BRIDGING THE GAP BETWEEN CHEMICAL ANALYSIS AND APPLIED
STATISTICS TO EXPAND THE APPLICATIONS OF ATOMIC SPECTROMETRIC
TECHNIQUES

BY

JAKE ALEXANDER CARTER
A Dissertation Submitted to the Graduate Faculty of
WAKE FOREST UNIVERSTIY GRADUATE SCHOOL OF ARTS AND SCIENCES
in Partial Fulfillment of the Requirements
for the Degree of
DOCTOR OF PHILOSOPHY
Chemistry
August 2020
Winston-Salem, North Carolina

Approved By:
Bradley T. Jones, PhD, Co-Advisor
George L. Donati, PhD, Co-Advisor
Clifton P. Calloway, PhD, Chair
Christa L. Colyer, PhD
Scott M. Geyer, PhD
Stephen B. King, PhD

For my father,
Lynn Turner Carter,
thank you for twenty years of friendship

ii

ACKNOWLEDGMENTS
I am extremely grateful to have so many people to thank with far too few pages to
thank them with. First, to my family and friends, thank you for being a positive constant
in my life. To my mother, sister and brother, thank you. Mom, Allison and Billy, you
three have been a steadying force in a life that has had its fair share of turbulent moments.
To my stepfamily, Brooke and Laura, thank you. We have shared our moments of fun
and laughter with my father that I will cherish for the rest of my life. Dad, thank you.
Although you’re not here physically to witness this accomplishment, I know you’re
looking down on me with pride and a smile on your face. See you down the road, old
man.
To my advisors, Brad and George, thank you. Thank you for setting an example
of how to advise someone early on in their research career. Brad, thank you for trusting
me with two years of research assistantship and for helping me place my research
findings within the context of the broader atomic spectrometry community. George,
thank you for your day-to-day support and advice. Your example of scholarship and
mentorship will be something I’ll carry with me throughout the rest of my research
career. To my committee members, Profs. Cliff, Bruce, Christa and Scott, thank you.
From the beginning to the end of my PhD, you all have been more than willing to provide
feedback on topics ranging from my research projects to postdoc applications.
To my labmates and research colleagues, thank you. Sloop, thank you for eight
total years of work together within a lab. Most importantly, thank you for being a dear
friend. From Barton to Wake, being able to share two undergraduate degrees and a PhD
with you has been an incredibly rewarding experience. Trey, thank you for knocking off

iii

the cobwebs of the lab prior to my arrival and for always being a willing teacher. To
Alex, Bia and Will, thank you for visiting the lab and sharing your insights on research
and your perspectives on life. To the undergraduate researchers who trusted me with their
time and effort, thank you. Alind, Logan, Jessica and Andrew, thank you for your hard
work in the lab and for helping me grow as a research mentor myself. To the rest of my
friends within the department, thank you. From pickup basketball games and 5ks to
sharing time together over food and drink, my graduate experience was fun in addition to
being challenging because of you all.
To my colleagues at NRC Canada, thank you. Zoltan, Lu, Zuzana and Ovi, thank
you for your collaboration and for being great hosts and friends in Ottawa, especially
during the onset of a pandemic.

iv

TABLE OF CONTENTS
LIST OF FIGURES AND TABLES................................................................................. vii
LIST OF ABBREVIATIONS ......................................................................................... xxv
ABSTRACT................................................................................................................. xxviii
CHAPTER I: INTRODUCTION ........................................................................................ 1
CHAPTER II: TRACE ELEMENT ANALYSIS, MODEL-BASED CLUSTERING AND
FLUSHING TO PREVENT DRINKING WATER CONTAMINATION IN PUBLIC
SCHOOLS ........................................................................................................................ 21
CHAPTER III: COMBINING ELEMENTAL ANALYSIS OF TOENAILS AND
MACHINE LEARNING TECHNIQUES AS A NON-INVASIVE DIAGNOSTIC
STRATEGY FOR THE ROBUST CLASSIFICATION OF TYPE-2 DIABETES ......... 48
CHAPTER IV: IDENTIFYING AND ASSESSING MATRIX EFFECT SEVERITY IN
INDUCTIVELY COUPLED PLASMA OPTICAL EMISSION SPECTROMETRY
USING NON-ANALYTE SIGNALS AND UNSUPERVISED LEARNING ................ 89
CHAPTER V: NON-ANALYTE SIGNALS AND SUPERVISED LEARNING TO
EVALUATE MATRIX EFFECTS AND PREDICT ANALYTE RECOVERIES IN
INDUCTIVELY COUPLED PLASMA OPTICAL EMISSION SPECTROMETRY .. 126
CHAPTER VI: MACHINE LEARNING TOOLS TO ESTIMATE THE SEVERITY OF
MATRIX EFFECTS AND PREDICT ANALYTE RECOVERY IN INDUCTIVELY
COUPLED PLASMA OPTICAL EMISSION SPECTROMETRY .............................. 169
CHAPTER VII: CONCLUDING REMARKS ............................................................... 212
APPENDIX A: SUPPLEMENTARY INFORMATION FOR CHAPTER II ................ 216
v

APPENDIX B: SUPPLEMENTARY INFORMATION FOR CHAPTER IV............... 220
APPENDIX C: SUPPLEMENTARY INFORMATION FOR CHAPTER V ................ 234
APPENDIX D: SUPPLEMENTARY INFORMATION FOR CHAPTER VI .............. 251
CURRICULUM VITAE ................................................................................................. 263

vi

LIST OF FIGURES AND TABLES
Figures
Fig. 1.1. Flow chart describing the general steps involved in a typical chemical analysis
process................................................................................................................................. 4
Fig. 1.2. Number of publications identified on Web of Science for selected search terms
pertaining to the inductively coupled plasma or terms relating to data analysis. ............. 13
Fig. 1.3. Number of publications identified on Web of Science for selected search terms
pertaining to the inductively coupled plasma and several terms relating to data analysis.
........................................................................................................................................... 14
Figure 2.1. Correlation matrices for the cafeteria sink and water fountain datasets.
Insignificant correlations (p ≥ 0.05) are marked with crossed boxes. .............................. 33
Figure 2.2. Biplot of the scores and loadings from the first two principal components
(PC)s after principal components analysis of the standardized cafeteria sink dataset.
Groups 1 - 4 are composed of 19, 14, 15 and 25 cafeteria sink samples, respectively..... 34
Figure 2.3. Boxplots of standardized cafeteria sink data. The x-axis represents the sample
group assignment after model-based clustering, and the y-axis represents the number of
standard deviations from the mean. .................................................................................. 36
Figure 2.4. Geographical location of WSFCS school buildings according to group
assignment after model-based clustering of cafeteria sink data. The background in this
figure was prepared with Google Maps and includes Winston-Salem (36.0998610 N,
80.2442170 W) and neighboring towns in Forsyth County, North Carolina, Unites States.
........................................................................................................................................... 37

vii

Figure 2.5. Two-hour flushing profile for Cu and Pb concentration in drinking water from
cafeteria sinks and water fountains in school location C after 52 days of summer break. 41
Fig. 3.1. F-scores for each feature including 22 elements, age, gender and smoking
history. .............................................................................................................................. 68
Fig. 3.2. Cramer’s V coefficients determined from 𝝌𝟐 statistics considering 22 elements,
age, gender and smoking history. ..................................................................................... 68
Fig. 3.3. Boxplots showing differences in element concentration (µg g-1) and age for
diabetic patients (disease) and healthy volunteers (control). ............................................ 69
Fig. 3.4. Resampling performance from the training data (n = 31) after 10-fold cross
validation repeated five times. Average AUC values and corresponding confidence levels
at a 95 % confidence level are shown. .............................................................................. 71
Fig. 3.5. Scaled feature importance after employing random forest feature importance
determination. Values were normalized against age, since it was the highest-ranking
feature according to gini feature importance. ................................................................... 72
Fig. 3.6. Resampling performance from the training data (n = 31) after 10-fold cross
validation repeated five times. Average AUC values and corresponding confidence levels
at a 95 % confidence level are shown. .............................................................................. 74
Fig. 3.7. AUC values after the resampling process for the best ensembles. The average of
unique combinations and groups of individual model predictions were used here. ......... 75
Fig. 3.8. AUC values calculated for each model after predictions on nine external test
observations. ..................................................................................................................... 77
Fig. 4.1. Matrix effect of Ca on analytical recoveries of a 500 µg L-1 spike of (A) Cd, (B)
Co, (C) Cr, and (D) Pb. The y-axis shows the analyte and the respective wavelength

viii

monitored (in nm). S2 was mixed with S1 after approximately 2 min. Relative standard
deviations (%RSD) were determined considering the entire set of time-resolved data, and
a trend line was fit using local regression. Lines represent recoveries between 80 - 120%
(large dash), 90 - 110% (solid line) and 100% (small dash). .......................................... 102
Fig. 4.2. Scores from PC 1 and PC 2 of normalized and standardized values representing
non-analyte background signals from calibration curve standard solutions and time points
during the Ca real-time experiment. Euclidean distances from the calibration curve points
are depicted as color shade gradients, and networked segments represent clustering by
affinity propagation. ........................................................................................................ 104
Fig. 4.3. Euclidean distances from the calibration curve for each time point in PC space
during the Ca real-time experiment. ............................................................................... 105
Fig. 4.4. Matrix effect of C on analytical recoveries of a 500 µg L-1 spike of (A) Cd, (B)
Co, (C) Cr, and (D) Pb. The y-axis shows the analyte and the respective wavelength
monitored (in nm). S2 was mixed with S1 after approximately 2 min. Relative standard
deviations (%RSD) were determined considering the entire set of time-resolved data, and
a trend line was fit using local regression. Lines represent recoveries between 80 - 120%
(large dash), 90 - 110% (solid line) and 100 % (small dash). ......................................... 106
Fig. 4.5. Scores from PC 1 and PC 2 of normalized and standardized values representing
non-analyte background signals from calibration curve standard solutions and time points
during the C real-time experiment. . Euclidean distances from the calibration curve points
are depicted as color shade gradients, and networked segments represent clustering by
affinity propagation. ........................................................................................................ 108

ix

Fig. 4.6. Scores from PC 1 and PC 2 of normalized and standardized values of nonanalyte background signals from calibration curve standards and synthetic sample
solutions. Carbon is represented by TOC. Labels on the graph are Euclidean distances
from the calibration curve points and numbers in parenthesis are the average recoveries
for all four analytes. Networked segments represent clustering by affinity propagation.
......................................................................................................................................... 111
Fig. 4.7. Scores from PC 1 and PC 2 of normalized and standardized values of nonanalyte background signals from calibration curve standards, synthetic solutions, and
Mediterranean Sea water samples. Carbon is represented by TOC. Mediterranean Sea
water sample dilutions were (A) 1:1, (B) 1:10, and (C) 1:100 v/v. Labels on the graph are
Euclidean distances from the calibration curve points, with average recoveries for all four
analytes in parenthesis. Networked segments represent clustering by affinity propagation.
......................................................................................................................................... 113
Fig. 4.8. Scores from PC 1 and PC 2 of normalized and standardized values of nonanalyte background signals from calibration curve standards, synthetic solutions, and
Dead Sea water samples. Carbon is represented by TOC. Dead Sea water sample
dilutions were (A) 1:1, (B) 1:10 and (C) 1:100 v/v. Labels on the graph are Euclidean
distances from the calibration curve points, with average recoveries for all four analytes
in parenthesis. Networked segments represent clustering by affinity propagation. ....... 114
Fig. 5.1. Flow chart describing two data analysis workflows for measuring matrix effect
severity using normalized non-analyte (NA) signals in ICP OES determinations. The left
branch (unsupervised) has been described elsewhere.41 The right branch (supervised) is
the subject of the present study. PCA-AP: principal component analysis and affinity

x

propagation clustering; ED: Euclidean distance; EC: external standard calibration; ML:
machine learning; Non-negative relative error: absolute difference from a 100% analyte
recovery........................................................................................................................... 133
Fig. 5.2. Flow chart detailing the data handling and processing involved in machine
learning training and validation. (1) The training data is split 75 / 25. (2) Model
hyperparameters are tuned on 75% of the training data. (3) Tuned models predict on the
25% withheld training data. (4) To validate model performance and determine whether a
model has overfit the training data, the tuned models predict on a set of externally
withheld testing data. (5) The optimal model(s) is (are) selected according to performance
metrics and predictions at each stage of the training and validation workflow. CV: cross
validation......................................................................................................................... 136
Fig. 5.3. Matrix effects from Ca and Na on analytical recoveries of a 500 µg L-1 spike of
Cd, Co, Cr and Pb. The y-axis shows (a) the concentration (µg L-1 ), and (b) the absolute
difference from a 100% analyte recovery (“non-negative relative error”) for Cd, Co, Cr
and Pb. Lines represent recoveries of 100% (dashed line) and between 90 - 110% (solid
line). ................................................................................................................................ 138
Fig. 5.4. Resampling performance for predictions of matrix effects on (a) Cd, (b) Co, (c)
Cr and (d) Pb based on the training data after 10-fold cross validation repeated 5 times.
Average R2 values (x-axis) and the corresponding 95% confidence level (error bars) are
shown. ............................................................................................................................. 139
Fig. 5.5. Predicted error vs. observed non-negative relative error for model predictions of
matrix effects on Cd for the external testing data. The line y = x represents perfect
prediction accuracy (R2 = 1). .......................................................................................... 141

xi

Fig. 5.6. Normalized signals for each non-analyte species monitored during the real time
experiments involving matrices with Ca and Na. Signals were normalized to the highest
signal intensity measured for each respective species during the analysis of the calibration
curve. ............................................................................................................................... 143
Fig. 5.7. Pearson correlation coefficients between normalized non-analyte signals and (a)
Cd, (b) Co, (c) Cr and (d) Pb signals during the real time experiments involving matrices
with Ca and Na................................................................................................................ 144
Fig. 5.8. Analyte percent recoveries from a 500 µg L-1 spike of Cd obtained for the
withheld training data when using (a) the analytical signal alone, (b) the Ar signal at
737.212 nm as IS, (c) the H signal at 434.047 nm as IS, (d) the Y signal at 371.029 nm as
IS, (e) the Ar signal at 737.212 nm as IS only when the trained pls model predicts a nonnegative relative error > 0.1, and (f) the H signal at 434.047 nm as IS only when the
trained pls model predicts a non-negative relative error > 0.1. Dashed and solid lines
represent recoveries of 100% and between 90 - 110%, respectively. ............................. 150
Fig. 5.9. Analyte percent recoveries from a 500 µg L-1 spike of Cd in Dead Sea water and
Mediterranean Sea water at different levels of dilution, i.e. 1:1, 1:10 and 1:100 v/v.
Results are shown for calibration using the analytical signal alone (“Cd.214.439”), the Ar
signal at 737.212 nm as IS (“ratio.Ar.737.212”), and the Y signal at 371.029 nm as IS
(“ratio.371.029”). Dashed and solid lines represent recoveries of 100% and between 90 110%, respectively. ......................................................................................................... 152
Fig. 5.10. Analyte percent recoveries obtained for the external testing data at different
predicted errors (predictions based on optimized pls models for Cd, Co, Cr and Pb).

xii

Determinations using the EC method for all samples (a), and using the Ar line at 737.212
nm as IS for predicted absolute errors ≥ 0.1 (b) are shown. ........................................... 154
Fig. 6.1. Schematic of the data partitioning for machine learning training and validation.
(1) Training data are split 75/25 into a training dataset for model hyperparameter tuning,
and a withheld training dataset to check for overfitting. (2) Model hyperparameters are
selected according to a resampling strategy of 5 repeats of 10-fold cross validation (CV).
(3) Tuned models predict error on the withheld training data to evaluate if the models
have over fit the training data. (4) Tuned models predict error considering the matrix of
the Oyster Tissue and Peach Leaves CRMs. (5) Final model(s) are selected. ................ 180
Fig. 6.2. Analyte recoveries according to concomitant species for each spiked
concentration after the addition of S2 to S1 (i.e. after the 3 min mark, when the solution
mixture had reached the ICP). Error bars indicate one standard deviation. ................... 183
Fig. 6.3. (a) Analytical recovery and (b) normalized error according to concomitant
species and time in the real time matrix effect experiments. The mixture from the initial
addition of S2 to S1 reached the plasma at approximately the 2 min mark.................... 185
Fig. 6.4. Dimension reduction of the data collected from the real time matrix effect
experiments using (a) PCA or (b) UMAP. Scores from the first two principal component
are shown for PCA. ......................................................................................................... 187
Fig. 6.5. Analyte recovery error as a function of distance in principal component (PC)
space from the average position of sample solutions with a simple matrix. Relationships
are illustrated according concomitant species and analyte electronic transition energy.
The analytical lines with the four lowest (e.g. B I 249.678 nm, Be I 234.861, Cd I

xiii

228.802 and Bi I 223.061) and the four highest (e.g. Zn II 202.548 nm, Pb II 220.353, Cd
II 214.439 and Ni II 216.555 nm) total line energies were selected. .............................. 189
Fig. 6.6. Glmnet resampling results, with R2 values for predictions on the training data
according to (a) analyte electronic transition energy (with error bars indicating a 95 %
confidence level), and (b) total line energy (Esum). ......................................................... 191
Fig. 6.7. Scatterplot of glmnet predictions for each analyte energy transition on the
withheld training data and the observed error. The line, y = x, represents perfect
correlation between predicted and observed error (i.e. R2 = 1), whereas the vertical and
horizontal lines with intercepts at x = 0.1 and y = 0.1 represent the boundaries for binary
predictions. ...................................................................................................................... 192
Fig. 6.8. Analytical recovery for the withheld training data according to calibration
strategies simply featuring the raw analytical signal for external calibration (EC), or
internal standardization with Ar I at 700.323 nm or Rh II at 249.078 nm. Results are
shown for the analytes with the highest Esum values: (a) Zn II 202.548 nm, (b) Pb II
220.353 nm, (c) Cd II 214.439 nm, and (d) Ni II 216.555 nm. Based on the initial data
splitting, matching the distribution of the response variable (i.e. error) between the
training data for model hyperparameter tuning and the withheld training data, the effects
of a combination of all interfering species evaluated (i.e. C, Ca, Na, C + Ca and C + Na)
are illustrated. .................................................................................................................. 194
Fig. 6.9. Analytical recovery for the withheld training data according to calibration
strategies simply featuring the raw analytical signal for external calibration (EC), or
internal standardization with Ar I at 700.323 nm or Rh II at 249.078 nm. Results are
shown for the analytes with the lowest Esum values: (a) B I 249.678 nm, (b) Be I 234.861

xiv

nm, (c) Cd I 228.802 and (d) Bi I 223.061 nm. Based on the initial data splitting,
matching the distribution of the response variable (i.e. error) between the training data for
model hyperparameter tuning and the withheld training data, the effects of a combination
of all interfering species evaluated (i.e. C, Ca, Na, C + Ca and C + Na) are illustrated. 194
Fig. 6.10. Dimension reduction containing data from both the CRMs and the real time
matrix effect experiments using (a) PCA or (b) UMAP. Scores from the first two
principal component are shown for PCA. CRM sample replicates are highlighted. ...... 196
Figure SI2.1. Biplot of the scores and loadings from the first two principal components
(PC)s after principal components analysis of the standardized water fountain dataset. . 217
Figure SI2.2. Boxplots of standardized water fountain data for each group assignment
after model-based clustering. .......................................................................................... 218
Figure SI2.3. Geographical location of WSFCS school buildings according to group
assignment after model-based clustering of water fountain data. The background in this
figure was prepared with Google Maps and includes Winston-Salem (36.0998610 N,
80.2442170 W) and neighboring towns in Forsyth County, North Carolina, Unites States.
......................................................................................................................................... 218
Figure SI2.4. Two-hour flushing profile for Cu and Pb concentration in drinking water
from cafeteria sinks and water fountains in school locations A, B and D after 52 days of
summer break. ................................................................................................................. 219
Fig. SI4.1. Matrix effect of Na on analytical recoveries of a 500 µg L-1 spike of (A) Cd,
(B) Co, (C) Cr, and (D) Pb. The y-axis shows the analyte and the respective wavelength
monitored (in nm). S2 was introduced to S1 after approximately 2 min. Relative standard
deviations (RSD) were determined considering the entire set of time-resolved data, and a

xv

trend line was fit using local regression. Lines represent recoveries between 80 - 120%
(large dash), 90 - 110% (solid line) and 100% (small dash). .......................................... 222
Fig. SI4.2. Matrix effect of Ca + C on analytical recoveries of a 500 µg L-1 spike of (A)
Cd, (B) Co, (C) Cr, and (D) Pb. The y-axis shows the analyte and the respective
wavelength monitored (in nm). S2 was introduced to S1 after approximately 2 min.
Relative standard deviations (RSD) were determined considering the entire set of timeresolved data, and a trend line was fit using local regression. Lines represent recoveries
between 80 - 120% (large dash), 90 - 110% (solid line) and 100% (small dash). .......... 223
Fig. SI4.3. Matrix effect of Na + C on analytical recoveries of a 500 µg L-1 spike of (A)
Cd, (B) Co, (C) Cr, and (D) Pb. The y-axis shows the analyte and the respective
wavelength monitored (in nm). S2 was introduced to S1 after approximately 2 min.
Relative standard deviations (RSD) were determined considering the entire set of timeresolved data, and a trend line was fit using local regression. Lines represent recoveries
between 80 - 120% (large dash), 90 - 110% (solid line) and 100% (small dash). .......... 224
Fig. SI4.4. Scores from PC 1 and PC 2 of normalized and standardized values
representing non-analyte background signals from calibration curve standard solutions
and time points during the Na real-time experiment. Euclidean distances from the
calibration curve points are depicted as color gradients, and networked segments
represent clustering by affinity propagation. .................................................................. 224
Fig. SI4.5. Scores from PC 1 and PC 2 of normalized and standardized values
representing non-analyte background signals from calibration curve standard solutions
and time points during the Ca + C real-time experiment. Euclidean distances from the

xvi

calibration curve points are depicted as color gradients, and networked segments
represent clustering by affinity propagation. .................................................................. 225
Fig. SI4.6. Scores from PC 1 and PC 2 of normalized and standardized values
representing non-analyte background signals from calibration curve standard solutions
and time points during the Na + C real-time experiment. Euclidean distances from the
calibration curve points are depicted as color gradients, and networked segments
represent clustering by affinity propagation. .................................................................. 226
Fig. SI4.7. Scores from PC 1 and PC 2 after implementing the iterative principal
component analysis procedure on normalized and standardized values representing nonanalyte background signals from calibration curve standard solutions and time points
during the Ca real-time experiment. Euclidean distances from the calibration curve points
are depicted as color gradients, and networked segments represent clustering by affinity
propagation. .................................................................................................................... 227
Fig. SI4.8. Scores from PC 1 and PC 2 after implementing the iterative principal
component analysis procedure on normalized and standardized values representing nonanalyte background signals from calibration curve standard solutions and time points
during the Na real-time experiment. Euclidean distances from the calibration curve points
are depicted as color gradients, and networked segments represent clustering by affinity
propagation. .................................................................................................................... 228
Fig. SI4.9. Scores from PC 1 and PC 2 after implementing the iterative principal
component analysis procedure on normalized and standardized values representing nonanalyte background signals from calibration curve standard solutions and time points
during the C real-time experiment. Euclidean distances from the calibration curve points

xvii

are depicted as color gradients, and networked segments represent clustering by affinity
propagation. .................................................................................................................... 229
Fig. SI4.10. Scores from PC 1 and PC 2 after implementing the iterative principal
component analysis procedure on normalized and standardized values representing nonanalyte background signals from calibration curve standard solutions and time points
during the Ca + C real-time experiment. Euclidean distances from the calibration curve
points are depicted as color gradients, and networked segments represent clustering by
affinity propagation. ........................................................................................................ 230
Fig. SI4.11. Scores from PC 1 and PC 2 after implementing the iterative principal
component analysis procedure on normalized and standardized values representing nonanalyte background signals from calibration curve standard solutions and time points
during the Na + C real-time experiment. Euclidean distances from the calibration curve
points are depicted as color gradients, and networked segments represent clustering by
affinity propagation. ........................................................................................................ 231
Fig. SI4.12. Semi-quantitative concentrations (in log units of mg L-1) for concomitant
elements in each Mediterranean Sea dilution. ................................................................ 232
Fig. SI4. 13. Semi-quantitative concentrations (in log units of mg L-1) for concomitant
elements in each Dead Sea dilution. The concentration of Mg in the 1:1 v/v dilution was
out of range for the detector. ........................................................................................... 233
Fig. SI5.1. Predicted error vs. observed non-negative relative error for model predictions
of matrix effects on Co for the external testing data. The line y = x represents perfect
prediction accuracy (R2 = 1). .......................................................................................... 243

xviii

Fig. SI5.2. Predicted error vs. observed non-negative relative error for model predictions
of matrix effects on Cr for the external testing data. The line y = x represents perfect
prediction accuracy (R2 = 1). .......................................................................................... 244
Fig. SI5.3. Predicted error vs. observed non-negative relative error for model predictions
of matrix effects on Pb for the external testing data. The line y = x represents perfect
prediction accuracy (R2 = 1). .......................................................................................... 245
Fig. SI5.4. Analyte percent recoveries from a 500 µg L-1 spike of Co obtained for the
withheld training data when using (a) the analytical signal alone, (b) the Ar signal at
737.212 nm as IS, (c) the H signal at 434.047 nm as IS, (d) the Y signal at 371.029 nm as
IS, (e) the Ar signal at 737.212 nm as IS only when the trained pls model predicts a nonnegative relative error > 0.1, and (f) the H signal at 434.047 nm as IS only when the
trained pls model predicts a non-negative relative error ≥ 0.1. Dashed and solid lines
represent 100% and between 90 - 110% recoveries, respectively. ................................. 245
Fig. SI5.5. Analyte percent recoveries from a 500 µg L-1 spike of Cr obtained for the
withheld training data when using (a) the analytical signal alone, (b) the Ar signal at
737.212 nm as IS, (c) the H signal at 434.047 nm as IS, (d) the Y signal at 371.029 nm as
IS, (e) the Ar signal at 737.212 nm as IS only when the trained pls model predicts a nonnegative relative error > 0.1, and (f) the H signal at 434.047 nm as IS only when the
trained pls model predicts a non-negative relative error ≥ 0.1. Dashed and solid lines
represent 100% and between 90 - 110% recoveries, respectively. ................................. 246
Fig. SI5.6. Analyte percent recoveries from a 500 µg L-1 spike of Pb obtained for the
withheld training data when using (a) the analytical signal alone, (b) the Ar signal at
737.212 nm as IS, (c) the H signal at 434.047 nm as IS, (d) the Y signal at 371.029 nm as

xix

IS, (e) the Ar signal at 737.212 nm as IS only when the trained pls model predicts a nonnegative relative error > 0.1, and (f) the H signal at 434.047 nm as IS only when the
trained pls model predicts a non-negative relative error ≥ 0.1. Dashed and solid lines
represent 100% and between 90 - 110% recoveries, respectively. ................................. 247
Fig. SI5.7. Analyte percent recoveries from a 500 µg L-1 spike of Co in Dead Sea water
and Mediterranean Sea water at different levels of dilution, i.e. 1:1, 1:10 and 1:100 v/v.
Results are shown for calibration using the analytical signal alone (“Co.238.892”), the Ar
signal at 737.212 nm as IS (“ratio.Ar.737.212”), and the Y signal at 371.029 nm as IS
(“ratio.371.029”). Dashed and solid lines represent recoveries of 100% and between 90 110%, respectively. ......................................................................................................... 248
Fig. SI5.8. Analyte percent recoveries from a 500 µg L-1 spike of Cr in Dead Sea water
and Mediterranean Sea water at different levels of dilution, i.e. 1:1, 1:10 and 1:100 v/v.
Results are shown for calibration using the analytical signal alone (“Cr.267.716”), the Ar
signal at 737.212 nm as IS (“ratio.Ar.737.212”), and the Y signal at 371.029 nm as IS
(“ratio.371.029”). Dashed and solid lines represent recoveries of 100% and between 90 110%, respectively. ......................................................................................................... 249
Fig. SI5.9. Analyte percent recoveries from a 500 µg L-1 spike of Pb in Dead Sea water
and Mediterranean Sea water at different levels of dilution, i.e. 1:1, 1:10 and 1:100 v/v.
Results are shown for calibration using the analytical signal alone (“Pb.220.353”), the Ar
signal at 737.212 nm as IS (“ratio.Ar.737.212”), and the Y signal at 371.029 nm as IS
(“ratio.371.029”). Dashed and solid lines represent recoveries of 100% and between 90 110%, respectively. ......................................................................................................... 250

xx

Fig. SI6.1. Shifted error (based on data smoothing) according to concomitant species for
each spiked concentration after the addition of S2 to S1 (i.e. after the 3 min mark, when
the solution mixture had reached the ICP). ..................................................................... 258
Fig. SI6.2. Dimension reduction of the data collected from the real time matrix effect
experiments using t-SNE. Perplexity values of (a) 46, (b) 91, (c) 136, and (d) 180 were
considered to evaluate topological information from t-SNE [36,37]. ............................ 259
Fig. SI6.3. Slopes from the linear relationship describing analyte recovery error and
distance in principal component (PC) space from the average position of sample solutions
with a simple matrix. Values are displayed according to total line energy (Esum). ......... 259
Fig. SI6.4. R2 values from the linear relationship describing analyte recovery error and
distance in principal component (PC) space from the average position of sample solutions
with a simple matrix. Values are displayed according to total line energy (Esum). ......... 260
Fig. SI6.5. Normalized signal intensities for each of the non-analyte signals evaluated
during the real time matrix effect experiments. .............................................................. 261
Fig. SI6.6. Dimension reduction of the CRM data, and data collected from the real time
matrix effect experiments using t-SNE. Perplexity values of (a) 47, (b) 93, (c) 139 and (d)
184 were considered to evaluate topological information from t-SNE [36,37]. CRM
sample replicates are highlighted. ................................................................................... 262

xxi

Tables
Table II.I. ICP-MS/MS operating parameters used to determine trace element
concentrations in drinking water. ...................................................................................... 26
Table II.II. Limits of detection (LOD) and quantification (LOQ), and percent recoveries
from a certified reference material of water (NIST 1643e) for As, Cd, Cr, Cu, Pb, Sb, Se
and Tl determined by ICP-MS/MS. The numbers in parentheses are the certified
concentrations for each element in µg L-1. ....................................................................... 29
Table II.III. Summary statistics for cafeteria and fountain drinking water samples, and
maximum contaminant levels (MCL) or action levels (AL) set by the EPA. All trace
element concentrations are reported in µg L-1. ................................................................. 30
Table II.IV. Concentrations of Cu and Pb in drinking water collected during the school
year and after a 52-day summer break. ............................................................................. 40
Table III.I. Instrumentation and operating conditions used for elemental analysis of
toenail samples. ................................................................................................................. 53
Table III.II. Statistical model, ensemble, and feature set abbreviations and respective
definitions. ........................................................................................................................ 62
Table III.III. Summary statistics and p-values after two-sample Student’s t-tests for the
concentrations of twenty-two elements (µg g-1) and the age of individuals participating in
this study at the time of sample collection. ....................................................................... 66
Table III.IV. Performance metrics on testing data (n = 9) for the best statistical models. 78
Table IV.I. Molar concentrations of C, Ca and Na in 2% m/v solutions, and first (IE1) and
second (IE2) ionization potentials of the respective elements. ......................................... 96

xxii

Table IV.II. Analytical wavelengths (λ), excitation (Eexc), ionization (Ei) and total line
(Esum) energies for analyte and background species. ........................................................ 97
Table IV.III. Instrumental operating conditions used in all ICP OES determinations. .... 98
Table IV.IV. Analyte percent recoveries (% from 500 µg L-1) for different dilutions of
Mediterranean Sea and Dead Sea water samples. Values are reported as mean ± 1
standard deviation (n = 3). ED represents the Euclidean distances in principal component
space from the calibration curve average point. ............................................................. 117
Table V.I. Instrumental operating conditions used in all ICP OES determinations. ...... 132
Table V.II. Statistical models used for supervised machine learning. ............................ 133
Table V.III. Model prediction performance on the withheld training data. The accuracy,
true positive rate (TPR), true negative rate (TNR) and R2 values are shown for each
analyte and model. .......................................................................................................... 140
Table V.IV. Model prediction performance on the external testing data. The accuracy,
true positive rate (TPR), true negative rate (TNR) and R2 values are shown for each
analyte and model. .......................................................................................................... 142
Table VI.I. Instrumental operating conditions used in all ICP OES determinations. ..... 176
Table VI.II. Limits of quantification (LOQs), in µg/g, calculated for each analytical line
evaluated using external standard calibration (EC) or internal standardization with Rh II
at 249.078 nm or Ar I at 700.323 nm. ............................................................................. 197
Table VI.III. Analyte recoveries for Oyster Tissue (NIST 1566b) and Peach Leaves
(NIST 1547) determined by EC or IS and ICP OES. Values are shown as mean ± 1
standard deviation (n = 3). Analytes with concentrations below the respective LOQs for
both CRMs are not shown. Concentrations results are presented in Table SIVI.III. ...... 199

xxiii

Table VI.III. Analyte recoveries for Oyster Tissue (NIST 1566b) and Peach Leaves
(NIST 1547) determined by EC or IS and ICP OES. Values are shown as mean ± 1
standard deviation (n = 3). Analytes with concentrations below the respective LOQs for
both CRMs are not shown. Concentrations results are presented in Table SIVI.III. ...... 199
Table SIVI.I. Physical properties for each analyte, non-analyte and internal standard
species used in this study. All data were acquired from [SI6.1,SI6.2]. .......................... 252
Table SIVI.II. Machine learning model metrics from predictions on the resampled
training data (“Train”) and the withheld training data (“Test”). Accuracy, standard
deviation, true positive rate and true negative rate are listed as “Acc.,” “Stdev.,” “TPR”
and “TNR,” respectively. ................................................................................................ 254
Table SIVI.III. Analytical concentrations in Oyster Tissue (NIST 1566b) and Peach
Leaves (NIST 1547) determined by EC or IS calibration and ICP OES. “> LDR”
represent concentrations outside the linear dynamic range of the calibration curve.
Analyte concentrations below the limit of quantification are not shown. ...................... 256

xxiv

LIST OF ABBREVIATIONS
Abbreviation

Definition

AL
AP
AUC

Action level
Affinity propagation clustering
Area under the receiver operating
characteristic curve
Bayesian information criterion
Cluster analysis
Charge-coupled device
Certified reference material
Cross validation
Drinking water distribution system
External standard calibration
Euclidean distance
Easily ionized element
Expectation maximization
False negative
False positive
Gini index
Generalized linear model
Generalized linear model fit with the elastic
net penalty
Guided user interface
Glycated haemoglobin
Inductively coupled plasma
Inductively coupled plasma optical emission
spectrometry
Inductively coupled plasma mass
spectrometry
Inductively coupled plasma tandem mass
spectrometry
Ionization energy
Interal standard; Internal standardization
International Union of Pure and Applied
Chemistry
K-nearest neighbor model
K-nearest neighbor
Lead and Copper Rule
Linear dynamic range
Laser induced breakdown spectroscopy
Limit of detection
Limit of quantification

