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A single-cell micro-trench platform
for automatic monitoring of
cell division and apoptosis
after chemotherapeutic drug
administration
E. I. Chatzopoulou1, P. Raharja-Liu2, A. Murschhauser1, F. Sekhavati1, F. Buggenthin2,
A. M. Vollmar3, C. Marr 2 & J. O. Rädler1
Cells vary in their dynamic response to external stimuli, due to stochastic fluctuations and non-uniform
progression through the cell cycle. Hence, single-cell studies are required to reveal the range of
heterogeneity in their responses to defined perturbations, which provides detailed insight into signaling
processes. Here, we present a time-lapse study using arrays of micro-trenches to monitor the timing of
cell division and apoptosis in non-adherent cells at the single-cell level. By employing automated cell
tracking and division detection, we precisely determine cell cycle duration and sister-cell correlations for
hundreds of individual cells in parallel. As a model application we study the response of leukemia cells to
the chemostatic drug vincristine as a function of cell cycle phase. The time-to-death after drug addition
is found to depend both on drug concentration and cell cycle phase. The resulting timing and doseresponse distributions were reproduced in control experiments using synchronized cell populations.
Interestingly, in non-synchronized cells, the time-to-death intervals for sister cells appear to be
correlated. Our study demonstrates the practical benefits of micro-trench arrays as a platform for highthroughput, single-cell time-lapse studies on cell cycle dependence, correlations and cell fate decisions
in general.
Cell-to-cell variability in responses to external stimuli is a pervasive feature of cellular systems, which prevails
even in isogenic cell populations1,2. Such heterogeneity can be caused by epigenetic modifications, differences
in cell cycle phase, or stochastic variations in gene expression and metabolic state. To dissect the sources of
heterogeneity, the contextual role of cell cycle timing in the response to the stimulus needs to be investigated.
Ideally, responses should be monitored in single cells over time to avoid the typical averaging effect intrinsic to
population measurements. Time-lapse imaging has often been employed for this purpose, since it allows one to
record cell divisions, track the fates of individual cells and reveal genealogical relationships3–5. To study the effect
of cell cycle phase on stimulus response with high statistical power, large numbers of single cells must be observed
continuously.
Tracking of cells, especially of non-adherent cultures, constitutes the typical bottleneck in implementing
high-throughput time-lapse microscopy analyses. Various tracking algorithms have been proposed and evaluated6,7, but for practical purposes, the crucial parameter is the ratio of the time required to manually track single
cells to the workload involved in correcting erroneous automated tracks8. For long-term tracking of fast-moving
cells at high cell densities, efficient manual tracking is often the method of choice9,10. Spatial confinement of
cells reduces the incidence of tracking errors and facilitates the application of tracking algorithms. Among the
techniques available for capturing non-adherent cells for long-term observation, microfluidic devices11 as well
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Figure 1. The micro-trench array enables long-term observation of single cell lineages. (a) Phase-contrast
microscopy image of micro-trenches loaded with cells. (b) Schematic 3D representation of the 20 μm deep
micro-trenches. The green spheres represent non-adherent cells. (c) Schematic diagram of cell division events
within a single micro-trench. (d) Single cells can be automatically identified (purple circles around the cells) and
followed over time in the time-lapse phase-contrast images (blue, cyan and yellow trajectories) of single microtrenches. The trajectories in each frame show the last 10 steps. The length of the micro-trench is 120 μm.
as microwell platforms12–20 have been developed. Micro-fabricated arrays that sequester proliferating single cells
and thus lead to spatially separated progeny clones serve as an especially useful tool for high-throughput investigations of cell cycle length, sister-cell correlations, and the impact of cell cycle phase differences on cell-to-cell
variability.
The implications of cell-to-cell heterogeneity are of paramount importance for cancer progression and treatment21. Tumors of all types not only exhibit genetic diversity, they also display in response kinetics when exposed
to chemotherapy22–24. Most state-of-the-art chemotherapeutic agents in clinical use target rapidly dividing cells
and trigger apoptosis. Thus, vincristine, an antitumor vinca alkaloid, binds to tubulin and blocks chromosome
segregation during metaphase25,26. In contrast, daunorubicin, an anthracycline aminoglycoside antineoplastic,
intercalates into DNA and inhibits the function of the enzyme topoisomerase II during transcription and replication27. Both drugs are routinely used to treat a number of neoplasms28,29, including acute myeloid leukemia
(AML)30,31. Yet, their exact effects on the timing of apoptosis at the single-cell level have not yet been explored.
Here, we introduce arrays of micro-trenches that facilitate continuous observation of individual, non-adherent
cells. We demonstrate that automated image analysis using automated cell tracking permits precise determination
of the distribution of cell cycle duration and detection of sister-cell correlations. We then study the time-to-death
dynamics after administration of vincristine or daunorubicin, and compare the responses of chemically synchronized and non-synchronized populations. We find that, in the presence of the anti-mitotic agent vincristine, the
time-to-death interval decreases as the cell cycle progresses. In contrast, no such effect is observed in the case of
the topoisomerase II inhibitor daunorubicin. These results are consistent with experiments using cells that were
synchronized using standard thymidine cell cycle arrest. Moreover, we find the time-to-death of sister cells to be
strongly correlated in the unsynchronized population.

