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a b s t r a c t 

Immunofluorescent staining is widely utilized in biomedical research. However, reliable and re- 

producible quantification remains challenging and often depend on the experience of the raters 

heavily. As a result, variations caused by different raters or the same rater at different times con- 

found quantitative interpretations. In this study, we propose a histogram-based analytical method 

to explore the sources of signals at various intensities and, subsequently, identify the signals of in- 

terest using the histograms as a reference. Our method aims to alleviate inter-rater and intra-rater 

inconsistencies and improve the quantification of microscope images with immunofluorescent 

staining. 

• Identification of signal sources for image pixels at different intensities 

• Reduction of quantification variations using the proposed histogram-based analysis 

 

 

 

 

Specifications table 

Subject area: Neuroscience 

More specific subject area: Immunofluorescent imaging 

Name of your method: Histogram-fitting-based quantification of immunofluorescent images 

Name and reference of original method: N/A 

Resource availability: MATLAB codes are shared with the link below: https://github.com/zyliamwei/HistoIF . 

Background 

Immunofluorescent staining is a widely used technique in biomedical and cellular research for detecting and visualizing specific 

proteins, antigens, or other molecules within cells and tissues [ 1 , 2 ]. The specificity of antibodies, which are conjugated to fluorescent

dyes, forms the technical foundation for immunofluorescent staining to obtain specific detections. When exposed to light at certain

wavelengths, the dyes emit fluorescence to generate observable signals under a microscope. This powerful tool allows researchers to

study the spatial distribution and co-localization of proteins and has been extensively applied to disease diagnosis, identification of

biomarker expression, and the investigation of inter-protein interactions [ 3 , 4 ]. 

Concurrently with its versatility in various studies, immunofluorescence staining requires substantial effort throughout sample 

preparation, image scanning, and quantification to ensure reliable and reproducible result interpretation [ 5 ]. For instance, antigen 
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retrieval or deliberate optimization should be applied to improve staining quality by enhancing specific binding while suppressing non-

specific binding. When working with multiple targets using different fluorescent dyes (red fluorescent protein, RFP; green fluorescent 

protein, GFP; blue fluorescent protein, BFP; and near-infrared fluorescent protein, NIRFP), care must be taken to avoid photobleaching.

Beyond the experimental stages, quantifying microscope images is not a trivial task. Visual inspection of images from individual mice

involves substantial subjective inputs, which can lead to significant variations, particularly when multiple raters are involved in the 

same project. Therefore, our current method represents an effort to address this issue by alleviating rater-dependent variations in

quantification. 

Method details 

Histogram features have been explored in medical image processing to reduce subjective biases [ 6 , 7 ]. Our proposed method

utilizes histogram-based analyses to identify signal sources of image pixels at different intensities and to separate signals of interest

based on histogram features, thus providing a consistent processing framework for various microscope images. 

Neuroinflammation plays a crucial role in various diseases and is therefore extensively studied [ 8 , 9 ]. Iba1 is a widely used marker

for visualizing microglial morphology and distribution in the brain [ 10 ], while CD68 is a lysosomal marker associated with phagocytic

activity and commonly used to assess activated microglia [ 11 ]. Therefore, Iba1 and CD68 staining are demonstrated as examples.

Signals from different channels (i.e., RFP, GFP, BFP) are processed separately ( Fig. 1 A- 1 C). For the RFP channel with Iba1-stained

signals ( Fig. 1 D), the histogram plot exhibits two major components: a spike at an intensity of 0 and a Gaussian-like distribution

above 0. A similar pattern is observed in the histogram of the CD68-stained image ( Fig. 1 E). Pixels with an intensity of 0 primarily

correspond to blank regions within (i.e., left, right, and 3rd ventricles, Fig. 1 F) or surrounding the brain tissue. Since these pixels do

not carry tissue information, they are excluded from further histogram analysis. 

The histogram in Fig. 1 D exhibits a shape resembling a normal distribution. Therefore, a Gaussian fitting (referred to as the 1st

Gaussian fitting) is applied to model the signals with intensities greater than 0 [ 12 ], as shown in Fig. 1 G. A Gaussian function centered

at intensity = 17 (which may vary across images; this is just an example) is obtained. For image pixels with intensities ranging from

0 to 17, they are distributed throughout the entire brain section ( Fig. 1 H). Under a zoom-in vision ( Fig. 1 I), it is observed that these

pixels correspond to background signals (bright dots) surrounding the Iba1+ regions (red dots). 

