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A power law distribution of 
metabolite abundance levels in 
mice regardless of the time and 
spatial scale of analysis
Shumpei Sato1, Makoto Horikawa1,2, Takeshi Kondo1,2, Tomohito Sato1 & 
Mitsutoshi Setou1,2,3,4

Biomolecule abundance levels change with the environment and enable a living system to adapt to the 
new conditions. Although, the living system maintains at least some characteristics, e.g. homeostasis. 
One of the characteristics maintained by a living system is a power law distribution of biomolecule 
abundance levels. Previous studies have pointed to a universal characteristic of biochemical reaction 
networks, with data obtained from lysates of multiple cells. As a result, the spatial scale of the data 
related to the power law distribution of biomolecule abundance levels is not clear. In this study, we 
researched the scaling law of metabolites in mouse tissue with a spatial scale of quantification that 
was changed stepwise between a whole-tissue section and a single-point analysis (25 μm). As a result, 
metabolites in mouse tissues were found to follow the power law distribution independently of the 
spatial scale of analysis. Additionally, we tested the temporal changes by comparing data from younger 
and older mice. Both followed similar power law distributions, indicating that metabolite composition is 
not diversified by aging to disrupt the power law distribution. The power law distribution of metabolite 
abundance is thus a robust characteristic of a living system regardless of time and space.

Biomolecule abundance levels change depending on the environmental conditions and enable a living system to 
adapt to the new conditions1. Many omics data analyses have revealed that molecules are upregulated or down-
regulated under different conditions, such as gene mutations or changes in food supply. On the other hand, a 
living system also has some characteristics that are maintained under all circumstances, e.g. homeostasis. In 
addition, a living system is subject to various limitations under which it has evolved. In recent years, omics data 
analysis has progressively developed2–4. They have the potential to reveal the maintained characteristics of a living 
system and the power law is one of them.

Power law distribution is a kind of data distribution that is approximated by the function = −y cx k. Many 
phenomena have been reported to follow the power law distribution; for example, word frequency in texts, num-
ber of references in publications, earthquake frequencies for various regions, and so on5,6. Moreover, power law 
distribution analyses have also contributed to biological research7–10. Furthermore, biomolecule abundance and 
pathway networks have been reported to obey the power law in a living system11–15. Highly advanced techniques 
previously revealed that a wide range of organisms, from bacteria to humans, follow a power law distribution in 
their mRNA abundance levels12,13. Additionally, the power law distribution of biomolecule abundance was previ-
ously reported for the proteome and metabolome after the comprehensive analysis of mass spectrometry omics 
data14,15. The results of these studies suggest that the power law is a universal feature of biomolecule abundance 
levels in a living system; many biomolecules are present at low abundance levels and only a few at very high levels. 
However, in these studies, the data used to investigate the power law distribution was a result of analyses carried 
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out on multiple cell lysates, such as from a specific organ, thereby leading to the loss of information on spatial 
distribution. The tissues of a multicellular organism have a specific structure within which biomolecules are dis-
tributed spatially. It remains to be seen whether the spatial distribution of biomolecules is related to the current 
understanding of the power law distribution of biomolecule abundance.

In this study, we analyzed data using a specific kind of mass spectrometry that collects data on molecule abun-
dance with spatial location information, matrix assisted laser desorption/ionization imaging mass spectrometry 
(MALDI IMS). This method can perform both comprehensive analyses of molecules by mass spectrometry and 
imaging in a tissue slice16,17. This method involves coating tissue samples with a matrix as an ionization inducer 
and performs punctiform mass spectrometry (uniformly spaced points to be analyzed for imaging). The averaged 
mass spectrum of an arbitrary area is obtained by calculating the average of the mass spectra of each measuring 
point. Each peak intensity of the mass spectrum indicates the peak’s molecule abundance defined by its m/z. 
In this study, we mainly targeted metabolites, including lipids (phosphatidic acid, phosphatidylethanolamine, 
phosphatidylserine, phosphatidylglycerol, phosphatidylinositol, and sulfatide can be detected empirically in a 
method we used that uses 9-aminoacridine (9AA) as a matrix18). We then tested whether the peak intensities in 
an averaged mass spectrum of mouse tissues followed a power law distribution in a region of any size, in other 
words, according to changes in the number of measuring points. This analysis helped us evaluate the spatial scale 
that the power law distribution of biomolecule abundance levels can be observed.