Results

The single-cell micro-trench platform. To facilitate tracking of non-adherent cells over several generations in a label-free manner, we designed arrays of micro-trenches made of the biocompatible hydrogel polyethylene(glycol) diacrylate (PEG-DA; the fabrication of these arrays is described in Materials and Methods). The
trenches are 30 μm wide, 120 μm long and 20 μm deep and can accommodate up to six non-adherent cells of the
human leukemia cell line MOLM-13 (Fig. 1a,b), used here as a cancer model system. The ratio of the width of a
micro-trench to the diameter of a cell is around 2. Time-lapse experiments were carried out for up to 40 h, which
is sufficient to observe two consecutive cell divisions and hence the first and second generations of daughter cells
derived from the single starting cell per trench (Fig. 1c).
Error-free tracking of single cells in time-lapse experiments is complicated by cell movement, interaction of
cells, different fields of view, and image quality8. Use of micro-trench arrays simplifies the task considerably by
(i) compartmentalizing the cell population and allowing one to monitor single cell lineages, (ii) avoiding interactions between the progenies of different starting cells, thus preventing errors due to mixed lineages, and (iii)
reducing the problem of tracking thousands of cells simultaneously to many small, trench-specific tasks, which
speeds up computation. To track the cells in an automated fashion (see Materials and Methods) we acquired
slightly defocused phase-contrast images (focus at 20 μm below focal plane), which results in images with slightly
blurred but clearly peaked intensity distributions32,33. In this study, we automatically track single starting cells in
micro-trenches then filter out unreliable tracks and analyze cell cycle times and drug responses in more than 2700
single cells in two experiments (Tables 1 and 2). Figure 1d shows representative tracks of a single starting cell that
undergoes two consecutive divisions.
Distribution of cell cycle duration in single cell lineages. After the first division of a single starting
cell, a micro-trench contains two daughter cells that can be separately tracked (Fig. 2). For each cell, we determine the first division time point t0, the division of the first daughter cell at time t1, and the division of the second
daughter cell at t2 (Fig. 2a). In our experiments 320 MOLM-13 starting cells were observed for 40 h through at
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Detected micro-trenches in total

13994

Cells detected in micro-trenches at t = 0

3306

Micro-trenches with a single starting cell at t = 0

2765

Micro-trenches with two starting cells at t = 0

465

Micro-trenches with three starting cells at t = 0

63

Single starting cells that divide before drug addition

1443

Single starting cells that divided once before drug addition

442

Genealogies with one division before drug addition and apoptotic cells

172

Table 1. Cells analyzed in the unsynchronized population.

Detected micro-trenches in total

13428

Cells detected in micro-trenches at t = 0

2546

Micro-trenches containing a single cell at t = 0

2224

Micro-trenches containing two cells at t = 0

287

Micro-trenches containing three cells at t = 0

35

Micro-trenches with single cells during measurement

1927

Table 2. Cells analyzed in the synchronized population.

Figure 2. Micro-trenches enable precise determination of the distribution of cell cycle durations. (a) Schematic
representation of cell division events. The axis at the bottom indicates the time (in h) and shows representative
phase-contrast images at selected time-points. (b) Measured distribution of the cell cycle duration for an
ensemble of 320 cells (MOLM-13) with a mean of 19.7 h and standard deviation of 2.6 h. The dotted red line
corresponds to a log-normal fit and the dashed blue line to a gamma distribution fit. (c) Distribution of the
difference between the cell cycle durations for sister-cell pairs. Differences in cell cycle duration are fitted
with an exponential curve (red line). (d) The cell cycle durations of sister cells (black dots) show higher
correlation (Pearson correlation coefficient r = 0.85 ± 0.04) than those of randomly paired cells (grey triangles,
r = 0.25 ± 0.09).
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least two divisions. The distribution of cell cycle durations, with a mean of 19.7 ± 2.6 h (mean ± std, n = 320 cells)
is well described by both a log-normal distribution and a gamma distribution (Fig. 2b). For clones in which both
t1 and t2 were observed (n = 320), we analyzed the difference between the cell cycle durations for sister cells, t1 – t2.
The distribution of sister-cell differences has a mean of 2.3 ± 2.7 h (n = 85 pairs of sister cells) and is well fitted
with an exponential distribution (Fig. 2c). Compared to randomly paired cells, the cell cycle durations of sister
cells are highly correlated, with a Pearson correlation coefficient of r = 0.85 ± 0.04, as compared to r = 0.25 ± 0.09
for randomly paired cells.

Case study: Vincristine/daunorubicin-induced apoptosis.

