
UC Santa Cruz
UC Santa Cruz Electronic Theses and Dissertations

Title
Towards an understanding of phosphate δ18O in the bones and scales of small pelagic fish

Permalink
https://escholarship.org/uc/item/8kc4v507

Author
Lambert, Timothy David

Publication Date
2012
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/8kc4v507
https://escholarship.org
http://www.cdlib.org/


UNIVERSITY OF CALIFORNIA 
 

SANTA CRUZ 
 

 
TOWARDS AN UNDERSTANDING OF PHOSPHATE δ18O IN THE  

BONES AND SCALES OF SMALL PELAGIC FISH 
 

A thesis submitted in partial satisfaction 
of the requirements for the degree of 

 
MASTER OF SCIENCE 

 
in 
 

EARTH SCIENCES 
 

by 
 

Timothy Lambert 
 

December 2012 
 
 

 
The Thesis of Timothy Lambert  
is approved: 
 
 
________________________________ 
Dr. Adina Paytan, Co-Chair 
 
 
________________________________ 
Dean Paul L. Koch, Co-Chair 
 
 
________________________________ 
Professor James C. Zachos 

 
 
________________________________ 
Tyrus Miller 
Vice Provost and Dean of Graduate Studies  



	  

	  
	  

	  

 
 

 

 

 

 

 

 



	  

	  
	  
	  

iii	  

Table of Contents 
 

List of Figures .............................................................................................................. iv 

Abstract ......................................................................................................................... v 

Acknowledgements ...................................................................................................... vi 

Chapter 1: Minimizing data correction error associated with mass spectrometry 

during δ18O analysis of silver phosphate ...................................................................... 1 

Introduction ............................................................................................................... 1 

Methods..................................................................................................................... 7 

Results ..................................................................................................................... 20 

Discussion ............................................................................................................... 34 

Chapter 2: Phosphate oxygen isotope ratios from bones and scales as indicators of 

growth environment in Pacific sardines (Sardinops sagax) ....................................... 44 

Introduction ............................................................................................................. 44 

Methods................................................................................................................... 50 

Results ..................................................................................................................... 57 

Discussion ............................................................................................................... 66 

References ................................................................................................................... 75 

 

 
  



	  

	  
	  
	  

iv	  

List of Figures 

Table 1.1: Batch design..................................................................................................8 

Box 1.1: Glossary...................................................................................................11-12 

Box 1.2: List of variables.............................................................................................13 

Box 1.3: List of isotope data correction models..........................................................14 

Figure 1.1: Within-batch drift......................................................................................20 

Figure 1.2: Among-batch changes in δ18OM
Std.............................................................21 

Figure 1.3: Source stretching.......................................................................................23 

Figure 1.4: Linearity effects.........................................................................................24 

Table 1.2: Model error for calibration standards....................................................26-27 

Figure 1.5: Model error for calibration standards........................................................28 

Figure 1.6: δ18O differences between models..............................................................29 

Figure 1.7: Model error for validation standards.........................................................31 

Figure 1.8: Polynomial drift correction.......................................................................32 

Figure 2.1: Fish scale...................................................................................................54 

Figure 2.2: Effect of H2O2 treatment on δ18OP............................................................58 

Figure 2.3: Scale vs. bone δ18OP..................................................................................59 

Figure 2.4: Scale vs. otolith δ18O for tank-raised sardines..........................................60 

Figure 2.5: Temperature-dependence of δ18OP............................................................62 

Figure 2.6: New material δ18OP vs. δ18OC...................................................................63 

Figure 2.7: Oxygen isotope profiles of Monterey Bay anchovies and sardines..........64 

Figure 2.8: Response of scale and bone δ18OP to an environmental perturbation.......69	    



	  

	  
	  
	  

v	  

Abstract 

Timothy Lambert 

 

Towards an understanding of phosphate δ18O in the bones and scales of small 

pelagic fish 

 

Oxygen isotope ratios of fish biominerals reflect environmental growth 

conditions – specifically, the temperature and δ18O values of water.  In Holocene 

ocean sediments, phosphate δ18O (δ18OP) values of small pelagic fish bones and scales 

can be coupled with abundance data to study connections between past climate and 

population dynamics.  This requires the detection of decadal scale climate variability 

via precise isotope measurements.  To accomplish this, isotope data is best corrected 

by multiple regression methods that facilitate both instrumental monitoring and 

correction model optimization.  Our measurements of δ18O values from bones, scales, 

and otoliths indicated that all three materials provide similar information about 

growth conditions, provided that each material’s unique allometry is considered.  For 

sardines cultured at controlled temperatures, δ18OP values of scales were consistent 

with the fractionation equation proposed by Longinelli and Nuti (1973).  These 

results support the use of δ18OP to investigate the paleoecology of small pelagic fish. 
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Chapter 1: Minimizing data correction error associated with mass spectrometry 

during δ18O analysis of silver phosphate 

  

Introduction 

A growing number of studies are applying oxygen isotope ratios of phosphate 

(δ18OP) as an investigative tool.  In paleoclimatology and paleoecology, the δ18OP of 

biogenic apatite has been used for several decades to learn about the environmental 

histories of ancient organisms.  Specifically, δ18OP values of bones, teeth, and other 

mineralized structures are a function of body water δ18O and temperature at the site 

and time of formation (Longinelli and Nuti 1973, Kolodny et al. 1983).  This 

relationship has been applied to such varied reconstructions as air temperature (e.g., 

Reinhardt et al. 1996, Navarro et al. 2004), ocean stratification (e.g., Picard et al. 

1998), habitat preferences (e.g., Billon-Bruyat et al. 2005, Wheatley 2010), and 

thermoregulatory physiology (e.g., Barrick and Showers 1994).  Experiments 

demonstrate that post-deposition phosphate (PO4) oxygen isotope exchange, i.e., 

diagenesis, can occur under certain conditions mediated by bacteria (Blake et al. 

1997, Zazzo et al. 2004), warranting careful assessment of the isotopic integrity of 

field samples (Kolodny et al. 1996, Sharp et al. 2000).  Still, phosphate preserves its 

original oxygen isotopic composition more reliably than carbonate (CO3) in many 

burial environments, and it is therefore often preferred for δ18O analyses of fossil 

specimens (e.g., Kolodny and Luz 1991; Kohn and Cerling 2002). 
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Today, most labs analyze PO4 oxygen isotopes as silver phosphate (Ag3PO4) 

because it is nonhygroscopic and relatively easily precipitated as a pure compound 

(Baxter and Jones 1910, Firsching 1961, Crowson et al. 1991).  Alternative methods 

do have their time and place: laser ablation can process very small samples but may 

be influenced by contributions of CO3 and OH components in apatite (e.g., Sharp and 

Cerling 1996, Atudorei and Sharp 1997, Wenzel et al. 2000) and fluorination is very 

accurate and precise but relatively costly and labor intensive (Vennemann et al. 

2002).  By and large, however, high temperature reduction of silver phosphate often 

provides the best option: it is characterized by lower cost, high throughput, and very 

good precision and accuracy when calibrated on a run-by-run basis (e.g., Vennemann 

et al. 2002, LaPorte et al. 2009).  Furthermore, a reduction in the amount of apatite 

required for Ag3PO4 precipitation and isotope ratio mass spectrometry (e.g., 

Wiedemann-Bidlack et al. 2008, LaPorte et al. 2009) has allowed recent studies to 

confidently process small samples (<1mg), bringing greater resolution to δ18O records 

of conodonts and small mammal teeth (e.g., Grimes et al. 2008, Rigo and Joachimski 

2010, Rosenau et al. 2012). 

Further developments in wet chemistry have permitted the purification of 

isotopically unaltered PO4 from materials other than apatite, including water 

(McLaughlin et al. 2004) and soils (Tamburini et al. 2010, Zohar et al. 2010, Weiner 

et al. 2011).  This work compares observed δ18OP values to those expected under 

isotopic equilibrium, thereby investigating the phosphorus (P) cycle by inferring 
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sources, transformations, and microbial processing (Blake et al. 2005, McLaughlin et 

al. 2006, Frossard et al. 2010). 

Many studies have detected large δ18OP signals on the order of several per mil 

in fossil fish and mammals, using these to broadly indicate past climate conditions at 

coarse temporal and temperature resolutions (e.g., Kolodny and Raab 1988, Reinhardt 

et al. 1996, Grimes et al. 2003).  For these situations, δ18OP measurements need not 

be exceptionally precise to obtain an acceptable signal-to-noise ratio.  However, other 

potential applications of δ18OP require detection of much smaller differences.  For 

instance, small pelagic fish bones and scales deposited in Holocene laminated 

sediments of the Eastern Pacific might record associations between fisheries 

productivity and decadal scale variability in the El Niño/Southern Oscillation.  To use 

δ18OP values to assess shorter time scales and subtler temperature swings, 

measurements must be precise enough that the study design has sufficient power to 

detect fluctuations of a few ˚C (<1‰) with available samples on the time-scale of 

interest. 

When projects push the envelope to detect smaller δ18OP differences, sample 

error often becomes a limiting factor.  For δ18OP analyses of apatite-derived silver 

phosphate, error is a function of the fidelity of two procedures: (1) PO4 ions must be 

extracted from the apatite lattice, completely converted to Ag3PO4, and then delivered 

to the mass spectrometer without fractionation, and (2) isotope ratios must be 

accurately measured within the mass spectrometer.  Although mass spectrometer 

precision is generally excellent (Werner and Brand 2001), δ18O analysis of phosphate 
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is among the more variable of isotope systems; reported precisions (±1σ) for silver 

phosphate samples and standards range from ±0.09‰ to ±0.77‰ with a typically 

reported average of ±0.3‰ (Vennemann et al. 2002, McLaughlin et al. 2004, Bassett 

et al. 2007, LaPorte et al. 2009).   

 Poor mass spectrometer precision is attributed to undesired physical, 

chemical, or electronic processes that occur within the instrument.  Many of these are 

effectively eliminated by good mass spectrometer design and maintenance – e.g., 

viscous flow of sample and reference gases through capillaries eliminates 

fractionation during transport; complete separation of N2 and CO gases by on-line gas 

chromatography reduces isobaric interference; chamber and valve integrity ensures 

no diffusive gas losses; and filters (e.g., of magnesium perchlorate) and cold traps 

separate out contaminant gases.  Even with these precautions, however, some 

confounding effects usually remain.  Among these, the most prevalent effects on 

measured isotope ratios are drift (a change over time), size-based linearity (a 

dependence on sample size), blanks (signal contributions not sourced from sample 

material), and memory (a signal contribution sourced from the preceding sample[s]). 

There are numerous potential causes for drift and size-based linearity effects.  

