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Abstract 

Phenotypical screening is a widely used approach in drug discovery for the identification of 

small molecules with cellular activities. However, functional annotation of identified hits often 

poses a challenge. The development of small molecules with narrow or exclusive target 

selectivity such as chemical probes and chemogenomic (CG) libraries, greatly diminishes this 

challenge, but non-specific effects caused by compound toxicity or interference with basic 

cellular functions still poses a problem to associate phenotypic readouts with molecular targets. 

Hence, each compound should ideally be comprehensively characterized regarding its effects 

on general cell functions. Here, we report an optimized live-cell multiplexed assay that 

classifies cells based on nuclear morphology, presenting an excellent indicator for cellular 

responses such as early apoptosis and necrosis. This basic readout in combination with the 

detection of other general cell damaging activities of small molecules such as changes in 

cytoskeletal morphology, cell cycle and mitochondrial health provides a comprehensive time-

dependent characterization of the effect of small molecules on cellular health in a single 

experiment. The developed high-content assay offers multi-dimensional comprehensive 

characterization that can be used to delineate generic effects regarding cell functions and cell 

viability, allowing an assessment of compound suitability for subsequent detailed phenotypic 

and mechanistic studies.  

Keywords: Phenotypic Screening, High Content Imaging, Chemogenomics, Machine 

Learning, Cell cycle 
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Introduction 

Phenotypic screening has recently experienced a resurgence in drug discovery after many years 

of focus on target based approaches [1]. In particular, methods such as cell painting [2-4] or 

phenomics are gaining interest due to their ability to detect disease relevant morphological and 

expression signatures. These exciting new technologies provide insights into the biological 

effects of small molecules on cellular systems and the suitability of identified hits for 

translational studied. One of the main advantages of phenotypic screening lies in the potential 

of identifying functionally active chemical modulators without the need to know their precise 

mode of action (MoA). However, the lack of detailed mechanistic insight complicates the 

rational development of identified hit matter and validation studies [5]. One way to circumvent 

these complications is the use of better annotated chemical libraries, consisting of highly target-

specific chemical probes [6-8] or chemogenomics libraries which contain well-characterized 

inhibitors with narrow but not exclusive target selectivity [9, 10]. In particular, the latter have 

gained increasing interest as a new approach in drug discovery [11, 12] as chemogenomic 

libraries may cover a large diversity of targets and a larger fraction of druggable proteins. Thus, 

chemogenomic compounds (CGCs) can supplement chemical probe collections that are not 

available for many targets due to their stringent quality criteria [13]. In cellular studies, the use 

of several CGCs directed towards one target but with diverse additional activities, will allow 

deconvolution of phenotypic readouts and identification of the target causing the cellular effect 

[14, 15].  In addition, compounds from diverse chemical scaffolds may enable an easier 

identification of off-targets from different families. Further validation such as proteomic- based 

approaches or quantitative structure-activity relationships (QSAR) may be required [16]. The 

importance of chemogenomics for drug development has recently been demonstrated by a call 

of the Innovative Medicines Initiative (IMI), which resulted in the funding of the EUbOPEN 

project. One aim of this project is to assemble an open access chemogenomic library covering 

more than 1,000 proteins by well annotated CGCs as well as chemical probes [17]. The 

expansion of this CGC collection to cover the entire druggable proteome will be the goal of the 

Target 2035 [18].    

While target selectivity is an important parameter, there is a need for a comprehensive 

annotation of CGCs in terms of quality of the used chemical matter, such as structural identity, 

purity and solubility. In addition, the effects of CGCs on basic cellular functions such as cell 

viability, mitochondrial health, membrane integrity, cell cycle and interference with 

cytoskeletal functions which may be affected by non-specific binding of CGCs to tubulin 
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should be considered [19]. Computational as well as screening approaches have been employed 

to predict the (unspecific) toxicity of libraries used for screening [20]. Although it is not always 

easy to distinguish between on-target and off-target effects in a cell viability assay, adding 

information on chemical and biological quality to CGC libraries will help to differentiate 

between target specific and unspecific effects [10]. New technology developments such as 

automated image analysis systems and machine learning algorithms enabled high-content 

techniques to become the method of choice for the essential annotation of chemogenomic 

libraries. Here, we present a modular live-cell high-content cellular viability assay, which we 

expanded to include assessment of CGC effects on the cell cycle, tubulin, mitochondrial health 

and membrane integrity. In contrast to the Cell Painting assay, which captures a multitude of 

morphological features of fixed cells at a given time point and requires extensive downstream 

analysis [3], the purpose of our assay is to describe cell health in living cells, providing the 

opportunity for real-time measurement over a long time-period. The modular nature of the assay 

offers the opportunity for an expansion such as adding compound-safety assays and other 

cellular stress reporter systems without the need for additional informatics capacities [21]. 

 

Results 

Optimization of HighVia protocol and Validation of Cell Staining dyes 

Analyzing cytotoxicity at multiple time points improves the annotation of small molecules and 

facilitates distinguishing between primary and secondary target effects. In this report we 

improved our previously published, single time point protocol [22] to provide a more 

continuous readout. Live-cell imaging using fluorescent dyes for an extended period of time 

requires low concentrations of dyes that do not interfere with cellular functions yet provide 

fluorescent signals that are sufficiently high for robust detection. Therefore, we first optimized 

the concentration of the DNA-staining dye Hoechst33342 and determined 50 nM as the minimal 

concentration that still yielded robust detection of nuclei in HeLa cells (Supplementary Figure 

S1). Previous studies have identified the toxicity level of nuclear stains such as Hoechst33342 

at concentration around 1 µM [23, 24]. We tested in a cell viability experiment using U2OS 

cells and the alamarBlue™ dye (alamarBlue HS reagent, ThermoFisher) whether 

Hoechst33342 at concentrations below 170 nM resulted in reduced viability (Figure 1A/ 

Supplementary Table S1). Additionally, we assessed in this experiment the potential effects on 

cell viability of other live-cell dyes such as the mitochondrial stain MitotrackerRed® and the 

taxol-derived tubulin dye BioTracker™ 488 Green Microtubule Cytoskeleton Dye. 
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Gratifyingly, none of the dyes exerted any significant impairment of cell viability at the 

proposed assay concentration over a time period of 72h (Figure 1 A). To exclude a potential 

influence of multiple dyes at their given concentration would influence viability, we tested 

different combinations of dyes in U2OS cells using an orthogonal high content readout (Figure 

1B/ Supplementary Table S1). Consistent with the data of the single dye experiments, none of 

the dyes or their combination inhibited cell viability. 

Encouraged by these results, we assessed whether by lowering the dye concentrations of the 

previously published HighVia protocol (workflow of HighVia protocol see Figure 1C), this 

method could be adapted to allow a continuous readout (workflow continuous protocol see 

Figure 1D). In addition to the dyes used in the HighVia protocol, we included 

MitotrackerDeepRed® to measure the mitochondrial content and thus named the protocol 

‘HighVia Extend’. Changes of mitochondrial mass are indicative of certain cytotoxic events 

such as apoptosis [25, 26]. Cells were detected as previously described [22] and gated into five 

different populations using a supervised machine-learning algorithm (Figure 1E/Supplementary 

Table S6.1). We chose nine reference compounds as a training set (Supplementary Table S2) 

for the assay setup, which was tested in three different human cell lines: human embryonic 

kidney cells (HEK293T), osteosarcoma cells (U2OS) and non-transformed human fibroblasts 

(MRC9). These reference compounds covered multiple mode of actions including 

topoisomerase inhibitor camptothecin, which triggers apoptotic cell death by inducing strand 

breaks in chromosomal DNA [27], the BET bromodomain inhibitor JQ1 [28], the mTOR 

inhibitor torin [29] and the glycosidic drug digitonin, a detergent used to permealize cell 

membranes [30] (Figure 1F). We found that the new continuous assay format captured the 

kinetics of the selected diverse cell death mechanisms: the cell-membrane permeabilizing agent 

digitonin as well as the multikinase inhibitor staurosporin and the ATM/ATR inhibitor 

berzosertib displayed rapid induction of cytotoxicity, while inhibitors of epigenetic targets JQ1 

and ricolinostat showed slower and less pronounced cytotoxic effects (Figure 1 F), consistent 

with previous reports [31, 32]. Treatment with the non-selective CDK inhibitor milcilib, the 

mTOR inhibitor torin and the tubulin-disassembly inhibitor paclitaxel resulted in cytotoxic 

response with intermediate kinetics. IC50 values of the different compounds over time are 

compiled in Supplementary Table S2. 

