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Abstract

Automated profiling of cell morphology is a powerful tool for inferring cell function. However,
this technique retains a high barrier to entry. In particular, configuring image processing
parameters for optimal cell profiling is susceptible to cognitive biases and dependent on
user experience. Here, we use interactive machine learning to identify the optimum cell
profiling configuration that maximises quality of the cell profiling outcome. The process

is guided by the user, from whom a rating of the quality of a cell profiling configuration is
obtained. We use Bayesian optimisation, an established machine learning algorithm, to
learn from this information and automatically recommend the next configuration to examine
with the aim of maximising the quality of the processing or analysis. Compared to existing
interactive machine learning tools that require domain expertise for per-class or per-pixel
annotations, we rely on users’ explicit assessment of output quality of the cell profiling task
at hand. We validated our interactive approach against the standard human trial-and-error
scheme to optimise an object segmentation task using the standard software CellProfiler.
Our toolkit enabled rapid optimisation of an object segmentation pipeline, increasing the
quality of object segmentation over a pipeline optimised through trial-and-error. Users also
attested to the ease of use and reduced cognitive load enabled by our machine learning
strategy over the standard approach. We envision that our interactive machine learning
approach can enhance the quality and efficiency of pipeline optimisation to democratise
image-based cell profiling.

Introduction

Image-based cell profiling is a powerful tool to capture the intricacies of cell phenotype. The
resolution and rapidity stemming from image-based cell profiling has enabled study of mecha-
nisms of and cellular responses to disease [1], drugs [2], or materials [3]. Together with the
explosion of automated and high-throughput microscopy techniques, image-based cell
profiling is increasingly relied on as a biological toolkit. Central to image-based profiling are
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software tools devoted to ease the burden of processing large volumes of images by making
detection, segmentation and feature extraction automated [4].

To optimise a cell profiling process or pipeline for a particular image set, users configure
the optimal values for various image processing parameters (e.g. image correction, object seg-
mentation and feature extraction) in a trial and error process. The standard tool CellProfiler
already reduces this task by carefully curating the most pertinent and widely-used parameters
in cell profiling [5]. Yet selecting an optimum set of cell profiling pipeline parameters (or a
pipeline ‘configuration’) from the available parameter space is still an onerous task and prone
to biases. Optimising an image processing pipeline is biased against those with limited knowl-
edge in biology, microscopy or image analysis. The high cognitive load of pipeline optimisa-
tion can inadvertently lead to decision-making biases that deteriorate the quality of the cell
profiling result. Testing of pipelines on small datasets can also induce an availability bias,
where positive results from small subsets are incorrectly assumed to generalise to the entire
dataset. Furthermore, novice users may be susceptible to default bias, where default settings
are selected over the true optimal ones. While incredibly informative and powerful for biology,
cell profiling is hindered by users’ capability to process images robustly and reproducibly.

Here, we present a new approach that integrates user input with machine learning to opti-
mise the configuration of a cell profiling pipeline based on high-level quality assessments. We
obtain from the user the quality score (QS), a metric to describe the performance of a pipeline
configuration. We use Bayesian optimisation (BO) [6, 7], a machine learning technique to rap-
idly learn the optimal pipeline configuration by maximising the QS in an iterative fashion.
Effectively, we present a process that applies machine learning to divert the burden of pipeline
optimisation from the user by automating and accelerating optimisation of pipeline hyper-
parameters. By using quality maximisation as the explicit target of our optimisation approach,
user input bypasses labeling of images at the pixel or object level, which is currently required
by prevailing image analysis toolkits [8-10]. Through our interactive machine learning
approach, we reduce cognitive load and bias against new users and thus improve the rapidity
and quality of cell profiling.

We created new modules on the standard biological toolbox CellProfiler (CP) to implement
our interactive machine learning approach. The new modules can be easily integrated within
the existing CP software infrastructure. We created two types of modules: evaluation modules
to obtain QS from users; and, a BO module to define parameters that will be automatically
optimised. Our approach in optimising pipeline configuration uses the evaluation and BO
modules together to obtain QS and automatically change pipeline settings towards maximisa-
tion of the QS. We then tested our BO based approach to optimise a pipeline configuration for
object segmentation. Users with varying levels of expertise obtained more accurate object seg-
mentation using our approach compared to the conventional trial and error scheme. Users
also attested to the ease of use of our interactive machine learning approach, with a majority
electing to incorporate the process into their own pipeline optimisation process.

The rest of paper is organized as follows. First, we describe the conceptual framework
behind our interactive machine learning approach to pipeline optimisation. Next, we present
the results of user experiments comparing our approach to the conventional method of pipe-
line optimisation. Finally, we discuss the implications of our work for scientifically reliable,
high quality, and rapid image-based cell profiling for all.

Semi-automated pipeline optimisation using interactive machine learning

We propose to utilise a semi-automated, machine learning approach to optimise a cell profil-
ing pipeline configuration (Fig 1). Critical to this approach is the explicit definition of the level
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Fig 1. Optimising pipeline configuration through an interactive machine learning approach. The conventional approach to optimising a set of cell
profiling parameters (or ‘configuration’) requires the user to change multiple settings in a trial and error manner. This is a slow and tedious process,
with quality of the image processing pipelines usually only measured after analysis of the entire dataset. Our proposed approach combines machine
learning with explicit definition of quality of a pipeline configuration (or the quality score (QS)) obtained in real time. The burden of choosing a
pipeline configuration is then placed on a machine learning algorithm called Bayesian optimisation (BO), which learns the optimum pipeline settings
that maximises the QS. Through this interactive machine learning approach, cell profiling can be rapidly optimised, reduce cognitive load on users and
ensure high quality outcomes.

https://doi.org/10.1371/journal.pone.0237972.9001

of performance of each cell profiling configuration. We thus define the QS as a metric of the
quality of a pipeline configuration. We also created a highly customisable BO module that
allows the user to define the image processing parameters to be optimised. The QS is then
exploited by a BO algorithm to automatically change all user specified image processing
parameters simultaneously. The BO process uses the evaluation and BO modules together to
iteratively obtain the QS then automatically change pipeline parameters with the goal of QS
maximisation. Our approach has been implemented as a collection of stand-alone CP modules
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which can be used as plugins to the existing software: ManualEvaluation, AutomatedEvalua-
tion and BayesianOptimisation modules. The implementation, module plugins, CP pipelines,
training and testing datasets, and results can be found on https://github.com/uofg-cellprofiler-
modules/bayesopt4cellprofiler.