Drift within a batch of samples can be caused by changing operating conditions, by a 

buildup of contaminants, or by progressive reference gas fractionation (Werner and 

Brand 2001).  Machine performance is highly sensitive to temperature, and this is one 

major source of instrumental drift (Ohlsson and Wallmark 1999).  Size-based 

linearity (hereafter referred to simply as linearity) results when the measured isotope 
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ratio varies according to the absolute signal strength.  Linearity effects can be caused 

by differences between heavy and light isotopes in viscous leak behavior, ionization 

probabilities, and ion source chemistry (Brand 2004).  Additionally, counting board 

electronic components can contribute to linearity effects because their resistivity 

varies as a function of voltage.  Mixing of sample materials with isotopically distinct 

blanks can cause similar size-based effects; in this case, measured δ-values change 

linearly with the inverse of sample size. 

 When confounding processes such as drift, linearity, and blanks cannot be 

avoided, the only option is to understand them, predict their effect, and accordingly 

correct the results.  In addition to these lab-specific corrections, preparation of isotope 

data requires an alignment with international scales (i.e., normalization).  Consistent 

and accurate methods of international calibration are especially important for δ18OP 

values because no certified silver phosphate standard materials have been declared.  

For a review of isotope normalization methods, refer to Paul et al. (2007). 

 Despite efforts to standardize data correction and normalization methods, the 

unique goals, instrumentation, and personnel of each lab result in considerable 

variability in the treatment of measured isotope data.  In many cases, though 

standardization would serve to facilitate inter-lab comparisons, there is no single 

method without disadvantages upon which to converge (Werner and Brand 2001, 

Paul et al. 2007).  User-dependent decisions include the following.  How should 

reference standards be positioned within the run?  What should the QA/QC criteria 
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be?  What defines an outlier?  What models of drift and linearity, if any, should be 

applied?  

As stable isotope labs work to obtain optimal precision, one avenue should be 

to ensure that they employ the best possible correction methods.  Here, we explore the 

suitability of several alternative correction schemes for δ18O data produced by isotope 

ratio mass spectrometry (IRMS) of silver phosphate.  
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Methods 

 

Mass spectrometry 

175-450 µg of silver phosphate crystals were weighed into 3.5 x 5 mm silver 

capsules (Costech Analytical) and analyzed for δ18O by thermal conversion elemental 

analyzer (TCEA) IRMS.  The TCEA-IRMS system contained a Costech Zero Blank 

Autosampler, a Eurovector Elemental Analyzer, and a Micromass IsoPrime mass 

spectrometer.  Samples were analyzed at the Menlo Park USGS Stable Isotope 

Laboratory and contained ~100 µg of nickelized carbon per sample to facilitate 

pyrolysis.  Nickelized carbon was preconditioned by crushing it into a powder and 

baking at 1270˚C overnight under a He stream to ensure that it did not introduce 

blank oxygen.  Mass spectrometer operation procedures followed the methods of 

McLaughlin et al. (2004). 

Measured sample oxygen and carbon isotope ratios were reported relative to a 

preceding pulse of CO reference gas, defined to have an isotopic composition of δ18O 

= -3.3‰ and δ13C = -39.6‰. Final corrected δ18O values for silver phosphate were 

reported relative to Vienna Standard Mean Ocean Water (VSMOW) according to the 

equation 

  δ18OSpl = [ ( RSpl / RVSMOW ) – 1 ] * 1000      (Eqn. 1.1) 

where RSpl and RVSMOW represent the 18O to 16O ratio of the sample and the VSMOW 

standard, respectively.  To convert measured δ18O values (reported relative to the 

reference gas) to true δ18O values (on the VSMOW scale), two in-house Ag3PO4 
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working standards were used: a “high standard” (STDH; δ18O = 20.0 ± 0.09‰) and a 

“low standard” (STDL; δ18O = 11.30 ± 0.02‰) (McLaughlin et al. 2004).  Each batch 

(i.e., a sequence of samples analyzed consecutively) contained up to four sets of 10 

samples bounded by groups of four Ag3PO4 working standards: a small (~200 µg) 

and a large (~400 µg) amount of each of the two working standards (Table 1.1). 

 

Statistical analyses 

All statistical analyses and models were implemented in R, an open-access 

programming language and environment for statistics.  To assess the significance of 

trends in drift and linearity within and among batches of samples, we compiled 

eighteen TCEA-IRMS batch analyses that spanned a five-year period.  Each batch 

contained between 30 and 50 silver phosphate samples.  To isolate specific effects 

Table 1.1: Samples and standards 
were consistently arranged within each 
batch in order to allow calibrations for 
drift and linearity corrections to be 
made based on the two working 
standards, STDH and STDL.  Weights 
are approximate (±0.05mg). 
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(e.g., drift, linearity, or source stretching), we controlled for competing factors using 

multi-factor ANOVA models.  For instance, to investigate linearity, we studied how 

the size difference between adjacent standards of the same material (STDH or STDL) 

affected the measured δ18O difference between them, while controlling for factors 

including batch (categorical predictor variable), time of analysis (i.e., position in a 

batch; continuous), and standard material (categorical). 

Measured δ13C values and oxygen yields were monitored as potential factors 

by which to identify samples with analytical problems, such as contamination or 

incomplete pyrolysis.  For some rounds of analysis, measured oxygen yields of silver 

phosphate standards shifted within the batch.  To account for this, we applied a linear 

drift correction for yield using the reference standards, which were assumed to 

average 100% O yield (i.e., complete combustion of pure Ag3PO4).  Outliers were 

identified by their anomalous measured δ13C values and oxygen yields, or by δ18O 

values that were inconsistent with expected values. 

 

Normalization of isotope data 

To obtain final corrected δ18O values in VSMOW units, measured δ18O values 

were normalized to correct for δ18O offset and source stretching (i.e., scale 

compression, the slope of true to measured δ18O values).  This was performed by two-

point linear normalization using the equation of Paul et al. (2007): 

        δT
Spl = (δT

Std1 - δT
Std2) / (δM

Std1 – δM
Std2) * (δM

Spl - δM
Std2)  +  δT

Std2      (Eqn. 1.2) 
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where δT = true δ-value (relative to VSMOW), δM = measured δ-value (relative to the 

reference gas), and the subscripts Std1, Std2, and Spl refer to the two working 

standards (STDH and STDL) and the sample, respectively.   

If measured δ18O values for a batch’s samples and standards are directly used 

for data normalization, the results may contain systematic errors due to drift, linearity, 

memory, and blanks.  Therefore it is necessary to correct for these effects prior to 

normalization. 

 

Correction models: multiple linear regression 

The goal of a correction model is to remove confounding variation from the 

measured isotope data (δM) in order to generate more precise inputs to the 

normalization equations.  To accomplish this, rather than using static estimates of 

δM
Std1 and δM

Std2 values across an entire batch, unique predictions are made of both 

standards’ δM values for every sample analysis.  These predicted δM values might 

account for any number of machine effects.  For example, we used this method to 

address drift and linearity (but not memory because it was found to be negligible). 

Multiple linear regression is appropriate for isotope data corrections because it 

is capable of determining the effects of multiple potential contributing factors on a 

single response variable.  We sought the type I regression model that best predicted 

measured δ18O values with the information available: batch number (a categorical 

variable), time (i.e., analysis position within a batch; continuous), and a size-based 

metric (continuous).  Sample size in milligrams of oxygen (mg O) was calculated 
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Box	  1.1:	  Glossary	  
 
Batch:  A sequence of samples and standards analyzed consecutively.  Reference 

standards are interspersed to allow for correction of drift and linearity 
effects. 

Calibration standard: A standard used to calibrate the data corrections applied 
to a batch analysis.  In cross validation, calibration standards are referred 
to as the training set. 

Cross-validation: A method to test whether the results of statistical analyses are 
generalizable to other independent data. Often used for predictions, 
cross-validation employs complementary subsets of the data: the training 
set is used for the initial statistical analyses and the validation set is used 
to test whether the results from the training dataset are generalizable. 

Drift:  A change in the raw measured isotope ratio of standards over time, within 
a batch. 

Internal (in-house) standard: A standard reference material calibrated and used 
chiefly within one or a few labs, often as a working standard. 

International reference standard: A standard with an internationally accepted 
isotopic composition.  Since they are in limited supply, these standard 
materials are not used directly as working standards; rather they are used 
to calibrate working standards. 

Linearity: Size-based effects on measured δ18O values. They represent a non-
trivial relationship sample size and the measured δ values. 

Normalization: A procedure to align measured δ values from a batch to 
international scales via one or more calibrated reference standards 
distributed throughout the batch. 

Overfitting: Overfitting occurs when statistical fits to data explain random noise 
rather than the desired underlying pattern.  Overfitting results from the 
use of too many parameters, especially for small datasets. 

Quality control standard:  A standard not used for data normalization or 
correction. Rather, quality control (QC) standards are treated identically 
to samples at all steps of IRMS analysis until its corrected isotope ratio is 
obtained. Final corrected δ-values are then compared to the calibrated δ-
value of the standard to test data quality through the batch. 

Reference gas: A gas, chosen to chemically match the purified sample gas (e.g., 
CO for silver phosphate pyrolysis), that is analyzed by IRMS in 
alternation with sample gas in order to reduce drift of measured isotope 
ratios. 

Source stretching:  Any deviation of the ratio of true to measured δ-values from 
a 1:1 relationship.  Single-point normalization assumes source stretching 
is negligible; two-point or multi-point normalization determines a 
stretching factor.  This is also called scale compression. 
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from peak area by assuming that standard material was on average composed of pure 

Ag3PO4 that was entirely pyrolyzed: 

      (size)Spl = (peak area)Spl * meanStds( [mg O by weight] / peak area )       (Eqn. 1.3) 

We entertained two alternative size-based variables: size (which is commonly 

employed in linearity corrections) and 1/size (which would produce a linear fit if 

mixing due to a blank contribution was the dominant size-based effect). 

To choose the best model, we applied an exhaustive AIC model search for 

both potential sets of variables (one including size and the other 1/size).  In this 

selection procedure, all possible subsets of variables (including second-order 

interactions) are used to formulate a complete list of candidate models, and their AIC 

scores are calculated and compared.  Model selection procedures were performed 

separately for the two working standards (HSTD and LSTD).  

The best of these multiple linear regression correction models, which we will 

hereafter refer to as Model 1, regressed batch-specific measured δ18O values of the 

working standards (δM
Std) against size (mg O in the sample) and time (analysis 

position in the batch): 

δM
Std = β0 + β1 * (size) + β2 * (time) + ε         (Eqn. 1.4) 

Box 1.1: Glossary (cont.) 
 
Training set: See cross-validation. 
Validation set: See cross-validation. 
Working standard: A standard reference material used for normalization of 

sample results.  It is often of the same chemical composition as the 
samples, and it must be calibrated against international standards.	  
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where β0 is the intercept on the response variable (δM
Std); β1 is the partial regression 

slope of δM
Std on sample size, holding time constant; β2 is the partial regression slope 

of δM
Std on time, holding sample size constant; and ε is error unexplained by the 

model.  For each sample, predicted values for the two reference standards based on 

Eqn. 1.4 were plugged in for δM
Std1 and δM

Std2 in Eqn. 1.2 to produce a normalized, 

linearity-corrected and drift-corrected δ18O value. 

