝑟) = ℱ−1 {
Σ𝑗𝐻𝑗

∗(𝑢) ∙ 𝐼𝐷𝑃𝐶,𝑗(𝑢)

Σ𝑗|H𝑗(𝑢)|
2

+ 𝛼
} 

 

Where ℱ−1{} denotes a Fourier transform, 𝑗 is the index of DPC measurements, and 𝛼 is a 

regularization parameter [25].  

2.3 Fourier Ptychographic Imaging 

Despite DPC imaging’s advantages, the ultimate resolution limit is still governed by the 

diffraction-limit, resulting in the same resolution as a widefield microscopy system. Fourier 

Ptychography on the other hand, is concerned with extending the spatial-frequency bandwidth of 

the imaging system to achieve a higher resolution [23, 24, 27]. The acquired images, consisting of 

multiple, low-resolution images (usually called "sub-images" or "intensity measurements") are 

captured under different illumination angles [23, 24]. These illumination angles correspond to 

different spatial frequency components in the Fourier domain. Thus, for each image captured, the 

sample is illuminated from a unique angle by turning on a single LED, corresponding to a shift 

proportional to the angle of illumination.  

For each LED, a different area of Fourier space passes through the pupil and enhances the 

OTF. An iterative phase retrieval algorithm is used to synthesize the full pupil in the Fourier 

domain, gradually filling in the missing phase information which is lost in imaging, and 

synthetically increasing the NA to reconstruct the high-resolution image [23, 34]. By combining 

the low-resolution sub-images taken under various illumination angles, the algorithm effectively 

expands the bandwidth of the spatial frequency domain and increases the overall resolution of the 
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reconstructed image [23, 34]. This allows the technique to reconstruct both the amplitude and 

phase of the sample, resulting in a complex-valued image with enhanced resolution [23, 24, 27]. 

It provides a higher resolution than DPC imaging but requires more images and time to reconstruct 

the final image.  
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CHAPTER 3 

METHODS 

3.1 Producing the CAR-T cells and Cell Culturing 

T cells were obtained from healthy donors, following the ethical guidelines and approval 

set forth by the Institutional Review Board at the University of Wisconsin-Madison. The T cells 

were subsequently cultivated. Anti-GD2 CAR-T cells were engineered by introducing CAR 

transgenes (pSFG.iCasp9.2A.14G2A-CD28-OX40-CD3z, provided by Malcolm Brenner) or 

mCherry (mCh) via electroporation into the T cells undergoing cultivation. These cultured T cells 

were sustained in Immunocult-XF expansion medium (StemCell Technologies, Vancouver, BC, 

Canada). Methods for cultivating and sustaining the T-cells follow procedures as described in 

“Production and characterization of virus-free, CRISPR-CAR T cells capable of inducing solid 

tumor regression” [45]. 

Both varieties of cells, anti-GD2 CAR-T cells and mCherry cells, were cryopreserved at a 

concentration of 5E6 cells per vial, using a solution consisting of 90% Fetal Bovine Serum (FBS) 

and 10% Dimethyl Sulfoxide (DMSO). These cells were subsequently transported on dry ice to 

the University of Georgia for ongoing research. Upon thawing at a temperature of 37°C, both 

CAR-T and mCherry cells were relocated to culture dishes containing fresh Immunocult-XF 

expansion medium, enriched with 25µL/mL of CD3/CD28 Activation Serum (StemCell 

Technologies, Vancouver, BC, Canada). For expanding the cells, the seeding density was adjusted 

to 1E6 cells/mL every 72 hours, using a renewed supply of Immunocult-XF expansion medium 

supplemented with 500U/mL of Interleukin-2 (IL-2). These CAR-T cells were received by Dr. 
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Karumbaiah’s lab at the University of Georgia, and samples were shared with Dr. Kner’s lab for 

this project. These cells were received in 35 mm petri dishes, in densities between 5e4 and 8e4 

cells per dish/plate.  

3.2 Imaging the CAR-T Cells 

Anti GD2 CAR-T cells and mCherry CAR-T cells from the same donor are kept in 4ml of 

ImmunoCult™-XF T Cell Expansion Medium, with Human Recombinant IL-2 (CHO-expressed) 

before and during imaging. They are stored in an incubator (VWR International, Radnor, 

Pennsylvania, USA) at 37° C and 5% CO2. Two dishes were received at a time, one Anti GD2, the 

other mCherry. For each petri dish imaged, imaging was kept under 45 minutes, taking 8 FPM and 

8 DPC images per dish with both a Nikon 4x and 10x objective lens with NAs of 0.13 and 0.30, 

respectively, resulting in a total of 16 FPM and 16 DPC images for each dish imaged for each day 

imaged. For the DPC imaging, exposure time is 6 milliseconds for each image, with a total of 4 

images being taken. For FPM, exposure time is 16 milliseconds, and 257 images are taken, one for 

each LED. Every dish was imaged once a day for 3 days. 8 DPC and 8 FPM images are taken per 

plate, per objective, resulting in 48 total reconstructed images per plate over 3 days. After imaging 

was complete, the cells were bleached and disposed of in appropriate biohazard containers.  

3.3  Image Analysis 

After all images are taken, they are reconstructed in a Python program, then loaded into 

Cell Profiler for segmentation and data collection. Segmentation is first conducted with 

thresholding using Otsu’s method. Predicted object size diameter is altered along with threshold 

values for intensity and object size to help filter out debris. From Cell Profiler, 155 metrics which 

are real numbers  related to morphology and intensity are output into a CSV file, then the data is 
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loaded into a Random Forest and KNN machine learning algorithms, and an Autoencoder neural 

network for analysis. These 155 metrics are listed in Appendix A.   

3.4 LED Array Microscope 

 

Figure 2. LED Positions: Sci-Round. This is the numbering scheme of the Sci microscopy round 

LED array, with 257 total LEDs. It has an NA of 0.5 and has a green color channel (257 nm). It 

uses USB 2.0 a serial interface with the computer. 
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A PCO panda 4.2 camera with a 16-bit sCMOS sensor and 6.5 x 6.5 μm² pixel size is used 

for imaging. It can run at up to 40fps, capable of exposure times from 10µs to 5s. Objective lenses 

used are Nikon Plan Fluor 10x/0.30 NA, and 4x/0.13 NA. A Round LED array from Spectral 

Coded Illumination Inc. is used to illuminate the sample. It consists of 257 LEDs arranged in 

concentric circles. For each imaging sequence run, 4 images are taken for DPC using LEDs from 

the first circle, first taking gradient images from the top, bottom, left, and right, then each of the 

257 LEDs are illuminated one at a time sequentially, starting from the first LED, and ending at the 

final LED in the outermost circle for the FPM images. The maximum NA for the LED array is 0.5. 

The layout of this LED array can be seen in Figure 2.  

 

 

Figure 3. An overview of the DPC/FPM microscope. (A) Nikon TE300 system with modular LED-

Array attachment for coded illumination. (B) Close-up diagram of LED-Array, angular 

illumination and objective optics. (C) Pupil plane view of FPM, where different illumination 

angles correspond to different circles (L. Tian et. al 2015). (D) Brightfield Image of a phase target 

(FoV 71x71µm2). (E) FP reconstruction of (D). 
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All these components are installed on a Nikon Eclipse TE300, with the LED array set to a 

working distance of 65mm. Alignment is checked by turning on a sequence of LEDs and taking 

images for each LED in the sequence, individually illuminating 9 areas of the LED array, LEDs 

0, 1, 2, 3, 4, 6, 7, 8. The Fourier transform of each of these images is displayed in a grid sequence, 

and each displayed k-space image updates every time the LED sequence cycles through. The center 

of each circle should pass through the diagonal grid lines. Position of the LED array is adjusted 

manually.  

 

 

Figure 4. QPI microscope alignment. LEDs From the top left going across each row, 2, 3, 4, 1, 0, 

5, 8, 7, and 6 are turned on sequentially. For each image, the Fourier transform is taken is displayed. 
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3.5 Machine Learning Methods 

Autoencoder with a classifier is used to analyze the unlabeled data and predict if the cell is 

either anti GD2 or mCherry. For the purposes of labelling our data, anti GD2 will be called GD2 

positive or GD2+, and mCherry will be called GD2 negative or GD2-. The data is first normalized 

using a Z score for each data column, with a mean of 0 and a standard deviation of 1. Initially, 

80% of the data is used for training and 20% for testing. In this specific model, the latent space 

has 3 nodes and 32 layers in the hidden space. The imported data is shuffled and split into batches; 

the shuffling is used to prevent the model from learning any unintentional patterns from the order 

of the data. Each training epoch goes through the entire data set, and the model’s parameters are 

updated to minimize the sum of reconstruction and classification loss. After the model is trained 

for 50 epochs, an unseen test data set is passed on to the autoencoder.  

 

 

Figure 5. Structure and workflow of the data collection and the autoencoder. This autoencoder 

features a latent space with 3 nodes. 
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In the encoder, the first linear layer, the data is transformed into the hidden layers, then is 

followed by a ReLU (Rectified Linear Unit) activation function that adds non-linearity to the 

model, enabling it to learn complex patterns. The second linear layer further reduces the 

dimensionality of the data to the size of the latent space or bottleneck layer. After the encoder has 

encoded the input data, the lower-dimensional representation is passed through a linear layer to 

map it to the number of output classes, representing anti GD2 and mCherry CAR T cells. The 

decoder network then takes this lower-dimensional encoded data and tries to reconstruct the 

original input data, mirroring the architecture of the encoder but in reverse order, increasing the 

dimensionality from the latent space to the hidden space, then uses ReLU activation to increase 

the dimensionality back to the input size of the data.  

Mean Squared Error is used for reconstruction loss, measuring how well the autoencoder 

reconstructs the input data, and cross-entropy loss is used to measure how well the classifier 

predicts the class of the cells. For training, it runs for 50 epochs, computes the loss based on 

predicted and actual values, then updates the models' parameters to minimize loss. Through this 

process, the model learns from the data. The model then examines the test data and computes 

accuracy, precision, recall, and F1 score to measure the model’s performance. 

After the autoencoder, the data is revaluated through KNN and Random Forest machine 

learning algorithms that are from Python’s sklearn package. We are usiung these three different 

methods to compare 3 commonly used methods in prior studies for cell classification tasks. Max 

depth and k are both set to 50. These are set to 50 because in our algorithms, we are also sseeking 

for the best max depth and best value of k, so these values are set sufficiently high to test for the 
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best value within each data set. After the data is normalized, it is run through a PCA analysis, then 

KNN and Random Forest.  

For all methods, plots of accuracy, precision, recall, and F1 score, as well as a receiver 

operating characteristic curve (ROC curve), Area under the ROC Curve (AUC), confusion 

matrixes, and scatterplots of the classification are produced. For the autoencoder, an additional 

plot of total loss, classify loss, and reconstruction loss are produced.  

3.6 Machine Learning Definitions 

 Here we define some of the terms used to describe the performances of our machine 

learning methods.  

Accuracy is defined as the proportion of all classifications that are correct. While accuracy 

can be a useful general measure, it can be misleading when classes are imbalanced or when the 

costs of different types of errors are significantly different.  

Precision quantifies how many of the instances that the model predicted as positive are 

actually positive. Precision is especially relevant in situations where the cost of a false positive is 

high.  

Recall is calculated as the ratio between the number of Positive samples correctly classified 

as Positive to the total number of Positive samples. The recall measures the model's ability to 

detect Positive samples. The higher the recall, the more positive samples detected. It is also known 

as Sensitivity, True Positive Rate, or Hit Rate. Recall is crucial when the cost of missing a true 

positive is high. 

