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Abstract: 
Background:  Cell viability assays are critical for cell-based products.  Here, we demonstrate a combined experimental and computational approach to identify fit-for-purpose cell assays which can predict changes in cell proliferation, a critical biological response in cell expansion.  
Materials & Methods:  Jurkat cells were systematically injured using heat (45±1 °C).  Cell viability was measured 0 h and 24 h after treatment using assays for membrane integrity, metabolic function, and apoptosis. Proliferation kinetics for longer term cultures were modeled using the Gompertz distribution to establish predictive models between cell viability results and proliferation. 
Results and Conclusions:  We demonstrate an approach for ranking these assays as predictors of cell proliferation and for setting cell viability specifications when a particular proliferation response is required.
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Graphical Abstract
Introduction
In cell-based therapies, cell viability assays are relied upon in both the manufacturing process, to monitor the progression of the process and to ensure appropriate cell numbers can be reached for dosing, and for product release, where the presence of non-viable cells can lead to potentially adverse safety consequences such as inducing undesired immunological responses in the patient [1-3] or ambiguous dosing.  Cell viability measurements are often assumed to predict cell health and proliferation properties [4-7].  In the international standard, “ISO 23033 Biotechnology – Analytical methods – General requirements and considerations for the testing and characterization of cellular therapeutic products”, a viable cell is defined as “cells within a sample that have an attribute of being alive (e.g. metabolically active, capable of reproduction, possessed of intact cell membrane, or with the capacity to resume these functions) defined based on the intended use”.  Cell viability assays are conducted to quantify the number of viable cells, non-viable cells, or both within a cell sample.  
[bookmark: _Hlk149298379]Since there is no singular definition of a viable cell (instead it is based on the intended use), there is also no singular cell viability assay.  It is therefore the responsibility of the user to identify and develop fit-for-purpose cell viability assays.  Several assays have been developed that measure different attributes associated with a viable state, or health of the cell (e.g. dye-exclusion assays to evaluate membrane permeability, Annexin V assays to evaluate apoptosis, ATP assays to evaluate metabolic function, etc.) [4, 8-12]. The selection of fit-for-purpose assays can depend on the properties and provenance of the cell sample (e.g. primary cells, cryopreserved cells etc.), the required performance of the analytical method (e.g. precision, sensitivity, specificity, robustness, etc.), and the biological indicator(s), or attribute(s) that is (are) most relevant to the intended use of the measurement (e.g. to support  in process optimization and monitoring, to serve as a measure of cytotoxicity or cyto-killing, to assure requirements have been met for product release, etc.). In several clinical and translational use cases, routinely collected cell viability data were not informative as process controls; release requirements for cell viability were not associated with clinical outcome [13].  A systematic approach is needed to select or develop cell viability assays that are fit-for-purpose [14]. In this work we propose a framework for identifying fit-for-purpose cell viability assays that is based on 1) the development of test materials with varying degrees of cell health, 2) the correlation of viability assay results to process-relevant changes in cell health, and 3) the setting of cell viability criteria based on assay sensitivity and intended use.  This framework can be broadly applied across cell systems and stages of a cell manufacturing process to systematically identify meaningful cell viability assays on a case-by-case basis. 
Here we consider the selection of a viability assay that is intended to support process development, optimization, and monitoring in the cell expansion unit operation of cell manufacturing, using a model T-cell cell line.  In this model scenario it is critical that cell viability assays conducted during cell expansion are correlated to the proliferative capacity of the cells and can therefore predict potential failure of the cells to reach a desired concentration in a desired time frame.  In this study we demonstrate an approach for evaluating the fitness-for-purpose of several cell viability assays in predicting changes in proliferative capacity of the cells.  We used mild heat treatment (45±1 °C) for varying lengths of time to systematically damage the cells and alter their proliferation kinetics, as measured by changes in cell count over time and as characterized by the Gompertz model.  Cells were then evaluated for viability at 0 h and 24 h after treatment using several different assays for attributes such as membrane integrity, apoptosis, and metabolic function.  Statistical analysis was then conducted to establish the sensitivity and specificity of the assay in predicting changes in cell proliferation.  We further established hypothetical cell viability specifications for indicating potential failure of cultures to reach specified proliferation rates.   In this work, we identified assays and assay time points that were predictive of the proliferative capacities of the cells.  We further established different cell viability criteria, based on the selected assays, to achieve a desired proliferative outcome.  Similar approaches can be taken for identifying early predictors of important cell therapy and cell-based gene therapy manufacturing outcomes.

