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Abstract
The technical advances made in microscopy have been matched by an increase in the application of fluorescent microscopy to answer scientific questions. While analysis of fluorescent microscopy images represents a powerful tool, one must be aware of the potential pitfalls. Frequently, the analysis methods applied involve at least some manual steps which are dependent on an observers input.  Typically these steps are laborious and time consuming, but more importantly they are also influenced by an individual observer’s bias, drift or imprecision. This raises concerns about the repeatability and definitiveness of the reported observations. Using calcium fluorescence in organotypic hippocampal slices as an experimental platform, we demonstrate the influence that manual interventions can exert on an analysis. We show that there is a high degree of 
variability between observers, and that this can be sufficient to affect the outcome of an experiment. To counter this, and to eliminate the disagreement between observers, we describe an alternative fully automated method which was created using EBImage package for R. This method has the added advantage of being fully open source and customisable, allowing for this approach to be applied to other analyses.
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1. Introduction

One of the noticeable trends in neuroscience research over the last decade or so has been the increase in prevalence of fluorescence microscopy. In particular, the development of the confocal microscope (as described by Amos and White, 2003) and subsequent developments and variations on that theme have facilitated the opening of new frontiers in neurobiology.  While the technical aspects underlying image acquisition have been well investigated as new technologies have emerged (for an example see Murray et al, 2007), the critical appraisal of image analysis techniques has lagged somewhat behind. Indeed, in many cases analysis of microscopy data is most rudimentary, with nothing other than single “representative” images shown to support an inference. At its worst, this insufficiency and lack of transparency in analysis presents a barrier to testing the repeatability of reported observations.

One of the key problems centres on human evaluation. Even with well-designed and well defined analytical frameworks, where the data depends on human observers for selection or measurement, factors such as observer bias and observer drift will inevitably impinge on the outcome of the experiment (Kazdin, 1977). While blinding data may help control some of these issues – the magnitude of error resulting from observer bias has been shown to be decreased by observer blinding in clinical trials (Hróbjartsson et al, 2012), the other problems of drift and imprecision remain. Observer expectation may also be an issue, and results may be altered by the effect of inattentional blindness, classically described by Neisser and Becklen (1975), resulting in unexpected features in the images going unidentified. 

The problem of disagreement between observers has long been recognised as an issue in the field of histopathology (Thomas et al, 1983), which makes extensive use of grading or scoring of images analysis by skilled, trained observers. While computer assisted grading has been shown to increase agreement between observers (Gavrielides et al, 2011) the complex nature of the qualitative variables being assessed, often involving subtleties of shape, pattern and colour of staining, makes this an area where fully automated analysis, without the need for human intervention, a difficult proposition. On the other hand, in many cases of fluorescence microscopy the variable being measured, e.g. intensity of fluorescence in a cell, is very simple, single dimension data. This makes this analysis much more amenable to computer automation. 

Fluorescence detection can be used in different ways, each with its own set of analytical considerations. In its simplest form, fluorescence measurement is essentially binary: the signal can either be considered to be absent or present. The labelling of cells with fluorescent proteins is a commonly used example of this type of imaging experiment. At the other end of the spectrum are experiments where the magnitude of a continuously varying fluorescence signal must be measured to allow correct interpretation of data.  Calcium imaging is a pertinent example of this type of microscopy data. The changes in intracellular calcium dynamics in neuronal and non-neuronal cell populations have diverse roles in the maintenance of neuronal homeostasis and the modulation neurotransmission and synaptic plasticity (Teyler et al., 1995, Emptage et al., 2001, Araque and Perea, 2004). At pathophysiological levels, calcium acts as a mediator of excitotoxicity, while acute transient calcium elevations during mild insults may evoke the generation of neuroprotection mechanisms against subsequent insults (Ankarcrona et al., 1995, Kruman and Mattson, 1999, Bickler and Fahlman, 2004, Trendelenburg and Dirnagl, 2005). 