F1 Score is the harmonic mean of Precision and Recall and tries to balance the two. The 

F1 score is especially useful in situations where you have an uneven class distribution and both 

false positives and false negatives are of concern. It takes both false positives and false negatives 
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into account. A high F1 score indicates a robust model, but it does not guarantee that the model's 

performance is excellent on both Precision and Recall — it could excel in one and be mediocre in 

the other. 

ROC curve is a graphical representation that plots the True Positive Rate (TPR, also known 

as Sensitivity or Recall) against the False Positive Rate (FPR, or 1-Specificity) for different 

threshold values. The curve essentially shows the trade-off between sensitivity and specificity. 

Each point on the ROC curve represents a different classification threshold, depicting the 

sensitivity vs. 1-specificity for that threshold. 

AUC is the area under the ROC curve and serves as a single scalar value that summarizes 

the performance of the classifier. The AUC can range from 0 to 1, where a value of 1 indicates a 

perfect classifier and a value of 0.5 represents a random classifier. 

The "Total Loss" is the overall objective function that a neural network aims to minimize 

during the training process. It is often a combination of multiple loss terms, each serving a specific 

purpose. In composite models that perform multiple tasks (e.g., reconstruction and classification), 

the total loss could be a weighted sum or an integration of individual losses like “Recon Loss” and 

“Classify Loss.” Typically, this is calculated as  

 

𝑇𝑜𝑡𝑎𝑙 𝐿𝑜𝑠𝑠 = 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝐿𝑜𝑠𝑠 + 𝑅𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 𝐿𝑜𝑠𝑠 

 

The “Classify Loss” is specific to the task of classifying the input data. In neural network 

models designed for classification tasks, this loss function quantifies how well the model is 

performing in categorizing the input data into predefined classes. Common classification losses 

include Cross-Entropy Loss for multi-class problems and Binary Cross-Entropy for binary 
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classification problems. The aim is to adjust the model parameters to minimize this loss, thereby 

increasing the model's classification accuracy. For a Cross-Entropy Loss, 𝑦𝑖𝑐 is the ground truth 

label, 𝑦̂𝑖𝑐 is the predicted distribution, or output of the network. 𝑁 is the batch size, and 𝐶 is the 

number of classes. It can be written as: 

 

𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝐿𝑜𝑠𝑠 = −
1

𝑁
∑ ∑ 𝑦𝑖𝑐 log(𝑦̂𝑖𝑐)

𝐶

𝑐=1

𝑁

𝑖=1

 

 

In models like autoencoders, the "Reconstruction Loss" measures the quality of the 

reconstructed output compared to the original input. The goal of minimizing this loss is to make 

the reconstructed data as close as possible to the original data. Common reconstruction losses 

include Mean Squared Error (MSE) for continuous data and Binary Cross-Entropy for binary data. 

For MSE, 𝑋 is the input and 𝑋̂ is the reconstruction.  

 

𝑅𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 𝐿𝑜𝑠𝑠 =
1

𝑁
∑(𝑋𝑖−𝑋̂𝑖)

2

𝑁

𝑖=1
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CHAPTER 4 

RESULTS 

4.1 Imaging and Segmentation 

For each FPM image taken with a 4x objective, the total field of view is 1626.60 x 1626.60 

µm, or 10160 x 10160 pixels with a resolution of 0.3826 µm. For the images taken with a 10x 

objective lens, the total field of view is 650.64 x 650.64 µm, 6096 x 6096 pixels, and has a 

resolution of 0.3096 µm. Figure 6 shows the full field of view (FoV) of the FPM reconstructions.  

 

 

Figure 6: Full field of view FPM reconstructions. (A) FPM reconstruction taken with a 4x objective 

lens with a FoV of 1626.60 x 1626.60 µm and a resolution of 0.3826 µm. (B) FPM reconstruction 

taken with a 10x objective with a FoV 650.64 x 650.64 µm, and a resolution of 0.3096 µm. 

 

A B 
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For DPC, the images are 2048x2048 pixels, and have the same respective fields of view. 

Resolution for the DPC 4x and 10x images is 2.046 µm. and 0.887 µm , respectively. For the full 

field of view DPC images with a 4x objective, ~6000 cells can be seen. For imaging and 

segmentation, each image has had anywhere between ~500 and ~6000 cells. For the 10x images, 

~1500 cells or less have been seen in a single image. These numbers can increase or decrease 

depending on the density of cells in the petri dish, or viability of the cells over several days of 

imaging. The number of cells captured in each image decreased over time as there were fewer 

viable cells. An example of DPC images as well as cell segmentation can be found in figures 7 and 

8.  

 

Figure 7. Sample segmentation of 4x and 10x DPC images. Successful segmentation on (A) 4x 

DPC and (B) 10x DPC images. Both are GD2+ cells from the same sample. 

 

Segmentation with CellProfiler was evaluated as each batch of images was being 

processed, manually checking each image for appropriate segmentation and making adjustments 
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to the CellProfiler pipeline as necessary until most of the cells were being segmented. For each 

pipeline, changes in the average diameter of the object being detected is changed basted on whether 

or not the image was taken with a 4x or 10x objective, since the size of the cell in pixels changes 

between these image sets with increased resolution. Minor changes in filtering based on intensity 

and object size also is modified depending on the presence of debris in the samples. An example 

of the pipeline structure can be found in Appendix B. Cells touching the border of the images were 

excluded. No ground truth count for cells in each image was established, so the percentage of cells 

correctly segmented and counted were not calculated, however some estimates regarding missed 

cells per image were made by counting the missed cells in a few individual images. In the 4x DPC 

images, 150- 200 cells were typically missed in segmentation, while with the 10x images, fewer 

than 20 cells were missed. Segmentation was only performed on DPC data.  
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Figure 8. Comparison of 4x and 10x DPC GD2+ and GD2- Cells. (A) is the 4x DPC image of 

GD2+ cells, (B) the 10x image of the same cells. (C) is the 4x image of GD2- cells, and (D) the 

10x image of the same cells. 

Qualitatively assessing the images, the DPC images appeared to have greater contrast 

between the foreground and background of the images while the FPM images tended to lack good 

contrast for segmentation. For the this analysis, we  only analyzed the DPC images, with plans to 

evaluate the FPM results after modifications to the reconstruction code.  
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4.2 Machine Learning Results 

For evaluating the three machine learning methods, initially, we received 3 total plates of 

GD2 positive and 3 of GD2 negative CAR-T cells for a total of 6 combined plates. These plates 

were imaged across three days, except for the final two plates, which were only image for two 

days due to insufficient media on the third day. In the machine learning results, we looked at 

precision, accuracy, recall, F1, and AUC scores for both 10x and 4x magnifications over 3 days of 

imaging to see which model was the most consistent over multiple days of imaging. Only the DPC 

images were evaluated for the scope of this project.  

We first evaluated the aggregate data from day 1 of imaging, when the cells were at their 

healthiest. The aggregate data consists of all the images from all plates taken with a particular 

objective on the same day of imaging. For the 4x DPC training data, Random Forest outperformed 

both KNN and Autoencoder, with accuracy, precision, recall, and F1 scores of 100%. The 

autoencoder was slightly lower, with accuracy, precision, recall, and F1 scores of 95.61%, 94.67%, 

94.98%, and 94.82%. However, when it came to the performance of the test data, the autoencoder 

performed best, with an AUC score of 0.98. while Random Forest and KNN had AUC scores of 

0.89 and 0.88. On the test data, for Random Forest, accuracy precision, recall, and F1 were 81.92%, 

84.82%, 90.38%, and 87.51%, respectively. KNN was significantly lower, with most metrics 

scoring below 90%. Figure 9 shows the plots of each of these, both testing and training data. Figure 

10 shows the ROC curves for both testing and training, and Figure 11 shows the confusion matrices 

for this data set.  
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Figure 9. Aggregate 4x Day 1 Training and Testing Data for all methods. The first row of graphs 

displays the training data results of accuracy, precision, recall, and F1. The second row shows 

these same performances on the test data set. Random Forest outperformed KNN and autoencoder 

on the training data, however, autoencoder outperformed both methods on the testing data for all 

the evaluated metrics. 

 

For the ROC curves in Figure 10, AUC scores were the highest for autoencoder, and lowest 

on KNN on the test data. While showing the trade off between recall and the false positive rate at 

specific thresholds, we can see how close to random a classifier is with the AUC score, and 

examine the classifier as a whole. AUC is particularly useful when the data set is imbalanced, such 

as with the data for this project.  
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Figure 10. ROC Curve on Aggregate 4x Day 1 Training and Testing Data. Autoencoder had the 

best AUC score of the three methods on the test data. 

 

When examining the confusion matrices in Figure 11, we see that KNN produced a 

significant amount of false positives in the training and testing data set, whereas Random Forest 

and Auto encoder did not have huge imbalances of false positives and false negatives in the training 

data set, Random Forest had nearly double the amount of false positives in the test data set. This 

high number of false positives results in a lower precision. F1 is a useful metric when there is a 

class imbalance. When considering the best model, finding one that best balances the scores of 

precision and recall is necessary  when aiming to increase the number of true positives and reduce 

the number of false positives. Accuracy, while useful, can be misleading when classes are heavily 

imbalanced.  
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Figure 11. Confusion Matrices for Aggregate 4x Day 1 Training and Testing Data. Row one shows 

the confusion matrices on the training data set, while the second row shows the results for the test 

data set. While Random Forest performed well on the training data, for the test data set, Random 

Forest and KNN had a high number of false positives, while autoencoder reduced the amount of 

both false positives and false negatives. 

 

For the 10x data in Figure 12, similar trends were observed for the training data set, 

however the test data set performed differently. The autoencoder performed better on accuracy; 

however, it had worse performance on precision and recall, which are good indicators of the 

reduction of false positives and negatives. The F1 score was higher. The AUC scores on the 10x 
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data for KNN and Random Forest were slightly better than the 4x data at 0.90 and 0.91, but the 

autoencoder was lower at 0.96.  

Figure 12. Algorithm Performances Across Aggregate 10x Day 1 Training and Testing Data. 

Accuracy and F1 is high for the autoencoder, but precision and recall are lower, indicating there 

may be more false positives and false negatives. 
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Figure 13. ROC Curve on Aggregate 10x Day 1 Training and Testing Data. For the test data, 

Autoencoder had the highest AUC score at 0.96. Random Forest and KNN had results of 0.91 

and 0.90. 

 

In Figure 14, for the autoencoder, there is a higher number of false negatives, but fewer 

false positives in both the training and test data. This leads to lower precision. Due to the low 

number of false positives, a higher accuracy is also obtained. Both Random Forest and KNN had 

high numbers of false positives for the training data evaluation.  
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Figure 14. Confusion Matrices for Aggregate 10x Day 1 Training and Testing Data. The 

autoencoder shows a higher proportion of false negatives for the test data, whereas KNN and 

Random Forest have a much higher proportion of false positives. 

 

To further confirm the autoencoder was the best model over multiple days of imaging, the 

results of each machine learning method were compared for aggregate data over three days. With 

the autoencoder model performing the best for both 4x and 10x data sets for the first day of 

imaging, and having the highest AUC score, this is the primary method we moved forward with. 

Tables 1 through 6 show the aggregate data for the autoencoder as the cells were evaluated over 3 

days, with the third day only being an aggregate of the first two sets of plates since the last set was 
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not imageable for the third day. The autoencoder still outperforms KNN and Random Forest. The 

tables for KNN and Random Forest can be found in Appendix D. 