 

Correction models: simple linear regression 

 Some isotope labs use a correction model that applies two type I simple linear 

regressions, one for drift and another for linearity, as opposed to a single multiple 

 

Box 1.2: List of variables 
 
batch A set of samples analyzed consecutively; categorical variable 
size Sample size in milligrams of oxygen (mg O), as determined by 

measurements of peak area 
time Time of analysis, represented by the position of the sample within a 

batch 
RM

RG The measured mass 30 to mass 28 ratio of the CO reference gas 
δM Measured δ value, i.e., the value first reported by mass spectrometer 

software (relative to the working gas via single-point 
normalization) 

δT True δ value, reported on an international scale (e.g., VSMOW for 
δ18O) 

δDrift-corrected δ values that have been corrected for drift but not other effects (e.g., 
linearity) 

δLinearity-corrected δ values that have been corrected for linearity effects but not for 
drift 

 
Subscripts 
Std A working standard (here, STDH or STDL) 
Stds All working standards (here, both STDH and STDL) 
Spl Sample 
RefGas Reference gas 
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linear regression.  We constructed such a correction scheme (Model 2) for 

comparison.  The first simple linear regression equation was of drift within a batch: 

  δM
Std	  = β0 + β1 * (time) + ε        (Eqn. 1.5) 

where β0 is the intercept on δM
Std, β1 is the regression slope of δM

Std vs. time, and ε is 

error unexplained by the model.  From Eqn. 1.5 and the sample estimates for the 

parameters β0 and β1, measured δ18O values of STDH and STDL were predicted for 

every time step (i.e., analysis position) within a batch.  Substituting these into Eqn. 

1.2 yielded normalized, drift-corrected δ18O values (δDrift-corrected). 

 The second simple linear regression equation was of linearity effects, i.e., the 

impact of sample size on measured δ18O values: 

  δDrift-corrected
Std = β0 + β1 * (size) + ε    (Eqn. 1.6) 

Box 1.3: List of isotope data correction models 
 
Model 1 Multiple linear regression of size and time against δM

Std 
Model 2 Two simple linear regressions of size and time against δM

Std, 
performed sequentially 

     2A Drift correction precedes linearity correction; each performed once 
     2B Drift correction precedes linearity correction; iterated until stable 

corrected δ18O values are obtained 
     2C Size correction follows linearity correction; each performed once 
     2D Drift correction follows linearity correction; iterated until stable 

corrected δ18O values are obtained 
Model 3 Multiple linear regression of size and time against δM

Std; accounts 
for polynomial drift by including higher order terms for time 

     3A Second order polynomial drift; includes variables of size, time, and 
time2 

     3B Third order polynomial drift; includes variables of size, time, time2, 
and time3 
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where β0 is the intercept on δDrift-corrected
Std, β1 is the regression slope of δDrift-corrected

Std 

vs. size, and ε is error unexplained by the model.  When predicted drift-corrected δ18O 

values for the two working standards were substituted for δM
Std in Eqn. 1.2, the 

resulting sample δ values had been both drift-corrected and linearity-corrected. 

 However, if time and sample size are not independent variables, then the 

linearity correction will introduce error into the drift correction that precedes it, and 

vice versa.  To reduce this error, some isotope labs repeat the drift and linearity 

corrections.  Correspondingly, we performed multiple iterations until corrected δ18O 

values stabilized.  We also tested the effect of switching the order of drift and 

linearity correction: Model 2A (one iteration) and 2B (multiple iterations) performed 

the drift correction first and linearity correction second, while Models 2C (one 

iteration) and 2D (multiple iterations) performed operations in the reverse order. 

 These four simple regression correction models were compared to Model 1 by 

using the root-mean-square error (RMSE) of calibration standards (i.e., standards 

used to calibrate data corrections).  If the RMSE is smaller for the multiple regression 

model (Model 1), this is sufficient to demonstrate that Model 1 would also be favored 

by model selection criteria that penalize complexity (e.g., AIC) because multiple 

regression models have a smaller or equal number of parameters compared to 

equivalent models that use sequential simple regressions.  To test if differences 

between alternative models were large enough to meaningfully affect isotope data, we 

also calculated the absolute ‰ differences between corrected δ18O values. 
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Precision estimates and cross-validation 

Sample δ18O error associated with mass spectrometry is typically estimated 

with quality control standards (QC standards, i.e., those not used in data corrections) 

or with sample replicates.  However, the numbers and arrangement of QC standards 

and sample replicates were inconsistent across the studied batches, and therefore 

these metrics were insufficient to adequately characterize mass spectrometer 

performance.  Instead we employed two biased estimators of sample δ18O variance.  

First, calibration standards provided an in-sample estimate, e.g., our RMSE 

comparisons of simple and multiple regression correction models.  In-sample 

estimates can be useful to compare models of similar complexity, but because they 

use data drawn from the same pool that calibrates the model fit, they have several 

disadvantages: in-sample estimates consistently underestimate sample variance and, if 

used as the sole criteria for model selection, are subject to over-fitting. 

Consequently, when in-sample estimation was not appropriate we used a 

second method: cross-validation.  Cross-validation is a statistical technique used to 

assess how well a predictive model applies to a general dataset.  Cross-validation 

protects against over-fitting by splitting the data into two independent, 

complementary subsets: a training set and a validation set.  The training set contains 

the data required to train the model (i.e., determine parameter estimates); that model 

is then applied to the complementary validation set to estimate performance. 

Cross-validation methods vary in the ways they split training and validation 

sets, and in the number of times these splits are performed.  Recall our study’s batch 



	  

	  
	  
	  

17	  

design, with 2n STDH (and 2n STDL) reference standards distributed through the 

batch in pairs (Table 1.1).  Since paired reference standards are in adjacent analyses, 

they will be similarly affected by drift and hence are not independent samples.  This 

is an example of twinning, a case where nearly identical samples are present in the 

dataset.  Splitting a twinned pair between training and validation sets would violate 

the assumption of set independence; thus we performed “leave-two-out” cross-

validation, whereby there are n splits of the data, each with a validation set containing 

two adjacent STDH (STDL) samples.  These validation standards were >10 positions 

from the nearest standards in the training set (i.e., calibration standards), whereas 

actual samples were only 1-5 positions away from calibration standards.  Assuming 

sample error increases with distance to the nearest calibration standard (McLaughlin 

et al. 2004), leave-two-out cross-validation provides a conservative (upper) estimate 

of sample δ18O variance. 

 

Polynomial drift corrections 

Polynomial drift corrections are sometimes applied to isotope data, but by 

increasing model complexity they risk over-fitting.  To prevent this, cross-validation 

can be used to select the most appropriate polynomial degree.  Model 3A extends the 

multiple linear regression model (Model 1) to allow for 2nd order polynomial drift: 

        δM
Std = β0 + β1 * (size) + β2 * (time) + β3 * (time)2 + ε   (Eqn. 1.7) 

where β0 is the intercept on the response variable (δM
Std); β1, β2 and β3 are the partial 

regression slopes of δM
Std on sample size, time, and time2, respectively; and ε is error 
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unexplained by the model.  For third order polynomial drift (Model 3B), the multiple 

regression equation was: 

       δM
Std = β0 + β1 * (size) + β2 * (time) +  β3 * (time)2 + β4 * (time)3 + ε    (Eqn. 1.8) 

with parameter definitions analogous to Model 3A.  As for previous models, for every 

sample analysis, unique predicted values of reference standard δM were used for two-

point normalization to the VSMOW scale.  The resulting corrected δ18O values were 

used for cross-validation tests of model performance. 

 

Additional confounding factors: the reference gas isotope ratio 

A single batch containing only standards (Batch 11202001) was analyzed to 

test mass spectrometer performance for Ag3PO4 samples without nickelized carbon.  

High variation in corrected δ18O values was initially presumed to be associated with 

poor pyrolysis in the absence of nickelized carbon, but a cyclic trend (with a period of 

~15 analysis positions) in δ18O values raised suspicions that an additional 

confounding factor might be affecting batch analyses.  In other batches, although a 

wider spacing of standards complicated detection, the hypothesis that an additional 

cyclic factor affected results was supported by consistent differences in corrected 

δ18O values among sample groups. 

One potential factor was room temperature; if temperature fluctuations 

differentially affected the measured isotope ratios of reference and sample gases, it 

would result in corresponding changes in measured δ18O values within batches.  To 

investigate this theory, we included the reference gas measured oxygen isotope ratio 
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as an additional variable in the multiple regression correction model.  On twelve 

batches for which these data were available, we applied exhaustive model selection 

criteria (AIC scores) to test whether the addition of the reference gas isotope ratio 

term benefited model performance.  Hierarchical partitioning was then used to 

determine the independent and joint contributions of each independent variable to the 

explained variance.  
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Results 

 

Within-batch drift and among-batch changes in measured δ18O values 

 Both reference standards’ measured δ18O values increased with time during 

batch analyses (Fig. 1.1; p = 1.13x10-13).  After correcting for linearity effects, 

measured δ18O values increased by an average of 0.022‰ per analysis position 

(±0.003 standard error); this is equivalent to a change of about +1‰ over a typical 

batch of 45 samples.  Much of this trend was due to the influence of especially low 

Fig. 1.1: δ18O values for high and low standards tended to drift towards higher values 
during the course of runs.  To isolate drift effects, δ18O values were linearity-
corrected (by Eqns. 1.6 and 1.2) and then run-normalized (by taking the difference 
between a standard and the mean of standards from that batch). 
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Fig. 1.2: Boxplots show the measured δ18O values of high (in red) and low (in blue) 
standards, by batch.  There were highly significant differences between batches 
(p<10-15), and δ18O values rose and fell across eighteen runs from a five-year period 
covered a range of >5‰.  Box plot whiskers extend 1.5 times the interquartile range. 

 

measured δ18O values for the first standards of some batches.  Indeed, standards 

within the first 10 positions were significantly lower in linearity-corrected δ18O 

values than those that occurred later in the batch (STDH: mean ∆(δ18O) = 0.83‰, p = 

7.5x10-5; STDL: mean ∆(δ18O) = 0.82‰, p = 8.0x10-8). 

 Among-batch changes in measured δ18O values were also observed over 

longer periods of time.  For both HSTD and LSTD, there were significant differences 

in linearity-corrected δ18O values among the eighteen batches analyzed in this study 
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(ANOVA; p < 10-15), and these δ18O changes followed consistent rising and falling 

trends for both standards over time (Fig. 1.2).   

 

Source stretching 

 To study source stretching, we selected paired analyses of one HSTD and one 

LSTD of similar sizes and analysis positions in order to control for linearity and drift.  