BIC
CA
CCD
CRM
CV
DWDS
EC
ED
EIE
EM
FN
FP
GI
GLM
glmnet
GUI
HbA1c or A1C
ICP
ICP OES
ICP-MS
ICP-MS/MS
IE
IS
IUPAC
knn
KNN
LCR
LDR
LIBS
LOD
LOQ

xxv

lr
lr_net
MCL
MEC
MFC
MICal
MIP OES
ML
MSC
NA
NIST
nnet
ORC
PC
PCA
PCA-AP
PCR
pls
PLS
PLS-DA
PLSLR
PLSR
PTFE
rf
RFE
ROC
RSD
SA
SDA
SIMCA
SVM
svm
TN
TNR
TOC
TP
TPR
t-SNE

Generalized linear model, model
Generalized linear model fit with the elastic
net penalty model
Maximum contaminant level
Multi-energy calibration
Multi-flow calibration
Multi-isotope calibration
Microwave induced plasma optical emission
spectrometry
Machine learning
Multispecies calibration
Non-analyte
National Institute of Standards and
Technology
Artificial neural network model
Octopole collision/reaction cell
Principal component
Principal component analysis
Principal component analysis-affinity
propagation
Principal component regression
Partial least squares regression model
Partial least squares
Partial least squared discriminant analysis
Partial lead service line replacement
Partial least squares regression
polytetrafluoroethylene
Random forest model
Recursive feature elimination
Receiver operating characteristic curve
Relative standard deviation
Standard additions
Standard dilution analysis
Soft independent modeling of class analogy
Support vector machine
Support vector machine model
True negative
True negative rate
Total organic carbon
True positive
True positive rate
t-Distributed Stochastic Neighbor
Embedding

xxvi

UMAP
UV-Vis
WSFCS
xgBoost

Uniform manifold approximation and
projection
Ultraviolet visible
Winston-Salem Forsyth County Schools
Gradient tree boosting model

xxvii

ABSTRACT
The combination of (trace) elemental analysis with data science techniques is an
important contribution to atomic spectrometry and its application to a broad range of
research fields. With temperatures as high as 10,000 K, the inductively coupled plasma
(ICP) is a robust source of atomization, excitation and ionization, capable of providing
trace level information for the vast majority of elements on the periodic table. Recently,
data science has catalyzed research across science by helping to process and interpret large
amounts of complex data acquired from instrumental techniques. The proposed body of
work shows the merit of using data-driven algorithms to enhance the analytical capabilities
of modern atomic spectrometry in two ways: (i) furthering the interpretation and use of
data acquired using traditional calibration methods for environmental and health-related
applications, and (ii) identifying and resolving matrix effects that can compromise analyses
based on the traditional external standard calibration method (EC).
Undoubtedly, ICP-based techniques are the most sensitive strategies for trace level
analysis of metals and non-metals (e.g. Cu, Pb, S, and Zn). Considering the importance of
environmental and biological health, there is a need for data analysis frameworks
connecting raw concentrations from ICP analysis to interpretable data exploration results
for health-related experts. For this purpose, we have used supervised (e.g. random forest)
and unsupervised (e.g. principal component analysis) learning strategies, applied to atomic
spectrometry data, to help ensure the safety of school drinking water and to identify type2 diabetes.
Using similar statistical techniques, data analysis workflows have been developed
to evaluate, in real time, the applicability of EC for a given sample matrix. The severity of

xxviii

matrix effects were described in principal component space by the distance between
simple-matrix solutions and complex-matrix samples. Matrix severity was also visualized
using other modern unsupervised leaning methods such as t-distributed stochastic neighbor
embedding (t-SNE), and uniform manifold approximation and projection (UMAP). In
addition, an estimation of analytical accuracy was determined from tuned supervised
learning models (e.g. pls and glmnet). Further, signal bias correction featuring naturally
occurring, plasma-based species were proposed for sample matrices not suitable for EC.
Each of the illustrated works first describe an optimized chemical analysis process
prior to the consideration of advanced data analysis strategies. The amount of information
extracted from advanced data processing is fundamentally limited to the quality of the data
available, where the quality of data is dependent on the optimization of sampling, sample
preparation and instrumental analysis. Characteristics of certain atomic spectrometry
methods may hinder the use of data science techniques if not accounted for. To properly
train supervised learning models, especially for small datasets (commonly found in atomic
spectrometry as a result of the sample preparation bottleneck), it is imperative that proper
resampling and data partition strategies are used to evaluate potential overfitting and to get
an estimate of predictive accuracy for a given model. Similarly, the merit of using more
complex models should be weighed against the use of simpler models that are easier to
interpret.
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CHAPTER I: INTRODUCTION

1

Chemical analysis and atomic spectrometry
Chemical analysis is central to each discipline of chemistry. The ability to identify
chemical species and to qualitatively and quantitatively measure the amount of a substance
provides the means to generate and explore chemistry-related hypotheses. Analytical
information of chemical components can be gathered by introducing a disturbance to a
physical system and measuring the chemical response [1]. For example, atomic
spectrometry takes advantage of the interaction between electromagnetic radiation and
atoms to provide analytical information regarding the identity and amount of elemental
species within a sample [2]. Examples of energy sources in atomic spectrometry include
microwave-induced plasmas, tungsten coil atomizers, liquid-sampling atmospheric glow
discharges, and inductively coupled plasmas [3–6].
Inductively coupled plasmas (ICP)s are the most common sources of energy for
vaporization, atomization, excitation and ionization in atomic spectrometry. Reaching
temperatures as high as 10,000 K, ICPs are robust and capable of providing analytical
information on the vast majority of elements [6]. Inductively coupled plasma optical
emission spectrometry (ICP OES) and inductively coupled plasma mass spectrometry
(ICP-MS) involve the indirect measurement of atoms by quantifying emitted light from
excited species, or the direct measurement of atoms by counting ions produced in the
plasma, respectively [6–9]. With access to ICP OES and ICP-MS, researchers are able to
develop analytical procedures capable of providing trace level elemental information on a
broad range of samples.
Fig. 1.1 describes the general chemical analysis process. After converting a sample
into a suitable medium for instrumental analysis, analytical information about the original
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sample can be gathered from processing data collected from the instrument. Although the
flow chart in Fig. 1.1 moves in a linear fashion, all stages of the process need to be
considered simultaneously when designing the analytical workflow. For example, a
limitation in instrumental analysis directly affects the sample preparation step, and restricts
what can be described about the sample because of the limited chemical information
provided after data processing. ICP-based analyses can be made on solid and liquid
matrices, depending on the capabilities of the analytical sample introduction system. Gas
species can also be analyzed, which usually involves producing a volatile species of the
analyte and direct introduction into the ICP [10]. Solid sampling requires a laser system to
ablate the sample in order to convert the sample matrix into a plume, which will eventually
reach the ICP and generate analytical signal [11]. Liquid samples are the most common
medium for sample introduction. If the sample is initially a solid, or presents a matrix not
suitable for direct introduction into the ICP, it is converted into solution before analysis.
Typically this is accomplished by closed-vessel microwave-assisted acid digestion, which
is an efficient means of decomposing the sample with minimal contamination and sample
loss [12]. Alternatively, microwave-induced combustion is a faster means of sample
dissolution, although requiring specific apparatus and reagents [13]. In both cases, green
principles have been consistently adopted to limit the use of strong acids and unnecessary
waste, at the same time as maintaining the efficiency of the digestion [12].
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Fig. 1.1. Flow chart describing the general steps involved in a typical chemical analysis
process.

Few recent major technological advancements have been made regarding ICPs, and
the vast majority of progress in ICP-based analytical research has been focused on ICPMS and how mass spectra data is gathered and processed from the plasma. These include,
for example, combining electrostatic analyzers and magnetic sectors to make precise and
accurate isotopic ratio measurements [14]; employing tandem mass spectrometry with two
quadrupoles and a collision/reaction cell (and taking advantage of chemical reactions in
the gas phase) to improve the resolution of quadrupole-based analyses [15]; and improving
electronic components in the instrumentation to allow the acquisition of time-resolved data
on a microsecond scale for counting and sizing individual nanoparticles at environmentally
relevant concentrations [16]. In each of these cases, a typical ICP was used, and the novelty
in instrumental analysis was associated with the mass filter or the computing and
electronics in the detection system.
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Considering ICP OES, researchers have pondered the merit of conducting
additional research dedicated to this robust and mature method [9,17]. Although ICP-MS
research is a growing field, which is evident by the increasing number of publications
featuring ICP-MS instrumentation, the number of publications featuring ICP OES has
remained relatively constant [17]. Even though ICP OES is a routine method of analysis,
there are some key areas necessitating further research. These include miniaturization
(more compact instruments), “greening” ICP OES applications by reducing the amount of
both the gas consumed by the ICP and the strong acids used in sample preparation, and
improving data processing by employing advanced statistical strategies to take advantage
of the multiple signals simultaneously provided by the instrument [9,17]. These areas of
improvement affect different stages in the chemical analysis process and therefore require
special attention at each step.
Calibration is another important aspect of instrumental analysis. A series of
considerations need to be made to determine the optimal calibration strategy for accurate
determinations, including the desired speed of analysis, the estimated severity of matrix
effects and resource limitations [18,19]. External standard calibration (EC) is the most
common method used in routine analyses. Here, the instrumental responses from a series
of standard solutions prepared at varying levels of analyte concentration are collected.
Theoretically, the analytical signal is directly proportional to the analyte concentration in
solution. A standard calibration curve is produced by fitting a line to the data produced
from plotting instrumental responses versus analyte concentration in each standard
solution. The equation associated with the least squares fit is then used to determine the
concentration of the analyte in the sample of interest. Although efficient for most
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applications, EC provides accurate results only when matrix effects are negligible [18,19].
If the sample matrix imparts a bias on the signal obtained from the instrument, using the
standard calibration curve to determine the concentration of analyte in the sample will
result in error. This is due to the difference in analytical signal intensities between those
recorded from “clean” calibration solutions and from matrix-affected samples.
Additionally, fluctuations from the source of the instrument or inefficiencies in sample
introduction can impart signal bias as well. Here, again, the error arises because of
differences in measurement conditions between sample and calibration solutions. It is
possible that fluctuations observed during sample analysis were not present at all, or may
have been present at an unknown, varied amount while collecting signals from the
calibration standards. When choosing an appropriate calibration strategy, one needs to
consider the likelihood of error arising from matrix effects or the potential fluctuation of
the analytical signal from the instrumental technique and analytical process adopted
[18,19].
Matching the matrix of standard solutions to that of the sample is a common
strategy to account for potential matrix effects. Standard additions (SA) is the most
common matrix-matching approach which relies on fixed increments of analyte spikes to
the sample [18,19]. For example, once the sample has been processed and is ready for
analysis, a 0.5 mL aliquot of the sample solution may be delivered to six different flasks.
One of the flasks simply contains the sample aliquot. To five of the other flasks, however,
the sample is spiked by adding varied volumes of a standard solution. In all cases, the
“standard additions” are diluted to the same final volume with a blank (e.g. a final volume
of 10 mL with 1 % v/v HNO3). Next, a standard calibration plot is built with the
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instrumental response and the amount of standard spiked in each standard addition. By
extrapolating the least squares fitted line to the x-intercept of the calibration plot, and
accounting for dilution, the concentration of analyte in the original sample is obtained
[18,19].
Internal standardization (IS) is another traditional approach to calibration [18,19].
By monitoring the signal of an internal standard species in addition to the signal produced
from the analyte species, potential fluctuations in the analytical signal can be accounted for
if the same signal fluctuation is observed for the internal standard species. Similarly, if the
sample matrix imparts the same bias in signal to both the internal standard and analyte
species, IS may be used to account for matrix effects as well. Compared to SA, IS a simpler
approach to calibration, requiring less time from the analyst. Commonly, the internal
standard species is added inline during sample introduction, which further reduces the time
spent in sample and standard solutions preparation. In fact, data collection and subsequent
processing for EC and IS can be carried out in the same analytical run. Then either EC or
IS may be used for analyte concentration determination based on the likelihood any signal
biases are expected.
Standard additions is a popular method of calibration, yet SA is both resource and
time demanding. Similarly, internal standardization is limited by the need to introduce a
foreign element to the matrix, and the requirement to find an internal standard species that
correlates well with the analyte for a given sample matrix and instrumental setup [18,19].
Recently, several novel calibration strategies featuring matrix matching in addition to IS
have been introduced. These include multi-energy calibration (MEC), multi-flow
calibration (MFC), multi-isotope calibration (MICal), multispecies calibration (MSC) and
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standard dilution analysis (SDA) [20–25]. Each of these approaches to calibration involve
only two solutions, with one of them containing sample and blank, and the other prepared
with sample and a known-concentration standard. By collecting multiple signals from the
analyte in each calibration solution, MEC, MFC, MICal and MSC produce quick and
accurate results simply by rearranging the terms of a calibration equation [20–23].
Although SDA is a matrix-matching method of calibration as well, it relies on the use of
one or more internal standards and a gradient mixing strategy for accurately determining
the analyte concentration in the sample. The use of two internal standards in SDA allows
for each point in the gradient mixing of the two calibration solutions to be used in the
calibration plot [26]. Recently described, automated SDA is an efficient method of
calibration that accounts for both matrix effects and any potential analytical signal
fluctuations during the analysis [25,26].
Calibration can be viewed as the link between the instrumental analysis and data
processing steps in Fig. 1.1. The choice of instrument, and the type of physical process the
instrument takes advantage of to make analytical measurements, governs which calibration
methods may be used for accurate determinations. Considering the linear flow from Fig.
1.1, data processing is directly affected by the previous steps in the process. The quality of
information provided from data processing follows the quality of the data produced from
instrumental analysis, which depends on the quality of sample preparation and the initial
sample and sampling method. When taking this into account, a researcher looking to make
the biggest impact in the capabilities of an analytical process should first consider the
sample. For the research task at hand, does the proposed sample (and the sampling method
adopted) adequately provide the means to answer the research question being asked?
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Sample preparation and instrumental analysis follow suit. In most cases, any change in the
data processing step of the analytical process will produce small returns relative to
optimizing the previous steps. However, in the case of an optimized analytical process,
further exploring techniques related to data processing can ultimately lead to a better
understanding of the analytical information provided, which in turn means a better
understanding of the sample and the research problem under evaluation.
Atomic spectrometry is a mature field of science. Although the majority of the tools
used within the field have been researched and well-characterized, there are several
opportunities for improvement, which may qualify the atomic spectrometry methods for
new important applications in medicine, environmental science and a broad range of other
fields. Considering recent developments in machine leaning and advanced statistical tools,
atomic spectrometry methods may greatly benefit from advances in the data processing
step of the analytical process. By incorporating some of these cutting-edge techniques,
atomic spectrometry can increase its already prolific contributions to a broad range of
research fields.

Defining and characterizing the gap
As a scientific community, chemometrics presents a diverse and changing identity.
Loosely defined as “chemistry with applied statistics” or “the application of mathematical
and statistical tools to chemistry,” the term, “chemometrics,” was first introduced by
Svante Wold in 1972 [27]. The chemometrics discipline encompasses a wide range of
subtopics, including analytical calibration, experimental design, sampling, data
preprocessing, projection methods, pattern recognition and data fusion [27,28]. It
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complements analytical chemistry, and sets out to change the analytical chemist “from a
producer of analytical results to a provider of analytical information.” [27].
The statistics community initially viewed chemometrics unwelcomingly. One of
the reasons for dismay was the empirical fashion behind the use of chemometrics [27].
Traditionally, statisticians publish their research with proofs alongside the definition and
discussion of their statistical models, requiring an extended review period. Here, the focus
is on the assumptions of a model, and the strict definition and adherence to the limitations
of these assumptions. Progression of focus for these publications began with the model, or
the given statistical subject (e.g. distribution, maximum likelihood estimation), and ended
with application to data. More often than not, chemometrics is studied to solve a given
chemical problem. In itself, it is not the subject of research. This point-of-view lends itself
to researchers within the field publishing their work without rigorous proofs, thus not
necessitating an extended review period. Rather, their metric of choice is the quality of
their analytical results, e.g. fitting multiple chemical responses to a curve or the prediction
accuracy from using these responses for pattern recognition [27]. A negative consequence
of this approach for data analysis is the misuse and abuse of chemometrics methods from
non-experts employing easy to use data analysis packages [29].
The empirical approach to data analysis, initially scorned by the statistics
community, is now at the core of the movement within the data science and artificial
intelligence communities. Simply put, machine learning is the study of learning from data
[30]. Roughly characterized as heuristic approaches, multivariate strategies focused on
predictive analytics and pattern recognition from negative feedback were at the heart of
chemometrics when the traditional statistics community initially frowned upon them
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[27,31]. Unfortunately, since that period, little progress has been made in developing novel
pattern recognition techniques within chemometrics for chemical analysis. Rather, the field
has remained glued to the advancements made during the earlier years of the field.
In 2015, Brereton reviewed the current state of pattern recognition (i.e. machine
learning) within the chemometrics field relative to the recently growing and expanding
field of machine learning and applied statistics [31]. The author highlights the divide
between the chemometrics and applied statistics communities, emphasizing how there has
been little to no interaction between the two groups since the 1980s. With the focus of
academic research to finish projects within the two to four year timeline of masters and
PhD students, Brereton recognizes how chemometrics researchers faced with pattern
recognition questions oftentimes do not have the time to learn the necessary statistical and
software tools capable of implementing modern machine learning strategies. As a result,
they either outsource their data to collaborating researchers or purchase software and
toolkits with friendly user interfaces. Brereton hypothesizes this led to the current
disconnect between the chemometrics and applied statistics communities. Researchers
continue to reuse algorithms that showed early (e.g. 1980s) successes within chemometrics
without considering the advancements in computer science and data science. This is
partially due to the fact the toolkits featured in their data analysis workflows do not
immediately consider relatively newer statistical learning algorithms such as random
forests and support vector machines [31].
Pattern recognition tools such as partial least squares discriminant analysis (PLSDA) and soft independent modeling of class analogy (SIMCA) have been present in
chemometrics since the 1970s, and continue to be used in works published in chemometrics
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and analytical chemistry-based journals (e.g. Journal of Chemometrics and Talanata). On
the other hand, machine learning tools (e.g. support vector machine and random forests)
have seen an exponential rise across several disciplines in recent years. Yet, published
works featuring these tools have mainly been focused in computer science and applied
statistics journals (e.g. Expert Systems with Applications), not chemometrics or analytical
chemistry-based journals [31].
Figs. 1.2 and 1.3 present the number of published research articles for selected
search terms. Since 2015, there has been an exponential increase in the number of
published works relative to machine learning. In fact, the number of publications featuring
the term “machine learning” surpassed “multivariate analysis” after 2018. Algorithms such
as principal component analysis (PCA) are examples of multivariate analysis tools, and
have been heavily featured in the chemometrics field since the 1980s, as described above.
Even though there is exponential growth in publications using machine learning, and the
number of publications relative to the inductively coupled plasma has steadily increased,
there are few publications featuring both “inductively coupled plasma” and “machine
learning” (Fig. 1.2).
Machine learning as a research topic has taken off in general fields of science, yet
its application with the ICP in atomic spectrometry is relatively unexplored (Figs. 1.2 and
1.3). Why has there only been sporadic growth at best with the use of machine learning
and the ICP? As highlighted by Brereton, the disconnect between the applied statistics and
chemometrics communities may explain the contrasting growth between ICP-based
analyses with chemometrics and ICP-based analyses with machine learning (Fig. 1.3) [31].
Interestingly, there has been an increase in the number of publications featuring the search
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terms “Inductively coupled plasma” and “chemometrics,” and “Inductively coupled
plasma” and “multivariate analysis.” This implies there is interest in combining the
information provided by an ICP with advanced data analytics, yet most of these data
analysis strategies have been limited to those practiced in chemometrics.

Fig. 1.2. Number of publications identified on Web of Science for selected search terms
pertaining to the inductively coupled plasma or terms relating to data analysis.
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Fig. 1.3. Number of publications identified on Web of Science for selected search terms
pertaining to the inductively coupled plasma and several terms relating to data analysis.

Another answer may be the fact there is not a need to consider the relatively new
data science strategies. Originally developed to help deal with multicollinearity amongst
predictor variables, partial least squares regression (PLSR) is a well described algorithm
capable of handling commonly generated chemical data [32,33]. If issues with
multicollinearity in chemistry are the only problem, then these issues have already been
solved. Frank and Friedman reviewed PLSR and principal component regression (PCR)
with a “statistical view” in 1993 [34]. Surprising to the authors, PLSR performed similarly
to regression techniques better known by the statistics community, e.g. ridge regression.
What is most interesting about their work is the dialogue that followed the publication.
Wold, who was one of the founders of chemometrics, published a response to the
publication in support of PLSR by arguing PLSR was better suited for visualization and

14

interpretation purposes than other regression strategies [35]. Another response to the
publication was submitted by Hastie and Mallows, who argued for the use of smoothness
penalty procedures in predictive regression [36]. Frank and Friedman responded to both,
commending Wold for popularizing the application of PLSR for chemistry data, and
complimenting Hastie and Mallows for being at the forefront of regression methodology
in statistics [37]. The correspondence in 1993 between Friedman and Wold illustrate how
closely aligned chemometrics was with the applied statistics community originally. This
would not be the case for long, however. In 2001, Friedman and Hastie published one of
the defining texts in the field of statistical learning [30]. In the same year, there were no
publications featuring the use ICP and machine learning, illustrating the branching
disconnect between the two fields (Fig. 1.2).
The trends observed in Figs. 1.2 and 1.3 may be misleading due to differing
terminology for separate fields of science. This was highlighted by Frank and Friedman in
their response to Wold [37]. Recently, Szymańska reviewed modern data science in the
context of the general analytical chemistry field [38]. This impressive review serves the
purpose of initially bridging the gap between the data science applied statistics
communities and chemical analysis experts by highlighting the differences in terminology
between the fields. Szymańska presents a general framework for knowledge discovery and
modeling by implementing “big data” techniques to data acquired from chemical
instrumentation.
Beyond the reviews of Brereton and Szymańska [31,38], there are select reviews
within the food and agriculture discipline, focusing on food adulteration and authenticity,
which feature applications of modern data science techniques in conjunction with ICP-
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based analyses [39,40]. Although Jiménez-Carvelo et al. provide a clear explanation of
machine learning methods such as random forests and support vector machine [39], the
narrative of these reviews is that of food science experts, which obviously focus on this
specific field of application rather than on the combination of elemental analysis with
modern data science techniques in general.
Given the recent advancements made in the data science community, and the
current disconnect between chemical analysis and applied statistics, there is room for new
research combining atomic spectrometry data with data analysis strategies such as machine
learning. Szymańska bridged the gap in terminology between applied statistics and
chemical analysis, yet the provided examples are underwhelming for those focused on
specific applications relative to ICP-based methods and atomic spectrometry in general
[38]. This dissertation serves to help fill in this gap by providing examples of how chemical
analysts can apply data science techniques beyond traditional chemometric tools to their
data analysis workflows. Similarly, the examples provided by this dissertation may be
helpful for statistics experts who are seeking to better understand atomic spectrometry and
its applications, as well as the suitability of various algorithms applied to data collected
from atomic spectrometric techniques.

Bridging the gap
The following chapters describe individual works illustrating the merit of applying
data science techniques to atomic spectrometry data. Chapters 2 and 3 describe works
involving collaborative projects, in which the focus is on maximizing the analytical
information provided from an optimized analytical process. This information is then shared
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with collaborators, who have the domain knowledge necessary to further advance the
research. Chapters 4-6 describe the use of data science techniques to better optimize the
analytical process and efficiency of atomic spectrometry methods. Specifically, methods
are developed to evaluate, in real time, the suitability of EC for varied levels of matrix
complexity in ICP OES determinations.
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INTRODUCTION
In recent years, there have been calls for changes in legislation regarding the
mandatory testing of drinking water for copper (Cu) and lead (Pb) in schools in the United
States.1-3 Within the state of North Carolina, the State House Legislature introduced
legislation in 2016 requiring drinking water testing and monitoring for Pb at elementary
schools and day care facilities built before 1987.4 Current United States legislation only
requires mandatory testing in public schools that are also regulated as a public water
supplier. However, approximately 89 - 92 % of all schools in the country fall outside of
this category, and testing is only done on a volunteer basis.2
Monitoring of drinking water for Cu and Pb falls under the mandates established
by the Lead and Copper Rule (LCR) and its revisions.1 The Environmental Protection
Agency (EPA) has set forth plans to revise the LCR and address concerns and weaknesses
within the legislation such as the fact that there are no enforceable health-based standards.
Issues associated with adverse corrosive control methods, inappropriate sampling or
sampling processing, delay in action, lack of clarity in what determines compliance, as well
as partial lead service line replacements (PLSLR) and potential spikes in Pb concentrations
in water as a result of PLSLRs are also being evaluated.1,3 In this context, the EPA released
a white paper in 2016 advocating for the revision of the LCR with the following key goals
outlined: further reduce exposure to Pb in drinking water, set clear enforceable
requirements, and improve transparency, environmental justice and children’s health.
In addition to the action levels (AL) set for Cu and Pb (1,300 and 15 µg L-1,
respectively), the EPA has also established maximum contaminant levels (MCL) for As,
Cd, Cr, Cu, Pb, Sb, Se and Tl.5 The potential health deterrents of As and Pb on neurological
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development of children is well documented and studied.6-9 For Cd, Cr, Cu, Se and Tl, the
potential negative health effects of long-term exposure are also recognized by the EPA and
the World Health Organization (WHO), with critical concentrations ranging from 2 µg L-1
(Tl) to 1,300 µg L-1 (Cu).5,10
The most significant sources and/or causes of Pb in drinking water include Pb
service lines, faucets and fixtures with leaded brass, pipes with Pb solder, and adverse water
chemistry.1 Common sources of Cu, Sb, As, Cd, Cr, Se and Tl in drinking water include
corrosion of household plumbing systems, erosion of natural deposits (Cu); discharges
from petroleum refineries, fire retardants, ceramics, electronics and solder (Sb); erosion of
natural deposits, runoff from orchards, runoff from glass and electronics production wastes
(As); corrosion of galvanized pipes, erosion of natural deposits, discharge from metal
refineries, and runoff from waste batteries and paints (Cd); discharge from steel and pulp
mills, and erosion of natural deposits (Cr); discharge from petroleum and metal refineries,
erosion of natural deposits and discharge from mines (Se); and leaching from oreprocessing sites, discharge from electronics, glass and drug factories (Tl).5 The United
States Congress amended the Safe Drinking Water Act in 1986 to prohibit the use of pipes
with more than 8 % Pb, and solder or flux with more than 0.2 % of Pb in their constitution.
Effective January, 2014, the Reduction of Lead in Drinking Water Act reduced the
maximum allowable amount of this element from 8 % to no more than a weighted average
of 0.025 % on a wetted surface.1 Although the amount of Pb in infrastructure built after
1986 in the United States has been significantly reduced due to legislation, many schools
were built prior to 1987 and may have Pb service lines, as well as building materials
containing solder and flux with relatively high amounts of this element. Implementation of
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corrosion control practices, such as water treatment with orthophosphate (OrthoP), is
capable of preventing leaching of Pb into drinking water.11 However, the amount of Pb (as
well as Cu and other elements) found in an individual tap varies over time due to several
parameters such as variation in the constitution of plumbing materials, plumbing age, water
quality, sampling procedure (e.g. water stagnation time, and flow rate during sampling),
water use, and temperature.12,13
Studies involving elemental analysis of school drinking water have been carried out
in the United States,2,14,15 Canada16,17 and Saudi Arabia,18 however, most of them focused
on just Cu and Pb, or Pb alone. In one of these studies, concentrations of Al, Cd, Cu, Fe,
Ni and Zn in school water coolers in Saudi Arabia were found to exceed the guideline
values set by the European Economic Community.18 Spikes in drinking water
concentration of Pb as high as 1,520 µg L-1, 1,600 µg L-1, and 13,000 µg L-1 were found in
Washington D.C. Public Schools (DCPS), Seattle Public Schools (SPS), and schools in the
Los Angeles Unified School District (LAUSD), respectively.2,14,15 Results from these
studies caused public alarm and negative media coverage leading to water remediation
strategies such as implementing water filters, supplying consumers with bottled water, and
removing Pb in plumbing to reduce potential accumulation of this metal in school
children.2,15 In the present work, tap water samples were collected from all 76 schools in
the Winston-Salem/Forsyth County Schools (WSFCS) district (North Carolina, United
States), which serves approximately 54,385 students. Samples were taken from cafeteria
sinks and water fountains, as they may be some of the most used sources of drinking water
in a given school. Inductively coupled plasma-tandem mass spectrometry (ICP-MS/MS)
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was used to determine the concentrations of eight elements (i.e. As, Cd, Cr, Cu, Pb, Sb, Se
and Tl), and the results were compared with MCLs and ALs set by the EPA.
Multivariate analysis encompasses techniques to explore and analyze multivariate
data in order to extract the maximum amount of signal from the noise and make inferences
about the sources of the data.19 This strategy has been extensively applied in environmental
water research,20-23 and to study potable water systems in Greece and the United States.24
A data driven approach was used, for example, after residential water testing in Flint, MI,
USA to develop machine learning models capable of predicting whether or not a given
parcel data would have a Pb concentration above the EPA action level of 15 µg L-1.25
Although widely used in many and diverse fields of research, multivariate analysis has yet
to be evaluated as a tool to study trace elements in drinking water of an entire school
district. In the present work, principal components analysis (PCA) and cluster analysis
(CA) are applied to identify subtle patterns within the data and provide information that
may be essential for preventive action programs on drinking water contamination in
schools. In this case, school building age and the concentrations of eight trace elements in
drinking water from cafeteria sinks and water fountains are used in PCA and CA. In an
additional study, the effect of water stagnation during the summer break on Cu and Pb
concentrations in the school’s drinking water supply was also evaluated. Four schools,
selected according to the age of the building, Pb concentration during the school year, and
activity level over the summer break, were tested after 52 days of drinking water
stagnation. The same taps tested during the school year were retested after the summer
break, at five points throughout a 2-hour flush period, to evaluate the effect of flushing on
minimizing water contamination.
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EXPERIMENTAL
Instrumentation
A tandem ICP-MS (8800 ICP-MS/MS, Agilent, Tokyo, Japan) was used to
determine As, Cd, Cr, Cu, Pb, Sb, Se and Tl in drinking water at the mass-to-charge ratios
(m/z) of 75, 111, 52, 63, 208, 121, 78 and 205, respectively. On-mass ICP-MS/MS was
used in all determinations, with H2 gas flowing at 4 mL min-1 in the collision/reaction cell.26
Instrumental parameters and optimized conditions for elemental analysis are listed in Table
II.I.

Table II.I. ICP-MS/MS operating parameters used to determine trace element
concentrations in drinking water.
Instrument parameter
Radio frequency applied power
(kW)

Operating conditions

Sampling depth (mm)

10.0

Nebulizer

Concentric nebulizer - glass

Spray chamber

Scott type - double pass

Makeup gas flow rate (L min-1)

0.0

Carrier gas flow rate (L min-1)

1.05

Octopole bias (V)

-18.0

KED (V)

5.0

Operating mode

MS/MS (On mass)

Collision/reaction cell gas
Collision/reaction cell gas flow
rate (mL min-1)

H2

1.550

4.0
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Mass-to-charge ratios (m/z)
monitored

75 (As), 111 (Cd), 52 (Cr), 63 (Cu), 208 (Pb), 121
(Sb), 78 (Se) and 205 (Tl)

Reagents, standard reference solutions and samples
All samples and analytical solutions were prepared using trace-metal-grade nitric
acid (Fisher, Pittsburgh, PA, USA) and distilled-deionized water (18 MΩ cm, Purelab
Option-Q, Elga, Woodridge IL, USA). Single-element stock solutions of As, Cd, Cr, Cu,
Pb, Se, Sb and Tl (1000 mg L-1, SPEX CertPrep, Metuchen, NJ, USA) were used to prepare
the calibration standards. The external standard calibration method was employed in all
determinations. A certified reference material (Trace Elements in Water, NIST 1643e)
from the National Institute of Standards and Technology (NIST, Gaithersburg, MD, USA)
was used to check the method’s accuracy. Water samples were directly analyzed, with
dilutions performed when necessary to fit the calibration curve concentration range.

Sample collection
Tap water samples from cafeteria sinks and water fountains in all 76 schools of the
WSFCS district were collected. Cafeteria sinks were chosen based on ease of access at the
time of sampling and high usage. Water fountains were chosen based on location in hightraffic areas of the schools. Fountains located outside the main office were sampled in most
cases. Sample collection took place during school activity hours (8:00 AM - 4:30 PM)
between October 2016 and May 2017. Samples for the summer stagnation study were
collected in August 2017. A P8 coarse filter paper (Fisher Scientific, Pittsburgh, PA, USA)
and a plastic funnel were used to collect the samples into prewashed 50 mL conical
polypropylene tubes (Thermo Scientific, Waltham Massachusetts, USA), which were
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preloaded with 5 mL of 10 % v v-1 HNO3. The collection tube was then filled up to the 50
mL mark with the drinking water sample, for a final acid concentration of 1 % v v-1. Prior
to sample collection, the plastic funnel and filter paper were conditioned with the respective
water sample. All glassware and plastic ware used in this study were kept overnight in a
10 % v v-1 HNO3 bath, and thoroughly rinsed with distilled-deionized water before use.

