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Abstract

:

Interactions between programmed death-1 (PD-1) with its ligand PD-L1 on tumor cells can antagonize T cell responses. Inhibiting these interactions using immune checkpoint inhibitors has shown promise in cancer immunotherapy. MDA-MB-231 is a triple negative breast cancer cell line that expresses PD-L1. In this study, we investigated the biochemical changes in MDA-MB-231 cells following treatment with atezolizumab, a specific PD-L1 blocker. Our readouts were Fourier Transform Infrared (FTIR) spectroscopy and flow cytometric analyses. Chemometrical analysis, such as principal component analysis (PCA), was applied to delineate the spectral differences. We were able to identify the chemical alterations in both protein and lipid structure of the treated cells. We found that there was a shift from random coil and α-helical structure to β-sheet conformation of PD-L1 on tumor cells due to atezolizumab treatment, which could hinder binding with its receptors on immune cells, ensuring sustained T cell activation for potent immune responses. This work provides novel information about the effects of atezolizumab at molecular and cellular levels. FTIR bio-spectroscopy, in combination with chemometric analyses, may expedite research and offer new approaches for cancer immunology.
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1. Introduction


Breast cancer is the most commonly diagnosed cancer in females worldwide, responsible for most cancer-related deaths among them [1]. The five-year survival rates from initial diagnosis for breast cancer patients have seen improvements in recent years, owing to better understanding of the development and progression of the disease. It is a heterogeneous disease, mainly categorized based on hormone receptor status; estrogen receptor (ER), progesterone receptor (PR) positive, human epidermal growth factor receptor 2 (HER2) positive, and triple negative breast cancer (TNBC) [2]. ER positive and HER2 positive breast tumors rely on estrogen and HER2 signaling pathways for survival and growth [3]. These pathways allowed therapeutic interventions via estrogen receptor antagonists such as tamoxifen, or drugs that impede the synthesis of estrogen such as aromatase inhibitors and HER2 inhibitors that include monoclonal antibodies and HER2 tyrosine kinase inhibitors [4]. TNBC is considered the most aggressive type of breast cancer which, although accounting for only 15–20% of all breast tumors, poses a significant increased risk of early metastasis within the first 3–5 years [5]. Moreover, systemic treatment choices are restricted due to the absence of expression of ER and HER2 [6].



Cancer immunotherapy has shown promising results in various human malignancies, with immune checkpoint (IC) inhibition at the forefront of successful immunotherapy regimes [7]. IC pathways attenuate T cell responses to prevent autoimmunity and maintain immune hemostasis. However, in the context of tumor immunity, interactions between ICs on T cells, and their ligands on antigen-presenting cells or tumor cells, provide significant barriers for tumor cell killing by cytotoxic T cells and assist tumor immune evasion mechanisms [7]. IC inhibitors target the interactions between immune cells and tumor cells. Inhibition of interactions between programmed death 1 (PD-1) with its ligand PD-L1 is one of the most prominent and effective IC inhibition strategies [7]. PD-1 has two known ligands, PD-L1 and PD-L2, which show different expression profiles on various tumors, with PD-L1 mainly being expressed on tumor cells [8]. MDA-MB-231 is a TNBC cell line that constitutively expresses PD-L1 [9]. Atezolizumab is a humanized immunoglobulin monoclonal antibody that selectively binds to PD-L1 to block PD-1/PD-L1 interactions, leading to sustained activation of tumor reactive T cells for potent anti-tumor responses [10]. Atezolizumab prolonged progression-free survival among TNBC patients as part of combination therapy with nab-paclitaxel [11], and recently received approval for the treatment of metastatic TNBC. Development of IC inhibitors involved series of preclinical and clinical trials to test the efficacy due to low response rates and immune-related adverse events in some cancer patients [7]. Therefore, better understanding of the interactions between IC inhibitors and their protein targets are warranted to develop robust predictive biomarkers for patient selection [7,12].



Fourier Transform Infrared (FTIR) spectroscopy is a potentially attractive diagnostic platform that can provide vital molecular and biochemical information [13]. Infrared (IR) spectrum originates from the vibrational motions of chemical bond atoms. When molecules absorb IR radiation, they produce bands at specific frequencies [14]. These bands yield detailed information about biochemical and chemical features at the cellular and/or sub-cellular levels [15]. Moreover, IR spectral bands are characteristic of proteins, lipids, cholesterols, phospholipids, carbohydrates, and nucleic acids [16]. One advantage of this technology is the exceptional sensitivity obtained at resolutions close to cellular levels; therefore, it can be utilized in the clinical field [17]. It is a simple, accurate, sensitive, highly-reproducible, and non-destructive technology for fast diagnosis in medicine and biological studies [18]. In contrast to standard histological staining methods, FTIR spectroscopy has the ability to simultaneously detect discrete changes in molecular structure and cell compositions. Direct biochemical analyses of all macromolecular components within cell samples can be obtained from a single data acquisition, without the addition of chemical stains or reagents and without disrupting the cells and tissue morphology [19].



FTIR spectroscopy has been used to screen and characterize a wide range of cells, tissues, and organs [20]. Importantly, it has been used to differentiate between normal, benign, and malignant tissues. Several studies have shown the application of multivariate statistical analysis in combination with FTIR spectroscopy to identify and differentiate between cancerous and noncancerous cells [21]. It has been applied to study different types of human and animal cancers such as breast [22], colon [23], prostate [24], brain [25], and cervical [26] cancer. Notably, FTIR analyses have been applied in breast tissue sections to investigate effects on extracellular matrix [27] and fibroblasts [28], to characterize different types of lymphocytes [29], and to distinguish most breast cancer cell lines grown in vitro after formalin-fixed paraffin-embedded (FFPE) tissue processing [30] or in spheroids [31]. FTIR has also been able to classify anticancer drug effects based on the drug-induced spectral perturbations observed on cancer cell lines [32]. Moreover, it has been used to analyze brain regions [33] and the pathological changes associated with stroke [34], traumatic brain injury (TBI) [35], and neurodegenerative diseases [36] such as Alzheimer’s disease (AD) [37], Parkinson’s disease (PD) [34], amyotrophic lateral sclerosis [38] and multiple sclerosis (MS) [39], cerebral malaria [40], epilepsy [41], and hemorrhagic stroke [42]. Furthermore, FTIR spectroscopy has also been applied to identify biomarkers in depressive disorder and monitoring the antidepressant effectiveness therapy [43]. In addition, FTIR spectroscopy has recently been applied for clinical Candida isolate identification and diagnosis [44]. Therefore, the multi-facet applications of FTIR analysis in various studies rationalize its utilization to investigate molecular changes in human cells in response to therapeutic modalities.



The aim of this study was to investigate the molecular and biochemical changes in MDA-MB-231 TNBC cells utilizing FTIR bio-spectroscopy after atezolizumab treatment. In addition, this study has shown the potential of FTIR to identify biomarkers through observed spectral differences, which could be potentially used to discriminate the atezolizumab-treated cells from the untreated cells. Immune checkpoint inhibitors have the potential to produce sustained tumor remission and induce potent anti-tumor immunity in breast cancer patients. Better understanding of the effects of IC inhibitors on tumor cells will assist favorable clinical outcomes.