From Fig. 1 G, the 1st Gaussian fitting exhibits good agreement with the histogram at intensities below 17 but not above 17. By

subtracting the 1st Gaussian fitting from the original histogram, we obtain a residual histogram, as shown in Fig. 1 J. The residual

histogram displays a Gaussian-like distribution, and a second Gaussian fitting (referred to as the 2nd Gaussian fitting) can be applied

( Fig. 1 J). The 2nd Gaussian fitting is centered at an intensity of 49 (which can vary across images). The pixels with intensities greater

than 49 are distributed across the entire brain section ( Fig. 1 K), and the zoom-in view suggests that these pixels correspond primarily to

Iba1+ signals ( Fig. 1 L). The threshold value for identifying signals of interest can be set as 𝑉𝑡ℎ𝑟 = 𝐾𝜇𝐻𝑖𝑠𝑡𝑜 1 + 𝑉0 or 𝑉𝑡ℎ𝑟 = 𝐾𝜇𝐻𝑖𝑠𝑡𝑜 2 + 𝑉0 ,

where K is a scaling factor, μ is the central value of the Gaussian function 𝑔( 𝑥 ) = 𝐴𝑒
− (𝑥 − 𝜇) 2 

2𝜎2 , and V0 denotes a compensatory offset

[ 13 ]. Once the scaling factor and compensatory offset are determined, no further user-dependent input is required for the threshold

value. 

The GFP channel with CD68-stained signals is processed using the same procedures described above for the RFP channel. Once the

scaling factor and compensatory offset for the GFP channel are determined, co-localization between RFP and GFP can be quantified.

The ratio between the pixel counts of co-localization (i.e., Iba1+ CD68+ ) and the RFP channel (Iba1+ ) represents the percentage of

activated microglia and is often utilized as a marker for neuroinflammation [ 13 , 14 ]. 

The above procedures can be carried out using our developed graphical-user-interface tool based on the MATLAB (MathWorks, 

Natick, MA) platform. The feasibility of this method is not limited to Iba1 and CD68 staining. When applied to analyze microscope

images with other types of staining, threshold values may need to be re-optimized. 

Method validation 

We collected images using a confocal microscope (Zeiss, Germany) from a cohort of 5xFAD mice (12 months old; N = 3 5xFAD and

N = 3 littermate wild-type mice) under identical imaging conditions to validate the proposed quantification method. Mouse brains

were extracted after transcardial perfusion, fixed with 4 % paraformaldehyde (PFA) solution, and dehydrated with 30 % sucrose [ 15 ].

Axial brain slices were sectioned at a thickness of 30 μm with a cryostat [ 14 , 16 ]. Float staining of Iba1 and CD68 was performed,

and three representative brain sections were selected per mouse. Visual reading using the ZEN software (operating software of Zeiss

microscopes) was carried out by two raters, with discussion to determine threshold values for extracting Iba1+ and CD68+ signals 

across all slices (3 slice per mouse, 18 slices in total). Correlations between the rater reading threshold values and histogram-based

features were then explored. 

Regarding the Iba1+ signals, there was a significant correlation between rater reading threshold and μHisto1 ( Fig. 2 A, R2 = 0.665,

P < 0.0001), μHisto2 ( Fig. 2 B, R2 = 0.706, P < 0.0001), or μHisto2 - μHisto1 ( Fig. 2 C, R2 = 0.461, P = 0.002), suggesting that histogram-

based features could potentially be used to determine threshold values. Comparing the coefficient of determination (R2 ), μHisto1 

and μHisto2 performed better than their difference, i.e., μHisto2 - μHisto1 . We further performed Pearson correlation analyses between 

μHisto1 and μHisto2 and found a significant correlation ( Fig. 2 D, R2 = 0.813, P < 0.0001). Therefore, estimating threshold values

using μHisto1 and μHisto2 is equivalent. The equation describing the correlation between rater reading threshold and μHisto1 was: 

𝑉 𝐼𝑏𝑎 
𝑡ℎ𝑟 

= 2 . 690𝜇𝐻𝑖𝑠𝑡𝑜 1 + 3 . 653 . 
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Fig. 1. Procedures of the histogram-fitting-based analysis for confocal microscope images. A representative microscope image of a male 5xFAD 

mouse is utilized for demonstration. The whole slice stained with Iba1 (A), CD68 (B), and DAPI (C) is displayed. (D) and (E) represent the histograms 

of Iba1- and CD68-stained signals; the x-axis represents pixel signal intensity, while the y-axis represents the pixel count. (F) Mask corresponding to 

the signal intensity of 0; (G) 1st Gaussian fitting for extracting background signals (μHisto1 = 17); (H) Mask corresponding to signal intensities ranging 

from 0 to 17; (I) Zoom-in vision of H overlaid on the Iba1-stained image; (J) 2nd Gaussian fitting for extracting signals of interest (μHisto2 = 49); (K) 

Mask corresponding to signal intensities larger than 49; (L) Zoom-in vision of K overlaid on the Iba1-stained image. 