The difference in measured δ18O values between the paired HSTD and LSTD  

(∆18OM
STDH-STDL) averaged 9.6‰, compared to the true δ18O difference of 8.7‰.  The 

average slope of measured δ18O values vs. true δ18O values was significantly greater 

than 1 (95% CI of 1.082 to 1.133).  ∆18OM
STDH-STDL varied among batches (one-way 

ANOVA, p = 1.9x10-10; Fig. 1.3), although only 5 of the 18 batch analyses were 

significantly different from the mean (3 with p < 0.05; 2 with p < 0.001).  Within 

batches, source stretching did not vary consistently with analysis position (two-way 

ANOVA, p = 0.761). 

	  

Linearity effects 

The effect of sample size on measured δ18O values differed significantly 

among batches (p < 2x10-16).  Linearity effects were significantly smaller for the 

working standard with a lower δ18O value (STDL; p = 0.0135), but this difference 

between STDH and STDL linearity correction factors was small (95% CI: 2.89‰ per 

mg O to 24.62‰ per mg O) compared to within-batch variability (mean range for the 

95% CI = 62.6‰ per mg O).  
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Fig. 1.3: Boxplots show the measured difference between high and low standards 
paired by similar analysis times.  Median δ18OM differences ranged from 8.3‰ to 
11.9‰, and deviated significantly from the true δ18O difference between high and 
low standards of 8.7‰. 
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Fig. 1.4: Boxplots (one per batch) demonstrate the variable effects of sample size on 
measured δ18O values of reference standards. 
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Model 1: Multiple linear regression 

 For both working standards (HSTD and LSTD), exhaustive AIC model 

selection indicated that the best multiple regression correction models accounted for 

batch-specific drift and linearity effects.  The model performed better when the size-

based variable was sample size (mg O) rather than 1/size (STDH: ∆AIC = 15.6, 

STDL: ∆AIC = 9.6).  Exhaustive AIC selections for both high and low standards 

converged upon the same best model, with a full dependence equation of: 

 δ18OM
Std ~ 1 + batch + time + size + batch : (time + size)  (Eqn. 1.9) 

where “~” means “depends on,” “1” denotes the intercept, and x : y indicates a 

second order interaction between x and y.  In words, the measured δ18O values of 

standards were significantly affected by individual contributions from all three 

candidate variables – batch, time, and size – as well as by interactions of batch with 

both time and size.  Thus, for Model 1 corrections within a single batch, Eqn. 1.9 may 

be simplified to depend solely upon drift and linearity (Eqn. 1.4). 

 

Model 2: Simple linear regression 

Model 2 involved several simple linear regressions, rather than the single 

multiple linear regression of Model 1.  The two models were compared via their 

closeness of fit for calibration standards, as indicated by the RMSE relative to 

δ18OTrue (Table 1.2).  On average, Model 1 provided the better fit.  For Model 2, 

iterating the simple regression (Models 2B and 2D) improved precision, but on 

average did not surpass the fit of Model 1 (Fig. 1.5).  The order of drift and linearity  
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Table 1.2: Root-mean-square error (RMSE) for the two calibration standards (STDH 
and STDL) for Model 1, by batch.  For the other correction models, listed values are 
the difference in root-mean-square error from Model 1 – i.e., positive values indicate 
greater error.  Since correction methods set the mean calibration standard value at its 
true δ18O value, root-mean-square error is equivalent to standard deviation.	  
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Fig. 1.5: Root-mean-square error (RMSE) of calibration standards for each of the 
simple linear regression correction models (2A-D) are represented as a proportion of 
the error for the multiple regression correction model (1). 
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Fig. 1.6: Absolute values of corrected δ18O differences between each model and the 
benchmark multiple regression correction model (Model 1) are plotted by batch.  The 
compared models are 2A (a), 2B (b), 2C (c), 2D (d), 3A (e), and 3B (f). 
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Polynomial drift model 

The polynomial models of drift (Model 3) provided the best fits to calibration 

standards (Table 1.2).  With more tunable parameters, second order polynomial drift 

models reduced error in calibration standards relative to linear regression models, and 

third order polynomial drift models were better still.  But cross-validation methods 

showed that this was due to over-fitting; when model performance was assessed with 

cross-validation, polynomial drift models often failed to accurately predict δ18O 

values in the validation set (Fig. 1.7).  In order of increasing root-mean-squared error 

(RMSE) for the validation set were linear, second order, and third order drift models 

– i.e., greater error was associated with higher model complexity.  These model 

differences were not negligible; fully a quarter of differences in corrected sample 

δ18O values relative to Model 1 exceeded 0.34‰ for Model 3A (0.44‰ for Model 

3B; Fig. 1.6c).  The only batch analyses for which polynomial drift models performed 

comparably to linear drift models were those in which the polynomial parameters 

were small, indicating that linear drift is the more appropriate model. 

Further evidence for the inadequacy of polynomial drift models was found in 

Batch 11132701, which contained Ag3PO4 samples prepared from sardine and 

anchovy apatite that were expected to be of relatively uniform oxygen isotope 

composition.  Although calibration standards fit very well to a 3rd order polynomial 

drift (Fig. 1.8a), the resulting correction imparted a polynomial drift to the sample 

δ18O data that was of similar magnitude and opposite sign to the drift in measured 

δ18O values of standards (Fig. 1.8b).  In contrast, although a linear drift correction 
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model had greater error for calibration standards, samples corrected in this manner 

showed no such trend across the batch. 

 

Additional factors: the reference gas isotope ratio 

The performance of the best model found by exhaustive AIC search improved 

when the measured reference gas isotope ratio (RM
RG) was added to the list of 

variables (batch, size, and time) in the multiple regression model.  This held true for 

 

	  
Fig. 1.7: Cross-validation yielded a metric of model performance: RMSE of 
validation standards.  For each batch, RMSE for each correction model is represented 
as a proportion of the error for Model 1.  For some batches, polynomial drift models 
(3A and 3B) have extremely high RMSE relative to the linear drift models. 



	  

	  
	  
	  

32	  

	  
Fig. 1.8: (a) Both linear (Model 1) and polynomial (Model 3B) drift corrections were 
applied to a batch containing samples with similar isotopic compositions.  (b) Model 
3B corrections imparted a polynomial trend to the samples; Model 1 corrections did 
not. 
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both the HSTD, for which the best AIC score was lowered from 427.3 to 397.3, and 

for the LSTD, for which the AIC score dropped from 431.5 to 402.5.  Hierarchical 

partitioning demonstrated that RM
RG had a significant total (independent and joint) 

contribution to the explained variance in measured δ18O values for high standards 

(17.8%); the total contribution for low standards, however, was only 1.9%.  Changes 

in reference gas isotope ratios were large enough to be responsible for observed 

within-batch sample δ18OM differences (up to 4‰).  Much of this variation is also 

accounted for by a model of linear drift because, for many batches, the reference gas 

isotope ratios and time of analysis were strongly and negatively correlated.  However, 

observations of RM
RG at every analysis position revealed deviations from the assumed 

linear pattern of drift. 
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Discussion 

 

A framework for isotope data corrections: multiple linear regression 

Our results indicate that multiple regression is an appropriate framework for 

isotope data corrections.  Such a correction model can be used to identify and correct 

for linearity, drift, and other instrument effects.  Statistics associated with multiple 

regression can also compare competing models, provide estimates of sample error, 

and assess the influence of potential confounding factors. 

In this study, drift, linearity, and source stretching effects varied among 

batches.  Correspondingly, the model selected by exhaustive AIC search (Model 1) 

resulted in batch-specific drift and linearity corrections and two-point normalization.  

These findings are consistent with the recommendations of Carter et al. (2011) who 

noted that continuous flow mass spectrometry often requires unique calibrations of 

drift, linearity, and source stretching for every batch.  Although the measurement of 

oxygen isotopes in phosphate clearly requires such corrections, other IRMS 

applications may not require this level of calibration and correction.  For instance, 

single-point normalization is commonly applied when source stretching is well 

characterized and constant (usually near unity).  Correction models must be designed 

so that they appropriately reflect a specific IRMS instrument’s design and 

performance properties. 
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Drift 

We observed significant within-batch drift in measured δ18O values.  One 

potential cause of this is a shift in the temperature of sample pyrolysis, since 

fractionation during gas liberation is frequently highly temperature dependent 

(Werner and Brand 2001).  Even if the machine temperature remains constant through 

time, temperature may vary spatially within the pyrolysis column.  As capsules and 

ash accumulate in the column, samples drop to higher positions and thus may be 

exposed to changing conditions of pyrolysis (e.g., Stuart-Williams et al. 2008).   

For the batches investigated, measured δ18O values of standards often 

increased more rapidly near the beginning of a batch analysis, before becoming 

relatively stable for the remainder.  This could suggest a delay in the onset of normal 

operating conditions.  If this is the case, the drift early in the batch might be reduced 

by a longer warm-up period during which reference gas pulses or Ag3PO4 standards 

would be monitored until δ18O values stabilized.  For TCEA-IRMS, this warm-up can 

require actual Ag3PO4 analyses rather than just reference gas pulses. 

There are several options for modifying the linear drift assumptions to deal 

with early calibration standards that have low measured δ18O values.  These include 

(1) fitting a logarithmic drift function to the batch, (2) omitting standards positioned 

early in the batch from calibrations, and (3) applying separate linear drift equations 

between each group of standards (e.g., Vennemann et al. 2002, Stuart-Williams et al. 

2008). 
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Linearity and blanks 

In our study, sample size was a significant contributor to variation in 

measured δ18O values.  Although AIC metrics indicated that size was a better 

predictor variable than 1/size, this does not require that blank effects are unimportant.  

In fact, over the range of sample weights, the linear relationships between measured 

δ18O values and the two variables size and 1/size differ only slightly; thus it is likely 

that our linearity correction based on size also effectively corrects for a blank effect.  

Evidence for a blank is apparent in the sign of size-based effects; with decreasing 

sample size (increasing blank contribution), measured δ18O values increased for the 

LSTD (δ18OT = 11.3‰), but decreased for the HSTD (δ18OT = 20.0‰).  This 

observation is consistent with the mixing of samples with blanks of intermediate 

isotope composition (11.3‰ < δ18OT
Blank < 20.0‰).  

Some labs avoid linearity corrections by limiting samples to a narrow size 

window.  So long as samples are pure Ag3PO4 and pyrolysis is complete, this reduces 

or eliminates the linearity effect (e.g., Brand 2004).  In cases where preparing 

samples of uniform weight is not possible, for instance because sample silver 

phosphate is limited, applying a batch-specific linearity correction calibrated across 

the full range of sample sizes is the best option. 