Evaluation modules. The evaluation modules were created to obtain three key pieces of
information at each iteration: the target object requiring optimisation, the minimum accept-
able QS required by the user (referred to as the ‘target QS’), and the QS from the latest pipeline
configuration (referred to as the ‘current QS’). Definition of the target and current QS depend
on whether the user will provide a QS at each iteration (‘manual’) or set a criteria that defines
robust processing of the target object (‘automated’). To provide a concrete example, we discuss
the application of our evaluation modules for object segmentation, a common bottleneck in
pipeline optimisation and image analysis.

AutomatedEvaluation. The AutomatedEvaluation module automatically evaluates the
quality of a pipeline configuration based on user-prescribed criteria that characterise an opti-
mally segmented object (the target QS) (S1 Fig). Thus, AutomatedEvaluation requires prior
knowledge of the optimally segmented object. For instance, an optimally segmented nucleus
rarely contains any concavities, allowing us to define the target QS from high measurements of
solidity. At least one target object with its measured characteristics (e.g. shape, texture, inten-
sity) needs to be placed before AutomatedEvaluation in the pipeline. When multiple measure-
ments of a segmented object are used, an aggregate is calculated to obtain a target QS. At each
iteration of BO, AutomatedEvaluation calculates the current QS of the segmented object using
the same object measurements as defined in the target QS. If the current QS falls below the tar-
get QS, the BO process continues. When the current QS meets or exceeds the target QS, the
BO process stops and the segmented object resulting from the optimised pipeline configura-
tion is displayed. If the user deems segmentation to be poor, the user will be prompted to rede-
fine the target QS.

ManualEvaluation module. The ManualEvaluation module relies on the user’s subjective
rating of a segmented object (S2 Fig). First, the user is required to define the minimum accept-
able segmentation quality or target QS on a scale of 1 (poor quality) to 10 (excellent quality).
During pipeline execution, ManualEvaluation temporarily interrupts the pipeline to display
the segmented object from the current pipeline configuration. The user is required to rate the
quality of the segmented object using the same rating scale of 1 to 10 to provide the current
QS. The BO process will continue to iterate until the target QS is met or exceeded. Both Auto-
matedEvaluation and ManualEvaluation allows the user to customise objects and images to be
displayed to the user at each iteration of BO.

BayesianOptimisation module. The BayesianOptimisation module implements a BO
algorithm to automatically optimise pipeline configuration by maximising the QS (S3 Fig).
To do this, we created the highly customisable BayesianOptimisation module. BayesianOpti-
misation requires at least one evaluation module placed upstream from which the current
QS can be obtained. BayesianOptimisation allows the combination of the two evaluation
modules, with weighting of contribution to the joint current QS explicitly defined by the
user. The BayesianOptimisation module also provides full customization of the image pro-
cessing modules and settings to be optimised using the BO algorithm. For example, even
settings within object identification modules (e.g. IdentifySecondaryObject (e.g. threshold
correction factor or adaptive window value) can be optimised by the BO process. In princi-
ple, any parameters or settings with integer and float values in modules upstream of the
BayesianOptimisation module can be optimised by the BO process. BayesianOptimisation
also gives the user control over the BO process, including the maximum permitted number
of iterations of BO.
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Fig 2. Visualisation of the BO process at every iteration. Scatterplot showing the progress of reducing the quality gap
between the current QS and target QS (y axis) across increasing number of BO iterations (x axis). The optimum
pipeline configuration is achieved when the quality gap reaches 0 or when the current QS matches or exceeds the target

Qs.
https://doi.org/10.1371/journal.pone.0237972.9002

Together, the evaluation and BayesianOptimisation modules aim to minimise the quality
gap between the current QS and target QS by automatically changing pipeline configuration.
A pop-up window shows the deviance of current from target QS at every iteration of the BO
process (Fig 2). The BO process iterates until the current QS matches the target QS (i.e. quality
gap = 0) or the maximum number of iterations specified by the user has been attained. At each
iteration, the pipeline settings being queried and considered are also shown (Table 1).

Bayesian Optimisation algorithm. At the core of the BayesianOptimisation module is a
custom version of a BO algorithm [6, 7, 11]. BO relies on a surrogate function/model that rep-
resents and provides calibrated predictive distributions for the QS, y, for a given pipeline con-
figuration, x. We define the surrogate model, f(x), mapping from configuration to QS as a
Bayesian regression model with a Gaussian likelihood, MV (y|f(x), ¢,), with a Gaussian process
(GP) prior on fsuch that f ~ GP(m(x), k(x, x') | 04,) [12]. The GP is defined by the effective
mean function, m(x) = 0, and chosen covariance function k(x, x') = oexp(— ﬁ llx — [|*)
where the hyperparameters are collected in 6 = {0,,, 05 0¢}. Given the GP and a training set,

D = {(x,y)""}, containing a certain pipeline configuration and its corresponding QS, the pre-
dictive distribution for any pipeline configuration, x*, is directly available as p(y*|x*, D, 6). This
allows us to estimate both the expected QS and its uncertainty for all unseen configurations.
For simplicity, we have defined the model without priors on the hyperparameters and we do
marginal likelihood optimisation of the hyperparameters (after an initial bootstrap phase).
However, some BO algorithm hyperparameters and GP parameters (e.g. the length scale of the
covariance function and the assumed noise level) can be customised in the BayesianOptimisa-

tion module.