Consistent with the overall cell count of healthy cells, the population gating followed also 

different kinetic profiles, exemplified by camptothecin (Figure 1G). This data suggested that 

the continuous format of the HighVia Extend facilitated the assessment of time-dependent 

cytotoxic effects of small molecule compounds. 
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Figure 1. Validation of cell staining dyes and optimization of High-Via Protocol. A: 

Healthy cell count after 90h of cell staining dye exposure at six different concentrations and 10 

µM of staurosporine in U2OS cells. Vertical lines show optimal concentration used in 

subsequent assays (Hoechst33342 60 nM, MitoTracker TM red 75 nM, MitoTracker TM far red 

75 nM, YoPro3 1 µM, BioTracker Microtubule 3 µM). Error bars show SEM of four technical 

replicates. B: Healthy cell count 0h, 12h, 24h, 48h and 72h after cell staining dye exposure 

alone or in combination (Multiplex: Hoechst33342 60 nM, BioTrackerTM Microtubule 3 µM, 

MitoTracker TM red 75 nM, Annexin V Alexa Fluor 680 0.3 µl/well; HighVia Extend: 

Hoechst33342 60 nM, MitoTracker TM far red 75 nM, YoPro3 1 µM, Annexin V Alexa Fluor 

488 0.3 µl/well) and 10 µM of staurosporine (stauro) normalized to healthy cells exposed to 

DMSO 0,1% in U2OS cells. Error bars show SEM of four technical replicates. C: Generic 

workflow of cell gating in HighVia protocol. D: Generic workflow of cell gating in HighVia 

Extend protocol. E: Cellular classification in healthy, early apoptotic, late apoptotic, necrotic 

and lysed by trained cell biologist. Cellular classifications shown after segmentation using a 

machine learning algorithm. Fractions of healthy, early apoptotic, late apoptotic, necrotic and 

lysed cells after 24h of 5 µM paclitaxel exposure in U2OS cells. F: Healthy cell count before 

and 14h, 28h, 42h and 72h after compound exposure (camptothecin 10 µM, JQ1 10 µM, torin 

5 µM, paclitaxel 5 µM, milciclib 10 µM, ricolinostat 10 µM, staurosporine 5 µM, berzosertib 

5 µM, Digitonin 100 µM) normalized to healthy cells exposed to DMSO 0,1% in U2OS cells. 

Error bars show SEM of technical triplicates. G: Fractions of healthy, early apoptotic, late 

apoptotic, necrotic and lysed cells before and 14h, 28h, 42h and 72h after 10 µM camptothecin 

exposure in U2OS cells. Error bars show SEM of technical triplicates. 

 

Investigation of nuclear properties 

While analyzing data from the continuous experiment, we identified a strong correlation 

between the overall cellular phenotype (categories: ‘healthy’, ‘early/late apoptotic’, ‘necrotic’, 

‘lysed’) and the nuclear phenotype defined as either ‘healthy’, ‘pyknosed’ or ‘fragmented’ 

(Figure 2A). To further test whether the gating based on the nuclear phenotype alone resulted 

in similar cytotoxicity profiles, we compared the calculated IC50 values of the aforementioned 

nine reference compounds gated either as described above (based on entire cellular phenotype) 

or based on the nuclear phenotype alone (features used for machine learning algorithm 

described in Supplementary Table S7.2). We found that the time-dependent IC50 values and the 

maximal reduction of the healthy cell population were highly comparable between these gating 
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methods (Figure 2B-C/Supplementary Figure S2A-F). Additionally, the overall population 

distribution profiles from both gating protocols were highly similar (Figure 2D-E). The 

dependence on only one fluorescent channel might however increase the risk of assay 

interference of compounds with similar fluorescent properties such as berzosertib or with poorly 

soluble small molecules such as itraconazol that exhibit high fluorescent background (Figure 

2F, Supplementary Figure S3). In order to minimize the risk of such interferences, we included 

an additional layer of gating to the protocol. In the first step all fluorescent objects in the 

corresponding channel were classified either as ‘nuclei’, independent of their phenotype or as 

‘high intensity objects’ that detected both fluorescent compounds as well as precipitations 

(Figure 2G-H). We noticed that a limitation of this method was that we were not able to readily 

distinguish between pyknosed nuclei of mitotic cells or condensed nuclei of apoptotic cells. 

However, performing a normalization of the healthy nuclear count against the healthy nuclear 

count of the DMSO controls (see Materials and Method section) eliminated the uncertainty 

between mitotic and apoptotic nuclei and corrected the overall information on the healthy 

nuclear count per well.  

This data suggested that the classification of cells based on their nuclear phenotype can be used 

as a surrogate of more complex gating protocols. Thus, the gating based on the Hoechst33342 

signal simplified the High-Content assay setups by not only enabling the counting and 

identification of cells but also by assessing their health state and compound properties such as 

intrinsic compound fluorescence or the occurrence of compound precipitation. 
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Figure 2. Analysis of Cell Nuclei by Hoechst Channel Intensity level.  A: Nuclei 

classification in healthy, pyknosed and fragmented by trained cell biologist. B: Normalized 

healthy cell count and normalized healthy nuclear count of different concentrations (0.01 µM, 

0.05 µM, 0.1 µM, 0.5 µM, 1 µM, 5 µM, 10 µM) of camptothecin exposure with calculated IC50 

values after 14 h, 28 h, 42h and 56h. C: Correlation between the healthy cell count and the 

healthy nuclei count after 28h of compound exposure normalized to healthy cells exposed to 

DMSO 0,1% in U2OS cells. D: Fractions of HighVia gating and fractions of healthy, 

fragmented and pyknosed nuclei after exposure to different concentrations (0.01 µM, 0.05 µM, 
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0.1 µM, 0.5 µM, 1 µM, 5 µM, 10 µM of camptothecin in U2OS cells after 56h of compound 

exposure. Error bars show SEM of three technical replicates. E: Fluorescence image of different 

gatings of U2OS cells exposed to 1 µM camptothecin after 56h based on total cell morphology 

and based on nuclei F: Bright field confocal image of stained (blue: DNA/nuclei, green: 

Annexin V apoptosis marker, red: YoPro3, magenta: MitotrackerDeepRed, mitochondria 

content) U2OS cells after 24h of compound exposure (itraconazol 10 µM, berzosertib 1 µM). 

Precipitation of 10 µM itraconazol and fluoresence of 1 µM berzosertib exposure shown as 

Hoechst High Intensity Objects are highlighted. G: Hoechst High Intensity Objects after 24h 

of compound exposure (itraconazol 10 µM, berzosertib 1 µM) and DMSO 0.1% as negative 

control. Error bars show SEM of three technical replicates. H: Generic workflow of cell gating 

based on cell nuclei.  

 

FUCCI Cell Cycle Analysis   

Validating effects of small molecules on the cell cycle is an important test for new drug 

candidates which is frequently assessed e.g. by Fluorescence-activated cell sorting (FACS) 

using DNA-binding dyes such as propidium iodine (PI) [33] or the cell cycle dependent 

degradation of fluorescent maker proteins described by Sakaue-Sawano et al. [34]. The FUCCI 

technology allows to distinguish between live cells in different cell phases using a dual-color 

imaging system [35]. Thanks to the opposing effects of the licensing factor Cdt1 (RFP-tagged) 

and its inhibitor Geminin (GFP-tagged) on DNA replication, their presence, seen by the 

fluorescent tag, can be used to distinguish between G1 and S/G2/M phases of the cell cycle.  

Cells in S/G2/M are identified by a GFP-labeled nucleus (hereafter referred to as ‘green’). Cells 

in G1 result in RFP-labeled nuclei (‘red’) and those in the transition state between G1 and S 

phase, show both GFP and RFP-labeled nuclei (‘yellow’). A small fraction of non-labeled 

nuclei that appear shortly in between M and G1 phase is rare and can be neglected in the analysis 

[36]. 

