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Introduction

Compound-specific identification, or biomarker analysis,
in organic geochemistry lends an added dimension to the
understanding of the carbon cycle in environmental systems,
in many cases highlighting subtle yet important details not
revealed by bulk analyses alone. For example, the stable car-
bon isotopic signature of estuarine organic matter is generally
proportional to the fraction of terrestrially derived material;
however, the analysis of lignin oxidation products can shed
light on its degradation state and provide more specificity on
the origins of the terrestrial matter (e.g., Louchouarn et al.
1999). This higher level of understanding is invariably linked
to the quantitative analysis of target biomarkers, and in par-
ticular to the calculation of the relative abundance of individ-
ual or groups of molecules to the total mass of quantified bio-
markers. The analysis of source material (without which

biomarker interpretation is extremely limited, as explained in
Volkman et al. 2008), and its comparison to natural samples,
has led to the development of a number of effective, simple,
and robust biomarker-derived proxies that have advanced the
understanding of carbon dynamics in environmental systems,
including the terrestrial to aquatic ratio (TAR), the alkenone
paleothermometer ( ), and average chain length (ACL),
among several others (see Meyers 2003 and Eglinton and
Eglinton 2008 for two thorough reviews on the topic).

The use of biomarker analysis in organic geochemistry
arose from the overlapping interests of petrochemistry, geol-
ogy, and ecology through the link between current biological
production of organic matter to its deposition, diagenesis, and
ultimate transformations to petroleum products. Alkanes,
fatty acids, amino acids, polycyclic aromatic hydrocarbons,
lignin, pigments, etc., were identified in a number of studies
attempting to address the source of natural organic matter
(e.g., Treibs 1936), its transformations in the environment
(e.g., Brown et al. 1972), and how it might be converted to
petroleum through geological processes (e.g., Breger 1960).

Historically, the most widely studied group of biomarkers
are lipids, broadly defined as any compounds extractable with
organic solvents such as dichloromethane or hexane, which
comprise hundreds of distinct organic chemicals. For simplic-
ity, lipids can be liberally separated into three branches: (1)
hydrocarbons, (2) alkanoic acids, and (3) sterols. Other bio-
markers that are routinely reported in biogeochemical studies
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include lignin phenols (e.g., Hedges and Parker 1976, Lou-
chouarn et al. 1999), pigments (Schubert et al. 2005), and
amino compounds (e.g., Kaiser and Benner 2008), among oth-
ers (Killops and Killops 2004).

In the time that has passed since rock extracts were first ana-
lyzed by gas chromatography, analytical methodology has
become more sophisticated and specialized, particularly over
the last decade, but the general approach remains the same:
extraction, fractionation, chromatographic separation, and
quantitation of the compounds of interest. As data analysis has
progressed and still evolves, various biomarker proxies identi-
fying the source materials, diagenetic state, and reaction path-
ways have emerged from the quantitative data, and some com-
mon ones are summarized in Table 1. Biomarker-based proxies
are invaluable tools, but because they are based on a limited
number of compounds they can potentially lead to an over-
simplification or generalization of a given system when
addressing total organic carbon sources or diagenetic processes.
Because a biomarker analysis can result in the identification
and quantification of sometimes hundreds of compounds in a
single analysis, using all the information obtained (i.e., all bio-
markers identified and quantified) would intuitively result in a
more powerful interpretation for the system under study (e.g.,
Oros and Simoneit 2000). Such complex data sets are not eas-
ily deciphered, however, and statistical tools more capable of
sifting and sorting data of this nature have recently been put to
use, such as principal components analysis (Zimmerman and

Canuel 2001, Yunker et al. 2005), clustering analysis (Dittmar
et al. 2007), and multivariate curve resolution (Salau et al.
1997). These methods all depend on the precise quantitation of
individual compounds and their weighting relative to other
compounds within their class. These approaches will likely
become more prominent in the search for unique or novel bio-
marker proxies for additional robust and far-reaching interpre-
tations of environmental processes, as shown by the use of
PCA in the development of the amino acid degradation index
(Dauwe and Middelberg 1998).