2. Materials and Methods


2.1. Cell Culture


MDA-MB-231 breast cancer cell line (ATCC, USA) was maintained in RPMI-1640 medium supplemented with 10% fetal calf serum (FCS), 1% penicillin and streptomycin (Sigma Aldrich, St. Louis, MO, USA), and 1% Fungizone (HyClone, Logan City, UT, USA) at 37° C in 5% CO2. For IC inhibitor treatment, MDA-MB-231 cells were cultured on plates at a density of 2 × 106 cells per 1 mL in the presence or absence of anti-PD-L1 monoclonal antibody (Atezolizumab, BioVision, Milpitas, CA, USA) at a concentration of 0.5 µg/mL, and incubated for 24 h in a humidified incubator at 37 °C and 5% CO2.



Three independent experiments of untreated (control) and treated MDA-MB-231 breast cancer cells were set up and five samples from each experiment were used for subsequent FTIR measurements.




2.2. Flow Cytometric Analysis


After treatment with atezolizumab, cells from treated and non-treated wells were trypsinized, washed, and re-suspended in 100 µL staining buffer (phosphate-buffered saline (PBS) with 2% FCS and 0.1% sodium azide) for surface staining. To gate out dead cells, 7AAD viability staining solution (eBioscience, San Diego, CA, USA) was used. PD-L1-Allophycocyanin (APC) (clone MIH1, eBioscience, San Diego, CA, USA) was then added and cells kept in 4 °C for 30 min. Cells were then washed twice with staining buffer and re-suspended in 300 µl for analyses. Data were acquired on BD LSRFortessa flow cytometer using BD FACSDiva software (BD Biosciences, San Jose, CA, USA) and analyzed on FlowJo version 10 software (BD Biosciences, San Jose, CA, USA).




2.3. Quantitative Real Time PCR (RT-qPCR)


Following treatment with atezolizumab, cells were collected from treated and non-treated wells to isolate RNA using an RNA/DNA/Protein Purification Plus Kit (Norgen Biotek Corp, Ontario, Canada) as per the manufacturer’s instructions. RNA from each sample was then reverse transcribed into cDNA using a QuantiTect Reverse Transcription Kit (Qiagen, Hilden, Germany). PCR reactions were performed on QuantStudio 7 Flex qPCR (Applied Biosystems, Foster City, CA, USA) using Fast SYBR Green Master Mix (Applied Biosystems, Foster City, CA, USA). All data were normalized to β-actin. Non-specific amplifications were checked by the use of melting curve and agarose gel electrophoresis. The relative changes in target gene expression were analyzed by using the 2-ΔΔCT method. The primers were designed using Primer3 software. The sequences of primers used are as follows;




	
Human PD-L1 promoter forward, 5′-TGGCATTTGCTGAACGCATTT-3′.



	
Human PD-L1 promoter reverse, 5′-TGCAGCCAGGTCTAATTGTTTT-3′.









2.4. Sample Preparation for FTIR Analysis


Following treatment with atezolizumab, cultured MDA-MB-231 cells were detached using 0.25% trypsin and EDTA (1 mM) for 3–5 min (all from Sigma, St. Louis, MO, USA) and washed thrice with NaCl solution (0.9%) to completely remove trypsin and culture medium. Cells were then resuspended in 1000 uL of 4% paraformaldehyde (PFA 4%) solution (Sigma, St. Louis, MO, USA) and placed on shaker for 30 min at room temperature. Cells were then centrifuged at 250× g for 5 min and washed thrice with sterile water to remove PFA. Approximately 1 × 106 cells from treated and non-treated conditions were resuspended in 100 uL water and mounted on BaF2 disc (25 × 4 mm) (ThermoFisher Scientific, Waltham, MA, USA) and left to dry overnight. All cell lines were manipulated in exactly the same manner, allowing comparison of the spectroscopic features of the cell lines investigated.




2.5. FTIR Measurements


Fourier Transform Infrared (FTIR) spectroscopy spectra were recorded using a Nicolet iS50 FT-IR spectrophotometer in absorption mode within the range of 4000–1000 cm−1 with 64 scans per spectrum, 4 cm−1 spectral resolution. Background single beam spectra were measured on a substrate without biological cells by co-adding 128 scans. FTIR spectra were collected from three control and three treated independent cultures. For each culture, five samples were mounted on five different BaF2 discs and left to dry overnight. From each sample, 200 FTIR spectra were collected from different regions. Data processing, such as baseline correction and spectral average, were performed on the original FTIR spectra of each sample in order to perform the chemometric analysis.




2.6. FTIR Data Processing and Analysis


All data were generated using OMNIC™ Series Software, version 9 (ThermoFisher Scientific, Waltham, MA, USA). The spectra were processed using Origin software version 8. Spectra were acquired the cell layer sample away from the border between cell layer and a substrate to avoid resonance Mie scattering (commonly present in biological samples) [45]. FTIR spectra were vector normalized between 4000–1000 cm−1 and the baseline correction was performed on the full spectral range. Relative distribution of amide I protein components were determined from the second-derivative intensity spectrum. The relative amount of the different protein structures were quantified from the curve fitting of original IR spectra [46]. The contribution of different types of protein structures were calculated by curve fitting a linear mixed model of Gaussian bands [47]. Curve fitting was performed with MATLAB (version 2014a, MathWorks, Natick, MA, USA) over the spectral range 1700–1600 cm−1. For each cell culture, a mean and standard deviation was calculated and the average was generated. Mann–Whitney U test was performed on all data to test for significant differences. A p-value >0.05 was considered statistically non-significant. Previous studies have shown the detailed spectral band assignments of different biochemical content contributions [46]. Different biochemical make-ups were calculated from the area under the curve from specific bands (Supplementary Table S1).




2.7. Chemometric Analysis


Chemometric analyses, incorporating principal component analysis (PCA) and hierarchical cluster analysis (HCA), were performed to prove that the spectral differences measured between the control samples and samples treated with antibodies were significant. PCA allows for reduction of noise and capture of subtle differences within the spectral collection [48].



An IR spectrum composed of p = 6224 biologically meaningful wavenumbers within each spectrum in the spectral range of 4000 and 1000 cm−1 were initially used for PCA analysis. PCA generates q uncorrelated linear combinations of variables (referred as principal components [PC]) from the p  ×  p covariance matrix C. Given a dataset D comprising of n1 spectra from control experiments and n2 spectra from treatment experiment, where each spectra has p wavenumbers, the covariance matrix C is defined as: C = DTD. We then performed a full eigen decomposition of the covariance matrix C, i.e.,   C × e = ƛ × e  , where ƛi ∈ R and each ei ∈ Rp. Here, ƛi refers to eigenvalues which are used to estimate the amount of variance explained by their corresponding eigenvector ei. Each ei ∈ e represents an orthogonal and uncorrelated principal component of the covariance matrix C. Usually, the maximum amount of variance in the data is captured by first q eigenvectors.