To test the compatibility of the nuclei-based gating protocol in combination with other 

fluorescent markers, we used this cell cycle reporter together with the described nuclear gating 

strategy in HCT116 cells. We chose this cell line for this experiment due to its favorable 

nucleus:cell-body distribution.. In our analysis, we focused on the cell cycle phases of 

unaltered, ‘healthy’ gated nuclei, but also the pyknosed and to a certain extend the fragmented 

populations could be further gated based on the intensities of the FUCCI reporters (general 
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workflow see Figure 3A). We only considered the three major populations of ‘green’, ‘red’ and 

‘yellow’ nuclei, while the neglectable fraction of non-labeled cells was excluded (Figure 3B). 

We first assessed whether the introduction of the FUCCI system would influence sensitivity of 

cells with respect to compound viability. HCT116-FUCCI cells treated with the CDK inhibitor 

milcilib resulted in a comparable cytotoxic profile as observed with the same protocol above 

for U2OS cells (Figure 3C). The gating based on the nuclear phenotype enabled the exclusive 

analysis of cells not showing an apoptotic or damaged phenotype over several time points in 

one experiment. Comparing the effect of HCT116 treated with 1 µM of milcilib with the one 

of DMSO treated cells resulted in the expected alteration of cell cycle distribution upon 

compound treatment. Milcilib treated cells not only showed a lower number of ‘healthy’ 

classified cells but also displayed a higher population of ‘red’ nuclei after 18h of compound 

treatment (Figure 3D), indicative for a G1 phase arrest, consistent with milcilib’s ability of 

inhibiting cyclin-dependent kinases such as CDK2 [37, 38]. The timing of the accumulation of 

cells in the G1 phase after 18h correlated well with the less pronounced cytotoxicity at the 

earliest time point of 3.5h, further pointing to a primary rather than secondary compound effect. 

This data underlined the advantages of simultaneously detecting cytotoxicity and investigating 

different phenotypes at several time points in one experiment.  

Encouraged by these results, we analyzed the effect of additional 17 compounds at a single 

concentration of 10 µM in HCT116-FUCCI cells for up to 70h (Figure 3 E). This set of 

compounds included compounds known to affect the cell cycle such as the topoisomerase II 

inhibitors daunorubicin, doxorubicin as well as mitoxantrone and topoisomerase I inhibitors 

camptothecin and topotecan. We also included paclitaxel and vinoreblin tartrate, representing 

drugs that influence the tubulin function. Overall, the compounds represented a broad range of 

mechanisms affecting the cell cycle, such as triggering check point response, and various 

cytotoxic agents. A full list of known effects of the used compounds is included in 

Supplementary table S3  

The population analysis confirmed an increase in red nuclei for the flavone derivate α-

napthoflavone [39], the tubulin binding taxol-derivative paclitaxel [40, 41] and MEK1/2 

inhibitor trametinib [42] consistent with previous reports of these compounds to cause a cell 

cycle arrest in G1. An increase in green nuclei, in comparison to DMSO, was detected for both 

tested topoisomerases I inhibitors, camptothecin and topotecan, as well as mitoxantrone  which 

are known to cause mitotic cell cycle arrest [27, 43-46]. More yellow nuclei were observed for 

cells treated with the topoisomerase II inhibitors daunorubicin and doxorubicin, both of which 
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are known to cause cell cycle arrest due to DNA double strand breaks [44, 47]. Treatment of 

cells with the TOPK inhibitor HI-TOPK-032 [48] also resulted in an increased number of cells 

with yellow nuclei, indicating induction of an S phase arrest. In general, all compounds that 

have been described to interfere in cell cycle progression, showed the expected effects in the 

FUCCI assay system. Figure 3F shows an example of the nuclei population analysis for the 

three compounds, trametinib, mitoxantrone and HI-TOPK-032 in comparison to cells exposed 

to DMSO 0.1%. Additional data can be found in Supplementary Table S4.  
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Figure 3. FUCCI Cell Cycle Assay. A: Gating scheme of the machine learning-based analysis 

of the HCT116-FUCCI reporter cell line B: Example images of HCT116 cells treated either 

with 10 µM vinorelbin tartrat or 0.1% DMSO for 42h. Highlighted by colored lines are the 
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gating results of both the nuclear gating step into ‘healthy’, ‘pyknosed’ and ‘fragmented’ nuclei 

and the FUCCI gating step of ‘healthy’ nuclei only. C: Cytotoxicity of milciclib for HCT116-

FUCCI at different time points assessed by the normalized healthy cell count. The depicted 

IC50 values are the average and SEM of two independent experiments. D: Population 

distribution of ‘healthy’ gated (based on nuclear features) HCT116-FUCCI cells treated with 1 

µM milciclib or 0.1% DMSO for different periods   E: Heat map analysis of HCT116-FUCCI 

cells treated with 10 µM of different inhibitor for different time points. F: Detailed 

representation of the population fractions of HCT116-FUCCI cells exposed to 10 µM of 

trametinib, mitoxantrone and HI-TOPK-032. The size of the pie charts reflected the normalized 

cell count. For comparison the fractions of DMSO are shown as well.  

 

Multiplex Protocol  

Low cell viability can be the result of on-target effects, off-target effects or be based on 

undesirable characteristics of compounds that interfere with the assay system. We therefore 

included the assessment of tubulin structure, mitochondrial mass changes and membrane 

permeability in the phenotypical analysis. We used a test set of 21 compounds with known 

effects on cell viability to validate the protocol (Supplementary Table S7). However, we 

envisioned that depending on the phenotypes of interest, additional cell staining dyes can be 

used to detect further changes in cellular morphology or health. Compounds that modulate 

microtubule functions have been used extensively in cancer research, because of their 

interference with tumor growth. However, unspecific or unrecognized tubulin binding can lead 

to false interpretation of presumed target specific effects, in particular in oncological assays. 

We therefore included a microtubule cytoskeleton dye to detect changes in the tubulin structure. 

In addition, mitochondrial health was monitored using Mitotracker™ Red (Invitrogen), 

providing information on mitochondrial mass, which has been shown to provide a good 

indicator for the apoptotic susceptibility of cells. Higher mitochondrial mass has led to cell 

damage, because mitochondria are the main source of ROS (reactive oxygen species) [26]. 

Membrane permeability was detected using the microtubule cytoskeleton dye and cells were 

compared to digitonin, as a cell lysis control. Cellular shape and fluorescence was measured as 

before, at 12h and 24h after compound treatment. To analyze effects on tubulin, mitochondria 

and membrane permeability, a machine learning based protocol was implemented, based on 

four earlier tested compounds as a training set for the algorithm (Supplementary Table S7). 

Cells that showed different tubulin appearance compared to the DMSO 0.1% control were 
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marked as ‘tubulin effect’. Cells that showed an increase in mitochondrial mass in comparison 

to DMSO 0.1%   were marked ‘mitochondrial mass increase’ and cells that showed membrane 

permeability were marked ‘membrane permeable’. For the membrane permeability, the 

reference compound digitonin, a cell detergent leading to cell perforation, was used. In our first 

approach, we gated all cells, independently of their viability, into the different phenotypical 

groups, namely ‘tubulin effect’ or ‘no tubulin effect’. With this first analysis, (Supplementary 

Figure S4) we saw that an increase in mitochondrial mass as well as a tubulin effect was 

frequently associated with cytotoxicity. When adding ‘cytotoxic’ compounds such as 

staurosporine (10 µM) or puromycine (10 µM), most cells showed as expected increased 

mitochondrial mass and tubulin effects [25]. To exclude these phenotypic effects caused merely 

by cell death, only cells defined as ‘healthy nuclei’ were gated into the different groups. The 

generic workflow of the analysis is shown in Figure 4A. Compounds that have certain quality 

deficiencies, shown by not passing the property thresholds, were marked. First, compounds that 

showed a Hoechst High Intensity Object ratio of more than 50% (Figure 4B) were selected, 

because they either precipitated or showed auto-fluorescent, interfering with the assay readout.  

For the test set of 21 compounds (Supplementary Table S5), two compounds (camptothecin, 

topotecan) showed Hoechst High Intensity Objects at levels >30% after 24h in one of two 

biological replicates at 10 µM. Image validation demonstrated, that depending on the location 

of the precipitated compound, the intensity levels of the channels could vary, thus both 

duplicates should be considered as precipitation is a stochastic event and dependents on 

compound handling [49]. All other ‘normal’ cells were then gated based on their nuclei 

properties in ‘healthy’, ‘pyknosed’ or ‘fragmented’ (Figure 4C). As mentioned above, a 

distinction between cells that showed condensed nuclei while undergoing apoptosis and cells 

that were mitotic was only possible taking into account the total cell number and comparison 

to DMSO as a control. To increase the robustness of this parameter, we added Annexin V as an 

apoptotic marker to the Hoechst33342 stain. After inclusion of this marker, it was possible to 

distinguish between mitosis and apoptosis for U2OS cells. Even for the human embryonic 

kidney cells (HEK293T), which are smaller and rounder than the other cell lines used, the 

distinction between mitosis and apoptosis was confirmed by normalization to DMSO as control. 

