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A B S T R A C T   

Excipients serve as vehicles, preservatives, solubilizers, and colorants for drugs, food, and cosmetics. They are 
considered to be inert at biological targets; however, several reports suggest that some could interact with human 
targets and cause unwanted effects. We investigated 40 commonly used drug excipients for cellular stress in the 
AsedaSciences® SYSTEMETRIC® Cell Health Screen, which was developed to estimate toxicity risk of small 
molecular entities (SMEs). The screen uses supervised machine learning (ML) to classify test compound cell stress 
phenotypes relative to a training set of on-market and withdrawn drugs. While 80% (n = 32) of the excipients did 
not show elevated risk in a broad, but pharmacologically relevant, concentration range (5 nM to 100 μM), we 
identified 20% (n = 8) with elevated risk. This group included two mercury containing preservatives, propyl 
gallate, methylene blue, benzethonium chloride, and cetylpyridinium chloride, all known for previously reported 
safety issues. All compounds were tested in parallel in an in vitro assay panel regularly used to investigate off- 
target effects of drug candidates. Target engagement in this assay panel confirmed risk-indicative biological 
activity for the same excipients, except propyl gallate, which may have a separate, interesting mechanism. We 
conclude that the SYSTEMETRIC Cell Health Screen, in conjunction with in vitro pharmacological profiling, can 
provide a fast and cost effective methodology for first line testing of SMEs, including excipients, to avoid cellular 
damage, particularly in the GI, where they are represented in high concentrations.   

1. Introduction 

While a large number of putatively inactive ingredients (excipients) 
are the dominant content of drug formulations, we know relatively little 
about their biological effects and, more importantly, their safety related 
characteristics (Pifferi & Restani, 2003). The FDA regulates maximum 
dose of individual excipients; however, with the exception of genetic 
toxicity testing (U.S. Food and Drug Administration: Inactive Ingredient 
Search for Approved Drug Products, 2021), history shows mostly 
anecdotal in vitro and in vivo studies, which addressed specific issues 
associated with human target engagement outside of regulated testing 

for safety of drug candidates (Burbacher et al., 2005; Chevalier, Sakar-
ovitch, Precheur, Lamure, & Pouyssegur-Rougier, 2015; Yang, Lim, 
Bazer, & Song, 2018). While the majority of excipients are implemented 
without obvious biological effects, often due to their very poor exposure 
to systemic circulation (Loftsson, 2015), several cases exemplify the 
importance of their possible toxic features. Namely, FD&C Red No. 2, 
bithionol, and amaranth have been de-listed from the Food, Drug and 
Cosmetic Act (FD&C). In addition, low birthweight infants have a 
particular sensitivity to some excipients, which are otherwise rendered 
safe in adult populations (Ivanovska, Rademaker, van Dijk, & Mantel- 
Teeuwisse, 2014). Some food dyes, namely erythrosine, tartrazine, 
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and sunset yellow, have been associated with behavioral effects in 
children, such as irritability, restlessness, and sleep disturbances (Bora, 
Das, Bhattacharyya, & Barooah, 2019; Rowe & Rowe, 1994). In-
teractions between excipients themselves and with active drug compo-
nents have become important as more patients take multiple drugs with 
a large variety of components (Levy, Lipshitz, & Eliakim, 1979; Vita & 
Benvenga, 2014). In addition to biological effects of excipients on 
human cells, their interaction with the microbiome could also present 
safety concerns (Walsh, Griffin, Clarke, & Hyland, 2018). 

Recent work has addressed excipient safety and increased awareness 
of the need for systematic testing for possible adverse biological effects 
(Kiss et al., 2013; Osterberg & See, 2003; Pottel et al., 2020). Fortu-
nately, for efficiency of test design and resource use, excipient safety 
assessment can include profiling panels designed for regular pharma-
ceutical safety testing of new molecules (Bowes et al., 2012; Whitebread, 
Hamon, Bojanic, & Urban, 2005). However, while these methods can 
flag possible harmful effects of excipients, which are standardized 
relative to biomolecular safety targets or signature phenotypes, they can 
be relatively expensive for the elimination of chemical structures asso-
ciated with general cell health issues. Furthermore, many applied 
screens are unidimensional, with low information content, requiring 
multiple separate workflows to assemble adequate multidimensional 
information. Flow cytometry (FC) is an established technique for mul-
tiparametric phenotypic analysis of single cells, but its integration into 
HTS/HCS has been slow because its traditional manually guided data 
processing prevents rapid, unbiased analysis and limits reproducibility 
across large numbers of samples. Application of machine learning (ML) 
rectifies this shortcoming by enabling automated detection of predictive 
features within multiparametric data. In the present study, we demon-
strate and validate such an approach developed by AsedaSciences for 
rapid, cost effective prediction of toxicity risk for commonly used ex-
cipients. The major goal of this study is to explore whether the Ase-
daSciences SYSTEMETRIC Cell Health Screen can provide a fast, first 
line readout of safety risk for small molecules, including excipients, 
which can be validated by data from pre-existing secondary pharma-
cology screens. To confirm this utility, we compared the predictions of 
this screen with the outcomes of target-based profiling assays for the 
same excipients, which identified molecular interactions associated with 
clinically observed adverse events (ADRs) (Pottel et al., 2020). 

The Cell Health Screen estimates toxicity risk by applying a super-
vised ML classifier to multiparametric phenotypic data produced by an 
automated flow cytometry assay. Flow cytometry allows multiplexing of 
physiological reporting dyes and collection of light scatter data that 
inform cell morphology. Test compounds are screened in a 10-step 
dilution series from 5 nM to 100 μM. However, instead of generating 
standard dose-response curves for each FC readout, all FC data for all 
concentration steps are converted to a feature vector, and this vector 
represents a test compound’s phenotype in much the same way that a 
human facial map is used in a facial recognition algorithm. A training set 
of 300 compounds, predominantly comprised of on-market drugs, 
withdrawn drugs, and research compounds, trains the ML classifier by 
assigning “high risk” and “low risk” compounds to two classes based on 
literature/market information. The empirical screen phenotypes in these 
two classes are then optimally fit to a multidimensional logistic model. 
Finally, for each test compound, the ML classifier produces the proba-
bility (0–1) of assigning the test compound to the “high risk” class, based 
upon the similarity of its phenotype to those in the training set classes. 
This probability value is the Cell Health Index™, or CHI™. In similar 
fashion, individual FC parameters are also assigned a probability value. 
In those cases, the ML classifier asks this question: if the phenotypic data 
for that parameter were the only data that existed, how likely would it 
be to assign the test compound to the “high risk” class? These probability 
values are then color-coded for ease of visual assessment. 

2. Methods and materials 

2.1. Source of test compounds 

All 40 excipients were provided from the Novartis compound library 
after QC analysis confirmed >99% purity. The selection represents a 
broad range of excipients applied as fillers/compactors, solubilizers, 
absorption enhancers, flavorings, preservatives, and dyes (see Table 1). 
Most of the excipients in this selection are actively used in drugs and 
foodstuff, with the exception of a few banned molecules. All excipients 
were dissolved in DMSO and provided as 10 mM stocks. In choosing 
candidate compounds for the study, we considered limitations that 
eliminated some excipients from our list, such as low solubility, aggre-
gation, color quenching, and chemical stability. 

2.2. AsedaSciences SYSTEMETRIC cell health screen 

The Cell Health Screen is a multiparametric acute cell stress assay, 
using a panel of fluorescent physiological reporting dyes, on an auto-
mated flow cytometry platform. Rather than simply producing dose- 

Table 1 
Selected excipients and their application in drugs and/or foodstuff.  

Excipient CASRN Application 

Gentisic acid (2,5-dihydroxybenzoic acid) 490-79-9 Antioxidant 
Propylene glycol 57-55-6 Binder/solubilizer 
Hydroxypropyl cellulose 9004-64-2 Binder/solubilizer 
Methyl cellulose 9004-67-5 Binder/solubilizer 
PEG 400 25322-68- 

3 
Binder/solubilizer 

Polysorbate 80 9005-65-6 Binder/solubilizer 
Succinic acid 110-15-6 Binder/solubilizer 
Hydroxylpropyl methyl cellulose 9004-65-3 Coating 
Oleic acid 112-80-1 Coating 
Triethyl citrate 77-93-0 Coating 
D&C Red #28 (Phloxine B) 18472-87- 

2 
Colorant 

FD&C Red #3 (Erythrosine extra bluish) 16423-68- 
0 

Colorant 

Methylene blue hydrate 67183-68- 
0 

Colorant 

Tartrazine (FD&C Yellow #5) 1934-21-0 Colorant 
D-Mannitol 69-65-8 Compacting agent 
Lactose 63-42-3 Compacting agent 
1-(o-Tolyl)biguanide 93-69-6 Detergent 
Butyl paraben 94-26-8 Disintegrant 
Povidone (PVP or Polyvinylpyrrolidone) 9003-39-8 Disintegrant 
Aspartame 22839-47- 