Whereas biomarker data analysis has significantly evolved,
an important characteristic remains constant, at least for
lipids and lignin: the expression of the concentration of indi-
vidual compounds in mass yields. This can be attributed to
habit borne of day-to-day simplicity: a standard solution con-
taining n mg per unit volume is prepared to determine the
response factor of the detector used. Even today, the concen-
tration of most commercial analytical standards used in bio-
marker analysis is given in mg per liter (e.g., ASTM Petroleum
standards for gas chromatographic analysis of n-alkanes). Thus
biomarker analysts express concentrations of lipid biomarkers
including alkanes, alkanoic acids, sterols, n-alcohols, among
many others, as either µg g–1 of dry weight or mg g of organic
carbon (OC)–1; lignin phenols as mg 100mgOC–1; polycyclic
aromatic hydrocarbons (PAH) as part per billion dry weight
or mass percent of total PAH, etc. In contrast, amino acids
and amino sugars are conventionally expressed as moles, a
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Table 1. Some common proxies and their interpretation. 

Proxy Formula Interpretation

Terrestrial to aquatic ratioa Used to interpret terrestrial versus aquatic dominance

Alcohol preservation indexb Infer TOC diagenesis

Alkenone paleothermometerc Surface water temperature

Carbon preference indexc Terrestrial versus aquatic source indicator

Average chain lengthd Differentiate grasses from leaves/temperature

aBourbonniere and Meyers (1996)were the first to formulate the equation as presented. 
bPoynter and Eglinton (1990). 
cBray and Evans (1961) and Kvenvolden (1966) formulated the hydrocarbon and alkanoic acid/alkanol equations, respectively. 
dCranwell (1973) first presented the equation.
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historical consequence of the fact that these analyses were
conducted by biochemists interested in molar ratios of these
biochemicals (e.g., Benson and Hare 1975).

Although it may be more practical in the laboratory to use
mass units, one basis of biomarker data interpretation is fueled
by the idea of comparing the total amount of one molecule
present in a sample to another, in other words stoichiometric
ratios. Stoichiometric expression also allows direct comparabil-
ity between different classes by introducing molar consistency.
The conversion from mass to stoichiometric units is not trivial
and results in shifts of the weighted distribution of some bio-
marker profiles with potential to alter biomarker interpreta-
tions, especially those making use of multiple biomarker “fin-
gerprints” that incorporate full suites of compounds (e.g., Oros
and Simoneit 2000, Zimmerman and Canuel 2001, Yunker et
al. 2005). In this article, theoretical treatments of gaussian-
modeled and randomly generated data sets representing a
number of biomarker classes, complemented by recalculated
biomarker data from the literature, are used to illustrate the
impact of a mass- to a mole-based conversion of biomarker
data on their environmental interpretations.

Analysis
Data sets—Two flavors of modeled data sets comprised of m

samples x n variables (compounds) were generated with rou-
tines developed in MATLAB (Mathworks; version 7.0, release
14). In all cases, there are 50 samples, whereas the number of
compounds varies between biomarker classes (12 for lignin
phenols and up to 31 for fatty acids, for example). The first set,
expressed as mass percent, is based on a bimodal gaussian dis-
tribution, designed to mimic a transition from high molecular
weight– to low molecular weight–dominated envelopes of
long-chain lipid biomarkers (n-alkanes, n-alkanols, and n-alka-
noic acids) as is found in many natural samples. The second is
a random data set representing the long-chain lipid biomark-
ers as well as the commonly reported sterols, polycyclic aro-
matic hydrocarbons, and lignin oxidation products, expressed
as mass percent. The random data are generated as a control
to the modeled sets to ensure that any differences resulting
from changes in units are not due to trends intrinsic to the
ordered distribution of gaussian data. A string of random val-
ues was created to represent the summed biomarkers. Each
value was then converted in a stepwise fashion from relative
mass % to mg gOC–1 or mg 100mgOC–1 for lignin, to µmol
molOC–1, and finally to a mole fraction (as %). All data are
normalized to the amount of organic carbon to eliminate the
influence of mineral dilution and because biomarkers are typ-
ically used to reflect the origin and fate of organic carbon.
Direct comparisons are made between absolute (mg gOC–1 ver-
sus µmol molOC–1) and relative (mass percent versus mole
fraction) concentrations.