 

Source stretching 

Single-point normalization methods are based on the use of only one standard, 

forcing users to either assume a source stretching factor (δT : δM) of one or to calibrate 
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such a factor on a per-machine basis (Paul et al. 2007).  For dual-inlet machines, this 

is usually acceptable; but in continuous-flow IRMS, stretching factors often vary on a 

batch-by-batch basis (Carter et al. 2011).  In a study of hydrogen isotopes analyzed on 

a continuous flow instrument, Brand and Coplen (2001) found that source stretching 

(i.e., δT : δM ≠ 1) could result from fractionations within the mass spectrometer.  The 

relative mass difference between isotopes is not as great for oxygen as for hydrogen, 

so machine artifacts are typically smaller.  Nevertheless, our instrument’s stretching 

factor was significantly greater than one and it varied between batches.  Thus a 

single-point normalization approach would not be appropriate here.  Instead, batch-

specific stretching factors applied via two-point or multi-point normalization are 

necessary for optimal precision. This is a conclusion shared by Vennemann et al. 

(2002) in their comparison of methods to analyze δ18O values of Ag3PO4.  

 

Among-batch changes in measured δ18O values 

 Significant among-batch changes in measured δ18O values of standards, which 

we observed across a 5-year time window, has also been found in other laboratories 

(e.g., Vennemann et al. 2002).  Such changes are attributed to variation in operating 

conditions or shifts in the reference gas δ18O over time (due to changing gas canisters 

and progressive fractionation that occurs during gas release).  In these cases, 

reference gas pulses are useful as short-term isotope comparisons to sample gas, but 

not as stable standards for alignment to international scales.  Instead, normalization 

requires standards with constant isotope compositions; these standards are usually 
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processed identically to samples so as to control for any shifts in reference gas isotope 

composition over time (Brand 2004). 

 

Detection of outliers 

 In addition to eliminating or correcting for the aforementioned machine 

effects, accurate isotope analyses require protocols to identify and eliminate outliers, 

for both samples and standards.  Our finding that lab standards (STDH and STDL, 

composed of essentially pure Ag3PO4) nearly always fell within normal ranges for 

δ13C (typically -20‰ to -22‰) and oxygen yield (14-16%), while samples sometimes 

did not, suggests that these checks help to identify contaminants retained or obtained 

during purification and precipitation procedures.  Still, the δ13C and yield checks may 

not detect outliers that were caused by machine error or “subtle” contaminants, i.e., 

those with a combination of percent carbon and oxygen, δ13C and δ18O values, and 

fraction of sample size that cause them to fall within normal δ13C and yield ranges but 

still alter the measured δ18O values of samples (e.g., see Ch. 2). 

 

Simple linear regression correction models 

We have shown that the choice of linearity and drift correction models affects 

a batch’s final reported δ-values.  In particular, models that perform simple linear 

regressions of drift and linearity are an imperfect approximation of multiple 

regression models, which simultaneously solve for drift and linearity effects.  For 

well-behaved batch analyses, both correction models perform similarly; but for batch 
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analyses exhibiting significant drift, linearity, blank, and/or memory effects, simple 

regression correction models can produce sizeable errors. 

The simple regression model commits an ecological fallacy – it uses aggregate 

data to infer a specific relationship without controlling for other influencing factors.  

For instance, the first step of Model 2A regresses measured δ18O values directly 

against time to estimate within-batch drift.  This drift estimate that does not control 

for size is not equivalent to the drift estimate from a partial regression that does.  

Iterating simple linear regressions of drift and linearity until corrected δ18O values 

stabilize considerably reduces the error of calibration standards, but multiple 

regression is still preferred for its benchmark precision. 

 

Polynomial drift models 

Within some batches, the calibration standards exhibited non-monotonic 

trends in measured δ18O values.  In such scenarios, polynomial drift corrections are 

sometimes applied in an effort to more closely match drift (e.g., Ohlsson et al. 1999).  

Because they contain more parameters, polynomial drift regressions always yield 

closer fits to calibration data, sometimes by a large margin; whether or not they 

capture the true underlying drift of samples requires closer inspection.  For this 

study’s batches, polynomial drift corrections were not appropriate: although 

polynomial drift models produced excellent fits to calibration standards, under cross-

validation they failed to accurately predict the δ18O values of validation standards.  In 

at least one batch analysis, insufficiently calibrated polynomial drift corrections 
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caused systematic errors in corrected δ18O values of samples.  If a correction for 

polynomial drift is desired, reference standards must be spaced closely enough to 

accurately calibrate the observed non-linear trends. 

 

Including reference gas isotope ratios as an additional factor 

Deviation of drift in measured δ18O values from a linear pattern could account 

for the poor performance of models that assume linear drift.  Even for polynomial 

drift models, the sparse spacing of calibration standards and a reliance on time of 

analysis as the sole drift-related factor make it difficult to accurately estimate non-

linear (e.g., polynomial) relationships.  However, if reference gas isotope ratios truly 

reflect drift processes, they can be used to describe the true nature of any non-linear 

drift pattern with a much greater degree of precision.  AIC indices and hierarchical 

partitioning support this; a significant amount of the variance in measured δ18O that 

was unexplained by Model 1 could be accounted for by including reference gas 

isotope ratios as an additional factor. 

The strong negative correlation between the isotope ratios of the reference gas 

and the measured δ18O values of standards indicates that the two materials are 

differently affected by changing instrumental conditions.  Trends of both 

measurements over time are consistent with a hypothesis that progressive reference 

gas fractionation through the batch leads to 18O-depletion in the reference gas 

delivered to the mass spectrometer and corresponding increases in standards’ 

measured δ18O values relative to that reference gas.  Temperature fluctuations are one 
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potential root cause of these patterns in isotope data because they may affect 

instrument electronics, pyrolysis, chemistry, and fractionation of sample gas. 

 

The use of isotope data corrections in mass spectrometry 

 Isotope data corrections, which have thus far been emphasized, are not a 

panacea.  In all cases, reducing the underlying source of δ18O variability is preferred 

to correcting for it in the data, in part because calibrated correction factors are 

estimates with associated uncertainty.  For example, linearity can often be minimized 

by keeping sample size constant (continuous flow IRMS) or by matching sample and 

reference gas signal intensities (dual-inlet IRMS).  Excellent mass spectrometry 

practitioners have intimate knowledge of their machines, and are quick to identify and 

fix sources of measurement errors.  Since sample data can sometimes reveal patterns 

that more sparsely spaced reference standards cannot, scientists who submit samples 

for isotope analysis should check for any unexpected trends in the isotope data they 

receive.  When identified sources of isotope variability cannot be eliminated, as is 

commonly the case for drift and linearity (Werner and Brand 2001), proper correction 

methods become important.  In particular, it is critical to understand the underlying 

trends rather than relying on close fits to calibration standards. 

The optimal batch design will ensure that expected key factors on measured δ-

values (e.g., linearity and drift) are well calibrated.  This is ideally accomplished by 

placing calibration standards across the full joint distribution of factors while still 

maintaining an acceptable proportion of sample analyses.  The challenge is to create a 
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factorial design that appropriately addresses continuously distributed random 

variables.  In practice, for example with drift and linearity, calibration standards will 

ideally span the entire batch (to characterize drift), cover the full range of sample 

sizes (to characterize linearity), and include a sufficient number of combinations 

thereof (to characterize any interaction terms). 

Although our data are derived from a single instrument, the correction 

framework we applied is not specific to this setup.  Multiple regression is the 

foundation for a well-established statistical framework, with tests that allow isotope 

practitioners to select the best-performing correction model, measure the individual 

and joint contributions of candidate factors, and monitor instrument performance for 

systematic errors.  Ultimately, these benefits allow multiple regression models to help 

maintain isotope measurement integrity through the data correction process.	    
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Chapter 2: Phosphate oxygen isotope ratios from bones and scales as indicators 

of growth environment in Pacific sardines (Sardinops sagax) 

  

Introduction 

 Small pelagic fish of upwelling regions support sizeable fisheries: in 2010, 

sardines, anchovies, and herrings comprised more than a quarter of global marine fish 

harvests, including 60% of the Americas’ Pacific catch (Food and Agriculture 

Organization 2012).  But populations of these fish are often subject to dramatic 

booms and busts over decadal time scales, altering marine productivity patterns and 

disrupting the fishing, canning, and farming economies that depend on them.  Such 

variable population dynamics are largely attributed to climatic factors (e.g., Jacobson 

et al. 2001, Chavez et al. 2003), possibly enhanced by elevated exploitation rates 

(Hsieh et al. 2008, Zwolinski and Demer 2012).  Cumulative wind stress affects the 

intensities and relative importance of coastal and offshore upwelling.  These 

processes control the abundance and size structure of plankton communities and, in 

turn, the sardines and anchovies that consume them (Rykaczewski and Checkley, Jr. 

2008).   

Records of sardine and anchovy populations through time are studied by 

quantification of fish remains from ocean sediments (Finney et al. 2010).  Sardine and 

anchovy scales in cores from the Western Pacific reveal decadal-scale shifts in 

abundance over the past several millennia (e.g., Soutar and Isaacs 1969, De Vries and 

Pearcy 1982, Baumgartner et al. 1992).  Corresponding measures of seawater 
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temperature can complement scale frequency data to elucidate if climate-related 

temperature shifts correspond to population dynamics.  Links to climate fluctuations 

have been made through correlation of scale frequencies with existing climate records 

(e.g., Field et al. 2009).  However, such correlations require precise dating of the 

cores used.  Alternatively, the relative abundance of fish remains or phytoplankton 

tests and the respective temperature tolerances of these species provide proxies for 

ocean conditions, eliminating the need for correlation between records obtained from 

disparate locations (De Vries and Pearcy 1982).  Here we investigate the utility of 

oxygen isotope ratios in fish bioapatite phosphate as another potential avenue to 

explore interactions between climate and small pelagic fisheries. 

In 1947, Harold Urey proposed a method employing oxygen isotope ratios of 

carbonate (δ18OC) as a proxy for paleotemperatures (Urey 1947).  The method came 

to fruition in just a few short years, and it was soon applied to fish otolith aragonite 

(Devereux 1967).  However, in order to estimate temperature from δ18OC it is 

necessary to first determine the δ18O of the fluid from which the mineral precipitated.  

Initial inquiry into oxygen isotope ratios of the apatite phosphate (δ18OP) came with 

the thought that, if the slope of the δ18OP-temperature relationship differed from that 

for δ18OC-temperature, measuring the δ18O of both carbonate and phosphate from an 

apatite sample would allow the calculation of a unique solution for temperature, 

irrespective of water δ18O.  However, because the temperature sensitivities of 

fractionation in both chemical components are very similar, this goal was never 

realized (Longinelli 1965).  Still, δ18OP has emerged as a useful alternative to δ18OC 
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for the investigation of past climate and ecosystems.  This is in part because, at 

normal surface temperatures, oxygen exchange in apatite phosphate is negligible 

without biological mediation even across geologic time scales (Kolodny et al. 1983), 

although δ18O values of apatite phosphate can be altered under certain bacterially 

mediated conditions (Blake et al. 1997; Zazzo et al. 2004). 

