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Abstract

Gene expression in cells can fluctuate over time in response to internal or external stimuli. Time series expression studies can provide
much information about how organisms function and respond to the environment. Due to economic constraints, such studies usually
contain few time points and many genes; therefore, traditional time-series analysis techniques are not applicable.

Genes with similar expressions patterns generally share common function. Unsupervised clustering of genes on the basis of expression
pattern can provide valuable insight functional relationships among genes. This insight is particularly valuable in the case of environ-
mental bacteria, where the function of most genes of most species is unknown. Clustering requires a distance metric to quantify the
pairwise differences among objects being clustered. In the case of gene expression, the most common metric is Pearson’s Correlation
Coefficient (PCC). Despite its popularity, PCC has a number of drawbacks: it does not match up with intuitive notions of distance,
and it is insensitive to timepoint ordering. Consequently, clusters computed on the basis of PCC can contain dissimilar members and
can lead to erroneous conclusions.

We propose a new metric, called ABLIM (“Area Between Linear Interpolations of Measurements™), which overcomes the shortcom-
ings of PCC. ABLIM is visually intuitive, obeys triangle inequality, and is sensitive to timepoint ordering. Comparison of ABLIM
and PCC clustering of gene expression data for the marine bacterium Crocosphaera watsonii demonstrates that ABLIM-based clus-
ters more reliably reflect biological reality.
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Fay, 1992), because oxygen is toxic to nitrogenase. Segregation is some-
times temporal, with nitrogenase component proteins produced 12 hours
out of phase from photosystem proteins (Sherman et al., 1998).

The genomes of cyanobacteria, and especially of diazotrophic
cyanobacteria, contain many other genes whose expressions also fluctuate
on a daily cycle; the reason for the fluctuation is generally not known.

1 Introduction

24-hour cycling of gene expression has been observed in all three domains
of life. This diel variation confers advantage by optimizing the interactions
between external dark/light conditions and internal metabolic processes

(Dodd et al., 2005). For example, in photosynthetic bacteria (cyanobacte-
ria), photosystem proteins have half-lives of less than 12 hours (Yao et al.,
2012), and their production generally begins a few hours before dawn; the
organism is thus ready to harvest sunlight as soon as the sun rises. Produc-
tion diminishes during the afternoon and ceases through most of the night.
Diazotrophic cyanobacteria, which both photosynthesize and reduce at-
mospheric nitrogen (N_), need to segregate nitrogenase enzymes from the
oxygen produced by photosynthesis (Parker & Scutt, 1960; Bond, 1961;

Nevertheless, expression fluctuation can be a useful tool for studying cell
function of these bacteria. Any tool that can shed light on cyanobacterial
gene function is valuable, because for most cyanobacteria the function of
at least 1/3 of the genome is unknown. Understanding of these microbes
is important because they play a vital role in the so-called “carbon pump”
— a biogeochemical process that removes greenhouse carbon from the at-
mosphere and exports it to the ocean floor (Siegenthaler & Sarmiento,
1993).
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Bacterial expression patterns are typically measured with mi-
croarrays, which can quantify the expression of any gene represented on
the array by a genetic probe. Probes are inexpensive, and it is possible to
represent the entire genome (i.e. several thousand genes) of a bacterial
species on a single microarray. However, processing of microarrays is ex-
pensive, so time-series expression studies generally have fewer than 10
time points. The combination of many genes and few time points raises
analysis challenges. Established time-series analysis tools such as Fourier
analysis, cosinors, periodograms, and wavelets require many more time
points in order to model expression fluctuation. For example, Fourier
Analysis takes advantage of the fact that any continuous repeating signal
can be represented as an infinite sum of sines and cosines whose coeffi-
cients are functions of the original signal. For a discretely sampled input
signal, the signal can be represented as a sum of n sines and cosines, where
n is the number of time points in the experiment. When input signals are
cheap and frequent, the resulting Fourier model is useful. For example,
analyses of electrocardiogram or electroencephalogram studies might in-
volve hundreds or thousands of data points (see for example Li et al., 1995;
Polat & Gunes, 2006). By contrast, microarray gene expression studies
typically have only 5-10 time points per day; therefore any individual
gene’s expression would be modeled by just 5-10 Fourier coefficients,
which would not be enough to characterize thousands of gene expression
profiles. Not only Fourier analysis but cosinors, periodograms, and wave-
lets have the same limitation. Evidently, novel approaches are needed.

A specific opportunity for development of novel analysis lies
in unsupervised clustering of genes on the basis of similarity of expression
profile. Genes with highly similar expression profiles generally have re-
lated function. Thus the function of a gene with unknown function can be
predicted if the gene’s profile is highly similar to that of a gene with
known function. However, progress in this direction is hampered by the
lack of a useful quantitative definition of expression profile similarity.