Data analysis
After comparing the results for all eight elements evaluated with their respective
MCLs and ALs, the data was further investigated to identify schools that would be a
priority regarding drinking water monitoring and potential contamination by toxic
elements. The data was first analyzed to observe the proportions and patterns of data below
the limits of detection (LOD), which are reported here, along with maximum and minimum
values for each element. The data used to determine element concentration averages, as
well as in multivariate analyses, were exclusive to elements presenting more than 50 % of
their results above the respective LODs. The Expectation Maximization algorithm (EM)27
of log-ratio transformed data28 was used to impute values below the LOD for each element
using the zCompositions package in R.29 Model-based clustering was performed using the
Mclust package in R.30 Finite mixture models were developed using the EM algorithm,28
and the best model was selected according to the Bayesian information criterion (BIC).31
PCA was used as an exploratory and visual tool to uncover mutual relationships and
correlations in the data. In this case, multivariate relationships are described in terms of
complimentary scores and loadings plots.32 Spatial representations of the data were
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performed using the ggmap package in R.33 All the R code used in this study is available
upon request.
Different vocabulary is used in the data mining community to refer to samples and
variables. In this work, samples are referred to as observations, and variables are referred
to as features. Therefore, the observations are the samples of drinking water, and the
features include the concentrations of trace elements in drinking water and the school
building construction year.

RESULTS AND DISCUSSION
Trace element concentrations in schools’ drinking water
The limits of detection (LOD), limits of quantification (LOQ) and percent
recoveries from a certified reference material (CRM) are listed in Table II.II for As, Cd,
Cr, Cu, Pb, Sb, Se and Tl. The LODs ranged from 0.004 – 0.3 µg L-1, and are significantly
lower than the respective MCL and AL values set by the EPA (Table II.III). The percent
recoveries ranged from 87 - 98 %. To further evaluate the accuracy of the method used in
this work and compare it with that routinely used to assess water quality in the county,
concentrations of Cu and Pb in fifty-six samples were also determined by the WinstonSalem water treatment plant laboratory (Winston-Salem, NC, USA). No statistically
significant difference was observed between the results from the two laboratories by
applying a two sample t-test at the 95 % confidence level.

Table II.II. Limits of detection (LOD) and quantification (LOQ), and percent recoveries
from a certified reference material of water (NIST 1643e) for As, Cd, Cr, Cu, Pb, Sb, Se
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and Tl determined by ICP-MS/MS. The numbers in parentheses are the certified
concentrations for each element in µg L-1.
LOD

LOQ
-1

-1

Element

(µg L )

(µg L )

Percent recovery

As

0.04

0.1

94 % (60.45)

Cd
Cr
Cu
Pb
Sb
Se
Tl

0.02
0.08
0.3
0.01
0.01
0.06
0.004

0.1
0.3
0.9
0.04
0.02
0.2
0.01

98 % (6.568)
95 % (20.40)
91 % (22.76)
93 % (19.63)
92 % (58.30)
95 % (11.97)
87 % (7.445)

Table II.III. Summary statistics for cafeteria and fountain drinking water samples, and
maximum contaminant levels (MCL) or action levels (AL) set by the EPA. All trace
element concentrations are reported in µg L-1.

Cafeteria sink (n = 73) Water fountain (n = 75)
Mean Min
Max Mean Min
Max
MCL or AL
Building year 1969 1923
2012 1971
1923
2012 As
0.070 < LOD 0.19 0.060 < LOD 0.16
10
Cd
N.D.* < LOD 0.39 N.D.* < LOD 0.29
5
Cr
0.15
< LOD 0.49 0.16
< LOD 0.47
100
Cu
19
2.0
69
34
9.6
110
1300
Pb
0.32
< LOD 5.0
0.26
< LOD 4.9
15
Sb
0.070 0.030
0.58 0.060 0.030
0.43
6
Se
N.D.* < LOD 0.14 N.D.* < LOD 0.25
50
Tl
N.D.* < LOD 0.010 N.D.* < LOD 0.010 2
* Not determined (N.D.), as more than 50 % of observations were below the respective
LODs.
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The water treatment plant in Winston-Salem uses OrthoP as a passivation chemical
to prevent elemental leaching from pipes into the drinking water. For all occupied buildings
evaluated in this study, and for both taps sampled, no element concentration exceeded the
respective MCL or AL. Average values for all eight elements were at least 40-fold lower
than the MCLs (Pb), and even the highest concentrations found were 3-fold (Pb) to more
than 200-fold (Cr) lower than the MCL and AL values (Table II.III).

Investigation of school buildings more likely to present elemental concentration
spikes
As discussed earlier, drinking water contamination with toxic elements such as Pb
is primarily a result of leaching from service lines, faucets and fixtures, which may be
exacerbated by changes in the water chemistry.1,34,35 In normal conditions, one may argue
that the main source of drinking water contamination in a building is the materials used in
its construction. Therefore, older buildings (especially those constructed before stricter
legislation on building material safety was established)4 may be more prone to element
concentration spikes in their drinking water supply. In this context, we carried out a study
to identify school buildings that would be more likely to present higher concentrations of
the eight elements evaluated, and that should be more closely monitored for drinking water
contamination. We applied a multivariate approach using PCA and CA to identify more
nuanced patterns, involving not only the age of the building, but also trace element
concentration data and geographical location. Considering the proposed new legislation
requiring drinking water testing for Pb at elementary schools and day care facilities built
before 1987,4 this strategy may contribute to optimizing public resources. Water testing
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efforts may target the most “at risk” buildings more intensely, and potentially toxic
elements other than Pb may also be monitored.
Summary statistics for all water samples analyzed are listed in Table II.III. Figures
SI2.1 and SI2.2 (Supplementary Information) show the proportions of data below
elemental LODs for cafeteria and fountain samples, respectively. For both taps, more than
50 % of observations were below the LOD for Cd, Se and Tl. Therefore, these three features
were discarded when determining means and when performing multivariate analyses. On
the other hand, all observations had detectable levels of Cu and Sb. Thus, the statistics
shown in Table II.III were calculated only for school building construction year, and As,
Cr, Cu, Pb and Sb (i.e. elements for which less than 50 % of the data were below the
respective LODs). These same features were used in PCA and CA.
Figure 2.1 shows the results for a univariate analysis of data on trace element
concentration values and the age of the school buildings. It lists the features correlation
plots for cafeteria sink and water fountain observations. Significant correlations (p < 0.05)
are the same for both taps: building year-Cr (negatively correlated), building year-As
(positively correlated), and Cr-As (negatively correlated). A negative correlation between
a given elemental concentration and building year implies that older buildings have a
higher concentration of that element. Thus, older school buildings in this study present
higher concentrations of Cr and lower concentrations of As in the drinking water, which is
further confirmed by the negative correlation observed for As and Cr (Figure 2.1). On the
other hand, newer school buildings show higher concentrations of As and lower
concentrations of Cr in the drinking water. In addition to the As sources discussed earlier,
it has been reported that this element readily absorbs onto solid iron surfaces that are part
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of an aqueous environment such as drinking water distribution systems (DWDS).36-39
However, the As associated with Fe materials and other solids in the DWDS may vary and
is difficult to predict,40 and further research is required to explain the relationships observed
in this study. It is possible that the trends observed in Figure 2.1 for both As and Cr are
related to the materials available at the time the school was built. Although these results
may provide useful information for preventive policies associated with drinking water
safety, the maximum concentrations found for As and Cr were more than 50-fold and 200fold lower than the respective MCLs (Table II.III).

Figure 2.1. Correlation matrices for the cafeteria sink and water fountain datasets.
Insignificant correlations (p ≥ 0.05) are marked with crossed boxes.

Cafeteria sink and water fountain data were also independently evaluated using a
multivariate approach. Data was standardized to a mean of 0 and a standard deviation of
1 for both sets of data. Model-based clustering was used to objectively classify the
samples. The models were set to optimize parameters according to a user-specified
33

number of groups. Multivariate analyses involving 1 - 5 sample groups were tested, and
the most efficient interpretation of clustered data was achieved with four groups.
Figure 2.2 is a biplot of the scores and loadings for the first two principal
components (PCs) after performing PCA on the standardized cafeteria sink data. Ellipses
are drawn around observations according to cluster group assignment. Although there is
some overlap amongst the four groups, clear patterns arise from the first two PCs.
Considering the loading vectors, observations in group 2 separate according to As, Cu, Pb
and Sb. Groups 1 and 3 separate according to the negative correlation between Cr and
building year. Group 4 consists of observations with near zero scores in the first two PCs.

Figure 2.2. Biplot of the scores and loadings from the first two principal components (PC)s
after principal components analysis of the standardized cafeteria sink dataset. Groups 1 - 4
are composed of 19, 14, 15 and 25 cafeteria sink samples, respectively.
34

Figure 2.3 shows the boxplots of standardized cafeteria sink data for each feature
according to group assignment. The y-axis in this figure represents the distance from the
mean in number of standard deviations. Group 1 consists of cafeteria sinks in newer school
buildings, with relatively low concentrations of each element in drinking water, except for
As. School buildings in group 2 have varied dates of construction, but present generally
higher concentrations of As, Cu, Pb and Sb in drinking water when compared with the
other groups. Groups 3 and 4 contain samples from older school buildings (all built before
1977). Samples in these groups present generally lower element concentrations than those
in group 2, except for Cr in group 3.
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Figure 2.3. Boxplots of standardized cafeteria sink data. The x-axis represents the sample
group assignment after model-based clustering, and the y-axis represents the number of
standard deviations from the mean.

The results in Figures 2.2 and 2.3 suggest that regulations introduced to limit the
amount of toxic elements in building materials, combined with corrosion control treatments
administered by the water treatment plant, were effective at reducing drinking water
contamination. All school buildings in group 1, which present the lowest trace elements
levels in drinking water, were built after 1986.1 This observation is reinforced by the results
in Figure 2.4, which shows the geographical distribution of the four groups of samples
associated with the cafeteria sink dataset. Schools in group 1 tend to be outside the older
main urban center of the school district (Winston-Salem, NC, Figure 2.4). As the city grew
over the years, so did the awareness of environmental risks related to trace elements, which
resulted in cleaner construction materials and lower concentrations of toxic elements such
as Pb in drinking water. On the other hand, it is interesting to note that the relationship
between age of the building and level of trace elements in drinking water is not always
direct, especially for construction periods before 1987. Most schools in the WSFCS district
were built in 1920s (ca. 9 % of the buildings), 1950s and 1960s (ca. 49 % of the buildings),
and 1990s and 2000s (ca. 33 % of the buildings). Despite consisting of schools built before
1977, groups 3 and 4 present relatively low levels of most elements in drinking water when
compared to the other groups. Alternatively, schools in group 2, with the highest trace
elements levels in drinking water, have a spread of building ages (i.e. construction years
between 1925 and 2009).
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Figure 2.4. Geographical location of WSFCS school buildings according to group
assignment after model-based clustering of cafeteria sink data. The background in this
figure was prepared with Google Maps and includes Winston-Salem (36.0998610 N,
80.2442170 W) and neighboring towns in Forsyth County, North Carolina, Unites States.

Similar results to those discussed for cafeteria sink were observed for water
fountain samples (Supplementary Information, Figures SI2.3 – SI2.5). Considering the
multivariate analysis results for both taps, the approach employed in this study is more
effective at identifying school buildings more prone to toxic element concentration spikes
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than solely relying on building construction date. It provides valuable information on
location and the most critical elements for effective targeting in a public policy involving
preventive action and drinking water safety in schools. Water samples collected from
cafeteria sink and water fountain taps in group 2, for example, may be more susceptible to
spikes in Pb concentration (for which the maximum value is only 3 times lower than the
respective MCL, Table II.III) due to periods of water stagnation or changes in water
chemistry.34,35
To further investigate the potential negative effects of water stagnation on Pb
concentrations, we carried out a study with a school that was vacant for approximately two
years (not included in the previous discussions and data), and confirmed a significant spike
in Pb concentration in its drinking water (44 µg L-1 of Pb in a cafeteria sink sample). To
remediate such high contamination level, we evaluated the effect of simply flushing the tap
for a few minutes. After 5 min of flushing, Pb concentration was reduced to less than 1.0
µg L-1. The results of a similar study performed with four schools during the summer break
is discussed in more detail in the next section.

Water stagnation during summer break and potential Cu and Pb concentration
spikes in drinking water
Drinking water samples from four schools were retested after 52 days of summer
break to evaluate the effect of water stagnation on Cu and Pb concentrations. These
elements were chosen due to their importance in current water safety legislation.1 The
schools were chosen according to Pb concentration in drinking water during the school
year and the level of activity in the building during the summer. Considering these
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parameters and group assignment after multivariate analyses, we hypothesized that the
cafeteria sink and water fountain at location C (Table II.IV) would be the taps most prone
to spikes in Cu and Pb concentration. Locations A and B had summer activity. Location D
is an old building with summer activity. Location C is an old building with no summer
activity, and is part of group 2 (Figures 2.2 and 2.3, and S2.3 and S2.4), with a relatively
higher Pb concentration during the school year.
As observed in Table II.IV, there was an increase in Pb concentration in drinking
water for half of the cafeteria sinks evaluated. An even greater percentage of water
fountains tested presented Pb concentration increase during the summer break (i.e. 3 out of
4 taps). As expected, samples from the cafeteria sink and water fountain in school location
C (group 2, Figures 2.2 and 2.3, and S2.3 and S2.4) presented the highest concentrations
of Pb after the summer break. Most results for Cu also showed an increase in concentration
due to water flow stagnation. It is important to note that despite the spikes observed, no Cu
nor Pb concentrations reached values above the respective MCLs.
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Table II.IV. Concentrations of Cu and Pb in drinking water collected during the school year and after a 52-day summer break.
School year
Cafeteria
School location Cu (µg L-1)
A
16
B
47
C
70
D
9.1
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After summer break
Cafeteria
School location Cu ( µg L-1)
A
6.8
B
49
C
39
D
59

Pb (µg L-1)
0.83
0.18
2.3
0.11

Pb ( µg
0.37
0.080
4.2
0.15

L-1)

Fountain
Group Cu (µg L-1)
2
31
1
69
2
110
4
15

Pb (µg L-1)
0.41
0.080
0.62
0.070

Group
3
4
2
3

Building year
1978
1991
1956
1959

Fountain
Group Cu ( µg L-1)
2
270
1
110
2
100
4
52

Pb ( µg L-1)
0.83
1.1
1.8
0.030

Group
3
4
2
3

Building year
1978
1991
1956
1959

Similar to the experiment previously described for the unoccupied school building, a
flushing procedure was evaluated as a simple method to minimize element contamination
due to water stagnation during the summer break. Figure 2.5 shows the concentration
profiles for Cu and Pb during the flushing of each tap at location C. Similar results are
observed for the other locations evaluated (Figure SI2.6). For all but one spout there was a
drop in Cu and Pb concentration after flushing for 5 min. Interestingly, Pb concentrations
at the water fountain in school location C increased after 5 min, and only showed signs of
reduction (compared to the original Pb concentration) after 1 h of flushing. A similar effect,
although less pronounced, was observed for the cafeteria sink in location B (Figure SI2.6).
This results may be related to any combination of factors affecting sampling which were
discussed earlier. The water flow was held relatively constant during sampling at all taps,
so the spikes in Pb concentration observed during the flushing procedure may be associated
to inherent and random particulate release from Pb-containing materials at the school.12

Figure 2.5. Two-hour flushing profile for Cu and Pb concentration in drinking water from
cafeteria sinks and water fountains in school location C after 52 days of summer break.
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CONCLUSION
All samples collected from currently active schools in the WSFCS district tested
below the MCL value set for each element (e.g. Pb values were all ≤ 5.0 µg L-1). Univariate
analysis identified significant correlations (p < 0.05) between the age of the school building
and concentrations of As and Cr in drinking water. Cluster analysis and PCA identified
four distinct groups of schools, which were separated according to the age of the building
and the concentrations of trace elements in the drinking water. This strategy may be useful
to water safety administrators, as resources can be focused on locations most likely to
present concentration spikes due to water stagnation or changes in water chemistry.
The method described in the present study is applicable to other school districts. It
may be used as a model for a broader water contamination prevention program, in which
samples from each school would be frequently collected during a long period of time (e.g.
once a month for one year), and the results from a multivariate analysis would identify
priority schools. Finally, policy makers could set sampling frequency (once a month, once
every three months, once a year, etc.) and identify the elements to be determined in drinking
water for each school. The main advantage of such an approach is that it can be tailored to
specific school districts, with each school tested at a frequency compatible with its
contamination risk level.
The results presented in this study suggest that water stagnation do increase the
chance of higher elemental concentrations in drinking water, especially Pb. They also
indicate that a simple 5 - 60 min flushing procedure is capable of significantly minimizing
water contamination due to flow stagnation in unoccupied or temporarily unused buildings.
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For example, a water sample with a Pb concentration of 2.3 µg L-1 during the school year
reached a value of 4.2 µg L-1 after a 52-day stagnation period. However, after 5 min of
flushing, the concentration at that tap (cafeteria sink at location C) dropped below 1.0 µg
L-1 for Pb.
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INTRODUCTION
Diabetes is a worldwide epidemic and burden with significant economic impact
(World Health Organization [WHO], 2016). In 2012, this disease was the eighth leading
cause of death in the world, with 1.5 million fatalities (WHO, 2016). In 2015, it was
estimated there were 415 million people with diabetes and 5 million deaths related to the
disease (Ogurtsova et al., 2017). This epidemic tends only to grow, with projections
showing approximately 642 million people having the disease by 2040 (Ogurtsova et al.,
2017). Previous estimates (2010) on diabetes’ economic impact predicted a global health
expenditure of US$ 490 billion in 2030 (Zhang et al., 2010). However, more recent
economic studies estimate the annual cost of the disease ranged from US$ 673 billion in
2015 to more than US$ 827 billion in 2016, already surpassing the prediction from 2010
for 2030 (NCD Risk Factor Collaboration [NCD-RisC], 2016; Ogurtsova et al., 2017;
Seuring, Archangeldi, & Suhrcke, 2015).
Currently, diabetes is diagnosed by measuring the amount of glycated haemoglobin
(HbA1c or simply A1C) in the blood, or by measuring glucose in a sample of blood two
hours after a patient has taken a 75-g oral dose of glucose (American Diabetes Association
[ADA], 2012; WHO, 2016). The former gives results corresponding to an average blood
glucose level over two to three months, with an A1C value ≥ 6.5 % signifying a positive
test for disease, and values between 5.7 and 6.4 % indicating a pre-diabetes condition. Both
methods, however, are invasive and require blood to be drawn from the patient. Although
non-invasive glucose-monitoring technology exists and is a popular field of research
(Malik, Khadgawat, Anand, & Gupta, 2016; Witkowska, Kundys, Jeleń, & JönssonNiedziółka, 2016), and other human serums such as saliva, sweat and urine also contain
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levels of glucose and have been studied for glucose monitoring (Makaram, Owens, &
Aceros, 2014), blood still is the gold standard for determining glucose levels in diabetes
diagnostics.
Some studies have shown differences in the elemental profile (e.g. Cu, Mn, Mg, Fe,
Se, V, Cr and Zn) of samples taken from urine, hair and blood of diabetic patients (Kasi et
al., 2008; Meyer & Spence, 2009). Zinc, for example, has been shown to be significantly
(p < 0.05) higher in urine, and lower in hair and serum samples when compared with those
from healthy individuals. These results suggest an efficiency of Zn in urine is correlated
with a deficiency within the body (Badran, Morsy, Soliman, & Elnimr, 2016; Chen, Tan,
Lin, & Wu, 2014; Kazi et al., 2008). In this context, elemental analysis of nails may provide
an interesting, non-invasive alternative to diabetes screening and diagnosis. Some studies
have shown that the concentration of certain elements in fingernails and toenails can be
significantly different in healthy and sick individuals, and that chemical imbalances
typically present at the onset of a disease may be used for early diagnosis (Ahmed &
Santosh, 2010; Fawcet, Linford, & Stulberg, 2004; Hozumi et al., 2011; Mehra & Juneja,
2005). Nails can be collected non-invasively and are relatively inert, so they are less prone
to contamination and can be stored for long periods without degradation. In addition,
fingernails and toenails grow at an average rate of 3.47 and 1.62 mm/month, respectively,
which may be used to collect historical information at a more frequent rate than the current
A1C method (Yaemsiri, Hou, Slining, & He, 2010). Thus, with a diabetes diagnostic
method based on elemental analysis of nails, patients may be able to mail their samples out
for analysis from anywhere in the world, with no need for travel, blood drawing or pain.
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Although research suggests metals can be descriptors of diabetes, there still are
questions regarding the mechanistic properties, location, and participation of specific
elements in biological functions (Meyer & Spence, 2009). Given the complex nature of
biological functions and relative lack of knowledge on the exact role certain elements play
in the pathogenesis of diabetes, there is a need for more computationally stringent
techniques to further aid the application of elemental analysis in diabetes diagnosis. A
powerful strategy to such application is statistical learning, or machine learning, which is
associated to the process of getting insight on and improving the understanding of complex
problems by applying statistical models to a large amount of data (Friedman, Hastie, &
Tibshirani, 2001; James, Witten, Hastie, & Tibshirani, 2013). Machine learning algorithms
fall into two different types of models: supervised or unsupervised. Supervised learning
involves labeled data, whereas unsupervised learning lets the algorithm find patterns
without considering to which class the data originally belongs (Friedman, Hastie, &
Tibshirani, 2001; James, Witten, Hastie, & Tibshirani, 2013). Elemental analysis and
machine learning have been applied to diverse areas such as food analysis (Batista et al.,
2012; Canizo, Escudero, Pérez, Pellerano, & Wuilloud, 2018; Maione et al., 2016), and the
analysis of solid samples (Boucher et al., 2015; Neiva, Chagas Jacinto, Mello de Alencar,
Esteves, & Pereira-Filho, 2016). However, there is little work describing the combination
of elemental analysis and machine learning techniques for diabetes diagnostics. Machine
learning is currently being applied to a wide variety of fields: from self-driving cars and
face recognition software, to algorithms used in successful search engines and social
networks (Bartlett et al., 2005; Chi & Mu, 2017; Bello-Orgaz, Jung, & Camacho, 2016;
Joachims, Granka, Pan, Hembrooke, & Gay, 2017). Considering the flexibility and
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efficiency of machine learning techniques at identifying patterns in a large and complex
set of data, and the high sensitivity, precision and accuracy of elemental analysis techniques
such as inductively coupled plasma mass spectrometry (ICP-MS) (Montaser, 1998), a noninvasive method for diabetes diagnosis based on these tools may represent a significant
advancement to the field. Disease control and aspects related to patient access to test
facilities would be significantly improved if significant differences in the mineral
constitution of such stable samples as fingernails and toenails could be detected and used
for disease screening, monitoring and diagnosis.
In the present work, we use microwave-induced plasma optical emission
spectrometry (MIP OES) and ICP-MS to determine twenty-two elements in toenail samples
taken from people with and without type-2 diabetes. Univariate, multivariate, and machine
learning analyses are performed to determine the importance and significance of each
element in discriminating disease from control. Seven different machine learning models
are studied for the robust classification of diabetes using the concentrations of the twentytwo elements evaluated, as well as information on age, gender and smoking history as
features. Feature selection and two different ensemble strategies are employed to further
enhance predictions. Forty-six distinct models are compared. The best model is then chosen
based on its performance during a training phase, which involves tuning hyperparameters
across a resampling process, and testing data external to the entire training process.

MATERIALS AND METHODS
Instruments
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A MIP OES (4200 MP-AES, Agilent Technologies, Santa Clara, Ca, USA) and a
tandem ICP-MS (8800 ICP-MS/MS, Agilent, Tokyo, Japan) were used to determine
elemental concentrations in toenails. A closed-vessel microwave-assisted digestion system
(ETHOS UP, Milestone, Italy) was used for sample digestion. Instrumental parameters and
optimized conditions for elemental analysis are listed in Table III.I.

Table III.I. Instrumentation and operating conditions used for elemental analysis of toenail
samples.
Instrumental
Instrument parameter
Microwave
applied
MIP OES
power (kW)
Nebulizer gas flow rates
(L min-1)

Operating condition
1.0
0.95 (Al), 0.60 (Ca), 0.65 (Fe), 0.90 (Mg),
0.75 (N2+)(Lowery, McSweeney, Adhikari, Lachgar, & Donati,
2016)

Peristaltic pump speed
(rpm)
15
Integration time (s)
3
Plasma
observation
position
0 (all analytes)
Nebulizer
ICPMS/MS

Inert OneNeb

Spray chamber
Cyclonic, double pass
Radio frequency (RF)
applied power (W)
1550
Sampling depth (mm)
10.0
Carrier gas flow rate (L
min-1)
1.05
Nebulizer pump rate (rps) 0.10
Nebulizer
Spray chamber

Micromist, concentric

Replicates

3

Sweeps per replicate

100

Scott-type, double pass, operated at 2 ° C
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Reagents and standard reference solutions
All samples and analytical solutions were prepared using trace metal-grade nitric
acid (Fisher, Pittsburgh, PA, USA) and distilled-deionized water (18 MΩ cm, Purelab
Option-Q, Elga, Woodridge IL, USA). Low trace metals hydrogen peroxide (Veritas,
Columbus, OH, USA) was also used for sample digestion. Single-element stock solutions
of Al, B, Ba, Ca, Cr, Cs, Cu, Fe, Mg, Mn, Mo, Ni, P, Pb, Rb, S, Sb, Se, Sn, Sr, V and Zn
(1000 mg L-1, SPEX CertPrep, Metuchen, NJ, USA) were used to prepare the standard
solutions used for calibration. The external standard calibration method was employed in
all determinations.

Samples, sample preparation and analysis
Toenail samples from type-2 diabetes patients (disease, n = 21) and healthy
volunteers (control, n = 19) were collected in accordance with procedure approved by the
Wake Forest School of Medicine (IRB 00033754). All samples were taken using a sharp
sterile nail nipper and stored in sterile clear cups, under cool, dry conditions until analysis.
A1C values were recorded at the time the toenail sample was collected. For diabetic
participants tested between October 7th, 2016 and August 25th, 2017, A1C values were in
the 5.6 - 11.9 % range. One of these patients, although presenting an A1C value of 5.6, is
a confirmed diabetic individual, who has shown an A1C value of 6.0 in a latter visit to the
clinic. Age-matched healthy volunteers were not submitted to the A1C test. Individual
information, including smoking history (never a smoker, former smoker, or current
smoker), gender (male, female), and age were also collected and used in the study.
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Sample masses in the 0.1 - 0.2 g range were accurately measured and transferred to
a polytetrafluoroethylene (PTFE) digestion vessel. Aliquots of 1.0 mL of concentrated
HNO3 and 2.0 mL of 30 % v/v H2O2 were added to the samples, and the solution was
diluted with distilled-deionized water to a final volume of 10.0 mL. The heating program
used for microwave-assisted digestion included a 15 min ramp to 200 ° C, a 15 min hold
at 200 ° C, and a 15 min cool down period for a total run time of 45 min. Digested samples
and blanks were diluted with distilled-deionized water to 25.0 mL for a final acid
concentration of 4 % v/v HNO3.

Sample analysis
Concentrations of the macro elements Al, Ca, Fe, Mg and Zn were determined by
MIP OES using the 396.152, 393.366, 371.993, 285.213 and 481.053 nm emission lines,
respectively. The N2+ emission peak at 391.470 nm was used to correct for any potential
signal bias in MIP OES determinations (Lowery, McSweeney, Adhikari, Lachgar, &
Donati, 2016). All samples were diluted 5-fold and maintained in 4 % v/v HNO3 before
analysis.
Microelements Cs, Sb, Sn, Sr and Rb were determined by ICP-MS at the mass-tocharge ratios (m/z) 133, 121, 118, 88 and 85, respectively. Single quadrupole mode (Q2),
with no gas in the octopole collision / reaction cell (ORC), was adopted in this case. For B,
Ba, Cr, Cu, Mn, Ni, Pb, Se and V (m/z = 11, 137, 52, 63, 55, 60, 208 and 78, respectively),
on-mass ICP-MS/MS was used, with H2 gas flowing at 4 mL min-1 (for Ba, Cr, Mn and
Pb), or He gas flowing at 3.5 mL min-1 (for B, Cu, Ni, Se and V) in the ORC (Fernández,
Sugishama, Encinar, & Sanz-Medel, 2012). Finally, P and S were determined using mass-
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shift mode ICP-MS/MS, with O2 gas flowing at 20 mL min-1 in the ORC (Balcaen, BoleaFernandez, Resano, & Vanhaecke, 2015). In this case, the first quadrupole (Q1) was set to
m/z 31 and 32, and the second quadrupole (Q2) was set to m/z 47 and 48, with samples
diluted 50-fold and 1000-fold for P and S determination, respectively.

Data analysis
The concentrations of 22 elements in the digested toenail solutions ranged from ng
L-1 to mg L-1. All concentrations were normalized by sample mass and converted to µg g-1
in the original solid sample. Values found to be below the limits of detection (LOD) were
considered as zero for statistical analysis and modeling. The categorical individual
information values, i.e. gender and smoking history, were represented with discrete values
ranging from 0 to 2 for statistical analysis. Gender was coded as 1 and 2 for male and
female, respectively. For smoking history, 0, 1 and 2 were adopted for the categories of
never a smoker, former smoker, and currently a smoker, respectively. A final n × q data
matrix was organized and used in all further analyses, with rows representing samples, and
columns representing variables. In this case, the variables were the concentrations of the
22 elements evaluated (in µg g-1) plus the values for age, gender and smoking history. In
the data mining community, different terms are used when referring to samples and
variables. Therefore, for clarity, samples are referred to as observations and variables are
referred to as features in the present work.
The statistical language R and the Caret package were used to develop machine
learning models (Kuhn & Johnson, 2013; R Core Team, 2017). All code is available upon
request.

56

Feature importance
The importance of each feature (i.e. elements and other individual information) was
measured using three different types of data analyses: univariate, multivariate, and machine
learning. Univariate analysis was performed according to the two-sample Student’s t-test,
F-score determination, and the chi-statistic. For multivariate and machine learning
analysis, PCA and random forest were used, respectively. Considering machine learning
as an alternative measure of statistical importance, results from the random forest feature
importance test were weighted against those from the univariate analyses during data
interpretation (Craig-Schapiro et al., 2011).

Univariate analysis
A two-sample Student’s t-test was used to determine whether or not to reject the
null hypothesis that the data from control and disease observations came from independent,
random samples with normal distributions, with equal means, and equal but unknown
variances (Warren, Denley, & Atchley, 2014).
The F-score is a simple technique to measure the discrimination of two sets of real
numbers. Given training vectors, 𝑥𝑘 (with k = 1, …, m), let the number of positive and
negative responses be 𝑛+ and 𝑛− , respectively. The F-score of the ith feature is defined by
(+)

(−)

eqn (3.1), where 𝑥̅𝑖 , 𝑥̅𝑖 , and 𝑥̅ 𝑖

are the average of the ith feature of the whole, positive,

and negative data sets, respectively (Chen & Lin, 2006). In the present work, observations
of the disease and control groups were represented as positive and negative, respectively.
(+)

(−)

Hence, 𝑥𝑘,𝑖 was the ith feature of the kth disease observation, and 𝑥𝑘,𝑖 was the ith feature
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of the kth control observation. The larger the F-score, the more likely the feature was
discriminative of disease and control.

(+)

F (𝑖) ≡

(𝑥̅ 𝑖

(−)

− 𝑥̅ 𝑖 )2 + (𝑥̅ 𝑖

− 𝑥̅ 𝑖 )2

1
1
𝑛
(+)
(+)
(−)
(−)
𝑛
∑ + (𝑥 − 𝑥̅ 𝑖 )2 +
∑ − (𝑥 − 𝑥̅𝑖 )2
𝑛+ −1 𝑘=1 𝑘,𝑖
𝑛−−1 𝑘=1 𝑘,𝑖

(3.1)

The chi-statistic measures the lack of independence between a term, t, and a
category, c. The term-goodness measure is defined by eqn (3.2), where A is the number of
times t and c co-occur, B is the number of times t occurs without c, C is the number of
times c occurs without t, and D is the number of times neither c nor t occur; N is the total
number of events (Yang & Pedersen, 1997). For this work, c was adopted as referring to
disease.

𝜒 2 (𝑡, 𝑐) =

𝑁 ×(𝐴𝐷−𝐶𝐵)2
(𝐴+𝐶)×(𝐵+𝐷)×(𝐴+𝐵)×(𝐶+𝐷)

(3.2)

From the 𝜒 2 value, the Cramer’s V coefficient was determined (Cramér, 1946).
This is a post-test to chi-square where the value of V ranges from 0 (no dependence
between variables) to 1 (completely dependent variables). Eqn (3.3) defines V, where k is
the smaller of the number of rows minus one, or the number of columns minus one.

𝜒2

𝑉 = √𝑛(𝑘−1)

(3.3)
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Multivariate analysis
PCA was used as an exploratory and visual tool to uncover mutual relationships
and correlations in the data. Patterns are described in terms of complementary scores and
loadings plots (Wold, Esbensen, & Geladi, 1987). This is an unsupervised technique which
seeks to explain the majority of variance within the first few principal components (PCs)
without taking into consideration the response of each sample (i.e. disease or control).
Therefore, the results are an unbiased description of the underlying patterns within the data.
PCA is sensitive to the scale of the data across the features in the data matrix (Van den
Berg, Hoefsloot, Westerhuis, Smilde, & Van der Werf, 2006). To ensure a uniform scale,
features were normalized to a mean of 0 and a standard deviation of 1.