Materials and Methods
AHT = after heat treatment, ASC = after seeding count, TH = Heat Treatment Time
Materials
Jurkat Clone E6-1 (acute T cell leukemia) cells used in these studies were obtained from American Type Culture Collection (ATCCR), Rockville, MD, USA (Cat #TIB-152TM). Roswell Park Memorial Institute (RPMI) 1640 without L-glutamine was purchased from HyClone GE Life Sciences (Catalog #SH30096). Other reagents and consumables used were as follows:  Glutamax (Gibco, Catalog #35050061); Fetal Bovine Serum (FBS) (Gibco, Catalog #26-140-079), Annexin V- CF488A conjugate (Biotium, Catalog #29005R-5UG),  Annexin V Binding Buffer (Biotium, Catalog #30072), propidium iodide (PI) (ChemoMetec, Solution 16, Catalog #910-3016), Hoechst 33342 (ChemoMetec, Solution 15, Catalog #910-3015), AO/DAPI (ChemoMetec, Solution 13, Catalog #SKU:910-3013), NC-Slide A2 (ChemoMetec, Catalog #942-0001), NC-Slide A8 (ChemoMetec, Catalog #942-0003), dimethyl sulfoxide (DMSO) (Sigma-Aldrich, Catalog #D2650-100mL), rATP (Promega, Catalog #P1132), Cell Titer Glo buffer and substrate (Promega, Catalog # G7570), CytoTox 96 non-Radioactive LDH assay kit (Promega Catalog #G1780), Corning cell culture treated flask 25cm2, w/ vented cap  (Catalog #1012628), Corning U-shaped culture T75 flasks (Catalog #430641U), Via-cassettes (ChemoMetec Catalog #941-0012), 96-well plates (Thermo Scientific Catalog #236105),  Dulbecco’s phosphate buffered saline without calcium and magnesium (DPBS) (Gibco Catalog #14190250).  
Methods
Model System
We chose to use Jurkat cells in this study because this cell line is used frequently as a model T cell line for CAR-T cell therapy product research studies and is commonly used by cell device manufacturers in instrument validation studies.  We used heat treatments (45±1 °C) as a system for cell perturbation due to preliminary studies indicating an ability to introduce a controllable graded decline in proliferation rate following heat treatment at varying timepoints (Figure 1).  Heat treatment has previously been demonstrated to cause a cellular stress response, resulting in alterations to intracellular protein folding and processing, thereby leading to cellular damage and eventual cell death with increasing amounts of heat exposure [15-18].   
Jurkat cell culture
Jurkat cells were cultured in T-75 flasks in an incubator at 37 °C calibrated to 5 % CO2 by volume at an initial seeding density of 1.5x105 cells/mL. Jurkat cells were harvested from T-75 flasks within their exponential phase of cell growth (determined to be in the range of 2 to 3 million viable cells/mL) measured by AO/DAPI using the NC-3000 instrument (ChemoMetec, Lillerod, Denmark). Harvest during mid exponential phase gave a peak state of cell health in our system, as indicated by preliminary proliferation studies (Supplement 2).  After harvesting, the cells were concentrated by centrifugation (450 x g for 5 min) and resuspended to a final concentration of 4 million cells/mL for heat treatment. We conducted initial proliferation studies on healthy Jurkat cells to establish the appropriate conditions for our heat perturbation protocol and to facilitate our understanding and selection of the mode of analysis used to assess proliferation and viability (Supplement 2). 
Cell Count and AO/DAPI based cell viability measurements
The NC-3000 was used for count and viability assessment during cell expansion, for proliferation studies, and to evaluate dye-exclusion based assays for correlation to proliferation.   To establish the appropriate counting range for the NC-3000 instrument, we conducted a dilution fraction experiment and analyzed the data using statistical methods described in ISO 20391-2:2019 - Biotechnology — Cell counting — Part 2: Experimental design and statistical analysis to quantify counting method [19] (Supplement 3).  
Measurements were performed using the NC-3000 Total Cell Count and Viability protocol using A-8 slides (ChemoMetec) and Solution 13 (30 mg/mL AO and 100 mg/mL DAPI in water).  Duplicate measurements were made for each sample tube using the total cell count and viability protocol. The average live cells/mL count for the duplicate samples for each heat timepoint was used to calculate the seeding volume for proliferation studies. 
Graded heat treatment
Preliminary studies suggested that incubating cells at 45±1 °C for timepoints ranging from 30 min to 2 h could induce significant changes in proliferation response.  Interestingly, minimal change in dye exclusion was observed immediately after heat treatment (measured by AO/DAPI on the NC-3000 (Figure 1) and Trypan Blue on the Vi-Cell XR (Beckman Coulter, CA, USA) (Figure 1a and Supplement 5)) even when subsequent proliferation characteristics changed significantly (Figure 1b).  Noticeable changes in dye exclusion were not observed until after 4 h or more of heat treatment at 45±1 °C (Figure 1a).  Based on these results, we chose to utilize heat treatment times (TH) between 0 h and 1 h to induce changes in proliferation even though no changes in dye exclusion were observed immediately.
For each sample, 1 mL of a 4x106 cells/mL Jurkat cell suspension was placed into a 15 mL centrifuge tube.  Sample tubes were incubated in a water bath heated to 45±1 °C, with heat treatment times (TH) between 5 min and 60 min. Negative control samples were maintained at 37 °C in an incubator during the 60 min heat treatment period. Following heat treatment, each cell sample was placed in an ambient room temperature water bath (approximately 23 °C) for 20 min for a recovery period.  Positive control samples were generated by heat treatment at 56 °C for 25 min, followed by a 20 min recovery period, resulting in cell samples with immediate viabilities ranging from 0-4 %.  Following the recovery period, each sample was evaluated using the NC-3000 AO/DAPI method to obtain an after-heat treatment (AHT) membrane permeability measurement.  Assays were conducted both immediately following heat treatment (0 h) and approximately 24 h after heat treatment (24 h).  In some cases, heat treated samples were also aliquoted for proliferation assays.  The general strategy utilized in this study is illustrated in Figure 2.  
Proliferation studies
Samples for proliferation studies were seeded in complete RPMI 1640 medium at a density of 1x105 viable cells/mL in a target total volume of 1200 mL/well (24-well plates) or 2400 mL/well (12-well plates). The appropriate amounts of cell suspension and medium were calculated based on the AO/DAPI AHT live cell count measurement. Each heat treatment sample was plated in triplicate for each study. A reverse pipetting technique was applied to improve pipetting accuracy.  Both re-seeding and sampling were performed in aseptic conditions.
Day 0 after seeding count (ASC) measurements were conducted immediately following seeding into well plates for proliferation experiments. In each respective multi-well plate, cells were gently mixed by pipetting up and down using P1000 mL tips, and 100 mL of sample were then transferred to the corresponding staining tube to obtain ASC using AO/DAPI. Following sampling, the plates were immediately incubated at 37 °C, 5 % CO2 in a humidified incubator.
Post-recovery proliferation was monitored approximately every 12 h to 24 h starting at 0 h (Day 0) up to approximately 200 h or 560 h using the NC-3000 AO/DAPI assay.  All sampling steps were conducted under sterile conditions, and plates were manipulated carefully to avoid cross-contamination between wells. Undiluted sample (50 mL) from each heat treatment timepoint was withdrawn from the well into a microcentrifuge tube, stained with AO/DAPI as described above and counted immediately using the cell count and viability protocol on the NC-3000. Each sample was seeded in replicate wells and daily counts were conducted each day on individual wells for short proliferation studies. For long proliferation studies (12 well plates) that lasted over 30 days, the plates sampled in the first week were re-sampled during week 5 for proliferation monitoring. 
	Table 1 summarizes a total of 12 separate proliferation studies conducted across a range of cell passages and two different laboratory sites for the heat-treated cell samples.    
Quantification of proliferative capacity using population growth modeling
We evaluated several mathematical models for cell proliferation kinetics [20-22] and selected the Gompertz model to evaluate our model system within the time bounds studied and to analyze correlations with a selection of cell viability assays (Supplement 1).  Using the Gompertz model, one can determine important changes in cell growth rate such as the transition from lag phase to exponential growth phase, the maximum growth rate during the growth phase, and the transition from growth phase to the stationary phase.  Each of these inflection points reflects important stages of typical cell expansion and growth. 
From the Gompertz model, we identified inflection points representing the time of onset of exponential growth (T1) and the time when the maximum growth rate is achieved (T2). The second inflection point (T2) is associated with the maximum growth rate, where the signal-to-noise ratio for measuring the population change is the highest. Moreover, viability is close to its highest value during the maximum growth rate, so T2 also captures how long it takes for the viability to recover after the heat treatment. 
The Gompertz model considers cell growth without accounting for cell death and reaches the maximum population asymptotically at  [23]. In our experiments, the live cell population achieves a maximum after a finite time interval and before decaying, and therefore could also be described using a modified Gompertz model that has an additional parameter for death rate [21]. However, we found that for our set of experiments both the Gompertz and the modified Gompertz models produced similar estimates of the inflection points in the proliferation analysis (Supplement 6). This similarity in the estimates from the two different models is due to the relatively low magnitude of the death rate during the period from  to the time when the live cell count reached the maximum. Therefore, the Gompertz model was a sufficient approximation for estimating the inflection point from the collected proliferation data, even though it is an incomplete model of our experimental system. The Gompertz model consists of three parameters: (1) the saturating population or the carrying capacity, , (2) the growth rate constant, , and (3) the offset for exponential growth, . The cell population  as a function of these three parameters and time  is given as
	(Eq. 1)
The parameters  and  have significant biological interpretations. As shown in Figure 3a and 3b, changing  while fixing  and  changes growth rate, as is apparent from the slope of the proliferation curve near the maximum growth region. Conversely, changing  while fixing  and  does not change the slope of the proliferation curve near the maximum growth region but shifts the maximum growth region in time. 
The critical transition points in the Gompertz proliferation model are apparent from the first and second derivatives of the live cell population (middle and bottom panels of Figure 3a and 3b). The first important transition occurs when the rate of change of growth, or the second derivative of , reaches maximum, which we refer to as the first inflection point T1 (bottom panels in Figure 3a and 3b). The second relevant transition occurs when the rate of growth reaches its maximum, which we refer to as the second inflection point T2 (middle panels in Figure 3a and 3b). For further detail on the application of the Gompertz model in this study see Supplement 7.  As seen in Figure 3a, the inflection points T1 and T2 are linearly proportional to the parameter . The delay in T1 as a function of  is due to a lower initial population of cells able to proliferate. On the other hand, in Fig. 3b each of the proliferation curves begins with the same initial population but the delay in the inflection points is due to the lower growth rates. Therefore, by comparing the proliferation data for different durations of heat treatments, we can deduce whether the treatment is affecting the growth rate (Fig. 3b) or the delay before the onset of growth (Fig. 3a).

