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ABSTRACT 
Seawater temperature, salinity and carbonate chemistry have been shown to influence the uranium/calcium (U/Ca) ratios of 
scleractinian coral skeletons. This apparent sensitivity of U/Ca to multiple environmental parameters calls into question whether 
there is one environmental variable that most strongly controls coral U/Ca, and whether U/Ca can be straightforwardly applied 
as a paleoenvironmental proxy due to the tendency of environmental variables to covary in space and time. In this study, uranium 
concentration data from an existing compilation of tropical scleractinian coral U-series measurements is paired with 
environmental data from the World Ocean Atlas (WOA) and the Global Ocean Data Analysis Project (GLODAP) to examine the 
sensitivity of coral skeletal U/Ca to multiple seawater properties including temperature, salinity, pH, and saturation state. First, 
univariate linear regressions and multiple linear regressions were used to compare relationships between uranium and 
environmental parameters in the dataset with relationships observed in previous studies. Next, principal component analysis and 
regularized regression were used to identify the most likely predictors of coral U/Ca in order to create a multiple linear regression 

oral. 
The magnitude and strength of relationships between U/Ca and environmental variables also differ across different genera. 
Seawater properties with strong correlations and small ranges make interpretation of these results difficult. However, results of 
these analyses indicate that U/Ca is dependent on multiple environmental parameters and that previously developed univariate 
regressions may be insufficient to characterize the full range of variables that influence coral [238U]. 
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INTRODUCTION 
Understanding how and why the environment has changed naturally over Earth’s history can provide valuable insight into how 
Earth’s climate system will respond to ongoing anthropogenic perturbations. Instrumental records of oceanic changes do not exist 
beyond the last ~100 years, however, so to access information about ocean changes further in the past, indirect indicators of 
environmental change, referred to as ‘proxies’, are used. Scleractinian corals skeletons are one of the most fruitful proxies for past 
climate and environmental change because their age can be precisely determined, they tend to record environmental properties of 
the seawater in which they grow, it is possible to make multiple measurements of environmental properties on the same sample 
due to their relatively large size, and they can capture sub-annual environmental variability.1, 2 In recent years, the U/Ca ratio of 
corals has been explored as a proxy that responds linearly to changes in seawater properties including seawater temperature,3 
salinity,4 pH,5 and carbonate ion concentration.6 The ability of coral U/Ca to capture past seawater salinity, pH, and/or carbonate 
ion concentration, in particular, would be a valuable addition to the arsenal of coral-based proxies, due to the relative lack of 
proxies for these important environmental variables. In particular, indicators of pH and carbonate ion concentration could help us 
better understand the relationship between changes in atmospheric CO2 and ocean acidification.7 An understanding of past 
changes in seawater salinity can provide insight into the relationship between salinity and ocean circulation and also can be used to 
learn about the relationship between changes in climate and the hydrological cycle.8 

 
There is reason to expect U/Ca in corals to be sensitive to seawater pH and/or carbonate ion concentration. Inorganic aragonite 
precipitation experiments conducted by DeCarlo et al. (2015) suggest that U is incorporated into the aragonite mineral in 
proportion to the ratio of [U]/[CO32-] in seawater.9 These results support the idea that corals, which make aragonite skeletons, 
may also incorporate uranium in proportion to the concentration of carbonate ion in seawater. A potential problem is the fact 
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that corals do not appear to precipitate their aragonite skeletons directly from seawater, but rather from a semi-enclosed space 
referred to as the calcifying fluid.10–12 Because corals are able to manipulate the chemical composition of this calcifying fluid 
(through active pumping of protons, for example), the calcifying fluid has a carbonate chemistry that is distinct from external 
seawater.13–15 As a result, coral U/Ca could be more dependent on other environmental parameters that have strong effects on the 
coral skeletal growth process. 
 
There is also evidence that coral U/Ca may be dependent on sea surface salinity. First, Swart and Hubbard (1982) showed that 
coral U/Ca ratios appear to be dependent mainly on the absolute concentration of U in seawater.16 As a result, they postulated 
that U/Ca in coral could record salinity variations as a result of changes in the absolute concentration of U. Results of Shen and 
Dunbar (1995), showing that U/Ca in tropical coral skeletons decreased during times of greater local rainfall, generally support 
this idea.17 

 
Many published studies have also examined relationships between U/Ca and seawater temperature.3, 18–23 While it does not appear 
that U/Ca is sensitive to temperature in inorganic aragonite,7 U/Ca is correlated with temperature in natural samples over 
seasonal cycles.24 As a result, U/Ca may be related to seawater temperature through an effect of temperature on the coral skeletal 
growth process.  
 