0 
Flavoring 

Glycerine 56-81-5 Flavoring 
Saccharin 81-07-2 Flavoring 
Diethyl phthalate 84-66-2 Lubricant 
Stearic acid 57-11-4 Lubricant 
Palmitic acid 57-10-3 Lubricant/food 

additive 
Thymol (2-isopropyl-5-methylphenol) 89-83-8 Preservative 
Chloroxylenol (4-chloro-3,5- 

dimethylphenol) 
88-04-0 Preservative 

Benzethonium chloride 121-54-0 Preservative 
Benzoic acid 65-85-0 Preservative 
Benzyl alcohol 100-51-6 Preservative 
Cetylpyridinium chloride monohydrate 6004-24-6 Preservative 
Ethylparaben 120-47-8 Preservative 
Methylparaben (methyl 4- 

hydroxybenzoate) 
99-76-3 Preservative 

Phenylmercuric acetate 62-38-4 Preservative 
Propyl gallate (E310) 121-79-9 Preservative 
Propylparaben 94-13-3 Preservative 
Thimerosal 54-64-8 Preservative 
Phenol 108-95-2 Preservative/ 

antiseptic 
Ethylene diamine 107-15-3 Solubilizer 
Sodium dodecyl sulfate 151-21-3 Surfactant  
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response curves for all individual biological readouts, features are 
generated by computing custom-defined distance functions between test 
and control wells. All test compounds are represented as feature vectors, 
after which the analysis algorithm employs a logistic regression model to 
classify test compounds relative to a training set. This machine learning 
(ML) approach integrates all measured readouts into a single predictive 
statistical model. This data processing strategy has two notable advan-
tages: 1) feature extraction and data reduction avoid subjective gating of 
flow cytometry data; 2) the ML classifier has been trained with 300 
known compounds comprised of on-market and withdrawn drugs and 
research compounds. This training set empirically covers the full range 
of possible phenotypes in the Cell Health Screen, from noresponse to 
acute stress, with sufficient representation across the spectrum. Training 
set compounds were assigned to binary classes (“yes” = expectation of 
high cell stress or “positive” phenotype; “no” = no expectation of posi-
tive phenotype). This externally established ground-truth was based 
upon manually curated information from research literature and, where 
applicable, clinical trial results and commercial/regulatory histories. 

For an unknown test compound, the ML classifier uses all the FC 
parameter features describing compound response, simultaneously, to 
predict the final assignment. This is achieved by calculating the proba-
bility of assigning that compound’s screen phenotype to the “yes” class 
defined by the training set. By specifying the problem as a classification 
challenge, the data analysis pipeline assures that any apparent lack of 
coordinated change among biological readouts presents no interpreta-
tion challenge. All phenotypic data are treated simply as input features 
to a statistical model. In contrast, many conventional flow cytometry 
assays require strict mechanistic interpretation of every measured bio-
logical readout, often resulting in conflicting conclusions (e.g. if reactive 
oxygen species increase, but glutathione is unaffected, which should be 
“believed”?). The final probability score, or Cell Health Index, is a 
quantitative assessment of a multiparametric phenotype’s similarity to a 
diverse set of known good and bad actors. Finally, choosing HL60 as our 
reporter cell line means that the screen is explicitly designed not to 
detect instances in which a parent compound only causes cellular 
toxicity via metabolites. This design feature provides certain advan-
tages, exemplified by the fact that our screen reports a stark difference 
between terfenadine (highly cytotoxic when not metabolized) and its 
metabolite fexofenadine. A more detailed description of the screen 
execution follows below. 

2.2.1. Physical execution summary 
In a 384-well platform, HL60 cells are exposed to a 10-step, 3×

dilution series of each test compound (5 nM - 100 μM) for 4 h at 37 ◦C 
with 5% CO2. Each dilution series is screened in duplicate, occupying a 
total of 20 wells, allowing 16 test compounds to be assayed on each 
plate. Each row contains one positive and one negative control well, for 
a total of 16 matched control pairs on each assay plate. Compound 
formatting, cell deposition, and dye application are performed roboti-
cally, so that final assay conditions comprise 100,000 cells in a 40 μl 
volume. After compound exposure, live cells are rapidly stained with a 
panel of fluorescent dyes that report physiological signatures of both 
mitochondrial dysfunction and gross cell stress. Fluorescence data are 
collected using automated flow cytometry with no gating. In addition, 
forward scatter and side scatter at 488 nm are acquired for conversion 
into a cell morphology parameter. Well-specific flow cytometry data 
files, with an accompanying map of well contents, are moved to cloud 
infrastructure where the automated algorithm for quality control and 
ML classification is triggered. 

2.2.2. HL60 cell culture production 
HL60 cells are produced as suspension cultures in non-treated 850 

cm2 roller bottles with vented caps, at 1 RPM, 5% CO2, and 37 ◦C. 
Culture medium is RPMI 1640 without glucose, supplemented with 10 
mM galactose and 10% dialyzed heat-inactivated FBS. Further supple-
mentation follows ATCC standard recommendations for this cell line. 

Culture density is maintained at or below 1 × 106 cells/ml. A new 
production lineage of HL60 cells is started each month, and a crossover 
screen is performed in which the old and new production lineages are 
compared by using a set of 16 reference compounds to produce a known 
set of stress phenotypes. In this way, variation of screen performance is 
minimized by producing all screening cell populations within a narrow 
range of passage numbers, each checked for consistency of phenotypic 
performance with reference compounds. 

2.2.3. Test compound formatting, cell exposure, and staining 
Test compounds are screened in sets of 16. Each set is formatted in 

two replicate 384-well plates (Eppendorf Protein LoBind®, catalog 
number 951040589) for assays with two subsets of fluorescent dyes. 
(Spectral overlap and DMSO limitation prevent simultaneous use of the 
complete dye panel.) Compounds in these replicate plates are identical 
except for positive controls, which have been chosen to produce an 
optimal response within each subset of fluorescent reporter dyes. Test 
compound dilution series and controls are formatted on a Biomek® 
4000. Each compound is formatted as a 10-step, 3× dilution series, in 
duplicate, on each of the two plates. Negative control wells contain the 
diluent used for both the test compound dilution series and positive 
controls. Both positive and negative controls are distributed to plate 
wells from a single initial reservoir of each control mixture. Final assay 
concentration range for test compounds is 5 nM to 100 μM. The diluent 
is RPMI 1640 (supplemented as above) with final working concentration 
of DMSO normalized to 1% in all wells. Prior to cell deposition, assay 
plates containing formatted compounds are sealed and stored at room 
temperature, protected from light, for 2 h, to allow binding equilibrium 
between serum components and test compounds. A Biomek NXP is used 
to deposit cells in all wells, at a density of 2.5 × 106 cells/ml, in a final 
assay volume of 40 μl per well (approximately 100,000 cells per well). 
After cell deposition, each assay plate is sealed with breathable plate 
sealer, shaken at 2,200 RPM for 10 s (Illumina® High-speed microplate 
shaker), and incubated for 4 h at 37 ◦C with 5% CO2. 

2.2.3.1. First fluorescent dye mix and staining conditions. Dye mix buffer 
is 1× PBS with 4% FBS, filter sterilized. The dye set consists of: Calcein 
AM, SYTOX™ Red, MitoSOX™ Red, and Monobromobimane (Life 
Technologies catalog numbers C1430, S34859, M36008, and M20381, 
respectively). Dye concentrations were previously optimized to produce 
maximum dynamic range between positive and negative control wells. 
Prior to deposition of dye mix, the assay plate is removed from its 4 h 
incubation, and cells are gently pelleted at 300 ×g for 2 min. A Biomek 
NXP is then used to aspirate 20 μl of each well volume, after which 20 μl 
of dye mix is deposited in all wells. After dye deposition, the plate is re- 
sealed with its breathable plate sealer, shaken 2× at 2,200 RPM for 5 s 
each time (1 s interval), and incubated for 10 min at 37 ◦C with 5% CO2. 
The plate is then rapidly cooled to room temperature for 1 min in a 
shallow water bath, after which acquisition of flow cytometry data is 
started immediately. 

2.2.3.2. Second fluorescent dye mix and staining conditions. Dye mix 
buffer is 1× PBS with 4% FBS, filter sterilized. The dye set consists of: 
JC-9, propidium iodide, and Vybrant® DyeCycle™ Violet (Life Tech-
nologies catalog numbers D22421, P3566, V35003, respectively). Dye 
concentrations were previously optimized to produce maximum dy-
namic range between positive and negative control wells. Cell pelleting 
and dye deposition are performed as above, in 2.2.3.1. After dye depo-
sition, the plate is re-sealed with its breathable plate sealer, shaken 2× at 
2,200 RPM for 5 s each time (1 s interval), and incubated for 30 min at 
37 ◦C with 5% CO2. The plate is then allowed to sit at room temperature 
for 15 min, protected from light. Acquisition of flow cytometry data is 
started immediately after this 15 min period. 
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2.2.4. Acquisition of flow cytometry data 
Flow cytometry data are acquired with a CyAn™ ADP flow cytom-

eter (Beckman Coulter) with automated sampling performed by a 
HyperCyt® autosampler (Intellicyt). Autosampler settings are optimized 
to aspirate ≥10,000 cells per well. As described in Section 2.2.3 above, 
the complete set of fluorescent dyes is applied as two non-overlapping 
mixtures on replicate assay plates. Therefore, two separate flow cy-
tometer acquisition protocols are used. Note that all channels are ac-
quired with no gating. Triggering is on Forward Scatter with Threshold 
= 5%. Acquisition channel settings in Summit (version 4.3) for these two 
protocols are described in Table 2 and Table 3. 