Calcium fluorescent dyes are routinely used to study the relative changes of intracellular calcium levels within cells of the nervous system during live cell imaging. There are two key elements to the analysis of this type of data; measuring the magnitude of calcium indicator fluorescence signal, and defining the unit of analysis (e.g. a cell) in which those measurements are made. While the first of these analytical elements is straightforward and unambiguous, the second aspect, defining the regions of interest (ROIs) to be measured, may be a source for concern. In many cases, the strategy for defining ROIs is not defined, and a common approach is to manually define ROIs for analysis. Indeed, much of the off the shelf commercial confocal microscopy software (such as the Zeiss LSM Pascal software used here) only allows for manual definition of ROIs. This process is labour intensive to complete comprehensively, but the biggest problem with this is the issues of observer reliability mentioned above. Reliable analysis depends on the observers strategy for identifying the presence of cells in the first instance, and then on their strategy for defining the boundaries of that cell. This problem is particularly prominent when the ROIs to be defined correspond to closely packed cells, such as in brain slices, or, as investigated here, in organotypic slice cultures.  In these situations a systematic, well defined and repeatable approach to defining ROIs would offer significant reliability improvements over manual, observer-based methods. 
Automated systems for the analysis of calcium imaging data have been previously described, such as the SparkMaster system based on ImageJ (Picht et al, 2007), or systems based on principal component analysis followed by image segmentation, using both ImageJ and Matlab (Mulamel et al, 2009). In these cases, the exact analytic method is described, but is either limited by its application (e.g SparkMaster is only suitable for analysis of line scan images) or is dependent on proprietary, commercial software (such as Matlab). In other cases, automated systems are utilised, but the details of the analysis are not described, rendering critical appraisal of the technique impossible (for example, Okhi et al, 2005). Here we describe a method for fully automated analysis of confocal time series images of calcium fluorescence in organotypic hippocampal slice cultures using the EBImage package for R (Pau et al, 2010), and compare this approach to a manual object selection based technique. This is a flexible system with applications to many types of cell imaging data, but, by utilizing entirely open source and freely available software, this system offers improvements in both cost effectiveness and transparency  over some other systems. We show here that manual data analysis carries a high risk of error, due to a high degree of variability between observers which could be sufficient to affect the outcome of an experiment, which is a result of under sampling of the data, a problem eliminated by automated methods.
2. Materials & Methods

2.1. Organotypic hippocampal culture preparation

Organotypic hippocampal cultures were prepared according to the methods of Stoppini et al. (1991) from P6 to P9 male/female Wistar rat pups, obtained from the Biomedical Facility, University College Dublin, Ireland. All experimental procedures were approved by the Animal Research Ethics Committee of the Biomedical Facility at University College Dublin. Upon rapid decapitation, the brain was removed and placed in ice-cold Earles Balanced Salt Solution (EBSS, Gibco). The hippocampi were isolated and 400 µm thick slices were prepared using a Mc Ilwain tissue chopper. Slices were then transferred to 6-well culture plates, containing sterile Millicell culture inserts, and were maintained with a medium/air-interface in a humidified incubator at 35ºC, 5% CO2 for six days prior to treatment. The culture medium was composed of 25% heat-inactivated horse serum (Sigma), 50% EBSS, 25% Minimum Essential Medium (MEM, Gibco), 1 mM glutamine, 28 mM glucose, 25 mM HEPES, 100U/ml penicillin & 100 µg/ml streptomycin, pH 7.2. 
2.2. Treatment protocol
At 6 days in vitro, the organotypic cultures were transferred to fresh, pre-warmed media without (control) or with 20 ng / ml TNF-α (treatment). After 30 min, the cultures were then transferred into pre-warmed fresh media for a further 24 h prior to experimentation. Concentrations of 1-5 ng/ml TNF-α have previously been shown in our laboratory to acutely modulate hippocampal synaptic transmission and to induce a preconditioning effect on subsequent calcium responses to glutamate stimulation 
 ADDIN EN.CITE 
(Batti and O'Connor, 2010, Watters et al., 2011)
. For this study, 20 ng/ml was chosen as this concentration produced reliable effects on fast spontaneous rises in calcium. 
2.3. Dye loading

At 7 DIV (24 h post-treatment) the cultures were individually cut out of the insert and transferred to Buffered Salt Solution (BSS) composed of  5.4 mM KCl, 1.8 mM CaCl2, 130 mM NaCl, 5.5 mM glucose, 20 mM HEPES, 2 mM MgSO4, pH 7.3, at room temperature. The cultures were then exposed to 3 µM Fluo-4 AM (Invitrogen) in BSS for 30 min at room temperature, before imaging.
2.4. Live cell calcium imaging