To date, the studies calibrating environmental proxies based on coral skeletal U/Ca ratios come from natural samples collected 
from a single geographic location,17, 24 or from laboratory-based culture experiments in which one environmental variable is varied 
while others are held constant.5 However, if paleoclimatologists hope to apply proxies over a broad geographic range and far into 
the past (when seawater boundary conditions may have looked quite different), it is important to quantify whether U/Ca depends 
on a single, or multiple, environmental parameters. It is also important to quantify how precisely environmental variations could 
be reconstructed from coral U/Ca.  
 
One common approach in proxy development is the ‘space-for-time’ approach, which trains proxies based on modern spatial 
variability in environmental parameters. For example, in the case of ocean sediment cores, measurements of chemical, geological, 
physical or biological variables are made in the top few centimeters of ocean sediment and are examined for correlations with 
environmental variables in the water column overlying the sediment core location. Recent studies have combined core-top 
measurements of Mg/Ca ratios in foraminifera with oceanographic databases to refine the foraminifera-based Mg/Ca 
paleothermometer.25, 26 An assumption embedded in the ‘space-for-time’ calibration strategy is that the relationships between 
environmental changes and the proxy of interest are common across space and at a single location over hundreds, thousands, or 
even millions of years. 
 
This study attempts to conduct a calibration of U/Ca’s sensitivity to environmental changes using a ‘space-for-time’ approach 
whereby modern and Recent (Holocene and younger) tropical coral U data are compared with environmental data from the 
World Ocean Atlas (WOA) and the Global Ocean Data Analysis Project (GLODAP). A wealth of coral U data exists in the 
literature due to the fact that tropical corals have been measured by U-series dating as a way to generate sample ages for decades 
(e.g. Robinson et al. 2014).27 In order to obtain U-series ages from coral, the abundance of [238U], which makes up >99% of the U 
in the coral skeleton, is determined. As a result, U-series measurements made over the past few decades also produce 
measurements of coral [U]. Recently, Chutcharavan et al. (2018) compiled coral U-series measurements from the literature and 
analyzed the data to determine whether seawater [234U]/[238U] ratios appear to have changed over time.28 In the present study, the 
compilation of Chutcharavan et al. (2018) is used to investigate whether the [U] of recent corals appears to vary significantly with 
environmental variables such as temperature, salinity, pH, and/or carbonate ion concentration. 

 
METHODS AND PROCEDURES 
Data Compilation 
Coral U-series data compiled in Chutcharavan et al. (2018) was used to evaluate the relationship between coral skeleton [U] and 
the environmental properties of seawater in which the corals grew.28 The main variables of interest alongside the genus, age, 
calcite abundance (as % calcite), and [238U] of the corals include sea surface temperature (SST), salinity (SSS), pH, total alkalinity, 

-
series data were included in our analyses. A summary of these variables for these two genera can be found in Table 1. Coral [238U] 
data is converted to coral U/Ca molar ratios using the atomic weight of U and by assuming that Ca concentrations in the tropical 
coral skeletons are 9.52 mmol Ca/g coral aragonite. Analyses of Ca concentrations in coral skeletons show that [Ca] in tropical 
coral skeletons varies by ~0.4%.29, 30 As such, U/Ca variations in coral skeletons are dominated by variability in [238U].  All 
samples for which [238U] were labeled as “not reported” and/or genus was reported as “nd”, “unknown”, or “unidentified” were 
excluded from the analysis.  
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While the coral samples in Chutcharavan et al. (2018) range in age from modern to ~55 kyr, we restrict our investigation to n=737 
samples of Holocene age, specifically <10 kyr. These samples indicate stable seawater [234U]/[238U] ratios over the last 10 kyr. 
Restricting our samples to those of Holocene age and younger ensures that we retain a relatively large number of samples for our 
analyses. Additionally, the Holocene is a time of relatively stable climate, such that we expect the modern spatial variability in 
environmental variables covered by our samples from different sites to be much greater than the Holocene environmental 
changes at any given site. Although recent studies have demonstrated variability in SSTs of up to 1°C during the Holocene at high 
latitudes, SSTs in the tropics appear to vary by ~0.5°C during this time.31, 32 Discrepancies in environmental records from the 
Holocene generated by different proxies also remain, making it difficult to explicitly correct for climatic variability in Holocene-
age samples.32 
 

Variable 5th Percentile Median Mean 95th Percentile 

[238U] (ppm) 0.93 1.14 1.20 1.66 

Age (ka) 0.01 0.46 2.4 9.00 

Calcite Abundance (%) 0.00 0.50 0.44 1.00 

Salinity (g/kg) 33.05 35.11 34.72 35.94 

Temperature (°C) 24.29 26.65 26.63 29.35 

pH (total scale) 8.05 8.11 8.10 8.13 

Total Alkalinity (μmol/kg) 2180.89 2264.88 2272.45 2364.90 

TCO2 (μmol/kg) 1870.91 1953.53 1943.54 2001.25 

 3.16 3.76 3.69 4.18 

234U initial (‰) 141.23 144.83 144.66 148.51 

Table 1. Data summary of key coral and environmental variables.29–32 These values include all non-missing values with age under 10,000 years from the two most 
abundant genera in the Chutcharavan et al. (2018) compilation. 