For the tested small chemogenomic set, all compounds that showed less than 50% of healthy 

cells were marked and should be assessed further. In our test set, 5 compounds were marked at 

10 µM (daunorubicin, staurosporine, topotecan, camptothecin and puromycin), as expected. To 

detect phenotypical properties, that are independent of cell death, only nuclei that were gated 

healthy earlier, were considered. Vinorelbin tartrate, a vinca alkaloid with antimicrotubule 
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properties interfering with mitotic spindle function, was used as a positive control for tubulin 

effects [50]. As expected, after 24 h, vinorelbin tartrate treated cells, exhibited increased tubulin 

effects compared to DMSO 0.1% treated cells. For mitochondrial mass increase, we used 

milciclib as a test compound. Milciclib, is a known apoptosis modulator [51] and showed an 

increase of mitochondrial mass over 60% in comparison to DMSO. The chemical probe 

compounds, SR-318 (a chemical probe for MAPK14) [52] and BAY-179 (a chemical probe for 

complex I) also showed over 80% healthy nuclei but an increase in mitochondrial mass over 

60%. The MAPK14 probe SR-318 as well as the matched negative control SR-302 showed also 

a tubulin effect of more than 90%. Interestingly, compounds that are known to permeabilize the 

membrane such as digitonin (10 µM), showed still more than 50% healthy nuclei after 24h. The 

same compounds were tested in HEK293T and MRC-9 cells. The data have been included in 

the Supplemental Figures S5 – S8. 

The tested compounds were used, to establish a protocol for detection of multiple readouts. The 

following requirements were determined for compound flagging: Hoechst High Intensity 

Objects > 50%, Healthy Nuclei < 50%, Pyknosed Nuclei > 50%, Fragmented Nuclei > 50%, 

Tubulin effect > 50%, mitochondrial mass increase > 50%, membrane permeability > 50%. 

However, we recommend that every experiment should contain control compounds with known 

characteristics as an internal standard. This primary screen was able to flag compounds, which 

should be further investigated, regarding their suitability for inclusion as compounds in a 

chemogenomic set. For instance, target specific and off-targeted mechanisms affecting cellular 

health can be distinguished by control compounds and/or alternative inhibitors with diverse 

chemical structure that makes it unlikely that these targets also inter with similar off-target 

mechanisms as the investigated compound.   
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Figure 4. High Content Multiplex screen of different compounds in U2OS cells. A: General 

workflow of Multiplex High Via protocol analysis with property thresholds. B: Ratio of 

Hoechst High Intensity Objects after 24h of compound exposure (Supplementary Table S5) in 

U2OS in comparison to DMSO 0.1% of biological duplicates. Error bars show SEM of 

technical triplicates. Property threshold at 50% marked red. Example fluorescence confocal 

images of stained (blue:DNA/nuclei, Hoechst33342) U2OS cells after 24h of exposure to 

camptothecin 10 µM in comparison to DMSO 0.1% . C: Cell count ratio of different Nuclei 

gating after 24h of 10 µM of compound exposure (Supplementary Table S5) in comparison to 

DMSO 0.1% in U2OS cells. Error bars show SEM of technical triplicates. Property threshold 

at 50% marked red. Brightfield confocal image of stained (blue: DNA/nuclei, green: 

Microtubule different, red: mitochondria content, magenta: Annexin V apoptosis marker) 

U2OS cells after 24h of compound exposure of staurosporine 10 µM) in comparison to DMSO 

0.1%. Gating of cells for Nuclei gating and Annexin V based gating shown. D: Cell count ratio 

of tubulin effect (green), mitochondrial mass increase (magenta) and membrane permeability 

(blue) of U2OS cells after 24h of 10 µM of compound exposure (WM-1119, TP-030-1, NVS-

MALT-1, SR-302, α-naphthoflavone, vinorelbin tartrate, digitonine, milciclib, SR-318, BAY-

179) in comparison to DMSO 0.1%. Error bars show SEM of technical triplicates. Property 

threshold at 50% marked. Brightfield confocal image of stained (blue: DNA/nuclei, green: 

microtubule different, red: mitochondria content, magenta: Annexin V apoptosis marker) U2OS 

cells after 24h of compound exposure (vinorelbin tartrate 10 µM, milciclib 10 µM, digitonin 10 

µM) in comparison to DMSO 0.1%. Fluorescent image of different staining is highlighted. 

 

Multiplex Analysis of Chemogenomic Compounds  

To validate whether this assay can be performed in a medium throughput format, we tested a 

small library of 215 compounds at two different concentrations, 1µM and 10 µM, in U2OS, 

HEK293T and MRC-9 cells. Here, we describe the analysis of the U2OS cells while the results 

for the further two cell lines are provided in the supplementary materials (Supplementary Table 

S8). Most of the compounds tested have a cellular on-target activity in the nanomolar range. It 

was thus not surprising to observe strong viability effects for a large number of compounds at 

10 µM (Figure 5A). We therefore mainly evaluated the effects at the lower concentration of 1 

µM. In a first step, compounds that showed Hoechst High Intensity Objects were considered as 

described earlier. Here, only three of the 215 compounds showed more than 50% of healthy 

nuclei after 1 µM treatment: the control compounds berzosertib and camptothecin, as well as 
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the FGFR inhibitor PD173074 [53], which precipitated, a property that can be explained by its 

hydrophobicity (logP of 4.7). It should be noted that PD173074 has a cellular activity at less 

than 25 nM and should therefore be used at lower concentrations than 1 µM. The validation of 

cell viability using the nuclei gating described earlier, revealed 20 compounds with less than 

50% of healthy nuclei. Among these, only 9 compounds (volasertib, BMS-754807, DDR-TRK-

1N, TP0903, GNF-5837, infigratinib, adavosertib, ML154, omipalisib) showed 40% or less 

healthy nuclei, whereas for example the dual PI3K-AKT-mTOR inhibitor omipalisib, known 

to cause apoptosis in this concentration range [54], as well as the multi-kinase inhibitor TP-

0903 [55] and the TRK inhibitor GNF-5837 [56], both known to have an impact on cell 

viability, decreased the healthy nuclei count more than 60%. Compounds that showed a 

phenotypic characteristic above the threshold in all three cell lines were ‘flagged’. Further 

investigations are warranted, if the mode of action is responsible for the ‘flagged’ phenotype or 

non-intended compound features, such as e.g., off-target effects or inappropriate concentrations 

used. In our test chemogenomic set, 49 compounds were ‘flagged’ (Figure 5B). For example, 

compound KN-62 was marked due to tubulin effects greater 90%. KN-62 is a 

calcium/calmodulin kinase inhibitor [57], which inhibits the polymerization of tubulin [57] , so 

the phenotypical effect can be explained by its mode of action. For the TIE2 inhibitor BAY-

826, there is no link to tubulin function known so far [58]. However, the recently described off-

target activity on DDR1/2 may explain the observed phenotype [59]. In total, 8 compounds 

were marked to have tubulin effects while they crossed no other phenotypic threshold (BAY-

826, bromosporine, CINK4, PF-299804, SR318, SU11274, YM-201636, ZM447439) in U2OS 

cells. We detected mitochondrial mass increase for 10 compounds (azelastine, GSK1070916, 

JNJ-5207787, ML-290, NVP-AEW541, PD 102807, SGC-GAK-1, TC-G 1003, topotecan, 

XMD17-109) whereas only the pan-HER kinase inhibitor PF-299804 [60] demonstrated 

membrane permeabilization effects of more than 65%. Importantly, the protocol allows for a 

continuous monitoring enabling the detection of time- dependent observations. For example, 

WZ-4002, a mutant selective covalent EGFR inhibitor showed initially (12h) at 1 µM an effect 

on tubulin and mitochondrial mass before causing membrane permeabilization at 24h.  
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Figure 5. Multiplex Certificates of Chemogenomic Compounds. A: Cell count ratio of 

different nuclei gating after 24h of 10 µM and 1 µM of compound exposure (Supplementary 

Table S8) in U2OS cells. Error bars show SEM of biological duplicates. Healthy nuclei count 

at 50% (viability threshold) marked as a red line. B: Heat map of phenotypical property ratios 
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(tubulin effect, mitochondrial mass increased and membrane permeabilized) and the growth 

rate, which was calculated against the non-treated cell number, as described earlier by Hafner 

et. al [61]   of U2OS cells exposed to 49 compounds, that were marked as ‘flagged’ after 

Multiplex analysis (phenotypical property threshold > 50% ). Heat map shows mean of two 

biological duplicates. All data is available in Supplementary Table S8.  