Dye exclusion assay (AO/DAPI % Viability)
The AO/DAPI NC-3000 Cell Count and Viability assay was conducted immediately and approximately 24 h after heat treatment (the same assays were used to monitor proliferation).  Percent cell viabilities were determined by sequential gating of the data based on 1) object diameter vs AO intensity to gate out debris, and 2) object diameter vs DAPI intensity to enumerate non-viable cells.  AO/DAPI based % viability was calculated as

	(Eq. 2)
Metabolic assay using CellTiter-Glo Luminescent assay for ATP (ATP assay)
 	ATP concentration was measured with the CellTiter-Glo Luminescent assay as an indicator for cell metabolic function using a TECAN Spark luminescent plate reader and a ribonucleotide (r)ATP standard curve for interpolation.  See Supplement 8 for further details on the ATP assay protocol. Six ATP studies (three individual experiments conducted at 0 h and 24 h following heat treatment) were conducted. 
Apoptosis assay based on Annexin V (Annexin assay)
The translocation of phosphatidylserine to the outer layer of the plasma membrane in a cell is routinely used as an indicator of apoptosis [24]. Here, the Annexin V-CF488A assay kit (ChemoMetec) was used to evaluate apoptosis by detecting phosphatidylserine on the outer layer of the plasma membrane. The assay uses Hoechst 33342 as a total cell population counterstain and propidium iodide as a necrotic cell stain which permeates only cells with compromised membranes. Image analysis and quantification were performed using the NC-3000 A2-Slide Apoptosis protocol.  See Supplement 8 for protocol details and Supplement 9 for additional details on how gating was performed for data analysis.  
Membrane integrity assay based on lactate dehydrogenase (LDH) release (LDH assay) 
LDH activity was measured using the CytoTox 96 non-Radioactive LDH assay kit (Cytotoxicity assay, Promega) as an indicator for damaged cells in the culture.  All sample manipulations were conducted in microfuge tubes in the dark and the cell supernatant was harvested for measurement. Background corrected values were used to calculate a percent cytotoxicity (% C) as follows:

The positive control samples were Jurkat cells treated at 56 °C in a water bath for 25 min (followed by a 20 min room temperature recovery period) to induce approximately 0 % viability samples.  Results of the LDH assay are expressed as “100 – % C” to be comparable to % viability.  See Supplement 8 for LDH assay protocol details.
Statistical Analysis
Confidence intervals (CI), prediction bounds (PB), and conditional distributions
To evaluate potential functional relationships between the proliferation inflection point, T2, and either the treatment time or cell viability assay results, we used linear or nonlinear regression analysis (Supplement 10).  In some cases, a predicted proliferation response was used instead of an empirical proliferation rate because a full proliferation study could not be conducted concurrently with every cell viability study due to sample handling and time constraints.  The confidence intervals and the prediction bounds around the regression lines were estimated using the errors in the parameter estimation and the residual sum of squares (26).  To determine the cumulative probability of observing an inflection point above a threshold, we used the distribution in T2 for each value V. We also used the same distributions to infer the conditional distribution or assay response, P[V|T2], for a specified inflection point (Supplement 11).
Area Under the Curve (AUC) analysis
To determine the Area Under the Curve (AUC) values from conditional distributions P[V|T2] we first needed to define the true positive and true negative conditions. Using the true positive and true negative criteria we can create a Receiver Operating Characteristic (ROC) curve, which provides the AUC. The two coordinates of the ROC curve are sensitivity (y-axis) and 1-specificity (x-axis); we computed these two coordinates in the following way. For example, suppose we have the distribution in AO/DAPI viability for two T2 values, T2high and T2low, respectively. Then, we consider T2high as the true positive case and T2low as the true negative case. Sensitivity (true positive rate) is the probability of observing a viability value V lower than a given value  is 
	
	(


Specificity (true negative rate) is the probability of observing a viability value V higher than  when the condition is true negative or T2low. So, 1-specificity is the false positive rate or the probability of observing a viability lower than  under T2low, which is
	