Table 1. Parameter settings updated with each BO iteration. Table showing the parameter settings (column 1) that
are currently known to minimise the deviance between current and target QS (column 2), were tested in the previous
BO iteration (column 3), and are being tested in the current BO iteration (column 4). The table updates at every itera-
tion of the BO process.

Setting name Best value so far Old value New value
Size of adaptive window 348.0 240.0 295.7
Threshold correction factor I 1.4 0.9 1.0
Typical artifact diameter 9.0 3.0 9.0
Threshold correction factor II 1.4 1.2 1.299

https://doi.org/10.1371/journal.pone.0237972.t001
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The BO process exploits the predictive distribution at any point in the optimisation process
to sequentially choose the next set of image processing parameters or pipeline configuration to
evaluate. It does so by trading-off the desire to optimise the current QS with the implicit need
to learn the surrogate model. To do so, here we applied Expected Improvement [6, 7]. At the
end of each iteration, the current QS from the newly chosen pipeline configuration is subse-
quently included in the training set and the model re-estimated before repetition of the BO
process. A summary of the BO process is given in (54 Fig).

User experiments
Methods

User based experiments in pipeline optimisation for object segmentation were performed.
These experiments were conducted to test our interactive machine learning approach

against the trial and error (here referred to as ‘conventional’) method of optimising a pipeline
configuration. Experiments involving human subjects were performed with approval from the
Ethics committee of the College of Science and Engineering, University of Glasgow (case no.
300180170).

Participants segmented fluorescence images of pre-osteoblast cells [13] seeded on texturised
polystyrene [3, 14]. Participants were randomly assigned the objective of segmenting either
cells or focal adhesions. Pipelines for both objectives were designed to have interdependent
modules, where segmentation of cells and focal adhesions were dependent on nuclei and cell
segmentation, respectively. Each participant was required to optimise 1 pipeline using the
conventional approach, and 3 pipelines using our interactive machine learning approach. Par-
ticipants were given 20 minutes to optimise each pipeline. In the conventional approach, par-
ticipants were required to optimise settings across prescribed modules in a trial and error
manner. Using the BO approach, participants were required to use BayesianOptimisation in
conjunction with either AutomatedEvaluation, ManualEvaluation or both evaluation modules
(called ‘Composite Evaluation’). A summary of the pipeline configuration automatically opti-
mised by BayesianOptimisation is found in S1 and S2 Tables for cell and focal adhesion seg-
mentation, respectively. A summary of all tasks performed by each participant is summarised
in Table 2. All tasks were conducted on the same computer running CellProfiler v3.1.8. CP
pipelines and image sets used in both tasks are included in S1-S3 Files.

Each pipeline optimisation task used identical image sets for training and testing. At the
end of each task, 10 images were used to test the quality of the resulting pipeline configuration.
At the end of each task, participants rated the QS of 10 images run through the resulting pipe-
line configuration. To provide a baseline measurement, participants also rated the QS of test
images segmented using a pipeline optimised by a CP expert. Participants also rated the diffi-
culty of each completed optimisation task using a Likert scale. The task sheet used to instruct
and survey users is provided in 54 File.

Table 2. Tasks in user-based testing of the interactive machine learning approach. All users were asked to optimise cell or focal adhesion segmentation using an interac-
tive machine learning or the conventional (trial and error) approach. All tasks used the same image sets for training and testing.

Task Pipeline parameter setting Quality Evaluation
Conventional User based None
Automated Evaluation BayesianOptimisation module AutomaticEvaluation module

Manual Evaluation

Composite Evaluation

https://doi.org/10.1371/journal.pone.0237972.t002

ManualEvaluation module

AutomaticEvaluation and ManualEvaluation modules
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To provide a quantitative measure of segmentation accuracy, we calculated the pixel-wise
intersection over union (IoU) score of test images segmented by users, M., against the
ground truth (binary) segmentation mask, Mg,oundtruen- Ground truth segmentation masks
were obtained manually in Image]J [15]. For each mask, we calculated the IoU score for indi-
vidual images as follows [16]:

|Intersection| . |Mgraundtruth nM,,|

IoU = =

‘ Uni0n| |Mgroundrmth U

| I
user

By normalising the number of pixels common to both masks by the total number of pixels
in both masks, the IoU metric detects how well the user-obtained mask encompasses the
ground truth without regard to actual (x, y) coordinates of the masks. An IoU score of 1.0
thus typically indicates excellent segmentation, and an IoU score less than 0.5 denotes poor
segmentation.

IoU scores for cell segmentation were pooled from users assigned to both the cell and focal
adhesion segmentation tasks. A one-way ANOVA with Tukey’s post-hoc test for pairwise
comparison was used to test statistical significance in IoU between different optimisation
approaches. Masks and IoU scores measured from test images segmented by each user are
given in S5 File.

A detailed description of methods (including cell preparation, image acquisition, and par-
ticipant recruitment) are provided in S1 Method.