 

Table 1: DPC 4x Autoencoder Aggregate Data Over 3 days 

 

Day 1 Day 2 Day 3 

Training Testing Training Testing Training Testing 

Accuracy 95.61 93.89 96.61 93.70 100 98.19 

Precision 94.67 92.69 96.72 93.78 100 97.34 

Recall 94.98 92.75 96.34 93.29 100 97.01 

F1 94.82 92.72 96.51 93.51 100 97.18 

AUC 0.99 0.99 0.99 0.98 1 0.99 

 

Table 2: DPC 10x Autoencoder Aggregate Data Over 3 days  

 

Day 1 Day 2 Day 3 

Training Testing Training Testing Training Testing 

Accuracy 98.44 90.34 98.57 84.27 100 92.82 

Precision 98.15 88.16 98.34 83.19 100 92.39 

Recall 98.00 87.56 98.56 83.45 100 92.62 

F1 98.07 85.85 98.45 83.32 100 92.50 

AUC 1 0.96 0.99 0.93 1 0.98 

  

Noting the discrepancy between the 4x and 10x evaluations, we further examined the plates 

of data as individual sets, meaning, the first two plates on a single day were evaluated, the second 
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set on a singular day were examined as a separate set, etc. This was done for each day the plates 

were imaged. These plates are numbered 5, 6, 7, 8, 9, 10, the numbering starting from when we 

began to receive both GD2 positive and GD2 negative plates. 5, 7, 9, are GD2 positive and 6, 8, 

10 are GD2 negative. A “pair” of plates would be 1 GD2+ and one GD2- plate, such as 5 and 6, 7 

and 8, or 9 and 10.  

 Evaluating just plates 5 and 6 on the first day, initially, all methods have high performance, 

including the 10x data, as seen in Figure 15 which compares the 4x and 10x performance on the 

testing data set for plates 5 and 6. In Figure 16, comparing plates 7 and 8, we see start to see a 

significant decrease in performance for the 10x data. Table 3 compares the 4x autoencoder data 

and AUC scores for plates 5, 6, 7 and 8, and Table 8 for the 10x data. In Table 4, despite the lower 

performance on accuracy, precision, F1, and recall, AUC is still high. When examining the 

confusion matrices for only the 10x data in plates 7 and 8 in Figure 17, we see slightly more false 

positives than false negatives, however with KNN and RF, there are a greater number of false 

positives. The performance of the autoencoder is consistent with that of the 4x data, however, with 

more instances of falsely classifying data in a greater proportion than the 4x data. This behavior is 

also seen in plates 9 and 10, which can be found in Appendices C and D. 
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Table 3: DPC 4x Autoencoder Test Data Over 3 Days, Plates 5, 6, 7, 8 

 
Day 1 Day 2 Day 3 

5 & 6 7 & 8 5 & 6 7 & 8 5 & 6 7 & 8 

Accuracy 99.42 97.46 97.30 95.25 98.88 95.26 

Precision 98.88 97.64 96.24 95.17 97.44 95.25 

Recall 98.77 96.92 95.64 95.21 98.02 95.21 

F1 98.82 97.26 95.94 95.19 97.73 95.23 

AUC 0.99 0.99 0.99 0.99 0.99 0.99 

 

Table 4: DPC 10x Autoencoder Test Data Over 3 Days, Plates 5, 6, 7, 8 

 
Day 1 Day 2 Day 3 

5 & 6 7 & 8 5 & 6 7 & 8 5 & 6 7 & 8 

Accuracy 99.87 86.02 100 76.52 98.78 90.43 

Precision 99.72 86.12 100 76.76 98.86 90.29 

Recall 99.82 85.72 100 76.11 98.50 90.46 

F1 99.77 85.86 100 76.21 98.67 90.36 

AUC 0.99 0.93 1 0.83 0.99 0.96 
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Figure 15. Algorithm Performances for Day 1 Training and Testing Data, Plates 5 and 6. For 

Plates 5 and 6, all methods across both 4x and 10 had high performances. For 4x, accuracy, 

precision, recall, and F1 were all > 98%, and for 10x, > 98%. 
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Figure 16. Algorithm Performances for Day 1 Training and Testing Data, Plates 7 and 8. For the 

autoencoder 4x, accuracy, precision, recall, and F1 were > 98%, whereas for the 1x data, it was 

<90%. 
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Figure 17. Confusion Matrixes for Day 1 Testing Data, Plates 7 and 8. While there are fewer 

false positives compared to KNN and Random Forest methods for 10x data, there are more 

incorrect classifications for the 10x autoencoder data compared to the 4x data. 

 

To further evaluate this, we examined the total, reconstruction, and classification losses 

from the autoencoder for this data set and the aggregate data sets. Figure 18 shows the losses for 

the autoencoder model for only plates 7 and 8. We see minimal to no overfitting over 30 epochs. 

However, for the 10x data, we see overfitting start by 30 epochs. For the other datasets, available 

in Appendix C, we see overfitting primarily with the 10x data sets outside of plates 5 and 6. 
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Tables of each pair of plates being evaluated over 3 days, as well as more graphs for 

performances, ROC, autoencoder classification, reconstruction, and total loss, and confusion 

matrices for both training and testing data can be found in Appendices C and D. 

Figure 18. Autoencoder Model Losses for Day 1 Test Data, Plates 7 and 8. The 10x data showed 

signs of overfitting the data after 30 epochs of training.  
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CHAPTER 5 

DISCUSSION AND CONCLUSION 

5.1 Summary of Results 

In this study we were able to demonstrate that across multiple days of imaging, and multiple 

plates of CAR-T cells, we can classify whether or not they were GD2 positive or negative with the 

machine learning methods KNN, RF, and autoencoder. The autoencoder performed better overall, 

with consistently higher AUC scores, and higher precision. The 4x data tended to perform better, 

with aggregate assessments of the data over 3 days showing accuracy, precision, recall, and F1 

values of 92% or greater, and individual data batches typically having accuracies of 95% or greater. 

AUC scores for the 4x aggregate data were > 0.98 and >0.93 for the 10x aggregate data over 3 

days of imaging. 

The 10x data, however, per batch and aggregate evaluations, performed worse than the 4x 

data, with aggregate evaluations by day having accuracy, precision, F1, and recall scores of as low 

as 83%, and as low as 76% on some individual batches. The first set of plates, labeled dishes 5 and 

6 in the supplementary information, had consistent performance with high accuracy across both 

objectives and all three days, plates 7, 8, 9, and 10 all showed a decrease in performance, most 

drastically with the images taken with a 10x objective. Additionally, these datasets for the 10 

images exhibited overfitting. These issues may be due to class imbalances, which can effect the 

training of the machine learning models, or due to errors in alignment of the LED array or leveling 

of the microscope, which can affect image quality and segmentation.  
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Alternatively, DPC is sensitive to sample thickness, and since higher NA objectives have 

a smaller depth of focus, images taken with the 10x objective may be more sensitive to focal drift 

from issues in stage levelling and microscope alignment. CAR-T cells are non-adherent cultures 

and can freely move in the media, which could also affect the DPC imaging.  

Overall, the KNN and RF algorithms performed worse across both objectives, albeit 

significantly worse on the 10x data. KNN and RF need more data to train on, and 10x data, due to 

its smaller field of view, had smaller data sets to work with. For the 4x data, Random Forest was 

the second-best method, with KNN performing the worst overall.  

5.2 Future Directions 

For this project, we would like to further evaluate why the data behaved the way it did with 

the autoencoder. With the 4x data performing better than the higher resolution images, knowing 

why would be useful in further development of a high throughput imaging system for 

quantitatively assessing CAR-T cells. A series of validation experiments with fluorescent imaging 

will also be conducted to further establish the use of phase imaging with the autoencoder to classify 

cells as Anti GD2 and mCherry, and eventually to identify successfully transfected T-cells.  

While FPM images were not analyzed with machine learning in this project, we would like 

to improve the reconstruction algorithm to utilize the DPC images, combining the high frequencies 

of FPM images and low frequency data from the corresponding DPC images to improve contrast 

and resolution of these images. It is known “without DPC initialization, the low-frequency 

components of the phase are not well recovered” [23]. This results in a high-pass-filtering effect 

on the re- constructed phase. By changing our reconstruction code to utilize DPC initialization, 

low frequencies can be recovered correctly.  
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For segmentation, we would like to move away from using CellProfiler, and start using the 

image data and pixel values directly or segment the cells using deep learning methods before 

assessing it with the autoencoder. With this, we hope to be able to look further at assessing potency 

or other CQA’s with quantitative phase imaging.  

Overall, with all these considerations, we would like to implement FPM and DPC imaging 

methods on a smaller microscope, that could easily be transported between labs, used in incubators, 

in conjunction with flow cytometry, or bioreactors. With the development of this smaller 

microscope and moving every part of the imaging, reconstruction, segmentation, image analysis, 

and classification into python, we could have a singular, easy to implement process for the imaging 

and evaluation of CAR-T cells. 
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APPENDIX A 

CELLPROFILER MEASUREMENTS 

General List of Measurements taken from CellProfiler, where CART is the name of the image in 

CellProfiler, and cells is the name of the final object being measured. Information on these 

metrics can be found in the documentation for the program.  

• AreaShape_Area  

• AreaShape_BoundingBoxArea 

• AreaShape_BoundingBoxMaximum_X  

• AreaShape_BoundingBoxMaximum_Y  

• AreaShape_BoundingBoxMinimum_X  

• AreaShape_BoundingBoxMinimum_Y  

• AreaShape_Center_X  

• AreaShape_Center_Y  

• AreaShape_Compactness  

• AreaShape_ConvexArea  

• AreaShape_Eccentricity  

• AreaShape_EquivalentDiameter  

• AreaShape_EulerNumber  

• AreaShape_Extent  

• AreaShape_FormFactor  

• AreaShape_MajorAxisLength  

• AreaShape_MaxFeretDiameter  

• AreaShape_MaximumRadius  

• AreaShape_MeanRadius  

• AreaShape_MedianRadius  

• AreaShape_MinFeretDiameter  

• AreaShape_MinorAxisLength  

• AreaShape_Orientation  

• AreaShape_Perimeter  

• AreaShape_Solidity  
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• Intensity_IntegratedIntensityEdge_CART  

• Intensity_IntegratedIntensity_CART  

• Intensity_LowerQuartileIntensity_CART  

• Intensity_MADIntensity_CART  

• Intensity_MassDisplacement_CART  

• Intensity_MaxIntensityEdge_CART  

• Intensity_MaxIntensity_CART  

• Intensity_MeanIntensityEdge_CART 

• Intensity_MeanIntensity_CART  

• Intensity_MedianIntensity_CART  

• Intensity_MinIntensityEdge_CART  

• Intensity_MinIntensity_CART  

• Intensity_StdIntensityEdge_CART  

• Intensity_StdIntensity_CART  

• Intensity_UpperQuartileIntensity_CART    

• Location_CenterMassIntensity_X_CART  

• Location_CenterMassIntensity_Y_CART  

• Location_CenterMassIntensity_Z_CART  

• Location_Center_X  

• Location_Center_Y  

• Location_Center_Z  

• Location_MaxIntensity_X_CART  

• Location_MaxIntensity_Y_CART  

• Location_MaxIntensity_Z_CART         

• Neighbors_AngleBetweenNeighbors_3  

• Neighbors_FirstClosestDistance_3  

• Neighbors_FirstClosestObjectNumber_3  

• Neighbors_NumberOfNeighbors_3  

• Neighbors_PercentTouching_3  

• Neighbors_SecondClosestDistance_3  

• Neighbors_SecondClosestObjectNumber_3  

• Number_Object_Number  

• RadialDistribution_FracAtD_CART_1of4  

• RadialDistribution_FracAtD_CART_2of4  

• RadialDistribution_FracAtD_CART_3of4  

• RadialDistribution_FracAtD_CART_4of4 

• RadialDistribution_MeanFrac_CART_1of4  

• RadialDistribution_MeanFrac_CART_2of4  

• RadialDistribution_MeanFrac_CART_3of4  

• RadialDistribution_MeanFrac_CART_4of4 

• RadialDistribution_RadialCV_CART_1of4  
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• RadialDistribution_RadialCV_CART_2of4  