	(


When P[V|T2high] = P[V|T2low], the AUC is = 0.5, which means the viability responses for these two T2 values is completely inadequate for binary classification. In contrast, if there is no overlap between P[V|T2high] and P[V|T2low], then AUC is = 1, which means the viability responses for these two T2 values serve as a perfect binary classifier [25].
Results
Proliferation
Heat treatment at 45±1 °C for between 0 h and 1 h affected Jurkat cell proliferation kinetics (Figure 3c).  After heat treatment, proliferation kinetics from the majority of the 12 studies (Supplement 12) displayed shifts in the Gompertz curve similar to those seen in Figure 3a. This indicates that the primary effect of heat treatment likely is on the initial population of proliferative cells, and once the population entered the growth phase there was negligible effect of the treatment on the Gompertz growth rate constant, b.  The exact change to proliferation kinetics varied across the 12 proliferation studies (Supplement 12); however, a linearly increasing trend was observed between heat treatment time and proliferation as quantified by T2 from the Gompertz model fit (Figure 4a).  The data showed that T1 and T2 inflection points were highly correlated as expected, so we selected just one inflection point, T2, to serve as the primary metric for quantifying proliferation. T2 was preferable because cell count was in general higher at T2 compared to T1 (Supplement 13).  T2 was also the time when the population growth rate was at its highest and therefore provided a better signal-to-noise ratio for the proliferation measurement.  We interpret the correlation coefficient of T2 vs heat treatment time, (TH), R2 = 0.679, as meaningful given the experimental variability in the proliferation studies included in analysis (Table 1) (e.g., ranges in passage number, laboratory site, media treatments, etc.).  TH however is a weak surrogate for establishing the T2 for a cell sample, not only due to the wide prediction bound in the linear regression model, but more importantly, TH does not capture the sample-to-sample variability at each heat treatment time, because there would only be a single T2 associated with each heat treatment.      
To construct a T2 prediction model that is sensitive to the variabilities that exist for the same treatment time, we used the 24 h % AO/DAPI membrane permeability assay to correlate this measurement with the proliferation inflection point T2.  By 24 h of culture, AO/DAPI % begins to decrease, and a strong non-linear relationship can be established between 24 h AO/DAPI % and T2 from paired proliferation studies (Figure 4b).  The relative width of the CI and PB from the AO/DAPI regression analysis is narrower compared with the relative widths from the TH regression analysis (Figure 4c).  In addition, by collecting 24 h AO/DAPI data in parallel with each study, we can estimate a T2 (T2est) for each sample for each study that is unique to that sample, instead of one that is assigned to the sample based on heat treatment time (TH).   Therefore 24 h AO/DAPI was selected to estimate a T2 value for each cell sample in subsequent studies.  
 Cell viability assays
To establish a method for ranking the assays based on their ability to predict the proliferation inflection point, we investigated four different methods at 0h and 24h in our model system and attempted to correlate these results with proliferation kinetics.  We investigated the AO/DAPI dye-exclusion membrane permeability assay (AO/DAPI), LDH membrane permeability cytotoxicity assay (LDH assay), ATP metabolic activity assay (ATP assay), and Annexin V/PI cell apoptosis assay (Annexin late apoptotic)).  Immediately after heat treatment (0 h timepoint), correlation was observed between these assays and proliferation as represented by T2 (Figure 5).  AO/DAPI and Annexin V/PI assays were uncorrelated with proliferation (R2 = 0.17 and 0.044 respectively, Figure 5a and 5e).   
The LDH assay results at 0 h showed a correlation of R2 = 0.341 with T2est (Figure 5c).  Although this is a mild correlation, it is the strongest across replicate experiments observed in this study.  ATP assays also showed a mild correlation with T2est when each experiment was analyzed individually (Figure 5g) [26]. Two individual ATP studies showed a stronger correlation with T2est when modeled independently (R2 = 0.522 and 0.465) (Figure 5g).  Data when compiled across all ATP experiments did not demonstrate a significant correlation with T2est.  
After 24 h of incubation post-heat treatment, cell viability assays showed improved correlations with T2est (Figure 5b, d,f,h).  For AO/DAPI assays, a strong relationship was observed between paired T2 values and % AO/DAPI data as noted previously in Figure 4b.  Additional analysis of % AO/DAPI data at 48 h, 72 h, and 96 h after heat treatment showed changes to the model correlating them with proliferation, and loss of sensitivity of the model to change in proliferation over time (Supplement 14). Note that the relationship between the AO/DAPI assay and T2 cannot be compared to other assays vs T2est directly since the AO/DAPI regression is based on paired proliferation data and % AO/DAPI results; the other comparisons are benchmarked from this relationship.  For LDH 24 h a strong non-linear relationship was observed between T2est and LDH, as measured by “100-%C” (or the percentage cells not made permeable by the heat treatment which is analogous to % viability) (Figure 5d, s.d. of 8.46 h, indicating low variability).  In the case of Annexin assay results, we focused on the Annexin % late apoptotic population, as this showed the strongest correlation with T2est (See Supplement 9).   Annexin % late apoptosis demonstrated a linear relationship with T2est at 24 h after heat treatment, with an R2 of 0.488 (Figure 5f).  ATP concentration measured 24 h after heat treatment again demonstrated correlation for individual studies; however, data across all 24 h ATP experiments did not demonstrate a significant correlation with T2est.  The ATP 0 h and 24 h data were unsuitable for a global regression analysis because the scales of the ATP values from different experiments did not overlap with each other, even after attempts at normalization (Supplement 15).  The ATP assays were not considered further in this study.
Sensitivity analysis and prediction accuracy of 24 h AO/DAPI and Annexin late apoptosis assays for proliferative capacity
To compare the sensitivity and specificity of the different cell viability assays with proliferation, we evaluated the cumulative probability of T2 above a specific cutoff value (i.e. survival function) (described in Supplement 17). The response curves for the assays that successfully produced a model (AO/DAPI 24, LDH assay 24 h and Annexin % late apoptosis 24 h) (Figure 6a) were selected for calculating the cumulative probability of observing a T2 higher than a desired cutoff T2 value for a given measurement result (Figure 6b). The cumulative probability was obtained using the distribution in T2 values that existed for each AO/DAPI value in Figure 6a.  The cumulative probability plots can be interpreted as follows, using AO/DAPI % viability as an example:  If one wanted to predict whether a cell culture in this model system would exhibit T2 values less than 192 h for example, with 5 % allowable error, then (AO-DAPI)/AO % would need to be at 68 % or higher.  On the other hand, there is no (AO-DAPI)/AO % value that can confidently assure that T2 values will be less than or equal to 96 h (the cumulative probability never reaches 0).  Similar interpretations can be conducted for the other assays for this model system and are summarized in Figure 7a.  The conditional distribution in assay results for a given T2 value was also inferred based on the response curves (Figure 6c, Methods Section on Statistical Analysis “Area Under the Curve (AUC) Analysis”).  The probability distribution was obtained by sampling the density in AO/DAPI % 24 h values in Figure 6a for a set of given T2 values and then normalizing the sum of fractional (percentage) values to be equal to 1. (Using a uniform prior distribution for the viability value distribution results in normalizing the sum to 1.) We extracted these conditional distributions for P[dye exclusion assay|T2] because the inflection point T2 was determined by the initial population. Therefore, even though T2 was reached long past the time point of the dye exclusion measurements, T2 represented the input for the proliferation kinetics model reflecting the effects of heat treatment. The distribution in the 24 h values for each of the assays was the output or the response due to an input T2 value. Based on these conditional probability distributions, receiver operating characteristic (ROC) curves were generated for pairs of T2 values (Figure 6 d, h, and l and Supplement 16, Methods Area Under the Curve (AUC) analysis). The higher T2 value is the true positive case and the lower T2 value is the true negative case. As an example, for the AO/DAPI % viability, true positivity rate was the probability that AO/DAPI was lower than a threshold value for the high T2 data. False positivity rate was the probability that AO/DAPI was lower than the same threshold value for the low T2 data. Area under the curve (AUC) was calculated for the ROC curves (Figure 6d).  