The infrared spectra were converted from Nicolet system format to comma separated values (CSV) to create data sets that were suitable for PCA analysis. PCA was performed using the “prcomp” function in the “stats” package in R [49]. In our experiments, we selected the top q = 3 PCs, as they capture approximately 100% of the variance in the data. We next used these eigenvectors to generate the loading vectors, i.e., fi =      ƛ i    ×   ei, which effectively captures the wavenumbers corresponding to which their exists variations between the spectra of control and treatment experiments [50]. The primary results obtained from PCA are the score and the loading plots. The scores plots represent the spectra of these samples in a q-dimensional space of PCs. The loadings plot shows which wavenumbers are responsible in the data set for the maximum degree of separation inside this spectral collection.



The 3D scores plot of the PCs that explain the majority of the variance in the dataset enabled the spectra to be grouped according to the chemical information they contained [48]. Hierarchical cluster analysis was applied using the A2R package in R to compare the control and treated samples based on their PCA projections in the 3D score space [49]. HCA was used to group spectra that displayed the same degree of similarity by calculating the Euclidean distance between all the data sets using Ward’s algorithm. The result was visualized in a dendrogram and the grouping of the cells were presented as images consisting of color clusters according to the heterogeneity scale [49].





3. Results


3.1. Atezolizumab Effectively Blocks PD-L1 on Human Breast Cancer Cells


PD-L1 expression has been observed on various tumors to assist escape from immune surveillance. Targeting PD-L1 is considered a plausible therapeutic approach in breast cancer patients. MDA-MB-231 are TNBC cells, previously shown to fully-express PD-L1 [9]. We also found that MDA-MB-231 cells are 100% positive for PD-L1 expression (Figure 1A). Treatment with atezolizumab for 24 h showed complete blockade of PD-L1 expression in MDA-MB-231 cells (Figure 1A). Interestingly, our transcriptomic analyses showed that atezolizumab does not affect PD-L1 mRNA expression (Figure 1B). In addition, previous studies have reported that certain drugs can have time-dependent effects on the protein expression at the transcriptomic level. Therefore, to find out if atezolizumab has any time-dependent effect on PD-L1 gene expression, we performed PD-L1 blockade kinetics for 2, 4, 8, and 24 h intervals and studied transcriptomic expression. We found that PD-L1 expression is increased initially following treatment with atezolizumab, but then returns to normal baseline levels (Figure 1B).




3.2. FTIR Spectroscopic Results


FTIR band assignments in this study were based on the specific spectral bands as defined in the Section 2 (Supplementary Table S1) [46,51,52]. We observed that spectral bands corresponding to lipid, protein, ester, nucleic acids, and carbohydrates dominate the FTIR spectra of the cellular structures (Figure 2). All samples were prepared, treated, and processed in the same manner.



We exploited for the first time, to our knowledge, the approach of IR-spectroscopy to study the secondary structure of the MDA-MB-231 cell proteins after treatment with anti-PD-L1 monoclonal antibody. We investigated IR absorption in the range of 1200–1800 cm−1, which is characteristic of amide band I, II, and III of proteins. The spectral differences showed that in the treated cells, there is little random-coil and α-helical content and predominantly β-sheet (Figure 2B), leading to a more stable and ordered protein relative to the untreated MDA-MB-231control.



Although amide I, II, and III spectral bands were used to study protein secondary structure, the main emphasis was on the amide I band. Amide I band mainly arises from backbone C=O stretching vibrations in the spectral range of 1700–1600 cm−1 [33,46]. The amide II band arises from backbone N-H bending and C-N stretching vibrations at 1580–1510 cm−1. The amide III band arises from C-N stretching, N-H bending, C-C stretching, and C=O bending at 1350–1200 cm−1. These two (amide II and amide III) bands have multiple assignment contributions, which makes the amide I band the most important and frequent band used to explain the secondary structure of polypeptides. The amide I band of treated cells’ spectra was found to vary in position, line shape, and intensity, which indicate biochemical changes in the cellular protein secondary structure. These spectroscopic changes were highly reproducible and were attributed to alterations in chemical compositions of the protein. Amide I band is composed of many contributions assigned to β-sheet within 1635–1610 cm−1; random coil at 1645–1630 cm−1; α-helical at 1660–1650 cm−1; antiparallel β-sheet and β-turn within 1695–1665 cm−1 (Supplementary Table S1) [46,51,52]. Positions of amide I components were determined from the second-derivative intensity spectra, while the relative amount of the protein structures were quantified from the original absorbance spectra (Figure 2A,B) [33,46]. The second-derivative spectra revealed that amide I band of untreated (control) cells was shifted from ≈1655 cm−1 (α-helical structure) to ≈1635 cm−1 (β-sheet conformation) in the treated cells.



IR spectra were collected from various regions of the untreated and treated samples in order to quantify IR absorption of protein components. The IR spectra of the control cells was dominated by amide I absorption in the range of 1600–1700 cm−1, with moderate absorption of amide II band at 1590–1560 cm−1. The spectra collected from various regions of the samples showed high similarity on position, amplitudes, and line shape. The IR spectra of the untreated cells showed that amide I band is the main contributor in the absorption and centered at ≈1655 cm−1, which arises from α-helical conformations (Figure 2A). Baseline correction and curve deconvolution of the average spectra provide an approximate and estimated protein content. The analysis showed that the amide I band of the untreated control cells was composed of α-helix at 1655 cm−1, β-sheet at ~1635 cm−1, and random coil at ~1630–1640 cm−1. The results showed that amide I components are overlapping and band ratio of α-helical/amide I composition was strong (0.58 ± 0.0825), β-sheet/amide I was moderate (0.34 ± 0.0456) and random coil/amide I moderate (0.12 ± 0.0084) (p < 0.05). The lipid ester band C=O at 1745 cm−1/amide I was moderate. The results also showed that the band ratio β-sheet/α-helical was moderate (0.59 ± 0.0531). The results indicate that the untreated control cells retain their native functional α-helical structure.



IR spectra have also been collected for the cells treated with the atezolizumab. The IR spectra are characterized by maxima at ≈1635 cm−1, which is characteristic for β-sheet conformations (Figure 2B). The curve deconvolution of the average IR spectrum of treated cells was composed of α-helical/amide I moderate (0.45 ± 0.0585), the β-sheet/amide I strong (0.52 ± 0.0728), random coil/amide I weak (0.08 ± 0.0024) (p = 0.0457). The lipid ester band C=O at 1745 cm/amide I was small. The results also reveal that β-sheet/α-helical was very strong (1.156 ± 0.104). Treated cells averaged spectrum in comparison to the untreated cells showed that there was a decrease in the α-helical and random coil contents, which was replaced by the β-sheet structure ≈1635 cm−1. These results reveal that untreated cells’ protein spectral band is dominated by α-helix structure, while the treated cells’ spectra were dominated by β-sheet conformation. This result indicates that the treated cells experience significant change in their protein biochemical make-up after atezolizumab treatment. The results reveal that there are no major changes in amide II and amide III due to treatment. In both cases, the results show that amide II/amide I was given by (0.567 ± 0.0396) and (0.563 ± 0.0401) for the control and treated, respectively, and amide III/amide I was given by (0.30 ± 0.015) and (0.38 ± 0.032) (p < 0.01) for control and treated, respectively.