Each culture was, in turn, transferred to a glass bottomed 35 mm culture dish (MatTek Corp.) containing 1 ml BSS. The insert membrane was weighed down with a metal ring to stabilize the culture during imaging. A blunt 20-gauge needle, positioned at the mouth of the ring opening, was connected via tubing to a peristaltic pump, which provided suction to remove excess BSS during glutamate application. The dish was then placed on the stage of Zeiss Axioskop 2 FS, and fluorescence was detected using Zeiss LSM Pascal laser-scanning confocal microscope at 10x magnification (10x/0.3 NA Zeiss ACHROPLAN water-dipping lens). With excitation at 488 nm from an argon laser, the emission fluorescence of the Ca2+-bound Fluo-4 AM dye was detected at 505-530 nm. 
For experiments involving acute glutamate stimulation, the CA region of the hippocampal cultures was imaged at a rate of 4 frame / s (4 Hz) for 90 s. After 20 s of recording, a bolus application of 30 µM glutamate (2.5 ml) was added, using a Pasteur pipette, and remained in the imaging chamber hereafter. Care was taken to add the glutamate solution directly opposite the suction apparatus. Any overflow of solution was then removed by the outflow needle connected to the peristaltic pump, effectively replacing the BSS in the well with the 30 µM glutamate solution. In order to investigate spontaneous Ca2+ activity at rest, the CA region of the hippocampal cultures was imaged at a rate of 4 frames / s (4 Hz) for 200 s. It is important to note that this scanning frequency may be too low to detect all spontaneous activity in real time. However, cells spontaneously firing at a higher frequency have a higher probability of being detected at a 4 Hz sampling rate. Therefore, the 4 Hz spontaneous event rate is analogous, but not equivalent, to the actual spontaneous event rate. 

2.5. Manual image analysis of glutamate-induced calcium response

For the manual definition of ROIs, three independent observers were instructed to identify and mark the ROIs corresponding to cells responding to glutamate in the CA region of the slice cultures using the Zeiss LSM Pascal confocal software package. Each observer examined the same time series data (5 control slice cultures and 3 treated slice cultures). Observers were blind to the treatment status of the cultures.  An example of the manual image analysis technique is shown in Figure 1. 
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Figure 1. Manual image analysis technique to calculate relative changes in intracellular calcium levels in response to glutamate stimulation.
Confocal image (10x magnification) of the CA1 region of an organotypic hippocampal culture loaded with 3 µM Fluo-4. Relative concentrations of Ca2+-bound Fluo-4 fluorescence are represented by the pseudocolour gradient (coloured bar, bottom right hand corner of image), ranging from purple (low Ca2+) to white (high Ca2+).  (A) T0 represents first frame of the timeseries of confocal images. White scale bar = 100 µm. (i) Cropped and magnified region represented by white box in original confocal image at T0. Red scale bar = 20 µm. (B) Peak elevation of intracellular calcium-bound Fluo-4 fluorescence in response to glutamate stimulation (30 µM) was captured at T28 (i.e. frame 112 of the timeseries, 28 s into the recording). White scale bar = 100 µm. (i) Magnified region represented by white box in original peak response confocal image at T28. Red scale bar = 20 µm. A & B (ii) By scrolling through the frames immediately prior to and during glutamate application the experimenter can identify responsive cells and manually circles a sample of these (50≤x≤250 ROIs) using the Zeiss LSM Pascal Image Examiner software. (C) Normalised relative change in Ca2+-bound Fluo-4 fluorescence in response to glutamate stimulation from 4 ROIs chosen by one of the experimenters. Glutamate (30 µM) was added after 20 s of baseline recording (arrow) and remained in the bath hereafter. Glutamate resulted in a transient yet rapid increase in intracellular calcium within these cells, reaching maximum levels within 3-4 s post glutamate application.