Furthermore, in the following step, we tested for changes over time by observing the peak intensity distri-
bution of samples taken from aged mice. Generally, aging is thought to be a complex process that progresses in 
several ways19–21. This suggests that the metabolite composition in each cell may become increasingly disordered 
with age. Increasing the variation of the metabolite composition in each cell gives rise to the disruption of the 
power law distribution in tissues. As a result, we expected the power law distribution to be disrupted from local 
regions in the tissue sample because variations in cellular metabolite composition may increase with age because 
of the decrease of molecular fidelity20. In addition, the power law distribution of the averaged metabolite abun-
dance levels was expected to be close to the uniform distribution of that average, and it is known that several 
characteristics of a living system are disrupted with age. Hence, we analyzed the IMS data to clarify the change in 
the power law distribution of metabolite abundance levels over time and space.

Results
The aim of this study was to evaluate whether the ordered distribution of peak intensities constructed from the 
averaged mass spectrum of a region of interest (ROI) always follows the power law distribution even when the 
size of an ROI is reduced (Fig. 1A). When the log-log plot of a rank-ordered distribution of peak intensities is a 
straight line, the distribution is known as “a power law distribution” (Fig. 1B). Conversely, when the distribution 
is not a straight line or clearly shows a zero slope, the distribution is labeled as “not a power law distribution” 
(Fig. 1C). First, we investigated the peak intensity rank-ordered distribution in the averaged mass spectrum of 
each region within a mouse liver tissue slice. The averaged mass spectrum is the average of the mass spectra of 
each measuring point. The mass spectrum of one measuring point (Fig. 1D, pink dots) is a cumulative spectrum 
of 200 spectra produced by the molecules ionized by a laser shot 200 times with a beam diameter of approximately 
25 μm. The size of the analyzed regions (Fig. 1D, ROIs) was reduced from a whole tissue section to a single point, 
arbitrarily and stepwise (approximately quartered). Numbers of measuring point were 710, 200, 81, 20, 6, and 1 in 
ROI 1, 2, 3, 4, 5, and 6 respectively. Then, when the peak intensities and their rank were plotted according to the 
averaged mass spectrum data, the log-log plot of peak intensity rank-ordered distributions were found to be lin-
ear distributions with similar slopes in all ROIs and were designated as the power law distribution (Fig. 1E). The 
maximum values of peak intensities were similar for all ROI. The peak number was found to decrease along with 
the reduction in the number of measuring points. Although the peak number in the whole-tissue analysis (ROI 
1) was 1727, it was 433 in the one-point analysis (ROI 6). On the other hand, the peak intensity rank-ordered 
distribution of the sample plate measurements without tissue slice samples did not follow the power law distribu-
tion, and the maximum values of peak intensities were relatively low (Fig. 1F, Liver ROI 1: 183.117 arbitrary units, 
sample plate: 0.003 arbitrary units). In Fig. 1, the peak intensity rank-ordered distribution showed the power law 
distribution from whole-tissue to one-point analyses.

Next, we investigated localization of the analysis point following the power law distribution on a tissue slice. 
For example, when only one measuring point shows strong intensity and follows the power law distribution, it 
should overwhelm the other distributions, and the peak intensity rank-ordered distributions should display very 
different distributions depending on whether the ROI includes the one-point analysis data. Thus, we investi-
gated whether the power law distribution for one-point analyses is a general rule by plotting the peak intensity 
rank-ordered distributions of mass spectra obtained by some of the one-point analyses data obtained from a 
mouse liver slice (Fig. 2; each ROI contained only a single measuring point.). The one-point analysis data were 
chosen from adjacent regions of interest (ROIs; ROI 1–5), distant ROIs (ROI 6–8), and a region of the vascular 
system that is anatomically different from ROI 1–8 (ROI 9). As a result, all peak intensity rank-ordered distribu-
tions obtained from the one-point analyses followed the power law distribution. The peak number and range of 
peak intensities were similar among all one-point analyses.