Results

Here, we tested the performance of our interactive machine learning approach. We com-
pared the quality of resulting segmentation, ease of use, and speed of optimisation between
our approach and the conventional method of pipeline optimisation. First, we showed that
our approach significantly enhanced segmentation over the conventional method. Immedi-
ately after each task, users rated the QS of images segmented by the interactive machine
learning approach at an overwhelmingly higher level the conventional approach (S5 Fig).
Quantitative measurement of segmentation quality using the IoU score reinforce this (Fig 3).
In particular, providing QS of cell segmentation in real time through the use of ManualEva-
luation significantly improved the consistency and magnitude of the IoU score compared to
the conventional approach. Use of either ManualEvaluation (mean * standard deviation
0.75 £ 0.14) or the composite (0.69 + 0.24) evaluation mode yielded IoU scores for cell seg-
mentation similar to what was achieved by a CP expert (0.74 + 0.20), indicating excellent seg-
mentation quality.

In contrast to cell segmentation, all 3 modes of the interactive machine learning approach
outperformed the conventional approach in segmenting focal adhesions. IoU scores for focal
adhesion segmentation using the AutomatedEvaluation, ManualEvaluation and Composite
evaluation modes produced IoU score with mean + standard deviation of 0.11 + 0.05,

0.13 £ 0.04, and 0.12 + 0.05, respectively. The conventional approach only yielded an IoU
score of 0.08 + 0.04, while a CP expert reached a score of 0.24 + 0.07. We noted that none of
the evaluation modes yielded segmentation quality similar to what a CP expert can achieve.
Furthermore, none of the 5 segmentation approaches resulted in adequate segmentation of
focal adhesions compared to the ground truth. The difficulty of focal adhesion segmentation is
a well established issue and is caused by variability in intensity and size of these structures. The
difficulty of this task is evidenced by the fact that even recent tools developed to improve focal
adhesion segmentation are limited in throughput and requires high resolution microscopy
(such as total internal reflection microscopy) [17, 18].
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Fig 3. Improved object segmentation using an interactive machine learning approach. To optimise cell profiling pipeline configuration,
BayesianOptimisation was tested together with AutomatedEvaluation, ManualEvaluation or both evaluation types (Composite Evaluation).
Additionally, we measured segmentation of objects from a pipeline optimised by a CP expert. We calculated the intersection over union
(IoU) score of each user-segmented against the corresponding ground truth image to measure quality of segmentation. An IoU score of 1
indicates user-based segmentation equivalent to the ground truth. Each point represents the IoU score calculated from one image segmented
by one user. We denote statistical significance of * at p <0.05, ** at p <0.01, *** at p <0.005, **** at p <0.0001. (A) n = 160 image sets from
16 participants and (B) n = 80 image sets from 8 participants.

https://doi.org/10.1371/journal.pone.0237972.g003

Though it failed to show a benefit for cell segmentation, AutomatedEvaluation improved
focal adhesion segmentation. Presumably, measurements in the ratio scale that easily define
focal adhesions (e.g. ellipticity and solidity) were easier to intuit and exploit compared to mea-
surements in the interval scale (e.g. cell area). Under certain circumstances or for users with
some experience, AutomatedEvaluation presents advantages for pipeline optimisation.

We noted that the use of ManualEvaluation (by itself or compositely with AutomatedEva-
luation) was advantageous for object segmentation. Indeed, despite having different character-
istics, both cells and focal adhesions were accurately segmented when using
ManualEvaluation. Presenting visual evidence (Fig 4) allowed users to easily evaluate the con-
formity of outlines to the edges of target objects. This is a critically simpler task than setting
criteria to define optimal object segmentation, which may be unknown a priori, as required by
AutomatedEvaluation.

Next, we assessed the ease of use of the interactive machine learning approach (Fig 5).
When asked to use AutomatedEvaluation, the number of users who found pipeline optimisa-
tion to be easy doubled in number. Feedback on ManualEvaluation was even more positive, as
all participants considered pipeline optimisation to be easy when using this evaluation mode.
Participants also overwhelmingly (15 out of 16 or 93.8%) elected to adopt our approach for
future pipeline optimisation, indicating broad support interactive machine learning to opti-
mise cell profiling. In line with poorer IoU scores compared to our approach, only a minority
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Fig 5. Ease of use of the interactive machine learning approach for pipeline optimisation. Survey data were
accumulated from all participants from both experiments (n = 16).

https://doi.org/10.1371/journal.pone.0237972.9005

(3 out of 16 or 18.8%) of users found it easy to optimise pipeline configuration using the con-
ventional method.

Finally, we demonstrated the efficiency of our approach over the conventional method
for pipeline optimisation. Prior to user based experiments, we tested our approach against a
method that randomly selected parameters of pipeline modules (S6 Fig). The random selection
process approximated the conventional trial and error method. On average, our approach
required less iterations to optimise nucleus, cell and focal adhesion segmentation compared to
the conventional approach. User based experiments supported these findings, where 10 out of
16 (62.5%) users required more than 20 minutes to sufficiently optimise a pipeline using the
conventional method (Fig 5). A large number (13 out of 16 or 81.3%) of users found 20 min-
utes insufficient for pipeline optimisation using AutomatedEvaluation. Meanwhile, a majority
of users (12 out of 16 or 75%) found that 20 minutes was sufficient to optimise a pipeline using
ManualEvaluation, regardless of prior experience in cell profiling. We showed here that our
approach empowers robust and rapid cell profiling without compromising on ease of use, cog-
nitive burden, or bias against novice users.