Discussion  

Microscopy-based high-content screening, as a strategy for drug discovery, allows monitoring 

of multiple phenotypes in a fast and economical way [62]. Phenotypic screening has regained 

attention in drug discovery in recent years. In comparison to target-based drug discovery 

methods, phenotypic screening does not rely on the knowledge of a specific target per se and 

works as a tool to address complex relations of poorly understood diseases [5]. Extracting 

information from biological images collected during phenotypic screening and reducing them 

to a multidimensional profile, a process called image-based profiling, can be used to identify 

new disease-associated phenotypes, provide a better understanding about target effects and to 

predict compound activity, toxicity and mechanism of actions [63]. Here, we present a HighVia 

Extend, a live cell expandable unbiased image-based profiling assay, suitable for real-time 

measurements [64]. Similar to HighVia, HighVia Extend is modular in nature, inexpensive and 

flexible, providing the possibility to add additional fluorescent dyes for further readouts or 

adaptations for the use in different cell lines. Importantly, the assay is applicable for kinetic 

measurement for over 72h and can therefore differentiate between primary target effects and 

secondary phenotypic results caused by the compound treatment. The lack of kinetic 

information is a frequent problem in phenotypic screens, which monitor endpoints [65]. Using 

a single readout, Hoechst33342, to assess cell nuclei, we were able to identify healthy cells with 

high confidence, which enabled the use of additional stains to detect changes in tubulin 

appearance and mitochondrial content, respectively. Adding the FUCCI system, additional 

information regarding compounds affecting the cell cycle could be obtained. However, 

compared to CellPainting, which uses mostly fixed cells and is based on the generation and 

evaluation of thousands of features [3] our assay requires less extensive data storage and 

bioinformatics capabilities while providing additional kinetic aspects.  

The presented assay offers a suitable annotation for (chemogenomic) libraries, providing 

information on the effect of these compounds on cellular health. It thus helps to distinguish 

between false-positive or false-negative results of subsequent phenotypic assays [66, 67]. False 

negative results can for example be caused by compounds with low solubility or precipitation 
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of a compound as well as low permeability properties. Poorly soluble compounds can also cause 

false positive results, which may arise by causing unspecific cell death. Other compounds may 

cause false positive signals in cell assays due to reactivity of structural groups under applied 

conditions such as redox effects, complex formation, intrinsic fluorescence, degradation and 

others [67, 68]. In the literature, already a large number of small molecules have been annotated 

as substances to frequently interfere with different assays [69]. Additional unspecific effects on 

cellular viability have been described for compounds binding to tubulin e.g., Gul et. al showed 

that the preclinical used MTH1 inhibitor TH588 showed decreased tumor growth due to 

involvement in microtubule spindle regulation instead of the first investigated target effect [19, 

70]. The assessment of the tubulin modulating properties of compounds in a library can thus 

provide an alert with respect to the downstream effect on cell viability, which is particularly 

important for cancer cell biology. 

For compounds without specific binding information to a protein as well as for target validation, 

the assay can provide a simple profile for each compound in a time dependent manner. By 

comparing the effect on cellular health for compounds targeting the same protein, unspecific 

effects can be easily detected using further analysis and clustering of results. Testing a well-

annotated compound collection can thus be used to identify new biology mechanisms for known 

targets or even find new target correlations.  

Materials and Methods     HighVia Extend Protocol  

For testing the High-Via Extend protocol, nine reference compounds (digitonin, torin, 

ricolinostat, paclitaxel, staurosporine, JQ1, berzosertib, milciclib, camptothecin) with known 

mode of actions (Supplementary Table S2) were dissolved in DMSO to a concentration of 10 

mM.  A 7-point serial dilution of every compound were tested in three different cell lines 

(HEK293T, U2OS, MRC-9). HEK293T (ATCC® CRL-1573™) and U2OS (ATCC®HTB-

96™) were cultured in DMEM plus L-Glutamine (High glucose) supplemented by 10% FBS 

(Gibco) and Penicillin/Streptomycin (Gibco). MRC-9 fibroblasts (ATCC® CCL-2™) were 

cultured in EMEM plus L-Glutamine supplemented by 10% FBS (Gibco) and Penicillin/ 

Streptomycin (Gibco). Cells were seeded at a density of 1250 cells per well in a 384 well plates 

in culture medium (Cell culture microplate, PS, f-bottom, µClear®, 781091, Greiner), with a 

volume of 50 µL per well. All outer wells were filled with 100 µL PBS-buffer (Gibco). 

Simultaneously with seeding, cells were stained with 60 nM Hoechst33342 (Thermo 

Scientific), 75 nM MitoTrackerTM far red (Invitrogen), 0.3 µL/well Annexin V Alexa Fluor 488 

conjugate (Invitrogen) and 1 µM YoPro3 (Invitrogen).  
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Cellular shape and fluorescence of the untreated cells was measured 24h after seeding, using 

the CQ1 high-content confocal microscope (Yokogawa). The compounds were added in a 

1:1000 dilution (50 nL/well) using an Echo 550 (LabCyte, San Josef, California, USA) and 

measured again once and then every 12h over 72h. The following setup parameters were used 

for image acquisition: Ex 405 nm/Em 447/60 nm, 500ms, 50%; Ex 561 nm/Em 617/73 nm, 100 

ms, 40%; Ex 488/Em 525/50 nm, 50 ms, 40%; Ex 640 nm/Em 685/40, 50 ms, 20%; bright field, 

300 ms, 100% transmission, one centered field per well, 7 z stacks per well with 55 µm spacing. 

Images were analyzed using the CellPathfinder software (Yokogawa), segmented and classified 

as described previously [22]. Briefly, using an automated algorithm, cell ‘nuclei’ were 

identified by Hoechst channel intensity levels and optimized by smoothing of mean intensity 

levels, thresholding and afterwards size-filtering to accurately segment nuclei from cytosol. The 

‘cell body’ was defined using the bright field channel. The digital phase contrast was 

determined between z-stack 3 and 5 with a phase-contrast level of 0.003 to improve cellular 

shape separation from background. To better identify cytoplasmic areas, the threshold results 

of the cell body was defined as interdependent of nuclei. After segmentation of the cells, 

classification was performed using the machine learning feature of the CellPathfinder Software. 

Training of the machine learning algorithm was performed by an experienced cell biologist. 

The cells were classified in healthy, early apoptotic, late apoptotic, necrotic and lysed cells by 

19 features of the cell body and 13 features of the nuclei (Supplementary Figure S7.1) including 

dye intensity levels and cellular morphology characteristics like cell diameter or compactness. 

Different control compounds were used to train the machine learning algorithm. Staurosporine 

10 µM was used to identify apoptotic cells, digitonine 10 µM was used to classify lysed cells. 

The analysis was validated using duplicate wells of the named compounds. For nuclei 

classification the cells were subdivided in healthy, pyknosed and fragmented nuclei by ten 

features (Supplementary Figure S7.2) of the Hoechst channel. To detect objects that show high 

intensity of the Hoechst channel, classification in High Intensity Objects and Normal Intensity 

Objects was implemented using three features for the cell body and two features for the nuclei 

(Supplementary Figure S7.3). The health cell count and the healthy nuclei count was 

normalized against the healthy cell count and healthy nuclei count of cells treated with 0.1% 

DMSO. Significance was calculated using a two-way ANOVA analysis in GraphPad PRISM 

8. 