 In organisms, many enzyme-mediated reactions, such as those involving 

adenosine triphosphate, witness rapid cleavage and reformation of P-O bonds.  

Through these reactions phosphate biominerals come into isotopic equilibrium with 

body water oxygen isotope ratios (δ18OBW) at the body temperature (Longinelli 1984; 

Ayliffe, Chivas, and Leakey 1994).  The source of dietary PO4 has no impact upon 

biomineral δ18OP (Kolodny et al. 1983).  The accepted thermometry equation is that 

of Longinelli and Nuti (1973):  

 T (˚C) = 111.4 – 4.3 * (δ18OP – δ18OBW)   (Eqn. 2.1) 

This equation was determined by analyzing δ18OP of shells from modern marine 

organisms after precipitation as bismuth phosphate and fluorination.  However, recent 

experimental work in which sea bream were raised in tanks under a range of 

temperatures has questioned the validity of this accepted relationship when using 

silver phosphate precipitation and pyrolysis (Pucéat et al. 2010). 

 In birds and mammals, body water δ18O varies according to drinking and 

dietary water as well as the animal’s physiology (e.g., Bryant and Froelich 1995; 

Kohn 1996; Koch 2007).  Such oxygen budgets are species-specific, and so too must 

be relationships between δ18OP, δ18O of local meteoric water, and, in turn, climatic 
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variables such as temperature and aridity (Kohn 1996).  But in fish, water is rapidly 

exchanged via the gills, at a turnover rate that is two to three orders of magnitude 

faster than for mammals (Nagy and Peterson 1988).  Thus body water δ18O is 

essentially equivalent to that of the aquatic environment (Kolodny et al. 1983; Kohn 

1996).  In spite of this, recent studies on oxygen isotopes in otoliths argue for species- 

or genus-specific fractionation equations in fish (Storm-Suke et al. 2007; Dorval et al. 

2011).  Comparisons of oxygen isotope ratios in otolith aragonite and apatite 

phosphate may help test whether these findings reflect true taxon-specific 

physiological differences as opposed to experimental or analytical inconsistencies 

among labs. 

For homeotherms, body temperature is constant, so bioapatite δ18OP provides 

information on body water δ18O and hence also the climatic and physiological 

variables by which the isotopic composition of body water is controlled (Longinelli 

1984).  In contrast, for poikilotherms including most fish, body temperatures depend 

upon surrounding conditions.  Thus studies of fish often constrain δ18OW by other 

methods and use δ18OP measurements to estimate temperature (e.g., Kolodny et al. 

1996).  Global climate and especially glaciation events affect δ18OW over long time 

periods, and ocean δ18OW also varies with location and season according to 

evaporative losses, currents, upwelling, and freshwater inputs.  But during the late 

Holocene and within the open ocean these variations are small, and δ18OW co-varies 

predictably with temperature and salinity (e.g., Schmidt et al. 1999; Elderfield et al. 
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2010).  Hence by correcting for δ18OW, meaningful temperature estimates can be 

obtained from fish δ18OP measurements. 

In sediment cores from the ocean, small pelagic scales are usually more 

numerous than bones and otoliths (Soutar 1967, Soutar and Isaacs 1969).  Scales are 

identifiable to the species level (Soutar 1967), and their enamel-like coating is 

resistant to post-deposition alteration of oxygen isotope ratios (e.g., Fricke et al. 

1998).  These advantages are tempered by their small size – with current silver 

phosphate microprecipitation methods, several sardine or anchovy scales must be 

aggregated for δ18OP analysis.  Alternatively, δ18OP may be measured from single 

vertebra if available.  The δ18OC of aragonite otoliths can be measured with greater 

precision than δ18OP of apatite, but aragonite is thermodynamically unstable at depth 

and isotopic alteration via recrystallization may occur (Sharp 2006). 

 Chemical and isotope signatures in fish biominerals reflect conditions during 

growth of the structure (e.g., bone, scale, otolith) and thereby integrate across time 

and space.  Bone is remodeled at fine spatial scales such that a single sample may 

contain apatite crystals of varying ages (Lowenstam and Weiner 1989).  In otoliths 

and scales, old material is not destroyed; new material is accreted and may change the 

bulk isotope composition.  Subsampling the layers within accretionary structures 

produces time-series data that can reveal migration histories or local environmental 

change (e.g., Koch et al. 1989; Campana and Thorrold 2001).  Thus biomineral 

allometry must be taken into consideration when interpreting isotope data, especially 

when comparing results from different mineralized structures. 
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Once a robust, system-specific research framework has been established – for 

example by selecting a sufficiently abundant material, assessing potential for 

diagenesis, choosing a proper δ18O-temperature equation, and interpreting in the 

context of biomineral growth across time and space – the application of δ18OP to 

small pelagic fish in the past holds great promise.  The use of δ18OP in fish remains 

allows for precise relative time correlation between abundance and paleothermometry 

estimates, since both use the same material from the same sample.  Furthermore, 

since δ18OP records conditions at the time and location of growth, it registers the 

response of small pelagic fish to changing ocean conditions.  Sardines and anchovies 

today feed and spawn in the California current under specific temperature and 

upwelling conditions (Lluch-Belda et al. 1991).  δ18OP may indicate whether these 

habitat preferences have changed during past times of altered ocean conditions, and 

hence assist in understanding the variable population dynamics of small pelagic fish.  
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Methods 

 

In order to establish a foundation for studies of δ18OP in Holocene small pelagic fish 

remains, we tested the method using modern sardines and anchovies.  Our goals were 

to: 

1. Establish protocols for removal of organic matter from fish scale and bone 

apatite, in order to precipitate pure silver phosphate. 

2. Test whether scale apatite is a valid alternative to bone apatite, i.e., 

whether δ18OP from these materials similarly reflect temperature and 

δ18OW. 

3. Determine the proper equation relating δ18OP, δ18OW, and temperature in 

sardines. 

4. Demonstrate the ability of δ18OP to distinguish between small pelagic fish 

with subtly different environmental histories. 

 

Pretreatment: removal of organics from apatite 

To remove organic matter, apatite samples (fresh bones and scales) were 

soaked in 10% hydrogen peroxide (H2O2) at 50˚C.  H2O2 was refreshed twice daily.  

Samples were treated until they turned pure white, which generally indicated the 

complete removal of organic matter.  After H2O2 treatment, samples were rinsed 3-5 

times in Milli-Q deionized water by centrifuging for 2 minutes at 10,000 rpm and 

pipetting off the supernatant.  Rinsed samples were oven dried at 50˚C.  
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We tested for the optimal duration of H2O2 treatment and for possible oxygen 

isotope exchange of phosphate oxygen during this oxidation step using a jacksmelt 

scale powder.  This powdered bioapatite had already been lightly treated with 10% 

H2O2 for 60 h at 20˚C to break down structural organic matter and facilitate 

homogenization in an agate mortar.  Twelve acid-cleaned microcentrifuge tubes, each 

containing a split of jacksmelt scale powder (1.2 mg ± 0.1 mg) and ~1 mL 10% H2O2, 

were placed with open caps in a 50˚C oven.  H2O2 was changed twice daily, after 

which the samples were agitated with a vortex mixer.  One sample was removed from 

H2O2 treatment every day, through day 12. 

 

Silver phosphate precipitation and δ18OP analysis 

Phosphate from cleaned bioapatite was purified and precipitated as silver 

phosphate (Ag3PO4) using a microprecipitation technique adapted from Wiedemann-

Bidlack et al. (2008).  Briefly, ~1 mg of apatite was dissolved in 100 µL of 2M nitric 

acid; then 33 µL of 2M HF and 1550 µL of a silver ammine solution (0.022M 

Ag3NO3, 0.37M NH4OH, 0.85M NH4NO3) were added to the acidified dissolved 

apatite; and finally this mixture was heated overnight at 50˚C to precipitate silver 

phosphate (Wiedemann-Bidlack et al. 2008).  If crystals failed to form, precipitation 

time was lengthened and the pH of the solution adjusted.  We found no effect of the 

solution’s Ag:PO4 ratio on the δ18O values of Ag3PO4 and thus also sometimes added 

additional Ag3NO3 until the Ag:PO4 ratio approached 100:1 to facilitate precipitation. 
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 Silver phosphate crystals were rinsed 5 times in deionized water, oven dried at 

50˚C, and weighed into silver capsules along with ~100 µg of nickelized carbon to 

facilitate pyrolysis.  Samples were analyzed for δ18OP on a high-temperature 

conversion elemental analyzer (see Ch. 1: Methods for details of silver phosphate 

isotope ratio mass spectrometry). 

 

Bone-scale relationship 

δ18OP thermometry equations have been calibrated using fish bones and teeth 

(e.g., Longinelli and Nuti 1973, Kolodny et al. 1983), but use of scales is less 

common (although see Fricke et al. 1998).  To establish that scales are a valid 

alternative material, we compared δ18OP values of paired bone and scale samples 

from individual fish.  Samples were selected from seven specimens – one each of 

Pacific ocean perch (Sebastes alutus), sardine (Sardinops sagax), jacksmelt 

(Atherinopsis californiensis), yellow croaker (Pseudosciaena sp.), tilapia (tribe 

Tilapiini), white pompano (Trachinotus sp.), and hybrid striped bass (Morone 

saxatilis x M. chrysops) – that inhabited waters representing a wide range of 

temperatures and salinities. 

 

Tank experiment 

Scale samples were obtained from a sardine culturing experiment performed 

by Dorval et al. (2011) at the Southwest Fisheries Science Center (La Jolla, CA).  

Juvenile Pacific sardines (Sardinops sagax) were collected from the Mission Bay bait 
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receiver (San Diego, CA) in September 2005 and cultured in controlled-temperature 

tanks at 13˚C, 17˚C, and 21˚C for 11 months.  Salinity did not vary significantly 

among tanks or over time (Dorval et al. 2011).  Based on a relationship between 

salinity and seawater δ18O in the Southern California Bight (Spero and Lea 1996), 

mean tank water δ18O was estimated to be -0.671‰ VSMOW (Dorval et al. 2011).   

We analyzed scales for δ18OP to verify whether either of the existing δ18OP-

temperature equations of Longinelli and Nuti (1973) or Pucéat et al. (2010) 

adequately described this system.  Prior work used otoliths from this experiment to 

calibrate a species-specific δ18OC-temperature relationship (Dorval et al. 2011), and 

we compared these δ18OC results with those for scale δ18OP.  We report all δ18O 

values on the VSMOW scale, converting as necessary from VPDB (the scale usually 

used for otolith δ18OC values) via the equations of Friedmann and O’Neil (1977).  