2.2.5. Data processing and analysis 
All well-specific flow cytometry data and matching plate map files 

are transferred to an EC2 server instance on Amazon Web Services 
(AWS). An automated algorithm converts the raw data to risk scores for 
each compound in two stages: 

2.2.5.1. Feature reduction. For each test compound, ungated detection 
parameters are converted to a feature vector as follows. For each con-
centration step in a test compound dilution series, quadratic form (QF) 
distance is calculated between the empirical distribution of a flow 
cytometry parameter and that same parameter in the negative-control 
well, in the same plate row. All QF distance values for the dilution se-
ries then form a dose-response distance curve for that FC parameter. The 
same process is executed for all FC parameters, after which each of these 
curves is further reduced to two values: the point of the maximum rate of 
change and the range within which change occurs. By analogy, if a 
sigmoid curve approximated the observed response, the point of the 
maximum rate of change would be its inflection point, and the range 
would be described by the distance between the low and high “plateaus” 
of the curve. These two values for each FC parameter, point of maximum 
rate of change and range, are then assembled into a feature vector 
representing all FC parameters. This vector serves as the quantitative 
phenotype for the test compound, to be used in subsequent ML classi-
fication. Note that the use of row-specific negative control wells serves 
to control for time-dependent signal drift that can occur for the fluo-
rescent dyes as the assay plate sits on the autosampler stage. This 
method allows QF distance values to be calculated between test com-
pound wells and the negative control replicate closest to them in sam-
pling time, which normalizes for signal drift from the beginning to the 
end of the assay plate acquisition. 

2.2.5.2. Machine learning classification. Risk scores are produced for test 
compounds with an ML classifier employing supervised learning with a 
multidimensional logistic model. The classifier is trained on a set of 300 
known compounds drawn from on-market pharmaceuticals, withdrawn 
drugs, research compounds, and a few industrial/agricultural com-
pounds. First, all training set compounds are assigned to one of two 
binary classes: the “yes” (expectation of high cell stress) or “no” class. 
This assignment is based upon manually curated external information 
from the scientific literature, clinical trial results, and/or known com-
mercial histories. Each training set compound was also screened to 
produce an empirical phenotypic feature vector, as described above. The 

classifier is trained by repeated cross-validation. For the two training 
classes, established from external information, the logistic model opti-
mization process seeks the most parsimonious model allowing for 
maximum separation of the two populations of phenotypes. The opti-
mally fit model then becomes the classification tool allowing calculation 
of the probability that a feature vector, from any compound, could be 
assigned to the “yes” (high cell stress) class. Subsequently, for any test 
compound, the final multiparametric risk score, or Cell Health Index 
(CHI), is the probability with which the test compound’s phenotypic 
feature vector can be assigned to the “yes” class defined by the training 
set. In addition, a series of unidimensional classifiers are trained and 
applied to the detection parameters separately, calculating the proba-
bility of “yes” class assignment if only data for that flow cytometry 
parameter are considered. These single parameter classifications pro-
duce a “fingerprint” of scores that can be interpreted as indicating 
relative contributions of each parameter to the final multiparameter CHI 
score. However, note that the predictivity of the individual parameters is 
not assumed to be equal, among themselves or to the CHI. All test 
compound results are traceable to specific screen run instances and 
original compound stocks, regardless of whether any compound name 
appears more than once within/among screening instances. 

2.3. Target-based pharmacology assays 

The 40 excipients were also tested in a standard secondary phar-
macology panel consisting of 31 assays, providing concentration 
response curves for target engagement, and an additional set of 78 as-
says determining a single point target engagement at 30 μM (see 
Table 4). All targets are associated with the risk of well characterized 
clinical adverse drug reactions (ADRs) (Bowes et al., 2012; Whitebread 
et al., 2005).  

1. GPCR, hormone nuclear receptor, ion channel and transporter 
binding assays  

a) Typical filtration assay (GPCR, ion channel, transporter) 

Cell membrane homogenates are incubated with a radioligand in the 
absence or presence of the excipient in an assay buffer. A typical buffer 
contained 50 mM Tris-HCl (pH 7.4), 120 mM NaCl, 5 mM KCl, 5 mM 
MgCl2 and 5 mM EDTA. Nonspecific binding is determined in the 
presence of a target specific reference compound. Following incubation, 
the samples are filtered rapidly under vacuum through glass fiber filters 
(GF/B, Packard) presoaked with 0.3% PEI and rinsed several times with 
ice-cold 50 mM Tris-HCl using a 96-sample cell harvester (Unifilter, 
Packard). The filters are dried and then counted for radioactivity in a 
scintillation counter (Topcount, Packard) using a scintillation cocktail 
(Microscint 0, Packard).  

b) Typical filtration assay (hormone nuclear receptor) 

Fractions of cell cytosol (1.2 × 105 cells) are incubated for 20 h at 
4 ◦C with radioligand in the absence or presence of the excipient in a 

Table 2 
Summit 4.3 acquisition settings for the first dye mix in the Cell Health Screen.  

Dye CyAn ADP Channel 
Name 

Peak/Area/ 
Log 

Voltage Gain 

NA Forward Scatter Peak/Area NA 2.5 
NA Side Scatter Peak/Area 533 1.0 
Calcein AM FITC Log 520 1.0 
MitoSOX Red PE-Texas Red Log 750 1.0 
monobromobimane Violet 2 Log 385 1.0 
SYTOX Red APC Log 675 1.0  

Table 3 
Summit 4.3 acquisition settings for the second dye mix in the Cell Health Screen.  

Dye CyAn ADP Channel 
Name 

Peak/Area/ 
Log 

Voltage Gain 

NA Forward Scatter Peak/Area NA 2.5 
NA Side Scatter Peak/Area 533 1.0 
JC-9 (green emission) FITC Log 335 1.0 
JC-9 (red emission) PE-Texas Red Log 525 1.0 
Propidium iodide PE-Cy7 Peak/Area/ 

Log 
650 1.0 

Vybrant DyeCycle 
Violet 

Violet 1 Peak/Area 455 1.0  
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Table 4 
Secondary pharmacology panel assays.  

Family Receptor Detection method Family Enzyme Detection method 

Adenosine A1 Scintillation 
counting 

ATPase Sodium/potassium -transporting 
ATPase subunit α-2 

Photometry 

A2A Scintillation 
counting 

Caspase Caspase 3 Fluorimetry 

A3* Scintillation 
counting 

Catecholamine MAO-A* Photometry 

Adrenoceptor α1A* Fluorimetry  MAO-B Photometry 
α2A* Scintillation 

counting 
Cyclooxygenase COX-1* Fluorimetry 

α2B Scintillation 
counting  

COX-2* Fluorimetry 

β1 Scintillation 
counting 

Chymotrypsin thrombin* Fluorimetry 

β3 Scintillation 
counting 

Histone deacetylase sirtuin 6 Fluorimetry 

Apelin apelin Scintillation 
counting 

Hydrolase AChE* Photometry 

Bombesin BB2 Scintillation 
counting 

Lipoxygenase 5-LOX Fluorimetry 

Cholecystokinin CCK1 Scintillation 
counting 

Matrix metallopeptidase MMP8 Fluorimetry 

CCK2 Scintillation 
counting 

Pepsin cathepsin D Fluorimetry 

Dopamine D1* Scintillation 
counting 

Phosphatase PTEN Fluorimetry 

D2L Scintillation 
counting  

PTPN6 Fluorimetry 

D3* Scintillation 
counting 

Phosphodiesterase PDE3A* Scintillation 
counting 

Endothelin ETA Scintillation 
counting  

PDE4D* Scintillation 
counting 

Ghrelin ghrelin Scintillation 
counting 

RTK EGFR Scintillation 
counting 

Glutamate GluA1 Scintillation 
counting  

HER2 Scintillation 
counting 

GluN1 Scintillation 
counting  

VEGFR-2* Scintillation 
counting 

Glycine Glycine receptor α1 subunit Scintillation 
counting    

Histamine H1 Fluorimetry Family Nuclear hormone receptor Detection 
method  

H3* Scintillation 
counting 

3-Ketosteroid Androgen receptor* Scintillation 
counting 

Imidazoline I2 Scintillation 
counting  

Glucocorticoid receptor Scintillation 
counting 

Leukotriene CysLT1 Scintillation 
counting  

Progesterone receptor * Scintillation 
counting 

CysLT2 Scintillation 
counting 

Estrogen Estrogen receptor-α* Scintillation 
counting 

Melanocortin MC1 Scintillation 
counting 

Peroxisome proliferator-activated 
receptors 

Peroxisome proliferator-activated 
receptor-γ 

Scintillation 
counting 

Melatonin MT1 Scintillation 
counting 

Vitamin D receptor-like Vitamin D receptor Scintillation 
counting 

MT2 Scintillation 
counting    

Motilin motilin Scintillation 
counting 

Family Ion Channel Detection 
method 

Acetylcholine 
(muscarinic) 