Computational tools that compare gene expression profiles
have historically used Pearson’s Correlation Coeffiecient (PCC) (Pearson,
1895) as a distance measure. However, this measure has a shortcoming
that makes it inappropriate for the kind of time-series analysis considered
here. The PCC formula depends on the expression levels of genes, but is
independent of the times when those levels were measured. Thus, for ex-
ample, in Figure 1 both graphs show fictitious expression levels of a pair
of genes, measured at 7 time points. The blue and red expression levels
are the same in both graphs; the only difference is the time points at which
expressions were measured. In the graph at the left, the red and blue pro-
files appear to be similar, and might have related function; in the graph at
the right, the profiles diverge over most of the experiment and suggest that
the gene functions are unrelated. Surprisingly, the PCC distance between
the upper blue and red profiles is the same as the PCC distance between
the lower blue and red profiles.

A further problem with PCC is that it is not guaranteed to ad-
here to the triangle inequality rule for metric spaces (Fréchet, 1906), which
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Fig. 1. Two expression graphs of two fictitious genes. The PCC distance between the
blue and red profiles on the left is exactly equal to the PCC distance between the blue and
red profiles on the right.

requires that given any 3 entities A, B, and C, dAB may not be greater
than dAC+dBC. Thus when PCC is used as a basis for unsupervised clus-
tering, counterintuitive clusters can be produced, especially when using
additive-distance tree-building algorithms such as Neighbor-Joining (Sai-
tou & Nei, 1987) or Fitch-Margoliash (Fitch & Margoliash, 1967).

The shortcomings of the PCC metric can be observed in anal-
ysis of experimental data. Figure 2 shows the expression pattern of a gene
(CwatDRAFT_3616, in blue) of the marine cyanobacterium Crocosphaera
watsonii (Shi et al., 2010), along with the 10 most similar expression pat-
terns (shown in red) as measured by PCC. Clearly in this case the PCC
measure does not support our intuition of similarity.

Fig. 2. Expression pattern of a gene (blue) of Crocosphaera watsonii, with expression
patterns of the 10 most similar genes (red) according to PCC.

A similar shortcoming is observed when applying Fourier anal-
ysis to the same data set. Discrete Fourier Transform coefficients were
computed for all expression profiles in the study. The difference between
two profiles was defined straightforwardly as the Euclidean distance be-
tween the two vectors of coefficients. Profiles were retrieved for the 5
genes closest to nifH, a nitrogenase component; in addition to 3 related
genes (nifD, nifK, and nifZ), these included coxB1 (an unrelated cyto-
chrome c oxidase subunit), and opcA (an unrelated membrane protein).

We have developed a more intuitive distance measure, called
ABLIM (“Area Between Linear Interpolations Metric”), for quantifying
the difference between two expression profiles. Comparative analysis of
diel gene expression in Crocosphaera watsonii using both PCC and
ABLIM shows that ABLIM adheres to triangle inequality and is a more
specific tool than PCC. To gauge ABLIM’s efficacy, expression profiles
of Crocosphaera watsonii were characterized using both PCC and
ABLIM. ABLIM was demonstrated to be a more reliable distance meas-
ure.

2 Methods

The ABLIM distance measure is defined as follows: starting with meas-
ured expression patterns for 3 genes (red gene and blue gene, Figure 3A),
add constants to the expressions of each gene so that both genes have the
same mean expression (Figure 3B). Compute the linear interpolation of
the expressions of each gene (Figure 3C). The ABLIM distance is the area
between the interpolated patterns (Figure 3D, shaded area); this is easily
computed as a sum of areas of triangles and parallelograms.
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Fuig.3. The ABLIM metric. (A) Origiﬁal expressuion measurements. (B) each gene is nor-
malized to a common mean. (C) linear interpolation. (D) ABLIM is the area (shaded) be-
tween the two curves.

Crocosphaera watsonii genes with diel expression were iden-
tified by filtering data from Shi et al. and retaining genes with at least 2x
fluctuation over 24 hours. To estimate adherence to triangle inequality,
100,000 randomly selected sets of 3 diel genes were selected; distances
within each set were computed by both PCC and ABLIM and checked for
triangle inequality. Distances by both measures were then computed for
all pairs of diel genes, pairs were binned by distance percentile, and bin
populations were counted. Pairs were sorted by difference between PCC
and ABLIM distance. Among genes where PCC similarity was high and
ABLIM similarity was low, the 20 pairs with the most extreme differences
between the 2 measures were manually inspected. Similarly, among genes
where PCC similarity was low and ABLIM similarity was high, the 20
pairs with the most extreme differences between the 2 measures were also
inspected.