Standardized data—Because there is no consensus or trea-
tise on how biomarkers should be analyzed using multivari-
ate statistical approaches that exploit factors controlling data

structure and variability, we investigated how data distribu-
tion patterns within a sample and how overall data structure
can be affected. One of the best approaches to render data sets
comparable with respect to distribution and variability is to
autoscale, a procedure commonly used before multivariate
analyses. Known in Microsoft Excel 2002 as the “standardize”
function, autoscaling first mean-centers a data point then
divides by the standard deviation:

, (1)

where x is the data point in question, is the mean of all data
for that sample (e.g., the mean biomarker concentration for 31
fatty acids quantified in a single sample), µ is the standard devi-
ation, and Sc is the unitless scaled value. This procedure elimi-
nates the effects of absolute intensity differences and scales the
data so that variance is unity and all values occur over the same
range (± 1.0 units), maintaining data structure, but allowing
direct comparisons of data sets through the same lens.

Calculations and interpretation—We conducted a discussion
and interpretation of data based solely on relative distributions
for data sets to highlight the effect of the choice of units on the
interpretation of biomarker data. Published data that are recal-
culated and referred to in the text include a coal smoke partic-
ulate fingerprinting study (Oros and Simoneit 2000), lipids
extracted from Arctic Ocean sediments (Belicka et al. 2002),
estuarine dissolved organic matter (McCallister et al. 2006),
estuarine sediments (Colombo et al. 1997), and lignin phenols
isolated from source materials (Hedges and Parker 1976).

Results and discussion
Weighting redistribution—Figure 1A shows a modeled n-

alkane profile depicting a typical riverine-influenced system as
either mg gOC–1 or µmol molOC–1. The general bimodal trend
exists in both mass and mole-normalized profiles, but it is
clear that the abundance of low-molecular-weight compo-
nents is elevated in mole-normalized data relative to high-
molecular-weight components, with the ratio of the major
peaks of each envelope, C17 and C27, increasing from 0.51 to
0.77, or by 51%. This general trend is true for all biomarkers,
regardless of class; however, as shown in Fig. 2, the factor by
which the biomarker concentration changes is not constant,
thus stoichiometric-based expression may lead to differing
interpretation and conclusions compared to mass-based
expression. This is especially true for families of biomarkers
that cover a wide range of molecular masses (~100–600 amu),
such as alkanes, fatty acids, or long-chain alcohols, and poten-
tially other classes that are typically on the low molecular
weight end (<300 amu) of the range, such as lignin phenols.

Gaussian-modeled alkanoic acid data in the form of mg
gOC–1 and µmol molOC–1 were autoscaled, and we calculated
the difference between the two standardized ratios (henceforth
“residual”). If the distribution between data sets had remained
identical, the residual would be equal to zero, but if the weight-
ing shifted, residuals would be nonzero values. Figure 3 shows

x
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a plot of the residuals as a function of molecular mass for three
modeled samples (A and B are dominated by low- and high-
mass alkanoic acid envelopes, respectively, and M is a mixture
of the two), and clearly the scaled values are not identical. Gen-
erally, the residuals are positive on the low molecular mass side
and decrease with molecular weight, reflecting a shift to higher
relative abundances for low-mass molecules. The overall trend
is for greater deviation between normalizations when the rela-
tive abundance of both the high- and the low-mass com-
pounds are not negligible, further emphasizing how individual
data structures can be altered in different manners.

Biomarkers are often expressed as the percent contribution
to the total summed biomarkers, or relative to the major com-
pound in a set, allowing easy comparison between data sets
that differ by orders of magnitude in their absolute amounts
of target biomarker class. Such relative abundances also lay the
foundation for quantitative biomarker interpretation, and an
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Fig. 2. The ratio of molar (µmol molOC–1) to mass (mg gOC–1) normal-
ized data for individual gaussian and randomly modeled alkyl (n-alkanes,
n-alkanoic acids, and n-alkanols) and ring (sterols, polycyclic aromatic
hydrocarbons, lignin phenols) biomarkers. Low-molecular-weight com-
ponents are more strongly altered than the higher-molecular-weight
components. 