M1* Fluorimetry Calcium Cav1.2 Scintillation 
counting 

M2* Scintillation 
counting  

Cav2.2 Scintillation 
counting 

M3 Scintillation 
counting 

GABA GABAA * Scintillation 
counting 

Neurotensin MC1 Scintillation 
counting 

Potassium Kv11.1 (hERG)* Scintillation 
counting 

Nicotinic 
acetylcholine 

nACh α4β2 Scintillation 
counting 

Ryanodine RyR2 Scintillation 
counting 

Opioid δ Scintillation 
counting 

Serotonin 5-HT3 Scintillation 
counting 

κ Scintillation 
counting 

Sodium Nav1.5 Scintillation 
counting 

(continued on next page) 
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buffer containing 5 mM Na2HPO4/NaH2PO4 (pH 7.4), 20 mM Na2MoO4, 
10 mM monothioglycerol and 10% glycerol. Nonspecific binding is 
determined in the presence of a target specific reference compound. 
Following incubation, the samples are filtered rapidly under vacuum 
through glass fiber filters (GF/B, Packard) presoaked with 0.3% PEI and 
rinsed several times with ice-cold 50 mM Tris-HCl using a 96-sample cell 
harvester (Unifilter, Packard). The filters are dried and then counted for 
radioactivity in a scintillation counter (Topcount, Packard) using a 
scintillation cocktail (Microscint 0, Packard).  

2. GPCR functional assays  

c) Typical calcium flux assay 

Cells are suspended in DMEM buffer complemented with 0.1% FCSd, 
then distributed in microplates at a density of 3 × 104 cells/well. The 
fluorescent probe (Fluo4 direct, Invitrogen) mixed with probenecid in 

HBSS buffer (Invitrogen) complemented with 20 mM HEPES (Invi-
trogen) (pH 7.4) is then added into each well and equilibrated with the 
cells for 60 min at 37 ◦C followed by 15 min at 22 ◦C. 

Agonist mode: The assay plates are positioned in a microplate reader 
(CellLux, PerkinElmer) that is used for the addition of the excipient, 
reference agonist, or HBSS buffer (basal control), and the measurements 
of changes in fluorescence intensity, which varies proportionally to the 
free cytosolic Ca2+ ion concentration. For stimulated control measure-
ments (positive control), a known reference agonist at a concentration of 
EC100 is added in separate assay wells. Excipient results are expressed as 
a percent of this control response. An assay specific standard reference 
agonist is also tested in each experiment at eight concentrations to 
generate a concentration-response curve from which its EC50 value is 
calculated. 

Antagonist mode: The assay plates are positioned in a microplate 
reader (CellLux, PerkinElmer) that is used for the addition of the 
excipient, reference antagonist, or HBSS buffer (basal control), followed 

Table 4 (continued ) 

Family Receptor Detection method Family Enzyme Detection method 

μ* Scintillation 
counting    

Orexin OX1 Scintillation 
counting 

Family Transporter Detection 
method 

Platelet-activating 
factor 

PAF Scintillation 
counting 

GABA GAT3 Scintillation 
counting 

Prostanoid DP2 Scintillation 
counting 

Monoamine DAT* Scintillation 
counting 

EP1 Scintillation 
counting  

NET* Scintillation 
counting 

EP2 Scintillation 
counting  

SERT* Scintillation 
counting 

EP3 Scintillation 
counting  

VMAT2 Scintillation 
counting 

EP4 Scintillation 
counting 

Adenosine ENT1 Scintillation 
counting 

FP Scintillation 
counting 

Choline CTL1 Scintillation 
counting 

IP Scintillation 
counting 

ATP-binding cassette ABCB11 (BSEP) Scintillation 
counting 

TPA2* Fluorimetry    
Serotonin 5-HT1A* Scintillation 

counting    
5-HT1B Scintillation 

counting    
5-HT2A HTRF    
5-HT2B* HTRF    
5-HT2C Scintillation 

counting    
5-HT4E Scintillation 

counting    
5-HT6 Scintillation 

counting    
5-HT7 Scintillation 

counting    
Somatostatin SST1 Scintillation 

counting    
SST3 Scintillation 

counting    
SST5 Scintillation 

counting    
Sigma sigma non-opioid intracellular 

receptor 1 
Scintillation 
counting    

Tachykinin NK3 Scintillation 
counting    

Urotensin UT Scintillation 
counting    

Vasopressin/Oxytocin OT Scintillation 
counting    

V1A Scintillation 
counting    

Asterisks (*) mark assays in the primary panel (PP), which provides IC50 values. The rest of the assays test compounds at a single concentration of 30 μM, with the 
exception of two test compounds, thimerosal and propyl gallate, which were tested in the secondary panel at 10 μM. 

A.A. Bieberich et al.                                                                                                                                                                                                                            



Journal of Pharmacological and Toxicological Methods xxx (xxxx) xxx

7

5 min later with the EC80 of a known agonist, and the measurements of 
changes in fluorescence intensity, which varies proportionally to the free 
cytosolic Ca2+ ion concentration. Excipient results are expressed as a 
percent inhibition of the control response to the EC80 of the known 
agonist. An assay specific standard reference antagonist is tested in each 
experiment at eight concentrations to generate a concentration-response 
curve from which its IC50 value is calculated.  

d) Typical HTRF/IP1 assay 

Cells are suspended in a buffer containing 10 mM HEPES/NaOH (pH 
7.4), 4.2 mM KCl, 146 mM NaCl, 1 mM CaCl2, 0.5 mM MgCl2, 5.5 mM 
glucose and 50 mM LiCl, then distributed in microplates at a density of 4 
× 104 cells/well and incubated for 30 min at 37 ◦C in the presence of 
buffer (basal control), excipient, or reference agonist. 

Agonist mode: For stimulated control measurement, separate assay 
wells contain an EC100 of a known assay specific agonist. Following in-
cubation, the cells are lysed and the fluorescence acceptor (D2-labeled 
IP1) and fluorescence donor (anti-IP1 antibody labeled with europium 
cryptate) are added. After 60 min at room temperature, the fluorescence 
transfer is measured at λex = 337 nm and λem = 620 and 665 nm using a 
microplate reader (Rubystar, BMG). The IP1 concentration is deter-
mined by dividing the signal measured at 665 nm by that measured at 
620 nm (ratio). The results are expressed as a percent of the control 
response to the EC100 of the known assay specific agonist. A standard 
reference agonist is tested in each experiment at eight concentrations to 
generate a concentration-response curve from which its EC50 value is 
calculated.  

e) Typical GTPγS assay 

Excipient or vehicle is pre-incubated with the membranes and 10 μM 
GDP in modified HEPES pH 7.4 buffer for 20 min, and SPA beads are 
then added for another 60 min at 30 ◦C. The reaction is initiated by 0.3 
nM [35S]GTPγS for an additional 30 min incubation period. Excipient- 
induced increase of [35S]GTPγS binding by 50% or more, relative to 
the known assay specific agonist EC100 response, indicates possible 
agonist activity. Excipient-induced inhibition of known agonist EC80- 
induced increase of [35S]GTPγS binding response by 50% or more in-
dicates receptor antagonist activity.  

3. Enzymatic assays  

a) Typical SPA assay 

The excipient, reference compound, or water (control) are added to a 
buffer containing 40 mM Tris/HCl (pH 7.4) and 8 mM MgCl2, cAMP, and 
[3H]cAMP. Thereafter, the reaction is initiated by addition of the 
enzyme, and the mixture is incubated at room temperature. For basal 
control measurements, the enzyme is omitted from the reaction mixture. 
Following incubation, the reaction is stopped by addition of an excess of 
nucleotide, and SPA beads are added. After 30 min at 22 ◦C under 
shaking, the amount of [3H]5’AMP is quantified with a scintillation 
counter (Topcount, Packard). The results are expressed as a percent 
inhibition of the control enzyme activity.  

b) Typical fluorescence assay 

The excipient, reference compound, or buffer (control) are pre-
incubated for 15 min at 22 ◦C with enzyme in an assay specific buffer. As 
an example, a buffer may be comprised of 90 mM HEPES/NaOH (pH 
7.5), 90 mM NaCl, and 0.009% BSA. The fluorescence intensity is then 
measured using a microplate reader (EnVision, Perkin Elmer). This 
measurement at t = 0 allows detection of any excipient interference with 
the fluorimetric detection method. The enzymatic reaction is then 
initiated by adding the fluorogenic substrate. For basal control 

measurements, the enzyme is omitted from the reaction mixture. 
Thereafter, the mixture is incubated for 30 min at 22 ◦C, followed by a 
second measurement at the same wavelength (t = 30). The enzyme ac-
tivity is determined by subtracting the signal measured at t = 0 from that 
measured at t = 30. The results are expressed as a percent inhibition of 
the control enzyme activity. An assay specific standard inhibitory 
compound is tested in each experiment at eight concentrations to obtain 
an inhibition curve from which its IC50 value is calculated.  

c) Typical photometric assay 

The excipient, reference compound, or buffer (control) are pre-
incubated for 5 min at 30 ◦C with enzyme in an assay specific buffer. As 
an example, a buffer may be comprised of 50 mM Na2HPO4/NaH2PO4 
(pH 7.5) and 0.2% Triton X-100. Thereafter, the enzymatic reaction is 
initiated by the addition of the substrate. The absorbance is then 
measured using a microplate reader (EnVision, Perkin Elmer). This 
measurement at t = 0 allows detection of any excipient interference with 
the photometric detection method. For basal control measurements, the 
enzyme is omitted from the reaction mixture. Thereafter, the mixture is 
incubated for 30 min at 22 ◦C, followed by a second measurement at the 
same absorbance (t = 30). The enzyme activity is determined by sub-
tracting the signal measured at t = 0 from that measured at t = 30. The 
results are expressed as a percent inhibition of the control enzyme ac-
tivity. An assay specific standard inhibitory compound is tested in each 
experiment at eight concentrations to obtain an inhibition curve from 
which its IC50 value is calculated. 