Discussion

Robust and reproducible image-based cell profiling depends on the optimal configuration of
the image processing pipeline. The conventional method of optimising an image processing
pipeline is effectively a trial and error process, and is thus time consuming, tedious and pro-
hibitive to those with minimal experience in image analysis or biology. Here, we propose a
semi-automated approach that relies on machine learning with minimal user intervention to
accelerate pipeline optimisation and enhance the quality of cell profiling.
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A key component in our proposed approach is the iterative acquisition of the QS from the
user. By obtaining a QS corresponding to a certain pipeline configuration, we were able to
effectively incorporate learning into the process of pipeline parameter optimisation. This was
performed using a BO algorithm. Importantly, the BO algorithm is ideal for optimising broad
parameter spaces such as in synthetic gene design [19], hyperparameter tuning [7] or crystal
structure prediction [20]. Here, we also showed that the BO algorithm optimised the broad
combinatorial space for image processing parameters across multiple segmentation objectives.
This is especially important for users with little to no experience in image analysis, where the
BO algorithm can reduce default bias in pipeline optimisation.

The BO algorithm is also an effective remedy to memory bias, which increases in propensity
with longer and more complex pipelines. Because the conventional method relies on a user
to remember outcomes corresponding to an image processing configuration, the process is
highly susceptible to memory and cognitive biases. Not only do these biases severely narrow
the setting space being tested, they prevent users from obtaining the optimum processing pipe-
line that is crucial to accurate cell profiling. Diverting the user’s focus towards providing the
QS is also an essential feature of our method that reduces cognitive load on users without
compromising on the quality of pipeline outcomes.

Though intended for completely autonomous optimisation [21], here we modified BO to
incorporate a human-in-the-loop [22, 23]. By relying on the user instead of absolute limits to
determine QS, we have created a more generalised and flexible approach to assess and optimise
pipeline performance. Without predefined limits on quality (as is most apparent with the Man-
ualEvaluation module), our approach can optimise pipelines for segmentation of objects with
complex geometric properties (e.g. the mitochondria). We can even extend the pipeline opti-
misation process for tasks with undefined quality metrics (e.g. illumination and background
correction [24] or for curation of images for quality control [25]).

The flexibility of our approach for pipeline optimisation is also extended to the imple-
mented modules, where users have control over: 1) the task; 2) the target QS; 3) modules and
settings; 4) weighting between automatic and manual evaluation into a composite evaluation
score; and 5) BO hyperparameters. The modularity of the CP also permits multiple BO runs
throughout a single pipeline to optimise various tasks. Complex tasks such as focal adhesion
segmentation undoubtedly benefit from this scenario, where there are interdependencies
between segmented objects.

A few established tools for cell profiling utilise a similar flavor of machine learning (user
supervised, interactive machine learning) to aid object segmentation by requiring the user to
provide input. For instance, the ilastik and weka toolKkits rely on user-annotated training data
at the pixel (pixel classification) or object level (image segmentation) [8, 9]. To ensure high
quality output using these tools, there is a requirement for an adequately sized training dataset.
Over time, it is inevitable that user fatigue caused by prolonged user-machine interaction [26]
will creep in to deteriorate segmentation quality. To some extent, the expense from low-level
annotation can be overcome by using an active learning approach that carefully selects the
most informative datasets to require user-based annotation [27]. Nonetheless, in all these
toolkits, the main aim is to identify and classify objects. As a consequence of this primary goal,
these toolkits thus need the input of a domain expert to generate high quality training data.

In contrast, our approach only requires the user to provide input on a higher level of
abstraction—quality. With the real time visualisation of an output that is related to an image
processing task, our approach dismisses the requirement for high quality annotation of data-
sets for training. By focusing on optimising the configuration and hyperparameters of a pipe-
line (rather than labelling of training data for individual elements in the pipeline), the user
based quality rating is relevant to the aim of the image analysis task and unconstrained to
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segmentation or classification. Indeed, improved accuracy in focal adhesion segmentation (a
difficult task) supports our claim that our approach reduces the bias against users with little
to no knowledge in the task at hand (i.e. in cell biology). We have also shown that the data
expense required to train a machine learning algorithm is considerably reduced using our
method, further diminishing user effort without sacrificing output quality. Our dedicated
approach in generating high quality training data with reduced user load can complement the
existing infrastructure to improve classification and biological inference.

The rapidity by which we collect data calls for fully or semi-automatic methods of cell
profiling that is adaptable to different experimental designs, biological systems and imaging
modalities. Many are developing machine and deep learning methods to eliminate human
intervention in the data analysis process. However, it is difficult and often counter productive
to eliminate the user, who has expertise to validate, configure, fine-tune parameters and label
data under novel conditions. Here, we show that allowing the user to interactively provide
feedback to a machine learning algorithm improves both automation and quality of analysis.
Our pipeline using an interactive machine learning approach presents a new paradigm
wherein human decision-making and oversight is required for robust scientific discovery.

Supporting information

S1 File. Pipelines and raw images for the various tasks carried out in user experiments.
(Z1P)

S2 File. Pipelines and raw images for the various tasks carried out in user experiments.
(202)

S3 File. Pipelines and raw images for the various tasks carried out in user experiments.
(zo1)

S4 File. Participant information sheet, consent form and task sheet used for user-based
experiments.
(Z1P)

S5 File. Image masks obtained from participants used to score quality of segmentation
using the intersection over union score.
(Z1P)

S6 File. Survey based results on quality score of image segmentation and difficulty of pipe-
line optimisation.
(Z1P)

S1 Method.
(PDF)

S1 Fig. The AutomatedEvaluation module. A representation of the AutomatedEvaluation
module shows the settings that need to be defined by the user. Values placed inside parenthesis
show examples of possible input in each module setting. (A) The module allows the user to
define an image for visualisation of the segmented object. The segmented object to be opti-
mised is specified in the first level of objects to display. Optionally, other objects that require
visualisation can be added to the same image. The module requires tolerance ranges or limits
for at least one object measurement (e.g. Area, Perimeter) that define optimal segmentation.
The user can define a maximum of 4 different object measurements, which are aggregated to
calculate the target QS. (B) At every iteration, the AutomatedEvaluation module displays the
segmented object resulting from the current pipeline configuration. (C) At the end of the BO
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procedure (i.e. when current QS meets or exceeds the target QS), the segmented object
obtained from the optimum pipeline settings is displayed.
(EPS)