AUC provides a scalar measure of successful binary classification using an assay.  AUC can range from 0.5 to 1, where a value of 0.5 indicates an assay that is completely inadequate for classification, and a value of 1 indicates perfect binary classification.  An AUC of 0.7 to 0.8 is considered acceptable, 0.8 to 0.9 is considered excellent, and an AUC of more than 0.9 is considered an outstanding classifier [25].  Here we use AUC analysis to evaluate an assay’s ability to discriminate between two T2 values.  This in turn allowed us to establish how many binary classifiers could be accommodated within a fixed interval of time (96 h to 264 h in our studies) using a given assay for predicting proliferation.  A higher number of binary classifiers within the same interval of time implied that the corresponding assay provided higher resolution.
For example, if a user requires the ability to distinguish cell samples with differences in T2 values that are 48 h apart (e.g., distinguish cell samples where T2 values are expected to be below 96 h from cell samples where T2 values are expected to be greater than 144 h), the LDH 24 h assay appeared to be a perfect classifier (max AUC = 1) (Figure 6h and Figure 7b).  AO/DAPI 24 h % was an outstanding classifier with max AUC of 0.96 (Figure 6d and Figure 7b).  Annexin late apoptotic % population 24 h was an excellent classifier for distinguishing T2 values 48 h apart (max AUC = 0.81) (Figure 6l and Figure 7b).  Using any of these assays, three separate populations of cells could be identified between T2 from 96 h to 240 h.  Based on the application, the ability to distinguish cell samples with T2 values differing by 48 h may or may not be sufficient.  If better resolution is required, then the difference between T2 values for the AUC analysis can be made narrower.  For example, if a user requires the ability to distinguish samples where T2 values are 12 h apart (e.g., between samples with T2 less than 96 h or greater than 108 h), the LDH 24 h assay still appeared to serve as an excellent classifier (max AUC = 0.827), while neither AO/DAPI 24 h % viability nor Annexin late apoptotic % population 24 h were acceptable classifiers (max AUC of 0.676 and 0.587 respectively).   As expected, with increasing spacing between T2 for classification, the max AUC increases for all assays.  AO/DAPI 24 h % and LDH 24 h assays both reached near perfect classification as the spacing between T2 increased, while Annexin late apoptotic % population reached a maximum of AUC = 0.81 (Figure 7b).  This analysis allows a quantitative comparison between the classification accuracy of the different methods we evaluated and identified assays best able to discriminate between proliferative outcomes in this model system.   
[bookmark: _Hlk115258404]Discussion
[bookmark: _Hlk149298352]Cell viability assays are conducted at every stage in cell-based biotechnology development from research to manufacturing and product release.  Identifying fit-for-purpose cell viability assays is crucial for both the safety and the effectiveness of the product.  Establishing appropriate criteria for cell viability using these measurements throughout the product development pipeline can be challenging. It is often difficult to identify assays that provide meaningful foresight into the potential utility of the cells in the next stage of the manufacturing process or at product release (assays that are fit-for-purpose).  Here we describe an approach for establishing fit-for-purpose assays and for identifying appropriate specifications (Figure 8).  We utilized a model system of Jurkat cells treated with heat to induce changes in cell proliferation, and we evaluated the ability of several viability assays in predicting proliferative capacity of the cells.  We further explored a hypothetical scenario with this model system to establish cell viability specifications for achieving cell cultures with desired proliferation properties.  The approach was demonstrated for establishing fit-for-purpose cell viability assays; however, it is not limited to cell viability assays.  This approach can be further generalized to identifying fit-for-purpose assays that are predictive of a desired biological response (Figure 8). It should be noted that the conclusions of the predictive capacity of the cell viability assays investigated here are specific to our model system.  The use case presented here is a demonstration of the utility of the fit-for-purpose approach which can be applied to different cell systems at various stages of cell manufacturing and release to identify appropriate cell viability assays and cell viability criteria for specific applications. 
The first step in our approach was to generate cell samples with different levels of proliferative capacity.  Cell counting is an established and quantitative assay well suited to measuring cell proliferation. A low-grade heat treatment, approximately 44 °C for 5 min to 60 min treatment time, achieved a graded and somewhat reproducible response in proliferation (T2 values ranging from approximately 50 h to 250 h) (Figure 4a).  Heat shock is known to damage cells through several mechanisms including via apoptotic pathways [15, 17, 18].  Consequently, the activation of intracellular apoptotic pathways can affect cell proliferation [27, 28]. Proliferation kinetics can provide insight into how the treatment is affecting the cell population (e.g., growth rate change vs initial population viable cell concentration change) (Figure 3).  In this model system, we observed a shift in the onset of exponential growth as the dominant factor in determining the Gompertz model inflection points.  If the heat duration was below 20 minutes, the cell division kinetics of the population were largely unchanged. For longer heat duration, the cell division rate was decreased.   Interestingly, in some cases with higher heat treatment times (e.g., 20 min, 30 min, and 60 min), the shape of the growth curves varied, adding variability to our model relating heat treatment time to the Gompertz model second inflection point, T2 (Figure 4a).  We observed that the AO/DAPI % measurement at 24 h post-heat treatment correlated strongly with T2 (obtained from paired proliferation studies), and therefore used AO/DAPI 24 h % as a surrogate for measuring cell proliferation directly in subsequent studies.  This approach allowed us to circumvent experimental constraints in executing other assays in parallel and paired with proliferation studies which are complex and time consuming to execute.
Next, several assays (e.g., AO/DAPI, LDH, ATP, and Annexin assays) were evaluated for their correlation to proliferation kinetics.  In this model system, minimal correlation between measurements conducted immediately after treatment (0 h) and proliferative capacity was observed (Figure 5a, c, e, g).  The LDH 0 h assay did demonstrate some correlation with T2; however, this relationship was not strong enough to establish criteria values or to allow the assay to serve as a strong binary classifier for T2 (Supplement 17).  
Measurements conducted after a 24 h recovery time were significantly more predictive of proliferative capacity (Figure 5b, d, f, h).  Additionally, in the case of AO/DAPI, measurements taken at later time points after treatment showed less sensitivity to proliferative capacity, demonstrating the crucial importance of measurement timing.  Since cell state is transient, identifying the timepoint in a bioprocess at which a measurement is adequately sensitive to bioprocess parameters will be necessary.  These decisions can also be supported by a better understanding of the biological implications of the bioprocessing steps (e.g., effects of cryopreservation on cell recovery).