It is generally accepted that regulation of
the cell cycle is perturbed in cancer. Chemotherapeutic drugs can have either a cytostatic or cytotoxic effect,
depending on the phase of the cell cycle at which they first encounter their target cells34. Here, we utilize our
micro-trench set-up to monitor cell cycle progression based on phase-contrast images, and the time-to-death
from fluorescence image analysis. We test whether the activity of two widely used chemotherapeutic drugs, vincristine and daunorubicin, is affected by the phase of the cell cycle of MOLM-13 cells. The first division of the
starting cell t0 is used as a reference point. Based on the previously measured cell cycle duration distribution
(Fig. 2b) each drug was added after 20 h, when most starting cells had divided once (Fig. 3a). Phase-contrast
images were taken every 10 min and fluorescence images every 30 min. Cell death was assessed via a detectable PI
fluorescence (see Materials and Methods). An exemplary movie of cells dividing and undergoing apoptosis after
addition of vincristine can be seen in Supplementary Movie 1.
The measured time-to-death distribution, i.e. the time elapsed between the addition of the drug and the death
of the cell is shown in Fig. 3b for increasing drug concentrations. As expected, only a few cells die under control
conditions, when no drug is added, while the number of dead cells rises with increasing vincristine concentration.
At 10 and 100 nM vincristine, the number of dead cells increases considerably after 12 hours of exposure, indicating a time scale for the delay between drug addition and cell death. The scatter plots in Fig. 3c, for each drug
treatment, correlate the stage in the cell cycle at which the cell first encounters the drug (where the duration for
each phase is calculated based on the phase durations proposed in35) with the time-to-death. While in the control
the correlation is slightly positive, with increasing vincristine concentration the correlation becomes increasingly
negative. At the highest concentration, 1000 nM, no correlation is observed, indicating that side-effect toxicities are prominent. The negative correlation between the extent of progression through the cell cycle and the
time-to-death in the case of vincristine is expected, since it is known that at high concentration, vincristine
stimulates microtubule depolymerization and mitotic spindle destruction, while at lower, clinically relevant concentrations, it blocks mitotic progression36. Hence, the longer the time elapsed since a cell’s previous division, the
closer it should be to the M-phase, and should therefore have a shorter time-to-death. In the case of daunorubicin
(10 and 100 nM), no correlation between the time since the previous division and the time-to-death was observed
(Supplementary Fig. 3b).
To investigate the role of cell cycle phases further, we used our pipeline with a cell population that had been
synchronized with the “double thymidine block” procedure37 using micro-trenches (Fig. 4). Thymidine block
arrests cells at the transition between G1 and S, just prior to the initiation of DNA replication. Cells were released
3 h from the block before the start of imaging and seeded in micro-trenches, and the drug was added just before
the onset of image acquisition (Fig. 4a). For all vincristine concentrations, the peak of the time-to-death distribution (Fig. 4b) occurs more than 12 h after starting imaging, similar to that observed in the unsynchronized
population (Fig. 3b). The time-to-death distributions associated with daunorubicin exposure are similar for both
unsynchronized and synchronized cells (Supplementary Figs 3a, 4a,b).
For both, the unsynchronized and synchronized populations, the total number of dead cells as a function of
vincristine concentration is similar (Fig. 5a). The IC50 value derived from these data for the unsynchronized
population is 652 ± 90 nM, while for the synchronized cells is 9 ± 2 nM. Thus, we observe that synchronized
cells are more sensitive to the vincristine treatment. Whether a drug is more potent against synchronized cells
is context specific. Previously it has been reported that cell cycle arrested HeLa cells become resistant to doxorubicin and cisplatin treatment38. On the other hand, cell cycle arrest increased TRAIL-induced apoptosis39.
Also the time-to-death distributions are similar for both populations (Fig. 5b). However, while in the unsynchronized population, the time-to-death correlation between sister cells in the same micro-trench is evident
(Fig. 5c, Pearson correlation coefficient r = 0.54, p-value 1.15 × 10−7), we see no correlation between unrelated
cells (r = 0.05, p-value 0.05) in the synchronized population experiment.

Discussion

The data presented above show that arrays of micro-trenches facilitate automated tracking of cells in parallel and
allow one to deduce the lengths of individual cell cycles without the use of cell cycle-specific molecular markers.
Using automated image analysis, we determined the time of the first cell division in each trench, which provides
a reference point for the initiation of each ensuing cell lineage. Compartmentalization of a cell population into
small groups enables time-lapse analysis of both adherent and non-adherent cells over periods exceeding 48 h.
When plated on a plain surface, cells quickly escape from the field of view and misidentification of adjacent cells
leads to errors, such that extensive computational power and time is required to ensure single-cell tracking. We
observed that the distribution of cell cycle durations in non-synchronized mammalian cells is well fitted by a
log-normal distribution; this also holds for cell size as reported previously40,41. Moreover, in agreement with a
previous study42, we found cell cycle durations to be correlated between sister cells.
We have demonstrated the practicability of clinically relevant, time-resolved single-cell studies in the
micro-trench platform by measuring the time-to-death after the addition of the cancer drugs vincristine and
daunorubicin. We found that the time-to-death in the presence of vincristine is negatively correlated with the
extent of progression through the cell cycle at the time of its administration, and that this correlation becomes
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r = 0.26 (p = 0.57) r = -0.15 (p = 0.27) r = -0.29 (p = 0.86) r = -0.34 (p = 0.01) r = 0.0 (p = 0.97)