• RadialDistribution_RadialCV_CART_3of4  

• RadialDistribution_RadialCV_CART_4of4 

• RadialDistribution_ZernikeMagnitude_CART_0_0 through 9_9 

• RadialDistribution_ZernikePhase_CART_0_0 through 9_9 

• AreaShape_Zernike_0_0 through 9_9 

             

          

 

  



 

63 

 

 

APPENDIX B 

CELLPROFILER PIPELINE EXAMPLE 

Example of pipeline and initial segmentation settings. 
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APPENDIX C 

ADDITIONAL MACHINE LEARNING DATA 

Aggregate 4x Data Figures 

Aggregate Data Evaluation 4x Day 1

Algorithm Performances for All 4x Day 1 Training and Test Data 
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ROC Curve for All 4x Day 1 Training and Test Data 
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Confusion Matrices for All 4x Day 1 Training and Test Data 
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Autoencoder Model Losses for All 4x Day 1 Training and Test Data 
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Aggregate Data Evaluation 4x Day 2 

 

Algorithm Performances for All 4x Day 2 Training and Test Data 
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ROC Curve for All 4x Day 2 Training and Test Data 
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Confusion Matrices for All 4x Day 2 Training and Test Data 
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Autoencoder Model Losses for All 4x Day 2 Train and Test Data 
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Aggregate Data Evaluation 4x Day 3 

 

Algorithm Performances for All 4x Day 3 Training and Test Data 
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ROC Curve for All 4x Day 3 Training and Test Data 
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Confusion Matrices for All 4x Day 3 Training and Test Data  
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Autoencoder Model Losses for All 4x Day 3 Train and Test Data 
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Plates 5 and 6 4x Data Figures 

Plates 5 and 6 Day 1 

Algorithm Performances for 4x Day 1 Training and Test Data, Plates 5 and 6 
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ROC Curve for 4x for Day 1 Training and Test Data, Plates 5 and 6 
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Confusion Matrices for 4x Day 1 Training and Test Data, Plates 5 and 6 
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Autoencoder Model Losses for 4x Day 1 Train and Test Data, Plates 5 and 6 
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Plates 5 and 6 Day 2

 

Algorithm Performances for 4x Day 2 Training and Test Data, Plates 5 and 6 
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ROC Curve for 4x for Day 2 Training and Test Data, Plates 5 and 6 
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Autoencoder Classification for 4x Day 2 Train and Test Data, Plates 5 and 6 
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Autoencoder Model Losses for 4x Day 2 Train and Test Data, Plates 5 and 6 
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Plates 5 and 6 Day 3

 

Algorithm Performances for 4x Day 3 Training and Test Data, Plates 5 and 6 
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ROC Curve for 4x for Day 3 Training and Test Data, Plates 5 and 6 
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Confusion Matrices for 4x Day 3 Training and Test Data, Plates 5 and 6 
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Autoencoder Model Losses for 4x Day 3 Train and Test Data, Plates 5 and 6 
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Plates 7 and 8 4x Data Figures 

Plates 7 and 8 Day 1

 

Algorithm Performances for 4x Day 1 Training and Test Data, Plates 7 and 8 
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ROC Curve for 4x for Day 1 Training and Test Data, Plates 7 and 8 
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Confusion Matrices for 4x Day 1 Training and Test Data, Plates 7 and 8 
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Autoencoder Model Losses for 4x Day 1 Train and Test Data, Plates 7 and 8 
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Plates 7 and 8 Day 2 

 

Algorithm Performances for 4x Day 2 Training and Test Data, Plates 7 and 8 
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ROC Curve for 4x for Day 2 Training and Test Data, Plates 7 and 8 
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Confusion Matrices for 4x Day 2 Training and Test Data, Plates 7 and 8 
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Autoencoder Model Losses for 4x Day 2 Train and Test Data, Plates 7 and 8  



 

97 

Plates 7 and 8 Day 3

 

Algorithm Performances for 4x Day 3 Training and Test Data, Plates 7 and 8 
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ROC Curve for 4x for Day 3 Training and Test Data, Plates 7 and 8 
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Confusion Matrices for 4x Day 3 Training and Test Data, Plates 7 and 8 
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Autoencoder Model Losses for 4x Day 3 Train and Test Data, Plates 7 and 8  
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Plates 9 and 10 4x Data Figures 

Plates 9 and 10 Day 1

 

Algorithm Performances for 4x Day 1 Training and Test Data, Plates 9 and 10 
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ROC Curve for 4x for Day 1 Training and Test Data, Plates 9 and 10 
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Confusion Matrices for 4x Day 1 Training and Test Data, Plates 9 and 10 
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Autoencoder Model Losses for 4x Day 1 Train and Test Data, Plates 9 and 10  
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Plates 9 and 10 Day 2

 

Algorithm Performances for 4x Day 2 Training and Test Data, Plates 9 and 10 
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ROC Curve for 4x for Day 2 Training and Test Data, Plates 9 and 10 
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Confusion Matrices for 4x Day 2 Training and Test Data, Plates 9 and 10 
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Autoencoder Model Losses for 4x Day 2 Train and Test Data, Plates 9 and 10 

  



 

109 

Aggregate 10x Data Figures 

Aggregate Data Evaluation 10x Day 1 

 

Algorithm Performances for All 10x Day 1 Training and Test Data 
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ROC Curve for All 10x Day 1 Training and Test Data 
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Confusion Matrices for All 10x Day 1 Training and Test Data 
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Autoencoder Model Losses for All 10x Day 1 Train and Test Data 
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Aggregate Data Evaluation 10x Day 2

 

Algorithm Performances for All 10x Day 2 Training and Test Data 
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ROC Curve for All 10x Day 2 Training and Test Data 
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Confusion Matrices for All 10x Day 2 Training and Test Data 
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Autoencoder Model Losses for All 10x Day 2 Train and Test Data 
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Aggregate Data Evaluation 10x Day 3

 

Algorithm Performances for All 10x Day 3 Training and Test Data 
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ROC Curve for All 10x Day 3 Training and Test Data 
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Confusion Matrices for All 10x Day 3 Training and Test Data 
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Autoencoder Model Losses for All 10x Day 3 Train and Test Data 
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Plates 5 and 6 10x Data Figures 

Algorithm Performances for 10x Day 1 Training and Test Data, Plates 5 and 6 
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ROC Curve for 10x for Day 1 Training and Test Data, Plates 5 and 6 
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Confusion Matrices for 10x Day 1 Training and Test Data, Plates 5 and 6 
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Autoencoder Model Losses for 10x Day 1 Train and Test Data, Plates 5 and 6 
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Algorithm Performances for 10x Day 2 Training and Test Data, Plates 5 and 6 
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ROC Curve for 10x for Day 2 Training and Test Data, Plates 5 and 6 
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Confusion Matrices for 10x Day 2 Training and Test Data, Plates 5 and 6 
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Autoencoder Model Losses for 10x Day 2 Train and Test Data, Plates 5 and 6 
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Algorithm Performances for 10x Day 3 Training and Test Data, Plates 5 and 6 
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ROC Curve for 10x for Day 3 Training and Test Data, Plates 5 and 6 
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Confusion Matrices for 10x Day 3 Training and Test Data, Plates 5 and 6 
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Autoencoder Model Losses for 10x Day 3 Train and Test Data, Plates 5 and 6 
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Plates 7 and 8 10x Data Figures 

Algorithm Performances for 10x Day 1 Training and Test Data, Plates 7 and 8 
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ROC Curve for 10x for Day 1 Training and Test Data, Plates 7 and 8 
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Confusion Matrices for 10x Day 1 Training and Test Data, Plates 7 and 8 



 

136 

 

Autoencoder Model Losses for 10x Day 1 Train and Test Data, Plates 7 and 8 
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Algorithm Performances for 10x Day 2 Training and Test Data, Plates 7 and 8 
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ROC Curve for 10x for Day 2 Training and Test Data, Plates 7 and 8 
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Confusion Matrices for 10x Day 2 Training and Test Data, Plates 7 and 8 
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Autoencoder Model Losses for 10x Day 2 Train and Test Data, Plates 7 and 8 
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Algorithm Performances for 10x Day 3 Training and Test Data, Plates 7 and 8 
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ROC Curve for 10x for Day 3 Training and Test Data, Plates 7 and 8 
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Confusion Matrices for 10x Day 3 Training and Test Data, Plates 7 and 8 
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Autoencoder Model Losses for 10x Day 3 Train and Test Data, Plates 7 and 8 
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Plates 9 and 10 10x Data Figures 

 

Algorithm Performances for 10x Day 1 Training and Test Data, Plates 9 and 10 
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ROC Curve for 10x for Day 1 Training and Test Data, Plates 9 and 10 



 

147 

 

Confusion Matrices for 10x Day 1 Training and Test Data, Plates 9 and 10 
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Autoencoder Model Losses for 10x Day 1 Train and Test Data, Plates 9 and 10 
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Algorithm Performances for 10x Day 2 Training and Test Data, Plates 9 and 10 
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ROC Curve for 10x for Day 2 Training and Test Data, Plates 9 and 10 
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Confusion Matrices for 10x Day 2 Training and Test Data, Plates 9 and 10 
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Autoencoder Model Losses for 10x Day 2 Train and Test Data, Plates 9 and 10 
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APPENDIX D 

ADDITIONAL PYTHON CODE 

Machine Learning Code 

#%% libs 

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

 

from sklearn.model_selection import train_test_split 

from scipy import stats 

from sklearn.decomposition import PCA 

from sklearn.neighbors import KNeighborsClassifier 

from sklearn.ensemble import RandomForestClassifier 

from sklearn.model_selection import train_test_split 

from sklearn.metrics import roc_auc_score 

 

from sklearn.metrics import roc_curve, auc, confusion_matrix 

from sklearn.metrics import plot_roc_curve, plot_confusion_matrix 

from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score, confusion_matrix, f1_score 

from sklearn.metrics import ConfusionMatrixDisplay 

 

import itertools 

import torch 
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import torch.nn as nn 

import torch.optim as optim 

from torch.utils.data import DataLoader, TensorDataset 

from torchsummary import summary 

import seaborn as sns 

 

## for plot 

import plotly.graph_objs as go 

import plotly.offline as pyo 

import plotly.express as px 

import plotly.graph_objects as go 

from mpl_toolkits.mplot3d import Axes3D 

from matplotlib.animation import FuncAnimation 

import os 

import imageio 

from PIL import Image 

import time 

from pdb import set_trace as st 

 

#%% utl functions 

 

# CUDA support 

print('Initializing Network...') 

 

if torch.cuda.is_available(): 

    device = torch.device('cuda') 

    print('run with GPU') 

else: 

    device = torch.device('cpu') 



 

155 

    print('run with CPU') 

 

## utl functions 

 

def get_trace(x,y,z,color='rgb(255,0,0)',name='Day1'): 

    trace = go.Scatter3d( 

    x=x, 

    y=y, 

    z=z, 

    mode='markers', 

    marker=dict( 

        size=5, 

        color=color, 

        ), 

    name=name, 

    ) 

    return trace 

 

 

def data_prep(df): 

    ''' 

    input: pandas dataframe 

    output: pandas dataframe 

    function: 

        1. remove string columns 

        2. remove nan included columns  

        3. z-score normalization 

    ''' 

    df = df.dropna(axis=1) 
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    df.iloc[:,:-1] = z_score_normalize(df.iloc[:,:-1]) # 3 

    df = df.dropna(axis=1) # drop NaNs again. z-score norm could create NaNs if column only contains 0s. 