S2 Fig. The ManualEvaluation module. A representation of the ManualEvaluation module
shows the settings that need to be defined by the user. Values placed inside parenthesis show
examples of possible input in each module setting. (A) The target QS is defined by the user
using a scale of 1 (poor quality) to 10 (excellent quality). For visualisation, the image on which
to overlay segmentation outlines, the name of the output image and the type of object outline
needs to be defined by the user. The segmented object to be optimised is specified in the first
level of objects to display. Optionally, other objects that require visualisation can be added to
the same image. (B) At each iteration of the BO process, a pop-up window displays the seg-
mented object from the current recent pipeline configuration. (F) The user is required to rate
the segmented object to provide the current QS.

(EPS)

S3 Fig. The BayesianOptimisation module. A representation of the BayesianOptimisation mod-
ule shows the settings that need to be defined by the user. Values placed inside parenthesis show
examples of possible input in each module setting. (A) The target object and the number of eval-
uation modules to be used are first specified. The evaluation modes to be used will automatically
propagate values for evaluation, depending on the available evaluation modules placed upstream
of BayesianOptimisation. When using both ManualEvaluation and AutomatedEvaluation mod-
ules, the weighted contribution of the current QS from each evaluation module can be explicitly
defined. (B) Parameters of the BO algorithm, such as the maximum number of iterations and
covariance function hyperparameters, can be tuned by the user. (C) The pipeline parameters to
be optimised by the BO process is easily customised by the user. A minimum of one pipeline
parameter needs to be optimised for the BO algorithm to proceed. The specific parameters
requiring optimisation is defined individually and explicitly (including minimum, maximum,
and interval). All evaluated pipeline parameters and its corresponding QS are saved in .txt files.
(EPS)

S4 Fig. Flowchart of the specific incarnation of the BO algorithm used in the experiments.
The BO algorithm is first initialised with two randomly generated settings for pipeline configu-
rations. A Gaussian process (GP) is estimated from all evaluated pipeline configurations and
its corresponding QS (acquired from the evaluation modules at each iteration as the current
QS). The GP generates a predictive distribution for all pipeline configurations, each with an
expected QS and uncertainty. To choose the next pipeline configuration to evaluate, the BO
algorithm uses an Expected Improvement function to trade off maximisation of QS with the
need to fully learn the GP. From the chosen pipeline configuration, a current QS is obtained
from the user. This two-step process of (i) estimating the GP using all evaluated pipeline con-
figurations and corresponding QS, and (ii) selecting the pipeline configuration to evaluate is
repeated until the deviation of the current from the target QS is minimised or the user-defined
maximum number of iterations have been reached.

(EPS)

S5 Fig. Improved QS using an interactive machine learning approach. To optimise cell pro-
filing pipeline configuration, BayesianOptimisation was tested together with AutomatedEva-
luation, ManualEvaluation or both evaluation types (Composite Evaluation). QS of an image
obtained from the indicated optimisation mode was normalized against QS of the same image
processed by a CP expert (‘Normalised QS’). For segmentation of (A) cells and (B) focal adhe-
sions, normalized QS increased by using our interactive machine learning approach. Statistical
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analysis was performed on raw QS of each image across different optimisation modes using
Friedman test for rank based analysis of paired samples with Dunn’s post-hoc test for pairwise
comparison. We denote statistical significance of * at p <0.05, ** at p <0.01, *** at p <0.005,
** at p <0.0001. (A) n = 72 image sets from 8 participants and (B) n = 80 image sets from 8
participants.

(EPS)

S6 Fig. Efficiently optimising a pipeline for object segmentation using an interactive
machine learning approach. Segmentation of (A) nuclei, (B) the cell body, and (C) adhesions
were tested. Our BO-based approach was used to rapidly minimise the segmentation deviation
between the target (black) and the current QS (blue). Random selection (orange) of pipeline
parameters was used as a comparison. Data are presented as mean + standard deviation/2
from (A) n = 50 and (B)(C) n = 100 repetitions.

(EPS)

S1 Table. Pipeline parameters automatically optimised in cell segmentation using the
interactive machine learning approach.
(PDF)

S2 Table. Pipeline parameters automatically optimised for focal adhesion segmentation
using the interactive machine learning approach.
(PDF)

Author Contributions

Conceptualization: Marie F. A. Cutiongco, Nikolaj Gadegaard, Bjern Sand Jensen.
Data curation: Lisa Laux, Marie F. A. Cutiongco.

Formal analysis: Lisa Laux, Marie F. A. Cutiongco.

Funding acquisition: Nikolaj Gadegaard, Bjorn Sand Jensen.

Investigation: Lisa Laux, Marie F. A. Cutiongco.

Methodology: Lisa Laux, Marie F. A. Cutiongco, Nikolaj Gadegaard, Bjorn Sand Jensen.
Project administration: Marie F. A. Cutiongco, Nikolaj Gadegaard, Bjorn Sand Jensen.
Resources: Nikolaj Gadegaard, Bjorn Sand Jensen.

Software: Lisa Laux, Marie F. A. Cutiongco, Bjern Sand Jensen.

Supervision: Nikolaj Gadegaard, Bjorn Sand Jensen.

Validation: Lisa Laux, Marie F. A. Cutiongco, Nikolaj Gadegaard, Bjorn Sand Jensen.
Visualization: Lisa Laux, Marie F. A. Cutiongco.