The power law distribution was observed for all one-point analyses (Fig. 2A). Incidentally, the peaks con-
stituting these distributions could be either similar or different between measuring points. Although certain 
molecular species show specific localization in tissues, e.g. neurotransmitters, certain molecular species are dis-
tributed uniformly, e.g. DNA. To evaluate the effect that specific localization of the molecules constituting the 
power law distribution in our analysis has on peak construction, we compared the intensities of the same m/z 
peaks between some of the one-point analysis results. Using these results, we also evaluated whether the power 
law distribution was maintained regardless of the peak compositions being different or similar. Peaks that were 
commonly detected in both ROI 1 and ROI 2 showed similar intensities (Fig. 2A), while especially low-intensity 
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peaks showed similar variability (Fig. 2B, scatter plot). The maximum value of the difference between peak inten-
sities in all comparisons is approximately 100-fold. The peaks were not skewed to one side; they were spread 
uniformly between ROIs. The percentage of commonly detected peaks between both ROIs was approximately 
50%. The remaining peaks were detected in only one-side of an ROI. In addition, these uncommon peaks had a 
relatively low intensity. Similarly, ROI 1 and 6, and ROI 1 and 9 in Fig. 2A were also compared and showed certain 
similarity and variability of commonly detected peaks, and a similar shape to the histogram of low-intensity, not 
commonly detected peaks, as in the comparison of ROIs 1 and 2. Thus, the variability of peak intensity was found 
within a certain range. Peaks were distributed with different intensities as shown in Fig. 2B, and their variability 
was uniform between ROIs.

The above results were obtained from mouse liver tissue; therefore, the observed feature, i.e. that the power 
law distribution of the peak intensity rank-ordered distribution appears to be independent of the spatial region 
size of quantification, may be true only for the liver. To test this possibility, we analyzed the distributions in the 
brain (Fig. 3A), heart (Fig. 3B), and kidney (Fig. 3C) tissues of mouse, with changes in spatial region size of 
quantification similar to those applied in the liver tissue samples. In brain tissue, numbers of measuring point 
were 5371, 2589, 1389, 475, 143, 30, 9 and 1 in ROI 1, 2, 3, 4, 5, 6, 7, and 8 respectively, in heart tissue, 1068, 545, 
305, 121, 36, 9, and 1 in ROI 1, 2, 3, 4, 5, 6, and 7 respectively, and in kidney tissue, 706, 365, 213, 63, 16, 4, and 1 
in ROI 1, 2, 3, 4, 5, 6 and 7 respectively. As a result, in these tissues, the power law distributions were found to be 
independent of the size of the analyzed spatial region, in agreement with the liver tissue results. The maximum 
values of the peak intensities were similar between ROIs in one organ and between multiple organs. In addition, 
a decrease in the number of peaks was observed along with a reduction in the analyzed spatial region size, in 
line with the results obtained for the liver slices. Thus, the power law distributions, independent of the analyzed 
spatial region sizes, were also independent of the organs. The peak compositions between different tissues were 
plotted as in Fig. 2B (Fig. 3D). The averaged spectra from whole tissues were used for this plot. All combinations 
were tested (liver, brain, heart, and kidney). The number of common (scatter plot) peaks was approximately 600 
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Figure 1. A rank-ordered distribution of peak intensities of various sized ROIs in a mouse liver tissue 
slice. The images and actual analysis of mouse tissue, regions of interest (ROIs), and their peak intensity 
rank-ordered distribution. (A) Mouse tissue and ROIs, with different sizes. (B) Peak intensity rank-ordered 
distribution of each ROI in panel A. The vertical axis shows the peak intensity, while the horizontal axis shows 
the rank of corresponding peak intensity. Both axes have a logarithmic scale. If the power law distribution is 
observed regardless of tissue structures, distributions of any ROI should match the power law distribution. (C) 
Distributions as the power law distribution changes along with changes in ROI size. The slope and curvature 
of a distribution are criteria for identifying the power law distribution. (D) Image of a mouse liver analyzed by 
MALDI IMS. Measuring points (pink dots) and the analyzed regions (ROIs) for acquiring the averaged mass 
spectrum. (E) The peak intensity rank-ordered distributions of each ROI in panel D. The colors of distributions 
is consistent with the colors of ROIs shown in panel D. The dashed line is a reference to the power law 
distribution. (F) The peak intensity rank-ordered distribution of ROI 1 in panel D and of a sample plate only.
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and that of uncommon peaks (histogram) was approximately 1000. Comparing with single measuring point 
analyses, the numbers of common peak was increased 3-fold with increase of the number of measuring points. As 
shown in Fig. 2B, all the pairs showed a similar intensities, and low-intensity peaks showed a similar variability 
(Fig. 3D). The maximum value of difference of peak intensities in all comparisons was found to be approximately 
1 × 106-fold. This is 1 × 104-fold larger than that of Fig. 2B.