Random forest importance
In addition to univariate and multivariate approaches, feature selection methods
may use machine learning algorithms to produce measurements of feature importance for
classification (Chandrashekar & Sahin, 2014; Chen & Lin, 2006; Guyon & Elisseeff, 2003;
Guyon, Weston, Barnhill, & Vapnik, 2002; Saeys, Inza, & Larranaga, 2007). Some models
perform inherent feature selection and are considered robust, or relatively robust, to noise.
Models represented in this study, which fall under this category, are penalized logistic
regression and random forest (Breiman, 2001; Friedman, Hastie, & Tibshirani, 2010). This
work used random forest to represent the application of machine learning for determining
feature importance.
Random forest classification measures feature importance in two ways:
permutation importance and gini importance (Breiman, 2001). The results in this study
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were determined from measurements based on the gini index (GI). The GI is a criterion
used when growing data trees in random forest classification. The gini importance
measures the significance of a feature in relation to a tree and a split in the random forest
ensemble of trees. By indexing the node for a given tree by n, eqn (3.4) is obtained, where
𝑔𝑉𝐼𝑗 measures the importance of feature j from summing over the nodes containing feature
j in tree k (Goldstein, Polley, & Briggs, 2011). The higher the value for 𝑔𝑉𝐼𝑗 , the better the
feature was in splitting the data, and the greater the significance of that feature. The list of
importance for each feature in the study was determined and the results were scaled to the
highest-ranking feature.

𝑔𝑉𝐼𝑗 =

1
𝑛𝑡𝑟𝑒𝑒

∑𝑛𝑡𝑟𝑒𝑒
𝑘=1 𝑔𝑉𝐼𝑗𝑘

(3.4)

Feature selection
The two-sample Student’s t-test, F-score, and chi-statistic are examples of filter
methods when applied to feature selection in machine learning applications (Guyon &
Elisseeff, 2003; Kuhn & Johnson, 2013; Saeys, Inza, & Larranaga, 2007). A subjective
threshold value would be set, and all features not meeting a specific criterion would be
discarded. The level of significance in a two-sample Student’s t-test, and the values of Fscore and V are examples of potential threshold values to set when choosing representative
features. Disadvantages of univariate filter methods include the loss of mutual information
between features, and the fact that the performance of a given feature with regard to a
specific machine learning algorithm is not considered (Kuhn & Johnson, 2013; Saeys, Inza,
& Larranaga, 2007).
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Recursive feature elimination (RFE) was used for feature selection in the present
work. This strategy is an example of a backward feature elimination method in which the
importance of a feature is measured by the performance of a machine learning algorithm
on a set of data (Guyon & Elisseeff, 2003; Guyon, Weston, Barnhill, & Vapnik, 2002). The
strategy is based on three steps: (i) train the classifier, (ii) compute the ranking criterion for
all features, and (iii) remove features with the smallest-ranking criterion. The process
repeats a number of times equal to the number of initial features included in the loop. Thus,
the optimal subset of features is determined by the performance of a model across the
different subsets of features from the RFE process (Guyon, Weston, Barnhill, & Vapnik,
2002).
All models were trained using the entire set of features first. Models, which do not
perform implicit feature selection, including random forest, were trained again according
to a feature selection loop using the RFE strategy. The random forest feature importance
scores (based on the initial first model) determined the order of importance for random
forest. Logistic regression used the absolute value of the Z-statistic for each model
parameter, and all other models ranked predictors with the area under the receiver operating
characteristics curve (ROC) for each individual feature. To avoid feature selection bias, the
RFE method included an outer resampling loop that encompassed the entire process
(Ambroise & McLachlan, 2002; Castaldi, Dahabreh, & Loannidis, 2011; Kuhn & Johnson,
2013; Friedman, Hastie, & Tibshirani, 2010). Ten-fold cross validation repeated five times
was used to tune hyperparameters and test the out-of-fold predictions for each model. In
addition, each model was trained on the same set of resampling data to allow for equal
comparisons.
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Although proper resampling was employed in the present work, given the small set
of samples, overfitting may still occur (Kuhn & Johnson, 2013; Varma & Simon, 2006).
An initial 75 / 25 split of the data was made as a means of testing the performance of models
with data external to the entire training process. The data was split into a training data set
consisting of thirty-one observations and a testing data set consisting of nine observations.
The two sets were split to have equal disease / control ratios. Models were developed and
optimized using the training data set. Overfitting and subsequently how well the models
generalized across different subsets of data were evaluated by measuring the performance
of models on the testing data set.

Machine learning algorithms
A diverse set of popular machine learning algorithms were chosen for the present
study (Fernández-Delgado, Cernadas, Barro, & Amorim, 2014). The set included examples
of linear, non-linear, tree-based, and ensemble statistical models. The following models
were developed and tested: random forest, support vector machine with a radial basis
function kernel, k-nearest neighbors, naïve Bayes, logistic regression, penalized logistic
regression, and linear discriminant analysis. Table III.II lists each model used and
descriptions with the corresponding abbreviations.

Table III.II. Statistical model, ensemble, and feature set abbreviations and respective
definitions.
Abbreviation
Meaning
rf
Random forest
svm
Support vector machine with a radial basis function kernel
lr
Logistic regression
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lr_net
nb
knn
lda
full
RFE
_ENS
k

Penalized logistic regression
Naïve Bayes
k-nearest neighbor
Linear discriminant analysis
Full set of twenty-five features
Reduced set of features after RFE
Stacked ensemble where the model name before “_ENS” is the model
outside of the first layer
An ensemble consisting of averaging the predictions of the k number of
models within the ensemble

Machine learning ensembles
An ensemble is a collection of statistical models in which the predictions of each
model within the ensemble are combined via methods such as weighting averages, voting,
and stacking (Caruana, Niculescu-Mizil, Crew, & Ksikes, 2004; Ren, Zhang, & Suganthan,
2016). By consulting different models within the ensemble, individual model biases may
be accounted for and a more accurate prediction may be obtained (Tan & Gilbert, 2003).
Two ensembling approaches were featured in the present work. The first approach was to
compute simple averages for each unique group of trained models. All unique groups
ranging from 2 to 13 members were considered. The best models were submitted to testing
on the testing data set. The second approach involved a simple one-layer-stacked ensemble
in which the predictions of each individual model trained in the study were used to train a
model outside of the first layer. The training set featured rows representing observations
and columns representing individual models. The value in each cell was the average outof-fold prediction from the resampling process for both the observation and the model
corresponding to that cell.
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Machine learning performance metrics
Hyperparameters are tuning parameters specific to a model which are set to
maximize a given performance metric during training (Kuhn & Johnson, 2013).
Hyperparameters in this study were optimized to maximize AUC. Model comparisons after
training were made based on AUC values alone. The accuracy, sensitivity, and specificity
were reported for models with the highest AUC values on external testing data.
In a two-dimension ROC graph, the true positive rate of a classifier is plotted on
the y-axis and the false positive rate is plotted on the x-axis (Fawcett, 2006). The AUC
value is the probability that a randomly chosen observation is correctly classified using a
given classifier. The diagonal line, i.e. y = x, represents the probability of random guessing
(Hanley & McNeil, 1982; Fawcett, 2006). Therefore, an AUC value > 0.50 implies
predictions using a classifier are better than random guesses.
Accuracy is the ratio of the number of correctly predicted observations to the total
number of observations. Sensitivity (true positive rate) and specificity are defined by eqns
3.5 and 3.6, respectively, where TP, TN, FP, and FN are the numbers of true positives, true
negatives, false positives, and false negatives, respectively.

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑡𝑦 =

𝑇𝑃

(3.5)

𝑇𝑃+𝐹𝑁

𝑇𝑁

(3.6)

𝑇𝑁+𝐹𝑃

RESULTS AND DISCUSSION
Univariate descriptions of disease
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Table III.III shows the mean values (element concentration and categorical values)
for control and disease observations, along with respective minimum, maximum and
standard deviation. Age, Al, Cs, Ni, V and Zn were significantly (p < 0.05) different
between control and disease. Al, Ni, V and Zn were higher, whereas age and Cs were lower
in observations from diabetic patients. F-score and chi-square further confirmed the results
from the two-sample Student’s t-test (Figs. 3.1 and 3.2). The highest-ranking features
according to F-Score were Ni, age, V, Al, Zn and Cs, respectively. There was a drop off in
importance after Cs, which suggests the majority of the biasing information was gathered
from the top six features. Similarly, chi-square listed Zn, Ni, Al and Cs as the most
important features, respectively. Contrasting t-test and F-score, however, age was the tenth
most important feature in chi-square, and unlike F-score, there was no significant cutoff
point for the features evaluated.
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Table III.III. Summary statistics and p-values after two-sample Student’s t-tests for the concentrations of twenty-two elements (µg g1

) and the age of individuals participating in this study at the time of sample collection.
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Feature
Age
Al
B
Ba
Ca
Cr
Cs
Cu
Fe
Mg
Mn
Mo
Ni
P
Pb
Rb
S
Sb
Se
Sn
Sr

Min
36
0.63
0.17
< LOD
487
< LOD
< LOD
1.22
< LOD
103
0.06
< LOD
< LOD
196
0.01
0.13
10500
< LOD
0.29
< LOD
0.29

Control
Diabetes
Max Mean S.D.
Min
Max Mean S.D. p-value
87
74
14
48
82
65
10
0.02
48.1
30
20
8.66
77.2
40
20
0.03
9.62
1
2
0.06
7.17
1
2
0.74
1.51
0.5
0.8 < LOD 3.94
1
1
0.96
1490
900
300
448
1800 1000
400
0.15
5.26
0.4
0.8 < LOD 1.42
0.2
0.3
0.57
0.04
0.007 0.009 < LOD 0.01 0.002 0.004
0.03
4.57
2
3
1.51
20.7
4
4
0.20
96.0
40
30
< LOD 81.6
40
20
1.00
418
200
300
77.3
1720
200
400
0.62
0.75
0.3
0.2
0.12
0.82
0.4
0.2
0.08
0.01
0.003 0.020 < LOD 0.08
0.01
0.02
0.17
0.36
0.1
0.2
0.02
0.80
0.2
0.2
0.02
100
500
200
205
1230
600
300
0.18
4.44
0.3
0.7
0.01
0.32
0.06
0.08
0.30
4.85
0.7
0.8
0.12
1.66
0.6
0.4
0.63
30300 20000 5000 11200 27300 20000 5000
0.18
0.49
0.05
0.09 < LOD 0.31
0.05
0.08
0.99
1.32
0.8
0.8
0.55
4.97
1
1
0.11
0.34
0.10
0.10 < LOD 169
8
40
0.34
3.52
1.1
0.8
0.30
2.76
1
0.6
0.49

V
Zn

0.00
< LOD

0.06
410

0.02
100

0.03
100
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0.01
52.1

0.16
413

0.04
200

0.04
90

0.03
0.03

Fig. 3.1. F-scores for each feature including 22 elements, age, gender and smoking history.

Fig. 3.2. Cramer’s V coefficients determined from 𝜒 2 statistics considering 22 elements,
age, gender and smoking history.
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The LODs for each element evaluated in the present study were determined
according to the IUPAC definition (IUPAC, 2009). The values calculated for Al, B, Ba,
Ca, Cr, Cs, Cu, Fe, Mg, Mn, Mo, Ni, P, Pb, Rb, S, Sb, Se, Sn, Sr, V and Zn were 10, 4,
0.08, 10, 0.2, 0.001, 0.04, 30, 3, 0.007, 0.009, 0.04, 5, 0.004, 0.003, 3, 0.001, 0.5, 0.03,
0.003, 0.004 and 100 ng g-1, respectively. There was a high variability of results for most
of the elements investigated in this study (Table III.III and Fig. 3.3). As such, it may be
inaccurate to rely on one element and its mutual relationship with a response as a descriptor
of disease. A more suitable approach for determining predictors of disease in this case
should involve multivariate and flexible strategies.

Fig. 3.3. Boxplots showing differences in element concentration (µg g-1) and age for
diabetic patients (disease) and healthy volunteers (control).
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Multivariate and machine learning descriptions of disease
Fig. 3.4 shows the biplot of the scores and loads from the first two principal
components of a PCA performed with all features evaluated in this study. One of the control
observations was separated from the other observations due to its large concentration of
Rb and Pb (top left-hand side in Fig. 3.4). It was responsible for the maximum values for
these two elements listed in the control group in Table III.III. This observation may
represent an outlier within the data, specifically in the control group. With the limited data
set, however, no outlier tests were performed and each observation was included in the
analysis. Seven disease observations may be considered separated from the rest of the data
due to their relatively high score values in the first principal component. A positive
correlation between the elements Al, Ni, V and Zn, and a negative correlation between
these elements and both age and Cs was responsible for the separation (Fig. 3.4). Al, Ni, V
and Zn had relatively high values in the loadings from the first principal component,
whereas age and Cs had relatively low values. This agrees with the negative correlation
between age and Cs, and Al, Ni, V and Zn considering the means of disease and control
from Table III.III, as well as the results from the univariate analyses.
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Fig. 3.4. Resampling performance from the training data (n = 31) after 10-fold cross
validation repeated five times. Average AUC values and corresponding confidence levels
at a 95 % confidence level are shown.

In addition to the statistically significant elements from Table III.III, Fe, Mn, Sn
and Se also played a role in separating disease from control (Fig. 3.4). This suggests further
information was to be gained from considering more elements than what the Student’s ttest suggested as significant. Although a separation was present for seven disease
observations and one control observation, the remaining thirty-two observations were not
distinguishable. They clustered in one large group about the origin in Fig. 3.4. Therefore,
a more flexible approach was needed beyond simple univariate and multivariate analyses
to identify subtle patterns separating observations from diabetes and control groups.
Fig. 3.5 shows a feature importance plot generated from random forest feature
importance determination. The features were ordered according to gini importance and
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scaled against the highest-ranking feature, i.e. age (Goldstein, Polley, & Briggs, 2011).
Consistent with univariate analyses and PCA, age, Zn, Cs, Al and Ni were important for
separating the observations according to response. Contrasting t-test, F-score and chisquare, random forest listed vanadium as the thirteenth most important feature. There is a
sharp cutoff after age, and another cutoff after Cs in Fig. 3.5. This suggests a large portion
of the observations were split into disease and control considering the features age, Cs and
Zn alone. The remaining elements aided in identifying the patterns, further separating
disease from control.

Fig. 3.5. Scaled feature importance after employing random forest feature importance
determination. Values were normalized against age, since it was the highest-ranking feature
according to gini feature importance.
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Machine learning training performance
Fig. 3.6 lists the resampling performance for all individual models and stacked
ensembles according to AUC. Random forest before and after feature selection, and knearest neighbors with the full set of features (i.e. including all 22 elements plus age, gender
and smoking history) performed the best with an average AUC of 0.73 from the out-offold predictions. Support vector machine with the full set of features was the only other
model to have an average AUC above 0.70. The non-linear individual models
outperformed the linear individual models. The best stacked ensembles consisted of a
support vector machine or a k-nearest neighbor as the model outside of the first layer. This
suggests the performance of individual models are not enhanced through stacked
ensembles since individual models within the ensemble outperformed the ensemble itself.
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Fig. 3.6. Resampling performance from the training data (n = 31) after 10-fold cross
validation repeated five times. Average AUC values and corresponding confidence levels
at a 95 % confidence level are shown.

For individual models, feature selection contributed to no significant enhancement
in model performance, except for the linear discriminant analysis and logistic regression
models. Considering the stacked ensembles, the same trend was observed. The linear
discriminant analysis and logistic regression stacked ensembles were the only models to
perform significantly better with a reduced set of features. The small difference observed
for random forest before and after feature selection was expected considering the model is
designed to be robust to noise (Breiman, 2001).
Fig. 3.7 lists the performance of ensembles from averaging individual model
predictions. Ensembles of five individual models performed the best, with AUCs of 0.77.
The five-membered ensembles consisted of random forest, k-nearest neighbor, support
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vector machine, naïve Bayes, and logistic regression. The differences between the
ensembles were whether the models were trained on the full set of features or a reduced set
after feature selection. These ensembles outperformed the individual models within the
ensemble. This suggests the performance of individual models could be enhanced by
simply averaging predictions across different individual models.

Fig. 3.7. AUC values after the resampling process for the best ensembles. The average of
unique combinations and groups of individual model predictions were used here.

Machine learning performance based on testing data
Fig. 3.8 compares the AUC values on testing data for each individual model, all of
the stacked ensembles, and the best average ensembles from training. Random forest after
feature selection performed the best with an AUC of 0.90. Random forest performed almost
equally well with either the full set of features or a reduced set of features. Only a 0.05
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increase in AUC was observed with the latter approach. Three of the top five models from
Fig. 3.8 consisted of non-linear models, including random forest and k-nearest neighbors.
The other two were a linear discriminant analysis model after feature selection, and a
penalized logistic regression model with the full set of features. The five-membered
average ensembles performed poorly on the testing data suggesting these ensembles were
overfit after training. The best-performing stacked ensembles were a naïve Bayes ensemble
with the full set of model predictions and a support vector machine ensemble with a
reduced set of model predictions. Both of these performed much better on the testing data
than the training data. The differences in performance between the testing and training data
suggests the models are unstable and not able to generalize well across subsets of data. The
best average ensembles on the testing data consisted of groups of two, eleven, twelve, and
thirteen individual models with AUC values of 0.75. The two-membered ensemble
consisting of averaging the predictions of the individual random forest and k-nearest
neighbor models trained with the full set of features had an AUC of 0.74 on the training
data. The consistency across training and testing implies the ensemble was well tuned
across different subsets of data. However, it did not outperform both of the models within
the ensemble. Random forest as an individual model outperformed the ensemble.
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Fig. 3.8. AUC values calculated for each model after predictions on nine external test
observations.

Table III.IV lists additional performance metrics for the top five models from Fig.
3.8. The highest accuracy across the models was 0.78 for random forest with the full set of
features, and random forest and linear discriminant analysis after feature selection. The
most accurate models were more sensitive than specific. Both random forest models
predicted two of the four control test observations correctly, and all five of the disease test
observations correctly. The linear discriminant analysis model predicted three of the four
control test observations correctly, and four of the five disease test observations correctly.
Although the linear discriminant analysis model performed similar to both of the random
forest models, it performed poorly during the training process suggesting the model does
not generalize well across subsets of the data. Therefore, considering performances on both
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training and testing data, a random forest model, trained on the full set of features except
for B and Mo, is the best model at this stage of the study.

Table III.IV. Performance metrics on testing data (n = 9) for the best statistical models.
Model
AUC Accuracy Sensitivity Specificity
rfRFE
0.90
0.78
1.00
0.50
rfFull
0.85
0.78
1.00
0.50
knnRFE
0.85
0.56
0.40
0.75
ldaRFE
0.85
0.78
0.80
0.75
lr_netFull 0.80
0.56
0.60
0.50

CONCLUSIONS
Described for the first time is the use of elemental analysis of diabetic toenails and
machine learning techniques for the robust classification of type-2 diabetes. Different from
other biological tests, trace element contamination of toenails during sampling and
shipping is less likely. Toenails are chemically stable and relatively inert, require limited
sample preparation and may be mailed out for analysis by patients with limited mobility.
In addition, trace elements are more stable than the organic molecule analytes used in
standard diabetes tests, which also facilitates sample shipping. This method may be used
as a non-invasive diagnostic tool, and with proper sample collection and shipping, a health
clinic equipped with instrumentation, software, and trained algorithms similar to those
described in the present study may be able to serve a large number of type-2 diabetes
patients from across the world.
In this preliminary study, we have observed that age, Al, Cs, Ni, V and Zn were
significantly (p < 0.05) different between the control and disease groups. Average
concentrations of Al, Ni, V and Zn were higher in diabetic toenails. These results suggest
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elements in toenails undergo similar biological processes to those in urine of diabetic
patients. Although outside the scope of this proof-of-concept study, additional research is
required to understand such processes, which may eventually contribute to better
understand the disease and to develop prevention and treatment strategies.
As a diagnostic method, seven different machine learning algorithms were studied,
with elemental concentrations in toenails, age, gender and smoking history used as features.
Model predictions were enhanced through feature selection and two different strategies of
ensembling. Forty-six different machine learning models were developed to compare
predictions across resampled training data and external testing data. A random forest
model, trained on the full set of features excluding B and Mo, had an average training AUC
of 0.73, and predicted seven out of nine external test observations correctly, with an AUC
of 0.90.
The results at this stage of the research prove the concept of combining elemental
analysis of toenails and machine learning techniques for non-invasively diagnosing type-2
diabetes. It is important to highlight here that although relatively diverse, the participants
in this study are all from a specific region, and future work should involve a larger sample
set which is more representative of a wider population. Given more data, the significance
of the statistical analysis may be enhanced and more robust machine learning models may
be trained. Additionally, with more data, outlier tests may be performed to further enhance
the training of these models. Once the models have been trained on a large and diverse set
of samples, and the methodology has matured beyond the proof of concept stage, easy to
operate GUIs and apps may be developed for ease of use within a health clinic.
Notwithstanding these limitations, the agreement of results from multiple statistical tests
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(i.e. univariate, multivariate and machine learning tests) suggests the elements and
individual parameters found as significant in this report may hold true for a larger set of
samples.
Finally, it is also important to note that the method described here is not as specific
as the A1C test, as it can identify the disease, but presents no rank associated with its
severity. A future work including more data and samples representing a wider section of
the population will allow models to be trained beyond simple binary classifications.
Machine learning regression models may then be developed to serve as predictors of
severity of disease.
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INTRODUCTION
Inductively coupled plasma optical emission spectrometry (ICP OES) is a wellestablished and powerful analytical method for elemental analysis [1-3]. Given its position
in atomic spectrometry as a go-to method for trace element analysis, ICP OES still presents
some shortcomings, which include potentially compromised analytical performance due to
matrix effects and relatively high running costs [1]. Matrix effects are caused by complex
and hard-to-characterize interactions between analyte and concomitant species, which may
lead to biased results due to changes in sample transport, sample nebulization and plasma
properties [4]. Two well-known sources of matrix effects are carbon (C) and elements with
low ionization potentials, the so-called easily ionizable elements (EIEs). For both C and
EIEs, both signal suppression and enhancement have been reported, even in the same study,
depending on the analyte, the type of analytical line evaluated (atomic or ionic), and the
type of matrix [5,6]. Although the effects caused by concomitant and analyte interactions
in solution (as well as the mechanisms involved in such interactions) are not completely
understood, there has been two generally consistent observations reported in the literature.
Significant levels of C in the matrix commonly lead to analytical signal enhancement,
especially for atomic lines with excitation energies greater than 6 eV (e.g. As I at 188.979
nm, and Se I at 196.026 nm) and ionic lines with total energies (Esum) close to the ionization
energy of C (e.g. Se II at 759.4 nm, Esum = 11.38 eV) [7-8]. Conversely, high levels of EIEs
in the matrix generally lead to analytical signal suppression, which are usually more severe
for concomitants presenting a relatively low second ionization potential (e.g. Ca; EI2 =
11.87 eV) [9].
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The external standard calibration method (EC) is the most straightforward and most
commonly used calibration strategy in atomic spectrometry. One of EC’s main limitations
is the assumption that matrix effects are negligible [10], which is rarely the case in complex
matrix analyses. However, once a matrix effect is identified and a biased analytical result
is assumed, alternative calibration strategies such as the traditional internal standardization
and standard additions [10], or more recently introduced matrix-matched approaches such
as multi-energy calibration and standard dilution analysis [11-13], may be employed to
ensure accurate results. Alternatively, instrumental parameters may be optimized to
approach robust plasma conditions (usually by employing high radio frequency applied
powers and low nebulization gas flow rates), whereby the Mg II / Mg I ratio is maximized
[14]. In this context, characterizing and better understanding matrix effects would greatly
benefit atomic spectrometry analysis, as it would contribute to a more informed choice of
analytical methodology and, in turn, more accurate results.
Beyond a broader understanding of matrix effects, a suitable method for identifying
their presence and assessing their severity would already be extremely valuable to analysts.
To this end, a significant amount of work has been conducted by the Hieftje group,
especially for ICP OES applications [15-21]. In another study by Salin et al. on
autonomous operation of inductively coupled plasma mass spectrometry (ICP-MS) and
ICP OES, matrix effects were detected using indicator and non-analyte elements [22-26].
More recently, an interesting approach for establishing plasma-related trends amongst
elements in ICP-MS determinations has been described by Narukawa et al.. The so-called
“ICP-index” provides a simple database with physical and semi-empirical information that
may be used to survey suitable internal standards and improve accuracy in applications
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involving high carbon-content matrices [27]. Olesik and Jiao studied matrix effects in ICPMS determinations to provide mass-dependent information on analyte and matrix species
in order to choose appropriate internal standards for accurate analysis. Their work
characterized matrix effects as a function of concomitant mass, analyte mass, concomitant
concentration, lens voltage and nebulizer gas flow rate [28]. The authors concluded that a
combination of internal standard elements may be used to correct for matrix effects on most
analytes regardless of analyte mass-to-charge ratio (m/z). Work by Grotti et al. featured a
systematic, multivariate approach based on principal component analysis (PCA) to
determine appropriate emission lines for use as internal standards in ICP OES
determinations. The selected internal standards successfully corrected for matrix effects in
the analysis of certified reference materials [29]. In microwave-induced plasma optical
emission spectrometry (MIP OES), recent studies have shown the utility of background
species for plasma diagnostics and analytical signal correction [30,31]. In both ICP OES
and ICP-MS, non-analyte signals (especially those from argon emission lines in ICP OES)
combined with intelligent software programed with inputs from these background signals
have shown their usefulness for flagging and assessing matrix effects [21,23]. Considering
the complexity of the interactions between matrix concomitant, analyte and non-analyte
plasma species, and the multitude of physical and chemical variables at play, an
unsupervised, data-driven procedure for characterizing matrix effects may prove extremely
valuable for improving the performance of ICP OES analyses of complex-matrix samples.
Over the past decade, data science has risen to become a key topic of research, with
applications in many different fields [32]. Coupling advanced statistics, such as
multivariate analysis and pattern recognition, with computer programming skills, data
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scientists are able to extract valuable information from large and complicated sets of data.
The algorithms employed in such applications fall into two different types of models:
supervised or unsupervised. Supervised learning involves labeled data, whereas
unsupervised learning lets the algorithm find patterns without considering to which class
the data originally belongs [33-35]. Some of the supervised statistical techniques used
today originated from the analytical chemistry field, specifically within the chemometrics
community. Techniques such as partial least squares discriminant analysis (PLS-DA) and
soft independent modeling of class analogy (SIMCA) can be traced back to early
applications in chemometrics [36].
In atomic spectrometry, the need for more advanced data analysis procedures
became apparent after the implementation of charge-coupled device detectors in
commercial ICP OES systems. This instrumentation can simultaneously record
wavelengths spanning the entire UV-Vis spectrum [37], which generates large amounts of
data and is highly compatible with modern statistical and data science strategies. However,
there has been a wide and ever growing gap between the data science, applied statistics and
analytical chemistry communities, especially regarding terminology [32]. On the other
hand, in addition to chemometric techniques commonly used in analytical chemistry such
as principal component analysis [38], some modern techniques such as support vector
machines (SVMs), random forests and k-means clustering, which have a strong foothold
within the applied statistics and chemometrics communities, are slowly gaining popularity
within the broader analytical chemistry community [32,36].
Among these advanced data analysis strategies, principal component analysis and
affinity propagation clustering (AP) may provide an efficient combination for studying
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matrix effects in atomic spectrometry applications. Principal component analysis is a
dimension reduction and data visualization technique, which seeks to explain the majority
of variance present in the data by considering the first few principal components (PCs).
Patterns within the data are then explained using complementary loads and scores plots for
each PC. For further details on the traditional principal component analysis, the reader is
referred to the work by Wold et al. [38]. Affinity propagation is a relatively new clustering
algorithm, novel to the broader analytical chemistry community, which identifies a subset
of representative data points, “exemplars,” within a set of data. The exemplar is understood
as the center of a cluster. It is the data point which best aggregates all the other members
of the group, i.e. the point with the closest similarity to all the other points in the cluster.
Different from the traditional k-means clustering, in which one initially chooses different
numbers of clusters, applies the algorithm and then uses the results to decide how many
sample groups best represent the dataset, affinity propagation identifies the clusters more
efficiently and with no direct input from the user. It works by sending real-valued messages
between data points until optimal cluster groups and corresponding exemplars emerge. To
initiate the algorithm, affinity propagation takes real-valued similarities between data
points as input. In each case, similarity represents how suitable an individual data point (k)
is to be the exemplar of another data point (i). Two types of messages, representing
different types of competition, are exchanged between data points, and the magnitude of
each message reflects the current affinity between them. The “responsibility” message,
r(i,k), is sent from point i to candidate exemplar point k and contributes to identifying how
well suited k is to serve as the exemplar for i. On the other hand, the “availability” message,
a(i,k), is sent from candidate exemplar point k to point i and helps assess how good of an
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exemplar k is in regards to i. At any point, availabilities and responsibilities can be
combined to identify exemplars. For point i, the value of k that maximizes a(i,k) + r(i,k)
either recognizes i as an exemplar (when k = i), or identifies the best exemplar for i. The
algorithm converges after a set number of iterations, once the exchange of messages falls
below a given threshold, or after local decisions stay constant for a given number of
iterations. For further details on affinity propagation, the reader is referred to the work by
Frey and Dueck [39].
In the present work, we evaluate the application of an unsupervised data-driven
methodology using non-analyte signals for identifying and assessing the severity of matrix
effects in axial ICP OES determinations. When compared with radially-viewed
arrangements, axially-viewed ICP systems usually provide lower limits of detection
(LODs) at the expense of a greater potential for signal bias due to matrix effects [37,40].
Thus, we use synthetic (i.e. lab-prepared) sample solutions with significant levels of
concomitants, as well as sea water samples, to evaluate the efficiency of a data-driven
method to flag and quantify matrix effects. Principal component analysis is performed on
background signals that were normalized (i.e. individual signals were divided by signal
intensities from the same background species collected while running the calibration curve)
and standardized (i.e. transformed to have a mean of 0 and standard deviation of 1).
Principal component analysis is then used to explain the majority of variance due to matrix
effects within the first two principal components. We also employ affinity propagation to
identify sample clusters according to matrix effect severity. By combining principal
component analysis, affinity propagation clustering and signals from plasma naturallyoccurring species, we evaluate the possibility of quantifying the severity of matrix effects
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caused by easily ionizable elements and C on four test elements (i.e. Cd, Co, Cr and Pb).
As the severity of matrix effects may be characterized (potentially in real time), more
efficient methods could be developed and contribute to improved accuracies in ICP OES
determinations.

MATERIALS AND METHODS
Reagents and standard reference solutions
All samples and analytical solutions were prepared using trace-metal-grade nitric
acid (Fisher, Pittsburgh, PA, USA) and distilled-deionized water (18 MΩ cm, Purelab
Option-Q, Elga, Woodridge IL, USA). Stock solutions of Ca and Na at 10 % m/v each
were prepared from sodium nitrate and calcium chloride salts (Fischer Scientific, Fair
Lawn, NJ, USA). A 10 % m/v stock solution of C was prepared from urea (Fischer
Scientific, Fair Lawn, NJ, USA). Additional information on the concomitant solutions
employed is presented in Table IV.I.

Table IV.I. Molar concentrations of C, Ca and Na in 2% m/v solutions, and first (IE1) and
second (IE2) ionization potentials of the respective elements.
Element Concentration (mol L-1) IE1 (eV) IE2 (eV)
C

1.7

11.26

24.38

Ca

0.5

6.11

11.87

Na

0.9

5.14

47.29

Single-element stock solutions of Cd, Co, Cr and Pb (1,000 mg L-1, SPEX CertPrep,
Metuchen, NJ, USA) were diluted to prepare the calibration standards used in external
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standard calibration. Table IV.II presents information on the wavelengths (λ), excitation
energies (Eexc) and total line energies (Esum) for all analytes and background species
evaluated in the present work.

Table IV.II. Analytical wavelengths (λ), excitation (Eexc), ionization (Ei) and total line
(Esum) energies for analyte and background species.
Elementa λ (nm) Eexc (eV)
Cd II
214.439 5.78
Co II
238.892 5.60
Cr II
267.716 6.16
Pb II
220.353 7.37
Background Ar I
420.067 14.50
Ar I
543.999 15.19
Ar I
641.631 14.84
Ar I
703.025 14.84
Ar I
737.212 14.76
HI
434.047 13.05
HI
486.133 12.75
OI
436.824 12.36
OI
615.82 12.75
a
I and II refers to atomic and ionic lines, respectively.
Species
Analyte

b

Ei (eV)
8.99
7.88
6.77
7.42

Esum (eV)b
14.77
13.48
12.93
14.79
14.50
15.19
14.84
14.84
14.76
13.05
12.75
12.36
12.75

Esum = Eexc + Ei

Instrumentation and data processing
An Agilent 5110 ICP OES (Agilent Technologies, Santa Clara, CA, USA) was used
for elemental analysis. The instrumental operating conditions are listed in Table IV.III.
Raw data was exported from the instrument software and organized in Microsoft Excel
(Microsoft Corporation, Redmond, WA, USA). The statistical programming language R
(R Foundation for Statistical Computing, Vienna, Austria) [42] was used for all further
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data processing, and affinity propagation clustering was performed using the APClust
package in R [43]. All code is available upon request.