Writing - original draft: Lisa Laux, Marie F. A. Cutiongco, Bjern Sand Jensen.

Writing - review & editing: Lisa Laux, Marie F. A. Cutiongco, Nikolaj Gadegaard, Bjorn Sand
Jensen.

References

1. Gibson CC, Zhu W, Davis CT, Bowman-Kirigin JA, Chan AC, Ling J, et al. Strategy for identifying repur-
posed drugs for the treatment of cerebral cavernous malformation. Circulation. 2015; 131(3):289-299.
https://doi.org/10.1161/CIRCULATIONAHA.114.010403 PMID: 25486933

PLOS ONE | https://doi.org/10.1371/journal.pone.0237972 September 11, 2020 14/16


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0237972.s013
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0237972.s014
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0237972.s015
https://doi.org/10.1161/CIRCULATIONAHA.114.010403
http://www.ncbi.nlm.nih.gov/pubmed/25486933
https://doi.org/10.1371/journal.pone.0237972

PLOS ONE

Interactive machine learning for fast and robust cell profiling

10.

1.

12.
13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

Slack MD, Martinez ED, Wu LF, Altschuler SJ. Characterizing heterogeneous cellular responses to per-
turbations. Proceedings of the National Academy of Sciences. 2008; 105(49):19306—-19311. https://doi.
org/10.1073/pnas.0807038105

Cutiongco MF, Jensen BS, Reynolds PM, Gadegaard N. Predicting gene expression using morphologi-
cal cell responses to nanotopography. Nature Communications. 2020; 11(1):1-13. https://doi.org/10.
1038/s41467-020-15114-1

Ljosa V, Carpenter AE. Introduction to the quantitative analysis of two-dimensional fluorescence
microscopy images for cell-based screening. PLoS Computational Biology. 2009; 5(12):1-10. https://
doi.org/10.1371/journal.pcbi.1000603

McQuin C, Goodman A, Chernyshev V, Kamentsky L, Cimini BA, Karhohs KW, et al. CellProfiler 3.0:
Next-generation image processing for biology. PLoS Biology. 2018; 16(7):e2005970. https://doi.org/10.
1371/journal.pbio.2005970 PMID: 29969450

Jones DR, Schonlau M, Welch WJ. Efficient Global Optimization of Expensive Black-Box Functions.
Journal of Global Optimization. 1998; 13(4):455-492. https://doi.org/10.1023/A:1008306431147

Snoek J, Larochelle H, Adams RP. Practical Bayesian Optimization of Machine Learning Algorithms. In:
Pereira F, Burges CJC, Bottou L, Weinberger KQ, editors. Advances in Neural Information Processing
Systems 25; 2012. p. 2951-2959.

Arganda-Carreras |, Kaynig V, Rueden C, Eliceiri KW, Schindelin J, Cardona A, et al. Trainable Weka
Segmentation: A Machine Learning Tool for Microscopy Pixel Classification. Bioinformatics. 2017; 33
(15):2424—-2426. https://doi.org/10.1093/bicinformatics/btx180 PMID: 28369169

Berg S, Kutra D, Kroeger T, Straehle CN, Kausler BX, Haubold C, et al. llastik: Interactive Machine
Learning for (Bio)Image Analysis. Nature Methods. 2019; 16(12):1226—-1232. https://doi.org/10.1038/
s41592-019-0582-9 PMID: 31570887

Falk T, Mai D, Bensch R, Gigek O, Abdulkadir A, Marrakchi Y, et al. U-Net: Deep Learning for Cell
Counting, Detection, and Morphometry. Nature Methods. 2019; 16(1):67-70. https://doi.org/10.1038/
$41592-018-0261-2 PMID: 30559429

Mockus J. On Bayesian Methods for Seeking the Extremum. In: Optimization Techniques, IFIP Techni-
cal Conference, Novosibirsk, USSR. 1974. p. 400-404.

Rasmussen CE, Williams CK. Gaussian process for machine learning. MIT press; 2006.

Yan XZ, Yang W, Yang F, Kersten-Niessen M, Jansen JA, Both SK. Effects of continuous passaging on
mineralization of MC3T3-E1 cells with improved osteogenic culture protocol. Tissue Engineering Part
C: Methods. 2014; 20(3):198-204. https://doi.org/10.1089/ten.tec.2012.0412

Stormonth-Darling JM, Saeed A, Reynolds PM, Gadegaard N. Injection Molding Micro- and Nanostruc-
tures in Thermoplastic Elastomers. Macromolecular Materials and Engineering. 2016; 301(8):964-971.
https://doi.org/10.1002/mame.201600011 PMID: 31217727

Rueden CT, Schindelin J, Hiner MC, DeZonia BE, Walter AE, Arena ET, et al. ImageJ2: ImageJ for the
next Generation of Scientific Image Data. BMC Bioinformatics. 2017; 18(1):529. https://doi.org/10.
1186/s12859-017-1934-z PMID: 29187165

He K, Gkioxari G, Dollar P, Girshick R. Mask R-CNN. In: Proceedings of the IEEE International Confer-
ence on Computer Vision; 2017. p. 2961-2969.

Berginski ME, Vitriol EA, Hahn KM, Gomez SM. High-Resolution Quantification of Focal Adhesion Spa-
tiotemporal Dynamics in Living Cells. PloS one. 2011; 6(7):€22025. https://doi.org/10.1371/journal.
pone.0022025 PMID: 21779367

Waurflinger T, Gamper |, Aach T, Sechi AS. Automated segmentation and tracking for large-scale analy-
sis of focal adhesion dynamics. Journal of Microscopy. 2011; 241(1):37-53. https://doi.org/10.1111/].
1365-2818.2010.03404.x PMID: 21118203

Gonzélez J, Longworth J, James DC, Lawrence ND. Bayesian Optimization for Synthetic Gene Design.
arXiv:1505.01627. 2015.