Multiplex protocol 

HEK293T (ATCC® CRL-1573™) and U2OS (ATCC®HTB-96™) were cultured in DMEM 

plus L-Glutamine (High glucose) supplemented by 10% FBS (Gibco) and Penicillin/ 
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Streptomycin (Gibco). MRC-9 fibroblasts (ATCC® CCL-2™) were cultured in EMEM plus 

L-Glutamine supplemented by 10% FBS (Gibco) and Penicillin/Streptomycin (Gibco). One day 

prior to compound exposure, cells were stained simultaneously to seeding with 60 nM 

Hoechst33342 (Thermo Scientific), 75 nM Mitotracker red (Invitrogen), 0.3 µl/well Annexin 

V Alexa Fluor 680 conjugate (Invitrogen) and 25 nL /well BioTracker™ 488 Green 

Microtubule Cytoskeleton Dye (EMD Millipore). Cells were seeded at a density of 2000 cells 

per well in a 384 well plates in culture medium (Cell culture microplate, PS, f-bottom, µClear®, 

781091, Greiner), with a volume of 50 µL per well. All outer wells were filled with 100 µL 

PBS-buffer (Gibco). 

Using the CQ1 high-content confocal microscope (Yokogawa), cellular shape and fluorescence 

was measured bevor and 12h as well as 24h after compound treatment. All compounds were 

diluted in DMSO to a concentration of 10 mM. Compounds were added directly to the cells in 

a 1:1000 dilution (50 nL/well) using an Echo 550 (LabCyte, San Josef, California, USA).  

For image acquisition the following parameters were used: Ex 405 nm/Em 447/60 nm, 500ms, 

50%; Ex 561 nm/Em 617/73 nm, 100 ms, 40%; Ex 488/Em 525/50 nm, 50 ms, 40%; Ex 640 

nm/Em 685/40, 50 ms, 20%; bright field, 300ms, 100% transmission, one centered field per 

well, 7 z stacks per well with a total of 55 µm spacing. 

All images were analyzed using the CellPathfinder software (Yokogawa). Segmentation of cells 

was performed as described earlier. First the cells are classified in Hoechst High Intensity 

Objects or Normal Intenstiy Objects (Supplementary Table S7.3). All normal gated cells are 

further classified in healthy, fragmented or pyknosed nuclei (Supplementary Table S7.2). The 

pyknosed cells are gated in mitotic or apoptotic cells using 7 features for the cell body and 5 

features for the cell nuclei according to their Annexin V staining intensity (Supplementary. 

Table S7.5). All cells, that were classified including a healthy nucleus, are further gated into 

three phenotypic classes. They are gated in tubulin effect or no tubulin effect (Supplementary 

Table S7.6), mitochondrial mass increased or not increased (Supplementary Table S7.7) and 

membrane permeability/membrane normal (Supplementary Table S7.8). Growth rate was 

calculated against non-treated cells and cells treated with DMSO 0.1 % [61].  

FUCCI assay protocol 

For creation of a stable cell line, including the florescent ubiquitination-base cell cycle indicator 

FUCCI, the plasmid-based transposon system Sleeping Beauty was used. Vector (pSBbi_Fucci) 

and the Transposase SB100X have been described previously [71]. HCT116 cells 

(ATCC® CCL-247™) were cotransfected in a small cell culture flask (5 mL) with a mixture of 
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9.5 µg pSBbi_Fucci vector and 0.5 µg if the SB100X transposase vector using FuGENE HD 

(Promega) as described previously [72]. Two days after transfection cells were selected over 

10 days using puromycin (1µg/mL) and cultivated afterwards for two more weeks in McCoys 

5A plus L-Glutamine (Gibco) supplemented by 10% FBS (Gibco) and Penicillin/Streptomycin 

(Gibco).  

HCT116-FUCCI cells were seeded at a density of 1250 cells per well in a 384 well plate (Cell 

culture microplate, PS, f-bottom, µClear®, 781091, Greiner) in culture medium to 50 µL per 

well and stained additionally with 60 nM Hoechst33342 (Thermo Scientific). Outer wells were 

filled with 100 µL PBS-buffer (Gibco). Fluorescence and cellular shape were measured bevor 

and after compound treatment for 72h every 12h using the CQ1 high-content confocal 

microscope (Yokogawa). Compounds were added directly to the cells, using an Echo 550 

(LabCyte, San Josef, California, USA) in a 1:1000 dilution (50 nL/well) to a final concentration 

of 10 µM.  

Following parameters were used for image acquisition: Ex 405 nm/Em 447/60 nm, 500ms, 

50%; Ex 561 nm/Em 617/73 nm, 100 ms, 40%; Ex 488/Em 525/50 nm, 50 ms, 40%; Ex 640 

nm/Em 685/40, 50 ms, 20%; bright field, 300ms, 100% transmission, one centered field per 

well, 7 z stacks per well with a total of 55 µm spacing. Analyzing of images were performed 

using the CellPathfinder software (Yokogawa). Segmentation of cells was performed as 

described earlier. First the cells are classified in Hoechst High Intensity Objects or Normal 

Intenstiy Objects (Supplementary Table S7.3). All normal gated cells are further classified in 

healthy, fragmented or pyknosed nuclei (Supplementary Table S7.2). The cell that showed a 

healthy nuclei were then further gated in red/green or yellow using 11 features of the cell body 

and 4 features of the cell nuclei (Supplementary Figure S7.4). Total cell count was normalized 

against total cell count of cells treated with 0.1% DMSO.  

Dye titration CQ1 and alamarblue assay 

U2OS cells (ATCC®HTB-96™) were cultured in DMEM plus L-Glutamine (High glucose) 

supplemented by 10% FBS (Gibco) and Penicillin/Streptomycin (Gibco) and seeded on a 384 

well plate in culture medium (Cell culture microplate, PS, f-bottom, µClear®, 781091, Greiner) 

with half of  the plate  with and the other half of the plate, without dyes at a density of 1500 

cells per well in a, in a volume of 50 µL per well. All outer wells were filled with 100 µL PBS-

buffer (Gibco). 24h after seeding cells without dyes were treated with the same concentration 

of dyes and directly measured by the CQ1 confocal microscope (Yokogawa) over 72h every 

12h. The dyes Hoechst33342 (Thermo Scientific), Mitotracker red (Invitrogen), Mitotracker far 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 January 2022                   doi:10.20944/preprints202201.0155.v1

https://doi.org/10.20944/preprints202201.0155.v1


26 

red (Invitrogen), Annexin V Alexa Fluor 680 conjugate (Invitrogen), Annexin V Alexa Fluor 

488 conjugate (Invitrogen), BioTracker™ 488 Green Microtubule Cytoskeleton Dye (EMD 

Millipore), YoPro3 (Invitrogen)) were added using an Echo 550 (LabCyte, San Josef, 

California, USA) in a 7-fold dilution and different dye combinations (Supplementary Table S1). 

Image acquisition was done with the following parameters: Ex 405 nm/Em 447/60 nm, 500ms, 

50%; Ex 561 nm/Em 617/73 nm, 100 ms, 40%; Ex 488/Em 525/50 nm, 50 ms, 40%; Ex 640 

nm/Em 685/40, 50 ms, 20%; bright field, 300ms, 100% transmission, one centered field per 

well, 7 z stacks per well with a total of 55 µm spacing. Analyzing of images was performed 

using the CellPathfinder software (Yokogawa) as described earlier. To detect the cells without 

Hoechst33342 stain, the cell body was defined just by bright field intensity levels. Cells were 

classified using machine learning algorithm by an experienced cell biologist in healthy or not 

healthy.   

After 72h the plate was treated with 1:10 alamarBlue™ (ThermoFisher) solution for 12h. 

Fluorescence was measured on a PHERAstar plate reader (BMG Labtech) with an emission of 

590 nm and excitation of 545 nm. 

Author Contributions: Conceptualization, A.T., M.S. S.M.K; methodology and formal 

analysis, A.T., M.S., E.K, validation A.T., M.S., E.K.A.C.; data curation, A.T., M.S.; writing—

original draft preparation, A.T., M.S., S.M.K.; writing, review and editing, A.T., A.C., E.K., 

R.M., S.K., M.S. and S.M.K; supervision, M.S., R.M., S.M.K.; project administration, S.M.K.; 

funding acquisition, S.K. All authors have read and agreed to the published version of the 

manuscript 

Funding: The authors received financial support for the research, authorship and publication 

of this article: All authors are supported by SGC, a registered charity (no. 1097737) that 

receives funds from Bayer AG, Boehringer Ingelheim, the Canada Foundation for Innovation, 

Eshelman Institute for Innovation, Genentech, Genome Canada through Ontario Genomics 

Institute [OGI-196], EU/EFPIA/OICR/McGill/KTH/Diamond, Innovative Medicines Initiative 

2 Joint Undertaking [EUbOPEN grant 875510], Janssen, Merck KGaA (aka EMD in Canada 

and US), Pfizer, the Sao Paulo Research Foundation-FAPESP ̃ and Takeda as well as support 

from the German translational cancer network DKTK and the Frankfurt Cancer Institute (FCI). 