ATP assays did show correlation with proliferation in individual studies, even in some cases at 0 h after heat treatment, which was stronger than for the other viability assays.  This indicates the important and immediate biological relevance of changes in ATP metabolic pathways after heat treatment.  Unfortunately, due to the scale shifting in absolute quantities of ATP from study to study, even with extensive assay optimization and attempts at normalization (Supplement 15), the assay did not demonstrate repeatability in absolute ATP concentrations adequate to establish criteria for prediction of proliferation.  In addition, the relationship between ATP and T2 changed dramatically from 0 h to 24 h post-treatment measurement times (Figure 5g and Figure 5h), where slope shifted from positive to negative, respectively.  This complex response over time could make it challenging to interpret ATP values when the sample may have experienced perturbations at different times prior to measurement. 
Based on the regression models correlating cell viability assay results with proliferation (as measured by T2), assessments could be made as to the ability of each assay to meet the fit-for-purpose criteria of the measurement.  To compare between candidate assays for this model system we evaluated 1) the variability around the model relating the viability assay result and proliferation (Figure 5) and 2) the AUC values from ROC curves derived from conditional distributions for pairs of T2 values which indicated the strength of the viability assay in classifying samples by proliferation properties (Figure 7b).  The LDH 24 h assay had stronger correlation with proliferation (as measured by T2) as well as better prediction of differences in T2 than the other assays investigated (AO/DAPI, apoptosis-late apoptotic, and ATP).  This may be due to the ability of LDH assays to capture not only the contents of dead intact cells but also the contents of cells that had died but may no longer be visible due to breakdown of the cell body.   Interestingly, the annexin assay based on the late apoptotic cell population had weaker correlation with proliferation even though apoptosis is a known mechanism of cell death under heat treatment.  This could be due to the inherent variability and complexity in the annexin assay in comparison with AO/DAPI and LDH, including the user-dependent nature of assigning gates to subpopulations and the loss of cells due to completion of necrosis.  Also, other timepoints may be more biologically relevant for Annexin.  
The AO/DAPI 24 h % assay also had significant predictive power for T2.  AUC analysis quantified the time resolution each assay had for classification; specifically, how many binary classifiers could be fit into the range of observed T2 values (96 h to 264 h for this model system) for each of these assays.  The Max AUC value that was achieved by each assay for each binary classification helped to establish a ranking of the assays where, in Figure 7b, the faster the curve approached the value of 1, the better that assay predicted proliferation.  In this model system we determined that the LDH 24 h assay was comparatively the best predictor of longer-term proliferative outcome.  The LDH assay could further be used to identify cultures that proliferated within certain rate ranges, with differences as low as 12 h between T2 detected at 24 h.  It should be noted that since we used an estimated T2 value (as opposed to an empirically measured T2 for each sample), the true scatter in T2 was likely underestimated, and thus the time interval to reach an AUC close to 1 could be larger than the 12 h estimated here.  Further investigations regarding technical aspects of the assays conducted in this study (e.g. stability of the ATP reagent used for standard curve generation or use of a different assay for ATP) could be evaluated to improve performance of the measurement and correlation to proliferation.  
Finally, the regression models for assay result vs T2, could also be used to establish acceptance criteria for setting specifications to predict that sample proliferation could be maintained at certain levels (based on T2).  For example, based on Figure 7a, in our model system, if there was a hypothetical need for our cultures to maintain a T2 of less than or equal to 144 h in order to support the next stage in the manufacturing process, then AO/DAPI 24 h % would need to be 85% or greater, while LDH 24 h (100-%C) would need to be 66% or greater, and Annexin late apoptotic 24 h % late apoptotic population would need to be 13% late apoptotic cells or fewer.  
These results demonstrate an interesting paradigm, where 1) dependent on the type of assay selected, different acceptance criteria for the specification would need to be set to meet the same proliferation requirement and 2) dependent on the proliferation requirements, different acceptance criteria can be established.   Currently, criteria for cell viability are often based on historical precedent, anecdotal evidence or optimization on unrelated systems, leading to challenges in setting meaningful cell viability specifications [13, 29].  Using the quantitative approach presented here for comparing the predictive capacity of individual assays to achieve a specific biological response could allow for better informed decisions regarding which assays to utilize and how to set specific criteria based on the sensitivity of those assays.  Furthermore, in the cell therapy and cell-based gene therapy product settings, this approach could offer a significant step toward understanding the correlation, if any, between specific assay measurements and clinical outcome. 
Moreover, this approach emphasizes the importance of introducing systematic injury to induce changes in the viable state of the cells that are relevant to the intended use of the viability measurement such as predicting proliferation rate in our example, when selecting the attribute or attributes to measure.  It is important to note that the results we obtained with Jurkat cells, which are relatively robust to various insults, may not be applicable to other types of cells. Thus, evaluations of the cells being considered, and cell stressors relevant to them and to the product manufacturing process, will likely need to be considered carefully. In many general research settings, viability assays provided sufficient information only when cell samples were healthy and unharmed, but following a form of injury, many commonly used viability assays did not provide adequate information toward the proliferative potential of the sample [30].  In addition, preclinical studies of the correlations between trypan-blue based viability measurements compared to oxygen consumption measurements showed that trypan-blue based measurements were not correlated with preclinical effectiveness while oxygen consumption levels correlated very well.  Other multiparametric tests provided the best correlation with islet transplant success [31].
The results presented here were specific to our model system and may also be affected by the mode of graded cell treatment (i.e., heat treatment) chosen.  The general approach however can be applied to individual use cases (Figure 8).  Similar approaches can be taken for identifying other assays that might serve as early predictors of important manufacturing outcomes.
Conclusions
[bookmark: _Hlk149299373]Here we presented a strategy for selecting one or more assays that correlate with a desired manufacturing outcome and for setting meaningful specifications.  A key element of this approach was the generation of cell samples with systematically altered properties related to a “viable” response.  Subsequently, different assays could be evaluated for their correlation and capacity to predict a desired manufacturing response, in this case proliferation.  We propose that the approach presented here might be extended to other cell types and stresses, and thereby help to identify cell attributes and the corresponding assays and measurements that are useful in predicting desired manufacturing and clinical outcomes.