Sardine weight, fork length, and otolith weight were measured before and 

after the culturing experiment, but no direct measurements of scale growth were 

made.  Instead, scale radii were estimated using the species-specific allometric 

relationship of Kimura et al. (1972), with standard length converted to fork length 

using the equation (also specific to S. sagax) of Karpov and Kwiecien (1988): 

  SR = 0.1044 * FL – 3.81     (Eqn. 2.2) 

where SR is the scale radius (mm) and FL is the fork length (mm).  Since scale 

mineralization occurs about a disk of near constant thickness (Fig. 2.1), we assumed 

that the amount of apatite in scales was proportional to the square of scale radius.  
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Fig. 2.1: Fish scales grow concentrically, with dark rings (growth checks) separating 
periods of faster growth.  Relative growth rates of scales and otoliths affect the 
response of their bulk δ18O values to changing water conditions.  

 

Thus, the weight fraction of scale apatite composed of new material accreted since the 

experiment began, fN, was estimated by: 

  fN = 1 – (SRI
2 / SRF

2)    (Eqn. 2.3) 

where SRI is the initial scale radius and SRF is the final scale radius.  Finally, 

estimates of δ18OP for the new scale material were made by mass balance, setting the 

δ18OP of the original material equal to the δ18OP of fish sampled at the start of the 

growth experiment: 

  δN = [ δTot - δO * (1-fN) ] / fN    (Eqn. 2.4) 
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where δ refers to the δ18OP value of the scale apatite and the subscripts N, Tot, and O 

denote new, total (bulk), and original scale material, respectively. 

For otoliths, we compared two thermometry equations.  The first equation of 

Campana (1999) proposes that, based on a compilation of past studies, the oxygen 

isotope fractionation associated with inorganic aragonite precipitation applies to 

otoliths in fish:  

δ18OOto – 1.031 * δ18OW = -0.212 * T(˚C) + 34.73  (Eqn. 2.5) 

(Recall that all values are in VSMOW.)  The second equation of Dorval et al. (2011) 

establishes a species-specific equation, calibrated to the same tank sardines from 

which we analyzed scale δ18OP: 

δ18OOto – 1.031 * δ18OW = -0.136 * T(˚C) + 33.44  (Eqn. 2.6) 

Note that this relationship (Eqn. 2.6) is substantially less sensitive to changes in 

temperature than the generally accepted equation (Eqn. 2.5).  To determine the cause 

of this discrepancy, we correlated δ18OP and δ18OC values for the sardines from the 

Dorval et al. (2011) experiment.  We hypothesized that if a species-specific metabolic 

effect were impacting body water δ18O or temperature, or if experimental errors 

occurred during fish culturing (e.g., incorrect δ18OW estimates or temperature 

fluctuations), both otolith and apatite phosphate δ18O values would be similarly 

shifted.  If, on the other hand, a tissue-specific vital effect in sardine otoliths or 

analytical errors during aragonite preparation and stable isotope analyses were the 

underlying cause of the discrepancy between the Campana (1999) and Dorval et al. 
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(2011) otolith equations, apatite δ18OP values would not be similarly affected and 

hence would likely match established equations. 

 

Discrimination between small pelagic fish with different environmental histories 

Sardines and anchovies were collected from Monterey Bay (California) in 

October of 2008.  Otoliths were analyzed for δ18OC (by Barbara Javor, Southwest 

Fisheries Science Center), and bones were analyzed for δ18OP.  Anchovies prefer 

slightly cooler waters than sardines do, so we tested whether otolith δ18OC and scale 

δ18OP could detect these expected temperature differences.  
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Results 

 

I. Does cleaning apatite with H2O2 affect δ18OP values? 

Among samples of jacksmelt scale apatite immersed in H2O2 for one to twelve 

days, those with treatment times greater than five days consistently produced golden 

Ag3PO4 crystals.  In contrast, some samples treated for fewer than five days produced 

greenish black crystals (Fig. 2.2).  Golden Ag3PO4 crystals displayed consistent δ18O 

values (22.4‰ ± 0.1‰, n=7), while darker crystals exhibited lower oxygen yields and 

lower δ18O values (21.7‰ ± 0.2‰, n=3). 

 

II. Do bones and scales record similar δ18OP signals? 

There was a close correlation between δ18OP values of bone and scale samples 

paired by individual fish across seven species (Fig. 2.3).  Indeed, taken as a group, 

paired bone and scale δ18OP values did not differ significantly from one another 

(Student’s paired t-test, p=0.624). 

 

III. Tank-cultured sardines 

 Bulk scale δ18OP values were highly correlated to otolith δ18OC across the 

different temperature treatments (Fig. 2.4).  As predicted by temperature-dependent 

fractionation, δ18O values for both otoliths and scales increased with decreasing water 

temperature.  Estimates of the proportion of scale material that was accreted during 

the experiment ranged from 46% to 61%, depending upon the average growth rate in  
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Fig. 2.2: Jacksmelt scale apatite treated for >5 days with H2O2 produced golden 
Ag3PO4 crystals with consistent δ18O values (mean ± stdev = 22.4 ± 0.11‰, n=7).  
Some samples treated for <5 days produced greenish black crystals with lower 
oxygen yields and lower δ18O values, probably due to the presence of a contaminant.  
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Fig. 2.3: Most δ18OP work with fish focuses on bones, but scales also occur in the 
fossil record and can be easier to identify. On a plot of scale vs. bone δ18OP, the least-
squares regression (in black) does not differ significantly from the 1:1 line (red 
dashed), indicating that the two materials similarly record growth conditions.  
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Fig. 2.4: Comparison between δ18O values of otoliths and scales obtained from 
sardines grown for 11 months under controlled conditions.  Data points represent 
mean tank values (± std error). Otolith δ18O data comes from Dorval et al. 2011. 
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each tank.  For comparison, otolith weight increased by 76% to 113% (from 0.695 mg 

to 1.221-1.478 mg), and fork length increased by 25% to 46% (~120 mm to 150-175 

mm; Dorval et al. 2011).  Adjusting δ18OP to reflect only the scale material accreted 

during the experiment improved the fit of the δ18OP-temperature relationship to the 

equation of Longinelli and Nuti (1973; Fig. 2.5). 

The least squares regression equation for this study’s data was: 

T (˚C) = 101.7 – 3.8 * (δ18OP – δ18OW)   (Eqn. 2.7) 

This closely matches Longinelli and Nuti’s (1973) equation over the sampled 

combinations of temperature and δ18OW, but it falls well below the revised equation 

proposed by Pucéat et al. (2010).  Indeed, the Pucéat et al. equation is not included in 

the 95% confidence interval on the linear regression for this study (Fig. 2.5). 

Biomineral deposition during the experiment occurred when temperature and 

salinity (hence δ18OW) were held constant, so the δ18OP of this material should reflect 

those stable conditions.  Dividing the δ18OP-temperature relationship of Longinelli 

and Nuti (1973; Eqn. 2.1) by two possible otolith δ18OC equations, either Eqn. 2.5 of 

Campana (1999) or that of Dorval et al. (2011), relationships between otolith and 

scale δ18O can be derived: 

δ18OP = -11.38 + 1.061 * δ18OC    (Eqn. 2.8) 

δ18OP = -30.94 + 1.658 * δ18OC    (Eqn. 2.9) 

where δ18OP and δ18OC are both in VSMOW.  Material deposited during the 

experiment more closely matched Eqn. 2.9 (Fig. 2.6). 
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Fig. 2.5: Temperature affects the δ18O difference between apatite phosphate and the 
water from which it precipitates (δ18OP – δ18OW).  Since sardines were grown at 
precisely controlled temperatures, the largest error was in δ18OP - δ18OW.  Therefore 
we performed a type I regression for sardines grown at controlled temperatures (solid 
red line), which yields an equation of δ18OP – δ18OW = 26.7(±2.29) - 0.265(±0.136) * 
T(˚C).  The equivalent equation for the dependence of temperature on δ18OP is T = 
101.7 - 3.8 * (δ18OP - δ18OW).  The 95% confidence interval for this regression 
(marked by dashed red lines) includes the established equation of Longinelli and Nuti 
(1973; blue line), but it is significantly different from the equation proposed by 
(Pucéat et al. 2010; green line). 
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Fig. 2.6: Newly formed mineral δ18O values of scale phosphate and otolith carbonate 
were closely correlated.  The regression for this study (red line) closely matched the 
relationship between the fractionation equations of Longinelli and Nuti (1973) and 
Dorval et al. (2011) (black line). 
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Fig. 2.7: Bone and otolith δ18O values were measured for wild anchovies and sardines 
captured from Monterey Bay, California in October, 2008.  Each data point represents 
an individual fish, with a single carbonate δ18O measurement and two to four 
phosphate δ18O measurements.  Error bars on mean values represent 1 standard 
deviation.  Otolith carbonate and bone phosphate δ18O both indicated that sardines 
occupied warmer temperatures than co-occurring anchovies (by ~2˚C, assuming 
constant δ18OWater).  Within species, otolith δ18OC was less variable than bone δ18OP. 
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IV. Can we distinguish fish from different growth environments using δ18OP? 

Otolith aragonite δ18OC and bone apatite δ18OP both showed that Monterey 

Bay sardines occupied warmer temperatures than co-occurring anchovies (Fig. 2.7; by 

~2˚C, assuming constant δ18OW.  The otolith δ18OC and bone δ18OP values did not 

follow the expected relationship for fish in isotopic equilibrium based on the tank 

experiments (Eqns. 2.8 and 2.9).  Rather, estimates of growth temperatures from 

bones were higher than estimates made from bulk otoliths.  Sardine growth 

temperature estimates were 15.1˚C (Dorval et al. 2011) and 15.7˚C (Campana 1999) 

from otolith δ18OC, and 17.6˚C from bone δ18OP (Longinelli and Nuti 1973); for 

anchovies these estimates were 11.3˚C, 13.3˚C, and 16.3˚C, respectively. Within 

species, otolith δ18OC was less variable than bone δ18OP. Pooled sample standard 

deviations (0.2‰ for otolith δ18OC, 0.4‰ for δ18OP) represent a combination of 

natural variability among individual fish (which depends upon environmental 

histories and biomineral allometry) and analytical error (greater for bone δ18OP).  To 

detect a 2˚C difference with 95% confidence 80% of the time, 7 δ18OP samples or 2 

otolith δ18OC samples are required.   
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Discussion 

 

Precipitation & cleaning methods 

 An ideal apatite pretreatment method must remove organic contaminants 

without altering the isotopic composition of mineral PO4.  We found that low-

temperature H2O2 treatment of fish bones and scales for >5 days was sufficient to 

ensure that precipitated silver phosphate crystals were gold-colored and yielded 

consistent δ18OP values.  Crystals precipitated from scale apatite treated for shorter 

periods of time more often produced green to black crystals with lower δ18OP values.  