Table IV.III. Instrumental operating conditions used in all ICP OES determinations.
Instrumental parameter

Operating condition

Applied RF power (kW)

1.20

Stabilization time (s)

15

Plasma viewing mode

Axial

Nebulization gas flow rate (L min-1)

0.70

Plasma gas flow rate (L min-1)

12.0

Auxiliary gas flow rate (L min-1)

1.00

Spray chamber

Cyclonic, double pass

Nebulizer

Concentric, glass, SeaSpray ™

Read time (s)

5

Replicates

6

Background correction

Fitted background correction (FBC) [41]

Matrix effects in real time
Two solutions were prepared to study the effects of increasing amounts of matrix
on ICP OES analytical signals. Both solution 1 (S1) and solution 2 (S2) contained 500 µg
L-1 of Cd, Co, Cr and Pb in a 1 % v/v HNO3 aqueous solution. S2 also contained 2 % m/v
of an added concomitant (i.e. C, Ca, Na, Ca + C or Na + C). Data was acquired with the
instrument’s autosampler probe in S1. After approximately 2 min, 5 mL of S2 was slowly
added to S1. Analytical and background signals were simultaneously recorded at all times
during the experiment. Each solution was prepared with equal concentrations of acid and
analyte, so any change in analytical signal after the addition of S2 to S1 may be attributed
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to matrix effects caused by the concomitant(s) in S2. The total run time was approximately
5 min.
The raw signal intensities were collected at each time point (approximately 5 s at a
time) for both analytes and background species. Analyte concentrations for each time point
were then determined using a linear regression model built with signals collected from an
external standard calibration curve run immediately prior to the experiment. Background
signal intensities were also recorded while running the calibration curve.
The background signal intensities at each time point were normalized to the
respective signals from the calibration curve. Normalization involved dividing each signal
by the maximum signal in the calibration curve. Principal component analysis was
performed on these values after they were standardized to a mean of 0 and standard
deviation of 1. Separation from the calibration curve in principal component space (which
was used to assess matrix effect severity) was determined considering Euclidean distances
between the scores for each time point and the average score for all calibration curve points
in PC 1 and PC 2. Scores from all nine PCs, which is equal to the number of variables
(background signals), were fed into the affinity propagation clustering algorithm to
determine clusters and group membership. Principal component analysis was important to
facilitate visualizations of matrix effect severity in two dimensions. In addition, due to the
high correlations between some of the variables present in this experiment (e.g. multiple
wavelengths for the same background species), PCA was also used as a pre-processing
technique for affinity propagation, as each of the transformed variables after PCA are
linearly uncorrelated [38]. Negative squared distances were used to compute the similarity
matrix necessary for clustering by affinity propagation. At no point was the data labeled
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(e.g. as complex or simple matrix). Therefore, this approach is considered as unsupervised,
whereby the models empirically learn from non-labeled data.

Sea water and synthetic sample solutions
Water samples from the Mediterranean Sea and the Dead Sea were collected into
prewashed and decontaminated 50 mL polypropylene tubes. Addition and recovery
experiments were performed considering dilutions of the matrix at the 1:1, 1:10 and 1:100
v/v levels. A similar accuracy assessment was also carried out for individually prepared
samples with differing concentrations of C, Ca, Na, Ca + C and Na + C in the matrix
(synthetic sample solutions). Concentrations for each concomitant ranged from 0.1 - 2%
m/v (except for Ca, which was between 0.1 and 0.2% m/v). All spikes contained 500 µg L1

of Cd, Co, Cr and Pb, and solutions were prepared in 2% and 1% v/v HNO3 for the sea

water and synthetic samples, respectively. Analytical recoveries were determined using a
linear regression model built with signals collected from an external standard calibration
curve run immediately prior to the experiment. The calibration curve solutions were
prepared to match the HNO3 concentration in each group of samples.
Similar to the real-time matrix effects experiment, analytical and background
signals collected for each sample solution were normalized to the respective signals
recorded while running the calibration curve. Normalization involved dividing each signal
by the maximum signal in the calibration curve. This set of data, including the calibration
curve points, were standardized to a mean of 0 and a standard deviation of 1. Principal
component analysis was then performed on the standardized values. Scores from all nine
PCs, which is equal to the number of variables (background signals), were fed into the
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affinity propagation clustering algorithm to determine clusters and group membership.
Negative squared distances were used to compute the similarity matrix necessary for
clustering by affinity propagation. Also similar to the real-time matrix effects experiment,
at no point were the points labeled, so this is also considered an unsupervised approach for
data analysis.

RESULTS AND DISCUSSION
Matrix effects assessment in real time
A set of experiments were carried out to evaluate the effects of concomitant
concentration (with the largest possible number of levels between approximately 0 and 1%
m/v) on the analytical signals collected by ICP OES. As an example, Fig. 4.1 shows the
effects of adding Ca to the sample solutions. In agreement with the literature, severe signal
suppression was observed for each analyte [9,44]. Changes in analytical signal can be
observed near the 2-min mark, which can be considered the point of origin of matrix
effects. By the 3-min mark, all analytical recoveries were well below 80%. Cadmium and
Co suffered the most from Ca effects, with RSD values (i.e. changes from the respective
original analytical signals) of 19 and 17%, respectively. Significant depressions in
analytical signals are clearly seen between 2 and 3 min. This correlates well with the
increase in Ca concentration, as the 5-mL addition of S2 slowly comes to an equilibrium
with the original matrix in S1.
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Fig. 4.1. Matrix effect of Ca on analytical recoveries of a 500 µg L-1 spike of (A) Cd, (B)
Co, (C) Cr, and (D) Pb. The y-axis shows the analyte and the respective wavelength
monitored (in nm). S2 was mixed with S1 after approximately 2 min. Relative standard
deviations (%RSD) were determined considering the entire set of time-resolved data, and
a trend line was fit using local regression. Lines represent recoveries between 80 - 120%
(large dash), 90 - 110% (solid line) and 100% (small dash).

Principal component analysis allows information from high dimensional data to be
represented in lower dimensional space. In the present work, we focus on two-dimensional
space for visualization and to determine Euclidean distances. We also use the information
present in all of the principal components in affinity propagation clustering. Although
groups may visually emerge in two-dimensional space after PCA, this statistical tool is not
designed to identify clusters and determine group membership. To that end, we employ
affinity propagation, which requires no additional input from the analyst beyond a
similarity matrix, and has been specifically developed for this type of application. By
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combining PCA and AP, we developed an algorithmic workflow capable of empirically
assessing and visualizing matrix effect severity in principal component space with minimal
input from the user. Fig. 4.2 is a scatterplot of the scores from the first two PCs after
performing principal component analysis on the Ca results. The gradient in color shade for
each point (see legend in Fig. 4.2) represents Euclidean distances from the calibration curve
points, and group membership determined by affinity propagation is illustrated by
networked segments. Three groups emerge in the first two PCs, both visually and as a result
of cluster group assignment by affinity propagation. The first group, with negative scores
in PC 1, consists of the calibration curve points and the initial readings of S1 (before the 2
min mark). Group two, with scores centered around 0 in PC 1, consists of transition points
representing the addition of S2 to S1 (near the 2 min mark). The third group, with positive
scores in PC 1, represents the equilibrium established after the mixing of S1 and S2.
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Fig. 4.2. Scores from PC 1 and PC 2 of normalized and standardized values representing
non-analyte background signals from calibration curve standard solutions and time points
during the Ca real-time experiment. Euclidean distances from the calibration curve points
are depicted as color shade gradients, and networked segments represent clustering by
affinity propagation.

Note that although analytical signals were used to produce the graphs in Fig. 4.1,
only non-analyte, plasma naturally-occurring background signals were used in Fig. 4.2.
Group 1 in Fig. 4.2 corresponds to the accurate recoveries shown as a flat profile centered
at 500 µg L-1 in Fig. 4.1. Similarly, Group 2 corresponds to the depression in analytical
signal due to the addition of matrix from S2 to S1, and group 3 corresponds to the
compromised measurements after the addition and mixing of S2, which is shown as a flat
profile with recovery values well below 80% in Fig. 4.1. From Fig. 4.2, one can observe
that affinity propagation clustering has also established three distinct profiles for each
group of matrix effects. At no point were compromised (inaccurate) determinations
grouped with accurate ones (i.e. there is no line segment linking a poor accuracy point to
the first, unbiased group of samples). Further, principal component analysis provided a
visual representation of matrix effects in which distance from the calibration curve in PC
space correlates with poor analytical recovery.
As S2 was mixed with S1, there was a dramatic increase in the distance between
the time points and the calibration curve in PC space. Fig. 4.3 outlines such changes, which
are correlated to a steady increase in matrix effect severity. In fact, there is a significant
negative correlation (correlation coefficient = - 0.963) between the average recoveries for
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all four analytes at each time point and the respective Euclidean distance in PC space.
Similar results to the ones discussed here for Ca were found for Na and for combinations
of Ca + C and Na + C. For simplicity, these results and the respective principal component
and affinity propagation clustering analyses are presented in the SI document (Figs. SI4.1
– SI4.6).

Fig. 4.3. Euclidean distances from the calibration curve for each time point in PC space
during the Ca real-time experiment.

From Figs. 4.1 - 4.3, one can easily visualize matrix effects, which are manifested
in compromised analytical recoveries (Fig. 4.1) and distance from the calibration curve in
PC space (Figs. 4.2 and 4.3). The statistical models were able to identify these effects
considering normalized and standardized non-analyte signals as inputs into principal
component analysis and clustering by affinity propagation (Fig. 4.2). This is a valuable tool
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to assess matrix effects in real time during the analysis. From this information, one may
then be able to rank the effect severity and consider a different calibration approach if
necessary. To apply this methodology, the analyst would simply need to monitor the
plasma background species while running the calibration curve and sample solutions. Interday instrument variations would be seamlessly accounted for, as all signals are normalized
to the calibration curve. The matrix effect severity assessment would then be automatically
performed using data stored in the instrument control software.

Fig. 4.4. Matrix effect of C on analytical recoveries of a 500 µg L-1 spike of (A) Cd, (B)
Co, (C) Cr, and (D) Pb. The y-axis shows the analyte and the respective wavelength
monitored (in nm). S2 was mixed with S1 after approximately 2 min. Relative standard
deviations (%RSD) were determined considering the entire set of time-resolved data, and
a trend line was fit using local regression. Lines represent recoveries between 80 - 120%
(large dash), 90 - 110% (solid line) and 100 % (small dash).
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From Fig. 4.4, one can note that C effects are considerably less pronounced than
those observed for Ca, with no impact on Cr for example (Fig. 4.4C). Slight suppression
of analytical signals was observed for Cd, Co and Pb (Figs. 4.4A, 4.4B and 4.4D), with
recoveries at the 90% level after an equilibrium between S1 and S2 was established.
Although these are the least severe effects observed among all concomitants evaluated,
similar principal component analysis plot profiles and clustering by affinity propagation,
as well as similar Euclidean distances in PC space were observed for carbon (Fig. 4.5). In
this case, the statistical models were able to identify subtle differences in matrix
environment, even though the matrix effects were not severe enough to compromise
accuracy. The model based on background signals was capable to pick up a matrix
modification which caused the recoveries to go from an average of 100.8% before the 2
min mark to values as low as 93% at the end of the run.
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Fig. 4.5. Scores from PC 1 and PC 2 of normalized and standardized values representing
non-analyte background signals from calibration curve standard solutions and time points
during the C real-time experiment. . Euclidean distances from the calibration curve points
are depicted as color shade gradients, and networked segments represent clustering by
affinity propagation.

Sources of matrix effects
Signal suppression of the ionic lines featured in this study (Fig. 4.1), which present
Esum values between 12.93 and 14.79 eV, were caused by the presence of a concomitant
with low second ionization potential (i.e. Ca). Such interfering effect may be explained by
the competition between concomitants (Matrix) and analytes (M) for excited state Ar
species (Ar*) in a process known as Penning ionization (Eqns. 4.1 – 4.3) [9]. In addition,
ion-electron recombination after Penning ionization, ultimately caused by matrix
components, quenches Ar excited states, which, in turn, reduces the efficiency of the
ionization / excitation process, especially for high-energy ionic lines with Esum near or
above 14 eV.

Ar* + M → (M+)* + Ar + e−

(4.1)

Ar* + Matrix → (Matrix+)* + e− + Ar

(4.2)

Ar* + Matrix+ → Matrix2+ + e− + Ar

(4.3)

Several studies have reported no signal change for analytical ionic lines in the
presence of Na and concluded this concomitant has no plasma-related matrix effects
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[9,21,44]. This suggests the compromised recoveries reported in the present work (Figs.
SI4.1 and SI4.4) may be associated to a process taking place within the plasma, but
probably prior to analyte atomization, ionization and excitation. However, it is important
to note that concomitant solutions were prepared based on mass-to-volume measurements.
In this case, a 2% m/v solution represents concentrations of 0.5 and 0.9 mol/L for Ca and
Na, respectively. Therefore, Na concentrations used in the present study were
approximately 9-fold higher than those reported in [9], [21] and [44], which may have led
to plasma-related matrix effects not observed in previously published studies. Nonetheless,
signal suppression due to significant levels of Na may not be due to competition in Penning
ionization, as the second ionization potential of Na is too high (E2 = 47.29 eV). On the
other hand, a significant amount of electrons is produced from Na ionization (E1 = 5.14
eV), which may disturb the ion-electron equilibrium. Considering charge transfer reactions
between Ar+ and analyte atoms is an important excitation mechanism for some elements in
inductively couple plasmas [9,45], the Na-related signal suppression observed in the
present study may be due to the large amounts of free electrons available in the plasma, the
subsequent electron-impact reactions involving Ar+, and the consequent lower rate of
analyte excitation from interactions with Ar+ species.
It has been reported that charge transfer reactions between C ions and Cr atoms in
the plasma cause analytical signal enhancement according to the two-step mechanism
represented in Eqns. 4.4 and 4.5 [7-8]. Signal enhancement was also reported for Cd II, Co
II, Cr II and Pb II lines (II represents ionic lines) with Esum values of 14.77, 13.75, 12.80
and 14.79, respectively [46]. On the other hand, in a recent study by Grindlary et al.
involving axial-view ICP OES, no significant signal variation has been observed for Cr II
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lines in the presence of a C matrix [47]. When compared to Cd, Co and Pb, the Cr II line
used in the present study (Esum = 12.93 eV) is the furthest from the 14 eV signal suppression
criteria reported in [6], which may explain the results presented in Fig. 4.4C. It is also
important to note that the source and amounts of C reported in [6-8,46,47] were different
from those used in the present work, which may explain the different results in each case.

C+ + Cr → C + Cr+*

(4.4)

Cr+* + e- → Cr* → Cr + hν

(4.5)

Application to sea water samples
Sea water samples at different levels of dilution were analyzed to evaluate the
performance of the PCA-AP method in routine applications. These samples were chosen
because of their known matrix complexity and the consequent analytical challenges they
pose. Synthetic sample solutions containing C, Ca, Na, Ca + C, or Na + C at varying levels
of concomitant concentration between 0.1 and 2% m/v (Ca values were in the 0.1 - 0.2%
m/v range) were used to calibrate the principal component analysis model. In this case, the
preparation of solutions at a limited number of concomitant levels facilitates the method
calibration when compared to the real time experiments, and it is more in line with a typical
routine application. Unlike EC, this model calibration does not require the analyst to run
synthetic sample solutions with significant levels of concomitants, acting as calibration
standards, for every analysis. Rather, due to the fact the background signals are normalized
to the calibration curve of that run, such concomitant standards may be collected once and
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stored internally within the instrument control software, which can then be added to the
normalized values of any sample and included as part of that analysis.
Fig. 4.6 shows the principal component analysis plot built with the synthetic
solutions. Points are labeled according to Euclidean distance, and group membership from
affinity propagation is represented by networked segments. As observed earlier for the real
time experiment, accuracy generally becomes poorer as the Euclidean distance in PC space
increases. As a general observation for the specific analytes and concomitants evaluated,
samples with Euclidean distance < 1 present recoveries within the 90-110% range.
Exceptions to this general rule are samples containing 1 or 2% m/v C ((k) and (l) in Fig.
4.6).

Fig. 4.6. Scores from PC 1 and PC 2 of normalized and standardized values of non-analyte
background signals from calibration curve standards and synthetic sample solutions.
Carbon is represented by TOC. Labels on the graph are Euclidean distances from the
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calibration curve points and numbers in parenthesis are the average recoveries for all four
analytes. Networked segments represent clustering by affinity propagation.

Figs. 4.7 and 4.8 show the application of the PCA-AP method to the analysis of sea
water. The synthetic solutions containing C, Ca, Na and their combinations (Fig. 4.6) are
used as a comparative measure of matrix severity. In a hypothetical routine analysis of
Mediterranean Sea water, one would run a 1:1 v/v diluted sample, for example, and
compare its matrix effect potential to the synthetic solutions. As shown in Fig. 4.7A, this
sample’s Euclidean distance is large enough (7.79) that it requires a strategy to minimize
matrix effects and improve accuracy (the average recovery for all four analytes is only
62.9% in this case). From Figs. 4.7B and 4.7C, the average analyte recoveries may be
improved simply by diluting the sample. As the sample is diluted and the matrix becomes
more similar to that of the calibration curve, Euclidean distance values decrease and
accuracy improves. For a 1:100 v/v dilution (Fig. 4.7C), the sample clusters with the
calibration curve points and the Euclidean distance becomes < 1 (0.745), which results in
a 94.6% average recovery. Similar results can be observed for Dead Sea water samples
(Fig. 4.8). Only in this case, given an even more complex matrix, no sample dilution up to
100 fold is sufficient to make it cluster with the calibration curve points and/or reduce its
Euclidean distance value below 1. The 1:100 v/v dilution point (Fig. 4.8C), for example,
presented a Euclidean distance = 2.48 and an average analyte recovery of 82.9%.
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Fig. 4.7. Scores from PC 1 and PC 2 of normalized and standardized values of non-analyte background signals from calibration curve
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standards, synthetic solutions, and Mediterranean Sea water samples. Carbon is represented by TOC. Mediterranean Sea water sample
dilutions were (A) 1:1, (B) 1:10, and (C) 1:100 v/v. Labels on the graph are Euclidean distances from the calibration curve points, with
average recoveries for all four analytes in parenthesis. Networked segments represent clustering by affinity propagation.

Fig. 4.8. Scores from PC 1 and PC 2 of normalized and standardized values of non-analyte background signals from calibration curve
standards, synthetic solutions, and Dead Sea water samples. Carbon is represented by TOC. Dead Sea water sample dilutions were (A)
1:1, (B) 1:10 and (C) 1:100 v/v. Labels on the graph are Euclidean distances from the calibration curve points, with average recoveries
for all four analytes in parenthesis. Networked segments represent clustering by affinity propagation.
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The IntelliQuant feature available in the ICP OES instrument control software [48]
was used to gain insight into the types and mounts of concomitants present in the sea water
samples analyzed. Figs. SI4.12 and SI4.13 show semi-quantitative concentrations (in log
units of mg L-1) of the main concomitant elements present in the Mediterranean Sea and
Dead Sea water samples. As expected, extremely high levels of easily ionizable elements
(e.g. Ba, Ca, K, Mg and Na) were found, which help explain the severe signal suppression
observed for all analytes (Figs. 4.7 and 4.8). For the analytes and concomitants evaluated
in this study, there is evidence the synthetic samples used to calibrate the principal
component analysis provide a good representation of the effects caused by the sea water
matrix, even though they do not include major elements such as Ba, K and Mg.
Table IV.IV shows the individual analyte recoveries for different dilutions of the
Mediterranean Sea and Dead Sea water samples and the respective Euclidean distance
values in PC space. Similar to what was observed in the real time experiment, there was a
significant negative correlation between Euclidean distance in PC space and overall mean
percent recovery (correlation coefficient = - 0.997). It is important to note that the
Euclidean distance values corresponding to the synthetic solutions used for principal
component analysis calibration should not significantly change for a given instrument.
They are based on background signals that were normalized to the respective calibration
curve intensities. On the other hand, percent recoveries may vary according to analyte, type
of matrix, and analyte / concomitant concentration ratio. Obviously, it is unfeasible to
evaluate every possible combination of analyte and matrix, both in nature and
concentration. In the present study, we have used four analytes with high Esum values, as
they may represent some of the emission lines most prone to matrix effects [5,6,9]. These
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analytes, as well as the concomitants used (i.e. C, Ca and Na), were employed as models
to evaluate the efficiency of the PCA-AP method. Nevertheless, the close correlation
observed between analyte recoveries and Euclidean distance values is expected to hold for
other analytes, even though the actual recovery values may vary.
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Table IV.IV. Analyte percent recoveries (% from 500 µg L-1) for different dilutions of Mediterranean Sea and Dead Sea water samples.
Values are reported as mean ± 1 standard deviation (n = 3). ED represents the Euclidean distances in principal component space from
the calibration curve average point.
Sample
Mediterranean Sea water 1:1 v/v
Mediterranean Sea water 1:10 v/v
Mediterranean Sea water 1:100 v/v
Dead Sea water 1:1 v/v
Dead Sea water 1:10 v/v
Dead Sea water 1:100 v/v

Cd

Co

Cr

Pb

Overall mean

ED

58.3 ± 1.0
82.1 ± 0.8
95.1 ± 1.7
21.3 ± 0.1
53.4 ± 0.4
81.2 ± 1.5

63.8 ± 1.2
84.2 ± 0.9
95.1 ± 1.6
26.2 ± 0.1
58.1 ± 0.5
82.1 ± 1.5

67.4 ± 1.4
85.9 ± 0.8
95.4 ± 1.6
32.0 ± 0.1
64.1 ± 0.6
85.3 ± 1.6

62.2 ± 1.4
82.7 ± 1.1
92.9 ± 1.4
24.5 ± 0.2
58.0 ± 0.4
83.0 ± 1.6

62.9
83.7
94.6
26.0
58.4
82.9

7.79
2.34
0.745
15.4
9.08
2.48
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CONCLUSIONS
Simple, straightforward external standard calibration is fundamentally dependent
on a close similarity between the matrices of calibration standards and sample solutions.
The PCA-AP method described in the present study is capable of quantifying eventual
differences in these matrices and can, therefore, be used to assess the efficiency of the
external standard calibration method through a measure of matrix effect severity. By
applying the PCA-AP strategy, one needs to perform no addition and recovery experiment
to evaluate the applicability of the EC method. It can be carried out on the fly, as the
background species used to monitor changes in the plasma are simultaneously recorded
with the analytical signals. The PCA-AP method may be applied in three general steps: (1)
the statistical model is developed by running solutions with different levels of concomitants
and monitoring background signals, (2) external standard calibration solutions and samples
are run while monitoring both analyte and background signals, and (3) the model developed
in (1) and stored in the instrument control software is used to assess matrix effect severity
and determine the efficiency of eventually using external standard calibration for that
specific analysis. Considering the same instrument, step 1 is carried out only once and may
be used in future analysis with no significant compromise to the method performance. In
the specific case described in the present work, if a given sample does not cluster with the
calibration curve points and presents a Euclidean distance ≥ 1, an alternative method to
external standard calibration may be required.
The fundamental principle in the PCA-AP method is that naturally occurring
background species can be used to identify and quantify plasma changes caused by the
introduction of a complex matrix, which is one of the main drivers of biased results in ICP
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OES determinations. The method may be broadly applicable, as only native plasma species
are used, with no dependence on the analyte. On the other hand, the PCA-AP method is
not specifically sensitive to sample introduction fluctuations caused by differences in the
physical properties of the matrix. In such cases, a traditional internal standard method may
be more efficient.
Considering the data-driven approach outlined in this work, and the real time
capabilities of the PCA-AP method for identifying and assessing matrix effects, the idea of
an autonomous ICP OES instrument may be revisited. On the other hand, it is important to
note that this is a proof-of-concept study, and additional work is required to evaluate the
method’s applicability to a larger number of analytes, sample matrices and analyte /
concomitant concentration ratios. Nevertheless, the data analysis procedure described here
for ICP OES determinations is an interesting approach to quantifying matrix effects, which
allows for informed decisions regarding calibration. It requires no instrument
modifications or elaborated sample preparation strategies, and it can be easily implemented
in routine analyses of such complex-matrix samples as sea water.
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INTRODUCTION
The inductively coupled plasma (ICP) is a powerful and robust energy source for
vaporization, atomization, excitation and ionization in atomic spectrometry.1-3 The
strengths and weaknesses of ICP optical emission spectrometry (ICP OES) are well
characterized, considering the decades of research dedicated to this method.4,5 Although a
workhorse for elemental analysis, providing accurate results with high sensitivity, ICP OES
presents relatively high running costs associated with Ar consumption. It is also prone to
sample introduction- and plasma-related matrix effects, which are caused, for example, by
easily ionizable elements (EIEs), carbon species and organic solvents.6-14
The most common and straightforward strategy for ICP OES calibration is the
external standard method (EC). In an EC analysis, matrix effects are manifested in the
deviation of analytical signal intensities between the calibration standards and sample
solutions. Due to the dynamic environment of the ICP, it is difficult to fully characterize
and understand the mechanisms at play causing signal bias.6,15 Two commonly reported
plasma-related matrix effects are signal suppression due EIEs, and signal enhancement due
to charge transfer reactions with carbon. The former happens when concomitant elements
with relatively low first and second ionization potentials (i.e. lower than argon’s 15.76 eV)
are present.6-9 The latter is typical of analytes with ionization potentials between 9 and 11
eV in the presence of carbon species.10-14 To correct for these potentially compromising
effects, alternative calibration strategies beyond EC are usually required.16, 17
Internal standardization (IS) takes advantage of the potentially similar behavior
between an analyte and an adequate internal standard species.18,19 Any change in analytical
signal as a result of matrix effects may then be accounted for by involving the IS signal in
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the calibration process. The ideal IS species would perfectly match the behavior of the
analyte and, thus, taking the ratio between the two signals would successfully negate any
effect caused by variations in the analytical conditions.16,17 Standard additions (SA) is even
more effective than IS, as it involves constructing matrix-matched calibration curves for
each sample. Matrix effects are accounted for since the sample matrix is a part of each SA
solution.20,21 From a physical standpoint, this strategy is superior to both EC and IS, as the
environment of the plasma remains the same for each solution in SA. On the other hand, it
is a more involved and volume-limited method because each sample requires its own set
of calibration standards.16 Recently, new alternatives have been proposed to overcome the
limitations of the traditional EC, IS and SA methods. Multi-energy calibration (MEC) and
standard dilution analysis (SDA) are examples of some new calibration methods capable
of mitigating matrix effects in atomic spectrometric determinations.22-26 They incorporate
the matrix-matched capabilities of SA without the need to prepare several calibration
solutions for each sample.17
In routine analyses, one must choose which calibration method is most adequate
for a given application, always considering the balance between ease of use and resource
consumption with the accuracy expected given the sample matrix complexity. The most
common approach for assessing matrix effect severity is to perform addition and recovery
experiments or to analyze a certified reference material (CRM). These strategies obviously
require additional time and resources. Thus, a simple warning system, which would be built
into the analytical method to alert the user of severe matrix effects in real time, would be
a valuable asset in most analytical applications.
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A significant amount of work has been done to identify sample introduction- and
plasma-related matrix effects in axial and radial ICP OES determinations.9, 27-32 Early work
by Salin et al., for example, involved the use of intelligent software programed with inputs
from non-analyte and indicator elements to determine matrix effect severity and optimal
instrumental parameter conditions for both ICP OES and ICP-mass spectrometry (ICPMS).33-39 In recent years, the exponential increase in accessible data and relatively
inexpensive computational power resulted in a substantial impact of data science research
on several fields.40 An important consequence of such a surge in data science research is
the large amount of machine learning tools currently available. These tools may be used to
improve data-driven methodologies applied to atomic spectrometry, such as the ones
originally proposed by Salin et al..33-39
Our group has recently described an unsupervised, data-driven methodology for
assessing matrix effect severity in EC-based ICP OES analyses.41 The strategy was
developed considering normalized signals from non-analyte species such as Ar, H and O.
It is based on the premise that matrix effects are associated with changes in plasma
conditions, which may be identified by using plasma naturally-occurring species. In the
unsupervised, data-driven method, the projection of a sample onto principal component
(PC) space allowed for visualization and relative quantification of matrix effect severity.
If a sample has a Euclidean distance > 1 from an average calibration curve point in PC
space, and fails to group with the calibration curve after cluster assignment from affinitybased propagation, its analysis by EC is deemed inadequate. The models described in that
work fall under the umbrella of unsupervised machine learning, in which model
optimization is carried out with no regard to which class the data originally belong.
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Machine learning encompasses the fields of computer science and statistics, and
includes various computer algorithms capable of “learning” certain rules without explicit
input from the user.42 Model parameters are tuned over training data with the goal of
predicting an outcome of interest or identifying and assigning groups amongst the data.
Pattern recognition associated with machine learning has its roots in the chemometrics
field, where algorithms such as partial-least squares (PLS) regression and soft independent
modeling of class analogy (SIMCA) were first described.43-45 In atomic spectrometry,
machine learning research has been mainly focused on the classification and separation of
samples according to their elemental composition.46-53 With the introduction of laser
induced breakdown spectroscopy (LIBS) and the challenges associated with LIBS
calibration, for example, some researchers have employed multivariate and machine
learning techniques for overcoming the method’s limitations and enabling quantitative
measurements, as well as for making predictions of overall sample composition.54-72
To the best of our knowledge, other than the pioneering work by Salin et al. over
fifteen years ago and our recent description of an unsupervised learning strategy, machine
learning methods have not been applied to study matrix effects in ICP OES analyses.33-39,
41

In the present work, we evaluate the application of supervised machine learning models,

trained on inputs from plasma naturally-occurring species, to predict matrix effect severity
and overall accuracy in axial ICP OES analyses. Different from unsupervised learning, the
supervised approach described here aims at predicting the level of accuracy in ICP OES
determinations under different levels of matrix effect severity. In addition to identifying
instances in which matrix effects can compromise EC determination of Cd, Co, Cr and Pb
by ICP OES, we also describe a data analysis workflow that features signal bias correction
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using a non-analyte species. We evaluate whether the supervised learning strategy can
predict the level of accuracy, and improve it using non-analyte signals originally employed
for plasma modeling. The methodology is applied to solutions with various levels of matrix
complexity, including seawater samples, to evaluate its effectiveness in routine
applications.

EXPERIMENTAL
Reagents and standard reference solutions
All samples and analytical solutions were prepared using trace-metal-grade nitric
acid (Fisher Scientific, Fair Lawn, NJ, USA) and distilled-deionized water (18 MΩ·cm,
Purelab Option-Q, Elga, Woodridge IL, USA). Stock solutions of Ca and Na at 10% m/v
each were prepared from NaNO3 and CaCl2 salts (Fisher Scientific, Fair Lawn, NJ, USA).
Single-element stock solutions of Cd, Co, Cr, Pb and Y (1000 mg L-1, SPEX CertPrep,
Metuchen, NJ, USA) were diluted to prepare the calibration standards used in external
standard calibration. Yttrium was used as an internal standard for comparison.

Instrumentation, data processing and analysis workflow
An Agilent 5110 ICP OES (Agilent Technologies, Santa Clara, CA, USA) was used
for elemental analysis. The instrumental operating conditions are listed in Table V.I.
Because plasma-related matrix effects caused by the presence of EIEs have been shown to
be more severe for ionic transitions compared to atomic ones,9 ionic emission lines of Cd
(214.439 nm), Co (238.892 nm), Cr (267.716 nm) and Pb (220.353 nm) were evaluated in
this proof-of-concept study. Although most elements are efficiently ionized in the ICP, Ca
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and Na were evaluated as EIEs due to a combination of their relatively high concentrations
in several common matrices and low ionization potentials (1st and 2nd ionization potentials
of 6.11 and 11.87 eV, respectively, for Ca; 1st ionization potential of 5.14 eV for Na).

Table V.I. Instrumental operating conditions used in all ICP OES determinations.
Instrumental parameter

Operating condition

Radio frequency applied power (kW)

1.20

Stabilization time (s)

15

Plasma viewing mode

Axial

Nebulization gas flow rate (L min-1)

0.70

Plasma gas flow rate (L min-1)

12.0

Auxiliary gas flow rate (L min-1)

1.00

Spray chamber

Cyclonic, double pass

Nebulizer

Concentric, SeaSpray ™

Read time (s)

5

Replicates

6

Background correction

Fitted background correction (FBC)73

Raw data were exported from the instrument software and organized in Microsoft
Excel (Microsoft Corporation, Redmond, WA, USA). The Statistical programming
language R (R foundation for Statistical Computing, Vienna, Austria) was used for all
further data processing.74 Data preparation and machine learning training were carried out
using the caret package.75,76 All R code used in this study is available upon request.
The raw and normalized data used here are the same as those employed in our previously
published work on unsupervised learning.41 Fig. 5.1 shows the general data analysis
workflow for both unsupervised and supervised learning approaches. The left branch
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(unsupervised) has been previously described,41 and the right branch (supervised) is the
subject of the present study. A description of each algorithm used here is provided in the
Supplementary Information. Table V.II lists each model used with the respective
abbreviations.

Fig. 5.1. Flow chart describing two data analysis workflows for measuring matrix effect
severity using normalized non-analyte (NA) signals in ICP OES determinations. The left
branch (unsupervised) has been described elsewhere.41 The right branch (supervised) is the
subject of the present study. PCA-AP: principal component analysis and affinity
propagation clustering; ED: Euclidean distance; EC: external standard calibration; ML:
machine learning; Non-negative relative error: absolute difference from a 100% analyte
recovery.

Table V.II. Statistical models used for supervised machine learning.
Statistical model
Random forest
Support vector machine with a radial basis function kernel
Generalized linear model
Regularized generalized linear model with elastic net penalty
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Abbreviation
rf
svm
lr
lr_net

k-nearest neighbor regression
Partial least squares regression
Multi-layer perceptron neural network
Extreme gradient tree boosting

knn
pls
nnet
xgBoost

Matrix effects in real time
As described by Carter et al.,41 two solutions were prepared to study the effects of
increasing amounts of matrix on ICP OES’ analytical signals. Both solution 1 (S1) and
solution 2 (S2) contained 500 µg L-1 of Cd, Co, Cr and Pb in a 1% v/v HNO3 aqueous
solution. S2 also contained 2% m/v of an added concomitant (i.e. Ca or Na). Data was
collected with the instrument’s automatic sampler probe immersed in S1. After
approximately 2 min, 5 mL of S2 was slowly added to S1. Rather than preparing individual
solutions with varying levels of matrix complexity, the gradual mixing of S1 and S2
provided a larger number of increasingly more challenging matrices in a relatively short
amount of time. Analytical and non-analyte signals were simultaneously recorded in real
time during the experiment. The total run time was approximately 5 min. The raw signal
intensities were collected at each time point (approximately every 5 s) for analytes and
native plasma species. Non-analyte signals were also recorded while running a calibration
curve. The non-analyte signal intensities at each time point were then normalized to the
respective signals from the calibration curve. Normalization involved dividing each
individual value by the maximum signal intensity in the calibration curve. The normalized
values were then used as training data to optimize machine learning hyperparameters,
which are flexible, model-specific tuning factors optimized by updating and selecting
different values to maximize a given response metric.75
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Seawater and synthetic sample solutions
Water samples from the Mediterranean Sea and the Dead Sea were collected into
prewashed 50 mL polypropylene tubes. Addition and recovery experiments were
performed considering dilutions of the matrix at the 1:1, 1:10 and 1:100 v/v levels. A
similar accuracy assessment was also carried out for individually prepared samples with
differing concentrations of Ca and Na in the matrix (synthetic sample solutions). Sodium
concentrations ranged from 0.1% to 2% m/v in these samples. For Ca, concentration levels
were in the 0.1 - 0.2% m/v range. All analyte spikes contained 500 µg L-1 of Cd, Co, Cr
and Pb, and the seawater and synthetic sample solutions were prepared in 2% and 1% v/v
HNO3, respectively. The calibration curve solutions were prepared to match the HNO 3
concentration in each group of samples. Similar to the real time study described earlier,
non-analyte signal normalization involved dividing each individual signal by the maximum
intensity recorded for the respective species in the calibration curve. These data were then
used as external test data to further verify machine learning model performance.