 
Complementary environmental data from the World Ocean Atlas (WOA) and the Global Ocean Data Analysis Project 
(GLODAP) was paired with the coral U-series dataset. Both projects have been updated with recent oceanographic data, mapped 
at 1° by 1° gridded points with latitudes, longitudes, and depths associated with each point.  This feature makes the WOA and 
GLODAP datasets appropriate to compare directly with one another and with our coral dataset. The mean oceanographic 
temperature and salinity data from the WOA is based on the analysis of historical oceanographic profiles and select surface-only 
data as described in greater detail in Zweng et al. (2018) and Locarnini et al. (2018).33, 36 All other environmental variables were 
accessed as mapped climatologies from GLODAPv2.34, 35 Additional detail on the methodologies used to create these mapped 
climatologies can be found in Lauvset et al. (2016).34 
 
To pair coral data from a particular geographic location with environmental data, a distance function was created which measures 
the distance from each coral sample included in Chutcharavan et al. (2018) to the grid locations where each of the environmental 
variables were measured. Since the GLODAP and WOA data are built on a grid and use interpolation from measured data, coral 
environmental parameters were estimated by taking the weighted average of the three closest values to each fossil coral sample. 
The function was coded in C++ for efficiency and run in R using the Rcpp library.37–39 The function measured the distance 
between any two points on earth, that is the coral and each environmental grid location, measured in latitude and longitude, taking 
the earth's curvature into account. In the case that latitudes or longitudes were not reported in Chutcharavan et al. (2018) or in the 
original scientific papers cited by Chutcharavan et al., the original scientific papers reporting coral U-series data were searched for 
coral collection sites, and the longitudes and latitudes corresponding to these sites were identified.   
 
Data Cleaning 
The coral samples compiled in Chutcharavan et al. (2018) were constrained to those of Holocene age (i.e. ~10,000 years of age and 
younger). At ages beyond about 15,000 years, there are fewer coral samples in the compilation for a given time point such that the 
data are sparser. After filtering for age, the resulting dataset contains 737 of the original 1860 samples. Filtering the coral samples 
to those younger than ~10,000 years results in [238U] vs. Age slopes close to zero as seen in Figure 1 below. 
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Figure 1. This plot uses coral [238U] data as a function of age for samples of the genera Acropora and Porites across the entire Chutcharavan et al. (2018) dataset, 

filtered to remove NA's and filtered for samples younger than 10,000 years. Age slopes were close to zero for each genus: Acropora (0.008 (+/- 0.004)) and Porites 
(0.022* (+/- 0.003)), and when including both genera (0.03* (+/- 0.003)). 

*indicates significance at the .05 level. Results include coefficient estimates followed by standard errors. 
 

Next, the relationship between [238U] and % calcite was explored. The presence of  calcite in the coral skeleton can overprint the 
original geochemical composition of coral skeletons at the time of growth because U incorporation in calcite and coral aragonite 
differ.40 Some labs reported % calcite as a range of values, in which case the maximum reported value was used in order to avoid 
underestimating the % calcite of the sample. The data was assessed on variable and genus levels for differences between corals 
with different amounts of calcite. Calcite values were divided into three groups: less than or equal to one percent, greater than one 

37 samples, N/A = 580 samples). The threshold chosen was 
1% because this value corresponds to the detection limit of many X-ray diffraction measurements that quantify calcite 
abundance.28 The directions of the slopes for the group where calcite > 1% differs from that of the calcite  group for pH 

Figure A1 in 
Appendix). To optimize U data quality, the 37 samples with values of calcite greater than 1% were removed from the working 
dataset. We also note that the majority of samples younger than 1 kyr did not record percent calcite.28 The original studies 
corresponding to these published samples assess preservation by qualitative measures including scanning electron microscopy, or 
otherwise note that there are no detectable traces of calcite in the samples.41, 42 Our univariate regression results for temperature, 
salinity, and pH all did not change significantly between the case where samples were restricted to only those with calcite v
1% (i.e. samples with calcite values of N/A were removed) and the case where samples with calcite values of N/A were included. 

ust 
analysis with greater sample sizes. 