Yamashita T, Sato N, Kino H, Miyake T, Tsuda K, Oguchi T. Crystal structure prediction accelerated by
Bayesian optimization. Physical Review Materials. 2018; 2(1):013803. https://doi.org/10.1103/
PhysRevMaterials.2.013803

Shabhriari B, Swersky K, Wang Z, Adams RP, Freitas ND. Taking the Human Out of the Loop:A Review
of Bayesian Optimization. Proceedings of the IEEE. 2015; 104(1):148-175. https://doi.org/10.1109/
JPROC.2015.2494218

Zhang J, Fiers P, Witte KA, Jackson RW, Poggensee KL, Atkeson CG, et al. Human-in-the-loop optimi-
zation of exoskeleton assistance during walking. Science. 2017; 356(6344):1280—-1284. https://doi.org/
10.1126/science.aal5054 PMID: 28642437

PLOS ONE | https://doi.org/10.1371/journal.pone.0237972 September 11, 2020 15/16


https://doi.org/10.1073/pnas.0807038105
https://doi.org/10.1073/pnas.0807038105
https://doi.org/10.1038/s41467-020-15114-1
https://doi.org/10.1038/s41467-020-15114-1
https://doi.org/10.1371/journal.pcbi.1000603
https://doi.org/10.1371/journal.pcbi.1000603
https://doi.org/10.1371/journal.pbio.2005970
https://doi.org/10.1371/journal.pbio.2005970
http://www.ncbi.nlm.nih.gov/pubmed/29969450
https://doi.org/10.1023/A:1008306431147
https://doi.org/10.1093/bioinformatics/btx180
http://www.ncbi.nlm.nih.gov/pubmed/28369169
https://doi.org/10.1038/s41592-019-0582-9
https://doi.org/10.1038/s41592-019-0582-9
http://www.ncbi.nlm.nih.gov/pubmed/31570887
https://doi.org/10.1038/s41592-018-0261-2
https://doi.org/10.1038/s41592-018-0261-2
http://www.ncbi.nlm.nih.gov/pubmed/30559429
https://doi.org/10.1089/ten.tec.2012.0412
https://doi.org/10.1002/mame.201600011
http://www.ncbi.nlm.nih.gov/pubmed/31217727
https://doi.org/10.1186/s12859-017-1934-z
https://doi.org/10.1186/s12859-017-1934-z
http://www.ncbi.nlm.nih.gov/pubmed/29187165
https://doi.org/10.1371/journal.pone.0022025
https://doi.org/10.1371/journal.pone.0022025
http://www.ncbi.nlm.nih.gov/pubmed/21779367
https://doi.org/10.1111/j.1365-2818.2010.03404.x
https://doi.org/10.1111/j.1365-2818.2010.03404.x
http://www.ncbi.nlm.nih.gov/pubmed/21118203
https://doi.org/10.1103/PhysRevMaterials.2.013803
https://doi.org/10.1103/PhysRevMaterials.2.013803
https://doi.org/10.1109/JPROC.2015.2494218
https://doi.org/10.1109/JPROC.2015.2494218
https://doi.org/10.1126/science.aal5054
https://doi.org/10.1126/science.aal5054
http://www.ncbi.nlm.nih.gov/pubmed/28642437
https://doi.org/10.1371/journal.pone.0237972

PLOS ONE Interactive machine learning for fast and robust cell profiling

23. Kim M, Ding Y, Malcolm P, Speeckaert J, Siviy CJ, Walsh CJ, et al. Human-in-the-loop Bayesian optimi-
zation of wearable device parameters. PLOS ONE. 2017; 12(9):1-15. https://doi.org/10.1371/journal.
pone.0184054

24. Caicedo JC, Cooper S, Heigwer F, Warchal S, Qiu P, Molnar C, et al. Data-analysis strategies for
image-based cell profiling. Nature Methods. 2017; 14(9):849-863. https://doi.org/10.1038/nmeth.4397
PMID: 28858338

25. Bray MA, Fraser AN, Hasaka TP, Carpenter AE. Workflow and Metrics for Image Quality Control in
Large-Scale High-Content Screens. Journal of Biomolecular Screening. 2012; 17(2):266-274. https://
doi.org/10.1177/1087057111420292 PMID: 21956170

26. TakagiH. Interactive evolutionary computation: fusion of the capabilities of EC optimization and human
evaluation. Proceedings of the IEEE. 2001; 89(9):1275-1296. https://doi.org/10.1109/5.949485

27. Smith K, Horvath P. Active Learning Strategies for Phenotypic Profiling of High-Content Screens. Jour-
nal of Biomolecular Screening. 2014; 19(5):685-695. https://doi.org/10.1177/1087057114527313
PMID: 24643256

PLOS ONE | https://doi.org/10.1371/journal.pone.0237972 September 11, 2020 16/16


https://doi.org/10.1371/journal.pone.0184054
https://doi.org/10.1371/journal.pone.0184054
https://doi.org/10.1038/nmeth.4397
http://www.ncbi.nlm.nih.gov/pubmed/28858338
https://doi.org/10.1177/1087057111420292
https://doi.org/10.1177/1087057111420292
http://www.ncbi.nlm.nih.gov/pubmed/21956170
https://doi.org/10.1109/5.949485
https://doi.org/10.1177/1087057114527313
http://www.ncbi.nlm.nih.gov/pubmed/24643256
https://doi.org/10.1371/journal.pone.0237972