3. Results 

Eight of the 40 excipients resulted in Cell Health Index >0.5, indi-
cating notable risk probability (see Fig. 1). Five excipients (methylene 
blue hydrate, benzethonium chloride, cetylpiridinium chloride, 
thimerosal, and phenylmercuric acetate) all scored a final CHI ≥0.90 
and produced high risk scores (> 0.90) for all FC parameters, including 
cell morphology, cell membrane integrity, reactive oxygen species, 
glutathione, cell cycle, mitochondrial membrane potential, and both 
nuclear membrane integrity readouts (treated as proxies for cell death). 
Two other dyes, D&C Red #28 (phloxine) and FD&C Red #3 (erythro-
sine) affected cell membrane integrity, generated reactive oxygen spe-
cies, and affected mitochondrial membrane potential, resulting in CHI 
scores >0.60. Unexpectedly, propyl gallate, a broadly used antioxidant 
in cosmetics and food products, for which we expected a good safety 
profile, produced a high CHI of 0.73 and high scores for individual FC 
parameters, except reactive oxygen species and cell membrane integrity. 
For these eight excipients, we discuss below the implications of their 
scores in the context of existing information. Both chloroxylenol and 
polysorbate 80 scored >0.90 for reactive oxygen species, but their CHI 
scores were below 0.5. The individual FC parameters each have less 
predictive power than the Cell Health Index, as the CHI is generated by 
allowing the ML classifier to use all FC parameter data simultaneously. 
Using a facial recognition analogy, the CHI is analogous to using all 
facial features, while the individual FC parameter scores are analogous 
to an attempt to recognize someone using only a particular facial feature 
(e.g., nose, eye separation, etc). However, in the case of the parabens, we 
discuss below their ranking with respect to their reactive oxygen species 
scores, which matches other work and suggests characteristics of a SAR 
series. 

In parallel, we tested the same selection of excipients in in vitro 
biochemical and cellular assays, which are regularly used to profile drug 
candidate molecules for their possible off-target effects (see Table 4). 
Target engagements in this panel of assays are associated with serious 
drug side effects and attract a high hit rate in the pharmaceutical 
chemistry space (Bowes et al., 2012; Whitebread et al., 2005). We 
looked for particular target interactions in a previous publication (Pottel 
et al., 2020), and we expanded the testing to additional targets, which 
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have a lesser hit frequency by drugs and drug candidates. For perfor-
mance comparison between the target-based panel and the Cell Health 
Screen, we treated presence/absence of target-based hits versus CHI 
scores as the operational unit of comparison without quantitatively 
analyzing promiscuity (hit rate) in the target-based panel, as a rigorous 
quantitative analysis would require a far larger compound set and 
target-based coverage of “negative” compounds, which is prohibitively 
expensive. However, target-based promiscuity clearly shows qualitative 
support for the highest CHI scores, suggesting that a large-scale study 
including known drugs and drug candidates would be of interest. Four 
excipients among the six strongest Cell Health Screen phenotypes 

showed high pharmacological promiscuity, with hit rates over 20%, in 
the target-based panels (see Table 5; individual targets of note appear in 
Table 6). Interestingly, propyl gallate and thimerosal showed very low 
hit rates, while still producing high-risk scores in the Cell Health Screen, 
suggesting biological effects of a more focused nature, which is sup-
ported by their target engagement potency and a possible non-protein 
target activity for propyl gallate, described below. 

In addition to the hit rate, we determined the potency (EC50/IC50) of 
the excipients in 31 assays (see Fig. 2). Among the compounds with the 
six highest CHI scores, propyl gallate and thimerosal showed strong 
engagement to particular targets. Propyl gallate hit the cyclooxygenase 

Compound name CM CMI ROS GSH NMI1 CC NMI2 MMP CHI THR
Phenylmercuric acetate 1.0000 0.9998 0.9999 0.9998 0.9993 0.9428 0.9904 0.9998 0.9548 58
Thimerosal 1.0000 0.9999 0.9999 0.9997 0.9939 0.9168 0.9977 0.9994 0.9360 17
Cetylpyridinium chloride 0.9999 0.9999 0.9999 0.9997 0.9997 0.9277 0.9983 0.9995 0.9169 64
Benzethonium chloride 1.0000 0.9999 0.9999 0.9997 0.9991 0.9473 0.9987 0.9992 0.9130 51
Methylene blue hydrate 0.9926 0.9998 0.9972 0.9959 0.9999 0.9948 0.9949 0.9987 0.9045 48
Propyl gallate 0.9992 0.4371 0.2608 0.9112 0.9887 0.5668 0.8819 0.9629 0.7268 3
FD&C Red 3 0.4748 0.9900 0.9990 0.0147 0.9988 0.0373 0.7373 0.9728 0.6771 48
D&C Red 28 0.0854 0.9692 0.9999 0.0353 0.9830 0.2101 0.1681 0.9842 0.6373 55
Polysorbate 80 0.5467 0.2476 0.9745 0.2342 0.1024 0.0322 0.1101 0.8924 0.4223 13
Chloroxylenol 0.1164 0.0097 0.9127 0.1897 0.9406 0.0269 0.5410 0.4095 0.3493 6
Propylparaben 0.4037 0.0349 0.6570 0.1669 0.2306 0.0504 0.0531 0.3051 0.2961 3
Tartrazine 0.0197 0.0265 0.0056 0.1346 0.9595 0.0053 0.6159 0.4509 0.2947 26
Butyl paraben 0.1267 0.4607 0.6416 0.0752 0.0506 0.0915 0.0436 0.0136 0.2861 7
Triethyl citrate 0.2279 0.0869 0.3139 0.0437 0.1915 0.0527 0.0724 0.0600 0.2748 0
Ethylparaben 0.0118 0.1034 0.2965 0.1840 0.6655 0.1319 0.0349 0.0298 0.2713 0
1-(o-Tolyl)biguanide 0.0480 0.0290 0.0832 0.1010 0.4937 0.0396 0.0075 0.3207 0.2484 7
Oleic acid 0.0174 0.0118 0.0178 0.0305 0.1538 0.0751 0.3193 0.1831 0.2369 18
Stearic acid 0.0050 0.1634 0.0523 0.1241 0.7809 0.0348 0.0363 0.2012 0.2241 10
Palmi�c acid 0.0698 0.6150 0.2180 0.0820 0.0891 0.0025 0.0390 0.0192 0.2115 4
Hydroxypropyl cellulose 0.0414 0.2930 0.0388 0.1240 0.1253 0.0189 0.0732 0.0294 0.1993 0
Thymol 0.0050 0.0063 0.0172 0.0321 0.1381 0.0082 0.0284 0.0872 0.1990 4
Aspartame 0.0286 0.4686 0.2306 0.0144 0.0300 0.0142 0.0218 0.0144 0.1933 0
Propylene glycol 0.0555 0.0400 0.0801 0.0315 0.3775 0.0160 0.0753 0.0476 0.1929 0
Povidone 0.0016 0.0295 0.0822 0.0265 0.3284 0.0153 0.7685 0.0360 0.1907 0
Ethylene diamine 0.0197 0.0234 0.0638 0.0248 0.2223 0.0141 0.0796 0.0248 0.1889 0
Sodium dodecyl sulfate 0.0512 0.0018 0.0099 0.1345 0.4025 0.0051 0.2357 0.0144 0.1831 24
Benzyl alcohol 0.0361 0.0307 0.0211 0.0320 0.0409 0.0155 0.0415 0.0173 0.1819 0
Succinic acid 0.0297 0.0867 0.0355 0.0188 0.0017 0.0690 0.0164 0.0062 0.1769 0
Diethyl phthalate 0.1620 0.0043 0.0254 0.0473 0.1593 0.0093 0.0067 0.0619 0.1734 3
Phenol 0.0148 0.0103 0.0108 0.1051 0.1364 0.0281 0.0061 0.1058 0.1732 0
Gen�sic acid 0.0007 0.2390 0.0708 0.0287 0.1140 0.0074 0.0054 0.0656 0.1649 0
Benzoic acid 0.0018 0.0085 0.0341 0.0702 0.0880 0.0421 0.0514 0.0122 0.1550 0
Methylparaben 0.0120 0.0077 0.0504 0.0410 0.2450 0.0022 0.0013 0.0018 0.1458 0
Lactose 0.0580 0.0027 0.0092 0.0177 0.0886 0.0223 0.0909 0.0097 0.1378 0
Hydroxypropyl methyl cellulose 0.0001 0.0028 0.0364 0.0264 0.1694 0.0431 0.0066 0.0240 0.1372 0
Saccharin 0.0058 0.0865 0.0606 0.0300 0.0168 0.0510 0.0418 0.0026 0.1346 1
D-Mannitol 0.0143 0.0011 0.0156 0.1490 0.3820 0.0200 0.0437 0.0102 0.1310 0
Glycerine 0.0271 0.0169 0.0187 0.0254 0.0455 0.0091 0.0024 0.0254 0.1257 0
Methyl cellulose 0.0003 0.0063 0.0138 0.0234 0.3914 0.0323 0.0312 0.0168 0.1200 0
PEG 400 0.0068 0.0196 0.0370 0.0368 0.0237 0.0234 0.1939 0.0045 0.1003 0