Figure 3. Vincristine induced time-to-death in an unsynchronized cell population is drug concentration
dependent. (a) Schematic description of the experimental procedure. Image acquisition starts at time 0 h and
after a defined time (20 h), vincristine is added. Tracking of the individual cells reveals the time at which each
mother cell divides, which is different in each micro-trench, and the time-to-death of the two daughter cells.
Images show a representative cell that has divided before drug addition; both of its daughter cells die (overlay
of the in-focus phase-contrast and PI fluorescence images). (b) Distribution of the time-to-death for all tracked
cells. The black lines represent the kernel density estimation of the probability density function for each drug
treatment. (c) Correlation plots between the time passed in (i.e., extent of progression through) the cell cycle
and the time-to-death. The blue line is a linear fit to the scatter plot for each drug treatment. The Pearson
correlation coefficient (r) for each drug concentration is shown above each graph, together with the p-value
of the correlation test (in parenthesis). The colored areas denote the different cell cycle phases, based on the
average division time presented in Fig. 2b. Green stands for the G1, pink for the S and blue for the G2/M phase.

more prominent with increasing vincristine concentration up to 100 nM. However, there is no correlation at the
highest concentration of vincristine (1000 nM). Phase-independent apoptosis induced by microtubule-targeting
agents has been reported in previous studies utilizing other cell lines and relatively high drug concentrations25,43,44, which suggests that the lack of correlation at 1000 nM vincristine might be due to the accumulation
of side-effects over the course of the whole cell cycle. It has been shown that, after exposure to antimitotic drugs,
cells display complex fate profiles, ranging from unequal cell divisions that generate aneuploid daughter cells to
exit from the cell cycle without undergoing cell division (mitotic slippage), and leaving G1 and undergoing apoptosis or senescence3. We furthermore found that the time-to-death is correlated in sister-cell pairs derived from
unsynchronized populations. Variability in sister-cell responses is a striking phenomenon, since it provides hints
as to whether different phenotypes stem from genetic differences or adventitious differences in the compositions
of cellular proteomes. It has previously been reported that sister cells tend to undergo apoptosis quite synchronously45,46. However, in the presence of antimitotic drugs, the fate of one sister was found to be independent of the
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Figure 4. Synchronized cell population: distributions of the time-to-death in the presence of vincristine. (a)
Timeline of the experimental procedure. (b) Here, the time-to-death of all cells is analyzed, irrespective of
whether they divided after drug addition or not. For each drug concentration, the plots show the distribution
of the time-to-death for synchronized cells. The black lines represent the kernel density estimation of the
probability density function in each case.

fate of the other3. In another study, the response to TRAIL-induced apoptosis was correlated between sister cells,
as was the time-to-death, although the latter correlation decayed as a function of time within the 8 h observation
window47. All these observations, as well as those reported here, are possibly explained by transient heritability, a
model which assumes that fluctuations in protein synthesis promote cell phenotype divergence47.
Time-resolved studies will be instrumental in scrutinizing the time dependence of molecular determinants
within cellular decision-making networks. The investigation of chemotherapeutic drug dynamics in particular can
be extended to the application of multiple drugs, as used in combination therapy, in order to explore the effect of
time-delayed applications and the optimal timing for the administration of combinations of drugs. For these investigations with potentially subtle effects on the single-cell level, a large number of measured cells are required. To
this end, micro-trenches combined with time-lapse microscopy and automated image analysis represent a methodological advance, which enables versatile high-throughput long-term observations with large statistical power.

Materials and Methods
Cell culture.

The acute monocytic leukemia (AML-M5a) cell line MOLM-13 was cultured in RPMI 1640
GlutaMAX medium (Gibco ) supplemented with 20% (vol/vol) Fetal Bovine Serum (FBS, Gibco ), both purchased from Life Technologies GmbH, Darmstadt, Germany

®

®

Fabrication of micro-trench arrays. Photolithography of the SU-8 wafer. The SU-8 (MicroChem Corp,
USA) wafer was fabricated in an in-house cleanroom facility using a ProtoLaser LDI system (LPKF Laser &
Electronika, Naklo, Slovenia) with a 375 nm wavelength laser and 1 μm spot diameter.
Soft lithography and micromolding. Polydimethylsiloxane (PDMS) prepolymer solution was mixed with the
cross-linker in a 10:1 ratio (w/w) (Sylgard 184, Dow Corning, USA) and then degassed under vacuum. PDMS was
then poured onto the SU-8 wafer, degassed and cured at 50 °C. The resulting PDMS stamp was then peeled off the
wafer and cut into appropriate shapes. The PDMS pieces, patterned with pillars 20 μm high, were activated with
argon plasma and immediately placed upside down on a silanized TMSPMA (3-(trimethoxysilyl)propyl methacrylate, Sigma-Aldrich, Germany) glass coverslip. A drop of freshly prepared solution of PEG-DA (Mn = 258)
containing 2% (v/v) 2-hydroxy-2-methylpropiophenone (both from Sigma-Aldrich, Germany) was placed at the
edge of the PDMS stamp, which fills it by capillary flow. PEG-DA is then polymerized in an UV-ozone cleaning
system (UVOH 150 LAB, FHR, Ottendorf, Germany). Next, the PDMS stamps were peeled off and the resulting
micro-trenches of cross-linked PEG-DA are dried in an oven (Binder GmbH, Tuttlingen, Germany) overnight
at 50 °C. Finally, the slides were sonicated in the presence of 70% ethanol in distilled water before a sticky slide is
attached on top (8-well sticky slide, ibidi GmbH, Munich, Germany). The ibidi 8-well slide compartmentalizes
the glass slide in 8 different parts. The advantage is that 8 different conditions, in our case 8 different drug concentrations, can be monitored simultaneously. Each compartment contains about 2500 micro-trenches, which cover
about the 1/3 of the available surface of the compartment. However, to keep the time resolution at an acceptable
level, namely 10 minutes, we monitored on average 1750 micro-trenches per condition. This protocol is based on
a method previously described48.