The IR spectra of the untreated and treated samples show characteristic lipid bands at 2955 and 2922 cm−1 that assign for the lipid acyl (CH2) and lipid methyl (CH3) contents, respectively. The results show that the CH3/CH2 ratio in the untreated cells was much lower in comparison to the treated cells. This ratio reduction was also associated by decrease in the phospholipid band (C=O) at 1740 cm−1 in the treated cells. The IR spectra revealed that there is an increase in the olefinic = CH (unsaturated lipid) content at 3000–3027 cm−1 in the treated cells.




3.3. Chemometric Data Analysis


As a further analysis of the FT-IR data, principal component analysis (PCA) was performed on the baselined collected spectra in the range of 4000–1000 cm−1. Figure 3A,B shows that the first PC captures more than 98.26% of the total variance in the data while the second and third PCs capture 1.65% and 0.01% of the total variance in the data, respectively. The PCA score and loading plots are able to extract unique fingerprint information about each cell type [33,46]. The loading corresponding to PC1 is negatively correlated with all the wavenumbers as observed in Figure 3C and can capture large variations (far from x-axis) between wavenumbers 4000–1700 cm−1 and 1500–1000 cm−1. PC1 helps to clearly distinguish the spectral samples belonging to the control experiment (negative values in PC1 dimension) from the spectra for the treatment experiments (positive values in PC1 dimension) as depicted in Figure 3B. The loading vector corresponding to PC2 can capture larger variations between wavenumbers 1750 cm−1 and 1500 cm−1, the region where PC1 can capture relatively less variance. Similarly, PC3 loading vector can capture small variations in the spectra between the wavenumbers 2000 cm−1 and 1750 cm−1.



Figure 3D shows that PC1 can explain the majority of the regions of the spectra considered during chemometric analysis. In particular, PC1 has high R2 and hence can explain well the regions between the wavenumbers 4000–1750 cm−1 and 1500–1000 cm−1. PC2 has a contribution in R2 in the wavenumbers between 1750 and 1500 cm−1. The sum of all the R2 value at each wavenumber should be equal to 1. Based on this principle, PC3 can explain very small variations in the regions between the wavenumbers 2000–1750 cm−1 as depicted by its contribution in the cumulative variance (Figure 3A). All other principal components would be associated with the noise in the spectral collection, as these 3 PCs together explain approximately 100% of the variance in the data (see Figure 3A,B).



The advantages of PCA are to allow the cells to be clearly distinguished into groups, allow for reduction of noise, and capture subtle differences within the spectra. Moreover, the PCA result makes it feasible to perform hierarchical clustering, thereby, combining untreated and treated cells using a dendrogram. A hierarchical dendrogram (HCA) was generated on all the spectral samples belonging to the untreated and the treated samples. For each cluster, we generated the representative low-dimensional embedding for that cluster by taking a mean over all the points in Figure 3B that belong to either the untreated or the treated samples, respectively. We then generated a dendrogram using the “A2Rplot” [53] function from the A2R package [53] in R. The resulting dendrogram is showcased in Figure 3E.



In order to deeply investigate the conformation changes of the cellular protein, PCA analysis was performed only in the protein region of the spectra, i.e., we considered p = 623 wavenumbers in the spectral range of 1750–1480 cm−1 to see whether the spectrum belonging to untreated samples can be distinguished from those belonging to treated samples by focusing just in the protein region. We again used q = 3 principal components (PCs) as they capture approximately 99.9% of the variance in this spectral region (Figure 4A,B). The loading plots shows which wavenumbers are responsible in the data set for the maximum degree of separation inside this spectral region (Figure 4C).



Figure 4A, B shows that the first PC captures more than 90.09% of the total variance in the data, while the second and third PCs capture 9.80% and 0.01% of the total variance in the data, respectively. The loading corresponding to PC1 is again negatively correlated with all the wavenumbers as observed in Figure 4C, and can capture large variations between wavenumbers 1750–1650 cm−1 and 1600–1480 cm−1. PC1 again helps to clearly distinguish the spectral samples belonging to the untreated samples (negative values in PC1 dimension) from the spectra for the treated samples (positive values in PC1 dimension) as depicted in Figure 4B. The loading vector corresponding to PC2 can capture large variations between wavenumbers 1650 cm−1 and 1600 cm−1 in comparison to PC1.



From Figure 4D, we can observe that PC1 can explain majority of the regions of the spectra considered during chemometric analysis. In particular, PC1 has high R2 and hence can explain well the regions between the wavenumbers 1750–1600 cm−1 and 1600–1480 cm−1. PC2 has a contribution in R2 in the wavenumbers between 1650–1600 cm−1. All other principal components would be associated with the noise in the spectral collection, as these 3 PCs together explain approximately 99.9% of the variance in the data (Figure 4A,B).



We again performed a hierarchical clustering of all the spectral samples belonging to the untreated and treated samples, as illustrated in Figure 5A. For each cluster, we generated the representative low-dimensional embedding for that cluster by taking a mean over all the points in Figure 4B that belong to either the untreated or the treated samples, respectively. We can observe from Figure 5A that all samples belonging to control experiment cluster together and are discriminated from those belonging to treated samples.



We finally made a PCA biplot, which helps to provide information about which spectra regions are more correlated to which sample type and hence can better explain the differences between the untreated and treated samples. From Figure 5B, we can observe that majority of the spectra in the region 1650–1600 cm−1 are associated with the treated samples, suggesting that treatment with atezolizumab leads to formation of β-sheets in the proteins belonging to these samples. Similarly, the majority of the spectra in the region 1575–1550 cm−1 are primarily associated with the untreated samples.





4. Discussion


PD-L1 is frequently expressed in solid malignancies and the PD-1/PD-L1 pathway is exploited by various tumors to escape immune-surveillance. The constitutive expression of PD-L1 in tumors rationalizes the potential of targeting PD-L1. In this study, we investigated the effects of a PD-L1 inhibitor atezolizumab on its expression on breast cancer cells.



Studies have shown that tumors expressing IC ligands respond better to IC inhibitors, as PD-L1+ tumors were more responsive to PD-1/PD-L1 blockers compared to PD-L1− tumors [54]. PD-L1 exerts immunosuppression by inhibiting CD8+ T cell cytotoxicity and enhancing immune evasion of tumor cells [55]. The responsiveness to anti-PD-1 therapy in tumors expressing PD-L1 is between 36 to 100%, whereas the responsiveness in PD-L1 negative tumors is up to 17% [56].



PD-L1 expression is suggested as a therapeutic target in TNBC [57]. It has been previously reported that targeting upstream signals via dual inhibition of STAT1 and STAT3 completely downregulates PD-L1 expression in breast cancer cells [9]. However, the exact mechanism of its expression regulation or mechanisms of blockade by therapeutic agents is not fully explored. We found that atezolizumab effectively blocked PD-L1 expression on MDA-MB-231 cells, as confirmed by our flow cytometric analyses. However, our transcriptomic investigations revealed that atezolizumab does not affect PD-L1 expression on mRNA level. Therefore, our results suggest that atezolizumab blocks signaling via PD-1/PD-L1 axis via some other mechanisms, not limited to only ‘masking’ the ligand. Thus, we investigated conformational changes in PD-L1 protein structure following treatment with atezolizumab.