Following the test for spatial differences in IMS analysis, we then tested against changes in time. For this, we 
used the IMS data from liver tissues of mice aged 2 and 22 months. The power law distributions were obtained 
from the peak intensities of the averaged mass spectrum of whole liver tissue slices of both aged mouse livers 
and compared. As a result, all mice were found to follow similar power law distributions (Fig. 4). In addition, 
the maximum and minimum peak intensities, and the peak numbers, were found to be similar in both samples.

Discussion
With MALDI IMS for the analysis of negative ions using a 9AA matrix, certain nucleotides22, oligonucleotides22, 
deoxynucleotides23, amino acids24, peptides24, sugars25, glycosides26, and lipids18 have been previously reported 
as detected components, and lipids and low-molecular-weight metabolites as the main components18,27,28. As a 
result, we could observe only a part of the metabolome in this study. However, our IMS data may reflect at least 
part of the real distribution of metabolite abundance levels since some of the IMS data, taken from biological 
samples following the power law distribution13,14, supports that the amount of biomolecules in the living system 
obeys the power law. In the MALDI IMS data of mouse liver slices, the peak intensity rank-ordered distribution 
of the averaged mass spectrum followed the power law distribution independently from the number of meas-
uring points (Fig. 1). This indicates that the metabolite abundance levels of the mouse liver obey the power law 
regardless of the size of the region being analyzed. However, it is important to note that we examined a region 
of size larger than a single cell because the diameter of one measuring point is approximately 25 μm. Liver cells, 
which occupy 80% of the liver volume, also have a diameter of approximately 25 μm29,30. Furthermore, we chose 
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Figure 2. Comparisons of the one-point analysis data from a mouse liver tissue section. (A) Locations of 
each one-point analysis data (ROIs) in a mouse liver section (left panel) and their peak intensity rank-ordered 
distributions. The colors of distributions are consistent with the colors of ROIs shown in the left panel. The 
dashed line is a reference to the power law distribution. (B) A scatter plot of each peak intensity observed in 
both one-point analysis comparison data and in the histogram of peak numbers binned by the order of intensity 
observed on only one side. The dashed line refers to unchanged peaks.
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the points for the one-point analyses (Fig. 1A, ROI 9) to include the vascular system, which contains other types 
of cells, because most of the other measuring points (Fig. 2A, ROI 1–8) probably consisted mostly of hepatocytes. 
Their metabolite abundance levels also followed a power law distribution similar to the other one-point analyses. 
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Figure 3. Rank-ordered distribution of peak intensities in mouse brain, heart, and kidney tissue slices in ROIs 
of various sizes and comparisons of peak composition between organs. Images of tissue slices of the mouse (A) 
brain, (B) heart, and (C) kidney analyzed by MALDI IMS (left panels) and their peak intensity rank-ordered 
distributions (right panels). The colors of distributions is consistent with colors of ROIs shown in the left panel. 
The dashed line is a reference to the power law distribution. (D) A scatter plot of each peak intensity observed in 
an averaged spectrum of each whole tissue section (ROI 1 of Fig. 3A–C) and a histogram of the peak numbers 
binned by the order of intensity observed on only one side tissue. The dashed line refers to unchanged peaks.
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Furthermore, the metabolite composition of each measuring point was different because the peak compositions 
of the measuring points were different to a certain extent (Fig. 2B). Therefore, the power law distribution of 
metabolite abundance levels may be a feature that is observed in any cell independently of its metabolite compo-
sition. The peaks not commonly detected in the data comparisons were low-intensity peaks (Fig. 2B histogram); 
it seems that the abundance of these metabolites is close to the detection limit. Additionally, the histogram shape 
and peak for these uncommon peaks were similar in comparison; therefore, the peak composition and variability 
of the low-abundance metabolites may also be similar between measuring points.