®

Time-lapse fluorescence microscopy. Sample preparation. Freshly prepared slides, each bearing about

20,000 micro-trenches, were sterilized with 80% ethanol for 2 h and then coated with a (35 μg/mL) fibronectin solution (YO Proteins, Huddinge, Sweden) for 45 min. The cell medium used during the measurements was
RMPI 1640 (without phenol red) supplemented with 20% (v/v) FBS, 2 mM GlutaMAX, penicillin and streptomycin (100 units/mL and 100 μg/mL respectively), and 1 mM sodium pyruvate (all from Life Technologies
GmbH, Darmstadt, Germany). Cells were seeded in the wells at a low concentration (45,000 cells/mL), to achieve
single-cell occupation in each micro-trench. To detect dead and apoptotic cells, propidium iodide (PI; Novus
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Figure 5. Vincristine induces correlated times-to-death in sister cells. (a) Dose response curve, i.e. percentage
of dead cells versus drug concentration for unsynchronized and synchronized cells. Error bars were calculated
to reflect the 95% interval. (b) Distributions of time-to-death of the normalized number of cells across all drug
concentrations for both the unsynchronized and synchronized populations. Note that synchronization does not
affect the time-to-death distribution. (c) Sister cell pairs derived from the unsynchronized population (n = 93
pairs of sister cells) exhibit similar times-to-death (r = 0.54, p-value: 1.15 × 10−7), while for unrelated cells in
the synchronized population (n = 129 pairs) no correlation is observed (r = 0.05, p-value: 0.05). The ellipses
indicate the directionality of the correlation.

™

Biologicals, Littleton, USA) and Cell Event Caspase 3/7 (ThermoFischer Scientific, MA, USA) markers were
used at 5 μl/mL and 80 μl/mL, respectively. Since daunorubicin is autofluorescent in the red region, the PI marker
was omitted in that case.
Imaging was performed with an inverted Nikon Ti Eclipse microscope equipped with a motorized stage
(Tango XY Stage Controller, Märzhäuser Wetzlar GmbH & Co. KG, Germany), a CFI Plan Fluor DL 10X objective,
a pco.edge 4.2 camera (PCO AG, Kelheim, Germany) and a Lumencor Spectra LED fluorescence lamp. For detection of the caspase 3/7 and the PI marker, the following filters were used respectively, 474/27 nm, 554/23 (excitation) and 515/35 nm, 595/35 nm (emission). Defocused (−20 μm) phase-contrast images were taken every 10 min
and in-focus phase-contrast and fluorescence images were acquired every 30 minutes for 48 hours. Vincristine or
daunorubicin was added 20 h after the beginning of the imaging. During the recording, samples were kept at a
constant temperature of 37 °C and CO2 concentration using an Okolab heating and CO2 box (OKOLAB S.R.L.,
NA, Italy). To synchronize the cell population used for comparative purposes, the double thymidine block protocol was followed. Briefly, MOLM-13 cells in the exponential growth phase were incubated in blocking medium
(culture medium supplemented with 2 mM thymidine (CAS 50-89-5, Calbiochem , Germany)) for 24 h. Cells

®
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were then released from the block, incubated in culture medium for 8 h and finally in blocking medium for 12 h.
After 2 h, the synchronized population was seeded in the slide bearing the micro-trenches, together with the
markers and drugs under the conditions used for the unsynchronized population, and imaged for 24 h.