FTIR bio-spectroscopy, combined with chemometric analysis techniques, were applied to delineate the biochemical alterations in the MDA-MB-231 cells after treatment with atezolizumab. A combination of FTIR and PCA analysis yielded novel results and revealed the biochemical changes that drive PD-L1 expression inhibition on breast cancer cells. Atezolizumab initiated biochemical alterations in lipid and protein contents of the treated samples. It caused protein conformation changes, as well as alterations in the lipid and phospholipid structures.



FTIR spectra of lipids were analyzed in the untreated and treated samples. We found significant alteration in the lipid acyl (CH2), methyl group (CH3), lipid ester (C=O), and olefinic = CH of the treated samples. An increase in the methyl group (CH3)/lipid acyl (CH2) ratio associated with reduction in the phospholipid content (C=O) might indicate to degradation of lipids into short chain fragments by oxidative stress. Oxidative stress and the resulting lipid peroxidation are responsible for the alteration of sub-cellular macromolecules [58,59]. Lipid peroxidation is associated with increased methyl (CH3) concentration and the formation of degradation products such as alkanes, carbonyl compounds, lipid aldehydes, and alkyl radicals [58,59,60,61]. Our results also show an increase in the olefinic = CH content in the treated cells, suggesting that cells might experience oxidative stress post-atezolizumab treatment.



Protein exposure to oxidative stress results in protein crosslinking, aggregation, fragmentation, and denaturation, resulting in loss of function. The levels of the aggregated protein were investigated from the amide I band at 1700–1600 cm−1 curve fitting. Interestingly, we observed that there is an increase in the band absorption of β-sheets at ≈1625–1635 cm−1 and associated with a decrease of α-helical absorption band at ≈1650–1660 cm−1, indicating protein aggregation and/or protein malfunction. This protein conformational change was not detected on the untreated cells, indicating that atezolizumab induces protein alterations and inhibits the protein expression. These results could not be obtained by other conventional biochemical assay techniques that could be used to determine the oxidative stress, which would be exceptionally difficult and inaccurate. Therefore, only the FTIR bio-spectroscopic approach that was used in this investigation is capable of revealing this level of biochemical details.



The chemometric analyses, PCA in the full spectral range of 4000–1000 cm−1, the protein region 1750–1480 cm−1, and the hierarchy dendrogram from HCA delineated a clear separation between the untreated and the treated samples. This clear separation reveals that the treated samples experience significant molecular changes in their biochemical makeup. One of these major bio-molecular alterations was found by curve fitting and PCA of the protein bands of the treated samples IR spectra. It revealed an increase in the β-sheet content and an associated with a decrease in α-helical secondary structure; again, the interpretation being that protein aggregation, a marker for sub-cellular alteration, occurred. The data also indicate that the treatment of breast cancer cells with atezolizumab can cause a much more global biochemical effect and is not only restricted to the effect of the sub-cellular protein.



Previously, FTIR spectroscopy has been shown to have a high potential to identify breast tumor tissue types [62]. Ali et al. managed to use two-dimensional (2D) correlation analysis in order to identify various cell types such as carcinoma cells, erythrocytes, lymphocytes, and the extracellular matrix (ECM) based on selected few wavenumbers. A simple model could be built using few wavenumbers to identify and discriminate between cells present in breast cancer tissue sections and the spectra of each type can be separated and clustered successfully [22]. We have also previously utilized FTIR spectroscopy as a bio-diagnostics tool for investigation of rat brain after ischemic stroke [46], characterization of different brain regions [33], and improving tissue classification [42]. We have also demonstrated the use of FTIR bio-spectroscopy, combined with another elemental analysis approach, to examine breast tissues in order to provide a single set of markers based on both organic molecules and inorganic trace elements [63]. Herein, for the first time, this study has explored the biochemical and molecular changes in breast cancer cells after atezolizumab treatment.




5. Conclusions


Our findings suggest that treating breast cancer cells with anti-PD-L1 monoclonal antibody (atezolizumab) might cause oxidative stress that can cause bio-molecular and sub-cellular alterations, which could be the major factor that affects the integrity, structure, and functionality of the of the treated cells. FTIR spectroscopy revealed that the biochemical and molecular alterations in the treated cells associated with this stress include: (a) A shift from random coil and α-helical structures to β-sheet conformation; (b) lipid peroxidation associated with oxidative stress; and (c) change in the phospholipid content. However, the alteration in the protein structure of the treated cells with atezolizumab could be used as a biomarker, as the treated cells also experienced much more global biochemical effect, which is not only restricted to the sub-cellular protein. This global effect might damage the cell receptors/ligands, as well as the cell membrane. These cascade effects lead to treated cells not able to bind to any other cells such as immune cells, blocking the PD-1/PD-L1 axis, which lead to sustained activation of immune cells with potent anti-tumor functionality.



Moreover, from the above conclusions, it is clear that our results show that FTIR bio-spectroscopy is a non-destructive, rapid, and refined technique to identify biochemical and sub-cellular changes in treated breast cancer cells. It can provide information about lipid degradation and protein structural changes. Usually, detection of these changes requires biochemical methods that include sample homogenization and/or treatment for immunoblotting or Immunohistochemistry (IHC), destroying the spatial–temporal integrity of the samples, which are not sensitive enough to detect these biochemical, molecular, and sub-cellular alterations. Therefore, we conclude that FTIR can complement and expedite research into cancer immunology.








Supplementary Materials


The following are available online at https://www.mdpi.com/2076-393X/7/3/109/s1. Supplementary Table S1 lists the spectral assignments and protein components with their assigned wavelength in the IR region.





Author Contributions


Conceptualization, E.E.; data curation, S.M.T. and F.R.; formal analysis, F.R., R.M., and E.U.; methodology, S.M.T. and K.M.; project administration, K.A.-S., P.R.K., and E.E.; software, M.H.M.A. and S.M.T.; supervision, K.A.-S., P.R.K., and E.E.; visualization, R.M. and E.U.; writing—original draft, M.H.M.A. and S.M.T.; writing—review and editing, E.E., M.H.M.A., S.M.T., F.R., R.M., E.U., K.M., K.A.-S., and P.R.K.




Funding


This research received no external funding.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Bray, F.; Ferlay, J.; Soerjomataram, I.; Siegel, R.L.; Torre, L.A.; Jemal, A. Global cancer statistics 2018: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J. Clin. 2018, 68, 394–424. [Google Scholar] [CrossRef] [PubMed]

	



Parise, C.A.; Caggiano, V. Breast Cancer Survival Defined by the ER/PR/HER2 Subtypes and a Surrogate Classification according to Tumor Grade and Immunohistochemical Biomarkers. J. Cancer Epidemiol. 2014, 2014, 469251. [Google Scholar] [CrossRef] [PubMed]

	



Mehta, A.; Tripathy, D. Co-targeting estrogen receptor and HER2 pathways in breast cancer. Breast 2014, 23, 2–9. [Google Scholar] [CrossRef] [PubMed]

	



Early Breast Cancer Trialists’ Collaborative Group. Aromatase inhibitors versus tamoxifen in early breast cancer: Patient-level meta-analysis of the randomised trials. Lancet 2015, 386, 1341–1352. [Google Scholar] [CrossRef]

	