Machine learning training and validation
Fig. 5.2 outlines the process involved in training and validation for supervised
learning. The data is split in three sets to prevent overfitting and to evaluate the
performance of the models when applied to “unseen” data: training set, withheld training
set and external testing set. All data collected from the real time matrix effect experiments
were used as training data.41 Seventy-five percent of the training data were used to train
the models. Model hyperparameters were tuned to maximize the correlation coefficient
between the predicted error and the observed non-negative relative error (i.e. absolute
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difference from a 100% analyte recovery). A resampling process of five repetitions of 10fold cross validation was used. The trained models then predicted on the remaining 25%
of the training data, which we refer here as “withheld training data.” Although proper
resampling and data splitting were carried out, we also analyzed 12 individually prepared
solutions to further verify model performance and account for potential overfitting.77 We
refer to this set of data as the “external testing data”.
Models were trained to predict matrix effect severity on a single analyte. Although the data
splitting and training process were the same in all experiments, model parameters were
tailored to each unique analyte.

Fig. 5.2. Flow chart detailing the data handling and processing involved in machine
learning training and validation. (1) The training data is split 75 / 25. (2) Model
hyperparameters are tuned on 75% of the training data. (3) Tuned models predict on the
25% withheld training data. (4) To validate model performance and determine whether a
model has overfit the training data, the tuned models predict on a set of externally withheld
testing data. (5) The optimal model(s) is (are) selected according to performance metrics
and predictions at each stage of the training and validation workflow. CV: cross validation.
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Machine learning metrics
Models were trained to predict the absolute difference from a 100% analyte
recovery (“non-negative relative error”). Hyperparameters for each model were tuned to
maximize the correlation coefficient between experimentally observed and predicted nonnegative relative errors. Thus, R2 = 1 represents a perfect prediction of error.
Additional metrics were also considered for the withheld training data and the
external testing data. Although models were optimized to provide predictions based on a
continuous scale, a binary response was considered as well. If an analyte recovery was
within the 90 - 110% range (i.e. non-negative relative error ≤ 0.1), it was labeled as a
positive response. Any recovery outside this range was then labeled as a negative response.
Collectively, the binary labels simply identified whether or not a recovery was obtained
within a desired range, and the threshold value could be adjusted to user preference (e.g. a
non-negative relative error ≤ 0.2, or an analyte recovery between 80% and 120%).
Other metrics used include accuracy, which is the number of correctly predicted
values over the total number of values to be predicted, and true positive rate (TPR) and true
negative rate (TNR), which are defined by eqns 5.1 and 5.2, respectively. In these
equations, TP, TN, FP and FN represent the number of true positives, true negatives, false
positives, and false negatives, respectively.
𝑇𝑃𝑅 =
𝑇𝑁𝑅 =

𝑇𝑃

(5.1)

𝑇𝑃+𝐹𝑁
𝑇𝑁

(5.2)

𝑇𝑁+𝐹𝑃

As mentioned earlier, model performance was evaluated throughout each stage of training
and testing to determine the optimal model for each analyte.
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RESULTS AND DISCUSSION
Matrix effects and analyte recovery error
Fig. 5.3a presents the effects of a Ca or Na matrix on the recovery of a 500 µg L-1
spike of Cd, Co, Cr and Pb. Fig. 5.3b shows non-negative relative errors (i.e. differences
from a 100% analyte recovery) at each time point in the real time experiments, which are
considered here as the response when developing predictive models. As it can be observed,
both signal suppression and recovery error significantly increase with more EIEs in the
matrix. By the 3-min mark, a plateau is established when S1 and S2 mixing reaches an
equilibrium. For a discussion on sources of matrix effects for this experiment, the reader is
referred to Carter et al.,41 for example. As expected, these results provide evidence for the
inefficiency of EC when analyzing a complex-matrix sample. Because calibration solutions
are prepared in a medium lacking the same concomitants as the sample, poor accuracies
are expected, especially in the presence of high concentrations of EIEs.

Fig. 5.3. Matrix effects from Ca and Na on analytical recoveries of a 500 µg L-1 spike of
Cd, Co, Cr and Pb. The y-axis shows (a) the concentration (µg L-1 ), and (b) the absolute
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difference from a 100% analyte recovery (“non-negative relative error”) for Cd, Co, Cr and
Pb. Lines represent recoveries of 100% (dashed line) and between 90 - 110% (solid line).

Model performance on the training data
Fig. 5.4 presents resampling results from the predictions on the training data for
each of the models studied. The correlations between the observed and predicted errors are
high, with mean R2 values greater than 0.98. Table V.III details the performance of each
model at predicting matrix effect severity for the withheld training samples for each
analyte. Values for R2, TPR and TNR are high for all analytes and models, suggesting the
tuned hyperparameters are well adjusted to predict matrix effect severity when training and
testing on data from the real time experiments (Fig. 5.4 and Table V.III).

Fig. 5.4. Resampling performance for predictions of matrix effects on (a) Cd, (b) Co, (c)
Cr and (d) Pb based on the training data after 10-fold cross validation repeated 5 times.
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Average R2 values (x-axis) and the corresponding 95% confidence level (error bars) are
shown.

Table V.III. Model prediction performance on the withheld training data. The accuracy,
true positive rate (TPR), true negative rate (TNR) and R2 values are shown for each analyte
and model.
Analyte Metric
Cd
Accuracy
TPR
TNR
R2
Co
Accuracy
TPR
TNR
R2
Cr
Accuracy
TPR
TNR
R2
Pb
Accuracy
TPR
TNR
R2

knn
1
1
1
0.998
1
1
1
0.998
1
1
1
0.998
1
1
1
0.996

lr
1
1
1
0.991
1
1
1
0.99
1
1
1
0.986
1
1
1
0.992

lr_net
1
1
1
0.992
1
1
1
0.991
1
1
1
0.988
1
1
1
0.991

nnet
1
1
1
0.991
1
1
1
0.99
1
1
1
0.997
1
1
1
0.991

pls
1
1
1
0.991
1
1
1
0.991
1
1
1
0.987
1
1
1
0.992

rf
1
1
1
0.996
1
1
1
0.998
1
1
1
0.987
1
1
1
0.996

svm
1
1
1
0.995
1
1
1
0.996
0.958
0.933
1
0.985
1
1
1
0.996

xgBoost
0.958
0.933
1
0.98
1
1
1
0.993
1
1
1
0.984
1
1
1
0.984

Model performance on the external testing data
Figs. 5.5 and SI5.1-SI5.3 show the relationships between predicted and experimentally
observed error for Cd, Co, Cr and Pb for each statistical model applied to the external
testing data. The svm model severely overfits the training data and essentially provides the
same results for the external data irrespective of the predictor values (Figs. 5.5, SI5.1SI5.3). The results from the knn, nnet, rf and xgBoost models level off around 0.4 for each
analyte and fail to correctly predict recovery errors associated with a 2% m/v Na matrix or
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a 1:1 v/v dilute Dead Sea water sample, for example. On the other hand, although some
points fail to fall on the y = x line, their predictions as a binary response are true. The
important information in this case is whether a model can identify a high chance the
analytical result is outside the 90 - 110% recovery range, which these models essentially
do. Table V.IV lists the TPR, TNR and R2 values for each model and analyte when
performing predictions on the external testing data. Most models are more sensitive (high
TPR) than specific (high TNR) and, therefore, are more likely to predict an analysis is
compromised by matrix effects.

Fig. 5.5. Predicted error vs. observed non-negative relative error for model predictions of
matrix effects on Cd for the external testing data. The line y = x represents perfect
prediction accuracy (R2 = 1).
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Table V.IV. Model prediction performance on the external testing data. The accuracy, true
positive rate (TPR), true negative rate (TNR) and R2 values are shown for each analyte and
model.
Analyte Metric
Cd
Accuracy
TPR
TNR
R2
Co
Accuracy
TPR
TNR
R2
Cr
Accuracy
TPR
TNR
R2
Pb
Accuracy
TPR
TNR
R2

knn
0.917
0.909
1
0.741
0.917
0.909
1
0.705
0.917
0.909
1
0.681
0.917
0.909
1
0.723

lr
1
1
1
0.976
1
1
1
0.968
1
1
1
0.956
0.917
0.909
1
0.97

lr_net
1
1
1
0.975
1
1
1
0.967
0.917
0.909
1
0.956
0.917
0.909
1
0.971

nnet
0.917
0.909
1
0.954
0.917
0.909
1
0.945
0.917
0.909
1
0.928
0.917
0.909
1
0.957

pls
1
1
1
0.976
1
1
1
0.967
0.917
0.909
1
0.95
0.917
0.909
1
0.97

rf
1
1
1
0.819
1
1
1
0.79
0.917
0.909
1
0.771
0.917
0.909
1
0.788

svm
1
1
1
0.338
1
1
1
0.306
1
1
1
0.277
1
1
1
0.278

xgBoost
0.667
0.636
1
0.777
0.917
0.909
1
0.722
0.75
0.727
1
0.718
1
1
1
0.772

Choosing the best model for each analyte
With the exception of the O signal at 615.820 nm, all non-analyte species evaluated
in this study present a similar behavior when exposed to complex EIE matrices (Fig. 5.6),
and their signals are highly correlated with the response (Fig. 5.7). This represents a
potential issue with respect to collinearity amongst predictor variables. 78 One of the
negative consequences of collinearity is that the effects of each individual feature cannot
be separated, so it may be difficult to distinguish which signals contribute the most to the
accuracy of a model.79 In a study focusing on the effects of collinearity on regression
modeling, the regularized GLM method outperformed PLS regression. Additionally, the
GLM method, with and without regularization, was more accurate than the less
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interpretable SVM, random forest and boosted regression tree modeling strategies.79
Another work showed similar results between the regularized GLM and PLS regression
methods with only a slight enhancement in performance using regularized GLM instead of
PLS regression.80 Our results generally agree with these studies, except for the KNN and
neural network methods, which were not included in either of the previously published
studies.

Fig. 5.6. Normalized signals for each non-analyte species monitored during the real time
experiments involving matrices with Ca and Na. Signals were normalized to the highest
signal intensity measured for each respective species during the analysis of the calibration
curve.
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Fig. 5.7. Pearson correlation coefficients between normalized non-analyte signals and (a)
Cd, (b) Co, (c) Cr and (d) Pb signals during the real time experiments involving matrices
with Ca and Na.

Neural networks have been shown to be relatively robust to multicollinearity due
to the inherent overparameterization of the model. That is, from input to output, the
information passing through the network is transformed through a series of linear
combinations, which has the effect of mitigating potential problems of multicollinearity.81
This, of course, greatly reduces the interpretability of the model as well. Different from
linear regression, the KNN approach does not yield model coefficients.78 Instead, the user
is left to choose a value for “k” (the optimized number of neighbors) to consider for
predictions. Therefore, the incapacity for distinguishing the effects of each predictor
variable as a result of multicollinearity does not directly apply to KNN modeling. On the
other hand, KNN may perform poorly in applications involving a large number of predictor
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variables, p, compared to observations, n (i.e. p > n). In such cases, a relatively small
sample size provides no nearby neighbors for modeling. In addition, it is difficult to choose
an optimal value for “k” when the predictive information is spread out across a large
number of predictor variables.78
Simpler, more interpretable models are preferable when choosing the optimal
modeling approach. In addition to accurate predictions, the ideal model should also provide
information on the importance and relative contributions of each predictor variable in the
modeling process. At this stage of this preliminary work, there are no significant
advantages on using the more complex and less interpretable rf, nnet, svm and xgBoost
models. On the other hand, the simpler lr, pls and lr_net models perform similarly for each
analyte (Tables V.III and 5.4). Therefore, for this proof-of-concept study, the lr, lr_net and
pls models are deemed most appropriate for predicting matrix effects due to EIEs on ionic
transitions of Cd, Co, Cr and Pb.

Efficiency and limitations of predicting matrix effects using supervised learning and
non-analyte signals
The advent of charge-coupled device (CCD) detectors and echelle-based
instruments led early researchers to consider advanced mathematical procedures, which
rely on measuring multiple analytical lines, for minimizing spectral and non-spectral
interferences in ICP OES.82 However, with the exception of Salin and coworkers,33-39 most
studies involving multivariate analyses and matrix effects have focused on similarities
between several analyte and non-analyte species to determine optimal internal standards.
For example, Grotti et al. developed an efficient method for studying several levels of
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matrix complexity using stirred tanks.83 The authors used logarithmic and polynomial
regression methods to model matrix effects caused by high concentrations of acid and EIEs,
respectively, and considered analytes with different transitions and total line energies
(Esum) ranging from 2.69 to 15.96 eV. They then considered the projection of analyte
signals onto the first two principal components to reveal optimal internal standards for each
of the emission lines evaluated.83 Aside from multivariate analyses, Hieftje and coworkers
reported methods to detect matrix effect severity by taking advantage of the spatial
dependency of matrix effects on specific analytical lines across the ICP radiation zone.
With the methodology, interference-free conditions were efficiently identified, which
allowed for accurate determinations.27-32
The method described in the present study relies on the relationship between
changes in plasma conditions (and its effects on the analytes) and plasma naturallyoccurring species. In this case, the similarity in behavior between Ar species and Cd, Cr,
Co and Pb ions is in agreement with previously reported results.9 Different from the
aforementioned approaches, our method utilizes the simultaneous measurement of analyte
and non-analyte (Ar, H and O) signals. Models with highly flexible parameters and inputs
from these non-analyte signals are then tuned to predict matrix effect (caused by EIEs)
severity on ionic transitions of Cd, Co, Cr and Pb. It is important to note that these four
analytes and EIE concomitants were chosen as models for the present study, but the method
described here may be applicable to other cases. An advantage of the present approach is
that optimal models may be imbedded in the instrument software, whereby no further
modifications are necessary beyond measuring non-analyte signals from plasma native
species in addition to the analyte lines under the same instrumental conditions. Day-to-day
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instrument fluctuations are accounted for by normalizing the non-analyte signals to the
respective values recorded with the calibration curve. Prediction models will then estimate
matrix effect severity using the normalized non-analyte signals. Thus, tuned models may
alert users in real time when expected values fall outside certain recovery ranges (e.g. 90 110%, 80 - 120%, 70 - 130%, etc), as a result of high concentrations of EIEs in the matrix.
This is a quantitative diagnosis strategy, different from simply employing warning
indicators for plasma-related matrix effects (a qualitative approach described by Chan and
Hieftje, for example).9Also different from a recently published study involving
microwave-induced plasma optical emission spectrometry (MIP OES),84 the strategy
described here relies on naturally-occurring species exclusively associated with plasmarelated matrix effects (rather than also including those originating in the sample transport
and nebulization processes). Considering the significant differences in plasma temperature
between MIP OES and ICP OES,85 it is unlikely there will be reliable species associated
with the sample introduction process that will survive the ICP. Therefore, supervised
learning models have not been evaluated for their ability to predict signal bias caused by
sample transport/nebulization effects.

Using plasma naturally-occurring species to minimize matrix effects
As demonstrated here, machine learning models trained on normalized non-analyte
signals can accurately predict matrix effect severity across different subsets of data.
Considering the similarities between these and the analytical signals (Figs. 5.3, 5.6, 5.7),
and the fact they were already collected and stored during the modeling experiments, we
sought to explore their use for signal bias correction. Although an inverse relationship is
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observed for the normalized O signal at 615.820 nm when Ca is added to the matrix, most
non-analyte species present a direct correlation with the analytes and may be used as
internal standards to minimize matrix effects. Given the high correlation coefficients
obtained for each Cd, Co, Cr and Pb signals in comparison with the Ar 737.212 nm and H
434.047 nm lines (Fig. 5.7), these were further evaluated as potential internal standard
species. Thus, the signal collinearity discussed earlier as a potential disadvantage for
modeling may be used now for improving accuracy.
Although similar effects were observed for each of the ionic transitions evaluated
in the present study, matrix-related signal suppression was most severe for Cd (Fig. 5.3).
Therefore, for simplicity, Cd results are presented in the following sections, with similar
data for Co, Cr and Pb shown in the Supplementary Information and referred to as
necessary to facilitate the discussion in the main text. In addition to evaluating the merit of
using non-analyte species as internal standards, we have also employed machine learning
tools to identify instances in which such strategy would in fact contribute to improving
accuracy in ICP OES analyses. The results from these experiments were also compared
with traditional internal standardization using Y. This element was selected because it is a
common internal standard in ICP OES determinations, with an Esum of 9.74 eV for the
371.212 nm ionic line. An internal standard species with Esum closer to those of the analytes
(i.e. 12.93 - 14.79 eV) may provide more accurate results compared with Y. However,
finding the most suitable traditional internal standard element for Cd, Cr, Co and Pb was
not the focus of this work. Signal bias correction with Y was simply used as benchmark to
compare to results from non-traditional internal standard species of Ar and H.
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Fig. 5.8 shows the analyte percent recoveries obtained for the withheld training data
considering various signal correction strategies. For comparison, Fig. 5.8a shows the
results for a simple EC method, with the analytical signal alone used as the dependent
variable on the calibration plot. As expected, the presence of EIE concomitants caused
severe analytical signal suppressions. Figs. 5.8b – 5.8d show the results for internal
standardization using Ar, H or Y as IS species, respectively. The Y ionic line at 371.029
nm outperformed Ar when significant levels of Na and Ca were present in the matrix, with
analytical recoveries in the of 80 - 120% range (Fig. 5.8d). Nevertheless, the use of the Ar
emission signal at 737.212 nm as an internal standard is an appropriate strategy to minimize
the effects caused by EIEs, particularly for the ionic transitions evaluated in the present
study. Using H as an IS species led to high levels of variability and overcorrection in some
instances for both Cr and Pb (Fig. SI5.5f and SI5.6f). It is important to note from Fig. 5.8
that neither Y nor Ar will completely correct for matrix effects if high levels of EIEs are
present. In such cases, another strategy such as standard additions must be employed to
ensure adequate accuracy.
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Fig. 5.8. Analyte percent recoveries from a 500 µg L-1 spike of Cd obtained for the withheld
training data when using (a) the analytical signal alone, (b) the Ar signal at 737.212 nm as
IS, (c) the H signal at 434.047 nm as IS, (d) the Y signal at 371.029 nm as IS, (e) the Ar
signal at 737.212 nm as IS only when the trained pls model predicts a non-negative relative
error > 0.1, and (f) the H signal at 434.047 nm as IS only when the trained pls model
predicts a non-negative relative error > 0.1. Dashed and solid lines represent recoveries of
100% and between 90 - 110%, respectively.

Figs. 5.8e and 5.8f demonstrate the potential effectiveness of using the Ar and H
lines at 737.212 and 434.047 nm, respectively, for signal bias correction at the discretion
of a trained pls model, which was optimized to predict matrix effect severity for Cd. In this
case, Ar or H were only used as internal standards when the pls model predicted a nonnegative error > 0.1 (simple EC was used for predicted errors ≤ 0.1). By combining signal
bias correction and machine learning, potential discrepancies between the non-analyte and
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analyte signals in the presence of a complex matrix may be accounted for. No significant
difference is observed when analyzing Figs. 5.8b and 5.8e, and 5.8c and 5.8f (similar
results can be observed for Co, Cr and Pb in Figs. SI5.4-SI5.6), so the application of a
machine learning tool is not justified in this specific case.
To further evaluate the effectiveness of signal bias correction using the Ar 737.212
nm line, addition and recovery experiments were carried out using two seawater samples.
Different dilutions of each sample were used to assess the effectiveness of employing
internal standardization to minimize signal bias as matrix complexity increases. Fig. 5.9
compares results for the analysis of Mediterranean Sea water and Dead Sea water in which
either the Ar line at 737.212 nm or the Y line at 371.029 nm are used as internal standards.
As observed, internal standardization significantly contributes to improving accuracy in
Cd determination compared with simple EC. For the most challenging matrix, i.e. Dead
Sea water diluted 1:1 v/v, internal standardization with Ar was superior to Y, with the extra
advantage of requiring no foreign element added to blanks, standard solutions and samples.

151

Fig. 5.9. Analyte percent recoveries from a 500 µg L-1 spike of Cd in Dead Sea water and
Mediterranean Sea water at different levels of dilution, i.e. 1:1, 1:10 and 1:100 v/v. Results
are shown for calibration using the analytical signal alone (“Cd.214.439”), the Ar signal at
737.212 nm as IS (“ratio.Ar.737.212”), and the Y signal at 371.029 nm as IS
(“ratio.371.029”). Dashed and solid lines represent recoveries of 100% and between 90 110%, respectively.

Efficiency and limitations of signal bias correction using the Ar 737.212 nm line
Fig. 5.10 depicts the advantages and limitations of using Ar as an internal standard
species for the analytical lines evaluated. Fig. 5.10a shows how model predictions are well
correlated to the observed error. For predicted absolute errors ≤ 0.1, no signal correction is
required and recoveries in the 90 - 110% range are obtained simply by using EC (except
for Cr and Pb determined in a 0.1% m/v Ca matrix). Accuracy significantly improves for
predicted absolute errors > 0.1 when using the Ar line at 737.212 nm as an internal
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standard, with recoveries mostly in the 80 - 120% range for all analytes (Fig. 5.10b). As
previously discussed, although simple and effective for most applications, the signal bias
correction based on the Ar 737.212 nm line cannot resolve every matrix effect. Thus, as it
would be expected, the method is inefficient for analyses involving extreme matrices (e.g.
predicted absolute errors > 0.3). In such cases, standard additions or other matrix-matching
strategy such as MEC and SDA should be employed to ensure accurate results.16,17
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Fig. 5.10. Analyte percent recoveries obtained for the external testing data at different
predicted errors (predictions based on optimized pls models for Cd, Co, Cr and Pb).
Determinations using the EC method for all samples (a), and using the Ar line at 737.212
nm as IS for predicted absolute errors ≥ 0.1 (b) are shown.

CONCLUSIONS
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The supervised learning strategy described in this study may be easily implemented
in routine applications, as one simply needs to monitor non-analyte signals while
performing EC. Once a series of models are trained, instrument software can be
programmed to monitor plasma native species in real time and alert the analyst of different
levels of matrix effect severity. Based on analyte recovery predictions from the optimized
models, the analyst can then choose between simple EC, internal standardization with one
of the non-analyte signals, or a more robust matrix-matching strategy.
Although Y outperformed Ar as an internal standard for Cd, both species were
comparable when employed in Co, Cr and Pb determinations. Internal standardization
based on the Ar 737.212 nm line can save both time and resources, as it does not require
the addition of foreign elements to the analytical solutions like a traditional IS, nor does it
require a matrix-matched calibration curve for each sample like SA. In addition, different
from the traditional methods, it requires no sample dilution when preparing the analytical
solutions, which may be an important advantage for trace element analysis. In this
preliminary study, however, there was no significant accuracy improvement observed
when utilizing the Ar 737.212 nm line at the discretion of machine learning models.
Therefore, for the analytes and matrices evaluated here, this species should be simply used
as an IS when optimized models predict absolute errors < 0.3. It is important to understand
that internal standardization (either employing a traditional or a non-traditional IS species)
will probably fail when applied to matrices containing extremely high concentrations of
EIEs (predicted absolute errors > 0.3 in the present study). In such cases, standard
additions, for example, is a more suitable approach.
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In this proof-of-concept work, we have identified the optimal types of supervised
learning models and established a procedure to measure different levels of matrix
complexity in a relative short amount of time. The analytes and matrices evaluated here are
models for additional studies to expand the method’s applicability. Current work in our lab
is evaluating a wide range of analytes (with a wide range of Esum values) and other matrix
types (e.g. high carbon-content matrices). Certified reference materials are also being
analyzed to confirm the method’s efficiency.
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INTRODUCTION
The inductively coupled plasma (ICP) is a preferred energy source for atomization,
ionization and excitation in atomic spectrometry [1–4]. The method of ICP optical emission
spectrometry (ICP OES) has been developed, refined and applied for decades, leading
chemical analysts to question the necessity of continuing fundamental research focused on
the method itself [3–5]. With the exception of charged-coupled device (CCD) cameras and
their implementation in ICP OES instruments, most instrumental developments applied to
ICP-based systems have been mainly focused on mass spectrometry (ICP-MS)
determinations. For example: the use of electrostatic analyzers and magnetic sectors have
considerably improved the accuracy and precision of isotopic analyses; tandem mass
spectrometry with two quadrupoles and a collision/reaction cell have resolved spectrally
hindered isotopes and significantly improved accuracy; and individual nanoparticles have
been sized and counted at environmentally relevant concentrations by acquiring timeresolved data on a microsecond scale [6–8]. Interestingly, each of the aforementioned
examples do not specifically involve changes to the ICP. Rather, manipulating how data is
acquired or featuring different implementations of selected mass filters have led to these
advancements.
Although the majority of new research has been focused on ICP-MS, ICP OES and
its ability to acquire data simultaneously across the UV-Vis spectrum does present potential
for research [5]. Because it operates in atmospheric pressure, the OES system is less
expensive to run than the MS system. Additionally, as an indirect measurement of analytes
(i.e. a measurement of radiation emitted rather than the analyte itself), it is less prone to
matrix effects than ICP-MS, although at the expense of reduced sensitivity. Researchers
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have taken advantage of the simultaneous multivariate nature of ICP OES to better resolve
background interference and to determine optimal internal standards [9,10]. An early
application of advanced multivariate statistical tools to ICP OES was the development of
an autonomous instrument with “intelligent” determination of the appropriate calibration
strategy [11].
Over the past decade, there has been an exponential rise in machine learning
applications in several fields, including general analytical chemistry [12,13]. Yet, as a
result of a disconnect between applied statistics and chemometrics, there has been little to
no incorporation of modern data science tools associated with pattern recognition to atomic
spectrometry data [14]. Herein lies a potential lynchpin in furthering research dedicated to
a mature method (e.g. ICP OES), by porting over some recent advances made in the data
science community to problems already considered by early researchers who were
presented with multivariate data from echelle- and CCD detector-based ICP OES
instruments.
Selected disadvantages of ICP OES as an analytical tool include, for example, the
cost of operation due to the consumption of large volumes of Ar. Bulky instrumental
designs may also count as a disadvantage, which is mainly due to the necessity of achieving
picometer spectral resolution to resolve multiple emission lines, and the consequent
physical restraints associated with the required optical arrangement (e.g. the spectrograph’s
focal length). An important issue not only for ICP OES, but also for other instrumental
methods, involves matrix effects. For ICP OES, these may be manifested in analytical
signal biases caused by the sample as it is introduced into the plasma and disturbs the local
ion-electron equilibrium. Considering the potential lynchpin described above, identifying
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and assessing matrix effects may be a useful application of advanced statistical tools. Given
the dynamic processes taking place in an ICP, it is difficult to model and characterize
excitation mechanisms for selected analytical lines, for which concomitant elements play
an important role [15]. There have been conflicting reports in the literature regarding either
signal enhancement or suppression due to significant levels of concomitants in a sample
matrix. The confusion in describing matrix effects probably stems from different
instrumental parameters and sample preparation procedures for each report [16]. In fact,
an interesting application of the relation of a matrix effect to a selected instrumental
parameter is the spatial dependency of such effect along the ICP radiation zone. Unbiased
analytical determinations may be performed by identifying the crossover point in the
radiation zone where there is neither enhancement nor depression of the analytical signal
[17,18]. Although at times difficult to account for and explain, two distinct patterns have
emerged from studies in the literature regarding matrix effects in ICP OES. Signal
suppression is usually observed for high-energy transitions (e.g. ionic emission lines) in
the presence of easily ionized elements (EIEs), while signal enhancement is observed for
elements with ionization potentials between 9 and 11 eV, likely a result of charge transfer
reactions with C species [19–24].
The choice of calibration strategy is fundamental to achieve accurate results in
quantitative instrumental analysis. External standard calibration (EC) is the most
commonly used method, which relies on modeling a relationship between instrumental
response and analytical concentration from individually prepared calibration solutions
[25,26]. The absence of significant matrix effects is critical for accurate determinations
using EC, which is the method’s main limitation. Typically, the accuracy of an analytical
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method is validated by analyzing a certified reference material (CRM) presenting a matrix
which is similar to that of the samples of interest (assuming such a CRM exists). This is a
necessary and key step in method development; yet, it adds to the overall cost (CRMs are
expensive) and analysis time (CRM sample preparation) associated to the method.
Presented in the context of earlier studies involving sample diagnosis and determination of
appropriate calibration methods using non-analyte and indicator elements [11,27–32], our
group has recently described data driven algorithms using signals from plasma naturally
occurring species (e.g. Ar, H and O) as inputs to provide an indication of matrix effect
severity and, accordingly, a prediction of accuracy using EC [33,34]. From an unsupervised
(i.e. unlabeled data) point of view, the occurrence of matrix effects was presented visually.
We used data projections down onto principal component (PC) space, and identified
compromising matrix effects for a given sample when it was positioned far away from, and
did not group with, the calibration standard solutions [33]. From a supervised (i.e. labeled
data) point of view, matrix effect severity was determined according to the prediction of
trained supervised learning models, in which signal bias correction using non-analyte
species was also explored [34]. The two proof-of-concept works featured analytical signals
from ionic species of Cd, Co, Cr and Pb. These analytes were selected because of their
relatively high total line energies (Esum) and earlier reports on the correlation between Esum
and signals from Ar species in the plasma [35].
In addition to the commonly used principal component analysis (PCA), newly
described t-distributed stochastic neighborhood embedding (t-SNE), and uniform manifold
approximation and projection (UMAP) are alternative dimension reduction algorithms
capable of explaining multivariate data in two dimensional space [36–40]. PCA illustrates
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the information given by a dataset in terms of complementary scores and loads via an
orthogonal linear transformation [38]. On the other hand, t-SNE and UMAP are nonparametric dimension reduction and visualization algorithms capable of retaining the local
and global structure of the dataset [36,37,39,40]. PCA is a common chemometric technique
that has been used for decades, whereas t-SNE and UMAP are relatively newer strategies
that are popular within the machine learning literature, with little to no implementation in
published atomic spectrometry research. PCA, t-SNE and UMAP are examples of
unsupervised machine learning, as they consider unlabeled data [41–43]. Unsupervised
machine learning can be used for visualization and exploratory purposes, providing an
analyst with the opportunity to understand potentially hidden relationships amongst
variables in a multivariate dataset.
Given the energy provided by the ICP, and the ability to monitor emission signals
from both neutral and charged species in the plasma, there is a need to extend the concepts
described in our previous studies to other energy transitions associated with both atomic
and ionic analyte species [33,34]. Therefore, the purpose of the present study is to evaluate
(i) the applicability of data-driven algorithms using ICP-occurring non-analyte signal
inputs to identify and assess matrix effects on analytical signals associated with a wide
range of Esum values; (ii) the efficiency of using non-analyte signals to correct for analytical
signal bias; and (iii) the method accuracy by analyzing different CRMs. As described in
[33], a real time signal collection experiment, based on a simple two-solution approach, is
used to produce and analyze a series of sample solutions with varying levels of matrix
complexity. Different from [33], the present study features a total of three analytical
concentrations, which seeks to generate more robust data and test the method at analyte
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levels closer to the respective limits of quantification (LOQs). In addition, the effects of C,
Ca and Na (concomitant species) on analytes representing 29 electronic transition energies
and an Esum range between 5.0 and 15.5 eV are evaluated. Several dimension reduction
techniques [36–40], as well as estimates of analytical recovery using tuned partial least
squares regression (pls) and generalized linear models fit with the elastic net penalty
(glmnet) [44–47] are used to facilitate the application and estimate accuracy of EC analyses
of CRMs by ICP OES.

MATERIALS AND METHODS
Reagents and standard reference solutions
All samples and analytical solutions were prepared using trace-metal-grade nitric
and hydrochloric acid (Fisher Scientific, Fair Lawn, NJ, USA), low trace metals hydrogen
peroxide (Veritas, Columbus, OH, USA), and distilled-deionized water (18 MΩ·cm,
Purelab Option-Q, Elga, Woodridge IL, USA). Stock solutions of C, Ca and Na, at 10 %
m/v each, were prepared from urea and Ca(NO3)2 and NaNO3 salts (Fisher Scientific, Fair
Lawn, NJ, USA), respectively. Multi-element stock solutions (IntelliQuant multi-element
standards No. 1 and 2, Agilent Technologies, Santa Clara, CA, USA) were diluted to
prepare the standard reference solutions used in EC. Rhodium, prepared from a single
element stock solution (1000 mg L-1, SPEX CertPrep, Metuchen, NJ, USA), was used as
an internal standard for comparison.
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Instrumentation, data processing and data analysis workflow
An Agilent 5110 ICP OES (Agilent Technologies) was used for elemental analysis.
The instrumental operating conditions are listed in Table VI.I. Raw data were exported
from the instrument software and organized in Microsoft Excel (Microsoft Corporation,
Redmond, WA, USA). The Statistical programming language R (R foundation for
Statistical Computing, Vienna, Austria) was used for all further data processing [49].
Supervised machine learning training was carried out using the caret package [43,50].
Dimension reduction using t-SNE and UMAP were performed using the Rtsne and umap
packages, respectively [51,52]. All R code used in this study is available upon request.

Table VI.I. Instrumental operating conditions used in all ICP OES determinations.