Liver tissue is comprised of a hexagonal and lobular structure formed by hepatocytes and a central vein29,31. As 
a result, it is assumed that the composition of the cells is similar and corresponds to changes in size of the analyzed 
spatial region. The brain, heart, and kidneys have a relatively low spatial homogeneity of structure when compared 
to the liver. Despite this, in these tissues, the power law distribution of metabolite abundance levels was still observed 
(Fig. 3A–C). This finding suggests that the power law distribution is detected independently of the tissue structure. 
Additionally, in terms of the compositions between organs, the shape of the scatter plot was found to be spread 
equally from the center line of the plot (Fig. 3D). Bow-tie architecture permits possible extreme complexity through-
out metabolism32. The modular architectures like that have a potential to generate the power law distribution and 
can explain why the power law distribution was maintained in all observations of this study. The power law distribu-
tion can be observed in an analyzed region of size larger than the organ level. In addition, scatter plots tend to spread 
wider than that of the comparison between single point analyses in Fig. 2B. These results indicate that the metabolite 
abundance was more different between cells in different organs than between cells in the same tissue. That is reason-
able and also supports that our results reflect a part of real abundance of metabolites.

In this study, we demonstrated that the metabolite abundance levels of various mouse tissues obey the power 
law, whenever the metabolites present in any region of a tissue larger than 25 μm in diameter are quantified. We 
expected when diversity of cellular biomolecule compositions are increased, the power law distribution generated 
from the tissue is collapsed. However, the distributions were maintained and the peak intensities between meas-
uring points were found to be correlated (Fig. 2B). The similar compositions of biomolecule abundance levels 
among cells may also be a reason for the maintenance of the power law distribution in any spatial scale of analysis. 
Similar result of bacterial study of metabolite33 supports this.

The molecular fidelity is decreased with age even if the cell has a maintenance system because of the second 
law of thermodynamics20. In addition, lipid metabolite abundance often shows large changes between young 
and old age34,35. Because of these reasons, we expected the largest difference of distribution in comparison of two 
points, young and old state of cells. Despite this, we found that the power law distributions were similar between 
younger and older mice (Fig. 4). Therefore, the components determining the metabolite reaction network may be 
one of the robust components of a living system that remained unaffected by aging. Since an increase in cell vari-
ation is expected to disrupt the power law distribution, aging was noted to not affect the increase in the variation 
of the cell metabolite composition enough to disrupt the power law distribution.

The mechanism behind the generation of a network that obeys the power law distribution can be explained 
by the preferential attachment principal: a vertex with a great amount of nodes has a higher probability of sto-
chastically gaining a new node36. Zhu et al.33 indicated that the preferential attachment principal is the basis for 
the evolution of the metabolite network by showing that a more abundant hydrophilic metabolite has a higher 
probability to interconvert to a new metabolite for evolutionary expansion of metabolite network. Therefore, the 
metabolite pathway and abundance composition obey the power law. The lipid metabolite network expands from 
some basic species of lipid to the next. Therefore, in the expansion of the hydrophobic metabolite network with 
evolution of oxygen utilization37, the preferential attachment principal might work for lipid metabolite network 
in a similar way as for the whole metabolite network. Indeed, our results showed that the power law distribution 
of metabolite abundance levels was constructed mainly by lipids.
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A scale free network (which obeys the power law distribution) is robust against error11. In this study, our 
results showed that the power law distribution is found regardless of spatial scales. This indicates that the reac-
tion network structure of metabolites will be maintained even when the metabolite compositions are changed 
over a wide area of the body. Because age and mortality are positively correlated mostly in mammals38, it can be 
thought that aging decreases robustness to survive. Therefore, we expected to find a decrease in the robustness 
of the metabolite network in aged mice because of the presence of disordered cells in the body19–21. However, we 
found that the power law distribution was similar in both young and aged mice. As such, aging may not disrupt 
the network structure of the cell, but relatively subtle changes in metabolites could be a significant sign of aging. 
These changes can trigger cell death and eventually the death of the living system as a multicellular organism.

In conclusion, the power law distribution of metabolite abundance levels is a robust characteristic whose 
analysis is not affected by time (during the living systems’ lifespan) or space (from the cellular to tissue level).

Materials and Methods
Animals and chemicals. C57BL/6 J male mice aged 8 weeks were purchased from Japan SLC (Hamamatsu, 
Japan). All animal experiments were approved by the Animal Care and Use Committee of the Hamamatsu 
University School of Medicine and were carried out in accordance with the approved guidelines. Human angi-
otensin II and bradykinin, used as calibration standard peptides, were purchased from Sigma-Aldrich Japan 
(Meguro, Japan). 9AA, used as a matrix, was purchased from Merck Millipore (Darmstadt, Germany).