Onitilo, A.A.; Engel, J.M.; Greenlee, R.T.; Mukesh, B.N. Breast cancer subtypes based on ER/PR and Her2 expression: Comparison of clinicopathologic features and survival. Clin. Med. Res. 2009, 7, 4–13. [Google Scholar] [CrossRef] [PubMed]

	



Pal, S.K.; Childs, B.H.; Pegram, M. Triple negative breast cancer: Unmet medical needs. Breast Cancer Res. Treat. 2011, 125, 627–636. [Google Scholar] [CrossRef]

	



Darvin, P.; Toor, S.M.; Sasidharan Nair, V.; Elkord, E. Immune checkpoint inhibitors: Recent progress and potential biomarkers. Exp.Mol. Med. 2018, 50, 165. [Google Scholar] [CrossRef]

	



Alsaab, H.O.; Sau, S.; Alzhrani, R.; Tatiparti, K.; Bhise, K.; Kashaw, S.K.; Iyer, A.K. PD-1 and PD-L1 Checkpoint Signaling Inhibition for Cancer Immunotherapy: Mechanism, Combinations, and Clinical Outcome. Front. Pharmacol. 2017, 8, 561. [Google Scholar] [CrossRef]

	



Sasidharan Nair, V.; Toor, S.M.; Ali, B.R.; Elkord, E. Dual inhibition of STAT1 and STAT3 activation downregulates expression of PD-L1 in human breast cancer cells. Expert Opin. Ther. Targets 2018, 22, 547–557. [Google Scholar] [CrossRef]

	



Rosenberg, J.E.; Hoffman-Censits, J.; Powles, T.; van der Heijden, M.S.; Balar, A.V.; Necchi, A.; Dawson, N.; O’Donnell, P.H.; Balmanoukian, A.; Loriot, Y.; et al. Atezolizumab in patients with locally advanced and metastatic urothelial carcinoma who have progressed following treatment with platinum-based chemotherapy: A single-arm, multicentre, phase 2 trial. Lancet 2016, 387, 1909–1920. [Google Scholar] [CrossRef]

	



Schmid, P.; Adams, S.; Rugo, H.S.; Schneeweiss, A.; Barrios, C.H.; Iwata, H.; Dieras, V.; Hegg, R.; Im, S.A.; Shaw Wright, G.; et al. Atezolizumab and Nab-Paclitaxel in Advanced Triple-Negative Breast Cancer. N. Engl. J. Med. 2018, 379, 2108–2121. [Google Scholar] [CrossRef] [PubMed]

	



Havel, J.J.; Chowell, D.; Chan, T.A. The evolving landscape of biomarkers for checkpoint inhibitor immunotherapy. Ther. Rev. Cancer 2019, 19, 133–150. [Google Scholar] [CrossRef] [PubMed]

	



Kazarian, S.G.; Chan, K.L. Applications of ATR-FTIR spectroscopic imaging to biomedical samples. Biochim. Biophys. Acta 2006, 1758, 858–867. [Google Scholar] [CrossRef] [PubMed]

	



Coates, J. Interpretation of Infrared Spectra, A Practical Approach. In Encyclopedia of Analytical Chemistry; John Wiley & Sons: Hoboken, NJ, USA, 2000; pp. 10815–10837. [Google Scholar]

	



Lasch, P.; Boese, M.; Pacifico, A.; Diem, M. FT-IR spectroscopic investigations of single cells on the subcellular level. Vib. Spectrosc. 2002, 28, 147–157. [Google Scholar] [CrossRef]

	



Caine, S.; Hackett, M.J.; Hou, H.; Kumar, S.; Maley, J.; Ivanishvili, Z.; Suen, B.; Szmigielski, A.; Jiang, Z.; Sylvain, N.J.; et al. A novel multi-modal platform to image molecular and elemental alterations in ischemic stroke. Neurobiol. Dis. 2016, 91, 132–142. [Google Scholar] [CrossRef] [PubMed]

	



Caine, S.; Heraud, P.; Tobin, M.J.; McNaughton, D.; Bernard, C.C. The application of Fourier transform infrared microspectroscopy for the study of diseased central nervous system tissue. Neuroimage 2012, 59, 3624–3640. [Google Scholar] [CrossRef] [PubMed]

	



Carter, E.A.; Marshall, C.P.; Ali, M.H.M.; Ganendren, R.; Sorrell, T.C.; Wright, L.; Lee, Y.C.; Chen, C.I.; Lay, P.A. Infrared Spectroscopy of Microorganisms: Characterization, Identification, and Differentiation. In New Approaches in Biomedical Spectroscopy; American Chemical Society: Washington, DC, USA, 2007; Volume 963, pp. 64–84. [Google Scholar]

	



Miller, L.M.; Bourassa, M.W.; Smith, R.J. FTIR spectroscopic imaging of protein aggregation in living cells. Biochim. Biophys. Acta 2013, 1828, 2339–2346. [Google Scholar] [CrossRef] [PubMed]

	



Baker, M.J.; Trevisan, J.; Bassan, P.; Bhargava, R.; Butler, H.J.; Dorling, K.M.; Fielden, P.R.; Fogarty, S.W.; Fullwood, N.J.; Heys, K.A.; et al. Using Fourier transform IR spectroscopy to analyze biological materials. Nat. Protoc. 2014, 9, 1771–1791. [Google Scholar] [CrossRef] [PubMed]

	



Ooi, G.J.; Fox, J.; Siu, K.; Lewis, R.; Bambery, K.R.; McNaughton, D.; Wood, B.R. Fourier transform infrared imaging and small angle x-ray scattering as a combined biomolecular approach to diagnosis of breast cancer. Med. Phys. 2008, 35, 2151–2161. [Google Scholar] [CrossRef]

	



Ali, M.H.; Rakib, F.; Al-Saad, K.; Al-Saady, R.; Lyng, F.M.; Goormaghtigh, E. A simple model for cell type recognition using 2D-correlation analysis of FTIR images from breast cancer tissue. J. Mol. Struct. 2018, 1163, 472–479. [Google Scholar] [CrossRef]

	



Kaznowska, E.; Depciuch, J.; Szmuc, K.; Cebulski, J. Use of FTIR spectroscopy and PCA-LDC analysis to identify cancerous lesions within the human colon. J. Pharm. Biomed. Anal. 2017, 134, 259–268. [Google Scholar] [CrossRef] [PubMed]

	



Baker, M.J.; Gazi, E.; Brown, M.D.; Shanks, J.H.; Gardner, P.; Clarke, N.W. FTIR-based spectroscopic analysis in the identification of clinically aggressive prostate cancer. Br. J. Cancer 2008, 99, 1859–1866. [Google Scholar] [CrossRef] [PubMed]

	



Amharref, N.; Beljebbar, A.; Dukic, S.; Venteo, L.; Schneider, L.; Pluot, M.; Vistelle, R.; Manfait, M. Brain tissue characterisation by infrared imaging in a rat glioma model. Biochim. Biophys. Acta 2006, 1758, 892–899. [Google Scholar] [CrossRef] [PubMed]

	