 

    return df 

 

def z_score_normalize(df): 

    return stats.zscore(df) 

 

     

def exclude_irrelavant_columns(df): 

    keys = df.keys() 

    for k in keys: 

        ## skip if the data type is int or float, because we need to exclude columns with strings 

        if df[k].dtype == int or df[k].dtype == float:  

            if df[k].isna().mean() > 0: 

                df = df.drop(k,axis=1) 

            else: 

                continue 

        else: 

            df = df.drop(k,axis=1) ## axis=1 indicates drop columns 

 

    return df 

 

def add_label(df,label): 

    w,l = df.shape 

    label_array = np.ones((w,1)).astype(int) * label 

    df_labeled = pd.concat([df, pd.DataFrame(label_array,columns=['label'])], axis=1) 

     

    return df_labeled 
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def evaluate_metrics(model, X, y, prefix, output_folder): # for the auto encoder 

    """ 

    Evaluate and save metrics for a given model and data. 

     

    Parameters: 

    - model: PyTorch model to evaluate 

    - X: feature tensor 

    - y: label tensor 

    - prefix: prefix string to identify training or testing metrics 

    - path: directory path to save metrics 

    """ 

    model.eval() 

    with torch.no_grad(): 

        outputs = model(X) 

    _, predicted = torch.max(outputs, 1) 

    y_true = y.numpy() 

    predicted_labels = predicted.numpy() 

     

    accuracy = accuracy_score(y_true, predicted_labels) 

    precision = precision_score(y_true, predicted_labels, average='macro') 

    recall = recall_score(y_true, predicted_labels, average='macro') 

    f1 = f1_score(y_true, predicted_labels, average='macro') 

 

    # print(f'{prefix} Accuracy: {accuracy}') 

    # print(f'{prefix} Precision: {precision}') 

    # print(f'{prefix} Recall: {recall}') 

    # print(f'{prefix} F1 Score: {f1}') 
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    # ROC, AUC, and Confusion Matrix 

    y_score = outputs.detach().numpy()[:, 1]  # Assuming the second column gives the score for the positive class 

    fpr_ae, tpr_ae, _ = roc_curve(y_true, y_score) 

    roc_auc_ae = auc(fpr_ae, tpr_ae) 

 

 

    plt.figure() 

    plt.plot(fpr_ae, tpr_ae, label=f'ROC curve (area = {roc_auc_ae:.2f})') 

    plt.xlabel('False Positive Rate') 

    plt.ylabel('True Positive Rate') 

    plt.title(f'{prefix} ROC Curve') 

    plt.legend() 

    plt.tight_layout() 

    plt.savefig(f'{output_folder}/{prefix}_roc.png') 

 

    confusion = confusion_matrix(y_true, predicted_labels) 

    # Breakdown confusion matrix into components 

    tn, fp, fn, tp = confusion.ravel() 

   

    # Rearrange the confusion matrix 

    tp, fn, fp, tn = confusion.ravel() 

    rearranged_confusion = np.array([[tp, fn], [fp, tn]]) 

    

    # print(f'Confusion Matrix Metrics - {prefix}') 

    # print(f'True Positives: {tp}') 

    # print(f'True Negatives: {tn}') 

    # print(f'False Positives: {fp}') 

    # print(f'False Negatives: {fn}') 
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    plt.figure() 

    plt.imshow(rearranged_confusion, interpolation='nearest', cmap=plt.cm.Blues) 

    plt.title(f'Confusion Matrix - {prefix}') 

    plt.colorbar() 

 

    y_classes = ['Positive', 'Negative'] 

    x_classes = ['Positive', 'Negative'] 

    tick_marks = np.arange(len(y_classes)) 

    plt.xticks(tick_marks, x_classes, rotation=45) 

    plt.yticks(tick_marks, y_classes) 

    plt.ylabel('Predicted Class') 

    plt.xlabel('Actual Class') 

 

    fmt = 'd' 

    thresh = rearranged_confusion.max() / 2. 

    for i, j in itertools.product(range(rearranged_confusion.shape[0]), range(rearranged_confusion.shape[1])): 

        plt.text(j, i, format(rearranged_confusion[i, j], fmt), 

                 horizontalalignment="center", 

                 color="white" if rearranged_confusion[i, j] > thresh else "black") 

    plt.tight_layout() 

    plt.savefig(f'{output_folder}/{prefix}_confusion.png') 

     

     # Create output folder if it doesn't exist 

    if not os.path.exists(output_folder): 

        os.makedirs(output_folder) 

 

    # Create or open a text file to save metrics 

    metrics_file_path = os.path.join(output_folder, f"{prefix}_metrics.txt") 

    with open(metrics_file_path, 'w') as f: 
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        f.write(f"{prefix} Metrics\n") 

        f.write("=" * 40 + "\n") 

        f.write(f"Accuracy: {accuracy}\n") 

        f.write(f"Precision: {precision}\n") 

        f.write(f"Recall: {recall}\n") 

        f.write(f"F1 Score: {f1}\n") 

        f.write(f"ROC AUC: {roc_auc_ae}\n") 

        f.write("=" * 40 + "\n") 

        f.write(f"Confusion Matrix\n") 

        f.write("-" * 40 + "\n") 

        f.write(f"True Positives: {tp}\n") 

        f.write(f"True Negatives: {tn}\n") 

        f.write(f"False Positives: {fp}\n") 

        f.write(f"False Negatives: {fn}\n") 

         

        f.write("\n" + "=" * 40 + "\n") 

        f.write("Autoencoder Loss Metrics (Train)\n") 

        f.write("-" * 40 + "\n") 

        f.write(f"Total Loss Train: {Loss_hist_train[-1,0]}\n")  # Taking the last value as the final loss 

        f.write(f"Recon Loss Train: {Loss_hist_train[-1,1]}\n") 

        f.write(f"Classify Loss Train: {Loss_hist_train[-1,2]}\n") 

         

        f.write("=" * 40 + "\n") 

        f.write("Autoencoder Loss Metrics (Test)\n") 

        f.write("-" * 40 + "\n") 

        f.write(f"Total Loss Test: {Loss_hist_test[-1,0]}\n")  # Taking the last value as the final loss 

        f.write(f"Recon Loss Test: {Loss_hist_test[-1,1]}\n") 

        f.write(f"Classify Loss Test: {Loss_hist_test[-1,2]}\n") 

    return fpr_ae, tpr_ae, roc_auc_ae, confusion 
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def evaluate_and_plot(clf, X_train, y_train, X_test, y_test, classifier_name, output_folder): # for KNN and RF 

    # Generate the ROC curve 

    y_score = clf.predict_proba(X_test)[:, 1] 

    fpr, tpr, _ = roc_curve(y_test, y_score) 

    roc_auc = auc(fpr, tpr) 

     

    plt.figure() 

    plt.plot(fpr, tpr, color='darkorange', lw=1, label=f'ROC curve (area = {roc_auc:0.2f})') 

    plt.xlim([0.0, 1.0]) 

    plt.ylim([0.0, 1.05]) 

    plt.xlabel('False Positive Rate') 

    plt.ylabel('True Positive Rate') 

    plt.title(f'ROC - {classifier_name}') 

    plt.legend(loc="lower right") 

    plt.tight_layout() 

    plt.savefig(os.path.join(output_folder, f'ROC_{classifier_name}.png')) 

 

    # Generate the confusion matrix 

    y_pred = clf.predict(X_test) 

    cm = confusion_matrix(y_test, y_pred) 

     

    # # Print the elements of the confusion matrix 

    # tn, fp, fn, tp = cm.ravel() 

    # Rearrange the confusion matrix 

    tp, fn, fp, tn = cm.ravel() 

    rearranged_confusion = np.array([[tp, fn], [fp, tn]]) 

     

        # Save metrics to a text file 
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    with open(os.path.join(output_folder, f"{classifier_name}_metrics.txt"), "w") as f: 

        f.write(f"Classifier: {classifier_name}\n") 

        f.write(f"AUC: {roc_auc:.4f}\n") 

        f.write(f"True Positives: {tp}\n") 

        f.write(f"True Negatives: {tn}\n") 

        f.write(f"False Positives: {fp}\n") 

        f.write(f"False Negatives: {fn}\n") 

    

    print(f'Confusion Matrix Metrics - {classifier_name}') 

    print(f'True Positives: {tp}') 

    print(f'True Negatives: {tn}') 

    print(f'False Positives: {fp}') 

    print(f'False Negatives: {fn}') 

     

    plt.figure() 

    plt.imshow(rearranged_confusion, interpolation='nearest', cmap=plt.cm.Blues) 

    plt.title(f'Confusion Matrix - {classifier_name}') 

    plt.colorbar() 

    y_classes = ['Positive', 'Negative'] 

    x_classes = ['Positive', 'Negative'] 

    tick_marks = np.arange(len(y_classes)) 

    plt.xticks(tick_marks, x_classes, rotation=45) 

    plt.yticks(tick_marks, y_classes) 

    plt.ylabel('Predicted Class') 

    plt.xlabel('Actual Class') 

    fmt = 'd' 

    thresh = rearranged_confusion.max() / 2. 

    for i, j in itertools.product(range(rearranged_confusion.shape[0]), range(rearranged_confusion.shape[1])): 

        plt.text(j, i, format(rearranged_confusion[i, j], fmt), 
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                 horizontalalignment="center", 

                 color="white" if rearranged_confusion[i, j] > thresh else "black") 

    plt.tight_layout() 

    plt.savefig(os.path.join(output_folder, f'Confusion_Matrix_{classifier_name}.png'))     

    return fpr, tpr, roc_auc 

     

#%% data processing  

## data import combine multiple file sets 

# plate 5: 5/2 5/3 5/4 

# plate 6: 5/17 5/18 5/19 

# Plate 7, 8: 7/11 7/12 7/13 

# Plate 9, 10: 8/7 8/8  

 

## data import combine multiple file sets 

GD2P_files = [ 

] # Add as many file paths as you have for GD2P 

 

GD2N_files = [ 

] # Add as many file paths as you have for GD2N 

remove_col_list = ['ImageNumber', 'ObjectNumber'] 

 

GD2P = pd.concat([pd.read_csv(file).drop(remove_col_list,axis=1) for file in GD2P_files]).reset_index(drop=True) 

GD2N = pd.concat([pd.read_csv(file).drop(remove_col_list,axis=1) for file in 

GD2N_files]).reset_index(drop=True) 

 

## add label to original data 

GD2P_labeled = add_label(df=GD2P, label=0) 

GD2N_labeled = add_label(df=GD2N, label=1) 
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## concatanate two dataset into one for later operations 

df = pd.concat([GD2P_labeled, GD2N_labeled], axis=0) 

 

## preparing data for classification 

df_normalized = data_prep(df) 

 

## split X -- features and y -- labels 

X = df_normalized.iloc[:,:-1] 

y = df_normalized.iloc[:,-1] 

 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42) 

 

output_folder =  

 

if not os.path.exists(output_folder): 

    os.makedirs(output_folder) 

 