Image processing and data analysis. Tracking in the phase-contrast channel. Each out-of-focus phasecontrast image was processed, using the Jython plugin in Fiji, as follows. First, a Gaussian blur correction49 is
applied followed by local contrast normalization and minimum error thresholding50. To reduce static noise (such
as micro-trench margins), a mean correction is applied by subtracting from each slice a time-independent mean
intensity averaged over all slices. This creates a mask that is subtracted from the phase-contrast image, and single
cells are identified using the Laplacian of Gaussian detection method. The detected cells are concatenated into
tracks and cell trees using the Linear Assignment Problem51 in the TrackMate plug-in in Fiji. The image analysis
pipeline is visualized in Supplementary Fig. S1. The following equation describes the cells successfully tracked
automatically in the phase-contrast channel: N0 = Nt + Nnot divided + Nlosses here, N0 is the number of single starting cells at the beginning of the measurement (t = 0), Nt the number of cells that were tracked and underwent
division, Nnot divided is the number of cells that did not divide but were successfully tracked by the algorithm, and
Nlosses is the number of cells that the algorithm lost. With our approach, we were able to track 50% of the whole
cell population tested.
Tracking in the fluorescent channel. Fluorescence images are used to detect cell death. Unlike the defocused phasecontrast channel, these images undergo only brightness and contrast adjustment, followed by mean correction of
static noise as described above. The rest of our image computing pipeline is identical (see Fig. S2).
Slit assignment of tracks. To assign tracked clones to micro-trenches, the mask of the trench array is used to
associate tracks imaged by both phase-contrast and fluorescence. Each contour in the mask image (seen as black
rod-like forms) is assigned a unique identity, which is then used as the association identifier for tracks in both
phase-contrast and fluorescent data (see Fig. S2). The time of cell death is determined from the onset of the PI or
caspase 3/7 signal.
Estimating time-to-death using phase-contrast and fluorescence tracking data. The fluorescence tracks were
used to determine the time-to-death. When a fluorescent cell track was detected in the same micro-trench
as a phase-contrast cell track, the first measured time point of the fluorescent track was used to calculate
time-to-death.

Availability

The image and tracking data was combined and post-processed using Python scripts utilizing OpenCV, NumPy, pandas and Matplotlib. Our code is available at: https://github.com/raharjaliu/microtrench-chemotherapeutic-vision.

References

1. Chang, H. H., Hemberg, M., Barahona, M., Ingber, D. E. & Huang, S. Transcriptome-wide noise controls lineage choice in
mammalian progenitor cells. Nature 453, 544–547, https://doi.org/10.1038/nature06965 (2008).
2. Huang, S. Non-genetic heterogeneity of cells in development: more than just noise. Development 136, 3853–3862, https://doi.
org/10.1242/dev.035139 (2009).
3. Gascoigne, K. E. & Taylor, S. S. Cancer cells display profound intra- and interline variation following prolonged exposure to
antimitotic drugs. Cancer Cell 14, 111–122, https://doi.org/10.1016/j.ccr.2008.07.002 (2008).
4. Hawkins, E. D., Markham, J. F., McGuinness, L. P. & Hodgkin, P. D. A single-cell pedigree analysis of alternative stochastic
lymphocyte fates. Proc Natl Acad Sci USA 106, 13457–13462, https://doi.org/10.1073/pnas.0905629106 (2009).
5. Aftab, O. et al. Label free high throughput screening for apoptosis inducing chemicals using time-lapse microscopy signal
processing. Apoptosis 19, 1411–1418, https://doi.org/10.1007/s10495-014-1009-9 (2014).
6. Chenouard, N. et al. Objective comparison of particle tracking methods. Nat Methods 11, 281–289, https://doi.org/10.1038/
nmeth.2808 (2014).
7. Ulman, V. et al. An objective comparison of cell-tracking algorithms. Nat Methods 14, 1141–1152, https://doi.org/10.1038/
nmeth.4473 (2017).
8. Skylaki, S., Hilsenbeck, O. & Schroeder, T. Challenges in long-term imaging and quantification of single-cell dynamics. Nat
Biotechnol 34, 1137–1144, https://doi.org/10.1038/nbt.3713 (2016).
9. Filipczyk, A. et al. Network plasticity of pluripotency transcription factors in embryonic stem cells. Nat Cell Biol 17, 1235–1246,
https://doi.org/10.1038/ncb3237 (2015).
10. Hoppe, P. S. et al. Early myeloid lineage choice is not initiated by random PU.1 to GATA1 protein ratios. Nature 535, 299–302,
https://doi.org/10.1038/nature18320 (2016).
11. Wlodkowic, D., Faley, S., Zagnoni, M., Wikswo, J. P. & Cooper, J. M. Microfluidic single-cell array cytometry for the analysis of
tumor apoptosis. Anal Chem 81, 5517–5523, https://doi.org/10.1021/ac9008463 (2009).
12. Rettig, J. R. & Folch, A. Large-scale single-cell trapping and imaging using microwell arrays. Anal Chem 77, 5628–5634, https://doi.
org/10.1021/ac0505977 (2005).
13. Doh, J., Kim, M. & Krummel, M. F. Cell-laden microwells for the study of multicellularity in lymphocyte fate decisions. Biomaterials
31, 3422–3428, https://doi.org/10.1016/j.biomaterials.2010.01.018 (2010).
14. Zurgil, N. et al. Polymer live-cell array for real-time kinetic imaging of immune cells. Biomaterials 31, 5022–5029, https://doi.
org/10.1016/j.biomaterials.2010.02.035 (2010).
15. Zaretsky, I. et al. Monitoring the dynamics of primary T cell activation and differentiation using long term live cell imaging in
microwell arrays. Lab on a chip 12, 5007–5015, https://doi.org/10.1039/c2lc40808b (2012).
16. Day, D. et al. A method for prolonged imaging of motile lymphocytes. Immunol Cell Biol 87, 154–158, https://doi.org/10.1038/
icb.2008.79 (2009).
17. Schiffenbauer, Y. S. et al. A cell chip for sequential imaging of individual non-adherent live cells reveals transients and oscillations.
Lab on a chip 9, 2965–2972, https://doi.org/10.1039/b904778f (2009).
18. Gao, R. et al. Nanogrid single-nucleus RNA sequencing reveals phenotypic diversity in breast cancer. Nat Commun 8, 228, https://
doi.org/10.1038/s41467-017-00244-w (2017).