Walsh, M.J.; German, M.J.; Singh, M.; Pollock, H.M.; Hammiche, A.; Kyrgiou, M.; Stringfellow, H.F.; Paraskevaidis, E.; Martin-Hirsch, P.L.; Martin, F.L. IR microspectroscopy: Potential applications in cervical cancer screening. Cancer Lett. 2007, 246, 1–11. [Google Scholar] [CrossRef] [PubMed]

	



Kumar, S.; Desmedt, C.; Larsimont, D.; Sotiriou, C.; Goormaghtigh, E. Change in the microenvironment of breast cancer studied by FTIR imaging. Analyst 2013, 138, 4058–4065. [Google Scholar] [CrossRef]

	



Kumar, S.; Shabi, T.S.; Goormaghtigh, E. A FTIR imaging characterization of fibroblasts stimulated by various breast cancer cell lines. PLoS ONE 2014, 9, e111137. [Google Scholar] [CrossRef] [PubMed]

	



Wald, N.; Legat, A.; Meyer, C.; Speiser, D.E.; Goormaghtigh, E. An infrared spectral signature of human lymphocyte subpopulations from peripheral blood. Analyst 2015, 140, 2257–2265. [Google Scholar] [CrossRef]

	



Verdonck, M.; Wald, N.; Janssis, J.; Yan, P.; Meyer, C.; Legat, A.; Speiser, D.E.; Desmedt, C.; Larsimont, D.; Sotiriou, C.; et al. Breast cancer and melanoma cell line identification by FTIR imaging after formalin-fixation and paraffin-embedding. Analyst 2013, 138, 4083–4091. [Google Scholar] [CrossRef]

	



Smolina, M.; Goormaghtigh, E. Gene expression data and FTIR spectra provide a similar phenotypic description of breast cancer cell lines in 2D and 3D cultures. Analyst 2018, 143, 2520–2530. [Google Scholar] [CrossRef]

	



Mignolet, A.; Derenne, A.; Smolina, M.; Wood, B.R.; Goormaghtigh, E. FTIR spectral signature of anticancer drugs. Can drug mode of action be identified? Biochim. Biophys. Acta 2016, 1864, 85–101. [Google Scholar] [CrossRef]

	



Ali, M.H.M.; Rakib, F.; Nischwitz, V.; Ullah, E.; Mall, R.; Shraim, A.; Ahmad, M.; Ghouri, Z.; McNaughton, D.; Küppers, S.; et al. Application of FTIR and LA-ICPMS Spectroscopies as a Possible Approach for Biochemical Analyses of Different Rat Brain Regions. Appl. Sci. 2018, 8, 2436. [Google Scholar] [CrossRef]

	



Araki, K.; Yagi, N.; Ikemoto, Y.; Yagi, H.; Choong, C.J.; Hayakawa, H.; Beck, G.; Sumi, H.; Fujimura, H.; Moriwaki, T.; et al. Synchrotron FTIR micro-spectroscopy for structural analysis of Lewy bodies in the brain of Parkinson’s disease patients. Sci. Rep. 2015, 5, 17625. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, J.; Huang, P.; Wang, Z.; Dong, H. Application of FTIR spectroscopy for traumatic axonal injury: A possible tool for estimating injury interval. Biosci. Rep. 2017, 37, BSR20170720. [Google Scholar] [CrossRef] [PubMed]

	



Turker, S. Application of infrared spectroscopy in the study of neurological diseases. Biomed. Spectrosc. Imaging 2012, 1, 303–323. [Google Scholar]

	



Mordechai, S.; Shufan, E.; Porat Katz, B.S.; Salman, A. Early diagnosis of Alzheimer’s disease using infrared spectroscopy of isolated blood samples followed by multivariate analyses. Analyst 2017, 142, 1276–1284. [Google Scholar] [CrossRef] [PubMed]

	



Kastyak, M.Z.; Szczerbowska-Boruchowska, M.; Adamek, D.; Tomik, B.; Lankosz, M.; Gough, K.M. Pigmented creatine deposits in Amyotrophic Lateral Sclerosis central nervous system tissues identified by synchrotron Fourier Transform Infrared microspectroscopy and X-ray fluorescence spectromicroscopy. Neuroscience 2010, 166, 1119–1128. [Google Scholar] [CrossRef] [PubMed]

	



Heraud, P.; Caine, S.; Campanale, N.; Karnezis, T.; McNaughton, D.; Wood, B.R.; Tobin, M.J.; Bernard, C.C. Early detection of the chemical changes occurring during the induction and prevention of autoimmune-mediated demyelination detected by FT-IR imaging. Neuroimage 2010, 49, 1180–1189. [Google Scholar] [CrossRef] [PubMed]

	



Hackett, M.J.; DeSouza, M.; Caine, S.; Bewer, B.; Nichol, H.; Paterson, P.G.; Colbourne, F. A new method to image heme-Fe, total Fe, and aggregated protein levels after intracerebral hemorrhage. ACS Chem. Neurosci. 2015, 6, 761–770. [Google Scholar] [CrossRef] [PubMed]

	



Turker, S.; Severcan, M.; Ilbay, G.; Severcan, F. Epileptic seizures induce structural and functional alterations on brain tissue membranes. Biochim. Biophys. Acta 2014, 1838, 3088–3096. [Google Scholar] [CrossRef] [PubMed]

	



Balbekova, A.; Lohninger, H.; van Tilborg, G.A.F.; Dijkhuizen, R.M.; Bonta, M.; Limbeck, A.; Lendl, B.; Al-Saad, K.A.; Ali, M.; Celikic, M.; et al. Fourier Transform Infrared (FT-IR) and Laser Ablation Inductively Coupled Plasma-Mass Spectrometry (LA-ICP-MS) Imaging of Cerebral Ischemia: Combined Analysis of Rat Brain Thin Cuts Toward Improved Tissue Classification. Appl. Spectrosc. 2018, 72, 241–250. [Google Scholar] [CrossRef] [PubMed]

	



Depciuch, J.; Sowa-Kucma, M.; Nowak, G.; Szewczyk, B.; Doboszewska, U.; Parlinska-Wojtan, M. The role of zinc deficiency-induced changes in the phospholipid-protein balance of blood serum in animal depression model by Raman, FTIR and UV-vis spectroscopy. Biomed. Pharmacother. 2017, 89, 549–558. [Google Scholar] [CrossRef]

	



Potocki, L.; Depciuch, J.; Kuna, E.; Worek, M.; Lewinska, A.; Wnuk, M. FTIR and Raman Spectroscopy-Based Biochemical Profiling Reflects Genomic Diversity of Clinical Candida Isolates That May Be Useful for Diagnosis and Targeted Therapy of Candidiasis. Int. J. Mol. Sci. 2019, 20, 988. [Google Scholar] [CrossRef] [PubMed]

	



Bassan, P.; Kohler, A.; Martens, H.; Lee, J.; Byrne, H.J.; Dumas, P.; Gazi, E.; Brown, M.; Clarke, N.; Gardner, P. Resonant Mie scattering (RMieS) correction of infrared spectra from highly scattering biological samples. Analyst 2010, 135, 268–277. [Google Scholar] [CrossRef] [PubMed]

	