 

print(f'---------------------------------------------') 

print(f'Total dataset size: {X.shape[0]}') 

print(f'GD2 POS CarT cell data: {GD2P.shape[0]}') 

print(f'GD2 NEG CarT cell data: {GD2N.shape[0]}') 

print(f'Training dataset size:{X_train.shape[0]}') 

print(f'Test dataset size:{X_test.shape[0]}') 

 

with open(os.path.join(output_folder, 'dataset_metrics.txt'), 'w') as f: 

    f.write('---------------------------------------------\n') 

    f.write(f'Total dataset size: {X.shape[0]}\n') 

    f.write(f'GD2 POS CarT cell data: {GD2P.shape[0]}\n') 
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    f.write(f'GD2 NEG CarT cell data: {GD2N.shape[0]}\n') 

    f.write(f'Training dataset size: {X_train.shape[0]}\n') 

    f.write(f'Test dataset size: {X_test.shape[0]}\n') 

 

#%% autoencoder  

# st() 

 

X_train_arr = X_train.to_numpy() 

y_train_arr = y_train.to_numpy() 

X_test_arr = X_test.to_numpy() 

y_test_arr = y_test.to_numpy() 

 

 

# Define the size of the input data  

# 157 4x 156 10x 

input_size = 153 

# Define the size of the bottleneck layer 

latent_size = 3 

# Define the size of the hidden layers in the encoder and decoder 

hidden_size = 32 

# Define the number of epochs to train the model for 

num_epochs = 50 

# Define the batch size for training the model 

batch_size = 64 

# Define the number of output classes 

num_classes = 2 

 

# Load the data into PyTorch tensors 

X_train_tensor = torch.tensor(X_train_arr, dtype=torch.float32) 
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y_train_tensor = torch.tensor(y_train_arr, dtype=torch.long) 

X_test_tensor = torch.tensor(X_test_arr, dtype=torch.float32) 

y_test_tensor = torch.tensor(y_test_arr, dtype=torch.long) 

 

# Create a PyTorch DataLoader for the data 

data_loader_train = DataLoader(TensorDataset(X_train_tensor, y_train_tensor), batch_size=batch_size, 

shuffle=True) 

data_loader_test = DataLoader(TensorDataset(X_test_tensor, y_test_tensor), batch_size=len(X_test_tensor), 

shuffle=False) 

 

# 

# Define the encoder and decoder networks 

class Encoder(nn.Module): 

    def __init__(self): 

        super(Encoder, self).__init__() 

        self.linear1 = nn.Linear(input_size, hidden_size) 

        self.linear2 = nn.Linear(hidden_size, latent_size) 

     

    def forward(self, x): 

        x = torch.relu(self.linear1(x)) 

        x = self.linear2(x) 

        return x 

 

class Decoder(nn.Module): 

    def __init__(self): 

        super(Decoder, self).__init__() 

        self.linear1 = nn.Linear(latent_size, hidden_size) 

        self.linear2 = nn.Linear(hidden_size, input_size) 

     

    def forward(self, x): 
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        x = torch.relu(self.linear1(x)) 

        x = self.linear2(x) 

        return x 

 

# Define the autoencoder as a composition of the encoder and decoder 

class Autoencoder(nn.Module): 

    def __init__(self): 

        super(Autoencoder, self).__init__() 

        self.encoder = Encoder() 

        self.decoder = Decoder() 

     

    def forward(self, x): 

        x = self.encoder(x) 

        x = self.decoder(x) 

        return x 

 

# Define the combined model 

class Model(nn.Module): 

    def __init__(self): 

        super(Model, self).__init__() 

        self.autoencoder = Autoencoder() 

        self.classifier = nn.Linear(latent_size, num_classes) 

     

    def forward(self, x): 

        x = self.autoencoder.encoder(x) 

        x = self.classifier(x) 

        return x 

 

# Initialize the model 
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autoencoder_model = Autoencoder() 

model = Model() 

 

# summary(model, input_size=(1, 157)) 

 

# Define the loss function and optimizer 

reconstruction_criterion = nn.MSELoss() 

classification_criterion = nn.CrossEntropyLoss() 

optimizer = optim.Adam(list(model.parameters())+list(autoencoder_model.parameters()), lr=0.0005) 

 

Loss_hist_train = [] 

metric_hist_train = [] 

Loss_hist_test = [] 

metric_hist_test = [] 

len_train = len(data_loader_train) 

# Train the model 

for epoch in range(num_epochs): 

    running_loss = 0.0 

    running_reconstruction_loss = 0.0 

    running_classification_loss = 0.0 

    running_accuracy = 0.0 

    running_precision = 0.0 

    running_recall = 0.0 

    running_f1 = 0.0 

    for i, batch in enumerate(data_loader_train): 

        # Get the batch of data and send it to the GPU if available 

        inputs, labels_batch = batch 

        inputs, labels_batch = inputs.to(device), labels_batch.to(device) 
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        # Zero the gradients 

        optimizer.zero_grad() 

         

        # Forward pass 

 

        outputs_ae = autoencoder_model(inputs) 

        outputs_c = model(inputs) 

 

         

        # Calculate the reconstruction loss 

        reconstruction_loss = reconstruction_criterion(outputs_ae, inputs) 

        # Calculate the classification loss 

        classification_loss = classification_criterion(outputs_c, labels_batch) 

 

        # Calculate the total loss as a weighted sum of the reconstruction and classification losses 

        loss = reconstruction_loss + classification_loss 

         

        # Backward pass 

        loss.backward() 

         

        # Update the weights 

        optimizer.step() 

         

        # Update the running losses 

        running_loss += loss.item() 

        running_reconstruction_loss += reconstruction_loss.item() 

        running_classification_loss += classification_loss.item() 
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        predicted_labels = torch.argmax(outputs_c[:, :num_classes], dim=1).detach().numpy() 

 

        running_accuracy += accuracy_score(labels_batch.numpy(), predicted_labels) 

        running_precision += precision_score(labels_batch.numpy(), predicted_labels, average='macro', 

zero_division=1) 

        running_recall += recall_score(labels_batch.numpy(), predicted_labels, average='macro') 

        running_f1 += f1_score(labels_batch.numpy(), predicted_labels, average='macro') 

         

        # Print the losses every 100 batches 

        # if (i+1) % 100 == 0: 

    running_loss = running_loss/len_train 

    running_reconstruction_loss = running_reconstruction_loss/len_train 

    running_classification_loss = running_classification_loss/len_train 

    running_accuracy = running_accuracy/len_train 

    running_precision = running_precision/len_train 

    running_recall = running_recall/len_train 

    running_f1 = running_f1/len_train 

 

    print('Epoch [{}/{}], Loss: {:.4f}, Reconstruction Loss: {:.4f}, Classification Loss: {:.4f}'.format(epoch+1, 

num_epochs, running_loss, running_reconstruction_loss, running_classification_loss)) 

    Loss_hist_train.append((running_loss,running_reconstruction_loss,running_classification_loss)) 

    metric_hist_train.append((running_accuracy, running_precision, running_recall, running_f1)) 

     

 

    if epoch % 1 == 0: 

        running_loss_test = 0.0 

        running_reconstruction_loss_test = 0.0 

        running_classification_loss_test = 0.0 

        running_accuracy_test = 0.0 

        running_precision_test = 0.0 
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        running_recall_test = 0.0 

        running_f1_test = 0.0 

        for input_test, gt_test in data_loader_test: 

            input_test = input_test.to(device) 

            gt_test = gt_test.to(device) 

 

            outputs_ae_test = autoencoder_model(input_test) 

            outputs_c_test = model(input_test) 

 

            # Calculate the reconstruction loss 

            reconstruction_loss_test = reconstruction_criterion(outputs_ae_test, input_test) 

            # Calculate the classification loss 

            classification_loss_test = classification_criterion(outputs_c_test, gt_test) 

 

            # Calculate the total loss as a weighted sum of the reconstruction and classification losses 

            loss_test = reconstruction_loss_test + classification_loss_test 

 

            running_loss_test += loss_test.item() 

            running_reconstruction_loss_test += reconstruction_loss_test.item() 

            running_classification_loss_test += classification_loss_test.item() 

 

            predicted_labels_test = torch.argmax(outputs_c_test[:, :num_classes], dim=1).detach().numpy() 

 

            running_accuracy_test += accuracy_score(gt_test.numpy(), predicted_labels_test) 

            running_precision_test += precision_score(gt_test.numpy(), predicted_labels_test, average='macro', 

zero_division=1) 

            running_recall_test += recall_score(gt_test.numpy(), predicted_labels_test, average='macro') 

            running_f1_test += f1_score(gt_test.numpy(), predicted_labels_test, average='macro') 
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        print('Test:::Epoch [{}/{}], Loss: {:.4f}, Reconstruction Loss: {:.4f}, Classification Loss: 

{:.4f}'.format(epoch+1, num_epochs, running_loss_test, running_reconstruction_loss_test, 

running_classification_loss_test)) 

        Loss_hist_test.append((running_loss_test,running_reconstruction_loss_test,running_classification_loss_test)) 

        metric_hist_test.append((running_accuracy_test,running_precision_test,running_recall_test,running_f1_test)) 

 

Loss_hist_train = np.asarray(Loss_hist_train) 

Loss_hist_test = np.asarray(Loss_hist_test) 

metric_hist_train = np.asarray(metric_hist_train) 

metric_hist_test = np.asarray(metric_hist_test) 

 

 

plt.figure(1) 

plt.title('Train Loss') 

plt.plot(Loss_hist_train[:,0],label='Total Loss Train') 

plt.plot(Loss_hist_train[:,1],label='Recon Loss Train') 

plt.plot(Loss_hist_train[:,2],label='Classify Loss Train') 

plt.legend() 

plt.savefig(os.path.join(output_folder, 'autoencoder_train_loss.png')) 

 

plt.close() 

plt.figure(2) 

 

plt.title('Test Loss') 

plt.plot(Loss_hist_test[:,0],label='Total Loss Test') 

plt.plot(Loss_hist_test[:,1],label='Recon Loss Test') 

plt.plot(Loss_hist_test[:,2],label='Classify Loss Test') 

plt.legend() 

plt.savefig(os.path.join(output_folder, 'autoencoder_test_loss.png')) 
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plt.close() 

plt.figure(3) 

plt.title('Train Metrics') 

plt.plot(metric_hist_train[:,0],label='Accuracy Train') 

plt.plot(metric_hist_train[:,1],label='Precision Train') 

plt.plot(metric_hist_train[:,2],label='Recall Train') 

plt.plot(metric_hist_train[:,3],label='F1 Train') 

plt.legend() 

plt.savefig(os.path.join(output_folder, 'autoencoder_train_metrics.png')) 

plt.close() 

plt.figure(4) 

plt.title('Test Metrics') 

plt.plot(metric_hist_test[:,0],label='Accuracy Test') 

plt.plot(metric_hist_test[:,1],label='Precision Test') 

plt.plot(metric_hist_test[:,2],label='Recall Test') 

plt.plot(metric_hist_test[:,3],label='F1 Test') 

plt.legend() 

plt.savefig(os.path.join(output_folder, 'autoencoder_test_metrics.png')) 

plt.close() 

# plt.show() 

 

 

 

### training 

 

print(f'------------ Metrics for Training ------------') 

 

encoded_data_train = model.autoencoder.encoder(X_train_tensor).detach().numpy() 

predicted_labels = torch.argmax(model(X_train_tensor)[:, :num_classes], dim=1).detach().numpy() 
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accuracy = accuracy_score(y_train_tensor.numpy(), predicted_labels) 

precision = precision_score(y_train_tensor.numpy(), predicted_labels, average='macro') 

recall = recall_score(y_train_tensor.numpy(), predicted_labels, average='macro') 

f1 = f1_score(y_train_tensor.numpy(), predicted_labels, average='macro') 