 
The next data integrity check was to examine [238U] values at the lab level for outliers. Labs 1, 3, 9, 11 and 16 were investigated as 
their means fell greater than one standard deviation from the mean of all the samples. A multiple linear regression model was 
trained on all the other lab data and used to create prediction intervals for the data from those five more extreme labs. Only six 
out of 104 observations fell outside of a 95% prediction interval across all sites for those five outlying labs, so no lab exclusions 
were made (Figure 2). Additional details can be found in the project GitHub repository, a link to which is provided in the 
Appendix. 
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Figure 2. Each lab's mean [238U] was calculated for all samples, and points sized by number of samples. Points are colored by whether or not the lab reported 

calcite values for their sample. The black horizontal line is the global mean, and the blue lines are +/- two standard errors from the lab aggregated mean. 
 

An additional analysis conducted to validate the data was to check if any sites had unusual or strongly correlated environmental 
data values. Since environmental data is resolved at the site level, there are 51 unique sites, and thus 51 values for each of the 

2). As seen in Figure 3, salinity values above and below 34 
g/kg seemed to cluster in regard to their pH and temperature values, leading to a further investigation of the sites with low salinity 
values. 
 

 
Figure 3. Salinity values associated with each geographic site in our data set, plotted against pH and temperature, colored by salinity. 

 
These points of interest came from a broad region of low mean salinity waters in the Indo-Pacific, and their salinity, temperature, 
and pH values are reasonable for this geographic location (Figure 4). 
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Figure 4. Global map with gridded ocean salinity data colored from blue (low) to red (high).36 

 
Variability in relationships between [U] and environmental variables were also examined by genus; only corals with genera that 
had more than 50 samples were selected. It is notable that 297 samples had no genus listed and were excluded. After selecting the 
top two genera, filtering for age and calcite abundance, and finding no issues with locations or labs, 700 samples remained out of 
the original 1860 (Table 2). After data cleaning, 51 sites remained out of the original 78. The original data distribution can be 
found in Table A1 in Appendix. 
 

Genus Number of Samples Percent of Total 

PPoorriitteess  533 76% 

AAccrrooppoorraa  167 24% 

Both Genera 700 100% 

Table 2. After filtering for age and calcite and keeping genera with more than 50 samples. 

Statistical Methods 
Univariate linear regression was used to test if [238U] can be used as a proxy for temperature, salinity, and pH separately, as has 
been done in previous studies.3, 6, 18–24, 43, 44 Additionally, multiple linear regression was used in order to account for additional 
variables which cannot be controlled for in an observational setting. In order to perform multiple linear regression, predictors 
need to be chosen, a process known as feature selection. Regularized regression (e.g. lasso and ridge regression) has been widely 
used in recent years due to its demonstrated prediction prowess on data with many predictors of unknown relationships. 
Regularized regression is suited to this task because the underlying relationships are expected to be linear, not categorical or tree-
like. The technique of regularized regression solves a linear regression minimization problem for a best fit linear model to data but 
includes a penalty parameter proportional to a measure of coefficient size. Thus, this technique prefers more parsimonious 
models with coefficients of smaller magnitude. There are multiple flavors of regularized regression with different methods to 
measure the magnitude of models’ coefficients, the two most common being ridge regression, which uses the sum of the squared 
coefficients, and lasso regression, which uses the sum of the absolute value of the coefficients. Elastic net is a more general form 
of regularized regression that uses a linear combination of squared and absolute value coefficients.45 

 
To compare the regularized regression methods, two stages of 10-fold cross validation were employed. The first stage is used to 
reserve some out-of-bag test data in order to compare regularized regression techniques. For each of the folds of the first-stage, 
10-fold cross-validation is again performed to select the minimum and one standard error penalty parameter for each of the three 
techniques: ridge, lasso, and elastic net. Then, minimum and one standard error models for each of the techniques were used to 
compute a root mean squared error (RMSE) on the initial reserved out-of-bag data from the first stage of cross-validation. RMSE 
is a technique used to compare model accuracy in regression by taking the mean of the squared differences of actual and predicted 
values, and then taking the square root of that mean. A lower RMSE indicates a more accurate model. The RMSE is then 
averaged for the 10 folds of the first stage of cross-validation. The minimum penalty parameter always performed better than the 
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one standard error penalty parameter across the three models, and the RMSE was within .01% for the minimum penalty 
parameter across the three methods. Thus, since there was on average essentially no difference in RMSE between the techniques, 
lasso was chosen for simplicity. 
 