Fig. 1. Cell Health Screen ML classifier scores for 40 excipients. Column heading key: CM = cell morphology, CMI = cell membrane integrity, ROS = reactive oxygen 
species, GSH = glutathione, NMI1 = nuclear membrane integrity 1, CC = cell cycle, NMI2 = nuclear membrane integrity 2, MMP = mitochondrial membrane 
potential, CHI = Cell Health Index, THR = Target Hit Rate for in vitro assays. THR (i.e., pharmacological promiscuity) is the percentage of targets hit by the compound 
among all targets tested in the two panels of secondary pharmacology assays. 
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(COX-2) and lipoxygenase (5-LOX) enzymes specifically in the low 
micromolar range, and it was found to be highly active (IC50: 15 nM) at 
Catechol-O-methyltransferase (COMT) in a previous study (Pottel et al., 
2020). Thimerosal showed potent activity at several targets predictive of 
adverse drug effects, despite relatively low promiscuity, and it has also 
shown particularly high potency at the D3 dopaminergic receptor re-
ported elsewhere, as have cetylpyridinium chloride and FD&C Red #3 
(Pottel et al., 2020). The two red aluminum dyes showed similar strong 
effects at the M2 muscarinic and μ-opioid receptors (μ), the monoamine 
oxidase (MAO) transporter, and the PDE4 enzyme. FD&C Red #3 was 
also a strong inhibitor of acetylcholine esterase (AChE). Methylene blue 
was particularly active at the H3, μ, AChE, and MAO targets at sub-
micromolar potency. For excipients with the top 11 Cell Health Index 
scores, Table 5 lists average potency, for each excipient, across the 
targets engaged by that excipient in the primary panel. 

In addition to the 31 assay principal panel, we tested a subset of these 
excipients in an additional assay panel at a single concentration of 30 μM 
(see Table 4 for the target list, and note 10 μM test concentration ex-
ceptions for thimerosal and propyl gallate). Candidates were chosen to 
represent a range of CHI scores. We used a cut-off, for positive hits, of 
over 50% inhibition or activation at this concentration. Five of the ex-
cipients with CHI >0.5 showed high promiscuity in this assay panel 
(Table 6). Benzethonium chloride, in addition to its activities in the 
primary panel, engaged with 17 additional targets (n = 73 assays) over 
90% at 30 μM. These activities included an H1 agonistic effect, so-
matostatin binding, the 5-HT and muscarinic receptors (mAChRs), 
MAO-B, and the CTL1 transporter. Interestingly, cetylpyridinium chlo-
ride and phenyl mercuric acetate were highly promiscuous and active in 
22 of the additional single-point assays, including orexin receptor (OX1), 
the Na+/K+ transporting ATPase subunit α2, β3-adrenoceptor, choline 
transporter (CTL1), and the serotoninergic (5-HT) and opioid delta (δ) 
receptors. In contrast, polysorbate 80, chloroxylenol, propylparaben, 
butylparaben, and palmitic acid, which produced borderline to low CHI 
scores (0.4–0.2), showed relatively low pharmacological promiscuity in 
the single-point panel. We note with some curiosity that tartrazine hit 
23% of the single-point assay targets at >50%, classifying tartrazine as a 
promiscuous molecule. Tartrazine has a CHI score indicative of low 
overall safety risk. However, we note that tartrazine has a known history 

of adverse effects within a limited population of susceptible individuals, 
so its promiscuity may produce adverse effects in a manner contingent 
upon immunological signaling background (Collins-Williams, 1985; 
Stevenson, Simon, Lumry, & Mathison, 1986). Otherwise, excipients 
with CHI scores <0.5 in the Cell Health Screen consistently showed little 
to no activity in the principal panel of in vitro assays (see Fig. 1, Fig. 2, 
and Table 5). 

4. Discussion 

4.1. Complementary screening methods flag risks with histories 

The objective of this study was to consider the same type of in vitro 
safety assessment, for a set of commonly used excipients, which is now 
routinely recommended for active pharmaceutical ingredients (Papoian 
et al., 2015). In doing so, we sought to determine whether a relatively 
inexpensive screen, using automated multiparametric flow cytometry 
coupled with a supervised ML classifier, could serve as a first line, more 
efficient proxy for safety-predictive information usually requiring a 
larger amount of target-based assay work. We used two parallel ap-
proaches suitable for profiling a large number of molecules for effects on 
(1) general cell health and (2) human molecular targets associated with 
known clinical adverse drug reactions (ADRs). Simple cell health assays 
have been used by the pharmaceutical industry for early, basic safety 
assessment, but usually within the framework of a simple cell toxicity 
assay (Sutherland, Raymond, Stevens, Baker, & Watson, 2012). The 
latter, target-based assays are regularly used for testing clinical candi-
date molecules during drug discovery (Bowes et al., 2012; Whitebread 
et al., 2005). The outcome was instructive primarily in two ways. First, 
broadly speaking, the Cell Health Screen assigned high risk scores to 
excipients that are not surprising. The mercury compounds, quaternary 
ammonium compounds, and the three high-scoring dyes all have his-
tories of biological activity in the literature (Dórea, Farina, & Rocha, 
2013; T. Tanaka, 2001; Toyohito Tanaka, Takahashi, Oishi, & Ogata, 
2008; Zhang et al., 2015), in addition to supporting data from the panels 
of target-based assays. Second, but of equal interest for future use of live 
cell-based screens for risk estimation, it is possible that membrane 
perturbation adds powerful information to the predictive process. This 
can of course be seen in the cell morphology scores produced by the Cell 
Health Screen. However, we discuss this in particular for the case of 
propyl gallate, which exhibited low promiscuity in the target-based as-
says, but, as a member of the alkyl gallates, likely interacts directly with 
phospholipid membranes (Takai, Hirano, & Shiraki, 2011; Tammela 
et al., 2004). While the majority of these 40 excipients are actively used 
by the pharmaceutical, cosmetics, and food industries, a few have been 
limited in their applications, such as the dyes FD&C Red #3 and D&C 
Red #28 (U.S. Food & Drug Administration: Color Additive Status List, 
2020), and thimerosal, which has been removed from childhood vacci-
nation formulations (U.S. Food & Drug Administration: Thimerosal and 
Vaccines, 2019; Pottel et al., 2020). Our results generally make sense in 
light of these histories, and we explore this below. In addition, we 
discuss ways in which these results illustrate the idea that, even though 
the Cell Health Screen performs well for providing early risk estimation, 
combining a live-cell screen with existing panels of target-based assays is 
a powerful approach because the two platform types are likely detecting 
non-overlapping biological features. 

4.2. The highest scoring excipients and what is known about them 

The two excipients with the highest CHI scores were the mercury 
compounds, thimerosal (CHI = 0.94) and phenylmercuric acetate (CHI 
= 0.95). Various forms of mercury containing excipients are still in use 
in cosmetic products, regardless that their toxic effects are well docu-
mented (World Health Organization: Mercury in Skin Lightening Prod-
ucts, 2019). As reviewed recently, thimerosal as a preservative is 
included in multi-dose formulation of adult vaccines, while it was 

Table 5 
Target hit rates of selected profiled excipients in the secondary pharmacology 
panels.  

Excipient Overall target 
hit rate (%) 

Activity 
range (μM) 

Avg potency 
(μM) 

CHI 
score 

Phenylmercuric 
acetate 

58 0.02–22 5 0.955 

Thimerosal 17 0.32–30 15 0.936 
Cetylpyridinium 

chloride 
64 0.55–18 9.5 0.917 

Benzethonium 
chloride 

51 1.1–27 7.3 0.913 

Methylene blue 
hydrate 

48 0.04–24 6.5 0.905 

Propyl gallate 3 0.015–7.2 7.2 0.727 
FD&C Red #3 48 0.09–25 5.7 0.677 
D&C Red #28 55 0.13–28 10 0.637 
Polysorbate 80 13 1.0–21 10.7 0.422 
Chloroxylenol 6 10–14 12 0.349 
Propylparaben 3 11–24 19.3 0.296 

The overall target hit rate is the percentage of targets with greater than 50% 
inhibition (or stimulation) at 30 μM. A total number of between 31 and 109 
assays were tested for each excipient. The number of assays reflects the two 
panels used for testing excipients. The primary panel consists of 31 assays, which 
produce activity ranges for a concentration series of each test compound, and the 
secondary panel contains the rest of the assays that are executed using a single 
test concentration of each test compound. The secondary panel, while contain-
ing more targets, assesses only percent inhibition/stimulation of target at a 
single concentration of test compound. 
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Table 6 
Additional target engagements of excipients with CHI >0.5.  