Fig. 1. Redistribution of relative weighting of biomarker profiles when converting mass-based units to stoichiometric-based units. Numbers below x-
axis in (A–C) denote carbon chain length. (A) Gaussian modeled n-alkane profile of individual biomarkers as mg gOC–1 or µmol molOC–1. (B) Fatty acid
profile, including n-alkanoic and alkenoic acids, reported for St. Lawrence Estuary sediments as ng gOC–1 or nmole moleOC–1 (Colombo et al. 1997). (C)
n-Alkane homologous series identified in lignite coal smoke particulate matter expressed as mg Kg(d.w.)–1 or µmol Kg(d.w.)–1 (Oros and Simoneit 2000).
(D) Lignin phenols resulting from CuO oxidation of Pinus Caribeae expressed as mg 100mgOC–1 and nmol molOC–1 (pOH, Syr, and Van are p-hydroxy-
benzoic, syringyl, and vanillyl derivatives, respectively) (Hedges and Parker 1976). In all profiles, the relative proportion of low-molecular-mass compo-
nents increases, and in the case of (C) and (D), the major compound is changed. 



elevation in the relative amount of a compound from one
sample to another implies an increasing contribution of the
source of that biomarker to the total organic carbon pool of a
sample. The expression of biomarkers as a stoichiometric frac-
tion results in the same trends as the absolute concentration,
as discussed above.

Figure 1(B–D) shows how the overall distribution of bio-
markers in real samples is altered when concentrations are
mole-normalized. For n-alkanoic acids isolated from the St.
Lawrence Estuary (Fig. 1B), the dominant compound in the
series clearly remains the 7-hexadecenoic acid (C16), but the
relative abundances of acids greater than 21 carbons in length
are significantly reduced relative to the smaller compounds.
For example, hexacosanoic acid (C26) is lowered from 78% to
55% of the relative abundance of 7-hexadecenoic acid. The n-
alkanes of lignite (coal) combustion products (Fig. 1C) show
significant changes in their entire distribution, the most
notable being the dominant n-alkane changing from n-C29 to
n-C23. Interesting differences in the shape of the main enve-
lope are also incurred, where a smooth gaussian shape is no
longer rounded at the apex but plateaus between the C23 and
C25. The shift in relative distribution is not limited to alkyl

chain–based biomarkers, as the lignin phenol profile of Pinus
Caribeae wood shows (Fig. 1D). When expressed as mass (mg
100mgOC–1), syringaldehyde is dominant over vanillin and p-
hydroxybenzoic acid (100:82:79 ratios, respectively), but as
moles (µmol molOC–1), the ratio is significantly altered, so
that all three are almost equally proportioned (100:104:98).

These examples show how the relative distribution may
change when biomarkers are expressed as moles and that these
differences are not limited to a single class or family of com-
pounds. They also highlight the subtlety by which different
samples can be affected, including the “shape” of the data dis-
tribution, as well as the abundance order of a biomarker profile.

Extending the average chain length calculation (Table 1) to
include all alkyl functionality compounds identified (ACLTOT)
provides an additional measure of data redistribution upon rela-
tive weighting. Again looking at the data found in Oros and
Simoneit (2001), the recalculated ACLTOT of some components
remain invariant (e.g., n-alkenoic acids of subbituminous coal),
whereas for n-alkanoic acids the change varies from a decrease of
0.5 units to as many as 2 full units of chain length (Table 2). In
McCallister et al. (2006), the majority of estuarine fatty acids
identified are <22 carbons in length, and for 12 samples reported,
the average ACL very slightly decreases from 16.8 to 16.6 when
switching from mass-based to mole-based concentrations; thus in
this case redistribution of abundance does not occur. In another
example, the ACLTOT of saturated n-alkanoic acids isolated from
nine locations in the Arctic Ocean (Belicka et al. 2002) decrease
on average 0.8 units, from 20.2 to 19.4, with the largest decrease
by 1.1 units. It is clear that the changes do not affect all samples
in a similar manner, and generally, but not as a rule, samples with
higher ACLTOT values are affected most strongly.