Translational Perspective:
Cell viability assays, which are routinely conducted throughout the cell-based therapy manufacturing process are intended to provide crucial real-time insight supporting in-process decision making, early indication of product quality and final product release.    Several assays are available to evaluate cell viability that utilize different dyes, reagents, and instrumentation, and that are based on different biological attributes related to the viable cell state (or cell health).  It is the responsibility of the user to identify and develop fit-for-purpose cell viability assays depending on the properties and provenance of the cell sample (e.g. primary cells, cryopreserved cells etc.), the required performance of the analytical method (e.g. precision, sensitivity, specificity, robustness, etc.), and the biological indicator(s), or attribute(s) that is (are) most relevant to the intended use of the measurement (e.g. to support  in process optimization and monitoring, to serve as a measure of cytotoxicity or cyto-killing, to assure requirements have been met for product release, etc.).

The approach described in this paper provides a framework and process for identifying and selecting fit-for-purpose viability assays through a systematic experimental design and computational modeling approach. It further demonstrates a strategy for setting cell viability criteria based on the intended use of the viability measurement and the sensitivity and specificity of the analytical method.  This framework can be applied by researchers and product developers across sectors and cell types (e.g. biopharmaceuticals, basic cell-based research, cell therapy manufacturers, tissue engineered product manufacturers, etc) to develop cell viability assays on a case-by-case basis that provide meaningful and predictive measurements that enable process monitoring, optimization, and final product characterization.  It is especially useful in the development and testing of novel cell viability methodologies where correlations with existing cell viability method or other measures of cell health and performance may still need to be established.

Key considerations in the application of this framework are 1) identifying the desired basic biological response that the viability assay should be relevant to (e.g. growth rate, biomolecule release, cell attachment rate, etc.), 2) the ability to establish a set of test samples that systematically varies the biological response (preferably through treatments that are relevant to the bioprocess), 3) identifying a candidate set of viability assays to evaluate, which can also include novel viability assays under investigation, 4) selecting appropriate computational approaches to evaluate selectivity and sensitivity of the cell viability assays, and 5) identifying quantitative limits for desired biologic responses to support the setting of appropriate cell viability decision making criteria.  

When applying this framework for identifying fit-for-purpose cell viability assays and viability criteria it is critical to have a clear understanding of the intended use of the viability measurement, e.g. what decision will be made based on the cell viability result, what is the downstream implication of that decision, what biological outcomes should the viability assay predict.  Once this concept is established then test materials can be generated that span the range of possible biological outcomes that depend on the cell viability decision.  Fit-for-purpose cell viability assays can then be developed that are sensitive to changes in the downstream biological outcomes and criteria can be set to alert significant deviations.  This process will assure the meaningfulness of cell viability measurements ultimately improving understanding and control of cell manufacturing processes.

Plain Language Summary:
In recent years, there has been a surge in the amount of cellular therapy products which have been engineered to treat patients with severe diseases.  These cellular products use living cells to treat the disease, and the quality of these cell products is critical for ensuring product safety and effectiveness. Throughout the process of engineering and manufacturing these cell products, many cells can die or be in the process of dying, and the amount of dead cells in the product can impact product yield and quality. In any given cell product at any given time during the manufacturing process, cells are exposed to different stresses, and these stresses can injure the cells through different mechanisms, leading to different pathways of cell death that can follow different timelines.  There are many existing assays which evaluate the health of the cells, known as cell viability assays, and these assays can be based on many different cell features that indicate a cell has been injured (i.e. cell membrane permeability, changes in cell metabolism, molecular markers for cell death).  Different cell viability assays can provide different insights into the state of cell health/injury based on what cell features are being evaluated and the timing at which the viability measurements are taken, and some viability assays may be more appropriate than others for specific applications.  Therefore, a method is needed to appropriately select cell viability assays that are designed to evaluate injuries to cells that occur in each specific bioprocess.  In this series of studies, we used many different experimental methods to study the number of living and dead cells in a series of cell populations that we treated to induce damage to the cells, reducing their ability to grow. We then used mathematical models to determine the relationship between cell viability measurements and cell growth over time, and used the results to determine the sensitivity of the viability assays to changes in cell growth.  We used a specific cell line in this example, but this technique can be applied to any cell line or cell sample population and different types of injuries can be applied to the cells. This approach can be used by manufacturers of cell-based products and therapies to identify cell viability assays that are meaningful for monitoring the production of cells and characterizing product quality.  

Summary Points 
· A wide range of assays, measuring different aspects of cell health, can be applied when measuring cell viability.  
· Different cell products and different stages of the manufacturing process may require different viability assays to support critical decision making.  
· A key consideration when selecting a fit-for-purpose cell viability assay in a cell manufacturing setting is its ability to predict failures in downstream unit operations.
· Here, we demonstrate a combined experimental and computational approach to identify fit-for-purpose cell assays which can predict changes in cell proliferation, a critical biological response in cell expansion.  
· We used Jurkat cells as a representative model for T-cells used in cell-based gene therapy manufacturing. After exposing these cells to injury using heat (45±1 °C) for 5 min up to one hour, we measured viability immediately (0 h) and after 24 h with a selection of assays (acridine orange and 4′,6-diamidino-2-phenylindole (AO/DAPI) and trypan blue dye exclusion assays, adenosine triphosphate (ATP) assays, lactate dehydrogenase (LDH) assays, and Annexin V/propidium iodide (PI) assays). 
· We then analyzed proliferation kinetics using the Gompertz distribution to establish predictive models between cell viability results and proliferation. 
· We demonstrated that early (24h) time point measurements from different assays could be correlated to later time point proliferation kinetics of cell populations and that the strength and predictive value of these correlations depended on the timing of the viability measurement post-injury and the biological indicator measured.  
· No assay tested was a strong predictor of proliferation at 0 h, but prediction accuracy significantly improved for AO/DAPI, Annexin V/PI, and LDH assays at 24 h.  
· Further, we demonstrate an approach for ranking these assays as predictors of cell proliferation and for setting cell viability specifications when a particular proliferation response is required.



Figure/Table legends:

Table 1.   Experimental parameters of twelve proliferation studies performed using Jurkat cells treated for varying times.  Passage number ranged from 3 to 67.  “Well Plate Type” column indicates the type of well plate for re-seeding for proliferation studies.  
Figure 1:  Preliminary viability and proliferation studies.  (a) Cell membrane integrity was assessed immediately after heat treatment for each sample using the Trypan blue method (Vi-Cell) and AO/DAPI method (NC-3000). (b) Viable cell concentration was measured using AO/DAPI (NC-3000) for up to 96 h following heat treatment to monitor cell proliferation. Error bars represent standard deviation.   
Figure 2. Schematic workflow of the experimental design and computational analysis.  Proliferation studies were conducted to establish a correlative model to estimate proliferation rate from cell treatment or other relevant data.  Measurements were made at 0 h and 24 h after heat treatment to evaluate the utility of different assays in predicting Jurkat cell proliferative capacity (T2 or T2est). AO/DAPI exclusion was evaluated for every proliferation study while LDH, Annexin/PI, and ATP assays were typically evaluated in separate studies.
Figure 3. Gompertz proliferation model and inflection points. (a) Cell population growth for fixed saturating population value  and offset for exponential growth . (b) Cell population growth for fixed saturating population value  and offset for constant growth rate . (c) Examples of Jurkat cell proliferation curves at different approximate T2 values; cells were treated with heat for varying amounts of time to cause changes in proliferation kinetics. N is viable cell concentration/mL x 106 based on the AO/DAPI cell count and viability assay on the NC-3000. The solid lines represent the Gompertz model fit obtained using nonlinear least squares.
Figure 4: Predictability of the 2nd inflection point, T2, from treatment time and AO/DAPI 24 h % viability. (a) Linear regression analysis of paired T2 and heat treatment time, TH; data for 12 proliferation studies. (b) Nonlinear regression analysis of the paired T2 and 24 h AO/DAPI membrane permeability data from 11 proliferation studies. The choice of linear or nonlinear regression analysis and the mathematical form of the functions was determined heuristically.  (a) and (b) The dark red line represents the regression line. The pale purple interval around the regression line is the 95 % confidence interval (CI) due to the error in the parameter estimation from the regression analysis. The wider pale red interval surrounding the regression line is the 95% prediction bound (PB) due to the scatter of points around the regression line. (c) Relative width of the 95 % CI and 95 % PB with respect to the estimated T2 from the regression analysis. Study 2 was removed from (b) due to lack of a 24 h datapoint.
Figure 5:  Comparative analysis between assay results and proliferation at 0h and 24 h after heat treatment.  (a) Paired T2 and 0 h AO/DAPI data. (b) T2-vs-24 h AO/DAPI (same data as Fig. 4b). (c) Linear regression analysis of the LDH assay (100 - %C) 0 h data and the estimated T2 from the AO/DAPI-T2 power law. (d) Nonlinear regression analysis of the LDH assay (100 - %C) 24 h data and the estimated T2 from the AO/DAPI-T2 power law (e) Estimated T2 and Annexin Late Apoptotic (ALA) 0h data (f) Linear regression analysis of estimated T2 and ALA 24 h data. In (e) and (f) the x-axis indicates % late apoptotic (Annexin positive and PI positive) population.  (g) Estimated T2 and ATP 0 h data. Linear regression analysis shown for individual studies. (h) Estimated T2 and ATP 24 h data. Linear regression analysis shown for individual studies. The 95 % CI is the pale purple interval and the 95 % PB is the pale red interval. The s.d. value in the subfigures reports the standard deviation from the regression line of the observed data points. In (a) and (b) the y-axis indicates the measured T2 value from the Gompertz model and in (c) – (h) the y-axis indicates the estimated T2 value from the regression analysis.
Figure 6:  Sensitivity analysis and classification of T2. (a) T2-vs-AO/DAPI % 24 h response curve. The darker red interval bounds the 1s interval for the prediction bound (PB) and the paler red interval is the 95 % PB. (b) The cumulative probability of observing a T2 higher than a cutoff T2 value for each AO/DAPI %value within the range. The cutoff probability is obtained using the distribution in T2 values that exists for each AO/DAPI %value in (a). The legend in each sub-plot represents the value for the desired cutoff T2 value. (c) The conditional distribution in AO/DAPI % for a given T2 value. The probability distribution is obtained by sampling the density in AO/DAPI % values in (a) for a given T2 value and then normalizing the sum to be equal to 1. (d) Receiver operating characteristic (ROC) curves using the conditional distributions P[AO/DAPI|T2] for pairs of T2 values. The higher T2 value is the true positive case and the lower T2 value is the true negative case. The number inside each plot is the area under the ROC curve (AUC).  Representative ROC curves are presented for each time interval (12 h, 24 h, 48 h) between T2 values (See Supplement 16 for all ROC curves). (e,f,g,h,) LDH assay 24 h (assay results represented by 100-%C, where %C is the % cytotoxicity), (i,j,k,l) Annexin assay, Annexin %late apoptotic cell population.
Figure 7: (a) Hypothetical criteria for theoretical scenarios for target T2 values less than or equal to a desired T2 cut-off time, with 5% uncertainty (p = 0.05), the listed viability criteria for each assay would need to be met. (b) Maximum AUC values (also see Supplement 16) obtained by comparing probability distribution functions for T2 values separated by a time interval (h) for AO/DAPI % 24 h, LDH cytotoxicity 24 h, and Annexin % late apoptotic 24 h cell viability assays.  
Figure 8. Generalized approach for identifying fit-for-purpose cell assays that are predictive of a desired bioprocess outcome. The top row illustrates a general approach to experimental design, and the bottom row uses cell viability as a specific example.
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· This article proposes a generalized framework for establishing critical quality attributes of cell therapy products. It highlights the need to establish well-designed, fit-for-purpose measurements as well as the use of appropriate statistical methods.
Chan LL-Y, Kuksin D, Laverty DJ, Saldi S, Qiu J. Morphological observation and analysis using automated image cytometry for the comparison of trypan blue and fluorescence-based viability detection method. Cytotech. DOI 10.1007/s10616-014-9704-5(67), 461-473 (2015). *
· This research article compares two commonly used cell viability methods and demonstrates the impact of exposure to the chemicals on the resulting measurement. It emphasizes the concept of identifying an appropriate assay type which will reflect the sample’s properties without properties of the dye confounding the measurement.

Chong EA, Levine BL, Grupp SA et al. CAR T cell viability release testing and clinical outcomes: is there a lower limit? Blood 134(21), 1873-1875 (2019). **
· This paper evaluates efficacy of the cell therapy product tisagenlecuecel, comparing viability measurements to patient outcome and finding no correlation between those administered product >80% viability and those administered product of lower than 80% viability. This evidence was used to argue for a lower (70%) viability release criterion and also calls for a closer study of release criteria for CAR-T products, driven by patient response.

Pierce L, Sarkar S, Chan LL-Y, Lin B, Qiu J. Outcomes from a cell viability workshop: fit-for-purpose considerations for cell viability measurements for cellular therapeutic products. Cell and Gene Therapy Insights 7 551-569 (2021).**
· This review of a cell viability workshop reports the results of a survey of cell therapy industry needs for viability measurements and highlights the concept of fit-for-purpose measurement needs.  It demonstrates the concept of identifying and selecting a fit-for-purpose method through evaluating measurement method considerations, biological considerations, and sample considerations.
Vaghi C, Rodallec A, Fanciullino R et al. Population modeling of tumor growth curves and the reduced Gompertz model improve prediction of the age of experimental tumors. PLOS Computational Biology 16(2), e1007178 (2020). *
· This paper explains the modeling of proliferation kinetics using the Gompertz model and reduced Gompertz model and explains the key differences in parameters for each. It explains how the Gompertz model provides a superior fit to populations data as compared to the logistic and exponential models.
Bersenev A, Kili S. Management of ‘out of specification’ commercial autologous CAR-T cell products. Cell and Gene Therapy Insights 4(11), 1051-1058 (2018). *

· This paper gives several recent examples of cell therapy products which fell out of specification, highlights the idea that CAR-T products have inherent manufacturing variabilities, and stresses that these variabilities may not necessarily be reflective of product outcome. It calls for the development of an alternate approach to setting CAR-T manufacturing specifications.
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