Instrumental parameter

Operating condition

Radio frequency applied power (kW)

1.20

Stabilization time (s)

15

Plasma viewing mode

Axial

Nebulization gas flow rate (L min-1)

0.70

Plasma gas flow rate (L min-1)

12.0

Auxiliary gas flow rate (L min-1)

1.00

Spray chamber

Cyclonic, double pass (glass)

Nebulizer

Concentric, SeaSpray ™

Read time (s)

5

Replicates

3

Background correction

Fitted background correction (FBC)[48]

Atomic and ionic analytical lines were chosen to represent a wide range of Esum
values. First, the most intense atomic and ionic emission lines were selected for each of the
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analytes in the multi-element standards. Next, they were filtered to those with LODs greater
than 100 µg/L. The set of analytical lines was further filtered to include only the ones with
a percent recovery between 80 and 120% in the real time matrix effect experiments (see
next section for details). In this case, only time points up to the 1.5 min mark (before the
addition of any concomitant) were considered. The goal was to limit our study to matrix
effects rather than another source of signal bias. Finally, the selected lines were once more
filtered to exclude those subject to spectral interferences from concomitant elements in the
C, Ca and Na stock solutions. To determine if a solution was originally contaminated with
a prospective analyte (or would introduce spectral interferences), the average intensity and
standard deviation for each candidate analytical line was recorded for both a 1% v/v reverse
aqua regia (3:1 HNO3:HCl) blank, and 0.5% m/v solutions of C, Ca and Na. The analytical
line was discarded if its average signal intensity for one of the 0.5% m/v solutions was
greater than three times the respective standard deviation calculated for the reverse aqua
regia blank. From the aforementioned selection criteria, 29 emission lines (i.e. 29 electronic
transition energies), representing 26 analytes, were chosen. Additionally, 24 lines from
neutral Ar, H and O species naturally present in the ICP were simultaneously monitored
throughout the study. Further information on the transition energies evaluated are provided
in Table S1.

Real time matrix effect experiment
Similar to the experiments previously described by Carter et al. [33], two solutions
were prepared to evaluate the effects of increasing amounts of matrix on ICP OES
analytical signals. Both solution 1 (S1) and solution 2 (S2) contained either 100, 500 or
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1,000 µg/L of each analyte and 500 µg/L of Rh in a 1% v/v reverse aqua regia (3:1
HNO3:HCl) aqueous solution. S2 also contained 2% m/v of an added concomitant (i.e. C,
Ca, Na, Ca + C or Na + C). Data was collected with the instrument’s automatic sampler
probe submerged in S1. After approximately 2 min, 5 mL of S2 was slowly added to S1.
Analytical and non-analyte signals were simultaneously recorded in real time during the
experiment. The total run time was approximately 5 min. The raw signal intensities were
collected at each time point (approximately every 5 s) for all emission lines evaluated. Nonanalyte signals were also recorded while running a calibration curve, which took place right
before each real time matrix effect experiment. The non-analyte signal intensities at each
time point were then normalized to the respective signals from the calibration curve.
Normalization involved dividing each individual value by the maximum signal intensity
from the calibration curve. The normalized values were then used as inputs for
unsupervised and supervised learning. In all cases, the data used for PCA, UMAP, t-SNE,
glmnet and pls are the standardized data (i.e. mean = 0, standard deviation = 1) from the
24 normalized non-analyte signals.
Prior to supervised and unsupervised machine learning analysis, the dataset was
smoothed using a shifted error strategy. One of the purposes of the present study was to
model analytical signal bias caused by matrix effects, which is characterized by a shift in
signal intensity due to the presence of one or more matrix concomitants compared to a
standard solution. To ensure the signal shifts observed from the addition of S2 to S1 are a
result of matrix effects, any deviation in analyte recovery for S1 prior to the addition of S2
were shifted to error values of 0. For example, if the average error (difference from 100%
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recovery) for all data of a given analytical line, calculated prior to the 1.5 min mark, was
0.05, that value was subtracted from all time points.

Certified reference materials
Certified reference materials of Oyster Tissue (NIST 1566b) and Peach Leaves
(NIST 1547) were acquired from the National Institute of Standards and Technology
(NIST, Gaithersburg, MD, USA). Approximately 0.25 g of sample were digested with 1
mL of concentrated reverse aqua regia (3:1 HNO3:HCl), 2 mL of H2O2 and 7 mL of
distilled-deionized water using an ETHOS UP closed-vessel microwave-assisted digestion
system (Milestone, Sorisole, Italy). The digest solutions were diluted to 50 mL with
distilled-deionized water, for a final concentration of 2% v/v reverse aqua regia (3:1
HNO3:HCl). A five-fold and fifty-fold dilution were also evaluated for NIST 1566b and
NIST 1547, respectively. These samples were used to evaluate the efficiency of both
unsupervised and supervised machine learning methods applied to a non-synthetic sample.

Supervised machine learning training, metrics and validation
Fig. 6.1 outlines the process involved in training and validation used in supervised
learning. Initial training data consisted of all time points in the real time matrix effect
experiments (n = 543). These data were split 75/25 prior to tuning model hyperparameters
(i.e. training data, n = 408, and withheld training data, n = 135). Data splitting was
performed to best match the distribution of the response between training data for model
hyperaparameter tuning, and withheld training data to evaluate potential overfitting. Thus,
the dataset provided by the real time matrix effect experiments was split into grouped
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sections based on quintiles, and sampling for the training and withheld training data was
performed within these groups [50]. Hyperparameters were selected in order to maximize
the R2 value from the training data between predicted and observed error. Error was defined
as the absolute value of the relative error [34]. For example, if the analyte percent recovery
was 90 or 80%, models were tuned to predict the error values of 0.1 or 0.2, respectively.
Model hyperparameters were tuned and selected according to a resampling of the training
data via 5 repetitions of 10-fold cross validation. Repeated cross validation has shown
positive results, with little bias, when implementing machine learning on relatively small
datasets [53]. After model tuning, predictions on the withheld training data were carried
out to check for potential overfitting. Finally, each model predicted the severity of matrix
effects considering the Oyster Tissue and Peach Leaves CRM samples.

Fig. 6.1. Schematic of the data partitioning for machine learning training and validation.
(1) Training data are split 75/25 into a training dataset for model hyperparameter tuning,
and a withheld training dataset to check for overfitting. (2) Model hyperparameters are
selected according to a resampling strategy of 5 repeats of 10-fold cross validation (CV).
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(3) Tuned models predict error on the withheld training data to evaluate if the models have
over fit the training data. (4) Tuned models predict error considering the matrix of the
Oyster Tissue and Peach Leaves CRMs. (5) Final model(s) are selected.

Models were trained to predict the error for each of the 29 analytical lines evaluated
in the present study. Partial least squares regression (pls) and generalized linear models fit
with the elastic net penalty (glmnet), which are both capable of handling collinearity
amongst the predictor variables, were used for modeling [44–47]. As shown in our
previously published work, these two relatively simple models perform well when
predicting matrix effect severity [34]. For model training, the number of components for
pls ranged from 1 to 20 for each analytical line, which resulted in 20 unique trained pls
models for each transition energy evaluated. Glmnet models were tuned considering 10
unique combinations of the alpha and lambda hyperparameters, which describe the mixing
between lasso and ridge regression regularization, and the extent of regularization,
respectively [46,47]. Therefore, 100 unique combinations were considered for each
analytical line. Although the data analysis workflow featured the same initial training data
from the real time matrix effects experiments, the 75/25 split between training and withheld
training data, as well as hyperparameter tuning, were unique to each analytical line. As a
result, 29 distinct pls and glmnet models were trained, for a total of 58 different models.
In addition to predictions on a continuous response, which were associated with the
squared correlation coefficient (R2), binary response metrics were also evaluated for the
withheld training data. These included accuracy, true positive rate (TPR) and true negative
rate (TNR), which are defined by Eqns. 6.1, 6.2 and 6.3, respectively (where TP = true
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positives, TN = true negatives, FP = false positives, and FN = false negative). Positives
and negatives were defined as observed error values > 0.1 and ≤ 0.1, respectively.
Therefore, if a model predicted an error value > 0.1, the continuous output was interpreted
as the positive binary response. Similarly, if a model predicted an error value ≤ 0.1, the
continuous output was interpreted as the negative binary response.
Accuracy =
TPR =
TNR =

𝑇𝑃+𝐹𝑃

(6.1)

𝑇𝑃+𝑇𝑁+𝐹𝑃+ 𝐹𝑁

𝑇𝑃

(6.2)

𝑇𝑃+𝐹𝑁
𝑇𝑁

(6.3)

𝑇𝑁+𝐹𝑃

RESULTS AND DISCUSSION
Effects from different concomitants on analytes with a range of Esum values
Different from previously published studies [22,24], the effects of the C matrix on
As I (Esum = 6.399 eV) and P I (Esum = 7.213 eV) were almost negligible, with maximum
analyte recoveries of 108% and 109%, respectively (Fig. 6.2). It is possible that the
disagreement between the results, with previous reports showing signal enhancement for
As and P atomic lines, is related to differences in the C source used in each case. On the
other hand, our results generally agree with previous studies reporting C-related matrix
effects causing signal suppression for atomic emission lines with Esum < 6 eV [22,24]. In
the presence of C, the four lines with the lowest Esum values, i.e. Bi I at 223.061 nm, Cd I
at 228.802 nm, Be I at 234.861 nm, and B I at 249.678 nm (Esum values of 6, 5, 5 and 5 eV,
respectively), presented analytical recoveries as low as 85, 84, 82 and 79%, respectively.
Based on these results, it is possible that this type of interfering effect is less dependent on
the C source than that causing signal enhancement for As and P (which is probably caused
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by charge-transfer reactions with C). Also agreeing with previously published works, ionic
emission lines were not significantly affected by C, although signal suppression was
observed for those with relatively high Esum values (Figs. 6.2 and SI6.1) [22,24].

Fig. 6.2. Analyte recoveries according to concomitant species for each spiked
concentration after the addition of S2 to S1 (i.e. after the 3 min mark, when the solution
mixture had reached the ICP). Error bars indicate one standard deviation.

Similar to a previous report [16], the presence of EIEs in the matrix resulted in
analytical signal bias, with signal suppression being the dominant trend for each electronic
transition evaluated (Figs. 6.2, 6.3 and SI6.1). Concomitant species with low second
ionization potentials compete with analyte ions for excited Ar species (which are necessary
for penning ionization), resulting in emission signal suppression [19,20,35]. As shown in
Fig. 6.2, plasma-related matrix effects are more severe for analytical lines with relatively
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high Esum values [19,20,35]. Reports have shown insignificant EIE plasma-related effects
on atomic emission lines of low excitation energies, whereas signal suppression is observed
for atomic emission lines of elements with a high first ionization potential [19].
Furthermore, there are reports of negligible plasma-related matrix effects from Na
[19,20,35]. Therefore, the observed signal suppression for analytical lines with relatively
low Esum values, and a similar effect observed for all electronic transitions due to the
presence of Na (Figs. 6.2, 6.3, SI6.1), may be related to processes occurring before the
sample reaches the ICP (e.g. during sample introduction). Although further experiments
are warranted to describe these signal biases, the purpose of the present study is to develop
a representative dataset for modeling. Given the trends observed in Figs. 6.2, 6.3 and SI6.1,
we deemed these data to be generally representative of results described in the literature.
Therefore, we moved forward using the data collected for modeling matrix effect severity
employing data driven algorithms.
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Fig. 6.3. (a) Analytical recovery and (b) normalized error according to concomitant species
and time in the real time matrix effect experiments. The mixture from the initial addition
of S2 to S1 reached the plasma at approximately the 2 min mark.
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Matrix effects and unsupervised learning
Results from PCA and UMAP are presented in the text, whereas t-SNE results are
provided in the supplementary material. Fig. 6.4 shows representations of dimension
reduction using UMAP and PCA, which allow for illustrating matrix effects in lower
dimensional space. There are distinct profiles between standard solutions with a simple
matrix and those with significant levels of EIEs with both PCA and UMAP. PCA provides
a scores plot illustrating three observed groups (Fig. 6.4a). There is a group of points
representing the calibration standards and sample solutions with low concentrations of
concomitants (i.e simple matrices, < 3 min in the real time matrix effect experiments).
Beyond this group, there are two other groups representing the addition of Ca or Na to the
matrix. When C and an EIE concomitant are present at the same time, the dominating effect
in the dimension-reduced space is due to the EIE. In addition to the three groups illustrated
by PCA, UMAP further separates Na and Na + C matrix effects (Fig. 6.4b). In a similar
fashion to PCA and UMAP, t-SNE presents another visualization of the three
representative groups (Fig. SI6.2). However, t-SNE exhibits more nuance for the points
representing the calibration standards and sample solutions with low concentrations of
matrix concomitants (i.e. the data points are more separated). The sample solutions with a
C matrix are positioned near the calibration standards for PCA, UMAP or t-SNE, agreeing
with the less severe matrix effects observed in Figs. 6.2, 6.3 and SI6.1. Although it is
difficult to discern the meaning of distance values between points after dimension
reduction with t-SNE, the topological information may prove beneficial [37]. UMAP,
however, is better suited than t-SNE to retain the global structure of data [39]. Regardless
of the dimension reduction technique used, we are interested in the orientation of samples
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with varying levels of matrix complexity relative to the calibration standards and simplematrix samples.

Fig. 6.4. Dimension reduction of the data collected from the real time matrix effect
experiments using (a) PCA or (b) UMAP. Scores from the first two principal component
are shown for PCA.

The distance in PC space between samples with different levels of matrix
complexity is another potentially useful indicator of matrix effect severity [33]. Fig. 6.5
shows the relationship between analyte recovery error and the distance in PC space, at each
time point in the real time matrix effect experiments, for selected atomic and ionic emission
lines. Except for C and Ca matrices, there is a weak dependency of error according to
distance in PC space for atomic lines (B I at 249.678 nm, Be I at 234.861 nm, Bi I at
223.061 nm, and Cd I at 228.802 nm). On the other hand, there is a positive relationship
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between analyte recovery error and distance in PC space for high-energy transitions (Cd II
at 214.439 nm, Ni II at 216.555 nm, Pb II at 220.353 nm, and Zn II at 202.548 nm).
Furthermore, the matrix effect severity may be described by the slope of the linear
regression models applied to the data in Fig. 6.5 (see also Fig. SI6.3). The higher the slope
the more severe the matrix effect. Note, for example, that the steepest lines (highest slopes)
are observed for a matrix with high levels of Ca and for lines with high-energy transitions
(Figs. 6.5 and SI6.3). This relationship is independent of signal enhancement or
suppression, as increased slope values are also observed due to the C suppression effect on
low-energy transition lines (Fig. SI6.3). It is interesting to note that the relationship
between analyte recovery and distance in PC space is most linear (large R2) for Ca and Na
interfering on low-energy atomic transitions and high-energy ionic lines. On the other
hand, C effects are both less severe and associated with less linear relationships (Fig.
SI6.4). These results align with a previous report from our group on ionic emission lines
[33].
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Fig. 6.5. Analyte recovery error as a function of distance in principal component (PC) space
from the average position of sample solutions with a simple matrix. Relationships are
illustrated according concomitant species and analyte electronic transition energy. The
analytical lines with the four lowest (e.g. B I 249.678 nm, Be I 234.861, Cd I 228.802 and
Bi I 223.061) and the four highest (e.g. Zn II 202.548 nm, Pb II 220.353, Cd II 214.439
and Ni II 216.555 nm) total line energies were selected.

From these results, it may be useful to implement unsupervised learning for the
estimation of matrix effect severity on ionic and low-energy atomic lines. Figs. 6.4, 6.5 and
SI6.2-SI6.4 illustrate how plasma naturally occurring species can be used to identify
changes in signal intensity as one moves from simple to complex matrices. The data
visualization and estimation of matrix effect severity has been described here by simply
collecting and efficiently processing non-analyte signals that are typically ignored in EC
analyses. These strategies could be further tailored for specific sample types, in which the
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efficiency of sample preparation strategies, such as microwave-assisted digestion and
column chromatography, could be evaluated in real time during EC. From a more specific
knowledge of the type of matrix and the potential severity of its effects on the analytical
signal, this approach could facilitate the application of method validation using CRMs and
addition and recovery experiments.

Matrix effects and supervised learning
Fig. 6.6 presents the resampling results from predictions on out-of-fold samples
using a tuned glmnet model for each analytical line evaluated. The best results (higher R2)
were observed for energy transitions with relatively high Esum values. This observation may
be related to the fact that 18 out of the 24 non-analyte lines monitored are from Ar, and
similar signal suppression effects due to EIEs are observed for high Esum ionic lines and for
Ar and H species (Figs. 6.2, 6.3 and SI6.5) [34,35]. Therefore, both glmnet and pls are
suitable models for this application, as they are capable of handling multicollinear features
[34,44,54,55]. Considering the relatively small dataset, there is an increased potential for
bias in model performance during resampling [53,56,57]. Fig. SI6.6 presents the
correlation plot, for each analytical line evaluated, for the train and test datasets after the
initial 75/25 train/test data split. As observed from most points lying on the fitted line, there
is good agreement between the train and test model metrics, suggesting that neither glmnet
nor pls have over fit the training data.
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Fig. 6.6. Glmnet resampling results, with R2 values for predictions on the training data
according to (a) analyte electronic transition energy (with error bars indicating a 95 %
confidence level), and (b) total line energy (Esum).

Fig. 6.7 shows the prediction results for the withheld training data showing all 29
analytical lines evaluated. There is a general positive correlation between predicted and
observed error with an R2 value of 0.74. Although models were tuned to maximize the
squared correlation coefficient (R2), model metrics from binary predictions were also
considered. Table SIVI.II shows additional binary response metrics according to each
analytical line. The binary results can be visualized with reference to the quadrants defined
by the vertical and horizontal lines as axes in Fig. 6.7. Quadrant I and III represent true
positives and true negatives, whereas quadrants II and IV represent false positives and false
negatives, respectively. Again, the better performing models are those predicting error for
high-energy transitions (Table SIVI.II). The top 3 accurate models are associated with
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predictions of error for Zn II at 202.548 nm, Cd II at 214.439 nm and Co II at 238.892 nm,
with Esum values of 16, 15 and 13 eV, and accuracies of 0.97, 0.96 and 0.96, respectively
(Tables SI6.1 and SI6.2). Three of the 5 least accurate models were those trained to predict
errors for atomic emission lines. Similar results were obtained for respective pls models
(Table SI6.2).

Fig. 6.7. Scatterplot of glmnet predictions for each analyte energy transition on the
withheld training data and the observed error. The line, y = x, represents perfect correlation
between predicted and observed error (i.e. R2 = 1), whereas the vertical and horizontal lines
with intercepts at x = 0.1 and y = 0.1 represent the boundaries for binary predictions.

Correcting for matrix effects using a non-analyte signal
Signal bias correction using an ionic emission line of Rh (Rh II at 249.078 nm) or
an atomic emission line of Ar was evaluated. Rhodium was chosen as internal standard due
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to its potential to correct for matrix effects [58], and because other common internal
standards such as Sc and Y were present in the stock solutions used in this experiment (i.e.
IntelliQuant multi-element standards No. 1 and 2). The Ar I line at 700.323 nm was selected
due to its relatively high correlation with signals from the analytical lines evaluated. Argon
outperformed Rh as an internal standard for atomic emission lines, but not for ionic lines.
As one would expect given the types of electronic transitions involved, the best results
were found for analyses involving high-Esum analytical lines and Rh II (Esum = 14.53 eV),
and for low-Esum analytical lines and Ar I (Figs. 6.8 and 6.9). The results observed for Ar
may be related to its excitation energy. Because we could not find Ek for the 700.323 nm
line in the literature, we calculated the corresponding excitation energy (Eex) using Eex =
hc/λ (where h, c and λ are Planck’s constant, the speed of light and the wavelength,
respectively). The relatively low Eex of 1.770 eV may explain the better performance of
this species as an internal standard for low-Esum analytical lines (Fig. 6.9).
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Fig. 6.8. Analytical recovery for the withheld training data according to calibration
strategies simply featuring the raw analytical signal for external calibration (EC), or
internal standardization with Ar I at 700.323 nm or Rh II at 249.078 nm. Results are shown
for the analytes with the highest Esum values: (a) Zn II 202.548 nm, (b) Pb II 220.353 nm,
(c) Cd II 214.439 nm, and (d) Ni II 216.555 nm. Based on the initial data splitting, matching
the distribution of the response variable (i.e. error) between the training data for model
hyperparameter tuning and the withheld training data, the effects of a combination of all
interfering species evaluated (i.e. C, Ca, Na, C + Ca and C + Na) are illustrated.

Fig. 6.9. Analytical recovery for the withheld training data according to calibration
strategies simply featuring the raw analytical signal for external calibration (EC), or
internal standardization with Ar I at 700.323 nm or Rh II at 249.078 nm. Results are shown
for the analytes with the lowest Esum values: (a) B I 249.678 nm, (b) Be I 234.861 nm, (c)
Cd I 228.802 and (d) Bi I 223.061 nm. Based on the initial data splitting, matching the

194

distribution of the response variable (i.e. error) between the training data for model
hyperparameter tuning and the withheld training data, the effects of a combination of all
interfering species evaluated (i.e. C, Ca, Na, C + Ca and C + Na) are illustrated.

With the exception of analyses based on electrothermal vaporization, using Ar as
an internal standard is most adequate for correcting plasma-related matrix effects, with
little efficacy for issues associated with the sample introduction process [35,59–62].
Additionally, similar to the use of traditional internal standards, it is difficult to find a
plasma-based species (e.g. Ar) that completely matches the behavior of the analyte within
a given matrix. For example, depending on the type and complexity of the sample matrix,
Ar may successfully correct or overcorrect signal biases for Bi I at 223.061 nm (Fig. 6.9).
Note that because the initial data split involved matching the distribution of the response
variable (i.e. error) between the training data for model hyperparameter tuning and the
withheld training, the results illustrated by Figs. 6.8 and 6.9 show the effects of a
combination of all interfering species evaluated (i.e. C, Ca, Na, C + Ca and C + Na).
Therefore, further study is needed to examine signal bias correction using a plasma
naturally occurring species when applied to real samples. Different from the real time
matrix effect experiments, non-synthetic samples present matrices with more complex
levels of interaction between EIEs and organic concomitants (in addition to other types of
interfering species), which may lead to effects different from the ones observed here.
Again, the purpose of the real time matrix effect experiments was to efficiently develop a
representative dataset of general matrix effects for model training, not to provide an in
depth comparison of these effects as a function of given concomitant species.
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Certified reference materials
Tuned glmnet models for each analytical line evaluated predicted no compromising
matrix effects for the CRMs. The projection of matrix effects using PCA, UMAP or t-SNE
onto lower dimensional space, based on non-analyte signals, resulted in CRM replicate
samples positioned near both the calibration standards and samples with a relatively simple
matrix (Figs. 6.10, SI6.7). The prediction of accurate recoveries by the tuned glment and
pls models in addition to the orientation of CRM replicates in lower dimensional space
suggest there are no compromising matrix effects.

Fig. 6.10. Dimension reduction containing data from both the CRMs and the real time
matrix effect experiments using (a) PCA or (b) UMAP. Scores from the first two principal
component are shown for PCA. CRM sample replicates are highlighted.
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The majority of analyte levels in each CRM are below the respective LOQ (Tables
VI.II, VI.III and SIVI.III) and, as expected, poor accuracies were observed for those
concentrations. For example, Zn (Zn II at 202.548 nm) recoveries of 96% were obtained
for Oyster Tissue (concentration corresponding to 2000 times the LOQ), while a 15%
recovery was observed for the same element in Peach Leaves (concentration corresponding
to 4 times the LOQ). Similar results were observed for V in Oyster Tissue and Peach
Leaves (V levels corresponding to 3 and 2 times the LOQ, respectively) using the 292.401
nm ionic line. On the other hand, with the exception of Zn in Peach Leaves, accurate
recoveries were obtained using EC for element levels at least one fold higher than the
respective LOQs. These include Zn in Oyster Tissue, and B, La and P in the Peach Leaves.

Table VI.II. Limits of quantification (LOQs), in µg/g, calculated for each analytical line
evaluated using external standard calibration (EC) or internal standardization with Rh II at
249.078 nm or Ar I at 700.323 nm.
Element, wavelength (nm)
As, 193.696
B, 249.678
Be, 234.861
Bi, 223.061
Cd, 214.439
Cd, 228.802
Co, 228.615
Co, 238.892
Er, 349.910
Eu, 397.197
Eu, 420.504
Hf, 264.141
Ho, 345.600
La, 379.477
Mo, 202.032
Mo, 204.598

EC
10
1
0.1
6
0.6
0.8
1
1
1
0.4
1
2
1
0.8
4
4
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IS with Rh II
10
1
0.1
6
0.6
0.8
0.8
1
1
0.4
1
2
1
0.8
4
4

IS with Ar I
10
1
0.1
6
0.6
0.8
1
1
1
1
0.4
2
1
1
4
4

Ni, 216.555
Ni, 231.604
P, 213.618
Pb, 220.353
Pr, 390.843
Re, 221.427
Sc, 335.372
Sm, 360.949
Tb, 367.636
V, 292.401
Zn, 202.548
Zr, 339.198
Zr, 343.823

2
4
8
6
4
6
0.2
4
4
0.8
0.6
0.2
0.4
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2
4
8
6
4
6
0.2
4
4
0.8
0.6
0.2
0.4

2
4
8
6
4
6
0.2
4
4
0.8
0.6
0.2
0.4

Table VI.III. Analyte recoveries for Oyster Tissue (NIST 1566b) and Peach Leaves (NIST 1547) determined by EC or IS and ICP OES.
Values are shown as mean ± 1 standard deviation (n = 3). Analytes with concentrations below the respective LOQs for both CRMs are
not shown. Concentrations results are presented in Table SIVI.I.
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Element, wavelength
(nm)
B I, 249.678
Cd II, 214.439
Cd I, 228.802
La II, 379.477
P I, 213.618
V II, 292.401
Zn II, 202.548

EC
Recovery
(%)
154 ± 2
117.6 ± 0.3
153 ± 1
NCc
> LDRd
369 ± 16
95.7 ± 0.4

IS with Rh
II
Recovery
(%)
130 ± 4
78 ± 2
114 ± 3
< LOQb
> LDRd
218 ± 16
98 ± 1

IS with Ar I
Recovery
(%)
159 ± 2
126.6 ± 0.4
162 ± 1
NCc
> LDRd
405 ± 16
101.4 ± 0.5

Oyster
Tissue
µg/g
4.5a
2.48
2.48
Not reported
Not reported
0.577
1424

EC
Recovery
(%)
105.2 ± 0.9
< LOQb
< LOQb
105.1 ± 0.6
109 ± 9
528 ± 7
14 ± 2

IS with Rh
II
Recovery
(%)
105 ± 5
< LOQb
< LOQb
98 ± 5
107 ± 8
307 ± 6
14 ± 6

IS with Ar I
Recovery
(%)
107.2 ± 0.8
< LOQb
< LOQb
108.6 ± 0.7
109 ± 9
586 ± 8
17 ± 2

Peach
Leaves
µg/g
28.73
0.0261
0.0261
9a
1371
0.367
17.97

a

Non-certified value

b

Element levels below the respective limits of quantification (LOQ)

c

Elements with detectable concentrations, but without a certified or non-certified value reported from NIST

d

Analyte concentrations outside the linear dynamic range (LDR) of the calibration curve. Sample dilution was not considered because

there was no reported concentration from NIST

Signal bias correction using either Rh II or Ar I provided little improvement in
accuracy for analytes with poor recoveries. In these cases, the source of bias is likely related
to sensitivity issues rather than matrix effects. Further analysis is needed to explain the
poor recovery for Zn in Peach Leaves, as its certified concentration is more than 20 fold
greater than the analytical line’s LOQ. On the other hand, the methodology featured in this
work included a lowest concentration spike of 100 µg/L (or 20 µg/g assuming a 0.25 g
sample aliquot). Therefore, caution should be expressed when applying the proposed
methodology to analyte concentrations below 100 µg/L or 20 µg/g. This may explain the
discrepancy between predicted and observed recovery for Zn in Peach Leaves, which has
a certified value of 17.97 µg/g.

CONCLUSIONS
Featuring non-analyte signals as inputs into machine learning may prove useful for
predicting matrix effect severity and analyte recovery for selected groups of analytical lines
used in ICP OES. For unsupervised learning, the best illustrations of signal bias due to
matrix effects in lower dimensional space were observed for ionic lines and low-energy
atomic lines. For supervised learning, the most accurate models were those predicting
analytical error for high-energy ionic lines. Considering the potential for signal bias
correction using a plasma naturally occurring species as an internal standard, the best
results were found for minimizing plasma-related EIE matrix effects on low-energy atomic
lines.
The application of the methods described here to CRMs has shown that predictions
of non-compromising matrix effects were accurate for determinations involving analyte
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levels at least 1-fold higher than the respective LOQs, or for concentrations > 20 µg/g in
the original sample. Additionally, signal bias correction by internal standardization
provided no accuracy improvement when analyzing the CRMs, which may be related to
the incompatibility between analyte sensitivities and their respective levels in the CRMs
evaluated, rather than matrix effects.
The data analysis workflow described here may serve as a basis for efficiently
collecting and interpreting responses from plasma species generally ignored during EC
analyses. Once trained, selected models can be embedded within instrumental software to
provide the user a flagging indicator of potentially compromising plasma-related matrix
effects. After a sample is flagged, the analyst could further explore illustrations of the
matrix effects for a given sample according to dimension reduction techniques, as well as
analyte recovery predictions based on the supervised learning models described here. This
approach may facilitate and complement the validation of analytical methods, and
contribute to improving sample preparation procedures. It is important to reiterate the datadriven methodology described here is aimed at studying plasma-related matrix effects.
Additional work is required to evaluate and predict other types of factors causing analytical
signal bias such as those associated with the sample introduction process.
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CONCLUDING REMARKS
Featuring elemental analysis techniques and modern data analysis strategies in a
chemical analysis workflow provides the means to extract and interpret the most signal
from the noise. As shown in Fig. 1.1, and the accompanying discussion in Chapter I, data
processing is the last step in chemical analysis and significantly depends on the previous
steps. In all cases, efforts should be made to optimize the sampling, sample preparation,
and instrumental analysis steps prior to considering more involved data analysis strategies.
Assuming an optimized chemical analysis process, featuring modern data science
techniques may provide information not immediately accessible from traditional
chemometrics approaches. This information may be applied to better describe samples in
subsequent groups relative to an overall research project (e.g. Chap. II) or to evaluate how
predictive individual elements are with the goal of classifying an outcome of interest (e.g.
Chap. III). These strategies may even be applied to evaluate the effectiveness of the
chemical analysis process itself (e.g. Chaps. IV-VI).
Characteristics of certain atomic spectrometry methods may hinder the use of data
science techniques if not accounted for. As a result of the need to convert solid samples
into solutions, there is an important bottleneck in most chemical analysis processes due to
the sample preparation step. This ultimately leads to relatively small datasets, which are
directly related to the large turnaround time from sample collection to instrumental analysis
and data processing. For example, the largest dataset evaluated in this dissertation involves
543 training samples, which is significantly smaller than datasets typically featured for
unsupervised and supervised learning. To properly train supervised learning models,
especially for small datasets, it is imperative that proper resampling and data partition
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strategies are used to evaluate potential overfitting and to get an estimate of predictive
accuracy for a given model. Similarly, the merit of using more complex models should be
weighed against the use of simpler models that are easier to interpret. As shown in Chapter
V, the simpler chemometrics algorithms and several traditional regression techniques
performed similarly to the more complex machine learning algorithms for the evaluated
dataset. Therefore, the former set of models were suggested as the appropriate models and
were subsequently featured in Chapter VI.
Moving forward, to circumnavigate the sample preparation bottleneck, laser-based
sampling strategies may be an interesting application for data science techniques in atomic
spectrometry. By not requiring sample dissolution, and employing the use of a laser pulse,
up to thousands of data points may be collected for a sample in a single instrumental run.
Indeed, machine learning tools are rising in popularity within the laser induced breakdown
spectroscopy (LIBS) community. Unfortunately, direct solid analysis pose their own
challenges, usually related to repeatability, sensitivity and calibration issues. In fact, most
applications involving advanced statistical approaches are focused on LIBS calibration
rather than exploratory data analysis or classification purposes within the respective
research projects. Although gaining in popularity within LIBS, there are relatively few
applications within the laser ablation inductively coupled plasma mass spectrometry (LAICP-MS) community, which may be an interesting field to explore considering LA-ICPMS is more sensitive than LIBS. Again, the quality and quantity of data need to be
considered relative to each other in a compromising fashion.
It is interesting to conclude that an increased adoption of machine learning methods
in atomic spectrometry applications is dependent on fundamental improvements in sample

214

preparation, which will allow for higher sample throughput and, consequently, large
datasets. Although not a topic of this dissertation, improvements in LIBS and LA-ICP-MS
methods regarding precision, accuracy and sensitivity will also allow for the
implementation of machine learning methods. In this context, with proper and responsible
model training, it will be interesting to see what research problems we will be able to solve
when large amounts of elemental data become available.
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TRACE ELEMENT ANALYSIS, MODEL-BASED CLUSTERING AND
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This appendix presents material published as Electronic Supplementary
Information to accompany Chapter II, by the Journal of the Brazillian Chemical Society,
(2019), 30, 462-471. All of the presented research was conducted by Jake A. Carter and
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edited by George L. Donati.
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SUPPLEMENTARY FIGURES

Figure SI2.1. Biplot of the scores and loadings from the first two principal components
(PC)s after principal components analysis of the standardized water fountain dataset.
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Figure SI2.2. Boxplots of standardized water fountain data for each group assignment after
model-based clustering.

