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Automatic Transfluor assay analysis using machine learning

Fig 2.  The learnable detection method 
then performs region partition using 
morphological dilation. The corrected 
image (A) is dilated to generate ex-
panded regions in x,y that have the  
same intensity peaks as the corrected 
image. Subtracting this image from the 
corrected image generates region 
boundaries for the peaks in the corrected 
image (B). A larger dilation parameter 
will group neighboring peaks together, 
while a smaller dilation will separate 
them. To generate the final confidence 
map (D) a closing operation is preformed 
on the corrected image, and the partition 
boundaries are added to it (C). Image C 
is subtracted from the corrected image 
(A) to produce the confidence map (D). 
The confidence map can be thresholded 
to produce the final segmentation mask. 
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Introduction
The Transfluor assay is a standard high content screening application for G-protein-coupled receptors. It is an 
example of a subcellular image based assay where the result depends on the quantitative characterization of 
small puncta just a few pixels in diameter. The accurate and consistent quantification of such small structures is 
challenging due to often weak and unstable signal that is sensitive to noise and variations. This imposes a criti-
cal limitation on the image based assay outcomes.  
 We have previously validated that a subcellular object detection method using confidence maps could enable 
highly accurate and consistent quantitative analyses of the synaptic vesicle recycling assay. We extended the ap-
proach for broad applications by supplementing the validated approach with a learning module. This allows the 
user to modify and optimize the approach automatically for different applications using a drawing tool on 
images directly.
 We validate the effectiveness of the learning module on the subcellular object detection method using the 
standard Transfluor assay image sets disseminated by the Society for Biomolecular Sciences data and image 
analysis special interest group. Our hypothesis is that the new learning module based method and the previously 
validated method have similar results. We used the per image responder ratio as the performance metric. The 
test results accept the hypothesis with statistical significance. We conclude that the learning module, which can 
be taught through drawing without programming, achieves performance statistically significantly equivalent to 
the validated method. Moreover, Multivariate analysis of variance (MANOVA) shows that the learnable method 
is slightly better at determining differences between experimental conditions. 

Learnable Detection Method
The learnable detection method generates high confidence detection regions by applying structure-guided 
image processing operations. The structure-guided operations inherently normalize large intensity fluctuations 
in images to detect small image features, such as common subcellular phenomena. Structure-guided region de-
tection does not introduce phase shift or blurring effect. It is a simple, fast and general method for small object 
detection in fluorescent images. The new method has two steps; background correction and region partition. It 
requires only two parameters; one for each of the kernel sizes used in the two steps (described below). 

Materials and Methods

Fig 3 .   Sixty-six, two channel images provide by Roche to the SBS image analysis 
SIG were used in the study. Receptor internalization causes staining to change from 
diffuse to punctate. Bottom row shows processing mask overlays, learning method in 
green and validated method in orange.  The mask area is measured per cell. Using the 
six control images, an experimental threshold is created at mean plus two standard 
deviations for the measurement. Cells which fall beyond the threshold are counted as 
responders. The % responders of all cells is reported for each image. The learning 
module was configured through drawing. Drawing was done to emphasize small struc-
tures and a relatively high threshold was used (t = 20 on the confidence map). 

Results

Conclusion
The validated method was proven to be highly sensitive, specific and consistent on previous, target subcellular 
assays. However, the validated algorithm, a version of the watershed method, is difficult to make learning en-
abled and is slow. In a previous study we validated that the new learning method did not have significantly dif-
ferent performance from the validated method for the  assays. Now, we have further validated the method by ap-
plying it to the Transfluor assay and finding that it is not significantly different from the validated method, and 
may be superior. However, the performance of the learning method may not be as good as custom methods de-
veloped for the assay (e.g. relative granularity1). In a future study we will update the learning method and 
benchmark off proven methods for this assay to see if the learning method can deliver at the same standard. 
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Fig 1. This illustrated example shows 
how structure-guided processing per-
forms background correction and en-
hances small features.  A) Applying 
grayscale morphological closing to the 
input image to generate the closed 
image (purple), B) Applying grayscale 
morphological opening to the input 
image to generate the opened image 
(orange), C) generating the offset 
image by averaging the closed image 
with the opened image and adding an 
offset (green), and D) subtracting the 
offset image from the original image 
(red regions). Figure 2A shows an ex-
ample enhanced image.

Teaching Interface

Fig 3. The two parameters required by the learnable de-
tection method can be set by user drawing. Green re-
gions of interest (ROIs) indicate the types of spot pat-
terns desired for enhancement, and red ROIs indicate 
the patterns for suppression. The learning module maps 
the size information from these ROIs to configure the 
two detection method parameters.

Fig 4. The method flow chart illustrates the steps in the algo-
rithm parameter determination given user teaching. The first 
step removes suppression pattern ROI regions overlapping 
with enhancement pattern regions. Next the major and 
minor ROI axes are calculated for both ROI sets. The back-
ground correction parameter is the maximum of the average 
of the minimum minor axis of all suppression ROIs and the 
maximum major axis of all enhancement ROIs, or the maxi-
mum major axis of all enhancement ROIs plus and offset. 
The region partition parameter is the background correction 
parameter minus a delta value defined as the minimum of 
ten or the difference of the maximum major axis and mini-
mum minor axis of the enhancement ROI set. 

Fig. 4.  Figure shows learning method and validated results for untreated and ten ex-
perimental conditions. Center line shows the mean and outlines show +/- one stan-
dard deviation. Both analyses show a similar trend. The validated method shows a 
higher number of responders at all dosages. The performance of the two methods 
across all conditions is evaluated using analysis of variance (ANOVA), and is not sig-
nificantly different at the 5% significance level (p-value > 0.1). To compare each 
methods quality of analysis, multivariate analysis of variance was done separately for 
each method. The learning method can detect differences between the experimental 
populations with a p-value of ~0.0, while the validated method can detect differences 
at t p-value of 0.0004; possibly indicating the learning method is slightly better able 
to detect differences between the conditions.  

Fig. 5.  The learning method is much 
faster than the validated method. Over 
the sixty-six study images the learning 
method averaged 0.127 +/- 0.015 (one 
standard deviation) seconds analysis 
time. The validated method averaged 
4.707 +/- 3.070 seconds on the same 
set. 