Targets Palmitic 
acid 

Butylparaben Propylparaben Tartrazine Chloroxylenol Polysorbate 
80 

Propyl 
gallatea 

Benzethonium 
chloride 

Cetylpyridinium 
chloride 

Thimerosala Pheylmercuric 
acetate 

5-HT1B    >50    >50 >50  >50 
5-HT2A antagonist  >50         >50 
5-HT2C    >50 >50   >50 >50  >50 
5-HT4E    >50    >50 >50  >50 
5-HT6        >50 >50 >50 >50 
5-HT7        >50 >50  >50 
5-LOX       >50  >50  >50 
A1           >50 
A2A         >50  >50 
ABCB11      >50  >50   >50 
α2B        >50 >50 >50 >50 
β1    >50    >50 >50  >50 
β3    >50    >50 >50  >50 
apelin    >50    >50 >50  >50 
BB2    >50    >50 >50   
Caspase 3         >50  >50 
Cathepsin D >50   >50  >50  >50    
Cav2.2    >50        
CCK1 >50       >50   >50 
CCK2         >50  >50 
CHT1 >50       >50 >50  >50 
CysLT1           >50 
CysLT2         >50  >50 
δ      >50  >50 >50  >50 
D1          >50  
D2L    >50    >50 >50  >50 
D3          >50  
D5          >50  
DP1         >50  >50 
DP2    >50     >50  >50 
EGFR         >50   
ENT1    >50  >50  >50   >50 
EP1    >50       >50 
EP2           >50 
EP3           >50 
EP4      >50  >50 >50  >50 
FP    >50      >50 >50 
GABAA    >50       >50 
GAT3        >50   >50 
ghrelin        >50 >50  >50 
Glucocorticoid receptor        >50 >50   
H1 agonist        >50    
HER2         >50   
I2    >50       >50 
IP        >50   >50 
M3        >50 >50 >50 >50 
MAO-B        >50 >50  >50 
MC1        >50 >50   
MT1   >50 >50 >50   >50 >50  >50 
MT2     >50   >50 >50 >50 >50 
NK3    >50  >50   >50   
NMDA (Polyamine)    >50        
NTS1        >50 >50   

(continued on next page) 
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Table 6 (continued ) 

Targets Palmitic 
acid 

Butylparaben Propylparaben Tartrazine Chloroxylenol Polysorbate 
80 

Propyl 
gallatea 

Benzethonium 
chloride 

Cetylpyridinium 
chloride 

Thimerosala Pheylmercuric 
acetate 

OX1        >50 >50  >50 
oxytocin    >50    >50 >50  >50 
PAF        >50 >50   
Peroxisome proliferator activated 

receptor γ        
>50   >50 

PTEN >50   >50     >50   
PTPN6    >50     >50   
RyR2           >50 
sigma non-opioid intracellular 

receptor 1    
>50    >50 >50   

sirtuin 6        >50 >50   
Sodium/potassium – transporting 

ATPase subunit α-2        
>50 >50 >50 >50 

SST1        >50 >50   
SST3    >50  >50  >50 >50  >50 
SST5    >50    >50 >50   
UT2    >50    >50 >50   
V1A    >50    >50 >50   
VMAT2 >50 >50  >50 >50 >50  >50 >50  >50 
CHI score 0.212 0.286 0.296 0.295 0.349 0.422 0.727 0.913 0.917 0.936 0.955 
Target hit rate 4 7 3 26 6 13 3 51 69 18 58 
No of assays 108 108 108 108 108 108 108 109 108 109 108 

These excipients were tested in the secondary panel at a single concentration of 30 μM, with the exception of thimerosal and propyl gallate, which were tested at 10 μM. Values of ‘>50’ indicate greater than 50% inhibition 
or activation of the target at the single test concentration for each excipient. Propylene glycol, lactose, aspartame, gentisic acid, povidone, PEG400, and saccharin were also profiled in this panel, but did not affect any of 
the targets, and are not represented in the table. Also, several targets that did not engage with the selected excipients were removed from the table. 

a Excipients tested at 10 μM. 
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completely removed from infant vaccinations and all single-dose adult 
vaccinations (Pottel et al., 2020). Small quantities of thimerosal are also 
present in ocular products, which might require attention (Wilson-Holt 
& Dart, 1989). In general, thimerosal could contribute to elevated levels 
of ethyl mercury and Hg load in the body, with accumulation in the 
brain and gut (Burbacher et al., 2005; Pichichero et al., 2008). Phe-
nylmercuric acetate is an antifungal and disinfectant agent broadly used 
in agriculture, eye drops, and gymnasium flooring (Beaulieu, Beaulieu, 
& Brown, 2008; Xu et al., 2012). The Cell Health Screen confirmed a 
high toxicity risk for these compounds across all individual parameters 
of the assay, in addition to the CHI score, which reflects ML classification 
using all parameters simultaneously (Fig. 1). In parallel, thimerosal 
showed broad, mostly weak activity in the target-based pharmacological 
assay panels (see Fig. 2 and Tables 5 and 6), in addition to the previously 
reported strong effect on dopaminergic receptors (Pottel et al., 2020). 
These targets included the α2A-adrenoceptor and adenosine A3 re-
ceptors, and the COX-2 enzyme, all affected at an IC50 below 30 μM. 
Both compounds also show strong, low micromolar activity at mono-
amine transporters and the adenosine A3 receptor, indicating possible 
CNS effects. The target promiscuities, specific target potencies, and CHI 
scores for these two compounds confirm that previous regulatory limi-
tations - at that time based on in vivo data - were rightly warranted. 

Cetylpyridinium and benzethonium are both quaternary ammonium 
compounds well known for their antiseptic and surfactant effects. As 
such, it is especially interesting that the Cell Health Screen produced 

very high risk scores for them (0.92 and 0.91, respectively) because it is 
a live-cell screen with detection parameters sensitive to direct in-
teractions between test compounds and cellular/organellar membranes, 
a physical phenomenon that will not be detected by target-based assays. 
Cetylpyridinium is used as an antiseptic and surfactant in mouthwash, 
lozenges, and cough syrups. Early studies identified toxic effects in an-
imal models, described as a “curare-like action” including “central 
stimulation and a peripheral paralysis” (Warren, Becker, Marsh, & 
Shelton, 1942). At present, the recommended maximum dose is 
0.025%–0.1% cetylpyridinium chloride in oral antiseptics, to be used for 
fewer than 7 days (Taylor, 1994). As mentioned, direct cationic sur-
factant interaction with cellular/organellar membranes may influence 
the CHI score for cetylpyridinium. However, generally speaking, mem-
brane perturbation usually does not have a major influence on radio-
ligand assays, so the observed pharmacological promiscuity is worth 
attention as a functionally separate phenomenon. Cetylpyridinium is 
highly active at several targets with an IC50 less than 10 μM. It has 
submicromolar activity at the D3 and M2 receptors, and it affects most of 
the CNS transporters (see Table 5, Table 6, and Fig. 2). It does not come 
as a surprise that it was reported to cause xerostomia when used with 
drugs of high promiscuity, such as atypical antipsychotics (Chevalier 
et al., 2015). This compound raises the interesting question of how 
exactly the toxic effects of such a molecule type are mediated at the 
organismal level, as the Cell Health Screen and panel of target-based 
assays are likely using non-overlapping functional information, despite 

Fig. 2. In vitro secondary pharmacology profile of excipients with the 11 highest Cell Health Screen scores. The colors and numbers in the heat map represent 
strength of engagement with the targets. Empty cells mark invalid assay data due to quenching or invalid QC. When a cell is marked “30”, it indicates that the IC50/ 
EC50 value was not determined at 30 μM test concentration, as inhibition/activation was less than 50%. 
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the fact that they generally agree with respect to the presence of toxicity 
risk. 