SCIENtIFIC REPOrTS |

(2018) 8:18042 | DOI:10.1038/s41598-018-36508-8

8

www.nature.com/scientificreports/
19. Goldstein, L. D. et al. Massively parallel nanowell-based single-cell gene expression profiling. BMC Genomics 18, 519, https://doi.
org/10.1186/s12864-017-3893-1 (2017).
20. Hosokawa, M. et al. High-density microcavity array for cell detection: single-cell analysis of hematopoietic stem cells in peripheral
blood mononuclear cells. Anal Chem 81, 5308–5313, https://doi.org/10.1021/ac900535h (2009).
21. Altschuler, S. J. & Wu, L. F. Cellular heterogeneity: do differences make a difference? Cell 141, 559–563, https://doi.org/10.1016/j.
cell.2010.04.033 (2010).
22. Beroukhim, R. et al. The landscape of somatic copy-number alteration across human cancers. Nature 463, 899–905, https://doi.
org/10.1038/nature08822 (2010).
23. Cohen, A. A. et al. Dynamic proteomics of individual cancer cells in response to a drug. Science 322, 1511–1516, https://doi.
org/10.1126/science.1160165 (2008).
24. Sharma, S. V. et al. A chromatin-mediated reversible drug-tolerant state in cancer cell subpopulations. Cell 141, 69–80, https://doi.
org/10.1016/j.cell.2010.02.027 (2010).
25. Kothari, A., Hittelman, W. N. & Chambers, T. C. Cell Cycle-Dependent Mechanisms Underlie Vincristine-Induced Death of
Primary Acute Lymphoblastic Leukemia Cells. Cancer Res 76, 3553–3561, https://doi.org/10.1158/0008-5472.CAN-15-2104 (2016).
26. Himes, R. H., Kersey, R. N., Heller-Bettinger, I. & Samson, F. E. Action of the vinca alkaloids vincristine, vinblastine, and desacetyl
vinblastine amide on microtubules in vitro. Cancer Res 36, 3798–3802 (1976).
27. Thorn, C. F. et al. Doxorubicin pathways: pharmacodynamics and adverse effects. Pharmacogenet Genomics 21, 440–446, https://doi.
org/10.1097/FPC.0b013e32833ffb56 (2011).
28. Cortes-Funes, H. & Coronado, C. Role of anthracyclines in the era of targeted therapy. Cardiovasc Toxicol 7, 56–60, https://doi.
org/10.1007/s12012-007-0015-3 (2007).
29. Bohannon, R. A., Miller, D. G. & Diamond, H. D. Vincristine in the treatment of lymphomas and leukemias. Cancer Res 23, 613–621
(1963).
30. Imrichova, D. et al. Selection of resistant acute myeloid leukemia SKM-1 and MOLM-13 cells by vincristine-, mitoxantrone- and
lenalidomide-induced upregulation of P-glycoprotein activity and downregulation of CD33 cell surface exposure. Eur J Pharm Sci
77, 29–39, https://doi.org/10.1016/j.ejps.2015.05.022 (2015).
31. Yang, J. et al. AZD1152, a novel and selective aurora B kinase inhibitor, induces growth arrest, apoptosis, and sensitization for
tubulin depolymerizing agent or topoisomerase II inhibitor in human acute leukemia cells in vitro and in vivo. Blood 110,
2034–2040, https://doi.org/10.1182/blood-2007-02-073700 (2007).
32. Selinummi, J. R. P. et al. Bright Field Microscopy as an Alternative to Whole Cell Fluorescence in Automated Analysis of Macrophage
Images. Plos One 4(10), e7497, https://doi.org/10.1371/journal.pone.0007497 (2009).
33. Buggenthin, F. et al. Prospective identification of hematopoietic lineage choice by deep learning. Nat Methods 14, 403–406, https://
doi.org/10.1038/nmeth.4182 (2017).
34. Shapiro, G. I. & Harper, J. W. Anticancer drug targets: cell cycle and checkpoint control. J Clin Invest 104, 1645–1653, https://doi.
org/10.1172/JCI9054 (1999).
35. Weber, T. S., Jaehnert, I., Schichor, C., Or-Guil, M. & Carneiro, J. Quantifying the length and variance of the eukaryotic cell cycle
phases by a stochastic model and dual nucleoside pulse labelling. PLoS Comput Biol 10, e1003616, https://doi.org/10.1371/journal.
pcbi.1003616 (2014).
36. Mukhtar, E., Adhami, V. M. & Mukhtar, H. Targeting microtubules by natural agents for cancer therapy. Mol Cancer Ther 13,
275–284, https://doi.org/10.1158/1535-7163.MCT-13-0791 (2014).
37. Jackman, J. & O’Connor, P. M. Methods for synchronizing cells at specific stages of the cell cycle. Curr Protoc Cell Biol Chapter 8,
Unit 8 3, https://doi.org/10.1002/0471143030.cb0803s00 (2001).
38. Miwa, S. et al. Cell-cycle fate-monitoring distinguishes individual chemosensitive and chemoresistant cancer cells in drug-treated
heterogeneous populations demonstrated by real-time FUCCI imaging. Cell cycle (Georgetown, Tex.) 14, 621–629, https://doi.org/1
0.4161/15384101.2014.991604 (2015).
39. Ehrhardt, H., Wachter, F., Grunert, M. & Jeremias, I. Cell cycle-arrested tumor cells exhibit increased sensitivity towards TRAILinduced apoptosis. Cell death & disease 4, e661, https://doi.org/10.1038/cddis.2013.179 (2013).
40. Paulus, J. M. Platelet size in man. Blood 46, 321–336 (1975).
41. Hosoda, K., Matsuura, T., Suzuki, H. & Yomo, T. Origin of lognormal-like distributions with a common width in a growth and
division process. Phys Rev E Stat Nonlin Soft Matter Phys 83, 031118, https://doi.org/10.1103/PhysRevE.83.031118 (2011).
42. Sandler, O. et al. Lineage correlations of single cell division time as a probe of cell-cycle dynamics.
43. Bates, D. J., Salerni, B. L., Lowrey, C. H. & Eastman, A. Vinblastine sensitizes leukemia cells to cyclin-dependent kinase inhibitors,
inducing acute cell cycle phase-independent apoptosis. Cancer Biol Ther 12, 314–325 (2011).
44. Salerni, B. L., Bates, D. J., Albershardt, T. C., Lowrey, C. H. & Eastman, A. Vinblastine induces acute, cell cycle phase-independent
apoptosis in some leukemias and lymphomas and can induce acute apoptosis in others when Mcl-1 is suppressed. Mol Cancer Ther
9, 791–802, https://doi.org/10.1158/1535-7163.MCT-10-0028 (2010).
45. Bhola, P. D. & Simon, S. M. Determinism and divergence of apoptosis susceptibility in mammalian cells. J Cell Sci 122, 4296–4302,
https://doi.org/10.1242/jcs.055590 (2009).
46. Rehm, M. et al. Dynamics of outer mitochondrial membrane permeabilization during apoptosis. Cell Death Differ 16, 613–623,
https://doi.org/10.1038/cdd.2008.187 (2009).
47. Spencer, S. L., Gaudet, S., Albeck, J. G., Burke, J. M. & Sorger, P. K. Non-genetic origins of cell-to-cell variability in TRAIL-induced
apoptosis. Nature 459, 428–432, https://doi.org/10.1038/nature08012 (2009).
48. Marel, A. K., Rappl, S., Piera Alberola, A. & Radler, J. O. Arraying cell cultures using PEG-DMA micromolding in standard culture
dishes. Macromol Biosci 13, 595–602, https://doi.org/10.1002/mabi.201200400 (2013).
49. Zuiderveld, K. In InGraphics gems Chapter IV: p. 474–485 (1994).
50. Kittler, J. I. J. Minimum error thresholding. Pattern recognition 19, 41–47 (1986).
51. Jaqaman, K. et al. Robust single-particle tracking in live-cell time-lapse sequences. Nat Methods 5, 695–702, https://doi.org/10.1038/
nmeth.1237 (2008).