Sample preparation. Three C57BL/6 J male mice were analyzed in this study. The brain, kidneys, heart, 
and liver from mice aged 2 months and the liver from the mouse aged 22 months were excised after euthanasia 
by cervical dislocation, and subsequently frozen with powdered dry ice. The frozen tissues were sectioned (10 
μm) at −20 °C using a Cryostat (CM1950, Leica). For each evaluation, a set of tissue slices was mounted on an 
indium tin oxide-coated glass slide (100 Ω, Matsunami). The sample slides were sealed with silica gel and stored 
at −80 °C. After one day, the slides were transferred to a room temperature environment (approximately 25 °C) 
and then opened for matrix coating. The matrix was applied to slides as a layer of 1.0 μm-thick by sublimation 
using iMLayer (Shimadzu).

MALDI IMS analysis. All samples, except those for the comparison of 2 and 22 month-old mice, were stud-
ied on an ultraflex II (Bruker Daltonics) with an m/z range of 50–1050, laser diameter at the smallest value (~25 
μm), laser spot raster at 100 μm, and laser shot count of 200. For the external calibration of time of flight (TOF), 
9AA ([M-H]−, m/z 193.1), a human bradykinin fragment (amino acid residues 1–7, [M-H]−, m/z 755.4), and 
human angiotensin II ([M-H]−, m/z 1044.5) were used. The comparison of 2 and 22 month-old mice was per-
formed on a rapifleX (Bruker Daltonics) with an m/z range of 50–1050, laser diameter at the smallest value (~5 
μm), 1 measuring point diameter of 25 μm, laser spot raster at 100 μm, and laser shot count of 200. The chemicals 
used for the external calibration for the rapifleX analysis were the same (9AA, bradykinin fragment, and angio-
tensin II) as used for the ultraflex II analyses.

Data analysis. We acquired mass spectrum data from each measuring point in tissue samples by MALDI IMS 
analyses. A photo image of a tissue section and positions of measuring points were adjusted, and then ROIs were 
encircled on the image. The first ROI contained all measuring points and the size of ROI series was stepwisely 
reduced with similar ratio. The ROI size was reduced to reaching a single measuring point. The mass spectrum of 
each ROI was calculated as the mean spectrum of mass spectra of all measuring points in the ROI. The mass spec-
trum was exported from the flexImaging software (Bruker Daltonics) as numerical data, whose intensity on each 
m/z was divided equally by the 8000-point scale among the spectrum data of m/z 50–1050. Peaks were sampled and 
ordered by their intensities and ranked with an integer. For sampling of the same peaks, the m/z of each peak was 
rounded off to one decimal place, and peaks with the same rounded m/z value were assumed to be identical.

Regression for the power law distribution was derived from the linear regression of the logarithmically trans-
formed data using the ordinary least square method, and the regression line was log-transformed to adapt it to 
a log-log plot. Some peaks were excluded to avoid a finite size effect from peaks close to the detection limit. The 
excluded peaks were determined by the smallest peak number of an ROI of each analyzed organ, and the peaks 
with a rank bigger than that criterion were excluded from the regression calculation.

References
 1. Liebeke, M. & Lalk, M. Staphylococcus aureus metabolic response to changing environmental conditions - a metabolomics 

perspective. Int. J. Med. Microbiol. 304, 222–229 (2014).
 2. Stagljar, I. The power of OMICs. Biochem. Biophys. Res. Commun. 479, 607–609 (2016).
 3.  Hu T. & Zhang J. L. Mass-spectrometry-based lipidomics. J. Sep. Sci. https://doi.org/10.1002/jssc.201700709 (2017).
 4. Davidson, R. L., Weber, R. J., Liu, H., Sharma-Oates, A. & Viant, M. R. Galaxy-M: A Galaxy workflow for processing and analyzing 

direct infusion and liquid chromatography mass spectrometry-based metabolomics data. Gigascience. 5, 10 (2016).
 5. Moreno-Sánchez, I., Font-Clos, F. & Corral, Á. Large-Scale Analysis of Zipf ’s Law in English Texts. PLoS One. 11(1), e0147073, 

https://doi.org/10.1371/journal.pone.0147073 (2016).
 6. Clauset, A., Shalizi, C. R. & Newman, M. E. Power-law distributions in empirical data. IREV. 51, 661–703 (2009).
 7. Hatton, I. A. et al. The predator-prey power law: Biomass scaling across terrestrial and aquatic biomes. Science. 349, aac6284 (2015).
 8. Barton, J. P., Kardar, M. & Chakraborty, A. K. Scaling laws describe memories of host-pathogen riposte in the HIV population. Proc. 