3 Results

Of 100,000 randomly selected sets of 3 diel genes, 10,198 conformed to
triangle inequality using PCC while all sets conformed using ABLIM.
Filtering produced 3,474 genes with diel expression; thus
12,065,202 pairs of genes were studied. Results of binning by distance
per-
cen-
tile
are
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Fig. 4. Heat map of all pairwise distances between diel genes, binned by percentile.

shown in Figure 4.

Among the 20 gene pairs with the most extreme difference between
high PCC similarity and low ABLIM similarity (bottom-right corner of
16

Figure 4), the pattern shown in the top row of Figure 5 was typical: one
gene (blue) exhibited a single high peak while the other (red) exhibited
weak fluctuation with a low peak.

Among the 20 gene pairs with the most extreme difference between
high ABLIM similarity and low PCC similarity (top-left corner of Figure
4), the pattern shown in the bottom row of Figure 5 was typical: both genes
had low fluctuation.

VAN

Fig.5. Gene pairs with extreme difference between PCC similarity and ABLIM simi-
larity. Top row: High PCC similarity, low ABLIM similarity. Bottom row: high ABLIM
similarity, low PCC similarity.

4 Discussion

The PCC measure conformed to triangle inequality in only 10% of
100,000 random sets of gene expressions. With the same data, the ABLIM
measure conformed to triangle inequality in all cases. These results sug-
gest that ABLIM is preferable for any distance-based clustering analysis
of diel expression. For example, in a Neighbor-Joining or Fitch-Margoli-
ash tree, the distance between any pair of nodes is supposed to reflect the
actual distance between the physical entities represented by the nodes.
Distances in the tree are computed by adding branch lengths; this addition
is only meaningful if the metric that produced the distances conforms to
triangle inequality. Thus trees built using PCC distances could be unrelia-
ble.

Figure 4 shows that when ABLIM similarity is high, PCC similarity is
generally (but not always) high as well. Note that along the top edge of
the figure where ABLIM similarity is at its maximum, the most populous
(red) bins are at the top-right corner where PCC similarity is also at its
maximum. Bins with maximum ABLIM similarity but low or moderate
PCC similarity have low populations, as shown by the band of dark blue
bins which extends horizontally well past the center of the figure. We con-
clude that high ABLIM similarity is generally supported by high PCC sim-
ilarity. However, high PCC similarity is less often supported by high
ABLIM similarity. Note that along the right edge of the figure where PCC
similarity is at its maximum, the band of dark blue bins is short. Bins rep-
resenting high PCC similarity but only low to moderate ABLIM similarity
are significantly populated.
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Given the significant contradictions between the two measures, it is
important to determine which measure better conforms to intuition. The
upper row of Figure 5 shows typical pairs of gene expressions where
ABLIM similarity is low but PCC similarity is high; that is, PCC suggests
a possible biological relationship, while ABLIM does not. In each pair,
one gene has significant single-peak fluctuation while the other gene has
nearly constant expression. Since closely related fluctuating genes tend to
have coordinated fluctuation, the pairs shown in the upper row of Figure
5 are unlikely to be closely related. This cannot be verified in any of the
cases in the upper row of Figure 5, where most of the genes have unknown
function. However, Figure 6 shows a similar pair of expression profiles,
where the functions of both genes are known, PCC similarity is high (92nd
percentile), and ABLIM similarity is low (11th percentile). The blue line
shows expression of hupL, which catalyzes hydrogen uptake; the red line
shows expression of dnaA, which initiates DNA replication. These two
functions are unrelated. Thus in this case ABLIM matches biological re-
ality and PCC does not.

Fig.6. Expression profiles of hupL (blue) and dnaA (red). Gene functions are
unrelated. PCC similarity is high, ABLIM similarity is low.

The lower row of Figure 5 shows typical pairs of gene expressions
where PCC similarity is low but ABLIM similarity is high. In these cases
gene expression is nearly constant, and PCC dissimilarity is due to small
fluctuations that might be caused by noise. (Note that the pairs of profiles
have mirror-image relationships, so that they are anti-correlated. A small
noise-based change in any measurement could significantly change the
correlation, which is reflected in the PCC.) Nearly constant-expression
genes are not relevant to the intended use of the ABLIM metric, which is
to provide a basis for reasoning about fluctuating genes.

To summarize these cases where PCC and ABLIM disagree about ex-
pression similarity: when PCC similarity is high and ABLIM similarity is
low, ABLIM more accurately reflects biological reality; and opposite
cases, when PCC similarity is low and ABLIM similarity is high, are not
relevant to analysis requiring a similarity metric.

We conclude that ABLIM is the better tool, and has no disadvantages
with respect to PCC. In future work we intend to use ABLIM to explore
the Crocosphaera watsonii genome, and hope to develop techniques for
inferring gene function based on expression similarity. It might also be
possible, by using interpolation to simulate measured time points, to esti-
mate the minimum number of microarray samples necessary for the appli-
cation of traditional time series analysis.
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