Using manual definition of ROIs, between 50 and 250 ROIs were identified in each culture. Data from all slice cultures in each treatment group were pooled for analysis. The average fluorescence value of each of the ROIs over the first 20 frames (5 s) was used to give an indication of the baseline fluorescence (f0). For each cell, the maximum calcium fluorescence response to glutamate was calculated (fmax), and expressed as a relative change from baseline ((fmax-f0)/f0).  For comparison, all data for each observer or automated analysis was expressed as a percentage of the mean control response for that data set. 
2.6. Automated image analysis of glutamate-induced calcium response
Figure 2 shows the representative images at each step of the automated analysis, using the same experiment represented in the manual analysis technique shown in Figure 1. In order to ensure comparability with the observer instructions to identify cells responding to glutamate, it was important to eliminate non-responding cells from the analysis.  To do this, two images were generated from each time series; an image representing the average of the first 5 frames in the time series (the same frames used to calculate f0 above) (Figure 2B i), and a maximum intensity projection image representing the peak fluorescence signal measured at each pixel over the course of the recording (Figure 2B ii). Subtracting the baseline image from the maximum intensity image produces an image of the responding cells, eliminating all non-responsive cells, which should remain unchanged from the baseline period throughout the recording (Figure 2B iii). This image then becomes the basis for automated detection of ROIs. This was done using the EBImage package for R, which allows for segmentation of features in an image using the watershed algorithm. First, a binary image is generated by applying an adaptive threshold to the image, with areas over the threshold (foreground) defining the areas of responsive cells (Figure 2B iv). This threshold image is used as a mask applied to the difference image, effectively blanking out the below threshold (background) areas in that image (Figure 2B v). With the relatively low magnification used here, and correspondingly relatively large optical 
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Figure 2. Automated image analysis technique used to calculate relative changes in intracellular calcium levels in response to glutamate stimulation.
(A) The organotypic hippocampal culture was loaded with 3 µM Fluo-4 and confocal images (10x magnification) were taken of the CA1 region at a rate of 4 Hz for 90 s. Relative concentrations of Ca2+-bound Fluo-4 fluorescence are represented by the pseudocolour gradient (coloured bar, bottom right hand corner of image), ranging from purple (low Ca2+) to white (high Ca2+). White scale bar = 100 µm. (B) Representative images of each step of the automated analysis paradigm focusing on the cell region defined by the white box in (A). Red scale bar = 20 µm. The average fluorescence image of the first five frames (i) and maximum fluorescence image (ii) are generated to give an indication of baseline and maximum pixel fluorescence intensity, respectively. By subtracting the baseline image from the maximum image, an image representing the response to glutamate is generated (iii). An adaptive threshold is then applied to this image (iv). Pixels outside of the over threshold, foreground areas are then assigned zero values in the difference image (v). Additionally, a distance map is generated from the threshold image, with each pixel assigned a value corresponding to the distance from the background, shown her in levels of grey (vi). The distance map and masked intensities (shown in v and vi) are then combined and form the basis of the watershed segmentation, which identifies discrete ROIs, with the pixels mapped to each individual ROI indicated with a different colour in vii. Note that the small over threshold region on the centre of the image is not identified as an ROI; this is due to its size falling below the defined object size threshold (i.e. ≤12 pixels).  The boundaries of these ROIs in relation to the difference image (shown in iii) is shown in viii.  The fluorescence intensity for each of these ROIs in each frame in the time series can then be calculated. Note that this analysis corresponds directly to the images in the manual analysis in figure 1.

slice, there is generally a higher fluorescence towards the centre of the cell bodies, decreasing towards the edge of the cells. The threshold image is also used to generate a distance map where each foreground pixel is assigned a value corresponding to the distance to the nearest background pixel (Figure 2B vi). 
The distance map and masked difference images are combined to give an image which is higher towards the centre of the cells and lower towards the boundaries. This combined image is then segmented using watershed segmentation, which identifies discrete, isolated objects, as well as allowing the detection of the boundary between objects in contact (Figure 2B vii, viii). These detected objects then become the ROIs used in for further analysis. The calcium fluorescence response to glutamate of these ROIs is then calculated in the same manner as the manual analysis.  The script used for this analysis, run under R version 2.12, is shown in supplementary data 1. The parameters for the image segmentation were tuned by randomly selecting images and adjusting threshold levels and watershed segmentation variables until visual inspection of the defined ROIs showed no apparent errors in object definition. For each image series, the map of ROIs (as shown in figure 2B viii) was checked to ensure no obvious errors in image segmentation.
2.7. Automated analysis of spontaneous calcium events at rest.
The detection of relatively small spontaneous changes in calcium fluorescence is another application particularly suited to automated analysis. The key measure to be assessed here was the proportion of cells displaying (relatively) fast increases in calcium fluorescence. This requires an ability to identify all the cells within the observed field, and subsequently identify which of those cells displayed a specific pattern of activity.  A completely manual version of this analysis was not attempted, as it was not deemed possible to manually define ROIs for every cell in the image series with any degree of reliability.  The method used for automated detection of spontaneous calcium events was very similar to the method used to measure the response to glutamate. However, in this case, rather than generating a difference image as the basis of the segmentation, the maximum intensity projection image alone was used to generate the threshold image, and subsequent steps in image segmentation and ROI definition proceeded as described above.  With ROIs defined, the baseline intensity for each ROI (f0) was calculated as the mean fluorescence over the first 20 frames (5 s). The fluorescence at each timepoint in the series was then expressed as a normalized deviation from the baseline, such that the fluorescence at any point in time (ft) is expressed as (ft-f0)/f0. However, in order to select fast events, detection of calcium events was based on the instantaneous change in normalised fluorescence from one frame to the next, calculated as:

ft  - f0             f(t-1) - f0
  or
Δf
  f0
         f0


Δt
The noise levels in this parameter were estimated at ≤ 0.2; therefore the threshold for event detection was set at 1.5 times this level (i.e. 0.3, which is and instantaneous change of calcium fluorescence of 30% of the baseline fluorescence from one frame to the next). Examples of this process are shown in figure 4A. On the basis of this analysis, each ROI was classified categorically as either displaying spontaneous calcium events, or not.  The script used for this analysis, run under R version 2.12, is shown in supplementary data 2.

It is important to note that this analysis assumes no spontaneous events occur within this “baseline” period. If such an event did occur, it would result in the f0 for that ROI being reported as higher than the true baseline fluorescence. Given the relatively low event rate we detected, the probability of an event occurring in this period is low, but not zero. In the data we analysed we found no evidence of events during this period.
In other cases, overestimated baselines may be more of a cause for concern. If the calculated f0 is incorrectly high, this would have the effect of reducing Δf/Δt. An additional step in the analysis to detect these cases could be added; where f0 is overestimated, f/f0 should be lower across the data. Therefore, an additional filter, based on mean or minimum f/f0 values across the time course, could be added to the analysis to detect incidents of baseline overestimation, as if the baseline is significantly overestimated, these values should be significantly lowered. 

2.8. Statistical analysis.

For calcium imaging studies whereby glutamate-evoked calcium response was examined, the data is expressed as mean  ± SEM, and analysed for statistical significance using an unpaired t-test. Statistical significance was achieved when the p-value was found to be <0.05. A Kolmogorov-Smirnov test was used to determine any statistical difference between the distribution of the data analysed by the three individual observers and that produced by the automated image analysis. For spontaneous activity data, the proportion of cells displaying spontaneous events was compared between control and TNF-α treated cultures using a Χ2 test.
3. Results
3.1. Comparison of the manual with automated image analysis techniques.