Natl. Acad. Sci. USA 112, 1965–1970 (2015).
 9. Locey, K. J. & Lennon, J. T. Scaling laws predict global microbial diversity. Proc. Natl. Acad. Sci. USA 113, 5970–5975 (2016).
 10. Farrior, C. E., Bohlman, S. A., Hubbell, S. & Pacala, S. W. Dominance of the suppressed: Power-law size structure in tropical forests. 

Science. 351, 155–157 (2016).
 11. Jeong, H., Tombor, B., Albert, R., Oltvai, Z. N. & Barabási, A. L. The large-scale organization of metabolic networks. Nature. 

407(6804), 651–654 (2000).
 12. Furusawa, C. & Kaneko, K. Zipf ’s law in gene expression. Phys. Rev. Lett. 90, 088102 (2003).

http://dx.doi.org/10.1002/jssc.201700709
http://dx.doi.org/10.1371/journal.pone.0147073


www.nature.com/scientificreports/

8SCIentIfIC REPORTS |  (2018) 8:10315  | DOI:10.1038/s41598-018-28667-5

 13. Ueda, H. R. et al. Universality and flexibility in gene expression from bacteria to human. Proc. Natl. Acad. Sci. USA 101, 3765–3769 (2004).
 14. Lu, C. & King, R. D. An investigation into the population abundance distribution of mRNAs, proteins, and metabolites in biological 

systems. Bioinformatics. 25, 2020–2027 (2009).
 15. Koziol, J. et al. On protein abundance distributions in complex mixtures. Proteome Sci. 11(1), 5, https://doi.org/10.1186/1477-5956-

11-5 (2013).
 16. Goto-Inoue, N., Hayasaka, T., Zaima, N. & Setou, M. Imaging mass spectrometry for lipidomics. Biochim. Biophys. Acta. 1811, 

961–969 (2011).
 17. Heeren, R. M. A., Ellis, S. R. & Bruinen, A. L. A critical evaluation of the current state-of-the-art in quantitative imaging mass 

spectrometry. Anal. Bioanal. Chem. 406, 1275–1289 (2014).
 18. Cerruti, C. D., Benabdellah, F., Laprévote, O., Touboul, D. & Brunelle, A. MALDI imaging and structural analysis of rat brain lipid 

negative ions with 9-aminoacridine matrix. Anal. Chem. 84, 2164–2171 (2012).
 19. Kirkwood, T. B. Understanding the odd science of aging. Cell. 120, 437–447 (2005).
 20. Hayflick, L. Entropy Explains Aging, Genetic Determinism Explains Longevity, and Undefined Terminology Explains 

Misunderstanding Both. PLoS Genet. 3(12), e220 (2007).
 21. Arking R. The Biology of Aging: Observations and Principles. 2nd Edition (Sinauer, 1998).
 22. Sun, G. et al. Shotgun metabolomics approach for the analysis of negatively charged water-soluble cellular metabolites from mouse 

heart tissue. Anal. Chem. 79, 6629–6640 (2007).
 23. Rachal, L. V. & David, M. H. 9-Aminoacridine as a matrix for negative mode matrix-assisted laser desorption/ionization. Rapid 

Commun. Mass Spectrom. 16, 1575–1581 (2002).
 24. Yukihira, D. et al. MALDI efficiency of metabolites quantitatively associated with their structural properties: a quantitative structure-

property relationship (QSPR) approach. J. Am. Soc. Mass Spectrom. 25, 1–5 (2014).
 25. Burrell, M., Earnshaw, C. & Clench, M. Imaging Matrix Assisted Laser Desorption Ionization Mass Spectrometry: a technique to 

map plant metabolites within tissues at high spatial resolution. J. Exp. Bot. 58, 757–763 (2007).
 26. Shroff, R., Vergara, F., Muck, A., Svatos, A. & Gershenzon, J. Nonuniform distribution of glucosinolates in Arabidopsis thaliana 