Other studies report that crystals of pure Ag3PO4 are gold-colored, with darker 

coloration indicating organic contamination that often lowers δ18OP values 

(Wiedemann-Bidlack et al. 2008).  Thus extended treatment with H2O2 successfully 

removed organic contamination from fish bones and scales. 

Soaking in 10% H2O2 at 50˚C disaggregated fish scales and bones into a fine 

white powder.  Mechanical homogenization facilitated this oxidation process but 

risked material loss and was often unnecessary.  Weiner and Price (1986) reported 

that oxidation with NaOCl completely removed organic matter from fish bones and 

turkey tendons, although other bioapatites (mammal bones and whale bulla) with 

intergrown, collagen-containing crystal aggregates required sonication for complete 

breakdown and oxidation of organic matter (Weiner and Price 1986, Lowenstam and 

Weiner 1989). 
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Many of the green to black crystals did not violate internal mass spectrometry 

checks on data quality (δ13C and oxygen yield; see Ch. 1).  The δ13C value of an 

impure Ag3PO4 sample may fall within normal ranges because the contaminant’s 

carbon was negligible in quantity or of similar isotopic composition to the vitreous 

(glassy) carbon that reacts with sample oxygen to form the measured CO gas.  Outlier 

determination based on oxygen yields may also fail to screen all contaminated 

samples because the contaminant’s mass was small relative to the sample or because 

its oxygen content was similar to the sample.  Therefore, all pure Ag3PO4 should fall 

within normal ranges of δ13C and oxygen yield, but these checks for the quality of 

isotope analyses should be complemented by other indices such as crystal color in 

order to exclude a more complete set of potential outliers.  

Cleaning sometimes causes isotopic fractionations that vary with the treatment 

duration, the concentration of solutions, and the relative amounts of sample and 

solution; in these cases precise methods are imperative to obtain consistent results 

(Koch et al. 1997).  However, this study found no indication that δ18OP values of fish 

apatite were altered by H2O2 treatment at 50˚C.  Rather, the asymptotic relationship 

of δ18OP with treatment duration permits some flexibility in methodology, provided 

that a reasonable minimum threshold of organic removal has been met.  

 

Bone vs. scale δ18OP 

The close correlation between bone and scale δ18OP values supports the 

hypothesis that oxygen isotopes in bones and scales record similar environmental 
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signals.  At the level of precision required for most paleoclimatic and paleoecological 

studies, both materials are sufficient to produce equivalent environmental records.  

However, upon closer inspection, the different styles and rates of growth that apply to 

a fish’s bones and scales may cause them to respond differently to changes in δ18OW 

and temperature (Fig. 2.8).  Consequently, paired δ18OP values of scales and bones 

from fish with varied environmental histories may not be identical, i.e., they may 

scatter about the 1:1 line on Fig. 2.3.  A fish’s scale δ18OP may be higher or lower 

than its bone δ18OP depending upon the relative rates of growth and turnover of these 

constituents occurring across temporally and geographically changing environmental 

conditions.  A corresponding model of biomineral δ18OP would integrate water δ18O 

and temperature for a fish’s migratory route or residence, weighted according to the 

biomineral’s allometry. 

 The δ18OP data for sardines cultured at controlled temperatures are consistent 

with the established δ18OP-δ18OW-temperature relationship of Longinelli and Nuti 

(1973).  The revised equation of Pucéat et al. (2010), which is offset by +2.2‰ from 

the established equation, is not supported by this study’s data.  These results suggest 

that the continued use of Longinelli and Nuti’s (1973) equation is warranted.   

 For the tank-cultured sardines, previous work found that otolith δ18OC 

deviated from the expectations of prior temperature-dependent fractionation 

equations, prompting a new species-specific relationship to be proposed by Dorval et 

al. (2011).  Previous studies have found δ18OC to be about 8.3‰ higher than δ18OP 

(e.g., Cerling and Sharp 1996).  In contrast to this constant offset across a range of  
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Fig. 2.8: This simple model demonstrates the potential for the bulk biomineral δ18O 
values to differ according to their allometry following an environmental perturbation 
(at time t=0).  Here, we assume scale weight increases linearly with time, at a rate that 
doubles its size between t=0 and t=1.  Bones and otoliths grow proportionally to the 
3/2 power of scales.  The modeled turnover (r) of material within a biomineral ranges 
from r=0 (representing accretion in otoliths and scales) to r = 0.5 (rapid turnover in 
bones). Higher turnover and faster growth are associated with more rapid 
incorporation of the new isotopic signal. 
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temperatures, the equation of Dorval et al. (2011) describes a lower temperature 

sensitivity of fractionation for otolith δ18OC relative to apatite δ18OP.  

Since δ18OP from the same tank-cultured sardines used by Dorval et al. (2011) 

did match Longinelli and Nuti’s established fractionation equation, there appears to 

be nothing unique about sardine body water δ18O that could explain the species 

specificity of otolith isotopic composition.  This matches physiological expectations: 

while there may be much variation in body water oxygen isotope fractionations 

among mammal species because of differing metabolisms and water budgets, gilled 

organisms rapidly exchange H2O molecules with the environment and therefore stay 

in close isotopic equilibrium with the surrounding waters (Lécuyer et al. 1996).  

Furthermore, the concordance of δ18OP values with the established fractionation 

equation supports the validity of the culturing methodology and associated estimates 

of tank temperatures and δ18OW.  Instead, the anomalous otolith δ18OC data may be 

explained by either (1) a species-specific fractionation associated with the sardine 

carbonate system or (2) systematic analytical error arising during otolith preparation 

and isotope analysis. 

 The chances of encountering systematic error in isotopic values between 

sample sets increases when results were obtained from different batches or at 

different facilities.  Rigorous normalization to calibrated standards minimizes such 

error, but only back to the step at which samples and standards were treated 

identically (Brand 2004).  When the underlying cause of differences between 

alternative fractionation equations is uncertain, a conservative approach is to calibrate 
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(or verify) the equation for both the specific species and the specific methods used in 

its application.  In this study’s example of sardines cultured at controlled 

temperatures, the data fit better to a δ18OP-δ18OC relationship that accounts for a new 

system-specific carbonate fractionation equation (Eqn. 2.9), indicating that 

inappropriately applying the general equation (Eqn. 2.8) to these samples would 

diminish the accuracy of associated estimates of environmental conditions.  

 

Sardines and anchovies from Monterey Bay 

Estimated growth temperatures from bulk otoliths of wild Monterey Bay 

sardines (15˚C) and anchovies (12˚C) were lower than those estimated via bone δ18OP 

(18˚C and 16˚C, respectively).  This is consistent with biomineral growth across 

seasonally changing ocean temperatures: California coastal waters are relatively 

warm in the months preceding the October sampling, and bone growth and turnover is 

expected to incorporate 18O-depleted material from these conditions more quickly 

than aragonite accretion in otoliths (Fig. 2.8).  This corresponds to higher temperature 

estimates in bones relative to otoliths following the warmer seasons.  An alternative 

explanation for the large difference between otolith and bone temperature estimates is 

analytical error in either carbonate or phosphate δ18O, e.g., insufficient organic 

removal (hence lower δ18OP) in bones, although we do not suspect this because all 

samples passed quality control criteria based on crystal color, δ13C, and oxygen yield.  

Uncertainties in fractionation equations are another potential source of error, but since 

several otolith δ18O-temperature relationships converge across the narrow range of 
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sample δ18OC (Campana 1999, Dorval et al. 2011), this error is unlikely to 

significantly impact temperature estimates for these fish. 

 The lower temperature estimates for anchovies relative to sardines are 

concordant with anchovies’ association with cold, coastal upwelling waters; sardines 

typically rely on production from comparatively warm offshore upwelling 

(Rykaczewski and Checkley, Jr. 2008).  Thus δ18OP successfully detected habitat 

differences between these two species and might be similarly applied to apatite fish 

remains from Holocene ocean sediment cores, provided that these materials are not 

altered. 

Through the 1980s, several lines of evidence suggested just that – that δ18OP 

was highly resistant to diagenesis.  Support included: lab studies demonstrating that 

inorganic exchange of oxygen between phosphate and water is extremely slow at 

normal surface temperatures, so as to be negligible even across geologic time scales 

(Winter et al. 1940; Tudge 1960); field studies analyzing fossil δ18OP, which were 

generally consistent with values predicted by applying empirical temperature-

dependent fractionation equations (derived from fresh material) to the expected life 

histories of ancient organisms (Kolodny and Luz 1991); and data showing that 

within-species and within-individual variability in δ18OP of Cenozoic fish bones and 

teeth was low, ruling out diagenesis of varying degrees and supporting a view that 

samples were uniformly preserved (Kolodny and Luz 1991).  Accordingly, most 

studies operated under the premise that the oxygen isotope record in phosphate is 

nearly perfectly preserved post deposition and burial (Kolodny et al. 1983).   
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 More recently, however, it has been recognized that microbial activity can 

modify δ18OP signatures of biominerals (McArthur et al. 1987; Ayliffe, Chivas, and 

Leakey 1994; Kolodny et al. 1996; Blake et al. 1997; Sharp et al. 2000).  Experiments 

by Zazzo et al. (2004) found that rates of inorganic oxygen isotope exchange were an 

order of magnitude slower in PO4 than CO3 for bioapatite; but when bacteria were 

introduced, reaction rates were 2 to 15 times greater for PO4.  Thus it is critical to 

assess the potential for diagenesis with each set of samples.  Fish scales may be less 

susceptible to isotopic alteration due to an enamel-like composition (Fricke et al. 

1998; Sharp et al. 2000).  Burial of less resistant fish bones in anoxic environments 

can still yield quality isotopic data (Kolodny and Luz 1991), and some situations may 

even permit the back-calculation of original isotopic composition from materials 

altered by diagenesis (Zazzo et al. 2004). 

Once sample δ18OP values have been determined to faithfully represent 

original environmental conditions, down-core changes in stable isotope ratios may be 

attributed to their likely causes.  In pelagic waters the potential effects of changing 

δ18OW on biomineral δ18OP are relatively small: open ocean δ18OW has remained 

relatively constant since the late-Pleistocene deglaciation, and modern ocean 

dynamics suggest that temperature effects on δ18OP are more than three times greater 

than the effects of varying δ18OW (Schmidt et al. 1999).  Down-core δ18OP signals 

reflect the response of small pelagic fish to changing ocean conditions across decadal 

time scales, but δ18OP also varies with season, age, stock identity, and other factors.  

Thus interpretation of Holocene results will require careful consideration of light of 
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multiple working hypotheses – e.g., δ18OP shifts may be caused by changes in 

climatic conditions, migration histories, or stock identities.  Each hypothesis must be 

weighed according to current knowledge of sample origin, stock dynamics, and fish 

physiology and ecology.  Combined with abundance records, Holocene δ18OP records 

from fish scales and bones have the potential to inform relationships between 

population dynamics and environmental conditions. 
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