A.T. is supported by the SFB 1177 ‘Molecular and Functional Characterization of Selective 

Autophagy’. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 January 2022                   doi:10.20944/preprints202201.0155.v1

https://doi.org/10.20944/preprints202201.0155.v1


27 

Acknowledgments: We would like to thank Nicolas Bauer for performing a fluorescence 

spectrum, Robert Giessmann for invaluable help with data coordination and optimization of 

data analysis, and Benedict-Tilman Berger for helpful discussions.  

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in 

the design of the study; in the collection, analyses, or interpretation of data; in the writing of 

the manuscript, or in the decision to publish the results. 

 

  

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 January 2022                   doi:10.20944/preprints202201.0155.v1

https://doi.org/10.20944/preprints202201.0155.v1


28 

References 

1. How Phenotypic Screening Influenced Drug Discovery: Lessons from Five Years of Practice. 

ASSAY and Drug Development Technologies, 2017. 15(6): p. 239-246. 

2. Rietdijk, J., et al., A phenomics approach for antiviral drug discovery. BMC Biol, 2021. 

19(1): p. 156. 

3. Bray, M.-A., et al., Cell Painting, a high-content image-based assay for morphological 

profiling using multiplexed fluorescent dyes. Nature Protocols, 2016. 11(9): p. 1757-1774. 

4. Schiff, L., et al., Deep learning and automated Cell Painting reveal Parkinson’s disease-

specific signatures in primary patient fibroblasts. bioRxiv, 2020: p. 2020.11.13.380576. 

5. Moffat, J.G., et al., Opportunities and challenges in phenotypic drug discovery: an industry 

perspective. Nature Reviews Drug Discovery, 2017. 16(8): p. 531-543. 

6. Arrowsmith, C.H., et al., The promise and peril of chemical probes. Nature Chemical Biology, 

2015. 11(8): p. 536-541. 

7. Brown, P.J. and S. Müller, Open access chemical probes for epigenetic targets. Future Med 

Chem, 2015. 7(14): p. 1901-17. 

8. Drewes, G. and S. Knapp, Chemoproteomics and Chemical Probes for Target Discovery. 

Trends Biotechnol, 2018. 36(12): p. 1275-1286. 

9. Bunnage, M.E., E.L.P. Chekler, and L.H. Jones, Target validation using chemical probes. 

Nature Chemical Biology, 2013. 9(4): p. 195-199. 

10. Wells, C.I., et al., The Kinase Chemogenomic Set (KCGS): An Open Science Resource for 

Kinase Vulnerability Identification. International Journal of Molecular Sciences, 2021. 22(2): 

p. 566. 

11. Canham, S.M., et al., Systematic Chemogenetic Library Assembly. Cell Chemical Biology, 

2020. 27(9): p. 1124-1129. 

12. Dafniet, B., et al., Development of a chemogenomics library for phenotypic screening. Journal 

of Cheminformatics, 2021. 13(1): p. 91. 

13. Muller, S., et al., Donated chemical probes for open science. Elife, 2018. 7. 

14. Bredel, M. and E. Jacoby, Chemogenomics: an emerging strategy for rapid target and drug 

discovery. Nature Reviews Genetics, 2004. 5(4): p. 262-275. 

15. Jones, L.H. and M.E. Bunnage, Applications of chemogenomic library screening in drug 

discovery. Nature Reviews Drug Discovery, 2017. 16(4): p. 285-296. 

16. Caron, P.R., et al., Chemogenomic approaches to drug discovery. Curr Opin Chem Biol, 2001. 

5(4): p. 464-70. 

17. EUbOPEN website. 

18. Carter, A.J., et al., Target 2035: probing the human proteome. Drug Discovery Today, 2019. 

24(11): p. 2111-2115. 

19. Kawamura, T., et al., Proteomic profiling of small-molecule inhibitors reveals dispensability 

of MTH1 for cancer cell survival. Scientific Reports, 2016. 6(1): p. 26521. 

20. Sun, H., et al., Predictive models for estimating cytotoxicity on the basis of chemical 

structures. Bioorg Med Chem, 2020. 28(10): p. 115422. 

21. Tang, H., et al., Target Identification of Compounds from a Cell Viability Phenotypic Screen 

Using a Bead/Lysate-Based Affinity Capture Platform. Journal of Biomolecular Screening, 

2015. 21(2): p. 201-211. 

22. Howarth, A., et al., HighVia-A Flexible Live-Cell High-Content Screening Pipeline to Assess 

Cellular Toxicity. SLAS Discov, 2020. 25(7): p. 801-811. 

23. Chen, A.Y., et al., A New Mammalian DNA Topoisomerase I Poison Hoechst 33342: 

Cytotoxicity and Drug Resistance in Human Cell Cultures. Cancer Research, 1993. 53(6): p. 

1332-1337. 

24. Durand, R.E. and P.L. Olive, Cytotoxicity, Mutagenicity and DNA damage by Hoechst 33342. 

Journal of Histochemistry & Cytochemistry, 1982. 30(2): p. 111-116. 

25. Camilleri-Broët, S., et al., Distinct Alterations in Mitochondrial Mass and Function 

Characterize Different Models of Apoptosis. Experimental Cell Research, 1998. 239(2): p. 

277-292. 

26. Márquez-Jurado, S., et al., Mitochondrial levels determine variability in cell death by 

modulating apoptotic gene expression. Nature Communications, 2018. 9(1): p. 389. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 January 2022                   doi:10.20944/preprints202201.0155.v1

https://doi.org/10.20944/preprints202201.0155.v1


29 

27. Hsiang, Y.H., et al., Camptothecin induces protein-linked DNA breaks via mammalian DNA 

topoisomerase I. Journal of Biological Chemistry, 1985. 260(27): p. 14873-14878. 

28. da Motta, L.L., et al., The BET inhibitor JQ1 selectively impairs tumour response to hypoxia 

and downregulates CA9 and angiogenesis in triple negative breast cancer. Oncogene, 2017. 

36(1): p. 122-132. 

29. Francipane, M.G. and E. Lagasse, Selective targeting of human colon cancer stem-like cells by 

the mTOR inhibitor Torin-1. Oncotarget, 2013. 4(11): p. 1948-1962. 

30. Styrt, B., P.C. Johnson, and M.S. Klempner, Differential lysis of plasma membranes and 

granules of human neutrophilis by digitonin. Tissue and Cell, 1985. 17(6): p. 793-800. 

31. Wen, N., et al., Bromodomain inhibitor jq1 induces cell cycle arrest and apoptosis of glioma 

stem cells through the VEGF/PI3K/AKT signaling pathway. Int J Oncol, 2019. 55(4): p. 879-

895. 

32. Vogl, D.T., et al., Ricolinostat, the First Selective Histone Deacetylase 6 Inhibitor, in 

Combination with Bortezomib and Dexamethasone for Relapsed or Refractory Multiple 

Myeloma. Clinical Cancer Research, 2017. 23(13): p. 3307-3315. 

33. Kang, H. and A.S. Alvarado, Flow cytometry methods for the study of cell-cycle parameters of 

planarian stem cells. Developmental Dynamics, 2009. 238(5): p. 1111-1117. 

34. Sakaue-Sawano, A., et al., Visualizing Spatiotemporal Dynamics of Multicellular Cell-Cycle 

Progression. Cell, 2008. 132(3): p. 487-498. 

35. Yano, S. and R.M. Hoffman, Real-Time Determination of the Cell-Cycle Position of 

Individual Cells within Live Tumors Using FUCCI Cell-Cycle Imaging. Cells, 2018. 7(10): p. 

168. 

36. Zielke, N. and B.A. Edgar, FUCCI sensors: powerful new tools for analysis of cell 

proliferation. WIREs Developmental Biology, 2015. 4(5): p. 469-487. 