 

 

 

 

Similar correlations were observed in the CD68+ signals, including the correlation between rater reading threshold and μHisto1 

( Fig. 2 E, R2 = 0.484, P = 0.001), μHisto2 ( Fig. 2 F, R2 = 0.463, P = 0.002), or μHisto2 - μHisto1 ( Fig. 2 G, R2 = 0.305, P = 0.017), as well

as the correlation between μHisto1 and μHisto2 ( Fig. 2 H, R2 = 0.936, P < 0.0001). Similar conclusions were reached, and the equation

describing the correlation between the rater reading threshold and μHisto1 was: 𝑉 𝐶𝐷68 
𝑡ℎ𝑟 

= 1 . 063𝜇𝐻𝑖𝑠𝑡𝑜 1 + 18 . 349 . 
There were significant differences in the Iba1+ CD68+ /Iba1+ level between WT and 5xFAD mice under both the rater reading 

threshold ( Fig. 3 A, P = 0.017) and the histogram-based threshold ( Fig. 3 B, P = 0.016). Pearson correlation analysis revealed a

significant correlation between Iba1+ CD68+ /Iba1+ levels under these two threshold schemes ( Fig. 3 C, P = 0.002). The coefficient 

of determination of unity line was 0.900, suggesting a good agreement between the quantitative results obtained using the different

threshold schemes. 
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Fig. 2. Correlations between rater reading threshold and center of 1st Gaussian fitting (μHisto1 ) (A and E), center of 2nd Gaussian fitting (μHisto2 ) (B 

and F), center difference between Gaussian fittings (μHisto2 - μHisto1 ) (C and G) and correlations between μHisto1 and μHisto2 (D and H). (A-D) correspond 

to Iba1 staining and (E-H) correspond to CD68 staining. 
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Fig. 3. Global Iba1+ CD68+ /Iba1+ levels in the 5xFAD mouse model. Comparison of Iba1+ CD68+ /Iba1+ between WT and 5xFAD under the rater 

reading threshold (A) and histogram-based threshold (B). Correlation of Iba1+ CD68+ /Iba1+ levels between the histogram-fitting-based and rater- 

reading-based quantification (C). The solid line represents the unity line (i.e., y = x ). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In principle, a two-step Gaussian fitting should be performed to extract the signals of interest. However, due to the correlation

between the center values of the two Gaussian fittings, signal quantification can be equivalently achieved using the results of the first

Gaussian fitting. Therefore, a single Gaussian fitting is ultimately used for simplicity. 

Equations in the validation section were derived from the validation data of 12-month-old 5xFAD mice. If a different set of

immunofluorescence images is used, the threshold equations may differ. If a staining other than Iba1 and CD68 is targeted, a new

training dataset (can be part of the project data) is required. In such cases, image reading by multiple raters with discussion, as

performed in the current study, is conducted alongside histogram fitting to determine the center values of Gaussian functions. This

process enables the generation of a new set of threshold equations for subsequent image analyses. 

In the literature, image reading by experienced rater(s) using image-processing software (e.g., ImageJ) is the most commonly 

used method for quantifying immunofluorescent images across studies [ 1 , 14 , 17–19 ]. To reduce subjective biases, a blinded scheme

– where raters cannot access group information – may be implemented [ 20 ]. A method incorporating histogram analysis and two-

dimensional plot profiling has been proposed for quantifying high-resolution panoramic images [ 21 ]. To the best of our knowledge,

this study is the first to examine the signal sources of image pixels using Gaussian fitting and to leverage results of Gaussian fitting to

guide the quantification of immunofluorescent images. The histogram-fitting-based method provides image-specific threshold values 

for quantifying immunofluorescent signals, which are traditionally determined through time-consuming discussions between at least 

two experienced raters. Once threshold equations are pre-obtained from a training dataset, this method standardizes the processing 

of immunofluorescent images. Compared to the conventional rater reading approach, the histogram-fitting-based method enhances 

processing efficiency by eliminating the need for multiple raters and reduces rater-dependent and time-dependent biases, ensuring 

consistent results regardless of the operator or timing. 

Limitations 

Our method relies on the Gaussian fitting to determine signal distributions in confocal microscope images. If immunofluorescent 

images are acquired using non-confocal microscopes, our method may not be effective in isolating signals of interest due to con-

founding signals from adjacent sample layers. A relatively small sample size was used for validation in this study. Despite achieving

a decent coefficient of determination, considerable variability was observed among the three samples. The current validation study 

serves as a proof-of-principle demonstration of the histogram-fitting-based method. Future studies with a larger sample size will be

essential for verifying its reliability and reproducibility. Additionally, the method may not work well when the microscope image

has extremely low intensities (e.g., due to insufficient laser power). It is important to note that laser power optimization is typically

performed before scanning confocal images. A general criterion for determining the suitability of performing histogram-fitting-based 

method is that: the histogram of a microscope image should contain more than half of the Gaussian function (see Figure S1 in the

Supplementary Material). 

Ethics statements 

Experiments involved in this study were conducted in accordance with the National Institutes of Health guidelines for the care

and use of laboratory animals and the ARRIVE guidelines and approved by the Johns Hopkins Medical Institution Animal Care and

Use Committee. 
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