Figure 3A shows the change in maximum calcium-bound Fluo-4 fluorescence in response to glutamate (30 µM) stimulation, obtained by manual image analysis from three separate experimenters and the automated image analysis. All four sets of data obtained reveal that the treatment group had a greater mean maximum change in Fluo-4 fluorescence in response to glutamate stimulation, compared to the control group (Experimenter A: Control: 100±1.2%, n=598, Treatment: 105.9±1.3%, n=410, p<0.01; Experimenter B: Control: 100±2.1%, n=509, Treatment: 116.5±2.7%, n=320, p<0.001; Experimenter C: Control: 100±2.0%, n=1409, Treatment: 159±3.4%, n=793, p<0.001;  Automated analysis: Control: 100±1.0%, n=1812, Treatment: 114.9±1.5%, n=1400, p<0.001).  While all analyses showed an increase in calcium response to glutamate with treatment, the magnitude of this response differs greatly between the three observers, and between the observers and the automated system. The most obvious difference between observers is that, despite all analysing the same data, and all observers being given the same instructions, each observer identified different numbers of ROIs in the images analysed. It is also noteworthy that each of the observers identified smaller numbers of ROIs than the automated system.  More significantly, the magnitude of the treatment effects also differ greatly between the analysis groups. This is most clearly illustrated by examining the cumulative frequency distributions for each data set generated (Figure 3B). Here, Kolmgorov-Smirnov tests show that all three observers and the automated analysis are significantly different from each other in both the control and treatment data sets. The magnitude of these differences (as measured by the Kolmogorov-Smirnov D-statistic) varies, in general experimenter C, which found the largest difference between control and treatment groups, is furthest from all the other groups. It is interesting to note that while experimenter C had the second largest sample size (second only to the automated analysis), the distribution indicates a large proportion of these ROIs achieved very low increases (<10% of baseline fluorescence) in response to glutamate, particularly in the control data set. At this level, most of these increases fall within the “noise” of the recording, and these ROIs probably represent non-responding cells. Their inclusion appears to have contributed to the large apparent increase in treatment effect. While the effect of this could be minimized by applying a minimal threshold (with any apparent “increases” below the threshold being disregarded), this observation  highlights that each independent observer appears to be using very different strategies for identifying and defining ROIs, and this may be sufficient to affect the outcome of an experiment. 
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Figure 3: Results obtained from the manual image analysis carried out by three individual experimenters and from the automated image analysis technique. 
The mean maximum relative change in calcium-bound Fluo-4 fluorescence in response to glutamate stimulation, was analysed, blind, by three individual experimenters using the manual image analysis technique described in Figure 1. These images were also processed with the automated image analysis technique described in Figure 2. (A) All ‘treatment’ data is presented as a mean (±SEM) percentage of the control response. All four sets of results agree that ‘treatment’ group showed a significant increase in the maximum relative change in glutamate-evoked calcium response (Exp A: Cont: 100±1.2%, n=598, Treat: 105.9±1.3%, n=410, p<0.01; Exp B: Cont: 100±2.1%, n=509, Treat:116.5±2.7%, n=320, p<0.001; Exp C: Cont: 100±2.0%, n=1409, Treat: 159±3.4%, n=793, p<0.001; Auto: Cont:100±1.0%, n=1812, Treat: 114.9±1.5%, n=1400, p<0.001). Statistical significance between control and treatment groups, within each set of analysis was calculated using an unpaired t-test. ***p<0.001, **p<0.01. (B) The frequency distribution of the maximum fluorescence of the ROIs chosen by each experimenter during manual analysis and by the automated analysis programme highlights the extent of the variability of the samples of data chosen for analysis. A Kolmogorov-Smirnov test indicated the significant differences between the distribution of data generated by all the analysis methods, as shown in the tables below for each frequency distribution graph. 

3.2. Detection of spontaneous calcium events.

 In order to test the utility of this automated analysis system to detect spontaneous changes in calcium-bound Fluo-4 fluorescence we recorded the Fluo-4 signal within the cells of the CA region under unstimulated conditions for 200 s. ROIs which exceeded the event detection threshold of Δf/Δt > 0.3 at any point in the recording were classified as “active” cells, and those that didn’t classified as “inactive” cells. 
The automated analysis efficiently and specifically detected fast rises in calcium fluorescence. The first panel in figure 4A shows the normalised calcium fluorescence in a ROI which displays two spontaneous increases in fluorescence. However, the second increase is slower than the first, and therefore does not cross the event detection threshold of Δf/Δt > 0.3, and so only the first rise is classed as an event. The third panel also shows an increase in fluorescence in a cell which does not exceed the event detection threshold. However, this case also differs from the others in the duration of the elevated fluorescence. In this analysis, it is important to note that events were not gated on their duration, only their rate of rise, although a relatively simple modification of the automation routine would make this possible. 
In the control group, 2426 cells from eight slice cultures were classified as active, with the remaining 2009 cells classified as inactive (proportion of active cells: 0.547, 95% confidence interval of proportion: 0.532 – 0.562), whereas in the treated group, 2652 cells from 8 slice cultures were classified as active, whereas 1449 cells were classified as inactive, yielding a significantly higher proportion of active cells (0.647, 95% confidence interval of proportion: 0.631 – 0.661, p<0.0001, Χ2 test, figure 4). Therefore, using this automated image analysis were able to detect significant differences in the rate of fast, spontaneous rises in calcium caused by TNF-α in organotypic hippocampal cultures.  
4. Discussion

Automated or semi-automated image analysis systems have previously been shown to be at least comparable in accuracy compared to manual image analysis for the measurement of different types of image data, from microscopy (Sims et al, 2002; Cossart et al., 2003: Ellis et al, 2005; 
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Figure 4: Automated detection of spontaneous calcium events in organotypic hippocampal cultures.