37. Jorda, R., et al., How Selective Are Pharmacological Inhibitors of Cell-Cycle-Regulating 

Cyclin-Dependent Kinases? Journal of Medicinal Chemistry, 2018. 61(20): p. 9105-9120. 

38. Sanchez-Martinez, C., et al., Cyclin dependent kinase (CDK) inhibitors as anticancer drugs. 

Bioorg Med Chem Lett, 2015. 25(17): p. 3420-35. 

39. Reiners, J.J., Jr, R. Clift, and P. Mathieu, Suppression of cell cycle progression by flavonoids: 

dependence on the aryl hydrocarbon receptor. Carcinogenesis, 1999. 20(8): p. 1561-1566. 

40. Demidenko, Z.N., et al., Mechanism of G1-like arrest by low concentrations of paclitaxel: 

next cell cycle p53-dependent arrest with sub G1 DNA content mediated by prolonged mitosis. 

Oncogene, 2008. 27(32): p. 4402-4410. 

41. Wang, T.-H., H.-S. Wang, and Y.-K. Soong, Paclitaxel-induced cell death. Cancer, 2000. 

88(11): p. 2619-2628. 

42. Schick, U., et al., Trametinib radiosensitises RAS- and BRAF-mutated melanoma by 

perturbing cell cycle and inducing senescence. Radiotherapy and Oncology, 2015. 117(2): p. 

364-375. 

43. Faulds, D., et al., Mitoxantrone. Drugs, 1991. 41(3): p. 400-449. 

44. Kluza, J., et al., Mitochondrial proliferation during apoptosis induced by anticancer agents: 

effects of doxorubicin and mitoxantrone on cancer and cardiac cells. Oncogene, 2004. 23(42): 

p. 7018-7030. 

45. Pommier, Y., Topoisomerase I inhibitors: camptothecins and beyond. Nature Reviews 

Cancer, 2006. 6(10): p. 789-802. 

46. Tsunetoh, S., et al., Topotecan as a molecular targeting agent which blocks the Akt and VEGF 

cascade in platinum-resistant ovarian cancers. Cancer biology & therapy, 2010. 10(11): p. 

1137-1146. 

47. Al-Aamri, H.M., et al., Time dependent response of daunorubicin on cytotoxicity, cell cycle 

and DNA repair in acute lymphoblastic leukaemia. BMC Cancer, 2019. 19(1): p. 179. 

48. Ishikawa, C., M. Senba, and N. Mori, Mitotic kinase PBK/TOPK as a therapeutic target for 

adult T‑cell leukemia/lymphoma. Int J Oncol, 2018. 53(2): p. 801-814. 

49. Delaney, J.S., Predicting aqueous solubility from structure. Drug Discov Today, 2005. 10(4): 

p. 289-95. 

50. Knick, V.C., D.J. Eberwein, and C.G. Miller, Vinorelbine Tartrate and Paclitaxel 

Combinations: Enhanced Activity Against In Vivo P388 Murine Leukemia Cells. JNCI: 

Journal of the National Cancer Institute, 1995. 87(14): p. 1072-1077. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 January 2022                   doi:10.20944/preprints202201.0155.v1

https://doi.org/10.20944/preprints202201.0155.v1


30 

51. Johansson, P., et al., A Patient-Derived Cell Atlas Informs Precision Targeting of 

Glioblastoma. Cell Reports, 2020. 32(2): p. 107897. 

52. Röhm, S., et al., Fast Iterative Synthetic Approach toward Identification of Novel Highly 

Selective p38 MAP Kinase Inhibitors. J Med Chem, 2019. 62(23): p. 10757-10782. 

53. Pardo, O.E., et al., The fibroblast growth factor receptor inhibitor PD173074 blocks small cell 

lung cancer growth in vitro and in vivo. Cancer Res, 2009. 69(22): p. 8645-51. 

54. Ippolito, T., et al., Omipalisib (GSK458), a Novel Pan-PI3K/mTOR Inhibitor, Exhibits In 

Vitro Anti-Lymphoma Activity in Chemotherapy-Sensitive and -Resistant Models of Burkitt 

Lymphoma. Blood, 2016. 128(22): p. 5376-5376. 

55. Aveic, S., et al., TP-0903 inhibits neuroblastoma cell growth and enhances the sensitivity to 

conventional chemotherapy. Eur J Pharmacol, 2018. 818: p. 435-448. 

56. Chen, Y., et al., Trk inhibitor GNF‑5837 suppresses the tumor growth, survival and migration 

of renal cell carcinoma. Oncol Rep, 2019. 42(5): p. 2039-2048. 

57. Williams, E.J., et al., A Ca2+/calmodulin kinase inhibitor, KN-62, inhibits neurite outgrowth 

stimulated by CAMs and FGF. Mol Cell Neurosci, 1995. 6(1): p. 69-79. 

58. Schneider, H., et al., Novel TIE-2 inhibitor BAY-826 displays in vivo efficacy in experimental 

syngeneic murine glioma models. Journal of Neurochemistry, 2017. 140(1): p. 170-182. 

59. Lino, M., et al., Diabetic Vascular Calcification Mediated by the Collagen Receptor Discoidin 

Domain Receptor 1 via the Phosphoinositide 3-Kinase/Akt/Runt-Related Transcription Factor 

2 Signaling Axis. Arterioscler Thromb Vasc Biol, 2018. 38(8): p. 1878-1889. 

60. Reckamp, K.L., et al., A phase 2 trial of dacomitinib (PF-00299804), an oral, irreversible 

pan-HER (human epidermal growth factor receptor) inhibitor, in patients with advanced non-

small cell lung cancer after failure of prior chemotherapy and erlotinib. Cancer, 2014. 120(8): 

p. 1145-54. 

61. Hafner, M., et al., Growth rate inhibition metrics correct for confounders in measuring 

sensitivity to cancer drugs. Nat Methods, 2016. 13(6): p. 521-7. 

62. Boutros, M., F. Heigwer, and C. Laufer, Microscopy-Based High-Content Screening. Cell, 

2015. 163(6): p. 1314-1325. 

63. Chandrasekaran, S.N., et al., Image-based profiling for drug discovery: due for a machine-

learning upgrade? Nature Reviews Drug Discovery, 2021. 20(2): p. 145-159. 

64. Cole, R., Live-cell imaging. Cell Adhesion & Migration, 2014. 8(5): p. 452-459. 

65. Neumann, B., et al., High-throughput RNAi screening by time-lapse imaging of live human 

cells. Nature Methods, 2006. 3(5): p. 385-390. 

66. Baell, J.B. and J.W.M. Nissink, Seven Year Itch: Pan-Assay Interference Compounds (PAINS) 

in 2017-Utility and Limitations. ACS Chem Biol, 2018. 13(1): p. 36-44. 

67. Chakravorty, S.J., et al., Nuisance Compounds, PAINS Filters, and Dark Chemical Matter in 

the GSK HTS Collection. SLAS Discov, 2018. 23(6): p. 532-545. 

68. Jasial, S., Y. Hu, and J. Bajorath, How Frequently Are Pan-Assay Interference Compounds 

Active? Large-Scale Analysis of Screening Data Reveals Diverse Activity Profiles, Low 

Global Hit Frequency, and Many Consistently Inactive Compounds. Journal of Medicinal 

Chemistry, 2017. 60(9): p. 3879-3886. 

69. Baell, J.B. and G.A. Holloway, New Substructure Filters for Removal of Pan Assay 

Interference Compounds (PAINS) from Screening Libraries and for Their Exclusion in 

Bioassays. Journal of Medicinal Chemistry, 2010. 53(7): p. 2719-2740. 

70. Gul, N., et al., The MTH1 inhibitor TH588 is a microtubule-modulating agent that eliminates 

cancer cells by activating the mitotic surveillance pathway. Scientific Reports, 2019. 9(1): p. 

14667. 

71. Kowarz, E., D. Loscher, and R. Marschalek, Optimized Sleeping Beauty transposons rapidly 

generate stable transgenic cell lines. Biotechnol J, 2015. 10(4): p. 647-53. 

72. Izsvak, Z., et al., Efficient stable gene transfer into human cells by the Sleeping Beauty 

transposon vectors. Methods, 2009. 49(3): p. 287-97. 

 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 January 2022                   doi:10.20944/preprints202201.0155.v1

https://doi.org/10.20944/preprints202201.0155.v1