Acknowledgements

Financial support from the Deutsche Forschungsgemeinschaft in the context of funding for the Excellence
Graduate School in Quantitative BioSciences (QBM), the program project grant Sonderforschungsbereich (SFB)
1032 (project B01) and the Excellence Cluster Nanosystems Initiative Munich (NIM) is gratefully acknowledged.

Author Contributions

E.I. Chatzopoulou, A. Murschhauser and F. Sekhavati developed the micro-trench arrays, designed and executed
the experiments and analyzed the data. P. Raharja-Liu and F. Buggenthin developed the image-processing
pipeline, tracked the cells and analyzed the data. E.I. Chatzopoulou, P. Raharja-Liu, C. Marr, and J.O. Rädler wrote
the manuscript. A.M. Vollmar interpreted the results. J.O. Rädler and C. Marr conceived the core of this work and
supervised the study. All authors edited and approved the final version of the manuscript.
SCIENtIFIC REPOrTS |

(2018) 8:18042 | DOI:10.1038/s41598-018-36508-8

9

www.nature.com/scientificreports/

Additional Information

Supplementary information accompanies this paper at https://doi.org/10.1038/s41598-018-36508-8.
Competing Interests: The authors declare no competing interests.
Publisher’s note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.
Open Access This article is licensed under a Creative Commons Attribution 4.0 International
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
© The Author(s) 2018

SCIENtIFIC REPOrTS |

(2018) 8:18042 | DOI:10.1038/s41598-018-36508-8

10