Ali, M.H.M.; Rakib, F.; Abdelalim, E.M.; Limbeck, A.; Mall, R.; Ullah, E.; Mesaeli, N.; McNaughton, D.; Ahmed, T.; Al-Saad, K. Fourier-Transform Infrared Imaging Spectroscopy and Laser Ablation -ICPMS New Vistas for Biochemical Analyses of Ischemic Stroke in Rat Brain. Front. Neurosci. 2018, 12, 647. [Google Scholar] [CrossRef] [PubMed]

	



Byler, D.M.; Susi, H. Examination of the secondary structure of proteins by deconvolved FTIR spectra. Biopolymers 1986, 25, 469–487. [Google Scholar] [CrossRef] [PubMed]

	



Pribic, R. Principal component analysis of Fourier transform infrared and/or circular dichroism spectra of proteins applied in a calibration of protein secondary structure. Anal. Biochem. 1994, 223, 26–34. [Google Scholar] [CrossRef] [PubMed]

	



Becker, R.A.; Chambers, J.M.; Wilks, A.R. The New S Language; Wadsworth & Brooks/Cole: Monterey, KY, USA, 1988. [Google Scholar]

	



Hotelling, H. Analysis of a complex of statistical variables into principal components. J. Educ. Psychol. 1933, 24, 417–441. [Google Scholar] [CrossRef]

	



Cakmak, G.; Miller, L.M.; Zorlu, F.; Severcan, F. Amifostine, a radioprotectant agent, protects rat brain tissue lipids against ionizing radiation induced damage: An FTIR microspectroscopic imaging study. Arch. Biochem. Biophys. 2012, 520, 67–73. [Google Scholar] [CrossRef]

	



Kneipp, J.; Lasch, P.; Baldauf, E.; Beekes, M.; Naumann, D. Detection of pathological molecular alterations in scrapie-infected hamster brain by Fourier transform infrared (FT-IR) spectroscopy. Biochim. Biophys. Acta 2000, 1501, 189–199. [Google Scholar] [CrossRef]

	



R: Generic Plot Function for Package A2R [Internet]. Available online: http://addictedtor.free.fr/packages/A2R/lastVersion/html/A2Rplot.html (accessed on 17 January 2019).

	



Teng, M.W.; Ngiow, S.F.; Ribas, A.; Smyth, M.J. Classifying Cancers Based on T-cell Infiltration and PD-L1. Cancer Res. 2015, 75, 2139–2145. [Google Scholar] [CrossRef]

	



Juneja, V.R.; McGuire, K.A.; Manguso, R.T.; LaFleur, M.W.; Collins, N.; Haining, W.N.; Freeman, G.J.; Sharpe, A.H. PD-L1 on tumor cells is sufficient for immune evasion in immunogenic tumors and inhibits CD8 T cell cytotoxicity. J. Exp. Med. 2017, 214, 895–904. [Google Scholar] [CrossRef] [PubMed]

	



Patel, S.P.; Kurzrock, R. PD-L1 expression as a predictive biomarker in cancer immunotherapy. Mol. Cancer Ther. 2015, 14, 847–856. [Google Scholar] [CrossRef] [PubMed]

	



Mittendorf, E.A.; Philips, A.V.; Meric-Bernstam, F.; Qiao, N.; Wu, Y.; Harrington, S.; Su, X.; Wang, Y.; Gonzalez-Angulo, A.M.; Akcakanat, A.; et al. PD-L1 expression in triple-negative breast cancer. Cancer Immunol. Res. 2014, 2, 361–370. [Google Scholar] [CrossRef] [PubMed]

	



Lamba, O.P.; Borchman, D.; Garner, W.H. Spectral characterization of lipid peroxidation in rabbit lens membranes induced by hydrogen peroxide in the presence of Fe2+/Fe3+ cations: A site-specific catalyzed oxidation. Free Radic. Biol. Med. 1994, 16, 591–601. [Google Scholar] [CrossRef]

	



De Zwart, L.L.; Meerman, J.H.; Commandeur, J.N.; Vermeulen, N.P. Biomarkers of free radical damage applications in experimental animals and in humans. Free Radic. Biol. Med. 1999, 26, 202–226. [Google Scholar] [CrossRef]

	



Manda, K.; Ueno, M.; Moritake, T.; Anzai, K. Alpha-Lipoic acid attenuates x-irradiation-induced oxidative stress in mice. Cell Biol. Toxicol. 2007, 23, 129–137. [Google Scholar] [CrossRef] [PubMed]

	



Yin, H.; Xu, L.; Porter, N.A. Free radical lipid peroxidation: Mechanisms and analysis. Chem. Rev. 2011, 111, 5944–5972. [Google Scholar] [CrossRef] [PubMed]

	



Benard, A.; Desmedt, C.; Smolina, M.; Szternfeld, P.; Verdonck, M.; Rouas, G.; Kheddoumi, N.; Rothe, F.; Larsimont, D.; Sotiriou, C.; et al. Infrared imaging in breast cancer: Automated tissue component recognition and spectral characterization of breast cancer cells as well as the tumor microenvironment. Analyst 2014, 139, 1044–1056. [Google Scholar] [CrossRef]

	



Ali, M.H.M.; Rakib, F.; Al-Saad, K.; Al-Saady, R.; Goormaghtigh, E. An Innovative Platform Merging Elemental Analysis and Ftir Imaging for Breast Tissue Analysis. Sci. Rep. 2019, 9, 9854. [Google Scholar] [CrossRef]








[image: Vaccines 07 00109 g001 550] 





Figure 1. Effect of atezolizumab on PD-L1 expression on MDA-MB-231 cells. MDA-MB-231 cells were cultured in the presence or absence of atezolizumab for up to 24 h to investigate the effect of PD-L1 blockade on the surface and transcriptomic expression of PD-L1. Representative flow cytometric plots show PD-L1 expression on non-treated (NTx) and treated (Tx) MDA-MB-231 cells (A). The bar plot shows differences in PD-L1 transcriptomic expression in MDA-MB-231 cells up to 24 h Tx with atezolizumab (B). 
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Figure 2. FTIR analysis of MDA-MB-231 untreated and treated cells with atezolizumab. FTIR analyses were performed on non-treated (NTx) and MDA-MB-231 cells treated (Tx) with atezolizumab after 24 h. Plots show FTIR spectra, second derivative and curve fitting of NTx MDA-MB-231 cells (A) and MDA-MB-231 cells Tx with atezolizumab (B). Plots show spectral differences between NTx and Tx MDA-MB-231 cells (C). 
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Figure 3. Chemometric analysis of FTIR experimental data on the full spectral range (4000–1000 cm−1). Amount of variance captured by PCs (A), PCA score plot (B), loading plots for the spectral data (C), squared correlation for the first three PCs for the spectral collection (D), and hierarchical clustering of the spectra for the different experimental samples (E). 
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Figure 4. Chemometric analysis of FTIR experimental data on the protein region (1750–1480 cm−1). Amount of variance captured by PCs (A), PCA score plot (B), loading plots for the spectral data (C), and squared correlation for the first 3 PCs for the spectral collection (D). 
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Figure 5. Hierarchical clustering of the spectral data of the samples. Hierarchical clustering of the spectra for the different experimental samples (A) and PCA biplot explaining which wavenumbers are associated with untreated versus treated samples (B). 
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