Bootstrapping, the technique of resampling the data with replacement, was employed to ensure stable estimates from variable 
selection. Due to the randomness of sampling in cross-validation of lasso modeling, bootstrapping the data was necessary to 
quantify random differences and stabilize the results. The data was bootstrapped 5,000 times, a lasso model was fit to the 
bootstrap sample, and the selected variables, their coefficients, and the penalty parameter were all recorded.  
 
Best subset selection was implemented for comparison with the bootstrapped lasso approach. This involved fitting every possible 
combination of linear models with a given set of predictors, of which there are 2p possible models, where p is the number of 
predictors in the data. These models can then be compared with a selection of characteristics, such as adjusted R-squared, or 
information criterion like AIC (Akaike information criterion) and BIC (Bayesian information criterion).46 Information criterion 
are frequently used and often preferred when comparing models with different sets of predictors, as they can help account for the 
differing complexities between models.47 BIC was selected since it more heavily penalizes additional predictors than AIC, and it 
was valuable to achieve a parsimonious model to compare against the results of bootstrap lasso. 
 
Finally, principal component analysis (PCA) was performed on the data to help understand the relationships between the 
predictors. PCA has previously been applied to questions in the broad field of paleoceanography to identify structure in data 
when multiple variables are involved.48–50 For example, Lough (2004) used PCA to determine whether scleractinian coral proxy-
based sea-surface temperature records captured variability in El-Niño Southern Oscillation.50 PCA allows the collapse of high 
dimensional data into a few independent components. Singular value decomposition is applied to the input data and results in a 
linear transformation of the data such that the first new predictor describes most of the variability in the data, and each 
subsequent predictor describes less. The original predictors can also be visualized in “PCA-space” to give some understanding of 
how they relate to one another. 
 
RESULTS 
Comparison to Previous Studies 
Temperature 
Linear regression was used to test if there was a significant association between explanatory variables and [238U], when applying an 
age restriction of 10,000 years and excluding percent calcite values greater than 1%. The first test was between temperature and 
[238U] (Figure A2). When including both genera of interest (Porites and Acropora), there was significant evidence of a negative 
association between temperature and [238U] (t = -16.66, p-value < 0.001). When looking at each individual genus, a highly 
significant negative association between temperature and [238U] was found for both Porites (t = -10.79, p-value < 0.001) and for 
Acropora (t = -8.89, p-value < 0.001). Negative relationships between [238U] and temperature are consistent with results from 
previous studies on Porites coral (Table 3, Figure 5). Comparisons between the results in this study with and without filtering for 
age can be found in Table A2. 
 

Primary Results Previous Lab Studies 

Intercept Temperature Genus Intercept Temperature Genus Source 

2.295* (+/- 0.108) -0.044* (+/- 0.004) Porites 1.928 -0.033* Porites Ourbak et al. (2006) 
3.600* (+/- 0.239) -0.083* (+/- 0.009) Acropora 2.232 -0.0456* Porites Min et al. (1995) 
3.169* (+/- 0.116) -0.074* (+/- 0.004) Both Genera 2.106 -0.0367* Porites Correge et al. (2000) 

   1.488 -0.0212* Porites Armid et al. (2011) 
   1.957 -0.029* Porites Wei et al. (2000) 
   2.057 -0.034* Porites Felis et al. (2009) 
   2.26 -0.044* Porites Fallon et al. (1999) 
   2.24 -0.046* Porites Sinclair et al. (1998) 

Table 3. Primary results, which showed a negative association between temperature and [238U], compared to previous lab studies. 
*indicates significance at the .05 level. Primary results include coefficient estimates followed by standard errors. 
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Figure 5. Coefficients from primary result using only Porites compared to other reported Porites slopes using univariate OLS regression.  

 
Salinity 
Salinity was added to the previous set of models to once again examine the relationship between temperature and [238U], this time 
holding salinity constant. Adjusting for salinity in this set of models gives insight into the true relationship between temperature 
and [238U] since salinity is more variable in this large-scale observational study than in lab studies. The model with both genera 
included revealed that a significant negative relationship between temperature and [238U] remained after accounting for salinity (t 
= -12.13, p-value < 0.001). When breaking the analysis down by genus, this negative relationship was still significant for both 
Porites (t = -7.89, p-value < 0.001) and for Acropora (t = -8.04, p-value < 0.001). Compared to Ourbak et al. (2006), both the Porites 
model and the larger model including both genera in this study followed a similar pattern, revealing a significant negative 
relationship between temperature and [238U] after accounting for salinity. 
 