The other quaternary ammonium compound, benzethonium, is 
broadly used as an antibacterial agent in topical applications, such as 
mouthwash, but is also applied to vaccine production (Final Report on 
the Safety Assessment of Benzethonium Chloride and Methyl-
benzethonium Chloride, 1985). Its high CHI score of 0.91 may also be 
influenced by its opportunity to engage in surfactant activity in the Cell 
Health Screen; however, this again means that toxicity risk predicted by 
the panel of target-based assays may be a functionally separate result. It 
has already been reported that benzethonium, among other antimicro-
bial agents in consumer products, likely enhances intestinal inflamma-
tion and needs further evaluation (Sanidad et al., 2018). Interestingly, 
its use in the intravenous formulation of ketamine (KETALAR - Ketamine 
Hydrochloride Injection. Drug Label., 2012) is thought to synergistically 
enhance the anesthetic effects by cooperativity at the α7 and α4β2 
nicotinic acetylcholine receptors (Coates & Flood, 2001). While the low 
exposure to benzethonium chloride in the intravenous formulation does 
not suggest meaningful risk associated with the large number of affected 
targets and high CHI, its strong antimicrobial effects and reported in-
flammatory effects in the gut make sense in the context of the Cell Health 
Screen scores for the cell morphology and oxidative stress parameters. 
Benzethonium chloride also showed high promiscuity in the secondary 
pharmacology panels, with a profile similar to cetylpyridinium chloride 
and ethylmercuric acid (see Table 5, Table 6, and Fig. 2). Consequently, 
this molecule serves as a second specific example of risk agreement, 
between the Cell Health Screen and the target-based assays, which may 
occur as a result of non-overlapping functional information used by the 
two platforms. 

Methylene blue generated the next highest CHI score (0.90), and, as 
for the two mercury compounds and the two quaternary ammonium 
compounds, all of the individual parameters in the Cell Health Screen 
generated scores above 0.90. This means that the ML classifier assigned 
this compound to the high-risk training set class with a probability 
greater than 0.90 even when data for individual FC parameters were 
each used alone. It is listed as an excipient; however, it has well defined 
biological effects, including the treatment of methemoglobinemia 
(Griffin, 1997; Wright, Lewander, & Woolf, 1999). Side effects include 
headache, vomiting, confusion, shortness of breath, high blood pressure, 
and serotonin syndrome associated with confirmed MAO-A inhibition 
(Ramsay, Dunford, & Gillman, 2007). This last adverse event is reflected 
in the target-based assays in this study, as methylene blue inhibited 
acetylcholine esterase (AChE) and MAO-A at IC50s of 0.09 μM and 0.04 
μM, respectively, while also showing direct effects at the histamine and 
muscarinic acetylcholine (mAChR) receptors. These target engagements 
are not very surprising given the recognition, ten years ago, of CNS 
toxicity caused by methylene blue (Gillman, 2011). However, these re-
sults are compelling with regard to the objective of this study. The Cell 
Health Screen, using measurement parameters related to gross cellular 
stress in a cell line unrelated to the CNS, requiring a single multi-
parametric physical assay, provided information serving as a substantial 
warning that safety issues exist. 

Propyl gallate presented an interesting case, requiring a look at some 
historical biophysical findings for the alkyl gallates. It shows meaningful 
risk in the Cell Health Screen (CHI = 0.73), with prominent cell 
morphology, mitochondrial, and glutathione effects. Previously, we had 
found that it potently inhibits catechol-O-methyltransferase (COMT) 
and 5-lipoxigenase (5-LOX) and exerts immunomodulatory effects 
(Pottel et al., 2020). However, it was virtually clean in the target-based 
primary panel used for this study, engaging only COX-2 with an IC50 of 
7.2 μM. It is broadly used by the food, cosmetics, and pharmaceutical 
industries as an antioxidant, and is generally regarded as safe, but is also 
known to have a wide array of biological activities, some of which 
contribute to its utility as an antimicrobial agent (Final Report on the 
Amended Safety Assessment of Propyl Gallate, 2007). Takai et al. (2011) 
demonstrated that the alkyl gallates bind phospholipid membranes in a 

pattern where alkyl chain length positively contributes to binding, up to 
a point, but causes self-association beyond a certain length (Takai et al., 
2011). Their study even concluded that binding behavior was very 
sensitive to the presence of co-solutes, and that much of the pharma-
cologic activity of alkyl gallates can be attributed to these behaviors. 
This easily modulated quantitative aspect of alkyl gallate affinity for 
amphipathic biomolecules is now being explored as a way of developing 
antivirals for SARS-CoV-2 (Stefaniu, Pirvu, Albu, & Pintilie, 2020); 
however, the Cell Health Screen results suggest that this should be done 
with caution. 

FD&C Red #3 (CHI = 0.68) and D&C Red #28 (CHI = 0.64), 
routinely used in cosmetics and drugs for coloring, produced lower Cell 
Health Screen risk predictions than the previously discussed excipients 
while still appearing to be problematic. These two dyes have similar 
patterns with respect to the individual parameter risk scores (see Fig. 1), 
with both scoring >0.90 for cell membrane integrity, reactive oxygen 
species, and mitochondrial membrane polarization change. (Nuclear 
membrane integrity 1, also with high scores for these two, is treated as a 
proxy for cell death rather than any specific mechanism.) In addition, 
they were promiscuous in the pharmacology panels, and they inhibited 
phosphodiesterase 3A (PDE3) and phosphodiesterase 4 (PDE4) en-
zymes, which was a unique outcome among the excipients with high CHI 
scores. The exposure of these dyes in humans is considered to be very 
low even when ingested, as gut absorption is poor. However, although 
the literature contains little in the way of cellular mechanisms mediating 
toxicity for these molecules, there are reports indicating that human 
cells exposed directly to erythrosine display primarily mitochondrial 
accumulation (Garg, Bose, Ahmed, Bonass, & Wood, 2012) and that 
erythrosine disrupts oxidative phosphorylation (Reyes, Valim, & Ver-
cesi, 1996). As these two dyes behave similarly in the Cell Health Screen, 
with supporting results from the target-based assays, the results 
contraindicate applications that can result in chronic exposure, which is 
reflected in the use limitations mentioned previously. 

4.3. For lower CHI scores, individual parameters can still tell a story 

Finally, it is instructive to look at compounds with lower CHI scores 
from the Cell Health Screen, below the 0.50 probability value for 
assignment to the “high risk” class, so that we may explore the screen’s 
limitations. It is an acute cell stress screen, using a 4 h exposure of HL60 
cells to test compounds. As such, the Cell Health Screen is not designed 
to assign high risk estimation to compounds that require longer term or 
cell-type-specific signal transduction. Thus the parabens are a useful 
case to observe. Parabens, because of their antimicrobial properties, are 
broadly used as preservatives of food products, cosmetics, and drugs. 
They are known endocrine disruptors; although, their affinity for rele-
vant receptors, combined with exposure estimates, make their true 
human risk level unclear (Golden, Gandy, & Vollmer, 2005; Guerra 
et al., 2017; Nowak, Ratajczak-Wrona, Górska, & Jabłońska, 2018). On 
the other hand, there is also experimental evidence that parabens cause 
oxidative stress in cellular and whole organism models (Nagar et al., 
2020; Yang et al., 2018). Clearly, the Cell Health Screen is not designed 
to detect endocrine disruption, but it is designed with two detection 
parameters directly related to oxidative stress: reactive oxygen species 
and glutathione depletion. Within the limits of this design, the paraben 
results show quantitative specificity of remarkable similarity to the 
study by Nagar et al. (2020). Their Caenorhabditis elegans experimental 
model exhibited oxidative stress for four parabens in order of decreasing 
severity: butyl paraben > propyl paraben > ethyl paraben > methyl 
paraben. For these same four parabens, the Cell Health Screen reactive 
oxygen species parameter produced scores of 0.64, 0.66, 0.30, and 0.05, 
respectively (see Fig. 1). The target-based assay panels did, in fact, 
detect engagement with an estrogen receptor by butyl paraben, but not 
the other three. To be clear, if these were unknown molecules with no 
externally available information, our protocol would be to rely on the 
most information-dense output from our ML classifier, the CHI score, 

A.A. Bieberich et al.                                                                                                                                                                                                                            



Journal of Pharmacological and Toxicological Methods xxx (xxxx) xxx

14

which uses all FC parameters simultaneously in comparison with the 
classifier’s training set. For the parabens, this means low overall esti-
mation of acute toxicity risk, which is reflected in their history of use. 
However, while the Cell Health Screen is not currently designed to 
perform automated detection of patterns related to molecular structure 
similarity, the parabens are not the first instance in which the screen has 
demonstrated sensitivity to what is essentially an SAR series. This phe-
nomenon motivates curation of our database of 2000+ public-domain 
compounds, to which the Cell Health Screen has been applied so far, 
to detect instances in which screen results combined with structural 
similarity can inform SAR. Thus it is plausible that a pattern like the ROS 
scores for the parabens would be noticed even by our current manual 
curation practices; however, with enough instances to serve as training 
information, one future goal is to automate detection of such patterns. 

4.4. The Cell Health Screen is an efficient de-risking tool 

We suggest that, as a means of rapid, early developmental stage de- 
risking of candidate molecules for applications involving human expo-
sure, the combination of live-cell phenotypic data with a comprehen-
sively trained ML classifier enables the SYSTEMETRIC Cell Health 
Screen to perform with reliable predictive power. When combined with 
panels of target-based secondary pharmacology assays, risk estimation 
gains the support of pathway-specific characterization of potential 
toxicity mechanisms. We emphasize that the two platforms are not 
simply producing alternate measurements of the same phenomena, but 
produce complementary types of biological information. Finally, and 
possibly of equal importance, our results strongly suggest that excipients 
as a class should be treated with the same level of developmental 
concern for safety assessment as active pharmaceutical ingredients, 
especially now that information-rich automated screening platforms 
provide easier paths for the relevant decisions. 
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