Figure SI2.3. Geographical location of WSFCS school buildings according to group
assignment after model-based clustering of water fountain data. The background in this
figure was prepared with Google Maps and includes Winston-Salem (36.0998610 N,
80.2442170 W) and neighboring towns in Forsyth County, North Carolina, Unites States.
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Figure SI2.4. Two-hour flushing profile for Cu and Pb concentration in drinking water
from cafeteria sinks and water fountains in school locations A, B and D after 52 days of
summer break.
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INDUCTIVELY COUPLED PLASMA OPTICAL EMISSION SPECTROMETRY
USING NON-ANALYTE SIGNALS AND UNSUPERVISED LEARNING
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supplementary information section was prepared by Jake A. Carter and edited by Tina
McSweeney and George L. Donati.
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SUPPLEMENTARY FIGURES
Figs. SI4.1-SI4.3 describe the results from real time additions of matrix to the
sample considering Na, Ca + C, and Na + C as concomitants. Figs. SI4.4-SI4.6 present
information related to multivariate analyses for each of these matrices.
It is important to note that the results from the data analysis workflow described in
the main text (and also for Figs. SI4.4-SI4.6) were determined from a single principal
component analysis (PCA) on all data collected from the time resolved analysis. To
confirm the method’s ability to assess matrix effect severity in real time, and its sensitivity
to an individual sample’s response to matrix effects, a looped PCA procedure was also
performed. In this case, a unique PCA was performed at each time point, i, whereby the
normalized signals from the five standard solutions and the ith time point were standardized
to a mean of 0 and a standard deviation of 1. Distance from the calibration curve in principal
component (PC) space was measured considering the Euclidean distance between the ith
time point and the average score for the set of calibration curve points in PC 1 and PC 2.
Although the data fed into the ith PCA includes the same normalized and standardized
values from the calibration curve, the scores after linear transformation are not equal due
to the input from the ith time point. This iterative principal component analysis approach
allows for a real-time representation of matrix effects in PC space using signals from nonanalyte species as inputs. Scores from all six PCs (which is equal to the number of
calibration curve solutions plus samples analyzed after the 5-min data collection) were fed
into the AP clustering algorithm to objectively determine clusters and group membership.
Negative squared distances were used to compute the similarity matrix necessary for
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clustering by affinity propagation. As it can be seen from Figs. SI4.7-SI4.11, the results
from this iterative approach are similar to the more general one described in the main text.
Figs. SI4.12 and SI4.13 present the concentrations of concomitant elements (in log
units of mg L-1) present in the Mediterranean Sea and Dead Sea sample solutions.

Fig. SI4.1. Matrix effect of Na on analytical recoveries of a 500 µg L-1 spike of (A) Cd,
(B) Co, (C) Cr, and (D) Pb. The y-axis shows the analyte and the respective wavelength
monitored (in nm). S2 was introduced to S1 after approximately 2 min. Relative standard
deviations (RSD) were determined considering the entire set of time-resolved data, and a
trend line was fit using local regression. Lines represent recoveries between 80 - 120%
(large dash), 90 - 110% (solid line) and 100% (small dash).
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Fig. SI4.2. Matrix effect of Ca + C on analytical recoveries of a 500 µg L-1 spike of (A)
Cd, (B) Co, (C) Cr, and (D) Pb. The y-axis shows the analyte and the respective wavelength
monitored (in nm). S2 was introduced to S1 after approximately 2 min. Relative standard
deviations (RSD) were determined considering the entire set of time-resolved data, and a
trend line was fit using local regression. Lines represent recoveries between 80 - 120%
(large dash), 90 - 110% (solid line) and 100% (small dash).
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Fig. SI4.3. Matrix effect of Na + C on analytical recoveries of a 500 µg L-1 spike of (A)
Cd, (B) Co, (C) Cr, and (D) Pb. The y-axis shows the analyte and the respective wavelength
monitored (in nm). S2 was introduced to S1 after approximately 2 min. Relative standard
deviations (RSD) were determined considering the entire set of time-resolved data, and a
trend line was fit using local regression. Lines represent recoveries between 80 - 120%
(large dash), 90 - 110% (solid line) and 100% (small dash).

Fig. SI4.4. Scores from PC 1 and PC 2 of normalized and standardized values representing
non-analyte background signals from calibration curve standard solutions and time points
during the Na real-time experiment. Euclidean distances from the calibration curve points
are depicted as color gradients, and networked segments represent clustering by affinity
propagation.
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Fig. SI4.5. Scores from PC 1 and PC 2 of normalized and standardized values representing
non-analyte background signals from calibration curve standard solutions and time points
during the Ca + C real-time experiment. Euclidean distances from the calibration curve
points are depicted as color gradients, and networked segments represent clustering by
affinity propagation.

225

Fig. SI4.6. Scores from PC 1 and PC 2 of normalized and standardized values representing
non-analyte background signals from calibration curve standard solutions and time points
during the Na + C real-time experiment. Euclidean distances from the calibration curve
points are depicted as color gradients, and networked segments represent clustering by
affinity propagation.
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Fig. SI4.7. Scores from PC 1 and PC 2 after implementing the iterative principal
component analysis procedure on normalized and standardized values representing nonanalyte background signals from calibration curve standard solutions and time points
during the Ca real-time experiment. Euclidean distances from the calibration curve points
are depicted as color gradients, and networked segments represent clustering by affinity
propagation.
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Fig. SI4.8. Scores from PC 1 and PC 2 after implementing the iterative principal
component analysis procedure on normalized and standardized values representing nonanalyte background signals from calibration curve standard solutions and time points
during the Na real-time experiment. Euclidean distances from the calibration curve points
are depicted as color gradients, and networked segments represent clustering by affinity
propagation.
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Fig. SI4.9. Scores from PC 1 and PC 2 after implementing the iterative principal
component analysis procedure on normalized and standardized values representing nonanalyte background signals from calibration curve standard solutions and time points
during the C real-time experiment. Euclidean distances from the calibration curve points
are depicted as color gradients, and networked segments represent clustering by affinity
propagation.
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Fig. SI4.10. Scores from PC 1 and PC 2 after implementing the iterative principal
component analysis procedure on normalized and standardized values representing nonanalyte background signals from calibration curve standard solutions and time points
during the Ca + C real-time experiment. Euclidean distances from the calibration curve
points are depicted as color gradients, and networked segments represent clustering by
affinity propagation.
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Fig. SI4.11. Scores from PC 1 and PC 2 after implementing the iterative principal
component analysis procedure on normalized and standardized values representing nonanalyte background signals from calibration curve standard solutions and time points
during the Na + C real-time experiment. Euclidean distances from the calibration curve
points are depicted as color gradients, and networked segments represent clustering by
affinity propagation.

231

Fig. SI4.12. Semi-quantitative concentrations (in log units of mg L-1) for concomitant
elements in each Mediterranean Sea dilution.
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Fig. SI4. 13. Semi-quantitative concentrations (in log units of mg L-1) for concomitant
elements in each Dead Sea dilution. The concentration of Mg in the 1:1 v/v dilution was
out of range for the detector.
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MACHINE LEARNING ALGORITHMS
Several different types of supervisedS5.1 machine learning algorithms were included
in the present study. Examples include boosting, generalized linear models, nearest
neighbors, neural networks, partial least squares regression, random forests and support
vector machine.S5.2 Table V.II in the main manuscript lists each model used with the
respective descriptions and abbreviations. The following is a brief summary of each
modeling technique used in this work. For further details, the reader is referred to [S5.3S5.5].

Random forests
Random forests are ensembles of deep, unpruned decision trees that are trained on
bootstrapped training samples.S5.6 The trees are built uncorrelated to each other, thereby
allowing for a reduction in variation when averaging the bagged predictions. To do this, a
random sample of m predictors (p) is chosen each time a split in a tree is considered. This
allows for individual trees to have high variance stemming from different parts of the
training data.S5.7 A rule of thumb is to choose m ≈ (p)1/2 and m ≈ p/3 for classification and
regression, respectively. In a comparison of many different types of machine learning
classifiers, the random forest algorithm proved to be the most accurate.S5.2

Boosting
Boosting is an ensembling technique that is applied to individually weak learning
algorithms. Here, we focus on boosted decision trees. To build an ensemble of boosted
decision trees, the trees are grown sequentially where each tree is fit to a modified version
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of the original data set. Specifically, trees are fit to the residuals of the current model, not
the response.S5.4 Unlike random forests, which rely on bagging uncorrelated decision trees,
boosted decision trees are highly dependent on each other. Typically, shallow trees (higher
bias, lower variance) are sequentially added which slowly improve the fit function by
lowering the residuals. The present work features gradient tree boosting via the extreme
gradient tree boosting algorithm. The algorithm is a scalable end-to-end tree boosting
system that has recently shown predictive success on various datasets.S5.8

Generalized linear models and regularized generalized linear models
Generalized linear models (GLM)s are extensions of standard linear regression
models that account for non-normal response distributions and possibly nonlinear functions
of the mean. They are composed of a response that is a member of the exponential family
distribution, and a link function which describes how the mean of the response and a linear
combination of the predictors are related.S5.9 Traditionally, linear models are fit according
to the least-squares method, in which model coefficients are selected to minimize the
residual sum of squares (RSS). The RSS is defined by eqn. (S1), where β0 and βj are
estimated model coefficients, yi is the ith observation of the response variable, y, xij is the
ith observation of the jth feature of x. Other fitting methods, however, may lead to better
model interpretability and prediction accuracy. Different from least-squares, the shrinkage
method is a technique that constrains or regularizes the coefficient estimates to zero.S5.4
This may have the effect of significantly reducing the variance in the model. Two popular
techniques involving the shrinking method are ride regression and the lasso.S5.10 Ridge
regression and lasso regression select model parameters that minimize the quantities
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defined by those in eqns (S5.2) and (S5.3), respectively, where λ is a hyperparameter tuned
empirically over training data.S5.4
RSS = ∑𝑛𝑖=1(𝑦𝑖 − 𝛽0 − ∑𝑝𝑗=1 𝛽𝑗 𝑥𝑖𝑗 )

2

(S5.1)

2

∑𝑛𝑖=1(𝑦𝑖 − 𝛽0 − ∑𝑝𝑗=1 𝛽𝑗 𝑥𝑖𝑗 ) + 𝜆 ∑𝑝𝑗=1 𝛽𝑗2 = RSS + 𝜆 ∑𝑝𝑗=1 𝛽𝑗2
2

∑𝑛𝑖=1(𝑦𝑖 − 𝛽0 − ∑𝑝𝑗=1 𝛽𝑗 𝑥𝑖𝑗 ) + 𝜆 ∑𝑝𝑗=1 𝛽𝑗2 = RSS + 𝜆 ∑𝑝𝑗=1|𝛽𝑗 |

(S5.2)
(S5.3)

The ridge regression and lasso techniques select model coefficients which minimize
quantities that include a penalty term in addition to the RSS. Ridge regression, with the
penalty term, 𝜆 ∑𝑝𝑗=1 𝛽𝑗2 , achieves better prediction than traditional linear regression due to
an optimized bias-variance tradeoff. As λ increases, the flexibility of the ridge regression
fit decreases. This causes decreased variance but increased bias. The lasso regression, with
the penalty term, ∑𝑝𝑗=1|𝛽𝑗 |, allows for variable selection due to the use of the L1 penalty
(i.e. |𝛽𝑗 |) instead of the L2 penalty (i.e. 𝛽𝑗2 ) featured in ridge regression.S5.4,S5.11 As a result
of the L1 penalty, at larger values of λ, some of the model coefficients are forced to be
exactly zero. Models generated from lasso regression may be more interpretable than ridge
regression due to the reduced set of features. The elastic-net is another form of
regularization of the generalized model that encompasses the bias-variance tradeoff of
ridge regression and the feature selection capability of lasso regression.S5.12 The elastic-net
features the penalty term defined by eqn (S5.4), where α governs the contribution of each
penalty term.
𝜆 ∑𝑝𝑗=1(𝛼 𝛽𝑗2 + (1 − 𝛼)|𝛽𝑗 |)

(S5.4)
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When α = 1, the elastic-net penalty is simply ridge regression. When α = 0, the penalty is
lasso regression. The present work features results from a generalized linear model and a
penalized generalized linear model using the elastic-net penalty.

k-nearest neighbor regression
The k-nearest neighbor algorithm for regression (KNN) is a simple strategy that
takes a test prediction point and considers the value from the “k” nearest neighbors.S5.4 The
value of k is a hyperparameter determined empirically from training data. The response
values of the k neighbors are averaged to give the predicted response. This process is
defined by eqn (S5.5),S5.4 where 𝑓̂(𝑥0 ) is the estimated predicted value for point 𝑥0 , 𝑁0 are
the K training observations that are closest to 𝑥0 , and 𝑦𝑖 is the ith observation of the
response.
𝑓̂(𝑥0 ) =

1
𝐾

∑𝑥𝑖 ∈𝑁0 𝑦𝑖

(S5.5)

Partial least-squares regression
Partial least-squares (PLS) regression is a dimension reduction method for linear
regression, which is a popular modeling technique within the chemometrics
community.S5.13 Unlike shrinkage methods for linear regression, in which model
coefficients are shrunk towards zero, PLS regression transforms the original predictor
variables into a new set of features, M, which are linear combinations of the original
features. A linear model is then fit via the least-squares method using the newly
transformed variables. The linear combinations are determined according to eqn (S5.6),
where Z1, Z2, . . ., Zm represent M < p linear combinations of the original p predictors.S5.4
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𝑝
𝑍𝑚 = ∑𝑗=1 𝜙𝑗𝑚 𝑋𝑗

(S5.6)

PLS regression determines Z1 by setting each 𝜙𝑗1 equal to the coefficient from
simple linear regression of Y onto Xj, where Y is the response matrix and Xj is the feature
matrix for the jth feature. Therefore, the variables that are most strongly related to the
response receive the highest weight according to PLS regression.

Neural network
A neural network is a form of nonlinear regression that was inspired by theories of
how the brain works.S5.14 Like PLS regression, the response is modeled by an intermediary
set of unobserved variables (i.e. hidden units). These transformed variables are linear
combinations of the original variables. A neural network model usually involves multiple
hidden units to predict the response. Unlike PLS regression, the linear combinations are
not determined in hierarchical fashion and there are no constraints that help define the
linear combinations. As a result, there is little information in the coefficients from the linear
combination of each hidden unit. After the optimal number of hidden units is defined,
another linear combination connects the hidden units to the predicted response.S5.3
Optimal parameters are determined according to the minimization of the RSS, using
an efficient algorithm such as back-propagation.S5.5 Due to the highly flexible nature of
neural networks (i.e. large number of regression coefficients), they are prone to overfitting.
To prevent this, a penalization method known as weight decay, which is similar to the
penalty used in ridge regression, may be used to regularize the model.S5.5 The weight decay
is a hyperparameter that is determined empirically from the training data. Therefore, the
optimization procedure would seek to minimize the quantity listed by eqn (S5.7), where H
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is the number of hidden units, k is the kth hidden unit, λ is the weight decay, βjk is the model
coefficient of the linear combination connecting the jth feature to the kth hidden unit, and
γk is the kth model coefficient of the linear combination connecting the hidden units to the
response.S5.3 This is the description for the simplest neural network architecture, known as
a single-layer feed forward network. Our work features the use of a multilayer
perceptron,S5.5 which is a fully connected one-layer network.
𝑝
2
𝐻
2
∑𝑛𝑖=1(𝑦𝑖 − 𝑓𝑖 (𝑥))2 + 𝜆 ∑𝐻
𝑘=1 ∑𝑗=0 𝛽𝑗𝑘 + 𝜆 ∑𝑘=0 𝛾𝑘

(S5.7)

Support vector regression
Support vector machines (SVM)s were first proposed to solve classification
problems where response values lie on a discrete scale (e.g. 0 and 1 or “control” and
“disease”).S5.15 To extend the applications to regression, in which values are on a
continuous scale, an SVM model is fit to training data such that it has at most ϵ deviation
from the response variable, while attempting to be as flat as possible.S5.16 Considering a
user set threshold value, ϵ, data with residuals within ϵ do not contribute to the regression
fit, and data with an absolute difference greater than ϵ contribute a linear scale amount to
the model fit. This process is referred to as ϵ-insensitive regression, which is described by
the ϵ-insensitive function, L ϵ. Model coefficients for SVMs are fit to minimize the quantity
listed by eqn (S5.8).S5.3Cost penalizes large residuals and is a hyperparameter that is
optimized over training data.
𝐶𝑜𝑠𝑡 ∑𝑛𝑖=1 𝐿𝜖 (𝑦𝑖 − 𝑦̂𝑖 ) + ∑𝑝𝑗=1 𝛽𝑗2

(S5.8)

Given a prediction point x0, a trained SVM model makes predictions according to
eqn (S9), where αi is the set of unknown model parameters and K(xi, xo) is a kernel function
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capable of describing non-linear relationships among the features.S5.3 For a certain
percentage of training data, the αi parameters will be exactly zero.
𝑓̂(𝑥0 ) = 𝛽0 + ∑𝑛𝑖=1 𝛼𝑖 𝐾(𝑥𝑖 , 𝑥0 )

(S5.9)

This set of training data represents the samples that are within ± ϵ of the regression
line. The regression line is determined using the training data points where α ≠ 0.
Collectively, these are referred to as the support vectors since they support the regression
line.S5.3
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SUPPLEMENTARY FIGURES
Figures associated to Co, Cr and Pb results, similar to those presented for Cd in the
main manuscript, are presented here. Results for Co are shown in Figs. SI5.1, SI5.4 and
S5.7. For Cr, results are shown in Figs. SI5.2, SI5.5 and S5.8. Lead results are shown in
Figs. SI5.3, SI5.6 and SI5.9.

Fig. SI5.1. Predicted error vs. observed non-negative relative error for model predictions
of matrix effects on Co for the external testing data. The line y = x represents perfect
prediction accuracy (R2 = 1).
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Fig. SI5.2. Predicted error vs. observed non-negative relative error for model predictions
of matrix effects on Cr for the external testing data. The line y = x represents perfect
prediction accuracy (R2 = 1).
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Fig. SI5.3. Predicted error vs. observed non-negative relative error for model predictions
of matrix effects on Pb for the external testing data. The line y = x represents perfect
prediction accuracy (R2 = 1).

Fig. SI5.4. Analyte percent recoveries from a 500 µg L-1 spike of Co obtained for the
withheld training data when using (a) the analytical signal alone, (b) the Ar signal at
737.212 nm as IS, (c) the H signal at 434.047 nm as IS, (d) the Y signal at 371.029 nm as
IS, (e) the Ar signal at 737.212 nm as IS only when the trained pls model predicts a nonnegative relative error > 0.1, and (f) the H signal at 434.047 nm as IS only when the trained
pls model predicts a non-negative relative error ≥ 0.1. Dashed and solid lines represent
100% and between 90 - 110% recoveries, respectively.
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Fig. SI5.5. Analyte percent recoveries from a 500 µg L-1 spike of Cr obtained for the
withheld training data when using (a) the analytical signal alone, (b) the Ar signal at
737.212 nm as IS, (c) the H signal at 434.047 nm as IS, (d) the Y signal at 371.029 nm as
IS, (e) the Ar signal at 737.212 nm as IS only when the trained pls model predicts a nonnegative relative error > 0.1, and (f) the H signal at 434.047 nm as IS only when the trained
pls model predicts a non-negative relative error ≥ 0.1. Dashed and solid lines represent
100% and between 90 - 110% recoveries, respectively.
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Fig. SI5.6. Analyte percent recoveries from a 500 µg L-1 spike of Pb obtained for the
withheld training data when using (a) the analytical signal alone, (b) the Ar signal at
737.212 nm as IS, (c) the H signal at 434.047 nm as IS, (d) the Y signal at 371.029 nm as
IS, (e) the Ar signal at 737.212 nm as IS only when the trained pls model predicts a nonnegative relative error > 0.1, and (f) the H signal at 434.047 nm as IS only when the trained
pls model predicts a non-negative relative error ≥ 0.1. Dashed and solid lines represent
100% and between 90 - 110% recoveries, respectively.
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Fig. SI5.7. Analyte percent recoveries from a 500 µg L-1 spike of Co in Dead Sea water
and Mediterranean Sea water at different levels of dilution, i.e. 1:1, 1:10 and 1:100 v/v.
Results are shown for calibration using the analytical signal alone (“Co.238.892”), the Ar
signal at 737.212 nm as IS (“ratio.Ar.737.212”), and the Y signal at 371.029 nm as IS
(“ratio.371.029”). Dashed and solid lines represent recoveries of 100% and between 90 110%, respectively.

248

Fig. SI5.8. Analyte percent recoveries from a 500 µg L-1 spike of Cr in Dead Sea water
and Mediterranean Sea water at different levels of dilution, i.e. 1:1, 1:10 and 1:100 v/v.
Results are shown for calibration using the analytical signal alone (“Cr.267.716”), the Ar
signal at 737.212 nm as IS (“ratio.Ar.737.212”), and the Y signal at 371.029 nm as IS
(“ratio.371.029”). Dashed and solid lines represent recoveries of 100% and between 90 110%, respectively.
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Fig. SI5.9. Analyte percent recoveries from a 500 µg L-1 spike of Pb in Dead Sea water
and Mediterranean Sea water at different levels of dilution, i.e. 1:1, 1:10 and 1:100 v/v.
Results are shown for calibration using the analytical signal alone (“Pb.220.353”), the Ar
signal at 737.212 nm as IS (“ratio.Ar.737.212”), and the Y signal at 371.029 nm as IS
(“ratio.371.029”). Dashed and solid lines represent recoveries of 100% and between 90 110%, respectively.
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APPENDIX D: SUPPLEMENTARY INFORMATION FOR CHAPTER VI

MACHINE LEARNING TOOLS TO ESTIMATE THE SEVERITY OF MATRIX
EFFECTS AND PREDIT ANALYTE RECOVERY IN INDUCTIVELY COUPLED
PLASMA OPTICAL EMISSION SPECTROMETRY

Jake A. Carter, Logan M. O’Brien, Tina Harville, Bradley T. Jones and George L. Donati

This appendix presents material submitted to Talanta to be published online as
Electronic Supplementary Information to accompany Chapter VI. The presented research
was conducted by Jake A. Carter and Logan M. O’Brien. The supplementary information
section was prepared by Jake A. Carter and edited by George L. Donati.
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SUPPLEMENTARY TABLES
Table SIVI.II. Physical properties for each analyte, non-analyte and internal standard
species used in this study. All data were acquired from [SI6.1,SI6.2].
Element, wavelength (nm) I/IIa Ek (eV)b Ei (eV)c Esum (eV)d
Ar, 415.859
I
14.529 15.760
14.529
Ar, 419.832
I
14.576 15.760
14.576
Ar, 420.067
I
14.499 15.760
14.499
Ar, 430.010
I
14.506 15.760
14.506
Ar, 433.356
I
14.688 15.760
14.688
Ar, 549.587
I
15.331 15.760
15.331
Ar, 560.673
I
15.118 15.760
15.118
Ar, 565.070
I
15.101 15.760
15.101
Ar, 614.544
I
15.319 15.760
15.319
Ar, 641.631
I
14.839 15.760
14.839
e
Ar, 645.918
I
1.919
15.760
1.919
Ar, 675.283
I
14.743 15.760
14.743
e
Ar, 700.323
I
1.770
15.760
1.770
Ar, 702.108
I
1.765e
15.760
1.765
Ar, 703.025
I
14.839 15.760
14.839
Ar, 735.328
I
14.781 15.760
14.781
Ar, 737.212
I
14.757 15.760
14.757
Ar, 743.533
I
14.839 15.760
14.839
H, 434.047
I
13.055 13.598
13.055
H, 486.133
I
12.749 13.598
12.749
O, 436.824
I
12.359 13.618
12.359
O, 543.576
I
13.021 13.618
13.021
O, 615.678
I
12.754 13.618
12.754
O, 615.820
I
12.754 13.618
12.754
As, 193.696
I
6.399
9.789
6.399
B, 249.678
I
4.964
8.298
4.964
Be, 234.861
I
5.277
9.323
5.277
Bi, 223.061
I
5.557
7.286
5.557
Cd, 214.439
II
5.780
8.994
14.774
Cd, 228.802
I
5.417
8.994
5.417
Co, 228.615
II
5.837
7.881
13.718
Co, 238.892
II
5.604
7.881
13.485
Er, 349.910
II
3.597
6.108
9.705
Eu, 397.197
II
3.328
5.670
8.998
Eu, 420.504
II
2.948
5.670
8.618
Hf, 264.141
II
5.729
6.825
12.554
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Ho, 345.600
II
3.586
La, 379.477
II
3.511
Mo, 202.032
II
6.135
Mo, 204.598
II
6.058
Ni, 216.555
II
6.764
Ni, 231.604
II
6.392
P, 213.618
I
7.213
Pb, 220.353
II
7.371
Pr, 390.843
II
3.171
Re, 221.427
II
5.598
Rh, 249.078
II
2.093
Sc, 335.372
II
4.011
Sm, 360.949
II
3.711
Tb, 367.636
II
3.498
V, 292.401
II
4.631
Zn, 202.548
II
6.119
Zr, 339.198
II
3.818
Zr, 343.823
II
3.700
a I and II represent atomic and ionic lines, respectively.

6.022
5.577
7.092
7.092
7.640
7.640
10.487
7.417
5.470
7.834
7.070
6.561
5.644
5.864
6.746
9.394
6.634
6.634

9.608
9.088
13.227
13.150
14.404
14.032
7.213
14.787
8.642
13.431
14.529
10.572
9.355
9.361
11.377
15.513
10.452
10.334

b

Ek = energy for the upper level of an excited species.

c

Ei = ionization energy.

d

Esum = Ek (or Eex) for atomic lines, and Esum = Ek + Ei for ionic lines

e

Eex = excitation energy based on the equation Eex = hc/λ, where h, c and λ represent

Planck’s constant, the speed of light and the corresponding electronic transition
wavelength.
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Table SIVI.III. Machine learning model metrics from predictions on the resampled training data (“Train”) and the withheld training
data (“Test”). Accuracy, standard deviation, true positive rate and true negative rate are listed as “Acc.,” “Stdev.,” “TPR” and “TNR,”
respectively.
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Element, wavelength
(nm)

Avg. R2
Train

Stdev. R2
Train

pls
R2
Test

Acc.
Test

TPR
Test

TNR
Test

Avg. R2
Train

Stdev. R2
Train

glmnet
R2
Acc.
Test
Test

TPR
Test

TNR
Test

As I, 193.696

0.559

0.094

0.520

0.778

0.625

0.842

0.563

0.098

0.538

0.793

0.650

0.853

B I, 249.678

0.617

0.082

0.578

0.807

0.718

0.844

0.621

0.086

0.580

0.807

0.718

0.844

Be I, 234.861

0.644

0.097

0.670

0.874

0.864

0.879

0.644

0.098

0.671

0.867

0.841

0.879

Bi I, 223.061

0.530

0.108

0.479

0.889

0.619

0.939

0.539

0.110

0.498

0.896

0.571

0.956

Cd II, 214.439

0.878

0.031

0.901

0.948

0.902

0.986

0.879

0.031

0.897

0.956

0.918

0.986

Cd I, 228.802

0.560

0.111

0.559

0.919

0.619

0.974

0.564

0.112

0.561

0.911

0.571

0.974

Co II, 228.615

0.791

0.057

0.775

0.926

0.927

0.925

0.793

0.058

0.778

0.926

0.927

0.925

Co II, 238.892

0.839

0.039

0.835

0.956

0.983

0.935

0.839

0.040

0.834

0.956

0.983

0.935

Er II, 349.910

0.683

0.076

0.667

0.867

0.783

0.910

0.681

0.077

0.672

0.852

0.739

0.910

Eu II, 397.197

0.706

0.070

0.706

0.896

0.822

0.933

0.705

0.071

0.716

0.889

0.800

0.933

Eu II, 420.504

0.700

0.070

0.649

0.859

0.769

0.896

0.700

0.072

0.646

0.859

0.769

0.896

Hf II, 264.141

0.731

0.073

0.747

0.881

0.878

0.884

0.730

0.073

0.741

0.881

0.878

0.884

Ho II, 345.600

0.736

0.061

0.714

0.919

0.936

0.909

0.734

0.063

0.717

0.919

0.936

0.909

La II, 379.477

0.772

0.078

0.779

0.896

0.885

0.904

0.772

0.081

0.780

0.889

0.865

0.904

Mo II, 202.032

0.720

0.068

0.688

0.889

0.820

0.929

0.717

0.070

0.685

0.896

0.840

0.929

Mo II, 204.598

0.718

0.051

0.676

0.889

0.778

0.944

0.716

0.052

0.680

0.896

0.800

0.944

Ni II, 216.555

0.823

0.035

0.848

0.941

0.929

0.949

0.821

0.036

0.849

0.941

0.929

0.949

Ni II, 231.604

0.851

0.029

0.839

0.941

0.945

0.938

0.850

0.029

0.840

0.941

0.945

0.938

P I, 213.618

0.431

0.107

0.411

0.852

0.645

0.913

0.433

0.101

0.380

0.837

0.613

0.904

Pb II, 220.353

0.760

0.054

0.699

0.859

0.848

0.865

0.760

0.054

0.693

0.852

0.848

0.854

Pr II, 390.843

0.778

0.061

0.707

0.911

0.920

0.906

0.778

0.062

0.700

0.919

0.940

0.906

Re II, 221.427

0.735

0.070

0.640

0.859

0.860

0.859

0.733

0.068

0.640

0.859

0.860

0.859

Sc II, 335.372

0.728

0.092

0.664

0.859

0.905

0.839

0.727

0.095

0.661

0.859

0.905

0.839

Sm II, 360.949

0.753

0.080

0.679

0.889

0.917

0.874

0.752

0.081

0.679

0.889

0.917

0.874

Tb II, 367.636

0.702

0.068

0.642

0.874

0.854

0.883

0.703

0.068

0.638

0.859

0.829

0.872

V II, 292.401

0.694

0.080

0.565

0.844

0.786

0.871

0.692

0.082

0.559

0.830

0.762

0.860

Zn II, 202.548

0.866

0.026

0.855

0.970

0.952

0.986

0.865

0.026

0.856

0.970

0.952

0.986

Zr II, 339.198

0.717

0.056

0.684

0.844

0.800

0.867

0.716

0.059

0.687

0.837

0.778

0.867

Zr II, 343.823

0.730

0.072

0.675

0.852

0.867

0.844

0.728

0.073

0.669

0.852

0.867

0.844
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Table SIVI.IV. Analytical concentrations in Oyster Tissue (NIST 1566b) and Peach Leaves (NIST 1547) determined by EC or IS
calibration and ICP OES. “> LDR” represent concentrations outside the linear dynamic range of the calibration curve. Analyte
concentrations below the limit of quantification are not shown.

EC
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a

Rh II

Ar I

Oyster
Tissue

EC

Rh II

Peach
Leaves

Ar I

Element,
wavelength (nm)

Mean
(µg/g)

Stdev.
(µg/g)

Mean
(µg/g)

Stdev.
(µg/g)

Mean
(µg/g)

Stdev.
(µg/g)

Conc.
(µg/g)

Mean
(µg/g)

Stdev.
(µg/g)

Mean
(µg/g)

Stdev.
(µg/g)

Mean
(µg/g)

Stdev.
(µg/g)

Conc.
(µg/g)

B I, 249.678

6.93

0.08

5.86

0.2

7.2

0.1

4.5a

30.2

0.3

30

1

30.8

0.2

28.73

Cd II, 214.439

2.92

0.008

1.95

0.05

3.14

0.01

2.48

< LOQb

-

< LOQb

-

< LOQb

-

0.0261

Cd I, 228.802

3.79

0.03

2.83

0.08

4.01

0.04

2.48

< LOQb

-

< LOQb

-

< LOQb

-

0.0261

Er II, 349.910

< LOQb

-

< LOQb

-

< LOQb

-

Not
reported

1.3

0.1

< LOQb

-

1.5

0.1

Not
reported

Hf II, 264.141

< LOQb

-

< LOQb

-

< LOQb

-

Not
reported

2.6

0.2

< LOQb

-

2.8

0.2

Not
reported

La II, 379.477

0.84

0.02

< LOQb

-

1.05

0.02

Not
reported

9.45

0.05

8.8

0.4

9.78

0.06

9a

P I, 213.618

> LDRc

-

> LDRc

-

> LDRc

-

Not
reported

1495

123

1463

115

1495

129

1371

Pr II, 390.843

> LDRc

-

> LDRc

-

> LDRc

-

Not
reported

7.6

0.3

7.0

0.7

7.9

0.3

Not
reported

Sc II, 335.372

1.38

0.04

0.53

0.02

1.58

0.04

Not
reported

< LOQb

-

< LOQb

-

< LOQb

-

0.04a

V II, 292.401

2.13

0.09

1.26

0.09

2.3

0.1

0.577

1.94

0.03

1.13

0.02

2.15

0.03

0.367

Zn II, 202.548

1363

6

1391

17

1444

7

1424

2.6

0.3

3

1

3.0

0.3

17.97

Zr II, 343.823

1.68

0.02

0.831

0.008

1.89

0.03

Not
reported

1.71

0.03

0.89

0.05

1.92

0.02

Not
reported

Non-certified value

b

Element levels below the respective limits of quantification (LOQ)

c Did

not consider sample dilution because there was not a reported concentration from NIST
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SUPPLEMENTARY FIGURES

Fig. SI6.1. Shifted error (based on data smoothing) according to concomitant species for
each spiked concentration after the addition of S2 to S1 (i.e. after the 3 min mark, when
the solution mixture had reached the ICP).
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Fig. SI6.2. Dimension reduction of the data collected from the real time matrix effect
experiments using t-SNE. Perplexity values of (a) 46, (b) 91, (c) 136, and (d) 180 were
considered to evaluate topological information from t-SNE [36,37].

Fig. SI6.3. Slopes from the linear relationship describing analyte recovery error and
distance in principal component (PC) space from the average position of sample solutions
with a simple matrix. Values are displayed according to total line energy (Esum).
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Fig. SI6.4. R2 values from the linear relationship describing analyte recovery error and
distance in principal component (PC) space from the average position of sample solutions
with a simple matrix. Values are displayed according to total line energy (Esum).
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Fig. SI6.5. Normalized signal intensities for each of the non-analyte signals evaluated
during the real time matrix effect experiments.

Fig. S6.6. Scatterplot of R2 values according to model predictions on the resampled training
data and the withheld training data. The lines are fitted lines between the R2 values for each
model’s predictions on the resampled training data and the withheld training data.
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Fig. SI6.6. Dimension reduction of the CRM data, and data collected from the real time
matrix effect experiments using t-SNE. Perplexity values of (a) 47, (b) 93, (c) 139 and (d)
184 were considered to evaluate topological information from t-SNE [36,37]. CRM sample
replicates are highlighted.
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