After accounting for temperature, the model with both genera showed a positive effect of salinity on [238U] (t = 6.58, p-value < 
0.001). However, when breaking the analysis down by genus, this positive effect of salinity after adjusting for temperature was 
only significant for Porites (t = 4.59, p-value < 0.001) and not for Acropora (t = 1.10, p-value = 0.271). Salinity results for Porites 
revealed a significant positive relationship between salinity and [238U] after adjusting for temperature, which is directionally 
consistent with Ourbak et al. (2006) (Table 4). 
 

Ourbak eett  aall..  (2006) 

Intercept Temperature Salinity Genus 

0.162 (+/- 0.019) -0.022* (+/- 0.003) 0.162* (+/- 0.019) Porites 

Primary Results 

Intercept Temperature Salinity Genus 

0.986* (+/- 0.299) -0.035* (+/- 0.031)  0.031* (+/- 0.007) Porites 

1.599 (+/- 1.804) -0.080* (+/- 0.010) 0.054 (+/- 0.048) Acropora 

0.887* (+/- 0.359) -0.059* (+/- 0.005) 0.054* (+/- 0.008) Both Genera 

Table 4. Primary results for temperature and salinity compared to previous lab studies. 
*indicates significance at the 0.05 level. Primary results include coefficient estimates followed by standard errors. 

 
pH 
Linear regression was also used to test whether pH was significantly associated with [238U] (Figure A2). For the model including 
both genera, there was evidence that pH was significantly positively associated with [238U] (t = 3.24, p-value = 0.001). When 
looking at each individual genus, pH was significantly related to [238U] for both Porites (t = 2.17, p-value = 0.031) and Acropora (t = 
-5.34, p-value < 0.001), although this relationship was positive for Porites and negative for Acropora. The negative relationship 
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between pH and [238U] in the Acropora model was directionally similar to the results of Inoue et al. (2011) which also modeled only 
Acropora. However, the magnitude of our primary results was about 28 times larger than was seen in Inoue et al. for the intercept, 
and about 47 times larger for the slope (Table 5). After accounting for temperature or temperature and salinity in the Acropora 
models, the intercept was large but insignificant, and the models revealed no significant relationship between [238U] and pH in 
Acropora (Table 6). 
 

Inoue eett  aall.. (2011) 

Intercept pH Genus 

2.96 -0.21* Acropora 

Primary Results 

Intercept pH Genus 

-2.451 (+/- 0.836) 0.441* (+/- 0.199) Porites 

82.319* (+/-14.961) -9.974* (+/- 1.845) Acropora 

-6.116* (+/- 2.215) 0.903* (+/- 0.274) Both Genera 

Table 5. Primary results for pH compared to previous lab studies. 
*indicates significance at the 0.05 level. Primary results include coefficient estimates followed by standard errors. 

 
pH AAccrrooppoorraa models 

Intercept pH Temperature Salinity 

82.319* (+/-14.961) -9.974* (+/- 1.845)   

11.854 (+/- 19.386) -1.932 (+/- 2.423) -0.091* (+/- 0.014)  

-9.362 (+/- 19.564) 1.399 (+/- 2.486) -0.086* (+/- 0.015) 0.048 (+/- 0.050) 

Table 6. Comparing univariate pH model to multivariate models for Acropora. 
*indicates significance at 0.05 level. Primary results include coefficient estimates followed by standard errors. 

 
Further Analysis - Variable Selection 
In this observational study, [238U] is not adequately explained by one or two variables as described in previous studies. Multiple 
regression modeling can be utilized in this context as an attempt to replicate how certain conditions can be carefully controlled in 
lab studies (Table 7). Three multiple regression models were built, one for each genus of corals, and one overall (for both genera 
combined), controlling for all six variables of interest simultaneously. These multiple regression models confirmed some 
relationships the univariate models in this study have previously shown; for example, pH has a positive relationship with [238U] for 
both genera, modeled individually and overall, when controlling for temperature, , total alkalinity, salinity and total CO2. 
Interestingly, this positive relationship is significant in Acropora when controlling for all other parameters, contrary to the negative 
linear relationship found between pH and [238U] in the univariate regression results (Tables 6 and 7). The relationship between 
temperature and [238U] is negative in both genera modeled individually and overall, after accounting for the other five parameters, 
which is consistent with our primary results in Tables 3 and 4. 
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 Porites  Acropora  Both Genera 

Intercept -43.853* (+/-13.323) -303.493* (+/-107.097) -69.259* (+/- 16.004) 

pH 5.469* (+/-1.581) 36.652* (+/-12.814) 8.622* (+/- 1.896) 

Temperature -0.044* (+/-0.007) -0.018 (+/-0.034) -0.065* (+/- 0.008) 

  -0.620* (+/-0.189) -3.613* (+/-0.839) -1.098* (+/- 0.222) 

Total Alkalinity  0.003* (+/-0.001) 0.002 (+/-0.009) 0.005* (+/- 0.002) 

Salinity  -0.030* (+/-0.013) 0.142 (+/-0.080) -0.014 (+/- 0.015) 

TCO2 -0.001 (+/-0.002) -0.006 (+/-0.012) -0.003 (+/- 0.002) 

Table 7. Multiple Linear Regression with all variables for the two major genera. Amount of explained variance for the three models: Porites adj. R2 = 0.317, 
Acropora adj. R2 = 0.389, Both Genera adj. R2 = 0.435. 