 

print('Training Accuracy: {:.4f}%'.format(accuracy*100)) 

print('Training Precision: {:.4f}%'.format(precision*100)) 

print('Training Recall: {:.4f}%'.format(recall*100)) 

print('Training F1: {:.4f}%'.format(f1*100)) 

 

label1_ind = np.where(y_train_tensor.numpy()==0) 

label2_ind = np.where(y_train_tensor.numpy()==1) 

 

 

time.sleep(2) 

 

# st() 

 

# ### testing 

 

print(f'------------ Metrics for Testing ------------') 

 

encoded_data_test = model.autoencoder.encoder(X_test_tensor).detach().numpy() 

predicted_labels = torch.argmax(model(X_test_tensor)[:, :num_classes], dim=1).detach().numpy() 

accuracy = accuracy_score(y_test_tensor.numpy(), predicted_labels) 

precision = precision_score(y_test_tensor.numpy(), predicted_labels, average='macro') 

recall = recall_score(y_test_tensor.numpy(), predicted_labels, average='macro') 

f1 = f1_score(y_test_tensor.numpy(), predicted_labels, average='macro') 
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print('Test Accuracy: {:.4f}%'.format(accuracy*100)) 

print('Test Precision: {:.4f}%'.format(precision*100)) 

print('Test Recall: {:.4f}%'.format(recall*100)) 

print('Test F1: {:.4f}%'.format(f1*100)) 

 

label1_ind = np.where(y_test_tensor.numpy()==0) 

label2_ind = np.where(y_test_tensor.numpy()==1) 

 

# Create the figure and 3D axes 

 

 

# Create the figure and 3D axes static plot 

 

fig = plt.figure(figsize=(6.5, 4)) 

 

plt.suptitle('Autoencoder Classification for All 10x Day 1 Train and Test Data', fontsize=12, y=0.93) 

 

ax1 = fig.add_subplot(121, projection='3d') 

 

# Assuming 'encoded_data' is your 3D data 

ax1.scatter(encoded_data_train[label1_ind][:,0], encoded_data_train[label1_ind][:,1], 

encoded_data_train[label1_ind][:,2], c='r', label='GD2 POS') 

ax1.scatter(encoded_data_train[label2_ind][:,0], encoded_data_train[label2_ind][:,1], 

encoded_data_train[label2_ind][:,2], c='b', label='GD2 NEG') 

ax1.set_xlabel('X')  # Replace 'X Label' with your actual label 

ax1.set_ylabel('Y')  # Replace 'Y Label' with your actual label 

ax1.set_zlabel('Z')  # Replace 'Z Label' with your actual label 

ax1.set_title('Training Data', fontsize=12) 

ax1.view_init(elev=15, azim=15) 

ax1.legend(fontsize=12) 
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# plt.savefig(os.path.join(output_folder, 'autoencoder_train_scatter.png')) 

 

#test subplot 

ax2 = fig.add_subplot(122, projection='3d') 

 

# Assuming 'encoded_data' is your 3D data 

ax2.scatter(encoded_data_test[label1_ind][:,0], encoded_data_test[label1_ind][:,1], 

encoded_data_test[label1_ind][:,2], c='r', label='GD2 POS') 

ax2.scatter(encoded_data_test[label2_ind][:,0], encoded_data_test[label2_ind][:,1], 

encoded_data_test[label2_ind][:,2], c='b', label='GD2 NEG') 

ax2.set_xlabel('X')  # Replace 'X Label' with your actual label 

ax2.set_ylabel('Y')  # Replace 'Y Label' with your actual label 

ax2.set_zlabel('Z')  # Replace 'Z Label' with your actual label 

ax2.set_title('Test Data', fontsize=12) 

ax2.view_init(elev=15, azim=15) 

ax2.legend(fontsize=12) 

 

plt.savefig(os.path.join(output_folder, 'autoencoder_scatter_plot.png')) 

plt.close() 

 

# Update function for each frame of the animation 

def update(frame): 

    ax1.view_init(elev=15, azim=frame)  # Change the view angle 

    ax2.view_init(elev=15, azim=frame) 

# Create the animation 

animation = FuncAnimation(fig, update, frames=np.linspace(0, 360, 360), interval=100) 

 

# Save the animation as a GIF file 
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animation_file_path = os.path.join(output_folder, 'autoencoder_test_train_data.gif') 

animation.save(animation_file_path, writer='pillow') 

# animation.save('G:/CellProfilerPipelines/CART_PROJECT/tempfiledump//autoencoder_train_data.gif', 

writer='pillow') 

plt.close() 

 

# Assume y_test_tensor.numpy() is your ground-truth label and predicted_labels is your predicted label 

# y_test_prob is the predicted probabilities 

evaluate_metrics(model, X_train_tensor, y_train_tensor, 'Autoencoder_Training', output_folder) 

plt.close() 

plt.close() 

 

evaluate_metrics(model, X_test_tensor, y_test_tensor, 'Autoencoder_Testing', output_folder) 

plt.close() 

plt.close() 

#%% PCA 

# perform PCA 

pca = PCA(n_components=int(X.shape[1]/2)) ## get half of features as PCs 

pca.fit(X) 

 

# transform the data 

transformed_X = pca.transform(X) 

 

# ## plot for PCA 

GD2P_index = np.where(y==0)[0] 

GD2N_index = np.where(y==1)[0] 

# plt.figure('PCA') 

# plt.plot(transformed_X[day_1_index,1],transformed_X[day_1_index,2],'bo',label='DAY-1') 

# plt.plot(transformed_X[day_5_index,1],transformed_X[day_5_index,2],'rx',label='DAY-5') 
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# plt.show() 

 

X_train, X_test, y_train, y_test = train_test_split(transformed_X, y, test_size=0.20, random_state=42) 

 

#%% KNN  

 

# Initialize metrics lists 

K_list = np.arange(1, 50) 

acc_train_list_knn, acc_test_list_knn = [], [] 

recall_train_list_knn, recall_test_list_knn = [], [] 

f1_train_list_knn, f1_test_list_knn = [], [] 

precision_train_list_knn, precision_test_list_knn = [], [] 

 

# Loop over different values of k 

for k in K_list: 

    neigh = KNeighborsClassifier(n_neighbors=k) 

    neigh.fit(X_train, y_train) 

    train_predict = neigh.predict(X_train) 

    test_predict = neigh.predict(X_test) 

 

    # Compute and store metrics 

    acc_train_list_knn.append(accuracy_score(y_train, train_predict)) 

    acc_test_list_knn.append(accuracy_score(y_test, test_predict)) 

    recall_train_list_knn.append(recall_score(y_train, train_predict)) 

    recall_test_list_knn.append(recall_score(y_test, test_predict)) 

    f1_train_list_knn.append(f1_score(y_train, train_predict)) 

    f1_test_list_knn.append(f1_score(y_test, test_predict)) 

    precision_train_list_knn.append(precision_score(y_train, train_predict)) 

    precision_test_list_knn.append(precision_score(y_test, test_predict)) 
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# Create plots 

plt.figure('KNN Performances', figsize=(12, 8)) 

 

metrics_list = ['Accuracy', 'Recall', 'F1 Score', 'Precision'] 

knn_train_metrics = [acc_train_list_knn, recall_train_list_knn, f1_train_list_knn, precision_train_list_knn] 

knn_test_metrics = [acc_test_list_knn, recall_test_list_knn, f1_test_list_knn, precision_test_list_knn] 

 

for i, metric in enumerate(metrics_list): 

    plt.subplot(2, 2, i + 1) 

    plt.title(f'{metric} Performance') 

    plt.xlabel('k') 

    plt.ylabel(metric) 

    plt.plot(knn_train_metrics[i], label='Train') 

    plt.plot(knn_test_metrics[i], label='Test') 

    plt.legend() 

 

plt.suptitle('KNN Performance') 

plt.tight_layout() 

plt.savefig(os.path.join(output_folder, 'KNN_Performances_Multiple_Metrics.png')) 

plt.close() 

# Initialize lists to store KNN error rates 

knn_train_error = [] 

knn_test_error = [] 

 

# KNN Error Calculation 

for k in K_list: 

    neigh = KNeighborsClassifier(n_neighbors=k) 

    neigh.fit(X_train, y_train) 
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    train_predict = neigh.predict(X_train) 

    test_predict = neigh.predict(X_test) 

     

    knn_train_error.append(1 - accuracy_score(y_train, train_predict)) 

    knn_test_error.append(1 - accuracy_score(y_test, test_predict)) 

     

# Find best k 

k_best = np.argmax(np.array(f1_test_list_knn))  

# Train and evaluate model with best k 

neigh_best = KNeighborsClassifier(n_neighbors=k_best) 

neigh_best.fit(X_train, y_train) 

train_predict = neigh_best.predict(X_train) 

test_predict = neigh_best.predict(X_test) 

evaluate_and_plot(neigh_best, X_train, y_train, X_test, y_test, 'KNN_Testing', output_folder) 

plt.close() 

plt.close() 

evaluate_and_plot(neigh_best, X_train, y_train, X_train, y_train, 'KNN_Training', output_folder) 

plt.close() 

plt.close() 

# Create a 1x2 subplot grid 

fig, axes = plt.subplots(1, 2, figsize=(14, 6)) 

 

# GD2 Positive and GD2 Negative indices for training data predictions 

GD2P_train_index = np.where(train_predict == 0)[0] 

GD2N_train_index = np.where(train_predict == 1)[0] 

 

# GD2 Positive and GD2 Negative indices for testing data predictions 

GD2P_test_index = np.where(test_predict == 0)[0] 

GD2N_test_index = np.where(test_predict == 1)[0] 
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# Scatter plot for training data predictions 

axes[0].scatter(X_train[GD2P_train_index, 1], X_train[GD2P_train_index, 2], c='b', alpha=0.5, label='Predicted 

GD2P Train') 

axes[0].scatter(X_train[GD2N_train_index, 1], X_train[GD2N_train_index, 2], c='r', alpha=0.5, label='Predicted 

GD2N Train') 

axes[0].set_title('KNN Classification for Training Data') 

axes[0].legend() 

 

# Scatter plot for testing data predictions 

axes[1].scatter(X_test[GD2P_test_index, 1], X_test[GD2P_test_index, 2], c='b', alpha=0.5, label='Predicted GD2P 

Test') 

axes[1].scatter(X_test[GD2N_test_index, 1], X_test[GD2N_test_index, 2], c='r', alpha=0.5, label='Predicted GD2N 

Test') 

axes[1].set_title('KNN Classification for Testing Data') 

axes[1].legend() 

 

# Save the figure 

plt.savefig(os.path.join(output_folder, "two_panel_KNN_classification_plot.png")) 

plt.close() 

# Display performance 

print(f'KNN performance') 

print(f'Best k is {k_best} corresponding metrics:') 

print(f'Acc: train: {accuracy_score(y_train, train_predict)}, test: {accuracy_score(y_test, test_predict)}') 

print(f'Recall: train: {recall_score(y_train, train_predict)}, test: {recall_score(y_test, test_predict)}') 

print(f'F1: train: {f1_score(y_train, train_predict)}, test: {f1_score(y_test, test_predict)}') 

print(f'Precision: train: {precision_score(y_train, train_predict)}, test: {precision_score(y_test, test_predict)}') 