Biomarker interpretation—Because the relative abundance of
low-molecular-mass compounds generally increases when
expressed in molar fractions, interpretation based on their
relative contributions may change as well. Biomarker classes
in which the lowest molecular mass is >350 amu, such as
sterols, hopanoids, and long-chain alkenones, are not signifi-
cantly altered. Although individual relative abundances
change significantly, the interpretation of PAHs and lignin
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Fig. 3. Modeled n-alkanoic acid data expressed as mg gOC–1 and µmol
molOC–1 are autoscaled. Residuals (difference between the scaled mass-
and molar-based values) are plotted as a function of molar mass. Shown
are three samples (two end-members and a mixture). 

Table 2. Shifts in the ACLTOT of alkyl substituent biomarker classes of four types of coal smoke particulate matter based on either mass
(mg kg–1) or moles (nmol kg–1). 

Lignite Brown Subbituminous Bituminous
Mass Moles Difference Mass Moles Difference Mass Moles Difference Mass Moles Difference

Alkan-2-ones 26.1 25.0 –1.1 26.0 25.1 –0.9 24.5 23.4 –1.1 21.8 20.8 –0.9

Alkanals 24.2 22.9 –1.3 22.4 21.4 –1.0 — — — — — —

Alkanes 26.0 25.3 –0.7 25.9 25.1 –0.8 25.6 25.0 –0.6 23.5 22.8 –0.7

Alkanoic acids 28.5 28.0 –0.5 24.6 23.8 –0.8 22.9 20.9 –2.0 16.5 15.7 –0.8

Alkanols 26.9 26.3 –0.6 25.7 25.5 –0.2 — — — — — —

Alkenes 24.1 23.6 –0.5 24.7 24.4 –0.3 20.8 20.7 –0.1 20.3 19.9 –0.5

Alkenoic 17.9 17.5 –0.4 — — — 17.5 17.1 –0.4 18.0 18.0 0.0

Alkylbenzenes 26.0 25.1 –0.9 23.6 22.6 –1.0 23.8 23.1 –0.7 21.2 20.4 –0.7

Data recalculated from Oros and Simoneit 2000.



phenols are very little affected, but this is because of the manner
in which they are treated, with most proxies comparing struc-
tural isomers or compounds of relatively close molecular mass
(see Louchouarn et al. 1999 and Lima et al. 2005 for examples of
lignin and PAH proxies, respectively). A brief treatment of pub-
lished lignin data (Hedges and Parker 1976) illustrating changes
in the relative distribution of individual phenols, but little
change in interpretation of proxies, is found in Web Appendix 1.

The vast majority of biomarker work is derived from lipids;
thus consistency in their reporting is of pivotal importance.
Using a combination of relative contributions and biomarker
proxies, the quantitative analysis of this most widely used
class of compounds has been used to infer source apportion-
ment in recent (e.g., Colombo et al. 1997, Yunker et al. 2005,
McCallister et al. 2006) and ancient (e.g., Feakins et al. 2007)
samples, to estimate microbial biomass (Parkes and Taylor
1983), to evaluate diagenetic alterations within settling parti-
cles (e.g., Wakeham et al. 1997) and subsequent sedimentary
processes (e.g., Madureira et al. 1995), and for paleoecological
reconstruction (e.g., Zimmerman and Canuel 2001, Sluijs et al.
2006), among many other environmental and ecosystem con-
ditions and processes examined (see Eglinton and Eglinton
2008 for a recent review). Any changes in the data distribution
within this class of compounds could potentially impact the
interpretations of a wide swath of biogeochemical processes.

Proxies based on compounds within a narrow mass win-
dow—such as , in which molecules differing by 2 amu are
compared—or those that make use of the full range of com-
pounds, well distributed over both the numerator and denom-
inator—such as the CPI (see Table 1 for full equations of some
lipid biomarker proxies)—are the least affected. The proxies
that are most altered are those comparing high- to low-molec-
ular-weight components, such as the TAR ratios.