leaves has important consequences for plant defense. Proc. Natl. Acad. Sci. USA 105, 6196–6201 (2008).
 27. Vaidyanathan, S. & Goodacre, R. Quantitative detection of metabolites using matrix-assisted laser desorption/ionization mass 

spectrometry with 9-aminoacridine as the matrix. Rapid Commun. Mass Spectrom. 21, 2072–2078 (2007).
 28. Kubo, A. et al. Semi-quantitative analyses of metabolic systems of human colon cancer metastatic xenografts in livers of 

superimmunodeficient NOG mice. Anal. Bioanal. Chem. 400, 1895–1904 (2011).
 29. Erwin K. & Hans-Dieter K. Hepatology Textbook and Atlas. 3rd Edition (Springer-Verlag Berlin Heidelberg, 2008).
 30. Malarkey, D. E., Johnson, K., Ryan, L., Boorman, G. & Maronpot, R. R. New insights into functional aspects of liver morphology. 

Toxicol. Pathol. 33, 27–34 (2005).
 31. Janie, L. B. et al. Cellular organization of normal mouse liver: A histological, quantitative immunocytochemical, and fine structural 

analysis. Histochem. Cell Biol. 131, 713–726 (2009).
 32. Csete, M. & Doyle, J. Bow ties, metabolism and disease. Trends Biotechnol. 22, 446–450 (2004).
 33. Zhu, Q. et al. Chemical basis of metabolic network organization. PLoS Comput. Biol. 7(10), e1002214 (2011).
 34. Norris, S. E. et al. Human prefrontal cortex phospholipids containing docosahexaenoic acid increase during normal adult aging, 

whereas those containing arachidonic acid decrease. Neurobiol. Aging. 36, 1659–1669 (2015).
 35. Braun, F. et al. Altered lipid metabolism in the aging kidney identified by three layered omic analysis. Aging (Albany NY). 83, 441–57 

(2016).
 36. Barabási, A. L. & Albert, R. Emergence of scaling in random networks. Science. 286, 509–512 (1999).
 37. Jiang, Y. Y. et al. The impact of oxygen on metabolic evolution: a chemoinformatic investigation. PLoS Comput. Biol. 8(3), e1002426 (2012).
 38. Jones, O. R. et al. Diversity of ageing across the tree of life. Nature. 505, 169–173 (2014).

Acknowledgements
This work was supported by Imaging Platform of the Ministry of Education, Culture, Sports, Science and 
Technology (MEXT), Japan; CREST from Japan Agency for Medical Research and Development, AMED 
[Grant Number 15664816]; and JSPS KAKENHI [Grant Number JP15H05898B1]. We are grateful to Hal 
Tasaki (Gakushuin University), Masaki Sano (University of Tokyo), Shin-ichi Sasa (Kyoto University), Chikara 
Furusawa (RIKEN QBIC), Shuji Ishihara (Meiji University), and Kunihiko Kaneko (University of Tokyo) for their 
contribution to the concept of this study and to Noritaka Masaki (Hamamatsu University School of Medicine) 
and Hiromichi Suetani (Oita University) for their useful discussion. We would like to thank Editage (www.
editage.jp) for English language editing.

Author Contributions
S. S. and T. S. performed experiments, S. S. analyzed data and wrote the manuscript, and all authors interpreted 
and analyzed the data, and reviewed and improved the manuscript.

Additional Information
Competing Interests: The authors declare no competing interests.
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2018

http://dx.doi.org/10.1186/1477-5956-11-5
http://dx.doi.org/10.1186/1477-5956-11-5
http://www.editage.jp
http://www.editage.jp
http://creativecommons.org/licenses/by/4.0/

	A power law distribution of metabolite abundance levels in mice regardless of the time and spatial scale of analysis
	Results
	Discussion
	Materials and Methods
	Animals and chemicals. 
	Sample preparation. 
	MALDI IMS analysis. 
	Data analysis. 

	Acknowledgements
	Figure 1 A rank-ordered distribution of peak intensities of various sized ROIs in a mouse liver tissue slice.
	Figure 2 Comparisons of the one-point analysis data from a mouse liver tissue section.
	Figure 3 Rank-ordered distribution of peak intensities in mouse brain, heart, and kidney tissue slices in ROIs of various sizes and comparisons of peak composition between organs.
	Figure 4 A rank-ordered distribution of peak intensities of mouse livers aged 2 and 22 months.