(A) The organotypic hippocampal culture was loaded with 3µM Fluo-4 AM dye for 30 min prior to imaging. Confocal images (10x magnification) of Ca2+-bound Fluo-4 were taken at 4 Hz for 100 s. Results for four identified cells imaged over this period are shown. The upper trace shows the normalized fluo-4 fluorescence (f/f0), while the lower trace shows the instantaneous rate of change in this fluorescence from frame to frame (Δf/Δt). A threshold of 0.3 (i.e. an instantaneous increase in fluorescence of 30% of the baseline) was set based on an estimation of the noise in the recording, with any cell exceeding this threshold considered to be an active cell displaying at least one spontaneous event over the 100 second recording. Gating events based on the rate of change in fluorescence, rather than relative fluorescence levels, allows for the selection of fast events, and omits events which may be the effect of slow drift in the signal (either through changing calcium levels or bleaching).  (B) Cells from eight control organotypic cultures and eight TNF-α pre-treated cultures were examined classified as either active or inactive, based on threshold crossing events.  (C) TNF-α pre-treatment produced a significant increase in the proportion of active cells (Χ2 test, p<0.0001).

Mashemi et al., 2008) to PET and CT imaging (Chow et al, 2007; Mahnken et al., 2006). These comparisons have typically started with the a priori assumption that manual analyses are adequate, and use these as the standard to which the automated systems are compared. Here, we have shown that, at least when used for analysis of calcium fluorescence in organotypic hippocampal cultures, manual analysis may be sufficiently inconsistent to affect the outcome of the experiment. Therefore, we suggest that automated analysis not only has advantages in resource efficiency, but is a fundamentally more consistent approach to this type of analysis. 

There may be several reasons for the inconsistencies between the observers. The total number of ROIs selected by the observers varied greatly, and was lower than automated analysis in every case. “Under-sampling” of data is not automatically problematic. If the sample size is still sufficient to detect differences between populations, the outcome of the analysis should be unaffected, but only if the under-sampling is random. In that case, the cumulative frequency distributions should remain essentially the same. However, in this case, when the sampling level was lower in manual analysis compared to automated analysis, the distributions were significantly different. This suggests the manual sampling is biased; certain cells were more likely than others to be identified as ROIs. More importantly, because each observer was different to the others, this bias appears to be different for each observer, making the outcome of an experiment potentially dependent on the person carrying out the analysis.  This becomes difficult to control for, because it is almost impossible for the observers to be exact in defining the strategy used for selecting and defining ROIs. Moreover, these strategies may change over time, as an effect of observer drift or fatigue. This is less likely to be an issue when imaging more easily definable objects, such as dissociated primary cultures. Indeed, we have used manual ROI definition in a previously reported method (Pickering et al, 2008), and in that case it was significantly easier to define reliable the boundary of each cell in the culture. 

While the inter-observer differences may be attributed to under-sampling of the data, the automated analysis may be accused of over-sampling the data. This is a valid criticism assuming some of the objects detected in the analysis are not relevant to the experimental question, e.g. dead cells or fluorescent debris. Any objects in the image which fell into this category should have been eliminated when baseline and maximum intensity projection images were analysed. Indeed, the distribution of data suggests that few cells with absent or very low responses to glutamate were detected by the automated analysis.  Nonetheless, these data points can be eliminated again using well defined and repeatable criteria. For example, a threshold value of peak response to glutamate could be defined to eliminate “non-responding” objects from the analysis. The distribution of peak response to glutamate seen in the data described here does not indicate that a clear cut-off point representing the boundary between responding and non-responding objects could be reliably defined. As a result, any cut off would be either arbitrary, or possibly based on an estimate of the noise in the fluorescence signal, such as the standard deviation.   This is similar to the approach we used in the assessment of spontaneous calcium events in the organotypic hippocampal cultures (figure 4). However, even an arbitrarily defined cut off is an improvement over the ill-defined criteria used in the manual, observer led analysis. 

Another potential source of oversampling results from the method of automated image segmentation. Although watershed segmentation is an efficient and reliable method for image segmentation, it may be prone to over-segmentation (Bleau and Leon, 2000). Watershed segmentation, as implemented here, will not detect objects outside of the “foreground” areas of the image, but it may result in the subdivision of cells into multiple objects or the identification of very small objects resulting from noise in the image that is thresholded. The possibility of over-segmentation cannot be entirely ruled out without an independent marker of cell boundaries, but this source of error can be largely controlled in the selection of analysis parameters appropriate to the images to be analysed. While the exact routines used for analysis of the data presented here (detailed in supplementary data) have been optimised for our data, these routines need to be carefully adapted for images captured with different parameters. As an example, the balance between the native fluorescence and the distance map which are combined for watershed segmentation is largely influenced by magnification and spatial resolution. As a general rule, we find that as the spatial resolution increases, the distance map becomes a better parameter on which to base the segmentation, and the balance between the two variables should be adjusted appropriately (indeed, the distance map alone is often sufficient). 