 

with open(os.path.join(output_folder, 'KNN_Training_metrics.txt'), 'a') as f: 

    f.write("KNN Performance\n") 

    f.write("-" * 40 + "\n") 
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    f.write(f"Best k is {k_best} corresponding metrics:\n") 

    f.write(f"Acc: train: {accuracy_score(y_train, train_predict):.4f}\n")  

    f.write(f"Recall: train: {recall_score(y_train, train_predict):.4f}\n") 

    f.write(f"F1: train: {f1_score(y_train, train_predict):.4f}\n") 

    f.write(f"Precision: train: {precision_score(y_train, train_predict):.4f}\n") 

    f.write("-" * 40 + "\n") 

    f.write("KNN Error Metrics\n") 

    f.write(f"Training Error (last value): {knn_train_error[-1]:.4f}\n")   

 

with open(os.path.join(output_folder, 'KNN_Testing_metrics.txt'), 'a') as f: 

    f.write("KNN Performance\n") 

    f.write("-" * 40 + "\n") 

    f.write(f"Best k is {k_best} corresponding metrics:\n")    

    f.write(f"Acc: test: {accuracy_score(y_test, test_predict):.4f}\n") 

    f.write(f"Recall: test: {recall_score(y_test, test_predict):.4f}\n") 

    f.write(f"F1: test: {f1_score(y_test, test_predict):.4f}\n")    

    f.write(f"Precision: test: {precision_score(y_test, test_predict):.4f}\n") 

    f.write("-" * 40 + "\n") 

    f.write("KNN Error Metrics\n")    

    f.write(f"Testing Error (last value): {knn_test_error[-1]:.4f}\n")   

 

#%% Random Forest 

 

max_depth_list = np.arange(1, 50) 

acc_train_list_rf, acc_test_list_rf = [], [] 

recall_train_list_rf, recall_test_list_rf = [], [] 

f1_train_list_rf, f1_test_list_rf = [], [] 

precision_train_list_rf, precision_test_list_rf = [], [] 
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# Iterate through different max depths 

for md in max_depth_list: 

    clf = RandomForestClassifier(max_depth=md, random_state=0) 

    clf.fit(X_train, y_train) 

    train_predict = clf.predict(X_train) 

    test_predict = clf.predict(X_test) 

 

    # Calculate metrics for both training and test data 

    acc_train_list_rf.append(accuracy_score(y_train, train_predict)) 

    acc_test_list_rf.append(accuracy_score(y_test, test_predict)) 

    recall_train_list_rf.append(recall_score(y_train, train_predict)) 

    recall_test_list_rf.append(recall_score(y_test, test_predict)) 

    f1_train_list_rf.append(f1_score(y_train, train_predict)) 

    f1_test_list_rf.append(f1_score(y_test, test_predict)) 

    precision_train_list_rf.append(precision_score(y_train, train_predict)) 

    precision_test_list_rf.append(precision_score(y_test, test_predict)) 

 

# Plot all the metrics 

plt.figure('Random Forest Performances', figsize=(12, 8)) 

 

# Initialize lists to store Random Forest error rates 

rf_train_error = [] 

rf_test_error = [] 

 

# Random Forest Error Calculation 

for md in max_depth_list: 

    clf = RandomForestClassifier(max_depth=md, random_state=0) 

    clf.fit(X_train, y_train) 

    train_predict = clf.predict(X_train) 
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    test_predict = clf.predict(X_test) 

     

    rf_train_error.append(1 - accuracy_score(y_train, train_predict)) 

    rf_test_error.append(1 - accuracy_score(y_test, test_predict)) 

 

rf_train_metrics = [acc_train_list_rf, recall_train_list_rf, f1_train_list_rf, precision_train_list_rf] 

 

rf_test_metrics = [acc_test_list_rf, recall_test_list_rf, f1_test_list_rf, precision_test_list_rf] 

 

metric_names = ['Accuracy', 'Recall', 'F1-Score', 'Precision'] 

 

for i, metric_name in enumerate(metric_names): 

    plt.subplot(2, 2, i+1) 

    plt.title(f'{metric_name} Performance') 

    plt.xlabel('max depth') 

    plt.ylabel(metric_name) 

    plt.plot(rf_train_metrics[i], label='Train') 

    plt.plot(rf_test_metrics[i], label='Test') 

    plt.legend() 

 

plt.suptitle('Random Forest Performance') 

plt.tight_layout() 

# Save the plot 

plt.savefig(os.path.join(output_folder, 'Random_Forest_Performances.png')) 

plt.close() 

# Find best max depth  

md_best = np.argmax(np.array(f1_test_list_rf)) 

 

# Train best model 
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clf_best = RandomForestClassifier(max_depth=md_best, random_state=0) 

clf_best.fit(X_train, y_train) 

train_predict = clf_best.predict(X_train) 

test_predict = clf_best.predict(X_test) 

 

 

# Create a 1x2 subplot grid 

fig, axes = plt.subplots(1, 2, figsize=(14, 6)) 

 

# GD2 Positive and GD2 Negative indices for training data predictions 

GD2P_train_index = np.where(train_predict == 0)[0] 

GD2N_train_index = np.where(train_predict == 1)[0] 

 

# GD2 Positive and GD2 Negative indices for testing data predictions 

GD2P_test_index = np.where(test_predict == 0)[0] 

GD2N_test_index = np.where(test_predict == 1)[0] 

 

# Scatter plot for training data predictions 

axes[0].scatter(X_train[GD2P_train_index, 1], X_train[GD2P_train_index, 2], c='b', alpha=0.5, label='Predicted 

GD2P Train') 

axes[0].scatter(X_train[GD2N_train_index, 1], X_train[GD2N_train_index, 2], c='r', alpha=0.5, label='Predicted 

GD2N Train') 

axes[0].set_title('Random Forest Classification for Training Data') 

axes[0].legend() 

 

# Scatter plot for testing data predictions 

axes[1].scatter(X_test[GD2P_test_index, 1], X_test[GD2P_test_index, 2], c='b', alpha=0.5, label='Predicted GD2P 

Test') 

axes[1].scatter(X_test[GD2N_test_index, 1], X_test[GD2N_test_index, 2], c='r', alpha=0.5, label='Predicted GD2N 

Test') 

axes[1].set_title('Random Forest Classification for Testing Data') 
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axes[1].legend() 

 

# Save the figure 

plt.savefig(os.path.join(output_folder, "two_panel_rf_classification_plot.png")) 

plt.close() 

# Your evaluate_and_plot function calls 

evaluate_and_plot(clf_best, X_train, y_train, X_test, y_test, 'Random_Forest_Testing', output_folder) 

plt.close() 

plt.close() 

evaluate_and_plot(clf_best, X_train, y_train, X_train, y_train, 'Random_Forest_Training', output_folder) 

plt.close() 

plt.close() 

 

# Show performance metrics 

print(f'Random Forest performance') 

print(f'Best max depth is {md_best} corresponding metrics:') 

print(f'Acc: train: {accuracy_score(y_train, train_predict)}, test: {accuracy_score(y_test, test_predict)}') 

print(f'Recall: train: {recall_score(y_train, train_predict)}, test: {recall_score(y_test, test_predict)}') 

print(f'F1: train: {f1_score(y_train, train_predict)}, test: {f1_score(y_test, test_predict)}') 

print(f'Precision: train: {precision_score(y_train, train_predict)}, test: {precision_score(y_test, test_predict)}') 

 

with open(os.path.join(output_folder, 'Random_Forest_Training_metrics.txt'), 'a') as f: 

    f.write("Random Forest performance\n") 

    f.write(f"Best max depth is {md_best} corresponding metrics:\n") 

    f.write(f"Acc: train: {accuracy_score(y_train, train_predict):.4f}\n") 

    f.write(f"Recall: train: {recall_score(y_train, train_predict):.4f}\n") 

    f.write(f"F1: train: {f1_score(y_train, train_predict):.4f}\n") 

    f.write(f"Precision: train: {precision_score(y_train, train_predict):.4f}\n") 

    f.write("-" * 40 + "\n") 
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    f.write("Random Forest Error Metrics\n") 

    f.write("-" * 40 + "\n") 

    f.write(f"Training Error (last value): {rf_train_error[-1]:.4f}\n") 

 

with open(os.path.join(output_folder, 'Random_Forest_Testing_metrics.txt'), 'a') as f: 

    f.write("Random Forest performance\n") 

    f.write(f"Best max depth is {md_best} corresponding metrics:\n") 

    f.write(f"Acc: test: {accuracy_score(y_test, test_predict):.4f}\n") 

    f.write(f"Recall: test: {recall_score(y_test, test_predict):.4f}\n") 

    f.write(f"F1: train: test: {f1_score(y_test, test_predict):.4f}\n") 

    f.write(f"Precision: test: {precision_score(y_test, test_predict):.4f}\n") 

    f.write("-" * 40 + "\n") 

    f.write("Random Forest Error Metrics\n") 

    f.write("-" * 40 + "\n") 

    f.write(f"Testing Error (last value): {rf_test_error[-1]:.4f}\n") 
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DPC Reconstruction Code 

# -*- coding: utf-8 -*- 

""" 

Created on Tue Dec 22 17:15:11 2020 

 

@author: nas44244 

""" 

#%% 

from PIL import Image 

from dpc_algorithm import DPCSolver 

import os 

import numpy as np 

from matplotlib import pyplot as plt 

from time import perf_counter 

 

#%% load files 

 

imDir='.\\savedFrames\\DPC' 

outDir=imDir+os.path.sep+'phaseRecon' 

fList=os.listdir(imDir) 

 

fList=[fn for fn in fList if fn.endswith('.tif')] 

if not os.path.exists(outDir): os.mkdir(outDir) 

 

#%% run parameters 

 

# DPC parameters 

wavelength     =  0.530 #micron 
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mag            =   2.03*4 

na             =   0.13 #numerical aperture 

na_in          =    0.0 

pixel_size_cam =    6.5 #pixel size of camera 

dpc_num        =      4 #number of DPC images captured for each absorption and phase frame 

pixel_size     = pixel_size_cam/mag 

rotation       = np.array([270,90,180,0])+5 

 

#%% 

plt.close('all') 

createSolver = True 

t1=[] 

print('Processing {} images for DPC reconstruction...'.format(len(fList))) 

for i in range(0,1):#len(fList)): 

    im=Image.open(imDir+os.path.sep+fList[i]) 

    print(i,'.',fList[i],'\t',im.n_frames,end='\t:\t') 

    if im.n_frames !=4: 

        print('') 

        continue 

    dpc_images = [] 

    t0=[] 

    t0.append(perf_counter()) 

    for j in range(im.n_frames): 

        im.seek(j) 

        dpc_images.append(np.array(im.getdata()).reshape(im.size))     

    t0.append(perf_counter()) 

    if createSolver: 

        dpc_images=np.array(dpc_images) 
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        dpc_solver_obj = DPCSolver(dpc_images, wavelength, na, na_in, pixel_size, rotation, 

dpc_num=dpc_num,imgInit=False) 

        dpc_solver_obj.setTikhonovRegularization(reg_u = 1e-1, reg_p = 5e-3) 

        dpc_solver_obj.preSolvePhase() 

        createSolver = False 

    for j in range(len(dpc_images)): dpc_solver_obj.updateImg(dpc_images[j],j) 

    t0.append(perf_counter()) 

    phase=dpc_solver_obj.solvePhase() 

    t0.append(perf_counter()) 

    print('\t\t'.join(['{:.3f}'.format((t0[ti+1]-t0[ti])) for ti in range(len(t0)-1)])) 

#    plt.figure(fList[i]) 

#    plt.imshow(phase,cmap='gray') 

    imr=Image.fromarray(phase.astype('float32')) 

#    imr.save(outDir+os.path.sep+fList[i]) 

     

#    plt.title() 

#    for fi in range(4):         

#        t3=perf_counter() 

         

 

 

 

 