The TAR ratio is defined as the quotient of the concentra-
tions of either odd chain length C27–C31 over C15–C19 n-alkanes
(TARHC) or even chain length C26–C30 over C12–C16 n-alkanoic
acids (TARFA) (Bourbonniere and Meyers 1996). Higher TAR
values are generally attributed to terrestrial sources and lower
values as aquatic. Because the relative contribution of low-
molecular-weight components (the denominators in TAR
equations, Table 1) tends to increase when mass-based con-
centrations are converted to mole-based ones, both stoichio-
metric TAR ratios give considerably lower values compared to
their mass-based TAR counterparts. This is demonstrated with
modeled and random data sets where the molar-based TAR
ratios are only 56% to 60% that of the mass-based ratios, gen-
erally trending toward a greater disparity between the differ-
ently normalized sets as the TAR decreases. A similar trend is
found for Arctic Ocean sedimentary fatty acids (Belicka et al.
2002), where the TARFA decreases by a factor of 0.64 ± 0.01 for
nine samples upon conversion to molar units. As long as the
TAR value is greater than 0.1, this decrease by a factor of ~0.6
holds true for all literature data tested so far. Although the
change in this proxy is relatively constant, it highlights an

important concept: the abundance of molecules considered of
terrestrial origin is overestimated relative to that of plank-
tonic/microbial compounds when mass-based units are used.

Besides molecular proxies, a very common approach is to
report the relative contribution from a subclass of compounds
to a total fraction, such as the relative proportion of phos-
pholipid fatty acids to the total pool of identified fatty acids.
In some cases, this relative proportion remains more or less
impartial to mass or mole normalizations, but in others,
important processes can be overlooked with mass-based con-
centrations. For example, in an estuary with very little terres-
trial biomarker influence (McCallister et al. 2006), mass-nor-
malized data clearly show that the relative contribution of
branched fatty acids in the dissolved phase remains invariant
at ~10% of total fatty acids across a salinity gradient, implying
constant bacterial contributions to this pool of organic matter.
Upon conversion of the dataset to moles, however, a clear
spike in the relative contribution of these bacterial markers is
found in the marine end-member during the fall sampling sea-
son, with about 16% of the total fatty acids pool. This implies
increased microbial biomass at this location that was not ini-
tially detected in the mass-based data set.

We recalculated the relative abundance of major alkyl sub-
stituent compound classes from the extensive coal smoke fin-
gerprinting study of Oros and Simoneit (2000) (Table 3). In lig-
nite, the most abundant compound class remains the
n-alkanoic acids; however, their relative abundance decreases
from 35.5% to 31.5%, whereas n-alkanols, n-alkanes, and n-
alkenes, originally separated within a range of 3.1%
(15.6%–18.7%) become almost equal, separated by only 0.5%
in stoichiometric abundance (17.7%–18.2%). In brown coal,
the order of most abundant compound classes remains the
same, but a noticeable change occurs in the difference
between n-alkanoic acids and n-alkenes shrinking from 2.3%
to 0.8%, making them almost equal as the most abundant
class. In subbituminous coals, the relative abundances of alkyl
class compounds is not significantly altered. The most inter-
esting and significant change occurs with bituminous coal,
where as a function of mass, the relative abundance of n-alka-
nes and n-alkanoic acids are equal (30.3% versus 30.1%), but
as a function of moles, the n-alkanoic acids are 7.1% more
abundant than the n-alkanes, owing to the high abundance of
relatively shorter-chain components present in the acid frac-
tion, as attested by the ACLTOT (Table 1). There is a general
trend of increasing relative abundance with decreasing chain
length, but again it is neither a constant nor easily modeled
change across all samples.

Conclusions
The underlying goal driving quantitative biomarker analy-

sis is the determination of the quantity of a given compound
originating from one source compared to another, with the
aim of deriving information on past or present environmental
conditions and/or processes. We argue here that quantitative
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values should be expressed as moles to best reflect these
molecular relationships, because moles, rather than grams, are
the currency of molecules. Furthermore, the emergence and
development of multivariate statistical analyses of biomarker
data sets calls for consistency in the expression of all bio-
markers to allow better comparability and transferability
between not just different samples, but also different mole-
cules within one sample. The aim of this work was to show
that the conversion from mass-based units to mole-based
units in biomarker analysis is not a trivial matter, but a calcu-
lation with potential to affect the way biomarker data are
shaped and interpreted. This is an especially important point,
as the drive to develop novel molecular proxies through bet-
ter understanding of the relationship between biochemistry
and environmental conditions has never been stronger (Eglin-
ton and Eglinton 2008).
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