*indicates significance at the 0.05 level. Primary results include coefficient estimates followed by standard errors. 
 
While it is beneficial to see which environmental parameters are most significantly related to [238U] when including all variables of 
interest in multiple linear regression, feature selection can be used to further identify the subset of predictors that are most 
significantly related to the response, [238U]. First, principal component analysis was performed to identify how predictors are 
related to one another (Figure 6, Figure A3). The first PCA component captures 51.7% of the variability in the explanatory 
variables, and the second captures 38.7% (Figure A4). This means that the set of explanatory variables can be projected into two 
dimensions while capturing 90.4% of the variability in the data. One notable piece of information derived from PCA is variable 
loading, or how strongly predictors align with one PCA dimension. It is clear that pH is very highly loaded on the second 
dimension because it points nearly parallel to that axis. Salinity and total alkalinity are highly loaded on dimension one, though to a 
lesser extent than pH is loaded on dimension two. Finally, temperature and TCO2 measure a very similar parameter, but are 
negatively correlated.  
 

 
Figure 6. Visualization of predictors projected onto the first two PCA dimensions, which shows how predictors relate to each other in a reduced 

dimension space. 
 

To perform feature selection, lasso models were fit from many bootstrapped samples of the data to account for instabilities in 
lasso estimates. 2. The data 
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was bootstrapped, and each bootstrap sample was fit with a lasso model to create a bootstrapped confidence interval for predictor 
coefficients (Figure 7). 
 

 
Figure 7. Box plots of slopes of standardized variables resulting from minimum penalty parameter lasso run on 5,000 bootstraps of the data. Lasso sets 

unimportant variables to zero, thus plots that are centered or overlapping with zero are considered unimportant, while those that do not overlap zero are selected. 
 

-zero 
(that is, selected by the model). Best subset selection identified the same subset of predictors when using all possible combinations 
of predictors and using both AIC or l 
[238U] to some extent, and a final multiple linear regression model was built using all four as predictors for both genera of interest 
to quantify these relationships. This final model reveals that [238U] has negative linear relationships with temperatur
positive linear relationships with pH and alkalinity (Table 8). The negative linear relationship between temperature and [238U] is 
consistent with previous calibrations. While the relationship between pH and [238U] is not consistent with past studies, this is likely 

closely 
coupled. These relationships also likely differ by genus. 
 

 Both Genera 

Intercept -84.511* (+/- 12.917) 

pH 10.428* (+/- 1.529) 

Temperature -0.062* (+/- 0.008) 

 -1.125* (+/- .220) 

Total Alkalinity 0.003* (+/- 0.001) 

Table 8. Multiple linear regression with variables selected from lasso and best subset selection. 
*indicates significance at the 0.05 level. Primary results include coefficient estimates followed by standard errors. 
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DISCUSSION 
This study reveals that using a large observational dataset of coral fossils yields results consistent with several existing, lab-based 
studies measuring temperature and salinity with smaller sample sizes. Specifically, this study confirms previous lab calibrations that 
describe the univariate relationship between ocean temperature and [238U] in fossil coral.3, 4, 18–24 After accounting for salinity, a 
significant negative relationship remains between temperature and [238U]. Additionally, after adjusting for temperature, a 
significant positive relationship was found between salinity and [238U]. Both relationships are consistent with the results of Ourbak 
et al. (2006).4 Interestingly, the relationship between pH and [238U] differed from past lab studies. Specifically, an overall positive 
relationship between pH and [238U] was found, inconsistent with results from lab studies such as Inoue et al. (2011).5 This 
discrepancy was found in the model for Porites alone and when modeling both genera together, but not in the model of only 
Acropora. However, after adjusting for temperature, there was no statistically significant relationship between pH and [238U] in the 
Acropora model. This may be reconciled in two ways. First, univariate relationships are generally insufficient to describe this 
observational data. Secondly, existing lab studies5 onate system variables, making it 
difficult to identify which variable might in reality be controlling U/Ca. This analysis reveals a negative relationship betw
and [238U], generally consistent with Inoue et al. (2011).5 Indeed, previous univariate model results showing pH as a good predictor 
of [238U] may be related to pH’s high loading on PCA dimension 2. The observation that pH corresponds nearly exactly with a 
PCA dimension shows that it likely captures some information from other parameters that are also highly loaded on PCA 

and/or temperature and not by pH itself.   
 