Careful selection of the parameters of the analysis is also important, not only for ROI definition, but also in any other analysis that generates categorical data from continuous fluorescence signals. This is highlighted in our analysis detecting spontaneous calcium increases in the organotypic slice cultures. The relatively smaller magnitude and inherently unpredictable nature of spontaneous calcium events make their analysis particularly suited to automated analysis, but the specific detection of events carries with it a different set of considerations. Slower transient increases in calcium fluorescence cannot be detected using our approach (figure 4A, first panel). While setting an event threshold based on the f/f0 data would allow the detection of the slower events, this would not discriminate between transient events and slow drift in the signal, and would also be adversely affected by a negative signal drift, such as caused by photobleaching. A smoothing in the time dimension, such as using a moving time average of the Δf/Δt parameter, would eliminate much of the noise, and allow the detection threshold to be lowered to detect slower events. The exact method of event detection, and the interpretation of that data, is also very dependent on the temporal and spatial resolution of the image acquisition. 

It is also important to point out that in the data presented here, no effort has been made to define the type of cells being measured, and presumably the data represents a mixture of the responses of neuronal and glial cell types. There is, however, no reason why this method could not be similarly applied to more complex experimental designs involving the multiplexing of calcium indicator fluorescence with, for example, sulforhodamine 101 fluorescence, which can be used to label astrocytes (Nimmerjahn et al, 2004). It is also important to point out that the method described here is most applicable to cell body based cell identification. For measurement of calcium signals in smaller structures, such as dendrites, other, more sophisticated analytical systems would need to be utilized such as that described by Mukamel et al, (2009). 
The specific analytical system used here, based around image segmentation performed by EBImage, has a number of specific advantages. The software required for this analysis is all open source. This has obvious cost saving benefits, but also aids in openness and transparency in reporting the outcome of analysis and any other investigator can replicate the exact same analytical routine. Any user can analyse the source code and understand exactly what the software is doing; how analyses and calculations are being made, something which is not possible with most commercial software packages. The system used here is also very flexible. Here, we describe its application to live cell calcium imaging analysis, but we have previously used the system for analysis of neuronal structure and neurotransmitter release (Murphy et al, 2009) and immunohistochemistry (Lukasz et al, 2013, O’Sullivan et al, 2010). While some users more used to graphical user interface (GUI) based software may be initially put off by coding R scripts for analysis, our experience is that novice users are capable of using and customising the software within a few days.

As a package for R, it is possible to elaborate on the image analysis routine and utilise the capabilities of the R environment to develop a single workflow, beginning with raw images and ending with complete statistical analysis and graphical presentation of all the relevant data. This high level of efficiency is particularly important in dealing with very large data sets. Our analysis of the spontaneous calcium events in the organotypic slices, the more computationally complex of the two analyses presented here which is entirely encoded in R and requires no additional analytical steps, takes <1 minute per time series to complete using a standard desktop computer running Windows 7. By comparison, the manual ROI labelling took several hours for each observer for a relatively modestly sized data set. Our method is also the first comprehensive description of the use of watershed segmentation to track calcium fluorescence in cells over time using R. R is increasingly becoming utilised in biological research due to its powerful capabilities and, as open source software, it is freely available. Many previous researchers use Matlab for their analysis. This is commercial software, and therefore has a significant cost associated with it. R and EBImage are free and available to run across many platforms including Windows, Mac or Linux. We believe a decrease in the cost and the difficulty of this method will be helpful to scientists in this field.
Conclusion

In conclusion, we have shown that manual image analysis is prone to serious inconsistencies due to the variability in observer strategies for defining ROIs in densely packed cells, such as organotypic hippocampal slice cultures. The limitations can be overcome through using automated image analysis using the EBImage package for R. Human intervention in analysis based on observation often results in ambiguity of the criteria used in the analysis, which makes it almost impossible to define the exact method used to derive results. Using an automated system such as that presented here allows for complete and exact repeatability, with a chain of precisely definable experimental parameters from the tissue preparation, through imaging and finally data extraction and analysis.
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