Based on this work, univariate relationships are insufficient to fully describe the complex interactions of corals and seawater 
conditions. This result suggests that it would likely be challenging to apply a simple proxy for inferring past oceanic conditions as 
represented by coral [238U], since many parameters control [238U]. However, if there is evidence that other variables remain 
constant in some regions or time periods, it could be possible to predict other variables from [238U]. Specifically, since the 
relationship between temperature and [238U] remained even after accounting for salinity, it is possible that [238U] could be used as 
a proxy for measuring temperature. The relationship between pH and [238U] does not appear as simple.  
 
A major difference with this observational data compilation and lab studies is that lab studies often fix all experimental parameters 
besides the one or two they are studying. Furthermore, a study to determine which combination of many possible parameters best 
describe [238U] in corals has not been done. However, the difficulty is that in observational ocean data, and in many lab 
experiments, environmental parameters may covary. While it would be valuable to further test these results in additional 
laboratory experiments, this difficulty can be somewhat addressed with careful variable selection by statistically approximating the 
control of parameters using multiple linear regression, although when two parameters are highly correlated it is difficult to 
evaluate the effect of changes in one while holding the other constant. When including all parameters of interest in variable 

s of 
[238U]. Genus also seems to play a key role in these relationships.  
 
The authors acknowledge that the current study still suffers from limitations including the need to filter by genus (rather than by 
species) to include large enough sample sizes. Hence, there could be species-specific effects that are not captured. Additionally, a 
stable climate was assumed for the last 10,000 years, but this is an oversimplification. Previous work has highlighted regional 
changes in climate over this time period that are unaccounted for in this examination, but may be possible to include in future 
studies once regional Holocene climate changes are better constrained.31, 32 Furthermore, many of the environmental variables of 
interest are highly correlated, which can make regression results difficult to interpret. Finally, the range in the environmental 
variables is relatively small (e.g. pH values from 8.00 to 8.15), especially compared to lab calibrations. Though significant 
conclusions can still be drawn, values over larger data ranges, as can be obtained through further lab experiments, would help to 
more fully understand the relationships identified in this study. 
 
CONCLUSIONS 
In this study, a compilation of U-series measurements in tropical corals from a range of geographic locations was used in 
combination with environmental variables from two oceanographic databases to quantify relationships between coral [238U] and 
seawater temperature, salinity, aragonite saturation state, and pH. Univariate linear regressions and multiple linear regressions were 
used to compare relationships between U and environmental parameters. Though there is some fragility to multiple linear 
regression models on these data, results of variable selection analyses indicate that U is dependent on multiple environmental 
parameters and that previously developed univariate regressions may be insufficient to characterize the full range of variables that 
influence coral [238U]. In addition, relationships between [238U] and environmental variables vary by genus. Laboratory culture 
experiments, in which larger ranges of environmental variability can be explored, may prove useful in further testing the 
multivariate relationships found here and for identifying the physical, chemical, and biological mechanisms driving the 
dependences of coral uranium abundance on environmental change.  
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PRESS SUMMARY 
An understanding of past environmental conditions provides context for evaluating modern climate changes, but there is a lack of 
data for periods before the existence of instrument-based environmental records. To reconstruct conditions hundreds to millions 
of years into the past, proxies are needed - indirect indicators of past conditions measured from data or samples that are currently 
accessible. Coral skeletons are one good example of an environmental proxy. They are globally distributed, can be reliably dated, 
and have potential to record high-resolution climate information through their chemical composition and physical structure.  
 
Recently, the uranium/calcium ratio in fossil coral skeletons has been investigated as a proxy for past ocean pH, temperature, 
salinity, and carbonate ion concentration. However, existing calibrations are either lab-based or were developed using small 
numbers (n~15) of natural samples. This study explores whether existing calibrations can describe the relationship between 
uranium concentrations and seawater environmental conditions, such as seawater pH, temperature, salinity, and carbonate ion 
concentration for a large observational dataset of 700 fossil coral samples. Results suggest that no single variable most strongly 

d 
temperature are all significant predictors of U/Ca. Genus also plays a key role in these relationships. These results provide further 
insight into whether the fossil coral uranium proxy can be used to accurately and precisely reconstruct past ocean conditions. 


